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Abstract
Online learning systems provide accessible learn-
ing opportunities for blind or low-vision students.
To support access to complex scientific materi-
als, the speech models used in these systems need
to deliver accurate scientific formula verbaliza-
tion. While recent large speech language models
(LSLMs) provide remarkable low-latency stream-
ing capabilities, their potential for scientific for-
mula verbalization remains underexplored. In this
paper, we propose Formula-Speech, the first end-
to-end LSLM designed for scientific formula ver-
balization. Specifically, we construct two high-
quality scientific formula datasets with educational
experts to align speech models with scientific for-
mula verbalization patterns. We then adopt a
lightweight and effective two-stage training frame-
work, combining supervised fine-tuning for basic
formula-to-speech alignment with reinforcement
learning guided by a custom reward function to op-
timize for human-preferred verbalization. Exper-
imental results show that our model significantly
improves the verbalization performance of LSLMs
and achieves state-of-the-art results across multiple
scientific domains. Our code and datasets are avail-
able at https://github.com/ai4ed/FormulaSpeech.

1 Introduction
Accessible learning aims to provide fair educational opportu-
nities in which students with different abilities can fully par-
ticipate, and it has become an important part of online edu-
cation [Hadi Mogavi et al., 2023; Shi et al., 2024]. Many
online learning systems use AI tutors to support students,
especially blind or low-vision students who rely on spoken
feedback as their primary way of accessing course content
[Pal Chowdhury et al., 2024; Anderer et al., 2025]. When
courses involve scientific formulas, students depend entirely
on how the formulas are read to understand the expression,
which highlights the importance of accurate formula ver-
balization in AI tutors [Gorniak et al., 2024; Abram, 2025;
Chen et al., 2025].
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Figure 1: Example of formula verbalization for accessible learning.

Previous research on scientific formula verbalization has
mainly used cascaded pipelines, which are often adopted
in AI tutors. For example, Sieun Hyeon et al. propose a
pipeline that integrates automatic speech recognition (ASR)
models with language models to correct errors in mathemat-
ical expressions and accurately convert spoken expressions
to speech output by text-to-speech (TTS) models [Hyeon et
al., 2025]. With the development of large language models
(LLMs) [Vaswani et al., 2017], recent studies have introduced
end-to-end large speech language models (LSLMs) that ex-
tend the natural language understanding and representation
capabilities of LLMs to the speech modality through multi-
modal alignment techniques [Zeng et al., 2025; Liu et al.,
2026]. Compared to cascaded pipelines, end-to-end LSLMs
have attracted increasing attention due to their low latency,
capability for streaming generation and potential for indus-
trial deployment. However, when directly applying these
LSLMs to AI tutors, their performance in scientific formula
verbalization remains suboptimal, with frequent mispronun-
ciations of certain symbols (as shown in Figure 1). Achieving
accurate scientific formula verbalization with LSLMs contin-
ues to pose an open research challenge.

To improve scientific formula verbalization in end-to-end
LSLMs, a promising approach is to directly incorporate
high-quality paired data of formula text and corresponding
speech during training. Similar to large-scale LLM pretrain-
ing, aligning the textual and speech modalities in LSLMs
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during pretraining also requires massive amounts of data.
For example, GLM-4-Voice and Kimi-Audio are trained
on over 700,000 hours of speech data [Zeng et al., 2025;
Ding et al., 2025]. However, large-scale text-speech paired
datasets specifically curated for scientific formulas are diffi-
cult to obtain, making formula-oriented large-scale pretrain-
ing impractical. This motivates a shift toward the supervised
fine-tuning (SFT) stage, where task-specific capabilities can
be improved with a smaller amount of high-quality paired
data. As LSLMs are developed on top of LLMs, the align-
ment between general text and speech patterns has largely
been established through pretraining, equipping these models
with strong capabilities in understanding scientific formulas
in textual form, but a small yet critical gap remains in align-
ing certain scientific symbolic expressions with correspond-
ing speech. To bridge this gap, we construct a high-quality
text-speech paired dataset for scientific formulas and design a
lightweight and effective method to investigate the following
research question: How to align the text and speech modali-
ties in LSLMs for scientific formula verbalization with limited
text-speech paired data?

In this paper, we propose Formula-Speech, the first end-
to-end LSLM designed to enhance scientific formula verbal-
ization by efficiently aligning symbolic text with its corre-
sponding speech. Specifically, we construct two high-quality
datasets covering three scientific domains including mathe-
matics, physics and chemistry, in collaboration with educa-
tional experts. One dataset consists of paired formula-speech
data for aligning symbolic expressions with spoken language,
while the other comprises multi-turn teacher-student dia-
logues in a speech-to-speech format to support the learning
of conversational speech features. We further introduce a
lightweight and effective two-stage training framework based
on low-rank adaptation (LoRA). In the first stage, we per-
form SFT with LoRA to help the model learn fundamental
mapping patterns between scientific formulas and their spo-
ken representations. In the second stage, we employ a rein-
forcement learning (RL) algorithm, i.e., group relative pol-
icy optimization (GRPO), combined with a custom designed
LLM-as-a-Judge reward function. This reward function eval-
uates ASR-transcribed outputs and guides the model toward
human-preferred verbalization. Experimental results show
that the proposed Formula-Speech consistently outperforms
strong baselines across all three domains and achieves state-
of-the-art performance in scientific formula verbalization de-
spite being trained on only a small amount of data.

Overall, this paper makes the following contributions:

• We propose the first end-to-end LSLM optimized for sci-
entific formula verbalization. It adopts a lightweight and
effective two-stage training framework that requires only a
small amount of scientific formula data.

• We construct and release two high-quality datasets cover-
ing mathematics, physics and chemistry to facilitate future
research in the community.

• We conduct comprehensive experiments across three sci-
entific domains to evaluate the effectiveness of the pro-
posed Formula-Speech, demonstrating state-of-the-art per-
formance on scientific formula verbalization.

2 Related Work
2.1 Formula Verbalization
In online learning systems, AI tutors often use spoken ex-
planations to help students access course content, especially
those who cannot easily rely on visual materials. This moti-
vates research on scientific formula verbalization, which aims
to convert symbolic expressions such as LaTeX formulas into
clear and standardized spoken language. Early approaches
primarily treated formula verbalization as a speech pro-
cessing task, leveraging traditional methods such as hidden
Markov models and rule based systems [Prylipko et al., 2012;
Sak et al., 2013]. In pursuit of better performance and ro-
bustness, recent research has shifted toward adopting cas-
caded pipelines, focusing predominantly on the mathemat-
ical domain. Ritchie et al. introduced a unified grammar
based on finite-state transducers to jointly support ASR and
TTS, aiming for consistent cross-lingual formula rendering
[Ritchie et al., 2019]. Dong et al. proposed a dictionary-
guided generation model that significantly outperformed rule
based baselines in the textual verbalization of mathematical
formulas [Dong et al., 2022]. Hyeon et al. developed a cas-
caded system that combines ASR and symbolic correction
with a language model, achieving superior performance in
formula transcription [Hyeon et al., 2025]. Roychowdhury et
al. conducted a systematic evaluation of TTS models for for-
mula pronunciation, revealing that current systems struggle
with complex mathematical structures [Roychowdhury et al.,
2025]. Different from previous approaches, we focus on im-
proving scientific formula verbalization in end-to-end LSLMs
across the domains of mathematics, physics and chemistry.

2.2 Large Speech Language Models
Current speech interaction in AI tutors mostly adopts cas-
caded pipelines, typically composed of ASR, LLMs and TTS
modules. While this architecture is functional, it suffers from
several limitations, including high latency and error accu-
mulation across stages [Fang et al., 2025; Xu et al., 2025;
Huang et al., 2025]. To address these challenges, recent re-
search has focused on extending LLMs to the speech modal-
ity, giving rise to end-to-end LSLMs. These models aim to
unify speech understanding and generation within a single
framework, enabling seamless and low latency speech in-
teraction. Zeng et al. introduced an interleaved speech-text
training paradigm and a supervised speech tokenizer, achiev-
ing strong performance in spoken question answering and
conversational ability [Zeng et al., 2025]. Li et al. further
advanced the field with a multi-codebook tokenizer and in-
dependent speech head, along with a two-stage pretraining
strategy to preserve LLM capabilities during speech integra-
tion [Li et al., 2025]. Building on these advances, Long et
al. tackled the latency bottleneck by proposing a fast in-
terleaved token generation mechanism, achieving zero-delay
speech response via efficient token prediction modules [Long
et al., 2025]. While these end-to-end LSLMs have demon-
strated impressive progress in general conversational tasks,
they largely overlook domain-specific challenges such as sci-
entific formula verbalization, which is the primary focus of
our work.
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3 Problem Definition
To support accessible learning with AI tutors in online learn-
ing systems, we aim to convert a given scientific formula
into spoken language that accurately verbalizes each sym-
bolic component. Formally, we define a scientific formula
x ∈ X as a sequence of n tokens, x = {t1, t2, . . . , tn}, where
each ti denotes a symbolic token and n is the formula length.
Given a paired dataset D = {(x(i), y(i))}Ni=1 of N examples,
where x(i) is a formula and y(i) ∈ Y is its corresponding
spoken form represented as speech tokens, we train a speech
language model G : X → Y that maps input formulas x to
generated speech ŷ = G(x). Unlike natural language, scien-
tific formulas contain compact syntax, hierarchical structure
and domain-specific semantics, posing unique challenges for
general-purpose speech models.

4 Method
4.1 Dataset Construction
To improve scientific formula verbalization in LSLMs, high-
quality text-speech paired datasets are essential for aligning
symbolic representations with corresponding speech patterns.
However, existing resources are limited in both domain cov-
erage and data quality. To bridge this gap, we construct two
datasets, namely EduDialogue and SciFormula, following a
standardized data construction pipeline with the involvement
of educational experts to ensure data quality and procedural
consistency [Tirumala et al., 2023].

Formula Collection and Normalization
To ensure broad domain coverage, we collect formulas and
multi-turn teacher-student dialogues from an intelligent tu-
toring system developed by TAL Education Group, a leading
educational technology company in China, following stan-
dard protocols for data collection and privacy protection. The
data covers mathematics, physics and chemistry. All dialogue
content is anonymized to remove personally identifiable in-
formation while preserving educational relevance. We apply
rigorous data cleaning to remove non-scientific, malformed or
incomplete formulas. Preprocessing includes whitespace nor-
malization, HTML tag removal, emoji and special character
stripping and n-gram-based deduplication to eliminate redun-
dant content. Additionally, all Arabic numerals are converted
into textual form to enhance consistency and speech synthe-
sis quality. Valid formulas are then normalized and converted
into LaTeX format for downstream processing.

Verbalization and Human Annotation
To obtain accurate speech representations of scientific formu-
las, we leverage the language understanding capabilities of
LLMs to interpret symbolic expressions and generate stan-
dardized spoken language. Specifically, we design carefully
crafted prompts to instruct Claude Sonnet 4 to transform tex-
tual inputs containing formulas into natural and fluent verbal-
ized forms suitable for speech synthesis. For the multi-turn
dialogue dataset EduDialogue, every utterance from teach-
ers and students is converted into fluent and complete spoken
language to ensure natural continuity in conversation. For
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Figure 2: Overview of the proposed Formula-Speech.

the scientific formula dataset SciFormula, each scientific ex-
pression in LaTeX format is individually processed to pre-
serve both semantic meaning and structural accuracy. To en-
sure the quality and correctness of the verbalization, all gen-
erated outputs are manually reviewed and refined by educa-
tional experts to mitigate potential biases introduced during
model generation.

Speech Synthesis
To generate high-quality speech data, we synthesize speech
from the spoken language representations obtained in the pre-
vious step using CosyVoice2 [Du et al., 2024], a state-of-
the-art TTS model known for its clarity and expressiveness.
The model takes the standardized spoken language as input
and produces corresponding speech waveforms. This step en-
ables the construction of paired text-speech data with natural
and accurate pronunciation, supporting effective training of
LSLMs for scientific formula verbalization. All synthesized
speech is manually reviewed by educational experts and any
samples judged to be unsatisfactory are regenerated.

In total, we construct two datasets for scientific formula
verbalization. The EduDialogue dataset contains 3417 multi-
turn dialogues between teachers and students. These dia-
logues cover subject-specific instructional scenarios and in-
clude both speech and the corresponding spoken transcripts.
On average, each dialogue has 15.15 turns, with the longest
dialogue reaching 40 turns. The distribution of dialogue
lengths is diverse, with the highest proportions concentrated
at 2 turns accounting for 19.2 percent, 12 turns accounting
for 13.7 percent and 14 turns accounting for 13.3 percent.
The SciFormula dataset consists of 8678 paired samples span-
ning mathematics, physics and chemistry. Among them, 4339
samples are in Chinese and 4339 samples are in English.
In terms of subject distribution, chemistry contributes 5434
samples which is 62.6 percent of the total, mathematics con-
tributes 2506 samples which is 28.9 percent and physics con-
tributes 738 samples which is 8.5 percent.

4.2 Model Architecture
We build our Formula-Speech upon the GLM-4-Voice back-
bone to improve scientific formula verbalization in both
speech and text modalities [Zeng et al., 2024]. The archi-
tecture is designed to align symbolic formula representations
with speech while preserving general conversational capabil-
ities. As illustrated in Figure 2, the model takes either speech
or text as input and produces outputs in an interleaved text-
speech manner across both modalities.
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Speech and Text Encoder
Given an input speech sequence S or a text sequence T, the
model first transforms them into discrete representations. A
pretrained speech encoder Encsp maps the speech input into
a sequence of speech tokens, denoted as tsp, while another
text encoder Enctext processes the text input into a sequence
of text tokens ttext:

tsp = Encsp(S), ttext = Enctext(T)

Formula Semantic Adaptor
To enable fine-grained multimodal alignment between sym-
bolic structures and their spoken representations, we intro-
duce a lightweight formula semantic adaptor (FSA) that inte-
grates into the attention layers of a frozen LSLM. The FSA
is implemented using low-rank parameter updates [Hu et al.,
2022], which specialize the query, key, and value projections
for symbol-aware speech modeling while keeping all orig-
inal parameters θ fixed. We denote the resulting model as
LSLMFSA

θ .

(t̃sp, t̃text) = LSLMFSA
θ (tsp, ttext)

where t̃sp and t̃text represent the aligned output token se-
quences generated by the LSLM.

Speech and Text Decoder
The aligned token sequences are then passed to two modality-
specific decoders. The speech decoder Decsp generates the
output speech ysp in an autoregressive manner and the text
decoder Dectext produces the output text ytext:

ysp = Decsp(t̃sp), ytext = Dectext(t̃text)

where ysp denotes the predicted speech sequence for the ver-
balized formula and ytext denotes the text segment in the
same interleaved output that corresponds to this speech se-
quence.

4.3 Training Strategy
To enable Formula-Speech to learn accurate verbalization of
scientific formulas with only a small amount of data, we adopt
a two-stage LoRA training framework. This lightweight strat-
egy allows the model to efficiently acquire formula-to-speech
alignment patterns while preserving the general language un-
derstanding capabilities of the backbone LSLM. This training
framework is inspired by recent advances in RL and adapta-
tion methods for LLMs, such as direct preference optimiza-
tion (DPO) [Ouyang et al., 2022; Rafailov et al., 2023] and
GRPO [Shao et al., 2024]. We introduce several modifica-
tions tailored to the formula verbalization task, including cus-
tom reward functions and a simplified yet effective training
pipeline.

Stage I: Supervised Fine-Tuning with LoRA
In the first stage, we apply SFT with LoRA on our proposed
datasets to guide the model in learning basic alignment pat-
terns between scientific symbolic inputs and their correspond-
ing spoken outputs.

Let DSFT = (xi, yi)
N
i=1 denote the dataset, where xi is the

symbolic formula input and yi is the corresponding spoken

output in the form of speech tokens. We optimize the model
using the standard maximum likelihood estimation objective:

LSFT(ω) = −
N∑
i=1

logPω(yi | xi)

where LSFT denotes the SFT loss, ω represents the LoRA
adapted model parameters, N is the number of training ex-
amples, (xi, yi) refers to the i-th symbolic-spoken pair with
xi as the symbolic formula input and yi as the correspond-
ing speech token output and Pω(yi | xi) is the conditional
likelihood of generating yi given xi under the model.

Stage II: RL with Custom Rewards
To further enhance output quality and reduce errors such as
token duplication or overly lengthy generations, we adopt
an RL stage based on policy-gradient optimization. We use
the GRPO training framework implemented in TRL1, which
samples multiple candidate outputs, normalizes their reward
values within each group and updates the policy using a
weighted log-likelihood gradient. This lightweight design
improves stability and efficiency for speech generation tasks.

Our RL objective maximizes the expected reward over
sampled outputs:

LRL(ω) = −Eŷ∼Pω(·|x) [r(x, ŷ)]

where LRL denotes the RL loss and ŷ is a sampled speech to-
ken sequence drawn from the model distribution Pω(· | x).
The scalar reward r(x, ŷ) evaluates the quality of ŷ condi-
tioned on x and provides learning signals for improving ver-
balization quality.

To estimate gradients, we apply a standard policy-gradient
update of the form:

∇ωLRL = −∇ω logPω(ŷ | x) · r(x, ŷ)

where the final update used by GRPO incorporates group-
wise reward normalization and clipping for improved training
stability.

Although the model generally learns the correct formula-
to-speech mappings after SFT, it often produces redundant or
overly lengthy speech tokens. To address this, we design a
composite reward function r(x, ŷ) as the weighted average
of two custom reward components: (1) a reward for non-
repetition and length control that penalizes repeated n-grams
in speech token outputs, and (2) a verbalization-quality re-
ward computed via an LLM-as-a-Judge mechanism. The lat-
ter transcribes generated speech back to text using ASR and
evaluates its correctness relative to the reference interpreta-
tion.

To penalize redundant or overly lengthy speech tokens, we
define a reward function that computes the n-gram duplica-
tion rate in the generated token sequence and applies an expo-
nential penalty when the repetition level exceeds a tolerance
threshold.

Let ŷ = {t1, t2, . . . , tT } denote the generated sequence
of speech, where T is the sequence length and ti is the i-th
speech token. We compute the n-gram duplication rate d to

1https://github.com/huggingface/trl.
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quantify redundancy in ŷ. An n-gram is a contiguous subse-
quence of n tokens from ŷ, i.e., g = (ti, ti+1, . . . , ti+n−1)
for 1 ≤ i ≤ T − n+ 1. The duplication rate d is defined as:

d =

∑
g∈G max(count(g)− 1, 0)

T − n+ 1 + ϵ

where G is the set of all n-grams in ŷ, count(g) is the number
of times n-gram g appears in ŷ and ϵ is a small constant added
for numerical stability.

The duplication reward rdup is computed as:

rdup =

{
1, if d ≤ τ

1− exp(α · (d− τ)), otherwise

and is clipped to the range [−1, 1] during implementation to
ensure numerical stability. d denotes duplication rate, τ is the
threshold for duplication rate and α is the penalty scale.

To further enhance verbalization quality, inspired by previ-
ous work [Ye et al., 2025; Ma et al., 2025], we adopt an LLM-
as-a-Judge framework to assess the correctness of generated
outputs. Specifically, the generated speech is first converted
into waveform and passed through an ASR module to obtain
a predicted transcript t̂. The transcript is then compared with
a reference transcription t∗ using a pretrained LLM to eval-
uate the fidelity of verbalization with respect to the original
formula f .

To improve ASR accuracy, we adopt different ASR models
based on language. Paraformer-zh is used for transcribing
Chinese utterances [Gao et al., 2022], while Whisper-Large-
v3 is used for English utterances [Radford et al., 2023]. In
addition, we employ Claude Sonnet 4 as the judging model
and design task specific prompts to guide its evaluation of
verbalization quality.

Let s ∈ [0, smax] be the raw score assigned by the LLM.
We normalize this score to a reward value in [−µ, µ] as fol-
lows: rqual = 2µ/smax · s−µ, where s is the model-assigned
raw score, µ is the reward scale and smax is the maximum
score the model can assign.

In total, the final reward is computed as:
r(x, ŷ) = λ · rdup(x, ŷ) + (1− λ) · rqual(x, ŷ)

where λ ∈ [0, 1] is a balancing coefficient. By optimizing
this reward under the GRPO training framework with LoRA
updates, the model is guided to generate concise and high-
quality verbalization.

5 Experiments
5.1 Experimental Setup
Datasets
To effectively train and evaluate our model, we use two
datasets including the multi-turn teacher-student dialogue
dataset EduDialogue and the scientific formula verbalization
dataset SciFormula. For the EduDialogue dataset, we use the
entire dataset for SFT. For the SciFormula dataset, we first di-
vide the data by subject into three subsets including Math2k,
Physics1k and Chemistry5k. Each subset is then split into an
SFT training set, a RL training set and a test set using a 7:2:1
ratio. We ensure that the proportion of Chinese and English
examples is approximately 1:1 within each split. All dataset
splits are performed randomly.

Baselines
To evaluate the effectiveness of Formula-Speech, we com-
pare it with state-of-the-art end-to-end LSLMs, including
GLM-4-Voice [Zeng et al., 2024], Baichuan-Audio [Li et
al., 2025], Step-Audio [Huang et al., 2025], Qwen2.5-Omni
[Xu et al., 2025], Kimi-Audio [Ding et al., 2025] and VITA-
Audio [Long et al., 2025].

Evaluation Metrics
To comprehensively evaluate the quality of scientific formula
verbalization, following prior work [Gao et al., 2022; Cho
et al., 2025], we adopt both automatic and human-centered
metrics:

• WER (Word Error Rate): It measures the transcription ac-
curacy of the generated speech via ASR. Lower values in-
dicate clearer pronunciation and fewer recognition errors.
When insertion errors dominate and many extra words are
inserted, the WER value can exceed 1.

• BLEU (Bilingual Evaluation Understudy): It captures the
n-gram overlap between ASR-transcribed outputs and ref-
erence transcripts, reflecting lexical similarity.

• NMOS (Normalized Mean Opinion Score): A normalized
variant of the standard MOS that automatically estimates
speech naturalness from acoustic features, with a maximum
score of 5. In this paper, we use NMOS estimator from
[Dubey et al., 2023].

• LLMS : It evaluates the correctness and relevance of ver-
balized formulas using Claude Sonnet 4, which scores each
output from 0 to 3 based on the original formula, refer-
ence transcript and ASR-transcribed result. Scoring criteria
are shown in Table 1. This metric naturally accommodates
cases where a single formula admits multiple valid verbal-
izations.

• HumanS : It measures verbalization accuracy through hu-
man annotation using the same rubric as LLMS , with fi-
nal scores averaged across three raters. Human evaluation
further helps mitigate potential biases introduced by LLM
based evaluation.

• HumanF : It assesses speech fluency and naturalness based
on predefined criteria in Table 1, with ratings averaged from
three raters.

Implementation Details
We adopt a two-stage training strategy for the proposed
Formula-Speech. In the first stage, we perform SFT using the
full EduDialogue dataset and the SFT training set of the Sci-
Formula dataset, training for 20 epochs with a learning rate
of 5e-4 under a cosine schedule. The batch size is 1 per de-
vice with gradient accumulation of 4. In the second stage, we
apply reinforcement learning on the RL training set of Sci-
Formula using the GRPO training framework implemented
in TRL. Training runs for 10 epochs with a learning rate of
1e-6, batch size 8 and accumulation steps 8. We generate 8
responses per prompt using top-p sampling (p = 0.95), tem-
perature 0.6 and up to 512 new tokens. LoRA is applied to the
query-key-value modules with rank 64, alpha 32 and dropout
0.05. To guide learning, we use two scalar reward compo-
nents. The repetition suppression reward penalizes frequent
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Evaluation Type Score Description

LLMS /HumanS

3 Completely accurate and concise; the transcript fully conveys the formula meaning.
2 Minor errors or deviations (e.g., slight substitutions), but the meaning remains clear and acceptable.
1 Major errors or unrelated content; key elements are missing or altered.
0 Severe errors or empty output; formula is misunderstood or unreadable.

HumanF

3 Speech is natural and indistinguishable from a real human.
2 Mostly fluent with minor synthetic artifacts or irregular rhythm.
1 Noticeably robotic or stiff, but still intelligible.
0 Severely disfluent or jarring robotic speech.

Table 1: Evaluation criteria for accuracy and fluency scoring.

Model Size
Math2k Physics1k Chemistry5k

WER(↓) BLEU(↑) WER(↓) BLEU(↑) WER(↓) BLEU(↑)
en zh en zh en zh en zh en zh en zh

Baichuan-Audio 7B 1.0826 1.1222 0.0501 0.0217 2.9983 1.5152 0.0696 0.0223 2.9356 1.8740 0.1000 0.0245
GLM-4-Voice 9B 1.0903 1.6767 0.0531 0.1794 2.1239 3.6858 0.0237 0.0464 3.0769 4.5244 0.0504 0.0690
Kimi-Audio 7B 1.5760 1.2384 0.0646 0.2510 2.1712 2.1285 0.0337 0.1216 1.8417 2.3513 0.0433 0.1398
Qwen2.5-Omni 7B 1.9217 2.2298 0.0367 0.2307 5.5857 8.5023 0.0243 0.0441 7.3110 11.2037 0.0721 0.0701
Step-Audio 130B 1.0241 0.9846 0.2059 0.4210 1.1209 1.0089 0.2994 0.2440 1.8635 1.2860 0.3289 0.2513
VITA-Audio 7B 1.5950 3.6036 0.0522 0.1157 4.6909 7.4772 0.0287 0.0436 5.3944 9.1039 0.0906 0.0631
Formula-Speech (Ours) 9B 0.4985 0.3421 0.4341 0.7082 0.4777 0.4183 0.4976 0.5090 0.6731 0.6900 0.4894 0.5397

Table 2: Performance comparisons in terms of WER and BLEU.

Model Size
Math2k Physics1k Chemistry5k

LLMS (↑) HumanS (↑) LLMS (↑) HumanS (↑) LLMS (↑) HumanS (↑)
en zh en zh en zh en zh en zh en zh

Baichuan-Audio 7B 0.1529 0.0255 0.1900* 0.0240* 0.2766 0.0851 0.5830* 0.0830* 0.3029 0.1294 0.2040* 0.2150*
GLM-4-Voice 9B 0.2357 0.7389 0.2380* 0.6190* 0.2979 0.6383 0.3330* 0.9170* 0.2059 0.5118 0.1720* 0.5700*
Kimi-Audio 7B 0.5414 0.9045 0.2380* 0.8570* 0.4043 1.0851 0.2500* 1.1670* 0.4971 0.8588 0.1290* 0.7850*
Qwen2.5-Omni 7B 0.6815 0.8854 0.2140* 0.9290* 0.8936 0.9149 0.5000* 0.6670* 0.7912 0.9118 0.4190* 0.7310*
Step-Audio 130B 1.0764 1.1019 0.9520* 1.1190* 1.1277 0.9787 1.1110* 1.1110* 1.2500 1.1735 1.2810* 1.0830*
VITA-Audio 7B 0.1656 0.4522 0.1670* 0.1670* 0.1489 0.5532 0.3330* 0.1900* 0.2235 0.4471 0.1290* 0.4190*
Formula-Speech (Ours) 9B 1.2994 1.5032 1.1900* 1.7140* 1.2766 1.7447 2.3330* 1.6670* 1.1353 1.4912 1.6340* 1.7420*

Table 3: Performance comparisons in terms of LLMS and HumanS . Results marked with * have Cohen’s Kappa κ > 0.65.

2-grams using a duplication threshold τ = 0.05, an exponen-
tial penalty scale α = 6 and a small constant ϵ for numerical
stability, with values clipped to [−1, 1]. The formula verbal-
ization reward is scored by Claude Sonnet 4 based on ASR
transcriptions and linearly mapped to [−µ, µ] with µ = 1.
The final reward is a weighted sum with coefficient λ. All
random seeds are fixed to 42 for reproducibility. All experi-
ments are conducted on a cluster with 8 nodes, each equipped
with 8 NVIDIA A100 GPUs.

5.2 Overall Performance
Tables 2 - 3 present the overall performance. The best results
are highlighted in bold and the second-best results are under-
lined. The “zh” denotes Chinese and “en” represents English.
Based on the tables, we make the following observations: (1)
Our proposed Formula-Speech achieves the best performance
across nearly all evaluation metrics, demonstrating its strong
capability in scientific formula verbalization. For example,
on the Math2k dataset in Chinese, our model attains a WER
of 0.3421 and a BLEU score of 0.7082 in Table 2, as well as
an LLMS of 1.5032 and a HumanS of 1.7140 in Table 3, sig-
nificantly outperforming the second-best model, Step-Audio,
which scores 0.9846, 0.4210, 1.1019, and 1.1190, respec-
tively. These results suggest that Formula-Speech is partic-

ularly effective at aligning symbolic formulas with their cor-
responding speech patterns, even in complex domains such
as mathematics. (2) Step-Audio also demonstrates competi-
tive performance, ranking second across all metrics and con-
sistently outperforming the remaining baselines. This can
largely be attributed to its substantial parameter count of
130B, which is considerably larger than those of other models
such as Baichuan-Audio (7B) and GLM-4-Voice (9B). These
results suggest that larger model capacity tends to yield bet-
ter performance in scientific formula verbalization. However,
in real-world applications, deploying extremely large models
may result in significant resource consumption and higher in-
ference costs, which limits their practicality.

5.3 Comparisons with Cascaded Pipeline
Previous approaches to formula verbalization have predom-
inantly relied on cascaded pipeline where ASR, LLM and
TTS modules are connected sequentially. Although effective,
these systems often suffer from high latency and cumulative
error propagation across stages. Recent research has increas-
ingly focused on end-to-end LSLMs that provide lower la-
tency, enable streaming generation and offer greater poten-
tial for real world deployment. To assess the effectiveness of
our end-to-end Formula-Speech, we compare it with a strong
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Figure 3: Performance comparisons with cascaded pipeline.

cascaded pipeline using four averaged evaluation metrics in-
cluding WER, BLEU, LLMS and HumanS . The cascaded
pipeline integrates Whisper-Large-v3 for ASR, Qwen2.5-7B-
Instruct for text generation and CosyVoice2 for TTS synthe-
sis. Experimental results are shown in Figure 3. The LLMen

S

and LLMzh
S denote the metric LLMS in English and Chi-

nese respectively; others follow accordingly. As illustrated in
the figure, Formula-Speech consistently outperforms the cas-
caded pipeline across all metrics. These findings demonstrate
that our end-to-end approach not only enhances verbalization
performance but also provides a practical alternative to tradi-
tional cascaded pipelines for scientific formula verbalization.

5.4 Speech Quality Evaluation
To assess the overall quality of speech generated by LSLMs,
we report the average NMOS scores and collect human rat-
ings on fluency. The evaluation results are presented in Fig-
ure 4. From the figure, we observe that most LSLMs ex-
hibit similar speech quality. Among all models, Qwen2.5-
Omni achieves the highest average scores on both NMOS
and HumanF across Chinese and English tasks. This perfor-
mance is attributed to the Talker module in its architecture,
which enhances the naturalness and smoothness of speech
by effectively cloning speaker characteristics. In compari-
son, Formula-Speech and GLM-4-Voice yield similar results.
This outcome is expected since Formula-Speech is built upon
GLM-4-Voice without additional optimization for speech flu-
ency or naturalness. Improving speech quality through tar-
geted fluency and voice naturalness enhancement will be ex-
plored in future work.

5.5 Impact of Different Training Strategies
To effectively align LSLMs with limited text-speech paired
data for scientific formula verbalization, we adopt a two-stage
LoRA based training strategy in our Formula-Speech. To ver-
ify the effectiveness of this approach, we conduct an ablation
study comparing five different training strategies. Full-SFT
refers to SFT with all model parameters updated. LoRA-
SFT performs SFT using LoRA while keeping the base model
frozen. LoRA-GRPO applies RL using the GRPO algo-
rithm with LoRA without prior fine-tuning. Full-SFT+GRPO
combines full parameter fine-tuning followed by RL. LoRA-
SFT+GRPO represents our complete two-stage training strat-
egy. As shown in Table 4, LoRA-SFT achieves the lowest
WER by reducing symbol and structure verbalization errors

Baichuan-Audio
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Kimi-A
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Figure 4: Speech quality comparisons with LSLMs.

Training Strategy Avg. WER (↓) Avg. BLEU (↑) Avg. LLMS (↑)

Full-SFT 0.5720 0.4976 1.2040
Full-SFT+GRPO 0.5368 0.4544 1.2663
LoRA-GRPO 2.5814 0.0710 0.4625
LoRA-SFT 0.5039 0.5203 1.3709
LoRA-SFT+GRPO 0.5166 0.5297 1.4084

Table 4: Comparisons of different training strategies.

while preserving the base model’s speech generation ability.
LoRA-SFT+GRPO further improves BLEU and LLMS , with
only a small WER increase caused by slight lexical variations
introduced during RL optimization. These results suggest
that the two-stage strategy balances transcription-level accu-
racy with higher-level semantic and pedagogical alignment.

6 Conclusion
In this paper, we focus on scientific formula verbalization
for AI tutors, which is essential for accessible learning in
online learning systems. Built upon two carefully curated
datasets, the proposed Formula-Speech is optimized through
a two-stage training strategy combining SFT and RL. Experi-
mental results across multiple scientific domains demonstrate
that our model significantly improves the verbalization per-
formance of LSLMs. These findings highlight that end-to-
end speech models can be efficiently adapted to handle sym-
bolic content, offering a practical path toward more accessible
spoken interaction in educational settings.

7 Stakeholder Involvement
This work was shaped by a real need from online AI tutor
development in collaboration with TAL Education Group, a
leading educational technology company in China. Existing
end-to-end LSLMs often fail to reliably verbalize scientific
formulas, limiting their use in AI tutors for accessible learn-
ing. Educational experts helped translate this practical need
into a research task by selecting educationally meaningful
formula-reading cases, refining verbalizations for semantic
correctness and pedagogical appropriateness, and shaping the
human evaluation criteria for accuracy and fluency.
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