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Abstract

Direct Speech-to-Text Translation (DS2TT)
generates target language text directly from
source speech without requiring intermedi-
ate source language transcriptions. However,
developing DS2TT for low resource, script-
less tribal languages is challenging due to
limited parallel data. We investigate hetero-
graphic transcriptions as auxiliary supervision
in DS2TT for four Indian tribal languages:
Lambani, Soliga, Kui, and Mundari. We eval-
uate three transcription strategies: contact lan-
guage scripts, contact language influenced IPA,
and HuBERT based pseudo text. Using parallel
corpora of speech, heterographic transcriptions,
and English translations, we train DS2TT mod-
els with cross modal learning. Results show
that heterographic transcriptions significantly
improve translation quality over speech only
baselines, while inference remains transcrip-
tion free, requiring only speech input.

1 Introduction

Speech-to-text translation converts spoken input
in one language into written text in another lan-
guage (Bérard et al., 2016; Duong et al., 2016;
Anastasopoulos et al., 2016; Weiss et al., 2017;
Bérard et al., 2018). Traditional speech translation
systems employ a cascaded architecture consist-
ing of Automatic Speech Recognition (ASR) fol-
lowed by Machine Translation (MT) (Waibel and
Fugen, 2008). Although effective, cascaded sys-
tems suffer from error propagation and increased
inference latency (Jia et al., 2019; Yang et al., 2022;
Indurthi et al., 2019; Bérard et al., 2016; Duong
et al., 2016). Direct Speech-to-Text Translation
(DS2TT) addresses these limitations by translat-
ing speech directly into target language text with-
out intermediate transcriptions. However, train-
ing DS2TT models remains challenging for low-
resource languages due to the scarcity of parallel
speech translation data (Gaido et al., 2021; Zhang
and Feng, 2023).
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Most DS2TT datasets assume the availabil-
ity of standardized writing systems and contain
speech, source transcriptions, and target transla-
tions (Di Gangi et al., 2019; Salesky et al., 2021;
Iranzo-Sénchez et al., 2020). This assumption
does not hold for many Indian tribal languages
such as Lambani, Soliga, Kui, and Mundari, which
are predominantly oral and lack standardized or-
thographies (Besacier et al., 2006; Martin et al.,
2015; Adams et al., 2016a,b; Anastasopoulos and
Chiang, 2017). Previous studies have improved
low-resource DS2TT using pretraining, curriculum
learning, mutual learning, and contrastive learn-
ing (Stoian et al., 2020; Masumura et al., 2020;
Cheng et al., 2021; Ye et al., 2022). Recently,
discretized speech representations, often referred
to as speech units, have gained attention for their
role in processing spoken conversations (Lakho-
tia et al., 2021). These units are typically gener-
ated by clustering representations extracted from
self-supervised speech models, capturing acous-
tic features that are comparable to traditional lin-
guistic units like phonemes. A key innovation lies
in the treatment of these speech units as a form
of pseudo-text (Kim et al., 2024), opening new
avenues for conducting textless natural language
processing without textual transcriptions, particu-
larly beneficial for low resource and unwritten lan-
guages. Inspired by these developments, this study
explores leveraging cross modal heterographic tran-
scriptions and self-supervised speech units for train-
ing DS2TT models in low resource, scriptless lan-
guage scenarios.

The main contributions of this work are:

1. We develop a multilingual parallel corpus
comprising speech, heterographic transcrip-
tions, and English translations for four low
resource Indian tribal languages.

2. We compare three heterographic transcription
strategies: contact language scripts, contact
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language influenced IPA, and HuBERT based
pseudo text.

3. We demonstrate that heterographic transcrip-
tions substantially improve DS2TT perfor-
mance in low resource settings while preserv-
ing end-to-end, transcription free inference.

2 Corpus Creation

Lambani is an Indo-Aryan language influenced by
Kannada (Madar, 2016), Soliga is a Dravidian lan-
guage spoken in Karnataka (Morlote et al., 2011;
Spandana et al., 2023), Kui is a South-Eastern Dra-
vidian language spoken in Odisha (Friend-Pereira,
1909), and Mundari is an Austroasiatic language
spoken in Odisha and neighboring regions (Ander-
son, 2015). None of these languages has a stan-
dardized writing system, motivating the use of het-
erographic transcriptions.

English sentences were collected from textbooks
(using OCR), news articles, and the Swadesh
list (Alexei et al., 2010), followed by manual clean-
ing and linguistic verification. The curated corpus
was translated into Kannada and Odia by bilingual
translators and subsequently translated into Lam-
bani, Soliga, Kui, and Mundari by native speakers.
All translations were manually validated. Speech
recordings were collected from native speakers.
The final corpus consists of speech, heterographic
transcriptions, and English translations for all four
languages. Corpus statistics are summarized in
Table 1.

Table 1: Corpus statistics across four tribal languages

Language Utterances Duration (hrs)
Lambani 29,661 16.15
Soliga 9,977 7.80
Kui 29,336 36.56
Mundari 19,923 33.91

3 Methodology

Figure 1 shows the proposed DS2TT framework.
The model consists of a pre-trained Speech encoder,
an Embedding layer, and a Transformer encoder-
decoder. Raw speech is first processed by a pre-
trained speech encoder to extract contextualized
speech representations. A 1-D convolution layer
with stride 2 further downsamples the speech fea-
tures before they are passed to the Transformer
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Figure 1: Architecture of the decoupled contrastive
learning based DS2TT system leveraging heterographic
transcription.

encoder. The Transformer decoder then autoregres-
sively generates the target language text.

To reduce the modality gap between speech and
heterographic transcription, we employ Decoupled
Contrastive Learning (DCL). Sentence level speech
and heterographic transcription representations are
obtained using mean pooling:

(1a)
(1b)

a = MeanPool(s),
b = MeanPool(z),

where s and = denote the speech and correspond-
ing heterographic transcription, respectively. The
DCL objective (eq.2) encourages matching speech-
heterographic transcription pairs to have similar
representations while pushing apart non-matching
pairs within a mini-batch:
()
2

where sim(+, -) denotes cosine similarity and 7 is
the temperature parameter.

Unlike conventional DS2TT systems that rely
on native orthographic transcripts, we investigate
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three heterographic transcription strategies for con-
trastive alignment:

* Contact-language scripts: Tribal speech is
transcribed using the script of the dominant
contact language (Kannada for Lambani and
Soliga, and Odia for Kui and Mundari).

Contact language-influenced IPA: The
source speech is represented using Interna-
tional Phonetic Alphabet (IPA) transcriptions
that capture pronunciations influenced by the
contact language phonology.

HuBERT-based pseudo-text: In the absence
of human transcriptions, discrete speech units
extracted using HuBERT (Hsu et al., 2021)
and clustered into 100 units using K-means
are treated as pseudo-text for contrastive align-
ment, enabling learning in transcription free
settings.

During training, the contrastive objective aligns
speech with these heterographic transcriptions,
while the translation objective optimizes the Trans-
former encoder-decoder. During inference, the
model requires only speech input to generate the
target language text.

4 Experiments & Results

4.1 Training Configuration

For each of the four language pairs, approximately
90% of the data was used for training, with the
remaining 10% equally divided between the devel-
opment and test sets. The speech encoder used in
our experiments is wav2vec 2.0 pre-trained on Lib-
rispeech to generate speech representations, which
are passed through a CNN layer with hidden size
512, kernel size 5, and stride 2, followed by a base
Transformer consisting of six encoder layers and
decoder layers with eight attention heads and 2048-
dimensional feed-forward hidden states. The in-
put speech data is mono-channel sampled at 16
kHz. Optimization is performed using the Adam
optimizer with a learning rate of 1 x 104 and a
warmup of 25k steps, while the decoupled con-
trastive loss uses a temperature parameter ¢ = 0.02
and contrastive weight A = 1.5. Training is carried
out on two NVIDIA RTX A5000 GPUs within the
fairseq environment.
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Figure 2: t-SNE visualization of the sentence embed-
dings for English and the four tribal languages.

4.2 Results & Discussion

Table 2 reports the test SacreBLEU scores of the
proposed DS2TT system using three auxiliary su-
pervision strategies across four low resource tribal
languages. For comparison, the table also reports
the SacreBLEU scores obtained using a machine
translation model based on IndicTrans2 (Gala et al.,
2023), which serves as a text-to-text translation
baseline for comparison with the proposed speech-
to-text translation approaches. The no-transcription
baseline performs poorly for all languages, with
SacreBLEU scores below 0.5, highlighting the diffi-
culty of learning speech-to-text translation without
auxiliary supervision. Introducing heterographic
transcriptions substantially improves translation
performance. Contact language script achieves
the best performance for Mundari and Kui , while
contact language influenced IPA yields the highest
SacreBLEU score for Soliga. These results suggest
that both orthographic and phonetic representations
provide effective supervision for learning robust
alignments. HuBERT based pseudo text outper-
forms the no-transcription baseline and achieves
the best performance for Lambani, demonstrating
that discrete speech units are a possible alternative
when manual transcriptions are unavailable.

Figure 3 shows the decoupled contrastive loss
curves for the four languages. Across all settings,
the contrastive loss decreases steadily and con-
verges, indicating stable optimization and effec-
tive alignment between speech and heterographic
transcriptions. Models trained with contact lan-
guage script and IPA exhibit faster convergence
than HuBERT based pseudo text, reflecting the



Table 2: Test SacreBLEU scores of the proposed DS2TT system using different heterographic transcription strategies

across four low-resource tribal languages.

Laneuage No Auxiliary Contact Language Contact Language HuBERT Machine
guag Supervision Script IPA Pseudo Text Translation
Mundari 0.24 18.64 18.39 8.41 17.50
Kui 0.39 32.84 31.62 17.54 30.70
Lambani 0.24 2.69 2.48 3.34 26.80
Soliga 0.24 18.36 20.19 10.31 20.10
Train Contrastive Loss (All Representations) Train Contrastive Loss (All Representations)
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Figure 3: Decoupled contrastive loss curves for the four tribal languages.

benefit of linguistically informed supervision. Fig-
ure 2 visualizes the sentence representations using t-
SNE. The embeddings form language specific clus-
ters while maintaining partial overlap with English
representations. Overall, the experimental results
demonstrate that heterographic supervision effec-
tively improves DS2TT performance for scriptless,
low-resource languages.

5 Conclusion

This study investigates the effectiveness of hetero-
graphic transcriptions in improving DS2TT sys-
tem for four low-resource, scriptless Indian tribal
languages (Lambani, Soliga, Kui, and Mundari).
Given the absence of standardized orthographies
for these languages, introducing any form of tran-
scription whether linguistic or data-driven signif-
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icantly improves the average SacreBLEU score
across the four languages by approximately 10-18
points compared with training without auxiliary su-
pervision. Moreover, the proposed DS2TT frame-
work achieves translation performance compara-
ble to text-to-text translation baseline for most
of the evaluated languages while eliminating the
need for source-language transcriptions during in-
ference. These findings underscore the potential
of heterographic transcriptions as both a practical
documentation strategy and an effective computa-
tional bridge for modeling languages without stan-
dardized orthographies. Future work will aim to
improve generalization to unknown speakers by
expanding the dataset with more speaker diversity
and by applying advanced cross lingual adaptation
techniques.
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