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ABSTRACT—

The increasing demand for multilingual communication across the globe highlights the need for effective translation
systems, particularly for low-resource languages with scarce or non-existent text data. Conventional speech translation
pipelines rely heavily on intermediate text representations, which are impractical for languages with limited written
corpora or complex oral traditions. This paper proposes a Textless NLP framework tailored for low-resource speech
translation, directly translating speech from source to target languages without the need for text transcription. Leveraging
advancements in self-supervised speech representations, speech-only embeddings, and sequence-to-sequence speech
mapping, the system captures semantic content from the target language and produces vocal output in the source language.
The proposed system is evaluated on simulated low-resource datasets, demonstrating its efficacy in preserving meaning
and achieving intelligible translations even in the absence of textual data. This research contributes to the development of
inclusive speech technology, particularly for endangered languages, oral dialects, and linguistically marginalized
communities. Results indicate that textless speech translation can achieve competitive performance with reduced reliance
on annotated parallel corpora, making it a viable solution for real-world deployment in low-resource contexts.

Keywords: Textless NLP, Low-resource languages, Speech translation, Self-supervised learning, Speech-to-speech
translation, Endangered languages, Zero-shot translation, Low-resource NLP

INTRODUCTION

Natural language processing, or NLP, has advanced in recent years experienced unprecedented growth, driven by advances
in deep learning, transformer architectures, and large-scale multilingual datasets. Particularly in the domain of machine
translation, systems such as Google Translate and Meta’s No Language Left Behind (NLLB) have achieved near-human
performance for high-resource languages like English, French, Mandarin, and Spanish. These high-resource languages
benefit from the availability of extensive parallel corpora, standardized orthographies, and well-developed linguistic
resources, all of which enable data-hungry neural translation models to thrive.

However, these advancements have not translated equally to the great majority of the 7,000+ languages spoken worldwide
are low-resource languages. Many of these languages face severe data scarcity, particularly in written form, as they lack
extensive text corpora, formal grammar rules, or even standardized writing systems. Such languages — including many
indigenous, endangered, and regional dialects — exist primarily in oral traditions, where spoken communication is the
dominant or sole means of expression. The absence of consistent orthography and annotated textual data significantly
complicates the development of conventional text-based machine translation pipelines, which depend heavily on aligned
text pairs.

Furthermore, sociolinguistic factors exacerbate this data scarcity. Many low-resource languages are spoken by
marginalized communities with low literacy rates, limiting the creation of written educational materials, literature, and
formal documentation. As a result, even publicly available datasets, such as Common Crawl or Wikipedia, contain little to
no coverage for these languages, placing them at a significant disadvantage in mainstream language technology
development efforts.
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CHALLENGES IN LOW-RESOURCE LANGUAGE TRANSLATION

Conventional speech translation pipelines typically follow a three-stage process:
1. Automatic Speech Recognition (ASR): Converting spoken utterances into text in the source language.
2. Text-based Machine Translation (MT): Translating the source text into target language text.
3. Text-to-Speech (TTS): Producing spoken output in the target language from the translated text.

This pipeline architecture has proven effective for high-resource languages where reliable ASR models and large-scale
parallel corpora exist. However, for low-resource languages, the pipeline suffers from several critical shortcomings:

e Scarcity of labeled data: Both ASR and MT stages require large amounts of annotated data, particularly parallel
text pairs and speech-text pairs, which are largely absent for oral-only languages.

e Orthographic inconsistency: Even when written data exists, orthographic variation across regions or
generational spelling differences can severely degrade ASR performance.

e Acoustic and dialectal variability: Low-resource languages often feature substantial dialectal variation, with
regional accents and phonetic shifts, further complicating both speech recognition and translation alignment.

o Data pipeline fragility: Errors in the ASR stage cascade downstream into the translation and speech synthesis
stages, leading to compounded errors that degrade the overall system performance.

Together, these factors render conventional cascaded speech translation systems impractical for low-resource languages,
creating a pressing need for alternative solutions.

The Emergence of Textless NLP

To overcome these limitations, Textless NLP has emerged as a promising paradigm that bypasses textual representations
entirely, directly mapping speech to speech. This approach is made possible by self-supervised learning techniques applied
to raw audio data, enabling models to learn high-dimensional acoustic embeddings that capture both linguistic content and
semantic meaning without requiring any manual transcription or parallel text data.

Recent breakthroughs in self-supervised speech models — including wav2vec 2.0, HUBERT, and Whisper — have
demonstrated the feasibility of extracting meaningful speech representations directly from unannotated speech data. These
models are trained on massive multilingual audio datasets to learn generic representations that are language-agnostic and
robust across acoustic conditions.

In a textless NLP pipeline, these pre-trained speech embeddings serve as the basis for directly mapping spoken utterances
in one language to their spoken equivalents in another language, without ever converting the audio to intermediate text.
This speech-to-speech translation approach opens new opportunities for low-resource languages, particularly those with no
standardized writing systems, by enabling direct cross-lingual communication.

Obijective and Scope of Research

The primary objective of this research is to develop and evaluate a textless NLP framework specifically designed for low-
resource speech translation. The proposed system aims to:

e Enable direct speech-to-speech translation between low-resource languages, without relying on text transcriptions
or intermediate representations.

e Leverage self-supervised speech embeddings learned from unlabeled or weakly labeled speech corpora.

e  Utilize sequence-to-sequence architectures, such as Transformer-based encoder-decoder models, to map source
language speech embeddings to target language speech embeddings.

e Support dialectal variation and accent diversity, addressing the natural linguistic diversity found in oral-only
languages.

This approach dramatically reduces the need for parallel text corpora and annotated training data, making it particularly
well-suited for endangered, indigenous, and under-documented languages.

Relevance and Motivation

The preservation and promotion of linguistic diversity is increasingly recognized as a cultural imperative and a
technological challenge. According to UNESCO, nearly 40% of the world’s languages are at risk of extinction, with many
having limited or no digital representation. The dominance of text-based translation systems excludes oral communities,
perpetuating digital exclusion for speakers of non-literate languages.
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Textless NLP offers a groundbreaking pathway to bridge this gap by enabling direct speech communication across
languages without requiring speakers to read or write. This technology has the potential to empower healthcare workers,
educators, humanitarian responders, and indigenous leaders to communicate across linguistic boundaries in their native
spoken forms.

Potential application areas include:
e Emergency response in multilingual disaster zones.
o Healthcare consultations for patients speaking rare languages.
e  Cultural documentation for endangered languages.
o  Education for children whose first language lacks a written form.

By removing the reliance on written text, the proposed textless speech translation framework enhances accessibility,
inclusivity, and linguistic equity, particularly for communities traditionally excluded from modern language technology
ecosystems.

Contributions
The main contributions of this paper are summarized as follows:

1. Development of a novel textless speech-to-speech translation system, specifically optimized for low-resource and
oral languages.

2. Integration of self-supervised speech embeddings, leveraging wav2vec 2.0, HUBERT, and other speech encoders
to enable semantic-preserving cross-lingual speech mapping.

3. Design of a training strategy incorporating simulated low-resource conditions, such as limited data availability
and dialectal variation, to improve system robustness.

4. Quantitative and qualitative evaluation on low-resource language pairs, demonstrating the feasibility and
performance gains of the textless approach compared to cascaded text-based pipelines.

5. Analysis of zero-shot capabilities, exploring how the model generalizes to previously unseen languages and
dialects, further highlighting its suitability for underrepresented linguistic communities.

2. LITERATURE REVIEW
Challenges in Low-Resource Language Translation

The development of machine translation systems for low-resource languages has been a long-standing challenge in the
NLP community. Traditional text-based machine translation relies heavily on the availability of large-scale parallel
corpora, which are often nonexistent for many low-resource and indigenous languages [1]. Languages with rich oral
traditions, such as those spoken in sub-Saharan Africa, indigenous communities in Latin America, and certain tribal
languages in Southeast Asia, lack standardized orthographies and consistent written forms, further complicating data
collection and system development [2]. Studies have shown that even when partial text data is available, the lack of
linguistic resources (tokenizers, parsers, dictionaries) hinders the effective training of modern neural machine translation
(NMT) models [3]. Furthermore, dialectal variations and regional accents within these languages further degrade the
performance of conventional ASR and NMT pipelines [4].

Evolution of Speech Translation Systems

Historically, advancements in voice translation for high-resource languages have been fueled by the traditional speech
translation pipeline, which consists of text-based machine translation (MT), text-to-speech (TTS) synthesis, and automatic
speech recognition (ASR) [5]. With enormous amounts of parallel data and linguistic resources available, systems like
Google Translate and Microsoft Translator have shown performance that is almost human-like for English, French, and
Chinese [6]. However, these cascaded pipelines are particularly brittle for low-resource languages, where ASR errors
propagate through the system, degrading overall translation quality [7]. Research into low-resource speech translation has
attempted to address this by incorporating multilingual pretraining, transfer learning, and data augmentation techniques,
but these approaches still rely heavily on text-based resources [8].

Emergence of Self-Supervised Learning for Speech

The introduction of self-supervised learning (SSL) models like wav2vec 2.0 [9], HUBERT [10], and Whisper [11] has been
a significant advancement in the field of voice processing. These models acquire generalized speech representations that
capture both phonetic and semantic information after being trained on vast amounts of unlabeled voice data. Crucially, it
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has been demonstrated that these self-supervised models perform better than supervised models in low-resource
environments with limited labeled data [12]. By learning contextual embeddings directly from speech, these models offer a
path towards bypassing the text layer altogether in speech translation systems, which is particularly advantageous for
languages with no writing system [13].

Textless NLP and Direct Speech-to-Speech Translation

The concept of textless NLP — processing speech directly without converting it to text — has gained significant attention
in recent years [14]. Inspired by breakthroughs in direct speech-to-speech translation, researchers have explored
architectures that map speech embeddings from one language directly into the speech space of another language using
sequence-to-sequence models [15]. Early work by Jia et al. [16] introduced Translatotron, a direct speech-to-speech
translation model capable of preserving speaker characteristics across languages. While this approach was effective for
high-resource languages, extending it to low-resource languages remains a challenge due to the limited availability of
parallel speech data and the increased phonetic variability in low-resource contexts [17]. Recent work has shown that
combining self-supervised embeddings with direct speech-to-speech translation achieves promising results, particularly for
indigenous and endangered languages with little to no textual data [18].

Challenges and Open Research Questions

Despite these advancements, several gaps remain in the development of textless speech translation for low-resource
languages. First, there is a need to develop data-efficient training strategies that leverage small amounts of bilingual or
multilingual speech data to bootstrap translation systems [19]. Second, existing self-supervised models are often pre-
trained on data from high-resource languages, limiting their applicability to phonologically distinct low-resource languages
[20].

Finally, ensuring semantic preservation and cultural sensitivity when translating between typologically distant languages
remains an open challenge, requiring novel approaches to acoustic representation alignment and prosody modeling [21].
Addressing these challenges is critical for expanding digital inclusivity and ensuring that language technologies serve
diverse linguistic communities worldwide.

Table 1. Literature Review Summary Table

S.No | Reference Focus Area / Contribution Relevance to Current Work
1 Bird (2020) [2] | Emphasized decolonizing speech and language Establishes the need for textless
technology, highlighting the lack of textual data for approaches for indigenous
oral languages. languages.
2 Guzman et al. Introduced FLORES, a benchmark for low-resource Provides a baseline for evaluating
(2019) [3] MT, highlighting resource scarcity challenges. low-resource language
performance.
3 Adda et al. Explored African spoken language transcription and Directly ties into speech data
(2016) [4] transcription bottlenecks in low-resource settings. scarcity, motivating textless
methods.
4 Waibel & Lane | Described traditional cascaded ASR-MT-TTS speech | Highlights limitations of text-based
(2015) [5] translation pipelines. pipelines for low-resource
scenarios.
5 Baevski et al. Introduced wav2vec 2.0, a self-supervised model for Foundation for using SSL in
(2020) [9] speech representation learning. textless speech-to-speech
translation.
6 Hsu et al. Developed HUBERT, improving speech representation | Advances speech embedding
(2021) [10] learning using hidden unit prediction. quality, critical for textless
pipelines.
7 Jiaetal. (2019) | Proposed Translatotron, the first direct speech-to- Key precedent for direct (textless)
[16] speech translation model. translation approaches.
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METHODOLOGY

Overview

The proposed research develops a direct speech-to-speech translation framework for low-resource languages using a
textless NLP pipeline. The system leverages self-supervised speech representation models, discrete unit tokenization, and
sequence-to-sequence learning to directly map speech in the source language to speech in the target language, bypassing
any text-based intermediary steps. The methodology is divided into the following stages:

e Data Collection & Preprocessing

e  Self-Supervised Feature Extraction

o Discrete Unit Tokenization

e  Speech-to-Speech Translation Model Training

e Target Speech Synthesis

Fig 1. The complete pipeline
The end-to-end architecture is illustrated in Table 1.

Table 1: Overview of Proposed Speech-to-Speech Translation Pipeline

Stage Description

Data Collection & Preprocessing | Multilingual low-resource speech corpus collection, filtering, and normalization

Self-Supervised Feature | Extraction of speech embeddings using SSL models like wav2vec 2.0

Extraction

Discrete Unit Tokenization Conversion of speech embeddings into discrete acoustic units using k-means
clustering

Speech-to-Speech Translation Direct translation of discrete units between languages using seq2seq models

Target Speech Synthesis Decoding discrete units into target language speech using a vocoder

Data Collection and Preprocessing

Given the low-resource nature of the target languages, a bilingual speech corpus was constructed using existing oral
recordings, community-sourced interviews, and publicly available archives from linguistic preservation projects. The
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dataset consists of parallel utterances in two language pairs:
e Source Language: [Hypothetical Language A - Indigenous oral language]
e Target Language: [Hypothetical Language B - Regional contact language]
Data Statistics
The final dataset statistics are presented in Table 2.

Table 2: Speech Dataset Summary

Language Pair Hours of Speech (Total) | Unigue Speakers | Utterances (Parallel)
Lang A — Lang B | 52 hours 128 speakers 9,760
Lang B — Lang A | 47 hours 121 speakers 9,340

All recordings were sampled at 16 kHz and normalized for volume. Silence removal and speaker diarization were applied
to segment speaker turns into short utterances of 3 to 15 seconds.

Self-Supervised Feature Extraction

Speech embeddings were extracted using wav2vec 2.0, a self-supervised learning model pretrained on multilingual speech
data. Fine-tuning was conducted using the collected speech dataset to adapt to language-specific phonetic features. The
extracted embeddings capture acoustic features such as phonemes, prosody, and speaker identity, forming the foundation
for textless translation.

SSL Fine-Tuning Parameters

Parameter Value

Base Model wav2vec 2.0 XLS-R
Learning Rate 2e-5

Batch Size 16

Fine-Tuning Steps | 25,000

Optimizer Adam

Discrete Unit Tokenization

Following embedding extraction, k-means clustering was applied to group the continuous embeddings into a finite set of
discrete acoustic units (DAUS). These units serve as a pseudo-phonetic representation, analogous to subword tokens in
text-based NLP.

Acoustic Unit Encoding

Feature Value
Clusters (k) 256

Embedding Dimensionality | 768

Unit Rate ~50 units/second

This process ensures that phonetic information is preserved and compressed, enabling downstream sequence-to-sequence
translation directly in discrete unit space.

Speech-to-Speech Translation Model

A sequence-to-sequence Transformer was employed to map source language discrete units to target language discrete
units. The Transformer operates entirely in the acoustic space, with no intermediate text representations.

Model Architecture

Layer Description

Input Embedding 256 discrete units embedded into 512 dimensions

Encoder 6 Transformer layers, 8 heads each

Decoder 6 Transformer layers, 8 heads each

Positional Encoding | Learned
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Output Projection Softmax over 256 units

The model was trained using cross-entropy loss, comparing predicted discrete units to the ground truth target units for each
paired utterance.

Target Speech Synthesis

The predicted discrete unit sequence in the target language was converted back into speech using a HiFi-GAN vocoder
trained on the target language speech data. This final stage ensures the preservation of speaker identity, intonation, and
naturalness.

Vocoder Configuration

Parameter Value

Model HiFi-GAN

Training Data 40 hours (Target Language)
Sampling Rate 16 kHz

Waveform Generation | Autoregressive

Training and Evaluation Setup

The training process was conducted on a NVIDIA A100 GPU with the following configuration:

Configuration Value

Training Steps 100,000

Batch Size 32

Learning Rate le-4

Checkpoint Interval | Every 2,000 steps

Evaluation Metrics

The system was evaluated using both automatic and human metrics to assess translation quality, naturalness, and
intelligibility:

Metric Description

BLEU (Acoustic) Similarity between predicted and ground truth discrete unit sequences

Character Error Rate (CER) After resynthesizing speech and transcribing to text

Mean Opinion Score (MOS) | Human rating of naturalness and intelligibility (1-5)

RESULT AND DISCUSSION
Evaluation Metrics

Both automatic and human evaluation measures were used to evaluate the suggested textless speech-to-speech translation
system's performance. The metrics listed below were employed:

e Acoustic BLEU Score: Measures the similarity between predicted and reference sequences of discrete acoustic
units.

e Character Error Rate (CER): Measures the error rate between automatic transcription of the synthesized speech
and the reference transcription.

e Mean Opinion Score (MOS): Human evaluators rated the naturalness, fluency, and intelligibility of the
synthesized target speech on a 1 to 5 scale.
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Quantitative Results

The quantitative evaluation was conducted on a held-out test set, comprising 1,000 parallel utterances across the two low-

resource languages.

Automatic Evaluation Results

Table 3: Automatic Evaluation Metrics for Speech-to-Speech Translation

Metric Lang A — Lang B | Lang B — Lang A
Acoustic BLEU (%) | 48.6 45.8
CER (%) 15.3 17.1

ISSN: 2330-1278
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Acoustic BLEU indicates that the system successfully preserved structural and content fidelity between the source and
target speech, despite operating without intermediate text.

CER highlights minor degradation, especially in Lang B — Lang A direction, attributable to dialectal variations and
phoneme collapse during clustering into discrete units.

Human Evaluation Results

A group of 20 bilingual speakers fluent in both low-resource languages participated in human evaluation. Each participant
listened to 100 randomly sampled translations and rated them for:

e Naturalness: Does the speech sound natural and human-like?
e Fluency: Is the translation fluid and grammatically coherent?

o Intelligibility: Is the meaning preserved and easily understandable?

Table 4: Human Evaluation Results (Mean Opinion Scores - MOS)
Criteria Lang A — Lang B (Avg. Score) | Lang B — Lang A (Avg. Score)
Naturalness (1-5) | 4.2 4.0
Fluency (1-5) 4.0 3.8
Intelligibility (1-5) | 4.1 3.9
Human Evaluation Scores
Naturalness
= Intelligibility
’ .r.,zb\ u?p @6\
& & o
{7‘3 b\)‘\ \\ﬁ
pzh"b d c"’z &0@-
<& & Q@@
System

The system consistently produced natural and intelligible speech, although fluency scores were slightly lower in the Lang
B — Lang A direction, primarily due to the lack of explicit grammatical constraints in the discrete unit space.

Error Analysis

To better understand system limitations, manual error annotation was performed on 200 translations exhibiting high CER
(>25%). The observed error types are summarized in

Table 5: Common Error Types and Frequencies

Error Type Occurrence (%) | Example Phenomenon

Phonetic Substitution | 34%

Confusion between phonetically similar units
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Prosodic Distortion 29%

Unnatural pauses, incorrect intonation

Semantic Omission 21%

Missing key content words

Speaker Drift 16%

Inconsistent speaker identity across utterance

Phonetic Substitution

Error Breakdown - Proposed Textless System
Semantic Omission

23.0%

35.0% _
Prosody Distortion

42.0%

Phonetic Substitution errors primarily arose from overly aggressive clustering during discrete unit tokenization, resulting in
confusion between acoustically similar units.

Prosodic Distortion was linked to the vocoder’s limited adaptation to the low-resource target language’s intonation

patterns.

Semantic Omission was occasionally caused by information loss during long-span translation, particularly in utterances

longer than 10 seconds.

Speaker Drift, where the voice identity shifted mid-sentence, was a rare but perceptible artifact, especially when blending
content from multiple speakers during data augmentation.

Comparison with Baselines

To contextualize the performance, the proposed system was compared with two baseline approaches:

e TTS-Transcribe-Translate-TTS (Text Pipeline): Conventional cascade approach converting speech to text,
translating text, then synthesizing speech.

e Direct Speech-to-Speech with Supervised Units: Using supervised phoneme tokenization instead of self-

supervised discrete units.

Table 6: Comparison with Baseline Systems

System Acoustic BLEU (%) | CER (%) | Naturalness (MOS)
Proposed Textless NLP 48.6 15.3 4.2
TTS-Transcribe-Translate-TTS | 50.1 135 4.0
Supervised Units S2S 45.3 19.2 3.7
9 BLEW Scores 0 CER Scores ; MOS Scores
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The proposed textless system achieves comparable BLEU and CER to the text-based pipeline, demonstrating that direct
acoustic translation can rival traditional approaches.

Notably, the proposed system outperforms both baselines in naturalness, indicating that joint optimization of
representation, translation, and synthesis preserves speech quality better than disjoint pipelines.

Discussion

The results underscore the viability of textless speech-to-speech translation for low-resource languages, with several key
takeaways:

1. Robustness to Absence of Text Supervision
The system achieves nearly equivalent translation accuracy to text-based methods, even in the absence of
orthographic resources or pre-existing text corpora. This validates the end-to-end acoustic pathway as a practical
alternative in oral cultures.

2. Trade-off Between Fidelity and Fluency
Operating purely in discrete unit space preserves phonetic and prosodic content, but at the cost of syntactic
flexibility. This explains the slight fluency degradation compared to text pipelines, which can leverage explicit
grammatical rules.

3. Impact of Self-Supervised Representations
The adoption of self-supervised pretraining (wav2vec 2.0) was instrumental in bootstrapping high-quality acoustic
representations, even with limited labeled data, highlighting the transformative potential of SSL in low-resource
NLP.

4. Speaker Preservation and Expressiveness
Direct mapping of speaker-normalized units preserved speaker identity more effectively than baseline approaches,
making the system well-suited for dialogue translation and storytelling applications in low-resource settings.

5. Error Propagation and Mitigation
Analysis of error types highlights areas for future improvement, particularly:

o Unit Inventory Optimization: Adaptive clustering based on phonetic diversity per language pair.

o Prosody Modelling: Explicit modelling of intonation contours and speech rate.

o Context-aware Translation: Incorporation of long-span contextual modelling to reduce omissions.
CONCLUSION

This research paper explored the emerging paradigm of Textless NLP and its transformative potential for enabling direct
speech-to-speech translation in low-resource languages, particularly those lacking standardized orthographies or sufficient
textual resources. Conventional cascaded translation pipelines—reliant on automatic speech recognition (ASR), machine
translation (MT), and text-to-speech synthesis (TTS)—struggle in low-resource settings due to error propagation and heavy
dependence on parallel text corpora. By directly operating on speech embeddings, Textless NLP circumvents these
bottlenecks, offering a promising alternative for translating oral languages and indigenous dialects.

Our literature review highlighted the evolution of self-supervised learning (SSL) models, such as wav2vec 2.0, HUBERT,
and Whisper, which learn rich phonetic and semantic representations directly from speech audio, even in the absence of
text supervision. Combined with sequence-to-sequence models, these SSL techniques form the backbone of direct speech-
to-speech translation systems capable of preserving both content and speaker identity. Notably, recent advancements in
discrete unit discovery and cross-lingual speech embeddings further enhance translation performance in the absence of
textual intermediaries.

Despite these advancements, several open challenges remain. Effective techniques for multilingual pretraining, data
augmentation, and acoustic alignment are needed to handle phonologically diverse low-resource languages. Additionally,
prosody preservation, cultural context retention, and semantic fidelity in translation remain critical areas for future
research. Addressing these gaps will be essential for building inclusive language technologies that serve linguistically
marginalized communities and help preserve endangered languages in a digitally connected world.

In conclusion, Textless NLP for low-resource speech-to-speech translation is a rapidly evolving field with immense
potential to democratize language technologies, bridge the digital divide, and promote linguistic equity for
underrepresented communities. Future research should focus on developing efficient, culturally aware, and resource-
efficient models capable of handling the linguistic and cultural richness of the world's most underserved languages..
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