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Abstract

Automatic Speech Recognition (ASR) tran-
scripts often contain disfluencies, such as fillers,
repetitions, and false starts, which reduce read-
ability and hinder downstream applications like
chatbots and voice assistants. If left unad-
dressed, such disfluencies can significantly de-
grade the reliability of downstream systems.
Most existing approaches rely on classical mod-
els that focus on identifying disfluent tokens
for removal. While this strategy is effective
to some extent, it often disrupts grammatical
structure and semantic coherence, leading to
incomplete or unnatural sentences. Recent lit-
erature explored the use of large language mod-
els (LLMs); however, these efforts have pri-
marily focused on disfluency detection or data
augmentation, rather than performing compre-
hensive correction. We propose a multilin-
gual correction pipeline where a sequence tag-
ger first marks disfluent tokens, and these sig-
nals guide instruction fine-tuning of an LLM
to rewrite transcripts into fluent text. To fur-
ther improve reliability, we add a contrastive
learning objective that penalizes the reproduc-
tion of disfluent tokens, encouraging the model
to preserve grammar and meaning while re-
moving disfluent artifacts. Our experiments
across three Indian languages, namely Hindi,
Bengali, and Marathi show consistent improve-
ments over strong baselines, including multi-
lingual sequence-to-sequence models. These
results highlight that detection-only strategies
are insufficient. Combining token-level cues
with instruction tuning and contrastive learning
provides a practical and scalable solution for
multilingual disfluency correction in speech-
driven NLP systems. We make the codes
publicly available at https://github.com/
deepak-kumar-98/Mind-the-Pause.

1 Introduction

Spontaneous speech is rarely fluent: speakers of-
ten produce disfluencies, such as fillers (e.g., uh,

um), repetitions, false starts, and discourse markers.
These disfluencies are often preserved by Automatic
Speech Recognition (ASR) systems, degrading the
readability of transcripts and reducing the reliability
of downstream natural language processing (NLP)
applications, such as chatbots, task-oriented dia-
logue agents, and voice assistants. When propa-
gated into downstream tasks, disfluent tokens cause
misinterpretations, incoherent responses, and over-
all poor user experience.

Most of the existing works treat disfluency han-
dling as a detection-then-deletion problem: models
tag disfluent tokens and then remove them from
transcripts (Johnson and Charniak, 2004; Rasooli
and Tetreault, 2013; Honnibal and Johnson, 2014;
Zayats et al., 2016; Hough and Schlangen, 2015).
While these methods can achieve strong token-level
detection performance, deletion-based pipelines of-
ten disrupt grammatical structure, lexical cohesion,
and semantic completeness, resulting in ungram-
matical or semantically broken sentences.

Disfluency detection in multilingual and low-
resource contexts remain underexplored. For Indian
languages, such as Hindi, Bengali, and Marathi,
the existing works have focused almost exclusively
on detection via Multilingual Representations for
Indian Language (MuRIL)-based (Khanuja et al.,
2021) sequence tagging or adversarial training
(Bhat et al., 2023a; Kundu et al., 2022). How-
ever, these pipelines are limited to labeling and to-
ken deletion, offering no mechanism to reconstruct
fluent sentences. Datasets such as DISCO (Bhat
et al., 2023b) and unsupervised/semi-supervised
approaches (Saini et al., 2021) have partially ad-
dressed data scarcity. However, disfluency correc-
tion in multilingual ASR settings remains unsolved.
Recently, LLMs (Vaswani et al., 2017; Brown et al.,
2020) are being increasingly used for coding (Jiang
et al., 2026), reasoning (Huang and Chang, 2023),
machine translation (Gain et al., 2026), among a
wide range of other tasks. Several exploratory stud-
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Figure 1: Disfluency correction pipeline. A potentially noisy speech transcription is first generated by an ASR
model, after which a language model rewrites the disfluent text to remove disfluencies while preserving the original

meaning.

ies have examined the role of LLMs in disfluency
processing. Some of the prior works make use
of LLLMs as data generators to synthesize disflu-
ent examples for training small detectors, while
others evaluate prompt-engineered LL.Ms, such as
GPT-4 or Gemini for direct disfluency removal.
Recent studies explore disfluencies as informative
cues, probing how GPT-3.5/4 handle comprehen-
sion with disfluent prompts, or leverage frameworks
like Smooth-LLaMa for timestamped disfluency
transcription (Altinok, 2025). However, none of
these efforts integrate LLMs into a complete disflu-
ency correction pipeline.

Current state-of-the-art ASR systems do not re-
solve this problem. Our empirical analysis of
Whisper v3 Large (Radford et al., 2023) and the
Al4Bharat Indic Conformer (Bhogale et al., 2025)
on real conversational audio reveals that approxi-
mately 30% of transcribed sentences contain at least
one disfluency-including fillers, repetitions, false
starts, and self-repairs-despite these systems’ text
normalization capabilities (Appendix A). Audio-
native LLMs like Qwen2-Audio (Chu et al., 2024)
have poor performance on Indic speech, producing
erroneous outputs that echo in-context demonstra-
tions verbatim. Beyond readability concerns, disflu-
encies cause measurable harm to downstream appli-
cations: they degrade question-answering accuracy
by 0.5-1.6 points on a 5-point scale, reduce machine
translation quality by 2-4.7 BLEU (Papineni et al.,
2002; Post, 2018) points, and substantially degrade
text-to-speech naturalness (Mean Opinion Score
drops by approximately 2 points). These degra-
dations persist even with modern instruction-tuned
LLMs (Appendix B), motivating explicit disfluency
correction rather than relying on implicit model ro-
bustness.

We propose a multilingual disfluency correction
system that unifies detection and correction. First,
we use MuRIL to tag disfluent tokens on the text

obtained from ASR transcripts. Next, we use these
labels to guide instruction fine-tuning of LLMs. Be-
yond standard cross-entropy loss, we introduce a
contrastive loss that penalizes generating known
disfluent tokens, encouraging fluent and faithful
outputs. To our knowledge, this is the very first
approach that combines detection cues, instruction
tuning, and contrastive learning for multilingual
disfluency correction. We evaluate on three pop-
ular Indian languages, viz. Hindi, Bengali, and
Marathi (Kundu et al., 2022), achieving BLEU
score improvement of +1.97 over non-contrastive
training, +6.16 over multilingual instruction fine-
tuning, and +8.54 over mBART (Liu et al., 2020).
Importantly, our corrections recover the majority of
the performance gap between disfluent and fluent in-
puts on downstream tasks like question-answering
(QA), machine translation (MT) and text-to-speech
synthesis (TTS) tasks (Appendix B), confirming
practical utility. Our work makes the following key
contributions:

* Contrastive loss for disfluency-aware fine-
tuning: We introduce a novel multi-loss ob-
jective that combines cross-entropy with a con-
trastive loss, explicitly penalizing the model
if generated outputs contain previously identi-
fied disfluent tokens.

First LLM-based disfluency correction
pipeline: While prior research has focused
almost exclusively on detection-only models
or encoder—decoder correction architectures
(e.g., mBART), we are the first to design a
complete LLM-driven correction pipeline that
integrates token-level detection signals with
instruction-tuned LLMs.

Joint detection and correction in multilin-
gual settings: We train MuRIL for sequence
tagging to identify fluent and disfluent tokens,
and crucially feed both the disfluent transcript
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and the predicted labels into an LL.M for cor-
rection. This avoids the common pitfall of
detection-only pipelines, where manual dele-
tion of tokens can disrupt grammatical struc-
ture and semantic integrity. Our pipeline in-
stead directly generates well-formed, fluent
sentences while preserving the original mean-
ing.

2 Related Work

Early research on disfluency handling primarily fo-
cused on token-level detection. End-to-end speech-
to-text translation models trained directly on flu-
ent references have been shown to implicitly drop
disfluencies during decoding, though evaluation
mismatches arise when fluent targets are shorter
(Salesky et al., 2019). Extending this, (Jamshid Lou
and Johnson, 2020) investigated whether ASR sys-
tems themselves could map disfluent audio to flu-
ent transcripts, introducing FER/DER metrics for
proper evaluation and demonstrating that integrated
systems could compete with, but often lag behind,
detection—deletion pipelines.

In the English setting, early work (Saini et al.,
2021) framed disfluency correction as a style-
transfer (translation) task, showing that semi-
supervised and unsupervised approaches can re-
main competitive even with limited parallel data.
For Indic languages, the first large-scale frame-
work (Bhat et al., 2023a) introduced an adversar-
ial MuRIL-based tagging model covering Hindi,
Bengali, and Marathi. By leveraging synthetic and
unlabeled data, it achieved notable gains in detec-
tion performance and demonstrated multilingual
transfer. However, being detection-only, it relied
on token deletion, often producing ungrammatical
text, while the framework’s rule-based synthesis
failed to capture natural speech artifacts, such as
false starts, truncations, and code-mixed repairs.

Zero-shot disfluency detection has also been ex-
plored for low-resource Indic languages, where
MuRIL was fine-tuned on English data augmented
with rule-based synthetic disfluencies (Kundu et al.,
2022). This setup demonstrated robust cross-
lingual transfer (F1 > 70 across several disfluency
types) and introduced valuable evaluation bench-
marks, but the framework still operated at the token-
level, relying on post-hoc deletion. As a result,
performance degraded on complex speech phenom-
ena, such as false starts or synonym repairs, and
synthetic corpora diverged notably from real ASR
distributions. Additional efforts like DISCO (Bhat

et al., 2023b) provided well-annotated parallel data
but remained limited in scale and primarily empha-
sized deletion or minimal editing over full-sentence
correction.

With the advent of LLMSs, the research focus
has shifted from token-level detection to sentence-
level correction and data generation. Prompt-based
experiments showed that models, such as GPT-4,
Claude, Gemini, and LLlama, can remove disfluen-
cies in Portuguese debates with zero- or few-shot
prompting, though performance remains sensitive
to prompt formulation and model size (Lima and
Campelo, 2024). Other studies positioned LLMs
as data generators, using them to create annotated
disfluent sentences for training lightweight taggers
that achieve state-of-the-art results without task-
specific fine-tuning (Cheng et al., 2024). Insights
from the Disfl-QA (Gupta et al., 2021) benchmark
revealed that certain repair-based disfluencies may
even aid comprehension, underscoring the need
for label-aware rather than “delete-all” correction
strategies (Rohanian et al., 2023). More recently,
multimodal pipelines, such as Smooth-LLaMa (Al-
tinok, 2025) have coupled a Conformer audio en-
coder with an LLM decoder to jointly model disflu-
ency tokens and timestamps, pushing toward unified
frameworks for detection and temporal annotation.

The proposed framework moves beyond both
detection-only and prompt-only paradigms. Earlier
Indic approaches have largely depended on token
tagging followed by deletion (Bhat et al., 2023a;
Kundu et al., 2022), often resulting in ungrammat-
ical outputs. In contrast, our model unifies detec-
tion and correction by using MuRIL’s multilingual
sequence tags to guide the LLMs during instruc-
tion fine-tuning, enabling label-aware correction
that preserves grammatical structure and seman-
tic fidelity. To further address the persistence of
filler repetitions and false starts, limitations typi-
cally overlooked by cross-entropy or prompt-based
rewriting, we introduce a contrastive anti-disfluency
loss that explicitly penalizes the regeneration of dis-
fluent tokens.

Unlike end-to-end ASR or speech-to-text trans-
lation models that seek fluent transcripts directly
from audio (Jamshid Lou and Johnson, 2020), our
approach is fully ASR-agnostic and modular, fa-
cilitating integration into diverse pipelines while
maintaining rigorous evaluation control. Extend-
ing disfluency correction to a multilingual Indic
context (Hindi, Bengali, and Marathi), we combine
detection cues, instruction tuning, and contrastive
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learning (Chen et al., 2020; Su et al., 2022) within a
single architecture, effectively bridging token-level
tagging and LLM-based generation and narrowing
the gap between detection and correction.

3 Methodology

In this section, we describe our proposed multilin-
gual disfluency correction framework alongside sev-
eral strong baselines. We first outline the datasets
and pre-processing steps used, followed by base-
line models such as mBART and instruction-tuned
LLMs. Finally, we describe in detail our method,
which integrates MuRIL-based token tagging with
instruction fine-tuning and a contrastive loss for
fluent correction.

3.1 Dataset

We use the parallel fluent-disfluent dataset (Kundu
et al., 2022) for Hindi, Bengali, and Marathi. This
is, to our knowledge, the only publicly available
resource that provides parallel data for disfluency
detection and correction in these three Indian lan-
guages. The corpus extends PMIndia - A Collection
of Parallel Corpora for the Languages of India (Had-
dow and Kirefu, 2020) by algorithmically induc-
ing fillers, repetitions, corrections, and false starts
into fluent text, followed by manual refinement by
native speakers to ensure naturalness. Additional
manually transcribed disfluent data provide a more
realistic evaluation set. In total, the dataset com-
prises roughly 120k parallel sentence pairs (40k
per language), supporting both tagging and super-
vised correction tasks. The detailed statistics are
provided in Table 1.

Train-validation—test splits: For multilingual
fine-tuning, we combine the data from all three
languages and split it into 80% training, 10% val-
idation, and 10% test sets. For monolingual fine-
tuning, we prepare separate splits per language fol-
lowing the same 80-10-10 strategy.

3.2 Pre-processing

For MuRIL-based tagging, token-level fluent/disflu-
ent labels are derived by aligning parallel fluent—dis-
fluent pairs and marking tokens absent in the fluent
version as disfluent, generating supervised labels
for sequence tagging. For LLM fine-tuning, the
data are formatted in an Alpaca-style instruction—in-
put—output schema (Taori et al., 2023), where the
instruction defines the disfluency removal task, the
input provides the disfluent sentence (optionally

Language  Synthetic Pairs M lly Edited Real Test

Hindi ~40,000 575 sentences 150 sentences
Bengali ~40,000 500 sentences 300 sentences
Marathi ~40,000 420 sentences 250 sentences
Total ~120,000 1,495 sentences 700 sentences

Table 1: Statistics of the parallel disfluent—fluent datasets
used for training and evaluation. Synthetic data is gener-
ated via rule-based induction; manually edited and real
datasets serve as evaluation benchmarks.

augmented with MuRIL labels), and the output is
the corresponding fluent text. In the contrastive vari-
ant, the set of disfluent tokens identified through
alignment is additionally supplied as auxiliary in-
put, and the model is optimized with a combined
objective: cross-entropy loss for fluency generation
and a contrastive penalty discouraging regeneration
of known disfluent tokens.

We evaluate on two test sets per language:
(1) Manually edited synthetic data, which is high-
quality but synthetic in origin.
(2) Real disfluent transcripts, transcribed from
conversational interviews in Hindi, Bengali, and
Marathi.
These are the only available parallel resources for
disfluency correction in these languages, making
them a critical benchmark for our study.

3.3 Baselines

We compare our method against several strong base-
lines spanning supervised encoder—decoder models
and instruction-tuned LLMs. These serve to bench-
mark the effectiveness of multilingual fine-tuning
and contrastive learning for disfluency correction.

3.3.1 Fine-tuned mBART

Prior works on English-only studies have bench-
marked encoder—decoder models (Seq2Seq,
BART/mBART) against unsupervised and semi-
supervised methods (Saini et al., 2021), framing
disfluency correction as a translation task from
disfluent to fluent text. However, evaluation has
largely been restricted to English corpora such as
Switchboard.

In our work, we establish a multilingual mBART
baseline for Hindi, Bengali, and Marathi. We fine-
tune mBART (Liu et al., 2020) using the parallel
disfluent—fluent pairs (Kundu et al., 2022), combin-
ing all three languages into a single multilingual
training setup. We evaluate the finetuned mBART
checkpoints on the manually edited and real test
sets for each language. The results reported in Ta-
ble 3 serve as a strong supervised encoder—decoder
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baseline.

3.3.2 Zero-Shot Prompting with LLMs

We evaluate a zero-shot prompting baseline using
the Llama-3.2-3B-Instruct (Grattafiori et al., 2024)
and Qwen2.5-3B-Instruct (Team, 2024) model. In
this setting, the model is directly prompted to
rewrite disfluent sentences into fluent ones with-
out any task-specific fine-tuning or access to token-
level tags. This setup assesses the inherent ability
of instruction-tuned LLMs to perform disfluency
correction purely through prompting.

3.3.3

We evaluate the effectiveness of LLMs in correct-
ing disfluencies when fine-tuned with disfluency-
specific instructions but without access to token-
level disfluency signals. We frame disfluency cor-
rection as a supervised instruction-tuning task,
where the model is given a natural-language prompt
together with a disfluent input sentence, and asked
to generate its fluent counterpart. The model is
then fine-tuned with disfluent—fluent pairs, where
the input is the concatenation of the instruction and
a disfluent sentence, and the output is the corre-
sponding fluent reference. Unlike detection-driven
pipelines, this formulation requires the model to im-
plicitly identify and remove disfluent spans while
generating fluent sentences.

Multilingual Instruction Tuning

3.4 Proposed Method: Disfluency Correction
with Tags

The first stage of our pipeline involves detecting
disfluent tokens in ASR transcripts using a multilin-
gual encoder-based sequence tagging model. The
goal of this stage is not standalone detection accu-
racy, but rather to provide disfluency-aware token-
level signals that can guide downstream LLM-based
correction. We adopt MuRIL (Khanuja et al., 2021),
a transformer-based encoder pretrained on 17 In-
dian languages, as the backbone for token classi-
fication. The model is fine-tuned in a sequence
tagging setting, where each token is classified as
either fluent or disfluent. The label set is defined as:
(0 — fluent, 1 — disfluent). Each input sentence is
first tokenized using MuRIL’s WordPiece tokenizer.
The disfluency annotations are aligned at the token-
level such that each subword token inherits the la-
bel of its parent word. Training data consists of
disfluent ASR transcripts paired with token-level
annotations indicating whether each word is fluent
or disfluent. This setup allows the model to learn
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Figure 2: Flow diagram of the proposed multilingual
disfluency correction pipeline integrating MuRIL-based
token tagging with LLM fine-tuning. The model jointly
optimizes cross-entropy and contrastive losses to sup-
press disfluent tokens and generate fluent text.

context-sensitive disfluency cues, including repeti-
tions, fillers, and false starts.

Training Setup: We fine-tune MuRIL jointly on
Hindi, Marathi, and Bengali in a multilingual set-
ting, enabling the model to share disfluency repre-
sentations across diverse languages. The training
objective is the standard cross-entropy loss over
token labels:

i

N T
Laetect = — Zzlog PH(yf | xi)> (1)

i=1 t=1

where x; is the input sentence, 7; is its sentence
length, y! € {0, 1} is the gold label for token ¢, and
Py is the MuRIL classifier’s output.

Our methodology integrates token-level disflu-
ency signals predicted by a MuRIL with LLM based
correction. This design moves beyond token-level
deletion pipelines and explicitly conditions genera-
tion on detected labels. For each sentence, we take
(i) the ASR-generated disfluent transcript,

(i1) token-level labels predicted by MuRIL (fluent
or disfluent), and

(ii1) the corresponding fluent reference. During
training, we concatenate the natural-language in-
struction, the disfluent input sentence, and the
MuRIL-provided token and label sequence. The
target output is the fluent reference sentence. This
setup requires the LLM not only to drop disfluent
tokens but also to generate the fluent sentence.

Objective Function: We optimize the model us-
ing the cross-entropy loss between the generated
fluent output and the gold fluent reference. Given
a training dataset D = {(z;, ;) }},, where z; is
the input (instruction + disfluent sentence + MuRIL
signals) and y; = (yi,...,yl) is the gold fluent
sentence, the loss is:
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N T

Lee =~ log Pyt |y \w). @)

i=1 t=1
Here:

* P, denotes the conditional probability distri-
bution defined by the LLM model with param-
eters 0,

* y! is the t-th token in the gold fluent sentence,
* 4! denotes the gold prefix (y}, ...,y 1),

* z; is the combined input including instruction,
disfluent sentence, and MuRIL-provided dis-
fluency labels.

Dataset Precision Recall F1-score Sentence Acc.
Manually Edited Data
Bengali 0.9774 0.9977 0.9874 0.8580
Hindi 0.9785 0.9977 0.9880 0.8383
Marathi 0.9776 0.9954 0.9864 0.8548
Real Data
Bengali 0.8642 0.9930 0.9241 0.3267
Hindi 0.9565 0.9837 0.9699 0.6333
Marathi 0.9068 0.9524 0.9290 0.5040

Table 2: Comparison of disfluency detection perfor-
mance of MuRIL-based sequence tagger on manually
edited and real ASR data across three Indian languages
(Hindi, Bengali, and Marathi).

This formulation ensures the model learns to gen-
erate the exact fluent reference sequence, thereby
implicitly removing disfluencies while preserving
the grammatical and semantic content.

Table 2 summarizes the performance of the
MuRIL-based disfluency detection model. While
the detector achieves strong token-level precision
and recall on manually edited data, it remains
competitive on real ASR outputs, particularly at
the sentence-level, despite increased transcription
noise. Importantly, our goal is not to maximize
standalone detection accuracy, but to leverage these
token-level disfluency signals as auxiliary supervi-
sion for downstream LLM-based correction.

3.5 Proposed Method: Disfluency Correction
with Contrastive Loss

While subsection 3.4 demonstrated the effective-
ness of instruction-tuned correction with detection
signals, we observe that models trained solely with
cross-entropy can occasionally reproduce disfluent
words present in the input, despite receiving explicit

token-level labels. To address this limitation, we
introduce a novel contrastive correction objective
that directly penalizes the generation of disfluent
tokens.

Contrastive Objective: We design a multi-loss
setup that combines the standard cross-entropy ob-
jective with a contrastive penalty. The intuition
is straightforward: if any generated output token
matches one of the known disfluent tokens, the
model incurs an additional penalty. This explic-
itly forces the model to avoid reproducing disflu-
encies, complementing the implicit learning signal
provided by cross-entropy. Formally, the total loss
is defined as:

1 N 1 T;
['contrastive = N Z i Z |:_ IOg (1 - Si,t)} )
=1 t=r;
3)
where s; 1 = Z wy Pp(v | yft,mi). 4)
veED;

Here:

* N is the number of training examples in a
batch and

e T; denotes the total number of tokens in the
1-th target sequence.

* 7; is the index from which the response tokens
begin (i.e., positions after the instruction and
input).

* D, represents the set of disfluent tokens iden-
tified for the 7-th example.

e w, € (0,1] is the geometric decay weight
assigned to sub-tokens of a disfluent word (e.g.,
1,0.5,0.25,...).

 Py(v |y, x;) denotes the model’s predicted
probability of token v at timestep ¢, given the
prefix y;~" and input ;.

* x; is the combined input including the instruc-
tion, disfluent sentence, and MuRIL-provided
disfluency labels.

Etota] = /-:CE +A- Econtrastivea (5)

where Lcg is the cross-entropy loss between
the generated sequence and the fluent reference,
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Language Dataset Multilingual Instruction F/t mBART W/o Contrastive Loss With Contrastive Loss
BLEU chrF2 TER BLEU chrF2 TER BLEU chrF2 TER BLEU chrF2 TER
Hindi Manually Edited ~ 92.5 98.0 6.1 85.7 91.3 8.3 93.8 97.6 4.8 94.6 98.5 4.0
Real Data 64.8 81.7 234 71.4 855 151 87.4 93.3 9.2 90.4 95.6 5.8
Bengali Manually Edited ~ 94.2 98.1 4.7 84.3 93.0 8.5 92.6 98.0 5.7 94.8 98.8 4.1
Real Data 69.6 89.0 21.6 73.5 879 13.0 70.7 90.5 208 744 93.8 17.9
Marathi Manually Edited ~ 94.4 98.4 45 83.7 92.1 9.2 93.0 98.0 5.1 94.7 98.8 4.0
Real Data 80.0 94.3 11.8 82.6 93.1 8.2 83.2 95.5 9.3 83.6 96.6 9.2

Table 3: Performance comparison of multilingual disfluency correction strategies on Hindi, Bengali, and Marathi
using the Llama-3.2-3B-Instruct model. We compare multilingual instruction fine-tuning, mBART, training without
contrastive loss, and the proposed contrastive approach on manually edited and real ASR data. Scores are reported
using BLEU, chrFs (1), and TER (] ) against gold fluent references.

Multilingual Instruction F/t W/o Contrastive Loss With Contrastive Loss

Language Dataset

BLEU chrF2 TER BLEU chrF2 TER BLEU chrF2 TER

Hindi Manually Edited ~ 92.3 94.3 9.8 93.0 96.5 6.1 96.1 98.0 3.7

Real Data 79.5 92.9 13.8 84.2 92.7 9.5 91.1 94.9 6.0

Bengali Manually Edited ~ 88.2 96.5 11.7 90.1 97.1 6.7 96.4 98.6 34
Real Data 66.2 87.3 29.4 71.4 883 203 759 93.2 16.2

Marathi Manually Edited ~ 93.3 98.4 4.8 92.0 97.2 5.8 95.1 98.4 3.8
Real Data 78.7 88.2 17.7 80.2 914 140 844 9.3 10.0

Table 4: Performance comparison of multilingual disfluency correction strategies on Hindi, Bengali, and Marathi
using the Qwen2.5-3B-Instruct model. Results are reported on manually edited and real ASR data using BLEU,

chrFs (1), and TER ().

Lcontrastive penalizes the generation probability of
disfluent tokens, and ) is a weight with warm-up
scheduling.

Figure 2 illustrates the proposed multilingual dis-
fluency correction training pipeline. In Step 1a, dis-
fluent sentences are fed into LLM along with their
corresponding token-level fluent/disfluent tags ob-
tained from MuRIL in Step 1b. These two signals
jointly condition the model to identify and suppress
disfluent regions during generation. The model pro-
duces a fluent hypothesis (Step 2 — 3b), which is
compared against the ground-truth fluent reference
(Step 3a) to compute the cross-entropy loss. Simul-
taneously, the original disfluent input (Step 3d) and
its MuRIL-derived disfluency tags (Step 3c) are
used to extract known disfluent tokens, which are
then penalized under a contrastive loss that discour-
ages their regeneration. Intuitively, cross-entropy
provides a positive signal that aligns the model with
fluent targets but does not explicitly teach it to avoid
regenerating disfluent spans. The contrastive term
supplies the missing negative signal by pushing rep-
resentations of MuRIL-tagged disfluencies away
from the fluent target space, reducing their likeli-
hood during decoding. Together, this push—pull dy-
namic yields a generator that not only imitates fluent
structure and meaning but also actively resists com-

mon disfluency patterns across languages. The com-
bined objective-jointly optimizing cross-entropy for
fluency alignment and contrastive loss for disflu-
ency suppression-is backpropagated in Step 4 to
update weights of the LLM, thereby reinforcing
fluent, structure-preserving correction.

4 Results and Analysis

Table 3 and Table 4 report results for four super-
vised strategies: mBART, Multilingual Instruction
Fine-tuning, Without Contrastive Loss, and the Pro-
posed Contrastive Loss approach. Experiments are
conducted on Hindi, Bengali, and Marathi using
both manually edited and real ASR transcripts, eval-
uated with two instruction-tuned LLM backbones:
Llama-3.2-3B-Instruct and Qwen2.5-3B-Instruct.
We further analyze multilingual versus language-
specific instruction fine-tuning and zero-shot cross-
lingual transfer across languages in Appendix D.
The mBART baseline performs competitively,
and for the Llama-3.2-3B backbone, on real ASR
inputs it can achieve higher BLEU than multilingual
instruction fine-tuning (Table 3), likely reflecting
its conservative, denoising-style seq2seq behavior
under noisy inputs. In contrast, for the Qwen-2.5-
3B backbone, multilingual instruction fine-tuning
already surpasses mBART, indicating stronger ro-
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LLM-as-a-Judge: Proposed Approach vs. Parallel Fine-tuning

Language Dataset Proposed (%) Parallel (%) Draw (%)
Hindi Manually Edited 18.1 7.3 74.6
Real Data 28.0 9.3 62.7
Marathi Manually Edited 14.0 7.6 78.3
Real Data 30.0 8.0 62.0
Bengali Manually Edited 17.4 27.2 55.4
Real Data 18.0 27.0 55.0

Table 5: Percentage-wise evaluation of the Proposed Approach vs. Parallel Fine-tuning using LLM-as-a-Judge.

bustness of instruction-tuned LLMs with better
multilingual grounding. However, instruction fine-
tuning provides a flexible correction framework,
and conditioning the LLM on token-level disflu-
ency cues via MuRIL tagging (without contrastive
loss) consistently improves over multilingual in-
struction fine-tuning by guiding rewriting toward
detected disfluent spans. Notably, even this non-
contrastive, MuRIL-tag-conditioned variant is com-
petitive relative to mBART, and in many settings
the MuRIL-conditioned LLaMA/Qwen models out-
perform mBART, indicating that explicit disfluency-
aware supervision helps unlock the stronger contex-
tual modeling capacity of instruction-tuned LL.Ms
for correction. Importantly, adding the proposed
contrastive objective yields the best overall perfor-
mance across languages and datasets, substantially
surpassing both mBART and the non-contrastive
variants.

The proposed contrastive variant achieves the
best overall performance across both architectures,
showing consistent improvements across metrics
and languages. When compared against the non-
contrastive baseline and averaged over all languages
and evaluation settings, contrastive training im-
proves Llama-3.2-3B-Instruct by +1.97 BLEU and
+1.53 chrF2 (Popovié, 2015), while reducing TER
(Snover et al., 2006) by 1.65 points. The gains are
even more pronounced for Qwen2.5-3B-Instruct,
where contrastive supervision yields average im-
provements of +4.68 BLEU and +2.37 chrF2, along
with a 3.22-point reduction in TER.

Comparing the two architectures, Qwen2.5-3B-
Instruct benefits more strongly from the proposed
contrastive objective, achieving an additional +2.71
BLEU and +0.84 chrF2 improvement, and a fur-
ther 1.57-point TER reduction over Llama-3.2-3B-
Instruct on average. This indicates that the proposed
contrastive learning framework generalizes across
model families, while being particularly effective

for instruction-tuned models with stronger genera-
tive priors.

For example, on the Hindi manually edited set
using Qwen?2.5-3B-Instruct, the contrastive model
achieves 96.1 BLEU, 98.0 chrF2, and 3.7 TER,
outperforming all competing systems. Even on
challenging real ASR data, it remains robust (91.1
BLEU / 94.9 chrF2 / 6.0 TER), demonstrating
that contrastive supervision effectively suppresses
fillers, repetitions, and false starts while preserving
grammatical and semantic fidelity.

To assess the output quality, we additionally per-
form evaluation using the LLM-as-a-Judge (Zheng
et al., 2023; Li et al., 2025) framework (Table 5),
employing Qwen2.5-3B-Instruct as the evalu-
ator. We select Qwen instead of LLaMA to miti-
gate potential self-preference biases (Wataoka et al.,
2025), which could otherwise inflate the evalua-
tion scores. Moreover, prior work has highlighted
that LLM judges can exhibit positional biases (Bito
et al., 2025), favoring candidate outputs based on
their order of presentation. To reduce such bias, we
conduct pairwise comparisons in both directions
and report the averaged results.

The judge model compares outputs from our pro-
posed system and the parallel fine-tuned baseline,
rating each on fluency and meaning preservation.
The contrastive model is preferred in most cases,
particularly for real conversational data (e.g., 28%
vs. 9% for Hindi and 30% vs. 8% for Marathi).
These findings align with the quantitative metrics,
confirming that contrastive loss produces more nat-
ural, coherent, and human-like corrections.

Other baselines, such as zero-shot disfluency cor-
rection with pretrained LLMs perform poorly and
we report the detailed results in Appendix E. Over-
all, the integration of contrastive loss into multilin-
gual instruction tuning achieves significant improve-
ments across both automatic and human evaluation,
establishing it as a robust framework for fluency
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correction in multilingual speech-derived text.

We further compare against frontier proprietary
models, GPT-40 (OpenAl et al., 2024) and Gem-
ini 2.5 Pro (Comanici et al., 2025) in Appendix .
GPT-4o0 is evaluated under zero-shot, few-shot, and
zero-shot CoT prompting strategies, while Gemini
2.5 Pro is evaluated under zero-shot prompting on
the real test set only. Our 3B contrastive model
matches or outperforms GPT-40 on the majority of
evaluation conditions and substantially outperforms
Gemini 2.5 Pro across all three languages.

We further conducted a human evaluation to as-
sess fluency and meaning preservation of the cor-
rected outputs. As summarized in Appendix H,
native-language experts consistently preferred out-
puts generated using the proposed contrastive ap-
proach over the multilingual instruction-finetuned
Llama-3.2-3B-Instruct baselines across all three
languages, corroborating trends observed in the au-
tomatic and LLLM-as-a-Judge evaluations.

5 Conclusion

In this paper, we have introduced a multilingual dis-
fluency correction framework that combines token-
level detection signals with instruction-tuned LLMs
and a contrastive learning objective. Experiments
on three popular Indian languages, namely Hindi,
Bengali, and Marathi show that the proposed ap-
proach consistently surpasses strong baselines such
as mBART and multilingual fine-tuning, achieving
notable gains in BLEU and chrF2 while reducing
TER. The contrastive objective effectively penalizes
the regeneration of fillers and repetitions, leading
to fluent and meaning-preserving outputs. LLM-as-
a-Judge evaluation further validates these improve-
ments, with the proposed model preferred for its
naturalness and coherence. Importantly, our down-
stream task evaluation (Appendix B) demonstrates
that correction quality translates directly to appli-
cation performance: our corrected outputs recover
the majority of the performance gap between dis-
fluent and gold-fluent inputs across QA, MT, and
TTS tasks, confirming practical utility in real-world
deployments. Notably, our approach matches or
surpasses GPT-40 on 4 out of 6 evaluation condi-
tions and substantially outperforms Gemini 2.5 Pro
across all three languages (Appendix I), confirm-
ing that task-specific contrastive training cannot
be substituted by scaling or advanced prompting
alone. Overall, contrastive supervision emerges as
a simple yet powerful enhancement to instruction

tuning, offering a scalable and language-agnostic
solution for fluent text generation in multilingual
and speech-driven NLP systems.

Limitations

Our work has a few limitations and caveats. We
evaluate two open-source model families, Llama-
3.2-3B-Instruct and Qwen2.5-3B-Instruct, both
at the 3B-parameter scale, due to computational
constraints; larger models could potentially yield
stronger results, but exploring such scaling effects
lies beyond this study. Nevertheless, our methodol-
ogy is model-agnostic and can, in principle, ex-
tend to larger or closed-source LLMs. While
closed-source evaluators might offer more accu-
rate LLM-as-judge performance, we deliberately
employ open-source evaluation models to ensure
reproducibility and transparency, acknowledging a
possible trade-off in judgment fidelity. Our work
also faces data-related constraints: only one pub-
licly available parallel disfluent—fluent dataset cur-
rently exists for Hindi, Bengali, and Marathi, lim-
iting both language and domain coverage. Real
test sets remain small, as manual disfluency an-
notation is costly, constraining the statistical ro-
bustness of per-language analyses. Moreover, prior
research in Indic NLP focuses primarily on disflu-
ency detection (Kundu et al., 2022), with no avail-
able baselines for full-span disfluency correction.
Consequently, comparative evaluation remains lim-
ited. Despite these constraints, our contrastive
instruction-tuning framework achieves consistent
fluency improvements across multiple languages,
underscoring its robustness and adaptability in truly
low-resource, data-scarce settings.
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A ASR Behavior and Disfluency
Preservation

A core motivation for our work is that real ASR tran-
scripts of spontaneous speech often contain fillers,
repetitions, false starts, and self-repairs. While re-
cent ASR systems-including those incorporating
large language models-aim to produce cleaner tran-
scripts, it remains unclear whether such systems
reliably remove conversational disfluencies in prac-
tice. We empirically examine the behavior of the
ASR front-ends used in our pipeline and show that,
for Indic conversational speech, disfluencies are not
consistently normalized away and instead remain
prevalent in the ASR output. Consequently, dis-
fluency phenomena are frequently preserved rather
than systematically removed by current state-of-the-
art ASR systems.

ASR front-ends. Our transcripts are generated
using two strong ASR models: (i) Whisper v3
Large, selected for its multilingual robustness un-
der noisy conditions, and (ii) Al4Bharat Indic
Conformer (600M), trained extensively on diverse
Indian-language corpora and designed to capture
Indic phonetics and accent variability. While these
systems may perform standard text normalization
(e.g., orthographic consistency), they do not consis-
tently normalize away conversational disfluencies.

What disfluencies are preserved? Across Ben-
gali, Hindi, and Marathi, we observe a rich spec-
trum of disfluencies in ASR output, including:
filled pauses (e.g., (1 [toh], NIT [maane], Bl [haan],
37 [a]), whole-word and phrase repetitions (e.g., re-
peated multi-word fragments), partial-word stutters
and broken syllables (e.g., C%-C%-C3F... [kshe-kshe-
kshe...], 9..3&... [s...ubar...], T Ufd A7 Ufd...
[na prati na prati...]), false starts and abandoned
clauses (e.g., g ... [ho pr...], MN— [are—]), and
self-repairs where speakers restart or correct them-
selves mid-utterance (e.g., SN — & [jami —
aami], FIS IS &1 — 39k Ma | [koi uske haan
— uske gaon mein], i S8 STd — d¢ T el
[mi jaad jaate — vet kami kela]). We also observe
non-speech noise and garbled segments typical of
spontaneous speech and challenging acoustics.

Expert validation and prevalence in real audio.
All disfluency patterns above were reviewed and
validated by language and speech-processing ex-
perts using transcripts produced by Whisper v3

Large ! and the AI4Bharat Indic Conformer?. Im-
portantly, the underlying audio is drawn from real-
world conversational YouTube recordings (podcast-
s/interviews) rather than scripted speech; in this
setting, approximately 30% of sentences contain at
least one detectable disfluency. This confirms that
disfluencies are a systematic property of the data
distribution encountered in practice, not an artifact
of annotation.

LLM-powered ASR is not a reliable coun-
terexample for Indic speech. For complete-
ness, we evaluated an LLM-based audio model
Qwen/Qwen2-Audio-7B 3 on Bengali, Hindi, and
Marathi. In our experiments, it failed to produce
meaningful ASR outputs across all three languages:
even with language-specific in-context demonstra-
tions, the model ignored the audio and echoed
the demonstrations verbatim, indicating insufficient
acoustic—phonetic grounding for Indic speech. Rep-
resentative qualitative examples are shown in Fig-
ure 3.

Implication for our pipeline. These observa-
tions establish the gap motivating our work: even
with strong ASR front-ends, natural conversational
disfluencies frequently remain in transcripts and
cannot be assumed to be removed by upstream ASR.
Therefore, a dedicated disfluency-correction mod-
ule remains important for downstream LLM-based
systems and speech applications operating on real
ASR output.

B Impact of Disfluencies on Downstream
LLM Tasks

This work is motivated by the hypothesis that disflu-
ent transcripts can degrade downstream LLM per-
formance by introducing spurious tokens, broken
syntax, and inconsistent discourse structure. To ver-
ify this hypothesis empirically (beyond reference-
based cleaning metrics), we evaluate modern
instruction-tuned LLMs on two downstream tasks
that explicitly stress comprehension and reasoning:
Question Answering (QA) and Machine Transla-
tion (MT). In both tasks, we compare performance
under fluent versus disfluent context derived from
real ASR-style inputs.

"https://huggingface.co/openai/
whisper-large-v3

"https://huggingface.co/aidbharat/
indic-conformer-600m-multilingual

*https://huggingface.co/Quen/Qwen2-Audio-7B
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Language Qwen2-Audio-7B Output Ground Truth
Bengali wiifyy e 17 (of Qify Wi Fiet e
SIfReAIN, Shm @I &
T FIQ! NS
a5t f3F At 4Bt Bh 5% Ao stz =1,
o QAT 93T @It
Hindi ¥ aremT § 38T, aY... AaAd ¥ et g
A TET o7 35 o e
3T
& o, ¥ e oo v ¥ 3hm &gt 372 3aT &, gH
T gR R A arar ...
Marathi HTSAT IS, AT WO 3Te4. 3f, TRUTS BT HI faeR &ea
JEIT HTSAT O AT 2 3hm ST e ¥ I TER,
QYT Yehal HiTRIte ...

Figure 3: Qualitative comparison of ASR behavior on disfluent speech across Hindi, Bengali, and Marathi. Qwen2-
Audio-7B outputs are contrasted with ground-truth transcripts.

Language Model Avg. Score (Disfluent) Avg. Score (Fluent)
Hindi LLaMA 1.18 1.70

Qwen 2.14 2.80
Marathi LLaMA 1.12 1.58

Qwen 1.74 2.16
Bengali LLaMA 2.20 2.76

Qwen 1.96 2.62

Table 6: Average human evaluation scores (1-5 scale) for QA robustness across 100 manually constructed ques-
tion—answer pairs per language. Higher scores indicate better answer quality.

B.1 Human-rated QA under fluent vs.
disfluent context.

We create 100 QA instances per language (Hindi,
Marathi, Bengali) by sampling paired fluent and
disfluent sentences and asking native-language ex-
perts to author questions and evaluate model an-
swers. Specifically, experts rate answer quality on a
1-5 Likert scale, where higher scores indicate more
accurate and context-faithful responses. Results are
reported in Table 6.

Across all languages and both backbones Llama-
3.2-3B-Instruct and Qwen2.5-3B-Instruct, disfluent
context consistently reduces answer quality. For
Hindi, LLaMA drops from 1.70 (fluent) to 1.18

(disfluent), and Qwen drops from 2.80 to 2.14. Sim-
ilar degradations appear for Marathi (1.58 — 1.12
for LLaMA; 2.16 — 1.74 for Qwen) and Bengali
(2.76 — 2.20 for LLaMA; 2.62 — 1.96 for Qwen).
These consistent declines indicate that even strong
instruction-tuned LLMs are not fully robust to ASR-
style disfluencies when required to inferpret and
reason over noisy conversational context.

B.2 MT robustness on real ASR data under
fluent vs. disfluent input.

We additionally test robustness in a real deployment-
like MT setting using 100 randomly sampled real-
ASR sentences, which naturally include noisy seg-
mentation, inconsistent pauses, and conversational

46063



Language Pair Model ABLEU (FI-Dis) AchrF2 (FI-Dis) ATER (Dis-FI)
Hindi— Bengall [ 0 0 39
Marahi —» Hindi 30553 i fan
g Gt L S

Table 7: Difference in translation quality between fluent and disfluent inputs for Qwen and Llama. Positive values
across BLEU and chrF2 indicate higher scores for fluent sentences. Positive TER differences (Disfluent — Fluent)
show that disfluent inputs require substantially more edits, confirming that LLMs are not robust to disfluencies

across all language pairs.

artifacts. For each sample, native-language experts
provide gold translations. We then compare MT out-
puts generated from fluent versus disfluent versions
of the same utterance. Results are summarized in
Table 7.

Disfluent inputs cause substantial and consis-
tent degradation in translation quality across lan-
guage pairs. For Hindi—Bengali, Qwen’s BLEU
decreases by 3.9 points when translating disflu-
ent versus fluent input, while LLaMA decreases
by 2.0 points. For Marathi—Hindi, the BLEU
drops are 4.3 (Qwen) and 3.5 (LLaMA), and
for Bengali—Hindi they are 4.4 (Qwen) and 4.7
(LLaMA). In all cases, TER increases sharply (by
approximately +8 to +17 points), indicating that
substantially more edits are required to match the
reference translation. These results show that dis-
fluencies do not merely introduce superficial noise:
they lead to misinterpretations and mistranslations
even in modern LL.M-based MT pipelines.

B.3 Takeaway

Together, the QA and MT evaluation provide con-
verging evidence that contemporary instruction-
tuned LLMs are not inherently robust to natural
ASR disfluencies. Performance drops are consis-
tent across languages, models, and tasks that require
understanding rather than surface-level rewriting.
This directly supports the continued relevance of
disfluency correction and motivates our contrastive
training framework, which is designed to suppress
disfluent content while preserving meaning in real-
world ASR transcripts.

C Task Relevance and Application
Scenarios

Disfluency correction is relevant whenever down-
stream systems consume ASR transcripts pro-
duced from spontaneous speech. Common deploy-

ment settings include customer-support call centers,
voice assistants, live captioning, and accessibility
tools, where the ASR output is subsequently used
for (i) semantic understanding and decision making
(e.g., LLM-based chat/QA), (ii) translation (e.g.,
cross-lingual support), and (iii) speech generation
(e.g., text-to-speech for agent responses or spoken
summaries). In these pipelines, fillers, repetitions,
false starts, and self-repairs can introduce spurious
tokens and unstable phrasing that degrade both text
understanding and speech rendering.

C.1 Text-based downstream tasks.

Appendix B shows that disfluencies harm LLM per-
formance on QA and MT under fluent vs. disfluent
comparisons. These degradations directly impact
LLM-powered voice interfaces and conversational
agents, where a system must interpret user speech
accurately and respond coherently under realistic
ASR noise.

C.2 TTS evaluation: disfluencies degrade
speech naturalness and prosody.

In addition to QA and MT, we evaluate the impact of
disfluencies on Text-to-Speech (TTS), since many
voice pipelines synthesize speech from ASR tran-
scripts (e.g., spoken translations, agent responses,
or readbacks of recognized text). We conduct a
human Mean Opinion Score (MOS) study on 25
randomly sampled disfluent ASR sentences per lan-
guage (Hindi, Marathi, Bengali). Native evalua-
tors rate synthesized speech on a 1-5 scale along
multiple perceptual dimensions: Naturalness, Pro-
nunciation Accuracy, Prosody, Pausing & Timing,
Emotional Expression, and Overall Audio Quality.

Across languages and TTS models, disfluent
transcripts consistently yield low MOS and per-
ceptibly degraded speech quality. For Hindi,
aidbharat/indic-parler-tts (Sankar et al.,
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2025; Lacombe et al., 2024; Lyth and King, 2024)4
and suno/bark’ achieve average MOS scores of
2.09 and 2.03, respectively, on disfluent inputs.
For Marathi, disfluent inputs yield MOS scores
of 2.27 with indic-parler-tts and 2.09 with
facebook/mms-tts-mar® (Pratap et al., 2023).
For Bengali, disfluent inputs yield MOS scores
of 2.46 with indic-parler-tts and 2.40 with
facebook/mms-tts-ben’ (Pratap et al., 2023).
Evaluators consistently report that disfluencies in-
duce unnatural pauses, broken rhythm, and erratic
prosody; in contrast, fluent rewrites produce notice-
ably smoother timing and more natural-sounding
speech.

C.3 Why disfluency correction does not
contradict naturalness.

A potential concern is that removing disfluencies
might make speech sound less natural by eliminat-
ing conversational cues. In our setting, the goal
is not to erase all stylistic variability, but to re-
move ASR-induced and speech-disfluency artifacts
(e.g., repeated fragments, abandoned clauses, filled
pauses) that are rendered unnaturally by TTS sys-
tems. The MOS results above indicate that, for
current Indic TTS models, preserving such arti-
facts in the text typically harms naturalness and
prosody rather than improving conversational re-
alism. Disfluency correction therefore serves as a
practical pre-processing step for producing intelligi-
ble, well-timed synthesized speech from real ASR
transcripts.

C.4 Takeaway.

Taken together, the QA and MT results (Ap-
pendix B) and the MOS findings here show that
disfluencies negatively affect multiple downstream
components in ASR-driven pipelines, spanning rea-
soning, translation, and speech synthesis. This mo-
tivates a dedicated disfluency-correction module in
real-world LLM-powered voice interfaces and sup-
ports our focus on learning objectives that suppress
disfluent content while preserving meaning.

*https://huggingface.co/aidbharat/
indic-parler-tts

>https://huggingface.co/suno/bark

*https://huggingface.co/facebook/
mms—-tts-mar

"https://huggingface.co/facebook/
mms-tts-ben

Train—Test Dataset BLEU?T chrF2T TER|
Hindi—Hindi Manual 924 96.5 8.9
Real 69.8 91.2 31.2
Hindi—Bengali Manual 87.1 92.3 13.7
Real 64.9 88.2 26.8
Hindi—Marathi Manual 83.4 96.4 14.2
Real 75.7 93.6 17.9
Marathi—Marathi ~ Manual 88.8 97.7 10.4
Real 75.7 94.5 19.6
Marathi—Bengali ~ Manual 86.4 91.3 15.0
Real 64.0 87.3 28.4
Marathi— Hindi Manual 90.1 97.2 8.0
Real 82.2 94.3 12.9
Bengali—+Bengali ~ Manual 90.9 93.6 10.1
Real 71.5 89.3 21.4
Bengali—Hindi Manual 91.1 97.2 6.4
Real 77.9 914 12.1
Bengali—+Marathi ~ Manual 90.3 98.0 6.7
Real 81.2 95.5 10.2

Table 8: Zero-shot cross-lingual evaluation of LLaMA
models. Each model is fine-tuned on a single language
and evaluated on the same or different languages without
additional supervision, illustrating cross-lingual transfer.

D Multilingual vs. Language-Specific
Instruction Fine-tuning

We investigate: (1) multilingual versus language-
specific fine-tuning performance, and (2) zero-shot
cross-lingual transfer across related Indic languages.
All results are reported on the disfluency correction
task using the same evaluation protocol as in the
main paper (BLEU/chrF21, TERJ).

D.1 Setup

We fine-tune Llama-3.2-3B-Instruct under
two settings: (1) Multilingual FT, trained jointly
on Hindi, Bengali, and Marathi; and (2) Language-
Specific FT, where separate models are fine-tuned
per language. To study cross-lingual transfer, we
evaluate each language-specific model on the other
languages without additional supervision. All
runs use identical hyperparameters and data pre-
processing.

D.2 Results

Multilingual vs. Language-Specific (manually
edited). On manually edited data, multilingual
FT yields stronger in-language performance overall
(Table 3). In particular, multilingual FT improves
BLEU over language-specific FT by +0.1 (Hindi),
+3.3 (Bengali), and +5.6 (Marathi), suggesting that
joint training provides beneficial sharing across lan-
guages in the clean-text setting.

Multilingual vs. Language-Specific (real ASR).
On real ASR data, the comparison is more mixed
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Qwen2.5-3B-Instruct

Llama-3.2-3B-Instruct

Language Dataset

BLEU?T chrF21t TER| BLEUT chrF21 TER]
Hindi Manually Edited 77.5 87.8 17.1 70.1 82.5 26.1
Real Data 56.0 75.4 28.1 38.6 62.4 40.5
Bengali Manually Edited 73.1 89.4 18.1 66.4 84.9 243
Real Data 56.8 83.2 28.5 49.1 74.3 40.3
Marathi Manually Edited 69.8 87.3 21.1 71.2 85.6 24.4
Real Data 59.2 84.0 26.5 63.1 81.1 28.9

Table 9: Comparison of Qwen2.5-3B-Instruct and Llama-3.2-3B-Instruct (zero-shot, without finetuning) on manually
edited and real datasets across Hindi, Bengali, and Marathi. Best scores per metric are bolded.

(Table 8). Language-specific FT improves BLEU
for Hindi (+5.0) and Bengali (+1.9) relative to
multilingual FT and often reduces TER by a few
points, indicating better robustness to language- and
domain-specific ASR artifacts. Marathi, however,
shows a drop in BLEU under language-specific FT
relative to multilingual FT, suggesting that multi-
lingual training can still provide beneficial regular-
ization for some languages under noisy conditions.

Zero-shot cross-lingual transfer. We observe
substantial cross-lingual generalization among
these languages (Table 8). For example, Hindi-only
FT achieves 87.1 BLEU on Bengali and 83.4 BLEU
on Marathi (manually edited), while Marathi-only
FT achieves 90.1 BLEU on Hindi and 86.4 BLEU
on Bengali. Bengali-only FT also transfers strongly
to Hindi (91.1 BLEU) and Marathi (90.3 BLEU).
On real ASR data, transfer persists with expected
degradation, but performance remains high (typi-
cally mid-60s to low-80s BLEU depending on the
direction), indicating that a single-language fine-
tune can still provide meaningful improvements for
related languages.

D.3 Takeaway

Multilingual FT is generally preferable on clean
manually edited data, while language-specific FT
can be advantageous under real ASR noise for some
languages (notably Hindi and Bengali). Across
all settings, we observe strong zero-shot transfer
among the studied languages, supporting the use of
joint or low-cost single-language fine-tuning when
full multilingual supervision is unavailable.

E Zero-shot Prompting on base LLMs

Recent studies, such as (Lima and Campelo, 2024)
have explored zero-shot prompting for English
speech transcripts, showing that LLMs can often

identify and remove disfluent spans without explicit
supervision. However, English disfluencies are rela-
tively simpler: less morphologically entangled and
syntactically constrained than those observed in
Indian languages. In Indic contexts, disfluency cor-
rection becomes substantially more complex due
to features, such as rich case marking, verb agree-
ment, and compound verb constructions. This lin-
guistic diversity motivates a systematic investiga-
tion into whether multilingual LLMs can extend
such implicit capabilities to morphologically rich,
low-resource settings without any task-specific fine-
tuning.

To this end, we evaluate Qwen2.5-3B-Instruct
and Llama-3.2-3B-Instruct in a zero-shot prompt-
ing setup, where models receive only a natural-
language instruction and a disfluent input, with no
gradient updates or supervised examples. Across
all three languages, Qwen consistently performs
better than Llama in BLEU, chrF2, and TER, re-
flecting stronger multilingual grounding and trans-
fer. From Table 9, Qwen attains 77.5 BLEU, 87.8
chrF2 and 17.1 TER on the Hindi-Manually Edited
subset, whereas Llama reaches 70.1, 82.5, and 26.1,
respectively. Nevertheless, both models show sub-
stantial degradation on Real Data, indicating that
even robust instruction-tuned LLMs struggle with
spontaneous and morphologically complex disflu-
encies unless explicitly exposed to such noise dur-
ing training.

Overall, these results suggest that while zero-
shot prompting may suffice for relatively analytic
languages such as English, it remains inadequate
for Indic languages. The morphological and syn-
tactic richness of these languages necessitates ex-
plicit disfluency-aware fine-tuning or contrastive
instruction-based training to achieve fluent and
faithful corrections.
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F Experimental Setup

We fine-tuned the Llama-3.2-3B-Instruct model us-
ing an instruction-tuning setup optimized with a
contrastive loss. The model was trained with a se-
quence length of 512 tokens and an effective batch
size of 16, achieved through gradient accumulation
of 2 steps with a per-device batch size of 8. The
learning rate was set to le > and followed a cosine
decay schedule with a warmup ratio of 0.1. A con-
trastive weight A = 0.3 was applied, with the same
fraction used for warmup. We used label smooth-
ing of 0.01 to improve generalization and trained in
bfloat16 precision with gradient checkpointing en-
abled to reduce memory usage. Optimization was
performed using the fused AdamW optimizer, and
early stopping was employed with a patience of 3
epochs. All experiments were conducted on a single
NVIDIA A100 GPU (80 GB). We use publicly avail-
able models specifically Qwen2.5-3B-Instruct® is
available with Qwen Research License Agreement.
Llama-3.2-3B-Instruct’ is available under Llama
3.2 Community License. MuRIL!? is available un-
der Apache license. We used generative Al tool
- specifically ChatGPT (OpenAl et al., 2024) for
text editing and grammatical correction. We used
single runs for all our experiments.

G Example Outputs
G.1 Hindi Example

We show a Hindi example in Figure 4 (Row 1) ex-
hibiting repeated fillers and a false start.

Baseline behavior: Multilingual Instruction
removes some noise but leaves partial fillers 37
o ¥g& 3f (uh, I, this, uh), showing under-
deletion. mBART drops the contrastive connec-
tive 97 (but), weakening discourse structure and
pragmatic contrast. W/o Contrastive retains 7¢
but over-compresses the clause 9% &IE<T H1a7
gf¥®e EIar & (but a double life becomes diffi-
cult), losing the natural rhythm of the actual sen-
tence (but those who lead a double life, they find it
difficult.)

Our approach: Our contrastive instruction-tuned

model produces: T¢ T ST E’?S’?T e é’?FIT

$https://huggingface.co/Quen/Quen?2.
5-3B-Instruct

*https://huggingface.co/meta-1lama/Llama-3.
2-3B-Instruct

Yhttps://huggingface.co/google/
muril-base-cased

?’ qs ﬂﬁW giar .?‘ I It fully removes hes-
itation tokens while preserving (i) the discourse
marker 9 (but), (ii) the clauses I &I and re
gIaT &. This balance of deletion and retention
maintains both adequacy and fluency. Here, the
MuRIL-based token-level supervision is combined
with an anti-disfluency contrastive loss that explic-
itly penalizes regeneration of disfluent spans. This
enables precise noise removal while maintaining
semantic relation with the source.

G.2 Bengali Example

Figure 4 (Row 2) illustrates a Bengali utterance with
fillers, repetitions, and false restarts.

Baseline behavior: Multilingual Instruction and
mBART retain multiple discourse-address terms
and subject restarts 51 ... SN ... =W (sir ... I
... 1), leaving residual repetition uﬂ@ i . &a?E
= (a little bit ... a bit more) and occasional pro-
noun stacking ¥ =S (we I). W/o Contrastive
exacerbates this with compounded subjects and self-
repairs, reflecting weak boundary control over dis-
fluent spans.

Our approach: Our contrastive instruction-tuned
model outputs: N 2 AT IACS 512 77K 205¢
G SIS AF FCe G 70 (ol FrmaT TR
CURIE] nﬂ@ 1 51f2ml =&t (1 want to speak on this
topic, sir - before 2015, our school had NCC, so I
had a bit more interest in defense).
It (i) removes the filler &8 (uh),
(ii) collapses redundant address/subject restarts 3
o S L S (sir ... 1. 1) — single R (sir)
and single =it D,
(iii) eliminates pronoun stacking &Sl sy (we D).
The result is fluent, yet faithful to the source utter-
ance. Compared to baselines, our model achieves
clean deletion with structure preservation (single
address term, single subject, intact temporal—con-
text—preference flow).

G.3 Marathi Example

Figure 4 (Row 3) presents a Marathi example con-
taining partial word repetition and redundant dis-
course markers.

Baseline behavior: Multilingual Instruction and
mBART both retain partial reduplication I T
(instruc— instruction) and an unnecessary connec-
tive T TohdT | (that, or, say), indicating model’s in-
ability to remove mistaken words when the speaker
self-corrects the same. W/o Contrastive deletes
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Disfluent Sentences Model Outputs

Hindi: 3737F AT | Multilingual Instruction: 37 & 9T 3 ST ETe<T STareT g1 & Je 37 #Tehel BT 8|
et YT § 6 37 37

AR g & mBART : 3 St 2leWr SiiaeT gl § HRenel el B

Wio Contrastive : W 2Tg<1 Sfiael el &IcT &

Our approach : W ¥ i Qg1 Sa=l &I § I HRHel BT &1
Bengali : S STE AR | Multilingual Instruction: STTE 3 92 A Fete 512 SHIF SN 205¢ 97 AT AY
a2 3N J08 51 ShE SRR FT AT 78 (BT I o =i a7, A A A5G (@ Sifzwn foeet
T 205 AT AT AT
SR FET AT 7@ (©f | mBART : ST i3y 92 3G 7100 512 ST S 205¢ I ST SIS FT I 70 (of
ST AN O™ T | S S T 95 AT e 95 ([ SifRw foaet
aaﬁwﬁwaa‘g@ﬁ

WI/o Contrastive : 5T SISy 92 fS¥GT Se709 512 ST SR 205¢ I ST S SN FT
A3 7@ (o SIraT ey fowe st aFp A AP aFG (@ 61fRw fieet

Our approach : 3 9% SN T 512 SHIF 205¢ I ST AR FIT I 2 (O
T 0 AR AF @ i e

Marathi : T & 1
gaycirelm 37foT ferear 9
IfEedT STa~ITell SIeT=T
Srorget BT 30T areieTr
T AT A T kT
ART FASTGUITAT gfgel
el T

Multilingual Instruction: mﬁwmmmmmmm
mmmmmﬁmwwmmm

MBART : & #1 1 gacirerm 3nfoT forear ufeear Aaware areiar aterget v 3o
ammmmmﬁﬁmmmmmm

W/o Contrastive : & # &1 gaciter 311101 forear afgear Aaaren araia storge vs
mmwmaﬁrmemm

Our approach & # T garcliel 70T forear afgean sta=arer e Stegs o
mmmmﬁmwmmm

Figure 4: Comparison of disfluent sentences and model outputs across Hindi, Bengali, and Marathi. Our Approach
consistently produces fluent outputs closely matching references compared to baselines.

portions of the repetition but distorts morphology
AdTedl (to the husband; truncated as husb—) and
omits the complement marker @ (that), generates
a slightly ungrammatical phrasing.

Our approach: Our contrastive instruction-tuned

model outputs: T Ht T Jadte H1or fo=ar ufge
TFIATAT QAT ST 9 A0 i1 Gaar e
TohaT AHSTTEUATET UfedT 9T &, (Sir, I will call
that young woman and her first husband, give both
of them instructions or make the first attempt to
explain.) It precisely removes redundant fragments
T (instruc—), T (say)) while preserving the syn-
tactic connector fehar (or) and the alignment of sub-
ordinate clauses. The output is grammatically cor-
rect, semantically faithful, and rhythmically natural,
reflecting complete fluency restoration.

H Human Evaluation Analysis

To complement the automatic metrics and LLM-
as-a-Judge evaluation, we conducted a human eval-
uation to assess disfluency correction quality in
terms of fluency and meaning preservation. For
each language (Hindi, Bengali, and Marathi), we

randomly sampled 100 sentences from the evalu-
ation set. Native-language experts rated system
outputs on a 5-point Likert scale (1 = very poor, 5
= excellent), jointly considering grammatical flu-
ency and faithfulness to the original meaning. We
provide the detailed instructions in Appendix J.

Across all three languages, the proposed con-
trastive learning approach consistently outperforms
multilingual instruction fine-tuning using LLaMA
as the underlying model. For Hindi, the con-
trastive model achieves a mean human score of
4.53 compared to 3.89 for multilingual instruction
fine-tuning, corresponding to an improvement of
+0.64. In addition, 91% of Hindi outputs produced
by the contrastive model receive high-quality rat-
ings (score > 4), compared to 81% for the baseline.

For Bengali, the contrastive approach improves
the mean human score from 3.93 to 4.20 (+0.27),
and increases the proportion of high-quality outputs
from 64% to 77%. For Marathi, which exhibits
relatively fewer disfluencies, the contrastive model
still yields consistent gains, improving the mean
score from 4.69 to 4.81 (+0.12) and increasing the
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Zero-Shot

Language Dataset

Few-Shot

BLEU! chrF2t TER| BLEU{ chrF2t TER]

Hindi Manually Edited  94.3
Real Data 82.5
Bengali Manually Edited  93.4
Real Data 79.7
Marathi ~ Manually Edited  92.7
Real Data 87.7

97.3 4.6 94.9 98.1 3.7
91.6 9.6 87.2 93.6 6.8
97.7 4.8 94.3 98.5 4.0
92.1 12.4 79.6 91.8 12.5
96.9 5.7 93.9 97.7 4.7
94.8 6.9 86.9 94.5 8.3

Table 10: GPT-40 performance under zero-shot and few-shot (2-shot) prompting on manually edited and real ASR

test sets across Hindi, Bengali, and Marathi.

proportion of outputs rated > 4 from 93% to 98%.
These trends closely mirror the findings from the
automatic metrics and the LL.M-as-a-Judge evalua-
tion, providing converging evidence that contrastive
supervision leads to perceptible improvements in
real-world correction quality. Notably, the largest
gains are observed for Hindi, which contains greater
disfluency variability in conversational ASR tran-
scripts, suggesting that contrastive learning is par-
ticularly effective under noisier conditions.
Qualitative inspection of system outputs further
reveals that the contrastive model is especially effec-
tive at correcting common disfluency phenomena,
including repetitions, fillers, discourse markers,
false starts, and mid-sentence self-repairs. These
behaviors align closely with the disfluency cate-
gories defined in our annotation guidelines, which
are released alongside our code repository. Overall,
the human evaluation confirms that the proposed
contrastive learning framework produces more flu-
ent and semantically faithful corrections in practice.

Language BLEU{ chrF21t TER]
Hindi 70.5 85.1 16.6
Bengali 61.8 81.1 21.3
Marathi 74.9 89.6 12.7

Table 11: Gemini 2.5 Pro zero-shot performance on real
ASR test data across Hindi, Bengali, and Marathi.

I Comparison with Frontier Proprietary
Models

A natural question is whether the gains achieved by
our contrastive pipeline could be replicated by sim-
ply prompting a much larger proprietary frontier
model with a well-designed instruction. To inves-

tigate this, we evaluate two of the most capable
frontier models - GPT-40 and Gemini 2.5 Pro - on
the disfluency correction task across Hindi, Ben-
gali, and Marathi. For GPT-40, we consider three
prompting strategies: zero-shot, where the model is
directly instructed to remove disfluencies without
any examples; few-shot (2-shot), where two par-
allel disfluent—fluent sentence pairs are provided
as in-context demonstrations; and zero-shot chain-
of-thought (CoT), where the model is instructed to
first identify disfluent spans and then reconstruct
the fluent sentence before producing the final out-
put. For Gemini 2.5 Pro, due to API cost and rate
limit constraints, we report zero-shot results on the
real test set only. All evaluations use the same met-
rics (BLEU, chrF2, TER) and test sets as the main
paper, with GPT-4o results reported in Table 10 and
Gemini 2.5 Pro results in Table 11.

Zero-shot CoT prompting yields results compa-
rable to few-shot across all three languages and for
both the evaluation sets, with no consistent improve-
ment over standard few-shot prompting, confirming
that explicit step-by-step reasoning does not offer
additional gains for this task.

From Table 3 and Table 4), our Qwen-2.5-3B
contrastive model outperforms GPT-40 few-shot
(its strongest setting) on 4 out of 6 conditions on
BLEU and 4 out of 6 on chrF2, with simultaneous
gains on both metrics in 3 out of 6 conditions, de-
spite being significantly smaller. Specifically, our
Qwen outperforms GPT-40 few-shot by +3.9 BLEU
on Hindi real data and +2.1 BLEU on Bengali man-
ually edited data. In the two settings where GPT-40
leads on BLEU, the margins are small and do not
hold consistently across chrF2. Against Gemini 2.5
Pro, our contrastive model outperforms by substan-
tial margins on all three languages: +20.6 BLEU
and +9.8 chrF2 on Hindi, +14.1 BLEU and +12.1
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chrF2 on Bengali, and +9.5 BLEU and +4.7 chrF2
on Marathi (all on real data). Taken together, these
results demonstrate that neither scaling to a frontier
model nor applying advanced prompting strategies
consistently closes the gap with task-specific con-
trastive training. The morphological richness and
syntactic complexity of Indic disfluency patterns
- involving complex word formations, verb-final
constructions, and code-mixed repairs - require ex-
plicit disfluency-aware supervision that zero-shot or
few-shot prompting of even the strongest available
models cannot substitute.

J Human Rating Guidelines

You are given two sentences: (1) a fluent reference
sentence (gold), and (2) a model-generated output.
Your task is to rate the model-generated output on a
scale from 1 to 5, based only on fluency and natural-
ness. Do not judge factual correctness or meaning
accuracy. Even if the sentence is factually incorrect,
it can still receive a high score if it sounds fluent
and natural.
What to focus on

¢ Whether the sentence sounds natural to a na-
tive speaker

* Whether it flows smoothly without awkward
pauses

¢ Whether it is free from disfluencies such as
repetitions, fillers, or broken structure

Common disfluency markers

* Repetitions (words or phrases repeated unnec-
essarily)

e Fillers or discourse markers (e.g., matlab,

mane, \‘33, 1%'01@)
¢ False starts and self-corrections
* Truncated or incomplete words

* Elongated sounds or hesitation pauses

Scoring guidelines

¢ 1 - Completely disfluent: Very hard to under-
stand, with severe repetition, broken structure,
and unclear meaning.

* 2 — Highly disfluent: Frequent fillers, repeti-
tions, or false starts. Meaning is only partially
understandable.

* 3 — Moderately disfluent: Core meaning is
understandable, but noticeable disfluencies re-
main.

* 4 — Mostly fluent: Minor hesitations or fillers
that do not affect understanding.

* 5 — Fully fluent: Completely natural and
smooth, with no disfluencies.

K Instruction Prompt Used

The following instruction was used as the system
prompt for our proposed contrastive disfluency cor-
rection model:

You are given a disfluent sentence generated
by an Automatic Speech Recognition (ASR)
system.

The sentence may contain disfluencies such as

repetitions, fillers (e.g., 'um', 'uh'),
discourse
markers (e.g., 'you know', 'I mean'), or false

starts in {Languagel}.

Your task is to remove these disfluencies
while preserving the original meaning and
grammatical correctness.

You are also provided with:

- The disfluent sentence

- A tokenized version of the sentence

- A sequence of predicted labels for each
token, where:

* '1' = the token is disfluent and should
be removed

* '0' = the token is fluent and should be
retained
- A list of disfluent tokens that must be
removed from the sentence

Using this information, reconstruct the fluent
sentence.
Make sure to remove all tokens listed as
disfluent while preserving meaning and
grammatical correctness.

Tokenized Input: {tokens}

Predicted Labels: {labels}

Disfluent Sentence: {disfluent}
Disfluent Tokens: {disfluent_tokens}
Fluent Sentence:
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