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Abstract

Punctuation plays a vital role in structuring
meaning, yet current models often struggle to
restore it accurately in transcripts of sponta-
neous speech, especially in the presence of
disfluencies such as false starts and backtrack-
ing. These limitations hinder the performance
of downstream tasks like translation, text-to-
speech, summarization, etc. where sentence
boundaries are critical for preserving quality.
In this work, we introduce Cadence, a general-
ist punctuation restoration model adapted from
a pretrained large language model. Cadence
is designed to handle both clean written text
and highly spontaneous spoken transcripts. It
surpasses the previous state-of-the-art in per-
formance while expanding support from 14 to
all 22 Scheduled Languages of India and En-
glish. We conduct a comprehensive analysis
of model behavior across punctuation types
and language families, identifying persistent
challenges under domain shift and with rare
punctuation marks. Our findings demonstrate
the efficacy of utilizing pretrained language
models for multilingual punctuation restoration
and highlight Cadence’s practical value for low-
resource NLP pipelines at scale.

1 Introduction

Punctuation plays a vital role in written language,
offering syntactic structure, semantic clarity, and
pragmatic cues such as pauses, emphasis, and sen-
tence boundaries. However, text generated by Auto-
matic Speech Recognition (ASR) systems or large-
scale web crawls often lacks punctuation (Bhogale
et al., 2025). This absence significantly impairs
both human readability and the effectiveness of
downstream NLP tasks like Machine Translation
(MT), Text Summarization, and Sentiment Analy-
sis, posing a widespread challenge in processing
raw textual data.
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Input Text
I love cooking my
family and my pets

Model Output
I love cooking, my

family, and my pets!

Implied Meaning: The speaker en-
joys cooking their family and pets.

Corrected Meaning: The speaker
enjoys three separate things.

Punctuate with Cadence

Figure 1: An example of critical disambiguation by our model, Cadence. By
inserting serial commas, the model correctly interprets the input as a list of three
distinct items, rather than a single, disturbing hobby.
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Figure 1: An example of critical disambiguation by our
model, Cadence. By inserting serial commas, the model
correctly interprets the input as a list of three distinct
items, rather than a single, disturbing hobby.

While punctuation restoration has progressed for
high-resource languages like English (Guhr et al.,
2021), Indic languages face substantial hurdles.
These include scarcity of annotated corpora, es-
pecially for low-resource languages, and linguistic
complexity with diverse scripts, grammars, and
unique marks like the Devanagari purna virama.
Prior efforts are often limited in language or punctu-
ation scope, or use non-scalable, language-specific
models, hindering cross-lingual generalization, par-
ticularly for under-represented languages (Gupta
et al., 2022).

To bridge this gap for Indic languages, we
first construct a large, diverse multilingual punc-
tuation corpus covering both written and ASR-
transcribed text, aggregating multiple sources, in-
cluding Sangraha-verified (Khan et al., 2024), In-
dicVoices (Javed et al., 2024), translated Cosmo-
pedia (Ben Allal et al., 2024), and IndicCorp-
v2 (Doddapaneni et al., 2023). Secondly, we
adapt the GEMMA3-1B-PRETRAIN model (Team
et al., 2025) for punctuation restoration by con-
verting it into a bidirectional transformer using
a Masked Next Token Prediction (MNTP) objec-
tive (BehnamGhader et al., 2024), which we call
Cadence. Thirdly, we evaluate the model’s per-
formance on crucial and frequently used punctua-
tions as well as rare punctuations. Moreover, we
establish Cadence as the state-of-the-art tool for
punctuation restoration across both written and spo-
ken contexts in English and 22 Indian languages;
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Gemma-3-1B: Unidirectional
to Bidirectional Attention

w1 w2 w3 w4

STAGE - 1 Architectural
Modification

w1 w2 w3 w4 w1 w2 [MASK] w4

STAGE 2: Pre-training

Masked Next Token
Prediction

Dataset: Fineweb-2

L = – log P (w3 | w1, w2, [M], w4)

STAGE 3: Fine-Tuning

Gemma-3-1B: Bidirectional
attention

Input: Wow that was
amazing isn't it

Ouput: Wow, that was
amazing, isn't it?

Datasets:
Sangraha Verified,

Cosmopedia, 
IndicVoices, 
IndicCorpV2

Punctuation Restoration

Figure 2: Overview of our training methodology. Stage-1: Modify causal attention to bidirectional attention.
Stage-2: Pre-train with Masked Next Token Prediction Objective. Stage-3: Train for punctuation restoration, as a
token-level classification task. Figure inspired from BehnamGhader et al., 2024.

Assamese, Bengali, Bodo, Dogri, Gujarati, Hindi,
Kannada, Kashmiri, Konkani, Maithili, Malayalam,
Manipuri, Marathi, Nepali, Odia, Punjabi, Sanskrit,
Santali, Sindhi, Tamil, Telugu, and Urdu. Finally,
we evaluate Cadence across two downstream tasks,
namely: Machine Translation and Speech Transla-
tion.

Cadence establishes a new state-of-the-art
(SOTA) performance across multiple Indic lan-
guages and domains, surpassing existing baselines
with an average Macro F1 improvement of 77%
while also introducing support for 11 new lan-
guages. It demonstrates significant gains in transla-
tion quality, on average improving the BLEU score
by 1.75 and the chrF++ score by 1.55 for Machine
Translation. For Speech Translation, it achieves an
even greater enhancement with an average increase
of 2.4 in the BLEU score and 2.85 in the chrF++
score. To foster further advancements and support
downstream applications, we release all code, mod-
els and other artifacts publicly under permissive
licenses.

2 Related Work

Punctuation Restoration in Machine Transla-
tion and Speech Translation: Punctuation restora-
tion (PR) is a crucial preprocessing step for ma-
chine translation (MT) and speech translation (ST).
In MT, punctuation provides essential segmenta-
tion and syntactic cues vital for translation quality
(Vandeghinste et al., 2018); its absence degrades

translations. The impact is greater in ST, where un-
punctuated Automatic Speech Recognition (ASR)
transcripts hinder segmentation crucial for real-
time systems and data alignment (Javed et al., 2024;
Sankar et al., 2025).
Punctuation Restoration for Indic Languages:
Indic languages present unique PR challenges due
to linguistic diversity and specific punctuation con-
ventions. Early efforts were often monolingual,
limiting scalability and cross-lingual transfer (Tri-
pathy and Samal, 2022; Gupta et al., 2022). Gupta
et al. (2022) introduced IndicPunct, a suite of mono-
lingual transformer-based models for 14 Indian lan-
guages. While effective on formal text, IndicPunct
faced limitations with spontaneous speech tran-
scripts and a restricted punctuation set. These short-
comings highlight the need for more robust, gen-
eralist models for Indic languages, especially for
spontaneous speech.
Resources and Models for Punctuation Restora-
tion: While punctuation restoration has shifted
from BERT-based classifiers (Gupta et al., 2022;
Guhr et al., 2021) to LLMs (Sankar et al., 2025),
a critical gap remains for Indic languages. Most
models are trained on formal web text (Penedo
et al., 2024; Doddapaneni et al., 2023) and perform
poorly on disfluent spontaneous speech, a problem
exacerbated by the lack of large, punctuated spoken
corpora. Consequently, non-autoregressive models
that generalize across written and spoken domains
while handling large punctuation sets are rare, a
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void that Cadence; a scalable, multilingual, LLM-
based model; is designed specifically to address.

3 Methodology

Our approach to developing a robust multilingual
punctuation restoration model hinges on two core
pillars: a comprehensive data strategy designed
to encompass linguistic diversity and varied text
styles, and a multi-stage model training and adap-
tation process.

3.1 Data Strategy for Multilingual
Punctuation Restoration

The foundation of our methodology lies in the care-
ful curation and utilization of diverse textual data
for both pre-training and fine-tuning phases.
Pre-training Data Corpus: For the initial con-
tinual pre-training phase, we leverage large-scale,
high-quality multilingual web corpora. These re-
sources are selected for their broad linguistic cover-
age, providing the model with exposure to a wide
array of languages and writing styles. This exten-
sive, general-domain data helps in building founda-
tional representations that are adaptable to various
downstream tasks and linguistic contexts.
Fine-tuning Data Amalgamation: We construct
a large, diverse fine-tuning dataset by aggregat-
ing text from various corpora spanning multiple
domains (e.g., news, literature, web text, extem-
pore text) and styles. This dataset combines formal
written text with unstructured spoken language tran-
scripts, which features disfluencies, repetitions, and
false starts, to expose the model to a wide range of
punctuation patterns, improving its robustness and
ability to generalize across real-world inputs.

3.2 Model Training and Adaptation

The model undergoes a multi-stage training pro-
cess, starting from a pre-trained foundation, fol-
lowed by continual pre-training for domain and
multilingual adaptation, and culminating in task-
specific fine-tuning.

3.2.1 Model Architecture Adaptation
We begin with a foundation pre-trained transformer-
based language model. Standard autoregressive
language models are typically designed for unidi-
rectional text generation, processing context only
from preceding tokens. However, for sequence
tagging tasks like punctuation restoration, where
understanding the surrounding context is crucial,

bidirectional information flow (accessing both pre-
ceding and succeeding tokens) is highly beneficial.
Therefore, we adapt the model’s attention mecha-
nism to be fully bidirectional. This modification
allows each token to attend to all other tokens in
the input sequence, enabling a richer contextual
understanding necessary for accurate punctuation
prediction during subsequent training stages.

3.2.2 Continual Pre-training for Enhanced
Representation

To further adapt the bidirectionally-modified model
for the nuances of the diverse linguistic landscape
it will encounter and to better prepare it for the
sequence tagging nature of the punctuation restora-
tion task, we perform a dedicated phase of contin-
ual pre-training.
Masked Next Token Prediction: We employ a
Masked Next Token Prediction (MNTP) objective,
adapted from BehnamGhader et al. (2024). In this
setup, after masking a random subset of input to-
kens, the model’s task is to predict a masked token
at position i + 1 using only the representation of
its preceding, unmasked token i. Although the rep-
resentation for token i is built using bi-directional
attention over the entire unmasked sequence, the
predictive objective remains strictly local. This de-
sign compels the model to learn strong local depen-
dencies, making it particularly effective for tasks
like punctuation prediction where the immediately
preceding word is the most salient cue.
Curriculum Learning for Multilingual Adapta-
tion: Given the significant variation in data avail-
ability (ranging from high-resource to low-resource
languages) and the diverse linguistic characteristics
across the target languages, we adopt a curricu-
lum learning strategy during continual pre-training.
This staged approach gradually introduces linguis-
tic complexity to the model:
1. Foundation Phase: Training initially focuses
on a high-resource language (a language with abun-
dant available training data) to establish robust
foundational representations.
2. High-to-Mid Resource: The model is then
exposed to a group of mid-to-high-resource lan-
guages. These are languages for which substantial
amounts of training data are available, though typ-
ically less than the initial high-resource language.
This phase allows the model to begin generalizing
across related linguistic structures and benefit from
these larger datasets.
3. Low Resource: Subsequently, lower-resource
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languages are introduced. These are languages
characterized by comparatively limited availability
of training data. This step encourages knowledge
transfer from the more data-rich languages learned
in previous phases, which is critical for achieving
good performance on languages with scarce data.
4. Consolidation Phase: Finally, the model is
trained on a mixture of data from all supported
languages. This phase aims to consolidate learning
across the entire linguistic spectrum and mitigate
potential catastrophic forgetting of earlier-learned
languages or features.

This progressive exposure helps the model to in-
crementally adapt to increasing linguistic diversity
while maintaining training stability and fostering
cross-lingual transfer.

3.2.3 Task-Specific Fine-tuning for
Punctuation Restoration

Following the continual pre-training phase, the
adapted language model is fine-tuned specifically
for the punctuation restoration task using the amal-
gamated dataset described earlier.
Task Formulation: We frame punctuation restora-
tion as a token-level sequence classification prob-
lem. For each token in an input unpunctuated se-
quence, the model’s objective is to predict the punc-
tuation mark that should follow it. If no punctua-
tion is appropriate after a token, it predicts a special
label, indicating the absence of punctuation.
Model Head: To adapt the pre-trained model for
this classification task, its original language model-
ing head is replaced with a new task-specific head.
This consists of a linear classification layer that
takes the final hidden state representation of each
input token and outputs logits over the set of possi-
ble punctuation classes.
Punctuation Label Space: The model is trained to
predict a comprehensive set of punctuation marks,
including standard punctuation marks, as well as
script-specific punctuation found within the target
language and frequently occurring combinations of
punctuation marks to capture more complex typo-
graphic conventions.
Sampling Strategy for Data Imbalance: Recog-
nizing the data imbalance across languages in our
fine-tuning corpus, we employ a weighted sam-
pling strategy. This technique ensures adequate
representation for low-resource languages by over-
sampling their data, thereby promoting balanced
learning and robust cross-lingual performance (Ari-
vazhagan et al., 2019).

Figure 3: Statistics of our training corpus, showing the num-
ber of entries available for each supported language, repre-
sented in thousands.

Punctuation
Mark Instances

. 8,916k
, 12,777k
? 531k
- 2,949k
; 308k
_ 183k
! 675k
’ 1,720k

… 28k
“ 1,057k
। 10,002k
( 1,697k
) 1,235k
: 1,159k
٬ 377

Punctuation
Mark Instances

۔ 1,537k
؟ 72k
.“ 89k
). 66k
), 118k
“, 10k
“. 10k
?” 41k
”? 578
।” 100k
”। 14k
، 875k
᱾ 203k
॥ 420k
᱾। 86k

1

Table 1: Breakdown of supported punctuation marks
and the number of instances for each in our training
corpus, represented in thousands.

4 Experimental Setup

In this section, we describe the datasets, training
procedures, and metrics used to evaluate Cadence.

4.1 Datasets
The development of Cadence relies on carefully cu-
rated datasets for both its continual pre-training and
task-specific fine-tuning phases, ensuring broad lin-
guistic coverage and exposure to diverse text styles.

Pretraining Dataset We source pretraining data
from the Indic subset of FineWeb-2 (Penedo et al.,
2024). This high-quality, multilingual web corpus
provides broad coverage across the Indian linguis-
tic landscape, a result of its web-scale collection
and rigorous filtering.

Fine-tuning Dataset: To adapt our model for the
punctuation task, we constructed a multilingual
training corpus by aggregating data from four di-
verse sources, each contributing complementary
strengths. Sangraha-Verified (S) provides high-
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quality, accurately punctuated formal text (Khan
et al., 2024); IndicVoices-ST (IV) offers punctu-
ated transcripts of spontaneous speech, capturing
spoken language patterns (Sankar et al., 2025); the
Translated Cosmopedia (C) dataset introduces
syntactically varied, structured knowledge content
(Ben Allal et al., 2024); and IndicCorp-v2 (IC)
contributes wide-domain natural language text with
rich punctuation usage (Doddapaneni et al., 2023).
This combination ensures broad linguistic coverage
and stylistic diversity.

By combining these sources, we create a robust
training corpus. Figure 3 provides a detailed break-
down of this aggregated dataset, showing the ap-
proximate number of training instances per lan-
guage and Table 1 shows the counts for each of
the 30 supported punctuation labels in the overall
training set.

4.2 Training Details

In this section we elucidate the training details in-
cluding model architecture, pretraining and finetun-
ing details and evaluation setup.

4.2.1 Model Architecture
We adopt GEMMA3-1B-PRETRAIN (Team et al.,
2025) as our base model. Although Gemma is orig-
inally designed as a causal decoder for text genera-
tion, punctuation restoration benefits from access
to bidirectional context. We replace its causal at-
tention mechanism with bidirectional attention to
attend to both left and right contexts.

4.2.2 Continual Pretraining
To adapt the modified GEMMA3-1B-PRETRAIN

model to the multilingual and low-resource nature
of the task, we perform continual pretraining (CPT)
using the MNTP objective and a curriculum over
languages.
Curriculum Learning Strategy: To manage lin-
guistic diversity and data imbalance, we employ a
four-phase curriculum (Dabre et al., 2019) with pro-
gressively adjusted masking ratios. We first contin-
ually train the model on English (0.30 ratio), then
adapted to 13 high- and mid-resource Indic lan-
guages (Hindi, Telugu, Tamil, Bengali, Malayalam,
Marathi, Kannada, Gujarati, Assamese, Oriya, Pun-
jabi, Sindhi, Urdu) with a 0.25 ratio. Subsequently,
low-resource languages including Bodo, Dogri,
Konkani, Kashmiri, Maithili, Manipuri, Nepali,
Sanskrit, and Santali are introduced (0.15 ratio)
to encourage generalization. In the final phase

(last 10% of steps), all 23 languages are trained
on jointly (0.25 ratio) to consolidate learning and
mitigate catastrophic forgetting.

4.2.3 Finetuning
After the pretraining stage, the model is fine-tuned
for supervised punctuation restoration, framed as
token-level sequence tagging. For each input to-
ken, it predicts a subsequent punctuation mark or
an O (Outside) label if no punctuation follows. To
achieve this, we modify the output vocabulary of
GEMMA3-1B-PRETRAIN to handle the token-level
sequence tagging task, training it to predict one
of 30 punctuation classes or an O (Outside) label
for each token. This comprehensive label space
(detailed in Table 1) includes standard English,
Indic-specific, Arabic-script (Urdu) marks, and fre-
quent multi-character combinations, enabling fine-
grained modeling of diverse writing styles.

We train Cadence using the AdamW optimizer
(Loshchilov and Hutter, 2019) with a max learning
rate of 2 × e−4 with 10% of the training steps as
warmup followed by a cosine decay to 1 × e−6,
with an effective batch size of 64.

4.3 Evaluation

Test Set: Our intrinsic evaluation set com-
prises held-out samples from IndicCorp-v2 (IC),
Sangraha-Verified (S), a translated Cosmopedia
dataset (C), and BPCC (Gala et al., 2023). For
spontaneous speech transcripts from the syntheti-
cally augmented IndicVoices-ST (IV) dataset, us-
ing Gemini-2.5-Flash (Comanici et al., 2025), we
apply an additional programmatic quality filter (re-
fer Appendix F). We scored punctuation quality
from 1–5 (τ ) and retained only samples with τ ≥
4.5, ensuring a reliable test-set for this domain.

To assess Cadence’s downstream impact, we
evaluate its punctuations on machine translation
over the held out set of Cosmopedia-Translated
(C) and parallel subset of Sangraha-Verified (S)
and on speech translation using data sampled
from IndicVoices-dev (Javed et al., 2024) and
Gigaspeech-test (Chen et al., 2021). For the latter,
Gemini-2.5-Pro (Comanici et al., 2025) serves as
the expert system to obtain reference translations.
Evaluation Metric: We evaluate the model’s per-
formance using the Average Macro F1 score. To
assess the downstream relevance of punctuation,
we evaluate its impact on translation quality us-
ing chrF++ (Popović, 2017) because of its strong
correlation with human judgements (Sai B et al.,
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Language
Number of

Samples Cadence (Ours) IndicPunct DMP

Formal Extempore S IC C BPCC IV S IC C IV IC BPCC

High-resource Languages

English 1,035 – – 0.54 – 0.63 – x x x x 0.54 0.50

Mid-resource Languages

Bengali 1,499 1,447 0.54 0.72 0.84 – 0.60 0.30 0.54 0.20 0.42 x x
Marathi 1,786 1,216 0.73 0.74 0.82 – 0.56 0.21 0.35 0.22 0.49 x x
Malayalam 1,532 1,270 0.67 0.74 0.77 – 0.69 0.29 0.43 0.22 0.41 x x
Hindi 1,669 1,273 0.61 0.76 0.84 – 0.65 0.34 0.5 0.23 0.46 x x
Urdu 1,562 1,252 0.65 0.72 0.64 – 0.76 x x x x x x
Tamil 1,447 1,369 0.65 0.72 0.78 – 0.59 0.25 0.58 0.20 0.44 x x
Telugu 1,451 1,308 0.76 0.74 0.80 – 0.54 0.23 0.4 0.19 0.32 x x
Kannada 1,473 1,165 0.60 0.79 0.77 – 0.61 0.25 0.45 0.19 0.41 x x
Assamese 1,426 1,275 0.71 0.76 0.81 – 0.60 0.30 0.48 0.24 0.48 x x
Odia 1,341 1,723 0.72 0.77 0.68 – 0.72 0.28 0.44 0.20 0.38 x x
Punjabi 1,424 1,322 0.70 0.71 0.69 – 0.48 0.36 0.43 0.32 0.51 x x
Gujarati 1,479 1,063 0.58 0.64 0.80 – 0.54 0.19 0.33 0.19 0.34 x x

Low-resource Languages

Nepali 1,111 954 0.69 0.78 – – 0.51 x x x x x x
Sanskrit 1,118 983 0.23 0.51 – 0.43 0.35 x x x x x x
Sindhi 1,277 947 0.52 0.50 – 0.33 0.37 x x x x x x
Santali 443 575 – 0.79 – – 0.37 x x x x x x
Maithili 984 998 0.64 0.73 – 0.50 0.40 x x x x x x
Konkani 994 993 0.78 0.61 – 0.32 0.37 x x x x x x
Bodo 1,057 860 – 0.75 – 0.42 0.29 x x x x x x
Kashmiri 1,259 981 – 0.66 – 0.52 0.33 x x x x x x
Dogri 919 995 – 0.52 – 0.42 0.30 x x x x x x
Manipuri 1,074 – – – – 0.44 – x x x x x x

Average 29,360 23,969 0.63 0.67 0.77 0.44 0.50 0.27 0.45 0.22 0.42 0.54 0.50

Table 2: Comparison of Punctuation Restoration Model Performance Across Languages and Metrics. An x indicates
that the model does not support the given language. A – indicates that results are unavailable due to insufficient
high-quality data samples. All scores are reported on Focus Labels for consistency and comparability. The languages
are sorted in descending order by the number of samples in their training set and then divided into three categories:
high-resource, mid-resource, and low-resource.

2023). We also present BLEU (Papineni et al.,
2002) scores for completeness. BLEU score is
based on SacreBLEU (Post, 2018). Together, these
metrics provide a comprehensive view of both in-
trinsic restoration accuracy and its extrinsic effect
on real-world tasks such as machine translation.

Baselines: We compare Cadence against two
primary baselines: (i) IndicPunct (Gupta et al.,
2022), a series of language-specific models de-
rived from fine-tuned IndicBert, and (ii) Deepmul-
tilingualpunctuation (DMP) (Guhr et al., 2021), a
model trained on European languages that we use
for English evaluation. A key limitation of both
baselines is their support for a restricted set of punc-
tuation marks. To ensure a fair comparison across
these different label scopes, we evaluate all models
on a common subset we term “focus labels". This
set includes the period, comma, colon, question
mark, and several script-specific marks.

5 Results

In this section, we evaluate Cadence’s performance
through a series of analyses. First, we compare it
against baselines on both focus and all-label sets.
Next, we assess its robustness on formal versus
spontaneous text. We then test its generalization
to unseen languages and, finally, evaluate it on
downstream tasks.

5.1 Performance on Focus vs. All Labels and
Baseline Comparison

Cadence substantially outperforms existing base-
lines across multiple datasets, as detailed in Ta-
ble 2. It achieves a score of 0.67 on IndicCorp-v2,
markedly surpassing both IndicPunct and Deep-
MultilingualPunctuation (0.54). The performance
gap is even larger on Sangraha-Verified (0.63 vs.
0.27) and Translated Cosmopedia (0.77 vs. 0.22).
On the IndicVoices speech dataset, Cadence also
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Language Formal Extempore

All
Labels

Focus
Labels

All
Labels

Focus
Labels

High-resource Languages

English 0.38 0.59 —- —-

Mid-resource Languages

Bengali 0.50 0.70 0.38 0.60
Marathi 0.49 0.82 0.43 0.56
Malayalam 0.51 0.67 0.34 0.69
Hindi 0.49 0.82 0.38 0.65
Urdu 0.46 0.68 0.73 0.76
Tamil 0.50 0.76 0.30 0.59
Telugu 0.53 0.79 0.35 0.54
Kannada 0.45 0.65 0.40 0.61
Assamese 0.53 0.80 0.42 0.60
Odia 0.42 0.71 0.44 0.72
Punjabi 0.45 0.68 0.40 0.48
Gujarati 0.50 0.67 0.43 0.54

Low-resource Languages

Nepali 0.44 0.73 0.36 0.51
Sanskrit 0.21 0.35 0.20 0.35
Sindhi 0.29 0.45 0.24 0.37
Santali 0.58 0.79 0.20 0.37
Maithili 0.36 0.59 0.27 0.40
Konkani 0.36 0.57 0.18 0.37
Bodo 0.38 0.58 0.31 0.29
Kashmiri 0.32 0.57 0.23 0.33
Dogri 0.24 0.42 0.27 0.30
Manipuri 0.26 0.44 —- —-

Average 0.42 0.65 0.35 0.50

Table 3: Cadence: Per-language Average Macro F1
Scores on Written and spontaneous speech transcripts
test sets, evaluated on all 30 punctuation labels.

demonstrates superior performance (0.50 vs. 0.42).
This strong performance is reflected in its overall

scores on critical focus labels, where it reaches 0.79
on written text and 0.62 on spontaneous speech (Ta-
ble 3). When evaluated on the more challenging
full set of 30 punctuation marks, the model scores
0.42 (written) and 0.35 (speech). As expected,
these scores are lower due to the increased complex-
ity of predicting rarer marks and those with greater
stylistic and syntactic nuance. Notably, Cadence
provides this robust performance across numerous
Indic languages unsupported by prior work.

5.2 Performance on Formal Written Text vs.
Extempore Transcripts

Cadence consistently performs better on formal
written text than on extempore speech transcripts.
For “focus labels", the overall score is 0.65 for
written text versus 0.50 for spontaneous speech
transcripts (Table 3). A similar trend is observed
for “all labels", with scores of 0.42 (written) and

0.35 (extempore).
Furthermore, spontaneous utterances often

present reduced syntactic regularity, featuring frag-
mented constructions and anacolutha, making the
automatic identification of logical punctuation
points ambiguous. These difficulties are notably ex-
acerbated by the comparatively limited availability
of large, diverse, and accurately annotated training
corpora for spontaneous speech transcripts, hinder-
ing the model’s ability to learn robust patterns for
these irregular linguistic phenomena.

5.3 Generalization to Unseen and
Low-Resource Languages

In this section, we investigate Cadence’s ability to
generalize to languages and conditions not exten-
sively covered during fine-tuning.

Zero-Shot Generalization on Bhojpuri: We
evaluate Cadence on Bhojpuri text from FineWeb-
2 (Penedo et al., 2024). Bhojpuri was absent
from Cadence’s CPT and fine-tuning, though the
base GEMMA3-1B-PRETRAIN model (Team et al.,
2025) had prior exposure. In this zero-shot setting,
Cadence achieved a Macro F1 score of 0.46 on “fo-
cus labels", indicating a promising capability for
unseen language adaptation.

Low-Resource Performance on Manipuri: The
low-resource language Manipuri presents signifi-
cant challenges, as there is minimal training data
and the tokenizer could not process the native
Meitei Mayek script well. Consequently, our work
relied on available Manipuri data written in the Ben-
gali script. Even with these data limitations, Ca-
dence scored 0.44 on focus labels (BPCC dataset,
Table 2) and 0.26 on all labels (written text, Ta-
ble 3), demonstrating its potential in constrained
training environments.

5.4 Downstream Evaluations

Applying our punctuation restoration model, Ca-
dence, as a pre-processing step substantially im-
proves downstream translation quality for both text
and speech, as detailed in Table 4.

For machine translation (MT), text punctuated
by Cadence achieves chrF++ scores that approach
those of human-annotated sources in both XX →En
direction and En →XX direction. On average,
punctuating by Cadence improves score of 1.55
chrF++. Similar gains are observed in speech
translation (ST), where punctuating raw ASR tran-
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Language
Machine Translation Speech Translation

Indic to English English to Indic Indic to English English to Indic

w/o p. w/ p. w/ r. p. w/o p. w/ p. w/ r. p. w/o p. w/ r. p. w/o p. w/ r. p.

Assamese 9.6 / 44.4 16.8 / 50.5 13.0 / 47.5 5.4 / 38.4 8.3 / 40.8 6.4 / 39.6 10.9/40.1 12.8/42.3 8.5/39.4 9.8/40.9
Bengali 11.6 / 45.8 16.9 / 48.7 14.7 / 47.6 10.1 / 46.5 13.5 / 48.5 12.4 / 48.6 19.8/47.9 25.4/52.5 10.9/40.6 12.5/42.6
Bodo 17.2 / 49.1 23.0 / 53.1 17.2 / 49.1 12.5 / 35.4 11.1 / 33.1 10.8 / 33.2 x x x x
Gujarati 12.8 / 45.6 18.9 / 50.6 15.3 / 48.0 12.6 / 43.6 20.6 / 48.4 18.0 / 47.1 22.3/50.8 25.8/53.3 19.2/47.7 23.2/50.5
Hindi 15.7 / 49.5 19.4 / 52.0 17.3 / 50.8 19.8 / 50.9 19.5 / 49.2 21.1 / 51.6 23.2/49.3 27.0/52.7 20.8/46.6 23.9/48.9
Kannada 9.9 / 44.8 16.4 / 49.9 12.1 / 46.7 7.0 / 43.5 13.7 / 49.1 10.1 / 47.1 12.5/36.3 15.1/41.2 11.1/44.6 14.0/47.3
Kashmiri 4.8 / 32.2 7.2 / 34.0 4.6 / 31.0 3.2 / 21.4 5.2 / 24.2 3.0 / 21.6 x x x x
Konkani 1.4 / 24.7 2.2 / 28.3 15.3 / 26.8 0.7 / 23.0 0.8 / 22.3 0.7 / 22.7 x x x x
Maithili 2.8 / 27.1 4.3 / 30.9 3.3 / 28.6 0.9 / 20.3 1.2 / 20.9 0.8 / 20.4 15.5/40.1 19.4/43.9 10.1/38.1 11.5/39.7
Malayalam 8.6 / 44.1 15.5 / 50.0 10.0 / 45.4 5.6 / 42.0 13.3 / 49.0 8.7 / 46.0 21.0/47.2 23.3/50.2 9.6/43.6 11.7/46.1
Marathi 12.2 / 47.0 17.8 / 51.4 15.9 / 50.1 9.6 / 44.7 12.1 / 45.0 10.9 / 45.5 21.2/48.7 24.8/51.5 12.3/42.8 15.2/45.0
Nepali 8.2 / 34.7 13.5 / 41.7 12.8 / 40.5 3.3 / 32.1 4.5 / 32.5 3.2 / 30.9 x x x x
Oriya 8.1 / 41.5 14.2 / 46.8 10.1 / 43.6 3.3 / 34.0 5.7 / 36.6 3.6 / 35.1 20.2/47.0 26.5/51.8 10.6/41.3 11.5/42.3
Punjabi 14.5 / 50.7 26.4 / 59.9 18.2 / 53.9 15.5 / 46.0 24.8 / 52.6 19.6 / 49.7 25.2/52.7 30.4/56.3 18.7/45.2 21.8/47.4
Sanskrit 1.7 / 26.7 2.4 / 29.1 2.0 / 28.3 0.5 / 22.2 0.8 / 23.6 0.6 / 22.6 x x x x
Tamil 9.8 / 44.0 14.7 / 48.0 10.8 / 44.7 7.1 / 47.0 14.1 / 53.5 10.1 / 51.0 14.8/40.2 18.5/44.7 9.3/42.5 11.8/44.6
Telugu 9.8 / 43.8 14.0 / 46.0 11.2 / 44.5 9.9 / 44.3 16.2 / 49.5 12.9 / 47.6 20.0/48.6 25.0/52.3 10.7/42.8 13.3/45.3
Urdu 12.5 / 48.5 14.9 / 49.2 12.4 / 47.9 17.7 / 46.7 20.8 / 49.6 19.5 / 49.2 26.6/53.4 30.2/56.0 22.8/47.9 24.7/49.7

Average 9.5 / 41.4 14.3 / 46.1 11.4 / 43.0 8.0 / 37.9 11.5 / 40.5 9.6 / 39.4 21.0/46.3 23.4/49.9 13.4/43.3 15.8/45.4

Table 4: Combined Translation Quality for Machine and Speech Translation. Each cell reports BLEU/chrF++
scores. For Machine Translation, scores are evaluated without (w/o p.), with (w/ p.), and with restored (w/ r. p.)
punctuation. For Speech Translation, scores are evaluated without (w/o p.) and with restored (w/ r. p.) punctuation
using Cadence. Bolded scores indicate statistically significant improvement by restoring punctuations. Underlined
scores (for MT only) show cases where ground-truth and restored punctuations do not improve scores with statistical
significance. Unbolded scores (for MT only) show cases when there is no statistically significant difference between
unpunctuated and restored punctuation scores. Refer to Tables A5 and A3 for p-values.

scripts improves scores by an average of 3.6 chrF++
(XX →En) and 2.1 chrF++ (En →XX).

This effectiveness is clear across language pairs.
For instance, in Punjabi-to-English, Cadence lifts
the MT score from 50.7 to 53.9 and the ST score
from 52.7 to 56.3. Likewise, for English-to-
Gujarati, the MT score increases from 43.6 to 47.1,
while the ST score rises from 47.7 to 50.5.

The substantial gains observed, especially on
the chrF++ metric, underscore our model’s capac-
ity to restore fine-grained syntactic cues essential
for translation. By effectively reintroducing this
structural information, our method acts as a critical
pre-processing step, consistently elevating transla-
tion performance over unpunctuated baselines.

6 Additional Experiments

To validate our core design choices, we performed
two key ablation studies. We first demonstrate the
necessity of our bidirectional pre-training stage
by comparing the full Cadence model to a causal-
only baseline. Second, we analyze performance
trade-offs at a smaller scale, evaluating our distilled
Cadence-Fast model against a directly finetuned
GEMMA3-270M-PRETRAIN counterpart.

Impact of bidirectional attention: We first eval-
uated the contribution of bidirectional attention
and Masked Next Token Prediction (MNTP) pre-
training by training a baseline GEMMA-3-1B-
PRETRAIN model with causal attention and com-
paring it to its bidirectional counterpart. Cadence
consistently improved alignment and semantic con-
sistency as measured by its performance (Table A6)
across both written and spontaneous (extempore)
text, confirming that access to bidirectional context
leads to more coherent and contextually grounded
language modeling.

Scaling model parameters: Next, we examined
how scaling model parameters and distillation
influence performance by comparing Gemma-3-
270M-bidirectional, Cadence-Fast, and the full Ca-
dence model (Table A7). Despite its smaller size,
Cadence-Fast retains 93.8% of the full Cadence
model’s performance on written text-focused labels
and 100% on extempore text. It also slightly outper-
forms GEMMA-3-270M-BIDIRECTIONAL, demon-
strating that our compression and architecture re-
finements preserve both fidelity and robustness. In-
terestingly, distillation provides only modest im-
provements, likely due to the already strong lan-
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guage modeling abilities of the base model, which
was pre-trained on approximately 6 trillion tokens.
These findings indicate that careful scaling and ar-
chitectural optimization can deliver near-parity per-
formance at substantially reduced computational
cost, making Cadence-Fast a compelling choice for
real-time or resource-constrained deployments.

7 Conclusion

In this work, we present Cadence, a unified multi-
lingual punctuation restoration model designed for
both written and spontaneous speech transcripts in
English and 22 Indic languages. Cadence adapts
GEMMA3-1B-PRETRAIN with bidirectional atten-
tion and introduces a Masked Next Token Predic-
tion objective combined with curriculum-based
continual pre-training, enabling effective cross-
lingual transfer and improved handling of low-
resource languages.

Our extensive evaluations show that Cadence
achieves state-of-the-art performance over exist-
ing baselines, demonstrates robustness to domain
shifts, and generalizes to unseen languages such
as Bhojpuri. Moreover, we show that punctua-
tion restored by Cadence significantly improves
the quality of both machine translation and speech
translation, underscoring its practical value in mul-
tilingual NLP pipelines. Furthermore, we intro-
duce Cadence-Fast, a smaller and more efficient
variant that retains over 90% of the full model’s per-
formance while offering substantial speedups and
reduced memory footprint, making it suitable for
real-time and resource-constrained applications.

While challenges remain, particularly in model-
ing spontaneous speech disfluencies and ensuring
evaluation reliability with synthetic references, Ca-
dence sets a strong foundation for future work on
robust punctuation restoration and highlights the
potential of multilingual models to bridge linguistic
disparities at scale.

8 Limitations

Despite Cadence’s strong performance, several lim-
itations should be acknowledged. Firstly, the qual-
ity and representativeness of the training data, par-
ticularly for low-resource languages and sponta-
neous speech, remain a challenge. This directly
impacts performance, with the model exhibiting
weaker results on languages for which less training
data was available. Secondly, while our 30-label
set is comprehensive, it may not capture extremely

rare or highly nuanced stylistic punctuation. Fi-
nally, performance on spontaneous speech, though
improved, still lags behind that on formal text, high-
lighting the persistent difficulty of modeling the
irregularities and disfluencies inherent in spoken
language.
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Appendix

A Language wise label breakdown

This appendix provides a granular analysis of the
label distribution within our aggregated training
corpus, detailing the frequency of the 30 distinct
punctuation classes across all supported languages.
As described in Section 3.2.3, our model frames
punctuation restoration as a token-level sequence
tagging task, necessitating a comprehensive la-
bel space that captures both standard punctuation
marks and script-specific conventions. The data
presented in Table A1 and Table A2 illustrates
the total count of instances for each punctuation
label (L1 through L30) found in the training data,
which combines sources such as Sangraha-Verified,
IndicVoices, Cosmopedia, and IndicCorp-v2.

The tabulated data highlights the significant class
imbalance inherent in multilingual corpora. High-
resource languages such as English, Hindi, and
Bengali exhibit a high density of punctuation in-
stances, particularly for common marks like the
comma and sentence terminators. Conversely,
low-resource languages like Dogri, Santali, and
Sanskrit show considerably sparser representation.
This disparity underscores the necessity of the
weighted sampling strategy and curriculum learn-
ing approach employed during the training of Ca-
dence to ensure robust performance across the en-
tire linguistic spectrum.

While labels such as the comma (L2) and excla-
mation mark (L7) are prevalent across most lan-
guages, others are unique to specific scripts. For
instance, the Devanagari purna virama (danda) is
heavily represented in Hindi and Sanskrit, whereas
the Arabic script-specific question mark (L17) are
predominantly found in Urdu and Sindhi. The in-
clusion of these diverse labels, along with frequent
multi-character combinations, allows Cadence to
model the fine-grained typographic nuances re-
quired for high-quality restoration in both formal
and spontaneous text.

Beyond standard delimiters, Table A2 details
the distribution of complex, multi-character punc-
tuation tokens (L18–L26), which are essential for
handling the nuances of narrative text. To avoid the
ambiguity often associated with predicting multiple
punctuation marks sequentially, Cadence treats fre-
quently occurring combinations—such as a ques-
tion mark followed by a closing quote ‘?"’ or a
period following a parenthesis ‘).’ - as distinct tar-
get classes. The statistics show that while these

combined markers are well-represented in high-
resource languages like English and Bengali, they
appear far less frequently in the mid-to-low re-
source categories. Capturing these specific com-
binations is critical for maintaining the structural
integrity of direct speech and parenthetical state-
ments, ensuring that the restored text respects the
syntactic boundaries between dialogue and narra-
tion.
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Language L1 L2 L3 L4 L5 L6 L7 L8 L9 L10 L11 L12 L13 L14 L15
. , ? - ; _ ! ’ … ” । ( ) : ٬

Assamese 41k 866k 39k 242k 22k 11k 45k 247k 1k 81k 1,034k 84k 64k 65k 0
Bengali 33k 999k 48k 244k 35k 9k 50k 106k 1k 48k 1,469k 115k 91k 61k 0
Bodo 3k 37k 736 14k 187 9 464 27k 0 1k 77k 4k 3k 5k 0
Dogri 81 2k 91 1k 20 1 35 1k 0 77 5k 408 483 254 0
English 986k 1,271k 33k 244k 28k 29k 68k 220k 3k 75k 9 148k 84k 133k 0
Gujarati 1,146k 864k 40k 184k 30k 11k 63k 59k 2k 79k 8k 94k 66k 58k 0
Hindi 92k 1,325k 36k 335k 27k 21k 38k 62k 2k 58k 1,470k 154k 120k 132k 0
Kannada 1,143k 833k 40k 123k 17k 7k 50k 54k 1k 61k 310 81k 53k 47k 0
Kashmiri 5k 62k 353 13k 398 41 139 8k 0 5k 43k 5k 4k 9k 0
Konkani 3k 107k 8k 19k 985 70 12k 13k 0 5k 240k 11k 9k 3k 0
Maithili 6k 136k 6k 61k 2k 221 7k 26k 0 17k 259k 19k 15k 9k 0
Malayalam 1,380k 647k 31k 101k 20k 6k 37k 38k 1k 42k 18 73k 43k 38k 0
Marathi 898k 1,325k 64k 227k 28k 19k 41k 87k 2k 71k 929k 148k 106k 148k 0
Nepali 16k 471k 24k 95k 1k 59 5k 100k 1 11k 1,285k 41k 34k 8k 0
Odia 67k 694k 31k 147k 12k 7k 47k 88k 2k 68k 1,169k 76k 57k 45k 0
Punjabi 164k 904k 28k 253k 16k 9k 51k 312k 2k 80k 836k 101k 72k 59k 0
Sanskrit 25k 154k 10k 162k 9k 6k 8k 89k 0 45k 985k 46k 32k 5k 0
Santali 20k 129k 1k 68k 1k 237 416 6k 0 20k 113k 53k 30k 5k 0
Sindhi 378k 7k 63 29k 119 897 5k 12k 0 42k 0 67k 52k 17k 89
Tamil 1,149k 951k 41k 128k 17k 7k 48k 42k 1k 60k 129 74k 47k 43k 0
Telugu 1,275k 938k 41k 125k 31k 13k 48k 55k 2k 57k 558 91k 62k 61k 0
Urdu 75k 25k 612 114k 2k 20k 44k 56k 2k 116k 13 177k 164k 195k 288

Total 8,916k 12,777k 531k 2,949k 308k 183k 675k 1,720k 28k 1,057k 10,002k 1,697k 1,235k 1,159k 377

1

Table A1: Label Distribution per Language (Part 1: L1-L15). Counts ≥ 1000 are shown in thousands (k). Top
header row is Label ID, second header row is the corresponding punctuation mark.

Language L16 L17 L18 L19 L20 L21 L22 L23 L24 L25 L26 L27 L28 L29 L30
۔ ؟ .” ). ), ”, ”. ?” ”? ।” ”। ، ᱾ ॥ ᱾।

Assamese 0 5 188 95 6k 778 12 4k 47 19k 1k 32 0 0 0
Bengali 9 16 62 63 9k 446 6 1k 25 8k 2k 247 0 0 0
Bodo 0 0 2 2 435 17 0 10 1 431 597 0 0 0 0
Dogri 0 0 0 0 25 0 0 4 0 34 6 0 0 0 0
English 0 1 16k 25k 20k 1k 3k 1k 200 0 0 0 0 0 0
Gujarati 0 0 15k 5k 6k 531 1k 4k 36 36 2 0 0 0 0
Hindi 18 10 173 252 10k 573 42 1k 29 10k 1k 64 0 0 0
Kannada 0 1 10k 4k 6k 445 509 2k 14 3 0 10 0 0 0
Kashmiri 9 2 35 0 969 493 0 68 4 1k 1k 30 0 0 0
Konkani 0 0 8 0 1k 137 0 824 14 1k 964 0 0 0 0
Maithili 0 0 11 0 1k 307 0 846 20 4k 894 6 0 0 0
Malayalam 1 1 8k 4k 8k 482 596 1k 17 0 1 12 0 0 0
Marathi 0 1 10k 11k 13k 533 195 6k 24 3k 731 0 0 0 0
Nepali 0 0 9 0 2k 588 1 182 3 6k 578 3 0 0 0
Odia 0 0 300 238 4k 627 26 5k 44 18k 1k 0 0 0 0
Punjabi 0 2 889 918 6k 636 725 3k 34 16k 530 0 0 0 0
Sanskrit 2 4 150 1 740 190 0 234 21 9k 1k 59 0 420k 0
Santali 0 0 15 0 4k 584 0 90 6 103 255 0 203k 34 86k
Sindhi 10k 12k 4k 1k 94 42 1k 6 1 0 0 373k 0 0 0
Tamil 2 1 10k 6k 6k 510 609 2k 12 1 0 16 0 0 0
Telugu 1 0 10k 5k 6k 466 609 2k 13 2 0 2 0 0 0
Urdu 1,527k 59k 145 355 435 219 67 10 12 0 0 500k 0 0 0

Total 1,537k 72k 89k 66k 118k 10k 10k 41k 578 100k 14k 875k 203k 420k 86k

1

Table A2: Label Distribution per Language (Part 2: L16-L30). Counts ≥ 1000 are shown in thousands (k). Top
header row is Label ID, second header row is the corresponding punctuation mark.
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B Statistical Significance Test Details

Speech Translation

Language
Indic-to-English English-to-Indic

w/o p and w/r. p w/o p and w/r. p

p(BLEU) p(chrF++) p(BLEU) p(chrF++)

Assamese <.001 <.001 <.001 <.001
Bengali <.001 <.001 <.001 <.001
Gujarati 0.005 0.001 <.001 <.001
Hindi <.001 <.001 <.001 <.001
Kannada <.001 <.001 <.001 <.001
Maithili <.001 <.001 <.001 <.001
Malayalam <.001 <.001 <.001 <.001
Marathi <.001 <.001 <.001 <.001
Oriya <.001 <.001 <.001 <.001
Punjabi <.001 <.001 <.001 <.001
Tamil <.001 <.001 <.001 <.001
Telugu <.001 <.001 <.001 <.001
Urdu <.001 <.001 <.001 <.001

Total <.001 <.001 <.001 <.001

Table A3: P-values for Speech Translation (ST) score
improvements (Indic-to-English). The test compares
translations from punctuated ASR output (using Ca-
dence) against translations from unpunctuated ASR out-
put. Statistically significant results (p < 0.05) are bolded.

To determine if our punctuation model, Cadence,
improved punctuation, we use a paired sample t-
test to compare its output to a baseline of unpunc-
tuated text (columns of w/o p and w/r. p in Table
A5 and Table A3). We also compared the origi-
nal punctuations to the unpunctuated baseline in
(columns of w/o p and w/p in Table A5). A p-value
< 0.05 was considered to indicate a statistically
significant improvement in punctuation.

C Effect of our two-step training and
architectural modification

To quantify the combined contribution of our archi-
tectural and pre-training adaptations, we conducted
an ablation study. We established a direct baseline
by training the standard Gemma-3-1B-base model
without altering its native causal attention mecha-
nism and skipping our continual pre-training phase.
This baseline model was trained only on the final
punctuation restoration task.

The results, presented in Table A6, show a
stark performance gap. Cadence significantly out-
performs this causal baseline across all datasets,
thereby validating our hypothesis. This outcome
confirms that simply finetuning a standard, unidi-
rectional language model is insufficient for this
task. The superior performance of Cadence is di-
rectly attributable to our multi-stage methodology,
proving that the bi-directional attention mechanism
and the Masked Next Token Prediction pre-training

Language Formal Extempore

All
Labels

Focus
Labels

All
Labels

Focus
Labels

High-resource Languages

English 0.38 0.59 —- —-

Mid-resource Languages

Bengali 0.46 0.68 0.40 0.58
Marathi 0.46 0.80 0.47 0.59
Malayalam 0.48 0.65 0.33 0.52
Hindi 0.48 0.81 0.37 0.64
Urdu 0.38 0.51 0.65 0.71
Tamil 0.47 0.74 0.28 0.52
Telugu 0.49 0.77 0.35 0.53
Kannada 0.41 0.63 0.40 0.60
Assamese 0.50 0.78 0.42 0.59
Odia 0.39 0.68 0.43 0.72
Punjabi 0.42 0.59 0.39 0.48
Gujarati 0.47 0.65 0.44 0.62

Low-resource Languages

Nepali 0.41 0.72 0.33 0.47
Sanskrit 0.19 0.31 0.22 0.32
Sindhi 0.29 0.44 0.26 0.36
Santali 0.58 0.78 0.25 0.50
Maithili 0.30 0.56 0.26 0.44
Konkani 0.33 0.55 0.19 0.37
Bodo 0.36 0.56 0.29 0.27
Kashmiri 0.34 0.50 0.30 0.27
Dogri 0.21 0.38 0.30 0.34
Manipuri 0.22 0.44 —- —-

Average 0.40 0.61 0.35 0.50

Table A4: Cadence-Fast: Per-language Average Macro
F1 Scores on Written and spontaneous speech tran-
scripts test sets, evaluated on all 30 punctuation labels.

are critical components for achieving robust and
accurate punctuation restoration.

D Scaling Model Parameters

In this section, we extend our analysis from
the main paper to study the impact of model
scale on downstream performance. Specifically,
we compare three variants: (1) Gemma-3-270M-
bidirectional, (2) Cadence-Fast, and (3) Cadence.
Table A7 summarizes their relative performance
across written and extempore text evaluation sets.
Table A4 illustrates the performance of Cadence-
Fast on both “All Labels" and “Focus Labels" set
in both “Formal" and “Extempore" context.

Despite being considerably smaller, Cadence-
Fast retains 93.8% of the full Cadence model’s
performance on written text labels and 100% on
extempore text. Notably, it also slightly surpasses
Gemma-3-270M-bidirectional, underscoring that
careful architectural refinement and scaling can
yield a compact yet capable model. These results
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Machine Translation

Language
Indic-to-English English-to-Indic

w/o p and w/r. p w/o p and w/p w/o p and w/r. p w/o p and w/p

p(BLEU) p(chrF++) p(BLEU) p(chrF++) p(BLEU) p(chrF++) p(BLEU) p(chrF++)

Assamese <.001 <.001 <.001 <.001 <.001 <.001 <.001 <.001
Bengali <.001 <.001 <.001 <.001 <.001 <.001 <.001 <.001
Bodo <.001 0.014 <.001 <.001 0.245 0.264 0.308 0.257
Gujarati <.001 <.001 <.001 <.001 <.001 <.001 <.001 <.001
Hindi <.001 0.002 <.001 <.001 <.001 0.017 0.457 <.001
Kannada <.001 <.001 <.001 <.001 <.001 <.001 <.001 <.001
Kashmiri 0.791 0.260 0.004 0.022 0.632 0.798 <.001 <.001
Konkani 0.491 <.001 0.009 <.001 0.902 0.178 0.048 0.024
Maithili 0.001 <.001 <.001 <.001 0.506 0.212 <.001 <.001
Malayalam <.001 0.002 <.001 <.001 <.001 <.001 <.001 <.001
Marathi <.001 <.001 <.001 <.001 <.001 0.006 <.001 0.337
Nepali 0.012 0.002 0.004 <.001 0.791 0.367 0.187 0.817
Odia <.001 <.001 <.001 <.001 0.005 <.001 <.001 <.001
Punjabi <.001 <.001 <.001 <.001 <.001 <.001 <.001 <.001
Sanskrit 0.001 <.001 <.001 <.001 0.324 0.001 <.001 <.001
Tamil <.001 0.073 <.001 <.001 <.001 <.001 <.001 <.001
Telugu <.001 0.161 <.001 <.001 <.001 <.001 <.001 <.001
Urdu 0.943 0.221 <.001 0.008 <.001 <.001 <.001 <.001

Total <.001 <.001 <.001 <.001 <.001 <.001 <.001 <.001

Table A5: Comprehensive p-values for translation score improvements over an unpunctuated baseline. The table
compares improvements from both model-restored punctuation and ground truth punctuation across both translation
directions. Statistically significant results (p < 0.05) are bolded.

Language
Number of

Samples Gemma-3-1B-Causal Cadence

Formal Extempore S IC C BPCC IV S IC C BPCC IV

High-resource Languages

English 1,035 – – 0.24 – 0.23 – – 0.39 – 0.42 –

Mid-resource Languages

Bengali 1,499 1,447 0.22 0.33 0.45 – 0.30 0.34 0.50 0.60 – 0.38
Marathi 1,786 1,216 0.26 0.28 0.35 – 0.45 0.42 0.48 0.52 – 0.43
Malayalam 1,532 1,270 0.36 0.30 0.37 – 0.31 0.52 0.49 0.51 – 0.35
Hindi 1,669 1,273 0.23 0.39 0.36 – 0.32 0.33 0.54 0.51 – 0.38
Urdu 1,562 1,252 0.36 0.40 0.32 – 0.65 0.50 0.55 0.45 – 0.73
Tamil 1,447 1,369 0.32 0.21 0.36 – 0.24 0.43 0.38 0.50 – 0.30
Telugu 1,451 1,308 0.23 0.30 0.40 – 0.29 0.35 0.42 0.56 – 0.35
Kannada 1,473 1,165 0.21 0.26 0.38 – 0.37 0.32 0.39 0.54 – 0.40
Assamese 1,426 1,275 0.27 0.32 0.39 – 0.40 0.42 0.49 0.56 – 0.42
Odia 1,341 1,723 0.26 0.26 0.28 – 0.42 0.40 0.43 0.44 – 0.44
Punjabi 1,424 1,322 0.28 0.28 0.33 – 0.24 0.43 0.41 0.47 – 0.40
Gujarati 1,479 1,063 0.24 0.23 0.39 – 0.28 0.29 0.37 0.56 – 0.43

Low-resource Languages

Nepali 1,111 954 0.25 0.30 – – 0.21 0.42 0.48 – – 0.35
Sanskrit 1,118 983 0.09 0.28 – 0.08 0.17 0.13 0.37 – 0.18 0.20
Sindhi 1,277 947 0.27 0.19 – 0.09 0.19 0.35 0.34 – 0.18 0.24
Santali 443 575 – 0.39 – – 0.15 – 0.58 – – 0.19
Maithili 984 998 0.20 0.27 – 0.13 0.24 0.39 0.42 – 0.29 0.27
Konkani 994 993 0.42 0.18 – 0.10 0.14 0.59 0.33 – 0.18 0.21
Bodo 1,057 860 – 0.34 – 0.13 0.23 – 0.52 – 0.26 0.31
Kashmiri 1,259 981 – 0.27 – 0.14 0.19 – 0.40 – 0.28 0.23
Dogri 919 995 – 0.14 – 0.11 0.15 – 0.36 – 0.24 0.27
Manipuri 1,074 – – – – 0.16 – – – – 0.26 –

Average 29,360 23,969 0.25 0.27 0.35 0.13 0.27 0.39 0.44 0.51 0.25 0.35

Table A6: Comparison of Cadence with Gemma-3-1B-pt finetuned on our data. A – indicates that results are
unavailable due to insufficient high-quality data samples. Scores are reported on all labels. The languages are
sorted in descending order by the number of samples in their training set and then divided into three categories:
high-resource, mid-resource, and low-resource.
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suggest that our pre-training and design choices
generalize well across parameter regimes.

Performance degradation from scaling down is
modest, likely because the base model of Gemma-
3-270M was pre-trained on approximately 6 tril-
lion tokens (compared to 2 trillion dataset size
of Gemma-3-1B), providing strong linguistic pri-
ors even in smaller configurations. This indicates
diminishing returns from additional capacity be-
yond a certain threshold for these language-focused
benchmarks.

Overall, our scaling experiments highlight that
model efficiency can be achieved through princi-
pled parameter reduction without a substantial drop
in quality. The resulting Cadence-Fast model of-
fers a favorable trade-off between speed and accu-
racy, making it well-suited for latency-sensitive or
resource-limited deployments.
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Language
Number of

Samples Gemma-3-270M-Bidirectional Cadence-Fast Cadence

Formal Extempore S IC C BPCC IV S IC C BPCC IV S IC C BPCC IV

High-resource Languages

English 1,035 – – 0.38 – 0.37 – – 0.37 – 0.35 – – 0.39 – 0.42 –

Mid-resource Languages

Bengali 1,499 1,447 0.31 0.43 0.55 – 0.38 0.32 0.47 0.55 – 0.42 0.34 0.50 0.60 – 0.38
Marathi 1,786 1,216 0.39 0.44 0.48 – 0.44 0.40 0.41 0.49 – 0.47 0.42 0.48 0.52 – 0.43
Malayalam 1,532 1,270 0.51 0.41 0.47 – 0.35 0.46 0.47 0.49 – 0.33 0.52 0.49 0.51 – 0.35
Hindi 1,669 1,273 0.30 0.53 0.48 – 0.38 0.31 0.55 0.49 – 0.37 0.33 0.54 0.51 – 0.38
Urdu 1,562 1,252 0.46 0.45 0.38 – 0.70 0.46 0.46 0.40 – 0.65 0.50 0.55 0.45 – 0.73
Tamil 1,447 1,369 0.40 0.34 0.46 – 0.28 0.41 0.32 0.49 – 0.28 0.43 0.38 0.50 – 0.30
Telugu 1,451 1,308 0.32 0.37 0.49 – 0.31 0.33 0.41 0.52 – 0.35 0.35 0.42 0.56 – 0.35
Kannada 1,473 1,165 0.29 0.37 0.48 – 0.39 0.29 0.36 0.49 – 0.40 0.32 0.39 0.54 – 0.40
Assamese 1,426 1,275 0.39 0.45 0.51 – 0.41 0.40 0.46 0.53 – 0.42 0.42 0.49 0.56 – 0.42
Odia 1,341 1,723 0.38 0.37 0.38 – 0.43 0.39 0.41 0.40 – 0.43 0.40 0.43 0.44 – 0.44
Punjabi 1,424 1,322 0.39 0.40 0.43 – 0.35 0.44 0.40 0.44 – 0.39 0.43 0.41 0.47 – 0.40
Gujarati 1,479 1,063 0.24 0.32 0.51 – 0.36 0.27 0.35 0.53 – 0.44 0.29 0.37 0.56 – 0.43

Low-resource Languages

Nepali 1,111 954 0.38 0.41 – – 0.30 0.39 0.46 – – 0.33 0.42 0.48 – – 0.35
Sanskrit 1,118 983 0.12 0.33 – 0.15 0.23 0.12 0.33 – 0.14 0.22 0.13 0.37 – 0.18 0.20
Sindhi 1,277 947 0.34 0.31 – 0.16 0.24 0.32 0.36 – 0.16 0.26 0.35 0.34 – 0.18 0.24
Santali 443 575 – 0.55 – – 0.20 – 0.58 – – 0.25 – 0.58 – – 0.19
Maithili 984 998 0.32 0.38 – 0.21 0.27 0.35 0.37 – 0.26 0.26 0.39 0.42 – 0.29 0.27
Konkani 994 993 0.56 0.31 – 0.18 0.18 0.56 0.32 – 0.18 0.19 0.59 0.33 – 0.18 0.21
Bodo 1,057 860 – 0.48 – 0.26 0.26 – 0.50 – 0.27 0.29 – 0.52 – 0.26 0.31
Kashmiri 1,259 981 – 0.39 – 0.26 0.23 – 0.43 – 0.28 0.30 – 0.40 – 0.28 0.23
Dogri 919 995 – 0.32 – 0.21 0.30 – 0.28 – 0.22 0.30 – 0.36 – 0.24 0.27
Manipuri 1,074 – – – – 0.21 – – – – 0.22 – – – – 0.26 –

Average 29,360 23,969 0.35 0.38 0.46 0.21 0.34 0.36 0.41 0.48 0.23 0.35 0.39 0.44 0.51 0.25 0.35

Table A7: Comparison of Cadence-Fast with Gemma-3-270M-Bidirectional; finetuned on our data. A – indicates
that results are unavailable due to insufficient high-quality data samples. Scores are reported on all labels. The
languages are sorted in descending order by the number of samples in their training set and then divided into three
categories: high-resource, mid-resource, and low-resource.
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E Prompt used for Punctuation

The prompt template shown in Figure A1 is engi-
neered to guide Large Language Models (LLMs)
in the task of punctuation restoration for Indian lan-
guage text. It begins by defining the LLM’s role as
a punctuation expert and sets a primary objective:
to enhance text readability by inserting punctua-
tion marks while strictly preserving the original
wording and sentence structure.

The prompt enumerates four critical guidelines
for the LLM:

1. Accuracy: Punctuation must conform to the
grammatical rules of the specified input lan-
guage (lang).

2. Readability: Sentence clarity should be im-
proved using appropriate punctuation (e.g.,
commas, periods, question marks).

3. Consistency: The punctuation style should
align with any provided reference text.

4. Preservation of Structure: Word order and
sentence construction must remain unaltered;
only punctuation is to be adjusted.

To accommodate linguistic diversity, particularly
the varied sentence terminators across Indian lan-
guages (e.g., period vs. danda), the prompt requires
the input language (lang) and its corresponding sen-
tence terminator (terminator) as explicit parameters.
Finally, it mandates a structured JSON output with
the key "punctuated_text", ensuring the punctuated
text is returned in a consistent, machine-readable
format. This design facilitates systematic gener-
ation of punctuated data suitable for training and
evaluating punctuation restoration models.

F Prompt used for LLM in Quality
Filtering

The datasets we have used for training contain syn-
thetically punctuated text (IndicVoices). Ensuring
a high quality test set becomes important to accu-
rately assess our model and compare with existing
models. We have used a programmatic quality
filtering by employing Gemini-2.5-Flash-preview-
04-17 (Comanici et al., 2025) to score punctuation
quality from 1-5 and only retained those that were
rated ≥ 4.5. We present the prompt used in Fig.A2
below.

Prompt for Punctuation Restoration

You are a expert in inserting punctuation.
Please help in adding punctuation to the following text
while strictly preserving the original words and structure.

Enhance readability by inserting only punctuation marks.
Do not modify, add, or remove any words.  

Follow these guidelines:\n\n

1. **Accuracy:** Ensure punctuation is applied correctly
based on the language's grammatical rules.  

2. **Readability:** Improve sentence clarity by inserting
appropriate punctuation marks (commas, periods,
question marks, etc.).  

3. **Consistency:** Follow the punctuation style observed
in the provided reference text.  

4. **Preservation of Structure:** Do not alter word order or
introduce new elements—only punctuation should be
adjusted.  

Reference Information:  
- Language of the text: {lang}  
- Sentence terminator for {lang}: {terminator}  

Output Format:  
Provide only the punctuated text in JSON format with the
structure:  

json
{ "punctuated_text": "Your punctuated text here" }

Figure A1: Prompt For Punctuation Restoration
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Prompt for using LLM in Quality Filtering

You are an expert proofreader acting as a Multilingual Punctuation Judge. Your task is to first identify the primary
language of the given sentence and then evaluate its punctuation and standard capitalization using the provided
multilingual rubric based on the conventions of that identified language. You are using the capabilities of Gemini for
this task.

**Multilingual Rubric:**

*** Multilingual Punctuation & Capitalization Evaluation Rubric ***
**Preliminary Step: Language Identification**
*   **Identified Language:** [Specify the primary language detected in the sentence]
*   **Confidence:** [High/Medium/Low - How certain are you of the language identification?]
*   **Note:** Evaluation below is based on the standard conventions of the *Identified Language*.

**Evaluation Criteria (Score: 1-5, where 1=Poor, 3=Fair, 5=Excellent based on the identified language's rules)**
1.  **Sentence Termination (Score: 1-5):**
    *   Is appropriate sentence-ending punctuation used (e.g., '.', '?', '!', '。', '؟', '¿...?', '¡...!', etc.) according to the
identified language's standard practice?
    *   Is the type of terminator suitable for the sentence's function (declarative, interrogative, exclamatory) within that
language?
    *   Comment: [Explain based on the language's rules, e.g., "Correct use of period for German.", "Missing Spanish
inverted question mark.", "Full stop used appropriately for Japanese sentence."]

2.  **Intra-Sentence Separation (Commas, Etc.) (Score: 1-5):**
    *   Are commas or other language-specific separators (e.g., '،', '、') used correctly to separate clauses, list items,
introductory elements, etc., according to the identified language's grammatical and stylistic rules?
    *   Are there missing or extraneous separators based on that language's conventions?
    *   Comment: [Explain based on the language's rules, e.g., "Correct comma usage for French clauses.", "Missing
serial comma typical in English lists.", "Arabic comma used correctly.", "Unnecessary comma according to German
rules."]

3.  **Quotation/Speech Marks (Score: 1-5):**
    *   Are quotation marks or guillemets (e.g., "...", '...', « ... », „..." ) used correctly for direct speech, titles, or other
quoted elements according to the standard style of the identified language?
    *   Are they properly paired and nested if applicable?
    *   Is punctuation placed correctly inside/outside the marks according to that language's convention?
    *   Comment: [Explain based on the language's style, e.g., "Correct use of French guillemets with spacing.",
"German quotation mark style applied correctly.", "Punctuation incorrectly placed outside closing quote for American
English.", "Quotation marks not typically used this way in Thai."]

4.  **Contraction/Possessive/Joining Markers (Apostrophes, Hyphens, Etc.) (Score: 1-5):**
    *   Are apostrophes, hyphens, or other language-specific markers used correctly for contractions, possessives,
compound words, case endings, or similar functions *if applicable* in the identified language?
    *   Are common errors (like its/it's in English, or incorrect hyphenation rules) avoided based on the language?
    *   Comment: [Explain based on language rules, or state N/A if the concept/mark isn't used. E.g., "Incorrect use of
apostrophe for English possessive.", "Hyphenation follows German rules.", "Apostrophes not used for possession in
Spanish - N/A.", "Correct use of hyphen for joining words in Dutch."]

5.  **Other Punctuation (Colons, Semicolons, Dashes, Etc.) (Score: 1-5):**
    *   Assess the use of any other punctuation present (e.g., colons ':', semicolons ';', dashes '–'/'—', ellipses '...',
brackets '()'/ '[]') according to the identified language's standard usage.
    *   Are they used appropriately for lists, explanations, pauses, omissions, parentheticals etc., within that
language?
    *   Comment: [Explain based on language rules, e.g., "Colon used correctly before list in English.", "Semicolon
usage is rare but correct here for formal French.", "Dash style inconsistent with Spanish norms."]
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6. **Capitalization (Score: 1-5):**
  *  Is capitalization used correctly according to the identified language's rules? (Consider: Sentence
start, proper nouns, titles, language-specific rules like all nouns in German, etc.)
  *  Comment: [Explain based on the specific capitalization rules of the language, e.g., "Sentence
start capitalized correctly.", "Proper noun 'Paris' capitalized correctly for English/French.", "All nouns
capitalized correctly per German orthography.", "Incorrect capitalization of common noun according
to Spanish rules."]

**Overall Assessment:**
*  **Overall Score (1-5):** [Average or holistic score reflecting adherence to the identified language's
punctuation/capitalization norms.]
*  **Summary:** [Brief summary of the sentence's punctuation quality in the context of the identified
language, highlighting key strengths or weaknesses.]
*  **Corrected Sentence (in the identified language):** [Provide the sentence with corrected
punctuation and capitalization according to the identified language's standard rules. If perfect, repeat
the original sentence.]

**Instructions:**
1. Identify Language: First, determine the primary language of the sentence below.
2. Analyze Sentence: Carefully analyze the sentence provided.
3. Evaluate: Evaluate it strictly based on the criteria in the multilingual rubric, applying the rules and
conventions standard to the *identified language*. Focus *only* on punctuation and standard
capitalization rules relevant to that language.
4. Provide Scores & Comments: Fill in the **Identified Language** and **Confidence**. Then, provide
a score (1-5) and a brief comment for *each* numbered evaluation category in the rubric, justifying
your assessment based on the identified language's norms. Ensure scores are numeric integers (1,
2, 3, 4, 5). If a category is not applicable or perfectly handled by absence (e.g., no quotation marks
needed and none present), assign a score of 5. The JSON response *must* contain numeric integer
scores for calculation.
5. Overall Assessment: Calculate an **Overall Score (1-5)** reflecting the average or holistic quality,
ensure this is also a numeric integer or float.
6. Corrected Sentence: Provide a **Corrected Sentence**.
7. IMPORTANT: Respond *only* with a single valid JSON object. The JSON object must contain keys
corresponding exactly to the rubric sections: "Identified_Language", "Confidence",
"Sentence_Termination", "Intra_Sentence_Separation", "Quotation_Speech_Marks",
"Contraction_Possessive_Joining_Markers", "Other_Punctuation", "Capitalization", "Overall_Score",
"Summary", "Corrected_Sentence". The keys for the numbered evaluation categories must map to an
object {{{{ "Score": "<number>", "Comment": "<string>" }}}}. The Overall_Score must also be a
number. Ensure the entire output is valid JSON starting with {{{{ and ending with }}}}. Do not use
markdown tags ```json or ```.
**Sentence to Evaluate:**
{{sentence}}
**Your JSON Evaluation:**
{{{{
 "Identified_Language": null,
 "Confidence": null,
 "Sentence_Termination": {{{{ "Score": null, "Comment": null }}}},
 "Intra_Sentence_Separation": {{{{ "Score": null, "Comment": null }}}},
 "Quotation_Speech_Marks": {{{{ "Score": null, "Comment": null }}}},
 "Contraction_Possessive_Joining_Markers": {{{{ "Score": null, "Comment": null }}}},
 "Other_Punctuation": {{{{ "Score": null, "Comment": null }}}},
 "Capitalization": {{{{ "Score": null, "Comment": null }}}},
 "Overall_Score": null,
 "Summary": null,
  "Corrected_Sentence": null
}}}}

Figure A2: The prompt used to rate punctuations and capitalization in a sentence, outlining the comprehensive rubric used.
Criteria include confidence, sentence termination, intra-sentence separators, quotation marks, other punctuation types (colons,
semicolons, dashes), capitalization, and an overall quality assessment, along with instructions for JSON output.
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