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ABSTRACT

This paper proposes a novel Speech to Phoneme to Text (SPG) framework that integrates speech recognition
with Large Language Models (LLMs) through phoneme level intermediation. This approach aims to enhance
LLMs’ ability to process spoken input accurately, especially in challenging conditions such as accented
speech, background noise, or low resource languages, while enabling real time, multimodal, and speaker
aware voice interaction.

The system comprises four core components: (1) a Speech to Phoneme (S2P) module, built on self supervised
models like Wav2Vec 2.0 or Wav2VecBERT 2.0, fine tuned to output International Phonetic Alphabet (IPA)
sequences; (2) a Phoneme to Text (P2G/LLM) module, which uses multilingual LLMs (e.g., mT5) to convert
phonemes into fluent text, leveraging contextual understanding for better disambiguation; (3) a Voice Recog-
nition Enhancer, integrating speaker embeddings (e.g., from ECAPA-TDNN) for diarization and
personalization; and (4) innovative training and inference strategies including Data Augmentation with
Noisy Phonemes (DANP), Top-K Marginalized (TKM) training, LoRA based fine tuning, and delayed fusion to
reduce latency and computational load.

Evaluation targets include <5% Word Error Rate (WER) on CommonVoice, <10% Phoneme Error Rate (PER),
<3.5 tokens/sec latency, and <5% speaker verification Equal Error Rate (EER). The framework is validated
using datasets such as CommonVoice, TIMIT, and LibriSpeech, as well as a multilingual PR corpus. TF-IDF
analysis of this corpus reveals language specific expressions of concepts such as “sustainability,” underscoring
the need for semantic, rather than lexical, alignment in multilingual ASR. The SPG architecture advances
accessibility, cross lingual transfer, and real world robustness while reducing token usage by 86% compared
to direct audio to LLM baselines.

Keywords: Speech-To-Phoneme (S2P), Large Language Models (LLMs), Phoneme Recognition, Multilingual
ASR, Accent Robustness, Generative Error Correction (GER), Speaker Diarization, TF-IDF Multilingual Analy-
sis
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1. Introduction

Over the years, interest in speech recognition (SR) has grown significantly [1], fueled by its transformative
impact across numerous industries. SR powers virtual assistants; enhances customer service by optimizing
call center interactions; and enables hands free operation in vehicles. Beyond these practical uses, SR is also
vital for accessibility, allowing individuals with disabilities to interact with technology more seamlessly and
independently. [2]

Human AI interaction is increasingly used to support the acquisition of complex skills by providing timely,
interpretable feedback while ensuring that learners retain control over their decisions. This approach is
particularly beneficial in second language pronunciation training, where learners require specific, actionable
guidance on how their speech diverges from target pronunciations insights that traditional computer assisted
instruction and word level ASR accuracy checks often fail to deliver. [3]

Although automatic speech recognition has improved, its performance declines with accented speech.
Generative Error Correction (GER) uses the linguistic knowledge of large language models (LLMs) to outperform
conventional language modeling approaches, yet it lacks precision in handling accented speech. Since accents
involve deviations from standard pronunciation, effectively recognizing them requires integrating pron-
unciation and semantic information at multiple levels of granularity. [4]

2. Phoneme Recognition Models

Strik [5] introduced the WavaVec2Phoneme model, a zero shot cross lingual phoneme recognition system
built upon the multilingual wavavec 2.0 XLSR-53 architecture. This model was pre-trained on speech data
from 53 languages and outputs phonetic transcriptions in the International Phonetic Alphabet (IPA), enabling
a language general phoneme representation without requiring hand labeled Russian phoneme datasets for
initialization.

While this approach offers broad cross lingual applicability, phoneme recognition accuracy and consequently
the precision of downstream error localization can vary depending on the target language and learner
characteristics. Therefore, empirical validation is essential when deploying such models in new linguistic or
pedagogical contexts.

The WavaVec2Phoneme model is based on the methodology introduced by Xu [6], which demonstrated strong
zero shot cross lingual phoneme recognition performance across diverse languages. Although their study did
not report explicit phoneme level accuracy metrics for Russian, it showed effective transfer to languages with
comparable phonological systems. Subsequent multilingual benchmarks have further corroborated that
wav2vec based phoneme recognizers perform competitively on Slavic languages even in zero-shot settings.
speech to phonemes system using Wava2Vec2- BERT via Two Stage training strategy, given effective performance
in phoneme level mispronunciation detection [7] The Wav2VecBERT 2.0 model [8] learns contextualized
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speech representations directly from raw audio by integrating a convolutional encoder with a Transformer-
based context network ([9, 10] It is pretrained using a contrastive learning objective [11, 12]

External studies offer more concrete evidence regarding Russian specific performance. Xu et al. [8] highlighted
that the multilingual XLSR-53 architecture achieves robust zero shot phoneme recognition for Russian, thanks
to its extensive multilingual pre-training, despite the absence of explicit Russian phoneme supervision.
Additional support comes from Klumpp’s CommonPhone corpus [13], where a wavavec based model fine-
tuned on multilingual phoneme labeled data attained a phoneme error rate (PER) of 18.1% across the full IPA
inventory, with minimal performance gaps between languages including Russian.

These findings underpin our decision to adopt a multilingual phoneme front end. However, it remains an
empirical question how well the model performs on learner speech and task specific prompts in our specific
deployment context. Further multilingual evaluations reinforce that self supervised wavavec derived models
deliver competitive PERs for Slavic languages under both low resource and zero shot conditions [14, 15].

Collectively, this body of evidence suggests that modern wavavec based architectures provide sufficiently
accurate phoneme level transcriptions to support reliable downstream tasks such as alignment and pronu-
nciation assessment in Russian. [16]

3. Influence of LLLMs on Speech Recognition

In the past couple of years, the Large Language Model based Phoneme to Grapheme (LLM-P2G) approach has
demonstrated outstanding performance in speech recognition tasks, emerging as a promising alternative to
conventional WFST-based decoding. This framework enhances both recognition accuracy and system sca-
lability by employing a two stage modeling process: first, predicting phonemes and then generating text [17]

A unified, auto regressive Transformer decoder only architecture that treats diverse cross modal tasks such as
speech to text, text to text, text to speech, and speech to speech as instances of a conditional codec language
modeling problem within a multi task learning framework. [18] The Speech toText Translation (S2TT) approach
incorporates phoneme representations into a Chain of Thought (CoT) framework to boost translation perf-
ormance in low resource and zero resource scenarios. By inserting phoneme recognition as an intermediate
reasoning step, these methods strengthen cross lingual transfer, making translation feasible even for languages
lacking any labeled speech data. The system is built upon a multilingual large language model (LLM), which we
extend to jointly process speech inputs and phoneme sequences. Training follows a curriculum learning
strategy, gradually increasing task complexity. [19] A generative LLM approach can yield performance gains
for state of the art ASR architectures, transducer and attention encoder decoder based, and multiple test sets.
[20].

Project goals focus on developing a robust, efficient system that enhances LLMs with speech inputs via phoneme
intermediation to enable accurate, real time transcription and voice aware processing. Success metrics
emphasize error reduction, speed, and practical utility, benchmarked against baselines like WFST-decoded
ASR. Self training has been shown to improve ASR performance on unlabelled speech data. [ 21, 22, 23, 24, 25,
26, 27] Generative Error Correction (GER) harnesses the rich linguistic knowledge embedded in large language
models (LLMs), surpassing conventional language modeling approaches in performance. [4]
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4. Primary Goals

Enable seamless speech to text integration into LLMs using speech to phoneme pipelines, achieving low-
latency multimodal inference suitable for real time applications like voice assistants. Improve handling of
accents, noise, and low resource languages through phoneme level abstraction and LLM contextualization.
Support voice recognition for speaker diarization and personalization, targeting diverse audio environments.

Metric Target Rationale
Word Error Rate <5% on Standard ASR benchmark for
(WER) CommonVoice transcription accuracy.
(3-7% relative
reduction vs.
baselines)
Phoneme Error Rate <10% Measures S2P module
(PER) precision; critical for error
propagation control.
Inference Latency <3.5 tokens/second, | Ensures real-time viability;
35% FLOPs tracks efficiency gains from
reduction fusion.
Speaker Verification <5% Validates voice recognition in
EER multi-speaker scenarios.

Technical Metrics

5. Training Metrics

e Achieve >0.85 Pearson correlation between predicted and ground-truth marginal likelihoods in TKM training.
e PER improvement >20% with DANP/TKM over vanilla P2G fine-tuning.

¢ LoRA adaptation convergence within 10 epochs on 100h data.

5.1 Deployment Metrics

¢ 86% token usage reduction compared to direct audio-LLM baselines.

5.2 Overall Framework

The proposed framework adopts a cascaded Speech to Phoneme to Text (SPG) architecture to integrate Al
seech and voice recognition into LLMs, modeling text generation as p(y|x)= Z,p(y|x)p(y|h) where y is input

speech, h is the latent phoneme sequence, and y is output text. This separates acoustic modeling via a Speech-
to Phoneme (S,P) module from linguistic decoding using an LLM-based Phoneme to Grapheme/Text (P,G/
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LLM) module, enabling efficient fusion with pre trained LLMs like mT5 or Llama variants. Voice recognition
enhancements incorporate speaker embeddings or multimodal cues (e.g., audio visual fusion) for personalized
or robust transcription.

5.3 Core Components

e Speech-to-Phoneme (S2P) Module: Fine-tune a multilingual acoustic model (e.g., Whistle or Wav2Vec2) on
phoneme labeled data using CTC loss to output phoneme sequences from raw audio, handling accents and
noise via self supervised pre training.

e Phoneme-to-Text (P2G/LLM) Module: Fine-tune an LLM (e.g., mT5-base) as a sequence to sequence model
to convert phoneme sequences to subword tokens or text, leveraging the LLM’s contextual understanding for
polyphones and low-resource languages.

e Bridge/Adapter Layer: Use cross attention or concatenation to align phoneme embeddings with LLM token
space, or employ shallow/delayed fusion for non cascaded end to end integration.

e Voice Recognition Enhancer: Integrate speaker verification models (e.g., ECAPA-TDNN) to condition phoneme
outputs on voice biometrics, improving speaker diarization in multi voice scenarios.

5.4 Training Methodology

Train components sequentially with robustness techniques to mitigate error propagation. First, fine tune S2P
on datasets like CommonVoice with weak phoneme labels. For P,G/LLM, apply Data Augmentation with Noisy
Phonemes (DANP) by generating hypothesized phonemes via S P beam search or random sampling, and
Randomized Top-K Marginalized (TKM) training to optimize the marginal likelielihood logX*,
p(h®|y)p(y|h®)over top-K sequences. Jointly fine-tune the full pipeline on multimodal datasets (e.g., LRS3)
using parameter-efficient methods like LoRA for LLMs, evaluating with WER and phoneme error rate (PER).

5.5 Inference Pipeline

During inference, apply beam search on S P to generate top-K phoneme hypotheses h®...h® For each, run P,G
beam search to produce candidate texts, then score via TKM decoecoding: X, _p(h®|y )p(y|h%), selecting the
highest scoring unique text and optionally rescoring with an external LM. Incorporate voice recognition by
prefixing speaker embeddings to phoneme sequences. Optimize efficiency with delayed fusion to reduce LLM
calls.

5.6 Evaluation Metrics

Assess with Word Error Rate (WER) on benchmarks like CommonVoice (target <4% relative reduction vs.
baselines), Phoneme Error Rate (PER) for S2P accuracy, and speaker identification accuracy (>95% EER).
Measure computational efficiency via tokens/second and FLOPs, aiming for 80%+ reduction in token usage
for multimodal setups. Conduct ablations on noisy phonemes and low-resource languages to validate robu-
stness.

CommonVoice is a premier multilingual dataset for speech to phoneme (S2P) and ASR training, owing to its
phoneme annotated subsets and crowd sourced diversity across 100+ languages. TIMIT provides high quality,
precisely annotated English phonetics ideal for initial S2P model development. LibriSpeech offers large scale
clean/noisy English audio for robust ASR scaling.
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5.7 Speech-to-Phoneme Datasets

e TIMIT: 630 speakers, 6,300 sentences with detailed phonetic (61 phonemes) and dialect annotations; 16kHz

audio perfect for acoustic modeling.

e CommonVoice (phoneme subsets): 100K+ hours in 100+ languages; weak phoneme labels via IPA mapping,

used for multilingual S2P fine-tuning like Whistle-S2P.

e Multilingual PR corpora (e.g.,via Wava2Vec2/HuBERT): Cross lingual phoneme data from self supervised mo-

dels; supports zero-shot phoneme recognition.

5.8 ASR Training Datasets

transcribed speeches

Dataset Size/Languages Key Features Best For
CommonVoice 20K+ hours/100+ langs | Transcripts, Multilingual
phonemes, diverse S2P-ASR
accents pipelines.
LibriSpeech 1,000 hours/English Clean/noisy End-to-end ASR
audiobooks baselines.
VoxPopuli 100K hours/23 langs Unlabeled + Semi-

supervised ASR.

TED-LIUM 450 hours/English TED talks transcripts

Spontaneous
speech ASR.

Table 1. ASR Training Datasets

5.9 Multilingual PR Corpus Illustration (Raw Text)
English (EN)
“The company announces a new sustainability initiative.”

French (FR)
“L’entreprise annonce une nouvelle initiative de durabilité.”

Spanish (ES)
“La empresa anuncia una nueva iniciativa de sostenibilidad.”

Hindi (HI)
“F TR e AT aget i = )~

5.9.1Unigram (1-gram) Illustration
Each token (word) is treated independently.
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English-Unigram
the

company
announces

new
sustainability
initiative

French -Unigram
I'entreprise
annonce

une

nouvelle
initiative
durabilité

Spanish -Unigram
la

empresa

anuncia

nueva

iniciativa
sostenibilidad

Hindi -Unigram

HUH!
Bl
TF
T
R
T

English-Unigram

gryur
Gl

5.9.2 Bi-gram (2-gram) Illustration
Pairs of consecutive words capture local semantic and syntactic context, important for PR tone modeling.
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English-Bi-gram

the company
company announces
announces new

new sustainability
sustainability initiative

French-Bi-gram
I’entreprise annonce
annonce une

une nouvelle
nouvelle initiative
initiative de

de durabilité

Spanish-Bi-gram
la empresa
empresa anuncia
anuncia una

una nueva
nueva iniciativa
iniciativa de

de sostenibilidad

Hindi-Bi-gram
English-Bi-gram
CLEIE!
U@
TP T8
T fRu=a
R T8
gl B

CakaIb Il

5.9.3 Tri-gram (3-gram) Illustration
Tri-grams preserve phrase-level meaning, especially useful in PR for brand messaging and sentiment
consistency.
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English-Tri-gram

the company announces
company announces new
announces new sustainability
new sustainability initiative

French-Tri-gram
Ientreprise annonce une
annonce une nouvelle
une nouvelle initiative
nouvelle initiative de
initiative de durabilité

Spanish-Tri-gram

la empresa anuncia
empresa anuncia una
anuncia una nueva

una nueva iniciativa

nueva iniciativa de
iniciativa de sostenibilidad

English-Bi-gram

Hindi-Bi-gram
CXRIERCD
ERCE
Teb 7§ FRRRAT
S RRATugd
R ugd I
Ugd &1 o

e Corpus: 100 multilingual PR documents
e English: 40
e French: 25

e Spanish: 20
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e Hindi: 15

¢ TF = raw term frequency
¢ IDF = log(N / df)

¢ TF-IDF = TF x IDF

e Stopwords retained to reflect real PR phrasing

5.10 Unigram Frequency and TF-IDF
Example: English + Cross-lingual PR Keywords

Unigram Language| TF DF IDF | TF-IDF
Company EN 85 38 0.97| 82.45
Sustainability EN 62 21 1.56 | 96.72
Initiative EN 71 29 1.23 | 87.33
Durabilité FR 44 18 1.71 | 75.24
Sostenibilidad ES 39 15 1.90 | 74.10
EDEGII HI 28 11 2.21 | 61.88

5.11 Bi-gram Frequency and TF-IDF
Bi-grams capture corporate phrasing and messaging patterns.

Bi-gram Language | TF DF | IDF | TF-IDF
Company announces EN 46 19 | 1.66 | 76.36
Sustainability initiative EN 39 14 | 1.96 | 76.44
Initiative de durabilité FR 31 12 2.12 | 65.72
Iniciativa de ES 27 10 2.30 62.10
Sostenibilidad

Rawar uger HI 21 8 | 253 53.13

5.12 Tri-gram Frequency and TF-IDF
Tri-grams represent high-level PR narratives and strategic framing.
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Tri-gram Language (TF DF IDF (TF-IDF
the company announces EN 33 11 2.21 |72.93
new sustainability initiative EN 29 9 2.41 |69.89
initiative de durabilité durable FR 18 6 2.81 |50.58
nueva iniciativa de sostenibilidad [ ES 16 5 3.00 |48.00
ﬁﬁwqﬁ H 14 4 3.22 | 45.08

6. Interpretation for Multilingual PR Analytics

e Unigrams

e High TF-IDF terms reflect strategic PR focus areas (e.g., sustainability).

e Bi-grams

e Reveal standardized corporate phrasing across languages.

e Tri-grams

¢ Identify narrative-level messaging consistency, useful for brand alignment.
e Higher IDF in Hindi/Spanish/French

¢ Indicates language-specific uniqueness in global PR campaigns.

6.1 Language-specific sustainability narratives

TF-IDF Heatmap for Multilingual PR Unigrams

company
s0
sustainability
SO
mItrative
Surabilité <0
sostemnibilidad
20
ODO0O0O00
o
EN FR ES N

Figure 1. TF-IDF heatmap for multilingual PR unigrams, revealing language-specific sustainability
narratives and limited lexical overlap across corpora
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Figure 1 presents a TF-IDF (Term Frequency Inverse Document Frequency) heatmap of multilingual public
relations (PR) unigrams, offering insights in to how sustainability related language varies across different
languages in corporate communications.

6.11 Discussions

1. Language-Specific Sustainability Lexicons:

Each language uses its own distinct term for “sustainability,” and these terms stand out with high TF-IDF
scores:

»

e English: Words like “company,” “sustainability,” and “initiative” dominate, reflecting a corporate framing of

sustainability efforts.

e French: The term “durabilité” appears as a high-IDF signal rare across the full corpus but highly representative
within French texts.

e Spanish: Similarly, “sostenibilidad” serves as a strong language-specific marker.

e Hindi: The term «feyvqr” (sthirata) shows a high TF-IDF despite low raw frequency, suggesting that when it
appears, it carries significant thematic weight, even though it’s used sparingly across the Hindi corpus.

2. Limited Cross-Linguistic Lexical Overlap:

The heatmap displays a sparse off diagonal structure, indicating minimal shared vocabulary beyond function
words and loan terms. This underscores the challenge of direct lexical comparison in multilingual analyses
and highlights the need for semantic alignment techniques, such as multilingual embeddings or cross lingual
topic models, to enable meaningful comparisons of sustainability narratives across languages.

6.13 Overall Implication:

The figure reveals that while the concept of sustainability is present across all languages studied, its lexical
expression is deeply language specific. This supports the adoption of cross lingually aware NLP methods to
accurately capture and align thematic content in multilingual PR corpora.

7. Summary and Conclusion

7.1 Summary

This work proposes a novel Speech to Phoneme to Text (SPG) framework that integrates speech recognition
and large language models (LLMs) through phoneme level intermediation. The goal is to enhance LLMs’ ability
to process spoken input accurately especially in low resource, accented, or noisy conditions while enabling
real time, multimodal, and speaker aware voice interaction.

7.11 Core Components

1. Speech-to-Phoneme (S2P) Module:

Built on self-supervised models like Wav2Vec 2.0 / Wav2VecBERT 2.0, fine tuned to output IPA phoneme
sequences from raw audio. Leverages multilingual pretraining (e.g., XLSR-53) for cross lingual zero-shot cap-
ability, especially validated for Slavic languages like Russian.
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2. Phoneme-to-Text (P2G/LLM) Module:
Uses a fine-tuned multilingual LLM (e.g., mT5) to convert phoneme sequences into fluent, contextually accurate

text. This replaces traditional WFST decoders and leverages LLM linguistic knowledge for better handling of
polyphones, accents, and low resource languages.

3. Voice Recognition Enhancer:

Integrates speaker embeddings (e.g., from ECAPA-TDNN) to support speaker diarization and personalized
transcription.

4. Training & Inference Innovations:

e Data Augmentation with Noisy Phonemes (DANP)

e Top-K Marginalized (TKM) training to optimize over multiple phoneme hypotheses
e LoRA-based parameter-efficient fine-tuning

¢ Delayed fusion and beam search rescoring for efficient inference

7.2 Evaluation & Metrics

e Target WER: <5% on CommonVoice (3—7% relative improvement over baselines)

e Target PER: <10%

¢ Latency: <3.5 tokens/sec with 35% FLOPs reduction

e Speaker EER: <5%

e Token usage: 86% reduction vs. direct audio-to-LLM approaches

The system is evaluated on standard datasets (CommonVoice, TIMIT, LibriSpeech) and includes a multilingual
PR corpus to validate cross-lingual alignment.

7.3 Multilingual PR Analysis
A TF-IDF analysis of public relations texts in English, French, Spanish, and Hindi reveals:
e Each language uses distinct lexical markers for “sustainability” (sustainability, durabilité, sostenibilidad, 8

feerzan).
e These terms show high TF-IDF scores, indicating strong thematic focus despite varying frequencies.

e Minimal lexical overlap across languages, underscoring the need for semantic (not lexical) alignment in
multilingual NLP.
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7.4 Discussion

1. Phoneme-Level Abstraction as a Bridge

The paper compellingly argues that phonemes serve as a robust intermediate representation between raw
speech and text. This design:

¢ Decouples acoustic modeling (handled by S2P) from linguistic decoding (handled by LLMs),

e Enables error correction via LLMs (Generative Error Correction, GER),

e Improves robustness to accents by focusing on pronunciation deviations at the phoneme level.

However, performance remains contingent on S P accuracy especially for non-native or learner speech hig-
hlighting the need for empirical validation in pedagogical contexts.

7.4.1 LLMs as Decoders: Beyond Traditional ASR
Replacing WFST decoders with LLM-based P2G modules offers significant advantages:

¢ Better handling of morphological complexity and contextual ambiguity,
e Natural integration of world knowledge for disambiguation,
e Scalability via multi-task learning (e.g., unifying S TT, TTS, STS in one architecture).

Yet, this approach introduces latency and computational costs, which are mitigated here by adapter layers,
LoRA, and delayed fusion.

7.4.2 Cross-Lingual and Low-Resource Implications

The use of multilingual self-supervised models (e.g.,XLSR-53) enables zero shot phoneme recognition for
languages without labeled data validated for Russian and other Slavic languages. Combined with phoneme-
augmented Chain of Thought (CoT) reasoning, this paves the way for zero resource speech translation.

The PR corpus analysis reinforces this: sustainability is a universal concept but expressed through language-
specific lexicons, making phoneme+LLM pipelines essential for culturally grounded, accurate multilingual
ASR.

7.4.3 Practical and Ethical Considerations

e Accessibility: The system supports users with disabilities via hands free, voice first interfaces.

e Bias & Fairness: Accented speech performance must be monitored to avoid marginalizing non native speakers.

o Efficiency: The 86% token reduction makes deployment on edge devices feasible.

7.5 Conclusion
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The proposed SPG framework represents a significant step toward unified, multimodal LLMs that natively
understand speech. By grounding transcription in phonemic representations and leveraging the linguistic
power of LLMs, it addresses key limitations of traditional ASR especially in diverse, real world settings. The
integration of voice recognition, curriculum learning, and robust training strategies further enhances its pra-
cticality. Future work should explore end to end joint training, prosody modeling, and user in the loop adaptation
for personalized learning applications.
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