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ABSTRACT

Large Language Models (LLMs) are structurally biased toward high-resource lan-
guages like English due to corpus skew, a problem particularly severe for Indic
languages. To address this deficit, we introduce MILA, the largest expert-curated
Indic corpus to date, comprising 7.5 trillion tokens across 16 scheduled Indic
languages and English. MILA is constructed via a multi-stage data engineer-
ing pipeline that integrates large-scale web acquisition, script-sensitive OCR for
under-digitized Indic writing systems, LLM-assisted post-correction for Trans-
lation fidelity, and targeted data distillation through the Indic-Persona Hub.
The pipeline further incorporates synthetic augmentation and rewriting, fol-
lowed by stringent quality, toxicity, language, and deduplication filtering, and
culminates in human-in-the-loop linguistic and cultural validation with compre-
hensive PII redaction and ensuring downstream task and benchmark-based
decontamination. This pipeline yields a distributionally stable, contamination-
controlled, high-fidelity pretraining substrate. Alongside, we release Indic-
MMLU, a translated and verified adaptation of MMLU into 16 Indian languages,
offering the first large-scale Indic multilingual benchmark for assessing LLMs
and their extent of cross-lingual knowledge transfer. We further propose a Parity-
based fairness Metric capturing cross-lingual performance asymmetries relative
to English. Comprehensive experiments including controlled ablations of trans-
lation quality, OCR incorporation, synthetic SFT generation, and continual pre-
training demonstrates that models trained on MILA achieve substantial gains
on Indic-MMLU and materially narrow cross-lingual disparities. Collectively,
MILA, Indic-MMLU, and the associated validation protocols establish a scalable
foundation for equitable multilingual modeling in the Indic context. All resources
are released anonymously for reproducibility.1

1 INTRODUCTION

The trajectory from early monolingual language models to modern multilingual architectures reflects
the rapid consolidation of Transformer-based NLP. Foundational models such as BERT (Devlin
et al., 2018) and GPT (Radford & Narasimhan, 2018; Radford et al., 2019; Brown et al., 2020) estab-
lished the efficacy of self-attention yet operated within limited linguistic regimes. Subsequent mul-
tilingual systems including mT5 (Xue et al., 2020), XLM-R (Conneau et al., 2019), Bloom (Muen-
nighoff et al., 2023), LLaMA (Touvron et al., 2023a;b; Grattafiori et al., 2024), Gemma (Team et al.,
2024a;b; 2025), Mistral (Jiang et al., 2023), Qwen (Bai et al., 2023; Yang et al., 2024; Qwen et al.,
2025; Yang, 2025), and Nemotron (Nvidia et al., 2024) extended this breadth, enabled by massive
corpora such as Common Crawl (Common Crawl Foundation), Wikipedia (Wikimedia Foundation),
CCMatrix (Schwenk et al., 2019), mC4 (Xue et al., 2020), OSCAR (Ortiz Suárez et al., 2019), and
Dolma (Soldaini et al., 2024). However, global data distributions remain starkly imbalanced: Indic
languages, despite their demographic scale, are acutely underrepresented, rendering high-quality
tokens disproportionately impactful. This structural asymmetry constrains multilingual generaliza-
tion. We introduce MILA, a 7.5T-token corpus across 16 Indic languages with OCR, translation,
and synthetic augmentation, alongside Indic-MMLU and a cross-lingual fairness metric.

1https://github.com/anonymous-submitter0104/iclr-submission
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2 RELATED WORK

Large-scale corpora like RedPajama (Weber et al., 2024), SlimPajama (Shen et al., 2024), DCLM (Li
et al., 2025), Pile (Gao et al., 2021), Zyda (Tokpanov et al., 2024b;a), TxT360 (Tang et al.,
2024) power LLMs yet remain mostly English-biased. Multilingual datasets such as mC4 (Xue
et al., 2020), OSCAR (Ortiz Suárez et al., 2019), CC100, ROOTS (Laurençon et al., 2023),
ParaCrawl (Bãnón et al., 2020), FineWeb2 (Penedo et al., 2025), CulturaX (Nguyen et al., 2023),
MultiUN (Eisele & Chen, 2010), Dolma (Soldaini et al., 2024) improve coverage but sparsely rep-
resent Indic languages. Indic-focused corpora (Samanantar (Ramesh et al., 2022), Sangraha Syn-
thetic (Khan et al., 2024), IndicCorp (Doddapaneni et al., 2023)) trade scale for �delity. Existing
curation pipelines (Lee et al., 2022; Khan et al., 2025; Zhang & Salle, 2023; Sharma et al., 2024) de-
grade on noisy, code-mixed Indic data (Ousidhoum et al., 2025); OCR remains error-prone (Mathew
et al., 2024), and synthetic augmentation often misaligns culturally (Ousidhoum et al., 2025; Yu
et al., 2022). Evaluation benchmarks FLORES (Goyal et al., 2022), IndicGenBench (Singh et al.,
2024), MILU (Verma et al., 2025) reveal persistent English–Indic performance gaps, motivating
parity-aware metrics for equitable multilingual modeling.

Contributions: We introduce MILA, the largest and most diverse curated Indic multilingual dataset,
supported by novel data curation and production pipelines tailored for India's linguistic landscape.
Our data curation recipes include in-house quality �lters for Indic languages, encompassing toxicity
and low-quality content detectors. Data production recipes/pipelines comprise (i) a scalable OCR
system for digitizing Indic books, (ii) a high-�delity translation pipeline for 16 languages, (iii) the
Indic Persona Hub for persona-conditioned data generation, and (iv) large-scale synthetic rewriting
and augmentation strategies. We further present Indic-MMLU, the �rst comprehensive multilingual
evaluation suite across major Indian languages, designed to benchmark reasoning and knowledge
abilities robustly. Finally, we open-source all components, including the Indic-MMLU benchmark,
the full MILA dataset (OCR + ISOB, translations, synthetic rewrites, the virtual Indian personas as
well as persona-generated data, and high-quality Indic web crawl), and a large collection of image-
text pairs to facilitate future VLM and Indic OCR model development.

3 PARADIGMS IN DATA PREPARATION

3.1 DATA ACQUISITION AND GOVERNANCE

Our corpus is assembled via a multi-pronged acquisition pipeline integrating large-scale Indic web
crawling, institutional and archival digitization, and license-compliant open datasets (see Appendix).
All sources are normalized under a uni�ed provenance framework with standardized metadata
(ISBN/DOI/archive IDs), URL/MD5 deduplication, and quantum identi�ers for traceability. High-
concurrency, source-speci�c crawlers and optimized ingestion pipelines enable ef�cient, scalable
processing. The resulting corpus is a large, diverse, culturally grounded, and reproducible resource
suitable for large-scale Indic pretraining; full licensing, source audits, and acquisition statistics are
provided in Appendix D, Supplementary repository.2, Overall Distribution & Open Release A

3.2 DATA CURATION

High-quality data is essential for building robust multilingual foundation models; noisy, low-quality,
or misclassi�ed text degrades linguistic �uency, factual grounding, and safety (Paullada et al., 2021;
Liu et al., 2024; Yu et al., 2024; Rae et al., 2022). Indic languages introduce unique curation chal-
lenges—diverse scripts, rich morphology, OCR-induced artefacts, and extensive code-mixing. To
address these, we develop a multi-stage, Indic-speci�c curation pipeline inspired by general-purpose
data curation frameworks and augmented with custom language-aware modules. The resulting cor-
pus is clean, diverse, safe, culturally aligned, and legally compliant. In-House Quality Filters.
We train language-speci�c fastText classi�ers to categorize documents into High, Medium, or Low
quality. High-quality text is de�ned by two criteria: (i) Linguistic well-formedness, including cor-
rect script and Unicode rendering, minimal OCR noise, absence of boilerplate or HTML artefacts,
reduced off-script code-mixing, and no toxicity or spam; (ii) Semantic coherence, requiring multi-
sentence passages with clear discourse structure, consistent propositions, and absence of stitched,

2https://github.com/anonymous-submitter0104/iclr-submission/tree/main/data-acquisition
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malformed, or machine-broken text. For each language, we sample approximately 450K passages
from OCR, Crawl, Translation, and Synthetic data. We additionally construct adversarial low-
quality examples (script mixing, character noise, reordering, punctuation removal, synthetic corrup-
tions). Labeling uses (a) LLM-based instruction-following and (b) heuristics that detect script cov-
erage and boilerplate. Multilingual Language Identi�cation. We apply a fastText-based language
�lter enhanced with regex-driven rules to ensure script–language consistency across Indic languages.
This mitigates cross-script contamination, Romanized drift, and mixed-language artefacts common
in web sources. Heuristic Filters. We incorporate structural and content-level modi�ers (Table 1)
that normalize text by removing boilerplate strings, HTML tags, malformed Unicode, inconsis-
tent quotations, and excess whitespace. Additional heuristics eliminate degenerate content through
word-count thresholds, repeated n-grams (n = 2; 3), excessive URLs, symbol-heavy passages, and
number-dominated text. Deduplication. A two-level deduplication pipeline removes redundancies

Table 1: Modi�ers and Heuristic Filters.

Modi�ers Heuristic Filters

Boilerplate String Modi�er Word Count Filter
HTML Tag Modi�er Repeating Top -n-grams Filter n = 2, n = 3
Unicode Reformatter URLs Filter
Quotation Uni�er Symbols to Words Filter
Excess White Space Remover Numbers Filter

across sources. Exact duplicates are removed via URL/MD5 signatures; GPU-accelerated fuzzy
deduplication eliminates near-duplicates such as templated pages, OCR variants, and lightly modi-
�ed copies (Lee et al., 2022; Khan et al., 2025). This reduces memorization and improves pretraining
ef�ciency. Toxicity Filtering. Following recent multilingual safety literature (Mendu et al., 2025),
we adopt a two-stage toxicity �lter: (i) rule-based scanning to eliminate explicit harmful content,
and (ii) a multilingual RoBERTa classi�er that recovers false positives and re�nes borderline cases.
(Ablations in App B.1.2) PII Redaction. We integrate a multilingual PII removal module that iden-
ti�es and redacts personally identi�able information in Indian languages, ensuring compliance with
privacy and data-protection requirements. (Appendix B.2) Decontamination. We perform bench-
mark and task decontamination across OCR, Crawl, Translation, and Synthetic corpora to prevent
leakage into pretraining. We combine n-gram overlap �ltering (8–13 grams) with In�nigram-based
cross-domain detection. Contamination Stats in Appendix Table 8 Details:B.1.3. Overall Curation
Work�ow 1. Supplementary.3. Overall Curation Ablation refer B.1

Figure 1: Overview of the Multi-stage, Indic-speci�c data curation pipeline, from raw input sources
to the �nal high-quality pretraining dataset.

3https://github.com/anonymous-submitter0104/iclr-submission/tree/main/data-curation
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3.3 DATA PRODUCTION

3.3.1 OCR PIPELINE

High-quality OCR for Indic languages is a fundamental prerequisite for constructing native vocabu-
laries and producing reliable pretraining corpora. The diverse script families, complex ligatures, het-
erogeneous typography, and the prevalence of noisy or degraded scans make Indic OCR signi�cantly
more challenging than Latin-based pipelines. We therefore design a two-stage, language-speci�c
OCR pipeline that combines curated human evaluation, scalable LLM/VLM-based assessment, and
post-correction via high-capacity LLMs. Full model lists, benchmark details, and ablations appear
in the Appendix. B.3.4 B.3.2, B.3 Supplementary Repository.4 Additional Benchmarks and Details
I
Pipeline Overview. For each language, the pipeline consists of (i) OCR/Parsing and (ii) Post-
Correction, preceded by a uni�ed preprocessing module. We prioritize layout preservation, includ-
ing block structure and reading order, as this improves contextual grounding during pretraining.
For every language, we evaluate a pool of state-of-the-art OCR and VLM models on public Indic
OCR datasets and our in-house Indic Small OCR Benchmark (ISOB), yielding a shortlist of top-
performing candidates.
Stage 1: OCR / Parsing. We �rst construct a representative page sample covering: crawled books,
partner-sourced documents, and a spectrum of ”easy to hard” pages. A strong VLM (e.g., Qwen-
VL-32B) classi�es pages by OCR dif�culty based on visual cues. Each page is processed using the
top-k candidate OCR/VLM models. Native linguists evaluate outputs for: native-word preservation,
spelling accuracy, absence of spurious artifacts, and completeness. To scale beyond human through-
put, we adopt a VLM-LLM-as-Judge framework. A reasoning-capable VLM produces chain-of-
thought evaluations on the same linguistic criteria on a larger, more diverse pool of samples than
that of human linguists; a second LLM independently veri�es the reasoning trace and �nal scores
given by the VLM for consistency. Linguist and LLM scores are aggregated to select a consensus
Stage-1 model per language. Expanded benchmarking results are reported in the Experiments Ap-
pendix I and B.3.2
Stage 2: Post-Correction. Even state-of-the-art OCR/VLM systems exhibit minor but systematic
errors such as spelling inconsistencies, missing graphemes, layout-induced mis-segmentation, and
low-frequency artifacts. These subtle errors accumulate at scale and are costly to correct manually.
Therefore, we select a post-correction LLM via a language-speci�c benchmark suite focusing on the
following linguistic criteria: contextual �delity, native �uency, factual alignment, tone preservation,
hallucination resistance, and topic consistency. Refer App for Ablation on Post-Correction B.3.4

The post-correction engine operates at the page level, consuming: (i) raw OCR output, (ii) outputs
from other top OCR candidates, (iii) summaries of the preceding and following pages, and (iv)
detailed reasoning traces generated during linguistic evaluation by reasoning-based VLM. Low-
quality or “hard to OCR” pages invoke the full reasoning-based correction work�ow; high-quality
pages undergo a lightweight language-speci�c LLM based post-correction pass. The objective is
meaning preservation over exact lexical �delity, preventing semantic drift while allowing minor
lexical normalization that bene�ts pretraining.

Production at Scale.

1. Pre-processing. Each batch is processed by a VLM to infer page orientation, blur/noise levels,
and OCR dif�culty. Misoriented pages are corrected, and noisy scans are denoised using standard
image enhancement.

2. Two-Stage Execution. Stage 1 produces raw OCR pages and classi�es them as high- or low-
quality using the LLM classi�er. High-quality pages directly enter Stage 2. Low-quality and
“hard” pages trigger the multi-context LLM correction pipeline described above.

3. Human-in-the-loop Veri�cation. A strati�ed sample from all quality tiers is reviewed by native
linguists for cultural and contextual sensitivity, tone, factual alignment, topic consistency,
and hallucination. A larger sample is evaluated by LLMs using the same criteria. Consensus
between human and LLM evaluations determines batch acceptance.

4https://github.com/anonymous-submitter0104/iclr-submission/tree/main/ocr-pipeline
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