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Abstract
Spontaneous speech in multilingual communities often involves rapid code-mixing (CM) and natural disfluencies,
yet such patterns are rarely reflected in available training data for under-resourced languages. This gap limits the
development of robust automatic speech recognition (ASR) systems. To address this, we introduce BEHE-CMDisfl,
a fully synthetic Bengali–English and Hindi–English disfluent code-mixed speech corpus generated through a
controlled Large Language Model (LLM) and Text-to-Speech (TTS) pipeline. The dataset explicitly incorporates
conversational phenomena such as filled pauses, repetitions, and restarts. We evaluate its usefulness under
two ASR settings. In a micro-resource scenario (∼1.3 hours), a GMM-HMM Kaldi baseline achieved a 37.74%
Word Error Rate (WER) after phonetic normalization to reduce transliteration inconsistencies, and successfully
retained disfluency markers in decoding. We also examined adaptation of a modern foundation model. In zero-shot
testing, openai/whisper-small failed on the code-mixed speech due to severe hallucinations and looping behavior.
After applying parameter-efficient fine-tuning (LoRA) for 1,000 steps, the model stabilized, reduced insertion
errors, captured rapid language switching more reliably, and achieved a WER of 21.37%. These findings show
that synthetic data combined with efficient fine-tuning offers a practical path for ASR development in complex
low-resource disfluent CM settings.

Keywords: code-mixing (CM), disfluencies, automatic speech recognition (ASR), large language models
(LLMs), text to speech (TTS), word error rate (WER)

1. Introduction

Multilingual communication is a defining feature
of diverse linguistic landscapes, prominently ob-
served in regions like South Asia. In daily interac-
tions, speakers frequently blend languages such
as Bengali, Hindi, and English within a single ut-
terance, a phenomenon known as code-mixing or
code-switching (Auer, 2013; Moyer, 2002). Code-
mixing (CM) refers to the intra-sentential mixing
of linguistic units (morphemes, words, or phrases)
from two grammatical systems, whereas code-
switching (CS) denotes inter-sentential alterna-
tion. While technically distinct, both terms are of-
ten used interchangeably in practice (Kim, 2006).
This linguistic blending is highly prevalent in mul-
tilingual societies such as India (Harya, 2018),
presenting a complex ”cold-start” challenge for
speech technologies attempting to process rapid
cross-lingual alternations.

Alongside language blending, natural speech is
characterized by disfluencies such as filled pauses
(“uh,” “um”), repetitions, and restarts, which arise
from cognitive planning during speech produc-
tion (Shriberg, 2001; Adell et al., 2006). How-
ever, most existing corpora for under-resourced
Indic languages rely entirely on scripted, fluent
recordings (Saranya et al., 2025; Diwan et al.,
2021). Furthermore, contemporary ASR systems
typically treat disfluencies as acoustic noise to
be filtered out (Kundu et al., 2022; Zayats et al.,

2016). This sanitization strategy limits their util-
ity in conversational AI and behavioral modeling,
where hesitation markers carry critical semantic
weight. While recent text-based code-mixed re-
sources exist, such as BnSentMix (Alam et al.,
2024), they inherently lack the acoustic dimension
necessary for speech modeling. Speech-level cor-
pora capturing both code-mixing and spontaneous
disfluencies remain critically scarce, leaving this
domain largely unexplored (Sitaram et al., 2019).

Collecting naturalistic disfluent code-mixed
speech is prohibitively expensive for micro-
resource scenarios (e.g., datasets comprising
roughly one hour of audio). Modern end-to-end
ASR architectures generally demand hundreds of
hours to generalize (Hannun et al., 2014; Watan-
abe et al., 2018), often failing catastrophically in
cold-start settings on complex dialects. In con-
trast, Gaussian Mixture Model–Hidden Markov
Model (GMM-HMM) systems remain practical
and interpretable for severely data-constrained
environments (Besacier et al., 2014; Mohri et al.,
2008). To bridge this gap, we propose a scalable
synthetic methodology. We construct BEHE-
CMDisfl, generating disfluent Bengali–English
and Hindi–English code-mixed utterances using
OpenAI’s ChatGPT1 and synthesizing them with

1https://chatgpt.com/

https://chatgpt.com/


223

Indic Parler TTS2 (Lacombe et al., 2024; Lyth
and King, 2024). Rather than simply releasing a
dataset, we validate its utility across two distinct
ASR paradigms. First, we establish an efficient
GMM-HMM baselines using Kaldi (Povey et al.,
2011) to demonstrate the paramount importance
of lexicon consistency over model size. Second,
we demonstrate how a modern ASR model like
Whisper (Radford et al., 2023) which initially
struggles with this complex data can be efficiently
adapted using a lightweight fine-tuning method
called LoRA (Hu et al., 2022). This study thus
provides both a disfluency-aware corpus and a
proven recipe for bootstrapping under-resourced
conversational ASR.

1.1. Our Contribution
• We develop BEHE-CMDisfl, a synthetic

code-mixed Bengali–English (BE) and Hindi–
English (HE) speech dataset generated
through a controlled LLM–TTS pipeline that
explicitly integrates filled pauses, repetitions,
and restarts.

• We establish reproducible GMM-HMM base-
lines for micro-resource settings using Kaldi,
demonstrating that transliteration normaliza-
tion and lexicon consistency yield a robust
WER of 37.74%.

• We show that acoustic models can retain dis-
fluency markers in decoding outputs when ex-
plicitly modeled, supporting their inclusion in
conversational ASR.

• We demonstrate that targeted adaptation
of modern foundation models via LoRA re-
solves catastrophic zero-shot failures, reduc-
ing WER to 21.37% and accurately capturing
rapid language switching in disfluent synthetic
audio.

2. Related Works

Research on code-mixed language processing of-
ten targets high-resource scenarios, but multilin-
gual environments like South Asia present se-
vere ”cold-start” challenges for speech technolo-
gies. Early work primarily focused on textual
datasets for Hinglish, Banglish, and Tamil–English,
targeting sentiment analysis and sequence label-
ing tasks (Patra et al., 2018; Singh et al., 2018;
Alam et al., 2024; Nishat Raihan et al., 2023). On
the speech side, datasets such as MUCS 2021
(Diwan et al., 2021) and Prabhupadavani (Sand-
han et al., 2022) support multilingual ASR and

2https://huggingface.co/ai4bharat/
indic-parler-tts

speech translation. More recent efforts include
MediBeng (Ghosh, 2025) and Switchlingua (Xie
et al., 2025). While these resources advance
code-switched speech research, they generally cu-
rate fluent speech and filter out spontaneous ir-
regularities. Conversely, disfluency research is
well established in English-centric corpora like
Switchboard (Godfrey and Holliman, 1997) and
FluencyBank (Romana et al., 2024). Although re-
cent studies explore automatic disfluency detec-
tion (Amann et al., 2024) and synthetic augmenta-
tion (Bhat et al., 2023), speech-level corpora that
jointly capture code-mixing and acoustic disfluen-
cies for under-resourced languages remain criti-
cally scarce (Saranya et al., 2025). To overcome
this data bottleneck, recent methodologies lever-
age neural TTS and LLMs for scalable synthetic
augmentation (Thai et al., 2019; Yeo et al., 2026).
For instance, MixFluent (Paul et al., 2025) suc-
cessfully demonstrated the feasibility of generat-
ing code-mixed disfluent text using LLMs. How-
ever, it remains strictly limited to the textual modal-
ity. While MixFluent provides valuable linguistic
benchmarks, its lack of acoustic realization ren-
ders it unsuitable for training end-to-end speech
systems or modeling the prosodic features of dis-
fluency. Our dataset, BEHE-CMDisfl, directly ex-
tends this foundational research by bridging the
gap between text and speech. We not only adapt
the generation methodology for broader language
coverage incorporating both Bengali–English and
Hindi–English pairs, but crucially, we project these
textual disfluencies into the acoustic domain using
the Indic Parler TTS framework (Lacombe et al.,
2024; Lyth and King, 2024).

In terms of acoustic modeling, classical frame-
works like Kaldi remain highly effective for micro-
resource and code-switched settings (Kullmann,
2016; Yılmaz et al., 2016). While modern deep
learning architectures and foundation models
achieve state-of-the-art results in high-resource
scenarios (Panayotov et al., 2015; Bu et al., 2017;
Radford et al., 2023), their effectiveness in micro-
resource conditions remains severely limited, of-
ten suffering from catastrophic hallucinations or
overfitting (Dar and Pushparaj, 2026; Dhasmana
et al., 2026). Addressing this requires parameter-
efficient fine-tuning (PEFT) techniques, such as
LoRA (Hu et al., 2022), which have emerged as vi-
tal tools for adapting massive models to niche, low-
resource domains. Ultimately, existing literature
either emphasizes code-mixing without disfluency
(Pandey et al., 2018), text without audio, or relies
on data volumes unavailable to marginalized lan-
guages. Our study fills this gap by integrating ex-
plicit synthetic disfluency modeling with both clas-
sical and foundation-model ASR pipelines in a true
code-mixed micro-resource setting.

https://huggingface.co/ai4bharat/indic-parler-tts
https://huggingface.co/ai4bharat/indic-parler-tts
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3. Synthetic Data Generation
Pipeline

Rather than treating the data scarcity as a hurdle,
we treat it as a controlled generation problem. The
BEHE-CMDisfl dataset was constructed through
a modular, two-stage synthetic pipeline that com-
bines (i) ChatGPT based generation of code-
mixed disfluent text and (ii) Indic Parler TTS synthe-
sis to produce the corresponding speech. Bengali
and Hindi are treated as matrix languages, with
English as the embedded language. By simply
adjusting the language constraints in the prompt
and swapping in an appropriate target-language
TTS model, researchers can readily adapt this ex-
act methodology to bootstrap resources for other
severely under-resourced code-mixed pairs. The
design prioritizes controlled disfluency injection,
realistic code-switching behavior, and reproducibil-
ity of the generation process.

3.1. Text Corpus Design and Preparation
To ensure a generalized domain, we curated ref-
erence text prompts covering some of the major
conversational contexts:

• Daily life and informal communication (e.g.,
greetings, personal anecdotes, job oriented
discussions etc.)

• Task-oriented dialogs (e.g., customer–service
interactions)

• Education and classroom discussions among
teachers and students

• Healthcare and teleconsultation contexts

• Social media–style opinions, commentary
and discussions about sports and entertain-
ment

This step is a way to explore the intersection
of code-mixing and disfluency in bilingual speech
and text, with a focus on understanding how LLMs
handle code-mixed disfluent utterances. One of
the primary objectives was to explore LLMs’ capa-
bility to generate code-mixed disfluent sentences
and to address the lack of high-quality code-mixed
disfluent corpora, particularly for Indic languages.

3.2. LLM-Driven Text Generation
We designed our prompts as structured templates
rather than open-ended requests. In our experi-
ence, without clear instructions, LLMs often pro-
duce overly formal and fluent text that lacks the
natural irregularities of real conversation. To avoid
this, we added explicit constraints on speaker
roles, conversational setting, code-mixing level,

and especially the types and approximate fre-
quency of disfluencies. These guidelines helped
generate transcripts that include pauses, repeti-
tions, and self-corrections in a controlled yet nat-
ural way, making them more suitable for train-
ing and evaluating disfluency-aware ASR systems.
To generate real and natural code-mixed disfluent
text, we used a LLM, specifically, ChatGPT using
zero shot and few shot prompting techniques. A
typical prompt used to generate a BE-CM disfluent
textual conversational data is shown below:

You are a dialog generation assistant.
Generate realistic, informal conversa-
tions between multiple speakers in a
South Asian context (Bengali-English), in-
corporating the following instructions:
1. Speaker Roles and Identity

- Each line should start with the
speaker’s name followed by a colon,
e.g., ”Arjun: ...”
- Maintain consistent personality for
each speaker:

- Speaker A: friendly, informal,
slightly humorous
- Speaker B: polite, thoughtful,
sometimes hesitant

- Include a variety of speakers with
different age, gender, and occupa-
tion backgrounds.

2. Code-Mixing Requirements

- Blend Bengali with English naturally
within sentences.
- Code-mixing should occur at the
word level, phrase level, or mid-
sentence.
- Ensure frequent switching for real-
ism, but do not overuse English.

3. Disfluency Requirements

- Insert natural disfluencies like:
- Filled pauses: ”uh”, ”umm”,
"মােন", "আচ্ছা", ”you know”,
”hmm”, ”err”, etc.
- Repetitions: repeating words or
phrases
- Hesitations: restarting sen-
tences, partial words

- Include disfluencies in roughly 15–
25% of utterances.
- Disfluencies should appear ran-
domly but contextually plausible.

4. Conversation Context



225

- Base dialogs on everyday scenar-
ios:

- Catching up with friends
- Work or office discussions
- Academic or student-related in-
teractions
- Social plans or small talk about
sports, tours, etc.

- Keep conversations casual and nat-
ural.

5. Output Formatting

- Format each utterance as: Speak-
erName: <utterance>
- Avoid narration or meta-comments.
- Maintain proper punctuation.
- Use Unicode Bengali characters
where applicable.
- Do not translate English words
unnecessarily; retain natural code-
mixing.

6. Length

- Each conversation should contain
15-25 lines of dialog.

Example Instruction:
”Generate a casual conversation be-
tween two friends, Kabir and Aditi, where
they catch up about work and weekend
plans. Include filled pauses and sponta-
neous repetitions. Use Bengali-English
code-mixing naturally.”

We used this structured prompt in both zero-
shot and few-shot settings, adding examples to
stabilize speaker consistency and turn-taking. Ex-
plicit constraints on roles, code-mixing, and dis-
fluency show a balanced structural control with
natural flow. We performed no manual rewriting
beyond basic formatting checks (e.g., script con-
sistency and structural validation). All generated
dialogs are available on this repository3. An ex-
ample of the resulting Bengali-English code-mixed
dialogue, featuring the injected disfluent markers
and language switching generated using the LLM,
is shown below.

Arjun: Hello? এই… তু তু...- তুই শুনিছস েতা?
কী েয network problem, একদম….. উফ.....!
Kabir: হঁয্া হঁয্া, এখন clear পািচ্ছ! কী হেলা, এত
excited লাগেছ?
Arjun: আের, েশান! মােন… তুই েতা বলিছিল না
েয একটা ছুিট েপেল ঘুরেত যািব?

3https://github.com/anonrpd/
BEHE-CMDisf/tree/main/text_data

Kabir: হঁয্া ের, but… umm, এখন েতা plan
cancel-ই হেয় েগল মেন হয়। মােন, এরকম sud-
den ছুিট পােবা মেন কির িন।
Arjun: আের, cancel েকেনা? এই েদিখ, আমার-
ও Friday off আেছ, তাহেলই একটা short trip
plan করেত পাির, কী বিলস?
Kabir: উহ… wait, wait, তুই িক serious?
মােন, plan করেবা েতা িঠক আেছ, but… umm,
last moment-এ যিদ েকােনা problem হয়?
Arjun: আের না ের! এই… actually, একটা কথা
বলিছ, তুই... তুই েতা দাির্জ​িলং-এর কথা বলিছিল
আেগ?
Kabir: Umm… হঁয্া, but দাির্জ​িলং-এ েতা এখন
season! মােন… booking পাওয়া যােব?
Arjun: হঁয্া.... ের....! উহ...., wait, just একটা
minute, হঁয্া, একটা hotel আেছ েযখােন avail-
ability আেছ মেন হয়� But budget েতা… wait,
wait, তুই কত রাখার plan করিছিল?
Kabir: উম… budget? মােন, িকছু fixed
িছল না, but…but around Five K পড়েব না
একজেনর?
Arjun: উফ...উফ..... নানা....না! ওেতা না।
যিদ train-এ যাই..... আর… umm, hotel-টা
িঠকমেতা েদখেত পাির, তাহেলই চার-এ manage
হেয় যােব!
Kabir: Hmm… এই, but… উম, একটা কথা,
তুই parents-এর সােথ কথা বেলিছস েতা? না হেল
আবার last moment-এ…
Arjun: আের, বলেবা বলেবা! এখন েতা একদম
confirm করিছ না, যিদ তুই হঁয্া বিলস তাহেল বলেবা!
Kabir: হঁয্া, িঠক আেছ,... িঠক আেছ,... একটা
কাজ কর, তুই একবার hotel-এ call কের confirm
কর, আর ticket availability check কের েদখ!
Arjun: হঁয্া, একদম িঠক! Umm… আচ্ছা, এখন
phone-টা রািখ, তারপর details িনেয় আবার call
করিছ okay?
Kabir: হঁয্া, িঠক আেছ, জলিদ update েদ!
Arjun: হঁয্া হঁয্া, রাখিছ এখন! Bye!
Kabir: Bye!

3.3. Speech Synthesis with Indic Parler
TTS

The generated dialogs were converted into speech
using Indic Parler TTS developed by AI4Bharat4,
a multilingual neural TTS framework that supports
22 Indic languages. The model was selected
due to its support for Indic scripts and its abil-
ity to process mixed-script inputs, which is essen-
tial for Bengali–English and Hindi–English code-
mixed text. Unlike generic engines that filter out
noise, Indic Parler as seen in (Sankar et al., 2025)
accurately reproduces the fine-grained hesitations
and conversational markers that we need for this
study. Speaker profiles were defined through tex-
tual descriptions and supplied to the TTS model

4https://ai4bharat.iitm.ac.in/

https://github.com/anonrpd/BEHE-CMDisf/tree/main/text_data
https://github.com/anonrpd/BEHE-CMDisf/tree/main/text_data
https://ai4bharat.iitm.ac.in/
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to simulate inter-speaker variability across dialog
turns. This allowed consistent voice characteris-
tics within a conversation while preserving multi-
speaker structure.

Each generated text files (as described in the
previous section) was processed into speech ac-
cording to Algorithm 1. Utterances were seg-
mented into chunks of at most 25 words prior to
synthesis. This chunking strategy was adopted to
improve waveform stability and prevent degrada-
tion in longer inputs. The synthesized segments
were then concatenated to form a single audio file
per dialog. No manual post-editing was performed
on the generated waveforms beyond structural vali-
dation and file consistency checks. The generated
speech data are available on this repository5.

3.4. Statistical Analysis of the Dataset
To verify that our generation pipeline successfully
adhered to the injected constraints, we conducted
a detailed statistical analysis of both the textual
and acoustic outputs. The objective here is not
simply to describe the corpus, but to quantita-
tively show that our LLM-TTS methodology pro-
vides fine-grained, predictable control over com-
plex, spontaneous speech phenomena. We evalu-
ated the dataset across several metrics to ensure
a balance between structural realism and acoustic
stability.

3.4.1. Evaluation Metrics

Some of the evaluation metrics used are:
1. Mean Filler Percentage (%): Proportion of to-

kens in an utterance that are filler words (e.g.,
uh, um, ah).

2. Mean Repetition Percentage (%): Percent-
age of tokens that are repeated immediately
or within a short span.

3. Mean Restart Percentage (%): Fraction of
utterances exhibiting restart phenomena

4. Mean Code-Switch Percentage (%):
Ratio of words from the embedded (non-
matrix) language to total words, reflecting the
degree of code-switching.

5. Speech Ratio:
Proportion of the total duration of the audio
that contains active speech segments (exclud-
ing silence).

6. Speech Ratio Range:
Difference between the maximum and mini-
mum speech ratio across utterances in a cor-
pus.

5https://github.com/anonrpd/
BEHE-CMDisf/tree/main/speech_data

Algorithm 1 Text-to-Speech Generation for Disflu-
ent Bengali-English/Hindi-English Code-Mixed di-
alogs
Require: input_folder: directory of dialog

.txt files; speaker_profiles: speaker de-
scriptions

Ensure: output_folder: generated .wav au-
dio files

1: for each file F in input_folder do
2: Initialize audio_segments list
3: Read all lines from F
4: for each line in F (up to MAX_LINES) do
5: Parse line → speaker_name,

utterance_text
6: if speaker_name not in

speaker_profiles then
7: skip line
8: end if
9: speaker_desc =

speaker_profiles[speaker_name]
10: Split utterance_text into chunks ≤ 25

words
11: for each chunk do
12: Generate audio using

model.generate(tokenized_spe-
aker_desc, tokenized_chunk)
→ audio_waveform

13: Append audio_waveform to
audio_segments

14: end for
15: end for
16: if audio_segments not empty then
17: Concatenate audio_segments →

final_audio
18: Save final_audio as .wav in

output_folder
19: end if
20: end for

3.4.2. Text Data Analysis

The corpus includes 77 Bengali–English (BE-CM)
and 40 Hindi–English (HE-CM) code mixed disflu-
ent text dialog files, covering a range of conver-
sational contexts. As shown in Table 1, Bengali–
English dialogs contain an average of∼13.6 words
per utterance, while Hindi–English dialogs aver-
age ∼11.8 words. These values indicate moder-
ately sized conversational turns across both sub-
sets, with comparable structural organization.

Disfluency markers are present at controlled lev-
els throughout the corpus. Filled pauses account
for approximately 0.24–0.25% of tokens in both
sets. Restart phenomena occur in roughly 1.22–
1.35% of utterances, while repetition frequency is
higher in Bengali–English (0.37%) compared to
Hindi–English (0.14%). These values suggest that
disfluencies are distributed across dialogues with-

https://github.com/anonrpd/BEHE-CMDisf/tree/main/speech_data
https://github.com/anonrpd/BEHE-CMDisf/tree/main/speech_data
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Feature BE–CM
Text Data

HE–CM
Text Data

Total Files 77 40
Mean Utterances
per File 31.62 44.32
Mean Words/File 392.42 520.05
Mean Words
per Utterances 13.59 11.77
Mean Filler % 0.25 0.24
Mean Repetition % 0.37 0.14
Mean Restart % 1.35 1.22
Mean CS % 30.94 34.46

Table 1: Summary statistics of the Bengali–
English and Hindi–English disfluent code-mixed
text corpora.

out dominating overall utterance structure. Code-
switching constitutes a substantial portion of the
corpus. On average, 30.94% of tokens in the
Bengali–English dataset and 34.46% in the Hindi–
English dataset originate from the embedded lan-
guage. This indicates consistent bilingual alter-
nation within utterances across both language
pairs. Beyond mean statistics, variation across
files is observable in the distribution of switch-
ing behavior. Figure 1 shows that the Bengali–
English subset exhibits a broader switching range
(4.68%–62.93%), whereas the Hindi–English sub-
set demonstrates a comparatively narrower distri-
bution (22.44%–55.4%). This dispersion suggests
that code-mixing density varies across dialogue
contexts rather than remaining uniform throughout
the corpus. This contrast highlights the differential
nature of the generated text, likely reflecting the un-
derlying distribution of the LLM’s training data for
these specific language pairs.

3.4.3. Speech Data Analysis

The Bengali–English code mixed (BE-CM) speech
corpus comprises 77 recordings with mean dura-
tion of 195.8 s, while the Hindi–English code mixed
(HE-CM) set contains 40 recordings with mean du-
ration of 224.4 s. Table 2 clearly shows that both
subsets exhibit high speech ratios (>0.90), indicat-
ing minimal silence and stable conversational flow.
Average speech rates fall within 2.26–2.34 words
per second, consistent with natural bilingual con-
versational tempo. The relatively low standard de-
viation in speech rate suggests uniform articulation
speed across synthesized speakers.

The plot shown in figure 2 shows the scatter plot
of Duration vs Estimated Words that complements
this by showing a consistent relationship between
speech duration and word output for both the code-
mixed disfluent datasets, with regression trends

Feature BE-CM
Speech
Data

HE-CM
Speech
Data

Total recordings 77 40
Duration range (s) 108–

304
136–
329

Average duration (s) 195.8 224.4
Mean speech ratio 0.90 0.94
Speech ratio range 0.82–

0.95
0.91–
0.97

Estimated words per file 438.5 ±
110

525.4 ±
120

Speech rate (words/s) 2.26 ±
0.07

2.34 ±
0.05

Table 2: Comparative summary of Bengali-English
and Hindi-English speech corpora.

highlighting differences in speaking rate and ver-
bosity. Together, these results indicate that our
dataset maintains controlled disfluency injection
at the textual level, stable acoustic realization at
the speech level, and meaningful variation across
the two code-mixed language pairs. This com-
bination makes the dataset appropriate for low-
resource ASR benchmarking and exploratory stud-
ies on disfluency-aware modeling.

4. Experimental Validation

To assess the utility of the BEHE-CMDisfl corpus,
we evaluated it across two distinct ASR paradigms.
First, we established a classical statistical baseline
to determine if a model could learn to decode code-
mixed speech and preserve disfluency markers un-
der severe data constraints. Second, we studied
the dataset’s efficacy in adapting a modern founda-
tion model to this complex, out-of-domain linguis-
tic setting. We selected a 1.3-hour subset of the
BE-CM data for this study to rigorously evaluate
the pipeline’s effectiveness under the severe data
constraints typical of cold-start scenarios.

4.1. Kaldi GMM-HMM Acoustic Modeling
We utilized a GMM-HMM pipeline, which remains
a robust choice for micro-resource regimes where
deep learning models often fail to generalize.
While the LLM generates transcripts in mixed
Bengali-English Unicode as shown above previ-
ously, these were converted into a standardized
Romanized script (e.g., ’tui’ for তুই) for the Kaldi
pipeline. This step was crucial to ensure phonetic
consistency and reduce transliteration noise dur-
ing acoustic modeling . The dataset was parti-
tioned into a training set (12,006 words) and a
testing set (1,236 words), maintaining an approx-
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Figure 1: Code-Mixing Percentage Per Text File for Both the Languages.

Figure 2: Relationship between speech duration
and estimated word count for BE and HE datasets.

imate 90/10 split. We employed a standard fea-
ture extraction pipeline (MFCCs + deltas + delta-
deltas) and trained a progression of Monophone,
Triphone, and LDA-MLLT models. Regarding dis-
fluencies, while filled pauses and repetitions con-
sist of full lexical units, partial words (restarts) were
handled at the lexicon level. Truncated words
were mapped to a dedicated <UNK> or spoken-
noise token to ensure the model penalizes the er-
ror without failing the decoding graph, preserving
the acoustic evidence of the restart.

4.1.1. Results and Impact of Normalization

We observed that rigorous text normalization was
essential at this scale. Initial experiments with raw,
inconsistent transliterations (e.g., ”ar” vs ”aar” for
the Bengali word আর) produced a higher WER
of 42.74%. Standardizing the lexicon improved
this to 38.33%, highlighting that the quality of the
synthetic text prompts is as important as the au-
dio quality itself. Table 3 summarizes the final
WER performance across different acoustic mod-
eling stages. The Kaldi lexicon was derived by
combining a standard CMU Sphinx phone set with
a custom pronunciation dictionary for code-mixed

tokens. To resolve transliteration noise, we im-
plemented a rule-based phonetic normalization
pipeline that mapped variant spellings (e.g., ”ar”
vs ”aar”) to a single, consistent phonetic represen-
tation.

Model Configuration WER (%)
Monophone 51.14
Triphone (Tri1) 39.23
LDA-MLLT (Tri2b) 38.33
Wide-Beam Decoding (17.0) 37.74

Table 3: ASR performance (WER %) on the
Bengali-English disfluent code-mixed subset us-
ing the Kaldi GMM-HMM baseline. The system
achieves a best-case WER of 37.74% with wide-
beam decoding.

The results indicate that the synthetic data pos-
sesses sufficient phonetic consistency to train a vi-
able acoustic model from scratch. Notably, a sim-
pler Triphone model achieved a WER of 39.23%,
suggesting that for micro-resource synthetic data,
lexicon consistency is often more critical than
model complexity. The best performance (WER
of 37.74%) was achieved by widening the decod-
ing beam to account for the higher perplexity at
code-switching points. This 37.74% WER is par-
ticularly significant given the disfluent code-mixed
micro-resource regime. For context, recent stud-
ies on similar low-resource Indic languages us-
ing advanced Wav2Vec2 architectures reported
WERs as high as 47.10% even with significantly
more data (10 hours) (Dar and Pushparaj, 2026).
Our results demonstrate that for extremely scarce,
disfluent code-mixed data, a rigorously normalized
GMM-HMM pipeline performs better than the theo-
retical baselines of deep neural models which are
prone to severe overfitting in cold-start scenarios.
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4.1.2. Disfluency Retention

A key objective was to evaluate if the model could
capture synthetic disfluencies. Unlike standard
systems that often filter filled pauses, our GMM-
HMM baseline successfully retained these tokens.
Table 4 highlights two examples where the model
correctly transcribed filled pauses (”um”), repairs
(”i mean”), and repetitions (“oh oh”). This confirms
that the synthetic data provides sufficient spectral
evidence to treat disfluencies as valid lexical units
rather than background noise.

Case Type Transcript Sequence
1 Ref ... um i mean ekta choto re-

union
Hyp ... um i mean ekta choto re-

union
Status: Correctly identified repair
& filled pause

2 Ref acha oh oh
Hyp acha oh oh
Status: Correctly identified repetition

Table 4: Successful recognition of disfluent mark-
ers in the BE-CM disfluent synthetic test set.

4.2. Foundation Model Adaptation:
Whisper and PEFT

While classical models offer a stable base-
line, modern sequence-to-sequence foundation
models represent the state-of-the-art for high-
resource languages. We sought to determine
if our synthetic data could bridge the domain
gap for these models in an under-resourced,
code-mixed disfluent setting. We evaluated the
openai/whisper-small baseline on the same
1.3 hours of BE-CM disfluent audio data. In a
zero-shot setting, the model performed very poorly.
This failure was driven by severe generative hal-
lucinations where the model frequently failed to
predict end-of-sequence tokens, falling into infi-
nite loops and generating repetitive, non-existent
phrases. To resolve this, we applied Parameter-
Efficient Fine-Tuning (PEFT) using Low-Rank
Adaptation (LoRA). By fine-tuning the model for
just 1,000 steps on our synthetic subset, we
achieved a final WER of 21.37%.

The adaptation completely stabilized the decod-
ing process. Using LoRA adapters effectively de-
creased the hallucinatory insertion errors, teach-
ing the model to correctly identify utterance bound-
aries. Also, the fine-tuned model successfully
bridged the acoustic domain gap, accurately cap-
turing the rapid Bengali-English language switch-
ing and the specific prosodic cues of the synthetic
disfluencies. As a result, the primary error mode

shifted from massive structural hallucinations to
minor lexical substitutions. These results demon-
strate that our generation methodology, combined
with targeted adaptation, can transform a funda-
mentally unstable zero-shot baseline into a highly
robust ASR system.

5. Applications and Uses

The BEHE-CMDisfl corpus and our synthetic gen-
eration methodology offer scalable solutions for
under-resourced conversational disfluent code-
mixed speech technologies. Based on our experi-
ments, we identify four primary applications for this
work as described below:

• Adapting Foundation Models: Leveraging
targeted synthetic data alongside PEFT (e.g.,
LoRA) to bridge domain gaps and suppress
zero-shot hallucinations in massive models
like Whisper.

• Micro-Resource ASR Bootstrapping: Train-
ing robust acoustic models under extreme
data constraints (<2 hours) to accurately rec-
ognize and retain disfluencies as valid lexical
tokens.

• Disfluency Detection and Repair: Utilizing
explicitly aligned examples of hesitations and
restarts to train supervised NLP modules that
improve the readability of conversational tran-
scripts.

• Conversational TTS Modeling: Providing a
controlled, paired text-speech environment to
study and enhance synthetic voice prosody at
complex code-switching boundaries.

6. Conclusion and Future Work

6.1. Conclusion

We introduced BEHE-CMDisfl, a synthetic Bengali-
English and Hindi-English code-mixed corpus with
disfluencies. We validated this resource across
two ASR paradigms in a severe micro-resource
regime for the BE-CM data. First, a rigorously
normalized Kaldi GMM-HMM baseline achieved
a 37.74% WER, successfully retaining disfluency
markers as valid lexical units. Second, adapting
the Whisper foundation model via LoRA for just
1,000 steps suppressed severe zero-shot halluci-
nations, thus reducing the WER to 21.37%. These
results establish our LLM-TTS pipeline and tar-
geted adaptation as a scalable, effective method-
ology for solving the cold-start problem in disfluent
code-mixed under-resourced languages.
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6.2. Future Work
Our immediate road map for extending this
methodology includes:

• Real-Speech Validation: Addressing the
generalizability of our synthetic findings, by
curating a ’gold-standard’ test set of 3–5 hours
of real-world conversational speech. This will
provide a benchmark to quantify the ’Sim-to-
Real’ gap and determine how well the stud-
ied models perform in natural, noisy environ-
ments.

• Advanced Adaptation & Translation: Ex-
tending PEFT approaches to other architec-
tures (e.g., Wav2Vec2) and exploring the use
of this data for speech-to-speech translation
to normalize disfluent audio.

• Cross-Lingual Generalization: Testing the
language-agnostic scalability of our pipeline
on the Hindi-English disfluent code-mixed
subset and extending it to other morphologi-
cally rich languages like Tamil and Marathi.

6.3. Final Remarks
We believe BEHE-CMDisfl provides a practical,
reproducible resource for the community while
emphasizing transparency and ethical safeguards.
Researchers using the corpus should validate find-
ings on real conversational speech before deploy-
ment in safety-critical settings.

7. Ethical Considerations and
Limitations

We recognize both the benefits and potential
risks of generating synthetic, code-mixed, disflu-
ent speech. Key ethical aspects and mitigations
are summarized below:

Transparency: All generation steps—including
LLM prompts, TTS model versions, and post-
processing scripts—should be fully documented to
ensure reproducibility and accountability.

Misuse Risks: Synthetic speech can be ex-
ploited for voice spoofing or misinformation. To mit-
igate such misuse, dataset releases must include
clear usage guidelines, watermarking procedures,
and, where possible, benchmarks for deepfake de-
tection.

Bias and Representativeness: Both text gen-
eration and TTS systems inherit demographic
and linguistic biases. We report speaker cover-
age, avoid mimicking real individuals, and cau-
tion against overgeneralization across underrepre-
sented dialects.

Evaluation Limits: Synthetic disfluencies may
not fully capture natural conversational patterns;

results obtained from synthetic data should be val-
idated on real-world speech to ensure generaliza-
tion.

Privacy and Consent: As no real voices are
used, privacy risks are minimal. However, the po-
tential for misuse (e.g., impersonation) warrants
controlled access and restrictive licensing.
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