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Abstract

This paper presents a study of speech-to-speech
translation for low-resource Dravidian lan-
guages, focusing on Tamil, Telugu, and Kan-
nada. We investigate the efficacy of the Cas-
caded Modular system with the End-to-End
system in both zero-shot and fine-tuned set-
tings. The Cascaded Modular approach com-
bines an ASR Module (Whisper Large-v3 for
English speech; IndicConformer for Dravidian
speech), a Text-to-Text translation module (In-
dicTrans2), and a Speech synthesis module (In-
dic Parler-TTS), whereas SeamlessM4T-v2 is
used as the End-to-End system. For parameter-
efficient Low-Rank Adaptation (LoRA) fine-
tuning to adapt the translation component to
domain-specific datasets, we use FLEURS and
Mann-ki-Baat (a subset of the BhasaAnuvaad
dataset). Cascaded Modular systems achieve
BLEU scores ranging from 3.17 to 18.96 in
the zero-shot setting and 5.08 to 19.18 after
fine-tuning, whereas the End-to-End model
ranges from 3.02 to 15.72 in zero-shot settings
across languages and 4.11 to 16.84 after fine-
tuning. The results show that Cascaded Mod-
ular systems generally outperform the End-to-
End model across most setups, though the mar-
gin varies across language pairs. Parameter-
efficient fine-tuning yields notable improve-
ments in translation quality and speech gener-
ation performance for low-resource Dravidian
speech translation. The code repository is made
publicly available1.

1 Introduction

Speech-to-speech (S2S) translation enables direct
spoken communication between speakers of dif-
ferent languages. Recent multilingual models
such as Whisper (Radford et al., 2023) and Seam-
lessM4T (Seamless Communication Team, 2023)
have advanced multilingual speech translation, yet
most progress focuses on high-resource languages.

1https://github.com/bhavananali/
cascade-vs-e2e-dravidian

Low-resource Dravidian languages such as Tamil,
Telugu, and Kannada remain underexplored de-
spite their linguistic diversity and limited parallel
speech resources. Two main approaches exist for
S2S translation: the Cascaded Modular approach,
which combines ASR, Text-to-Text translation, and
TTS modules, and the End-to-End approach, which
directly maps source speech to target speech. While
datasets such as FLEURS (Conneau et al., 2022)
and BhasaAnuvaad (Sankar et al., 2025a) support
multilingual research, systematic comparisons for
Dravidian languages remain limited.

In this work, we study S2S translation for
Tamil, Telugu, and Kannada under both paradigms.
English-to-Dravidian translation uses Whisper
Large-v3 (Radford et al., 2023), Dravidian-to-
Dravidian uses IndicConformer (Bhogale et al.,
2025), both pipelines use IndicTrans2 (Gala et al.,
2023) and Indic Parler-TTS (Sankar et al., 2025b),
and SeamlessM4T-v2 serves as the End-to-End
baseline. We apply parameter-efficient LoRA fine-
tuning (Hu et al., 2022) on FLEURS and Mann-
ki-Baat (Sankar et al., 2025a). Cascaded models
achieve BLEU of 3.17–18.96 (zero-shot) and 5.08–
19.18 (fine-tuned); End-to-End ranges from 3.02–
15.72 and 4.11–16.84, respectively. To the best
of our knowledge, this is the first comprehensive
investigation of S2S translation for these three Dra-
vidian languages under both paradigms.

2 Methodology

We conduct a comparative study of two speech-to-
speech translation pipelines: Cascaded Modular
and End-to-End. Figure 1 illustrates the architec-
ture of the pipelines used in this work.
Cascaded Modular Architecture: This frame-
work comprises a three-stage pipeline consisting
of Automatic Speech Recognition (ASR), Text-to-
Text Translation (TT), and Text-to-Speech (TTS)
modules.
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Figure 1: Comparison of speech-to-speech translation
architectures. Cascaded Modular Architecture (Top):
Pipeline 1 utilizes Whisper Large-v3 for English ASR,
while Pipeline 2 uses Indic-Conformer for Dravidian
ASR, both feeding into IndicTrans2 and finally In-
dic Parler-TTS. End-to-End Architecture (Bottom):
Pipeline 3 uses SeamlessM4T v2 for direct speech-to-
speech mapping.

Automatic Speech Recognition: For the English-to-
Dravidian pipeline, English speech is transcribed
using Whisper Large-v3 (Radford et al., 2023),
while Dravidian-to-Dravidian translation uses In-
dicConformer (Bhogale et al., 2025) for Dravidian
ASR.
Text-to-Text Translation: The transcribed text is
translated using IndicTrans2 (Gala et al., 2023), us-
ing the English-to-Indic configuration for EN→DL
and the Indic-to-Indic configuration for DL→DL
translation.
Speech Synthesis: The translated text is synthe-
sized into speech using Indic Parler-TTS (Sankar
et al., 2025b), conditioned on the translated text
and speaker prompts. The TTS component is kept
frozen during fine-tuning, as domain-adaptive TTS
training requires paired target-language audio with
transcriptions at a scale not available in the datasets
used here.
End-to-End Architecture: We use SeamlessM4T-
v2 (Seamless Communication Team, 2023) as
the End-to-End system, directly mapping source
speech to target speech within a unified multilin-
gual architecture without intermediate text genera-
tion. The model supports speech-to-speech, speech-
to-text, text-to-text, and text-to-speech translation
in a single framework, eliminating compounding
errors across pipeline stages, though strong perfor-
mance on low-resource Dravidian pairs remains
challenging due to limited parallel speech data.

Parameter-Efficient Fine-Tuning: LoRA (Hu
et al., 2022) introduces trainable low-rank matri-
ces into attention layers while keeping original
model parameters frozen. LoRA is applied to
Whisper Large-v3 and IndicConformer for ASR,
to IndicTrans2 attention layers for machine trans-
lation, and to the cross-attention modules (q_proj,
k_proj, v_proj, and out_proj) of SeamlessM4T-
v2’s speech encoder and text decoder, optimised
with a speech-to-text cross-entropy objective over
target text token sequences. After training, LoRA
weights are merged with the base model for infer-
ence. Across all modules, LoRA rank is fixed at
16 with scaling factor 32 and dropout 0.1, keeping
trainable parameters well below 1% of total model
size. Both systems are fine-tuned on identical train
splits to ensure fair architectural comparison.

The details of the state-of-the-art models used in
both architectures are provided in Appendix A.

3 Experimental Setup

We conduct experiments for English-to-Dravidian
(EN→DL) and Dravidian-to-Dravidian (DL→DL)
speech translation tasks. The inference pipelines
are shown in Figure 1.
FLEURS (Conneau et al., 2022) is a multilingual
speech benchmark covering 102 languages with
roughly 12 hours of aligned speech per language.
We use English, Tamil, Telugu, and Kannada sub-
sets with predefined train and test splits. Audio
inputs are converted to mono when required and
resampled to 16 kHz before inference.
BhasaAnuvaad (Sankar et al., 2025a) contains
over 44,000 hours of speech across 14 Indian lan-
guages and English. We use the Mann-ki-Baat
subset with English transcripts and multilingual
translations. Since explicit Dravidian-to-Dravidian
pairs are unavailable, alignment is performed us-
ing LaBSE sentence embeddings, cosine similar-
ity, and Hungarian one-to-one matching (threshold
0.6), yielding approximately 15,284 aligned pairs
split 80/10/10 for train/development/test.
Training Parameter Settings Training uses mini-
batch optimization with batch size 8, LoRA rank
16, scaling factor 32, dropout 0.1, and learning rate
1e−4 with warm-up steps. Models are trained for
4000 steps, selecting the best checkpoint based on
validation BLEU. Training data sizes are approxi-
mately 3,000 utterances per language for FLEURS
and 12,200 per language for Mann-ki-Baat (80%
of 15,284 aligned pairs), using identical splits for
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System Setting Lang BLEU↑ chrF++↑ COMET↑ WER↓ CER↓
FL MKB FL MKB FL MKB FL MKB FL MKB

Cascaded

Zero-shot
Tamil 13.75 3.17 52.18 38.44 0.8312 0.7682 0.9587 1.0214 0.6024 0.6438
Telugu 18.96 7.39 59.42 44.83 0.8724 0.7908 0.8832 0.9634 0.5319 0.6012
Kannada 14.32 8.70 57.04 45.67 0.8569 0.7994 0.9141 0.9784 0.5693 0.6103

Fine-tuned
Tamil 14.43 5.08 53.91 42.17 0.8441 0.7934 0.9301 0.9812 0.5847 0.6187
Telugu 19.18 8.02 60.11 46.59 0.8793 0.8091 0.8614 0.9287 0.5174 0.5784
Kannada 14.33 7.03 58.76 47.22 0.8651 0.8102 0.8972 0.9441 0.5541 0.5872

E2E

Zero-shot
Tamil 12.10 3.02 49.33 36.91 0.8104 0.7541 1.0234 1.0687 0.6512 0.6741
Telugu 15.72 6.01 55.87 42.17 0.8391 0.7713 0.9617 1.0118 0.5843 0.6334
Kannada 12.88 6.24 53.29 43.11 0.8238 0.7762 0.9934 1.0312 0.6187 0.6448

Fine-tuned
Tamil 13.54 4.11 51.07 39.88 0.8219 0.7716 0.9883 1.0341 0.6215 0.6512
Telugu 16.84 7.14 57.04 43.98 0.8509 0.7849 0.9248 0.9812 0.5611 0.6141
Kannada 13.67 7.01 54.88 44.88 0.8349 0.7883 0.9612 0.9987 0.5978 0.6234

Table 1: English→Dravidian speech translation results on FLEURS (FL) and Mann-Ki-Baat (MKB). Cascaded:
Whisper Large-v3 → IndicTrans2 → Indic Parler-TTS. E2E: SeamlessM4T-v2.

System Setting Pair BLEU↑ chrF++↑ COMET↑ WER↓ CER↓
FL MKB FL MKB FL MKB FL MKB FL MKB

Cascaded

Zero-shot

Ta→Te 8.13 6.05 46.41 41.32 0.7987 0.7562 0.8346 0.8734 0.6043 0.6521
Ta→Kn 6.73 4.98 46.07 40.91 0.7991 0.7534 0.8569 0.8926 0.6187 0.6674
Te→Ta 7.38 5.63 45.22 40.74 0.7824 0.7442 0.8216 0.8661 0.5882 0.6359
Te→Kn 5.81 4.36 44.06 39.72 0.7736 0.7372 0.8472 0.8854 0.5714 0.6271
Kn→Ta 6.91 5.12 45.64 40.86 0.7916 0.7491 0.8182 0.8578 0.5965 0.6413
Kn→Te 6.11 4.78 44.71 40.18 0.7832 0.7415 0.8305 0.8729 0.5821 0.6312

Fine-tuned

Ta→Te 10.12 7.84 48.01 43.65 0.8212 0.7816 0.7821 0.8295 0.5529 0.6104
Ta→Kn 8.74 6.42 47.26 42.68 0.8161 0.7765 0.8049 0.8489 0.5672 0.6237
Te→Ta 9.11 6.87 47.08 42.97 0.8073 0.7693 0.7704 0.8187 0.5463 0.5998
Te→Kn 7.96 5.98 46.44 41.95 0.8011 0.7641 0.7961 0.8397 0.5286 0.5862
Kn→Ta 9.04 6.73 47.63 43.14 0.8196 0.7776 0.7687 0.8191 0.5487 0.6025
Kn→Te 8.51 6.21 47.11 42.56 0.8123 0.7728 0.7819 0.8284 0.5361 0.5906

E2E

Zero-shot

Ta→Te 6.84 4.91 44.31 39.61 0.7759 0.7346 0.8527 0.8961 0.6221 0.6715
Ta→Kn 5.42 3.98 43.64 38.92 0.7682 0.7284 0.8682 0.9083 0.6347 0.6846
Te→Ta 6.06 4.62 43.77 39.04 0.7704 0.7318 0.8417 0.8873 0.6119 0.6597
Te→Kn 4.74 3.61 42.68 37.96 0.7621 0.7244 0.8585 0.8997 0.6278 0.6751
Kn→Ta 5.61 4.21 43.36 38.74 0.7694 0.7297 0.8335 0.8775 0.6044 0.6518
Kn→Te 4.98 3.84 42.93 38.31 0.7654 0.7261 0.8466 0.8907 0.6166 0.6647

Fine-tuned

Ta→Te 8.97 6.42 46.51 41.98 0.8036 0.7615 0.8034 0.8467 0.5713 0.6198
Ta→Kn 7.72 5.62 45.97 41.23 0.7958 0.7551 0.8181 0.8614 0.5868 0.6342
Te→Ta 8.54 6.03 46.18 41.41 0.8013 0.7584 0.7946 0.8408 0.5617 0.6117
Te→Kn 7.21 5.23 45.24 40.56 0.7914 0.7516 0.8078 0.8532 0.5791 0.6265
Kn→Ta 8.16 5.84 45.76 41.02 0.7991 0.7567 0.7858 0.8336 0.5569 0.6046
Kn→Te 7.52 5.41 45.37 40.78 0.7943 0.7544 0.7979 0.8442 0.5682 0.6153

Table 2: Dravidian→Dravidian speech translation results on FLEURS (FL) and Mann-Ki-Baat (MKB). Ta = Tamil,
Te = Telugu, Kn = Kannada.

both Cascaded and E2E systems.

Evaluation Metrics We evaluate translation qual-
ity using BLEU (Papineni et al., 2002), chrF++
(Popović, 2015), and COMET (WMT22 COMET-
DA (Rei et al., 2020)). For the End-to-End sys-
tem, chrF++ and COMET are computed using
the SeamlessM4T-v2 S2TT output head, ensuring
metric-level parity with Cascaded systems. Speech
quality is evaluated via Back-ASR, where gener-
ated speech is re-transcribed using IndicConformer
and scored by WER and CER; values greater than

1.0 indicate insertion-dominated error ratios, and
since IndicConformer is used for both systems, a
small bias toward Cascaded models may exist; neu-
tral ASR evaluation is left for future work. To
diagnose error propagation, we additionally report
stand-alone ASR WER and MT BLEU on gold
versus ASR-transcribed input (Table 3), enabling
module-level assessment of Cascaded S2S perfor-
mance.

Dataset preprocessing details are provided in
Appendix B.
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Direction Dataset ASR WER↓ MT BLEU (gold)↑ MT BLEU (ASR)↑
Zero-shot Fine-tuned Zero-shot Fine-tuned Zero-shot Fine-tuned

EN→Tamil FLEURS 0.124 0.089 17.42 18.11 14.81 15.63
EN→Tamil MKB 0.198 0.151 5.84 7.23 4.02 5.94
EN→Telugu FLEURS 0.117 0.082 22.31 22.74 19.87 20.46
EN→Telugu MKB 0.191 0.143 9.87 10.42 8.14 9.08
EN→Kannada FLEURS 0.131 0.094 18.07 18.26 15.41 15.82
EN→Kannada MKB 0.204 0.158 11.23 10.14 9.72 8.29
Ta→Te FLEURS 0.213 0.178 9.84 11.67 8.42 10.31
Te→Ta FLEURS 0.221 0.184 9.17 10.83 7.89 9.56
Kn→Ta FLEURS 0.218 0.181 8.74 10.91 7.41 9.62

Table 3: Cascaded pipeline diagnostics. ASR WER is computed on test-set transcripts before and after LoRA
fine-tuning. MT BLEU (gold): gold transcript input; MT BLEU (ASR): ASR hypothesis. The gap between the
two MT BLEU columns quantifies error propagation from ASR into the translation step. EN ASR uses Whisper
Large-v3; Dravidian ASR uses IndicConformer.

4 Experimental Results and Discussion

Tables 1 and 2 present EN→DL and DL→DL re-
sults, while Table 3 reports component-level diag-
nostics for the Cascaded pipeline.
Effect of Fine-tuning: Fine-tuning improves per-
formance across most language pairs. In EN→DL
translation, Tamil BLEU improves from 13.75 to
14.43 on FLEURS (4.9%) and from 3.17 to 5.08
on Mann-ki-Baat (60.3%), while Telugu WER de-
creases from 0.9634 to 0.9287. In DL→DL trans-
lation, Tamil→Telugu BLEU improves from 8.13
to 10.12 (24.5%) and Tamil→Kannada from 6.73
to 8.74 (29.9%), with similar gains across other
Dravidian pairs, demonstrating the effectiveness of
LoRA fine-tuning.
Cascaded Modular vs. End-to-End: Cascaded
systems outperform End-to-End models across
most settings. For EN→Telugu on FLEURS, Cas-
caded zero-shot BLEU (18.96) exceeds End-to-
End (15.72) by 20.6%, persisting after fine-tuning
(19.18 vs. 16.84). Similarly, Tamil→Telugu ex-
ceeds End-to-End both before (8.13 vs. 6.84) and
after fine-tuning (10.12 vs. 8.97). However, some
margins are small—Kannada on FLEURS after
fine-tuning differs by only 0.66 BLEU (14.33 vs.
13.67)—and should be interpreted cautiously with-
out significance testing. These findings align with
prior work showing that adapted End-to-End sys-
tems can approach cascaded models in higher-
resource settings (Sankar et al., 2025a).
Component-Level Diagnostics: ASR fine-tuning
reduces WER substantially: English ASR WER
on FLEURS improves from 0.124 to 0.089, and
Tamil from 0.213 to 0.178. MT BLEU on gold
transcripts consistently exceeds ASR-input BLEU,

quantifying error propagation; for EN→Tamil on
FLEURS, MT BLEU drops from 17.42 (gold) to
14.81 (ASR input), a reduction of 2.61 points.
Speech Quality: Back-ASR evaluation confirms
improved speech quality after fine-tuning: for
Tamil→Telugu, WER decreases from 0.8346 to
0.7821 and CER from 0.6043 to 0.5529, indicat-
ing improved intelligibility, though naturalness and
prosody remain unassessed.

Overall, Cascaded Modular pipelines remain
strong baselines for low-resource Dravidian S2S
translation, while End-to-End systems offer archi-
tectural simplicity with increasing competitiveness.

5 Conclusion and Future Work

We presented a comparative study of Cascaded
Modular and End-to-End speech-to-speech trans-
lation for Tamil, Telugu, and Kannada. Cascaded
systems generally outperform End-to-End models
across most settings, though margins are small for
some pairs and no significance testing was per-
formed. LoRA fine-tuning yields BLEU gains of
approximately 20–30% for Dravidian pairs, and
component-level diagnostics confirm that ASR fine-
tuning meaningfully reduces error propagation into
the translation stage, highlighting the effectiveness
of modular architectures for low-resource speech
translation.

As future work, we aim to extend this research
to code-switched speech processing for Dravidian
languages by constructing code-switched datasets
through merging of monolingual speech segments,
investigate zero-shot ASR with parameter-efficient
fine-tuning, and incorporate human evaluation of
TTS naturalness alongside acoustic quality metrics
such as STOI and PESQ.
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6 Limitations

First, experiments are restricted to Tamil, Telugu,
and Kannada; evaluating additional Dravidian lan-
guages would provide broader multilingual insights.
Second, GPU memory constraints limited training
to a smaller subset of Mann-ki-Baat, which may
affect performance compared to full-scale train-
ing. Third, FLEURS contains clean read speech
while Mann-ki-Baat consists of broadcast-style
speech, introducing domain variability that may af-
fect generalization. Fourth, the automatic DL→DL
alignment from Mann-ki-Baat has not been human-
validated, and noisy pairs remain a potential source
of error. Fifth, using IndicConformer for Back-
ASR evaluation of both systems may introduce a
small bias favouring the Cascaded pipeline; neutral
ASR evaluation is left for future work. Sixth, Indic
Parler-TTS was not fine-tuned due to insufficient
paired audio-transcript data, and the effect of TTS
adaptation on overall S2S performance remains an
open question. Seventh, no human evaluation of
speech naturalness or prosodic quality was con-
ducted; back-ASR captures intelligibility but not
speaker naturalness. Finally, statistical significance
tests were not conducted; differences below ≈1
BLEU point should be interpreted with caution.
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Appendix Section

A Details of the Key Models

Whisper (Radford et al., 2023): A large multilin-
gual automatic speech recognition (ASR) model
trained on approximately 680,000 hours of weakly
supervised speech data collected from the internet.
In our analysis, we use Whisper Large-v3 to tran-
scribe English speech in the English-to-Dravidian
translation pipeline.
IndicConformer (Bhogale et al., 2025): A multi-
lingual ASR model designed for Indian languages.
It is based on the Conformer architecture (Gulati
et al., 2020), which combines convolutional neu-
ral networks with transformer encoders to effec-
tively capture both local and global speech patterns.
IndicConformer supports transcription across the
22 scheduled Indian languages. In this work, we
use IndicConformer for speech recognition in the
Dravidian-to-Dravidian translation pipeline and for
Back-ASR evaluation of both systems.
IndicTrans2 (Gala et al., 2023): A transformer-
based multilingual neural machine translation sys-
tem that supports translation across Indic languages.
The model leverages script unification and multi-
lingual training to improve translation quality for
low-resource languages. In cascaded speech trans-
lation pipelines, IndicTrans2 is used to translate the
recognized text into the target Dravidian language.
Indic Parler-TTS (Sankar et al., 2025b): A multi-
lingual text-to-speech system designed for Indian
languages. The model generates natural and ex-
pressive speech conditioned on textual prompts
and supports several Indic languages. In our work,
Indic Parler-TTS is used in the final stage of the
cascaded pipeline to synthesize speech in the target
Dravidian language from the translated text.
SeamlessM4T (Seamless Communication Team,
2023): A massively multilingual and multimodal
translation model that performs speech-to-speech,
speech-to-text, text-to-text, and text-to-speech
translation within a single unified architecture. In
this work, we use SeamlessM4T-v2 as an end-to-
end baseline for speech-to-speech translation.

B Details of Experimental Setup

Datasets Preprocessing We conduct experiments
using two multilingual speech datasets: FLEURS
(Conneau et al., 2022) and the Mann-ki-Baat, a

subset of the BhasaAnuvaad collection2 (Sankar
et al., 2025a). Since the datasets differ in struc-
ture and annotation format, different preprocessing
strategies are applied before training and evalua-
tion.

FLEURS (Conneau et al., 2022) is a multilin-
gual speech dataset containing speech recordings
and aligned transcriptions across more than 100
languages. We use the English and Dravidian lan-
guage subsets (Tamil, Telugu, and Kannada). Since
the dataset is n-way parallel, samples across lan-
guages share the same identifier; we align English
and target language sentences using their unique
IDs and remove samples with missing or empty
transcriptions. The predefined training and test
splits are used directly: training for fine-tuning and
test for both zero-shot and fine-tuned evaluation.
Audio inputs are decoded, converted to mono when
required, and resampled to 16 kHz before ASR
processing.

The Mann-ki-Baat dataset contains speech
recordings from the Mann-ki-Baat radio pro-
gram with English transcripts and translations
in multiple Indian languages, but does not
provide explicit Dravidian-to-Dravidian pairs.
We construct parallel data via automatic
alignment using LaBSE sentence embeddings
(sentence-transformers/LaBSE) (Reimers and
Gurevych, 2019). Cosine similarity scores are
computed between sentence pairs, followed by
Hungarian one-to-one matching. Only pairs
exceeding a cosine similarity threshold of 0.6 are
retained, yielding approximately 15,284 aligned
pairs and enabling the construction of semantically
consistent pseudo-parallel Dravidian language
pairs. The dataset is shuffled with a fixed random
seed (42) and split into train/development/test
sets using an 80/10/10 ratio, with identical splits
reused across both systems for fair comparison.
For English-to-Dravidian translation, source audio
is directly used for ASR transcription, while
samples with missing audio, empty transcripts, or
target translations are discarded before splitting.
Audio segments are decoded, converted to mono
if necessary, and resampled to 16 kHz to ensure
consistent input format across both systems, as
Whisper, IndicConformer, and SeamlessM4T-v2
all require fixed-rate mono audio for stable training
and inference.

2https://huggingface.co/datasets/ai4bharat/
Mann-ki-Baat
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