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Abstract

Despite the considerable advancements in En-
glish LLMs, the progress in building compara-
ble models for other languages has been hin-
dered due to the scarcity of tailored resources.
Our work aims to bridge this divide by introduc-
ing an expansive suite of resources specifically
designed for the development of Indic LLMs,
covering 22 languages, containing a total of
251B tokens and 74.8M instruction-response
pairs. Recognizing the importance of both data
quality and quantity, our approach combines
highly curated manually verified data, unveri-
fied yet valuable data, and synthetic data. We
build a clean, open-source pipeline for curat-
ing pre-training data from diverse sources, in-
cluding websites, PDFs, and videos, incorporat-
ing best practices for crawling, cleaning, flag-
ging, and deduplication. For instruction-fine
tuning, we amalgamate existing Indic datasets,
translate/transliterate English datasets into In-
dian languages, and utilize LLaMa2 and Mix-
tral models to create conversations grounded
in articles from Indian Wikipedia and Wiki-
how. Additionally, we address toxicity align-
ment by generating toxic prompts for multi-
ple scenarios and then generate non-toxic re-
sponses by feeding these toxic prompts to an
aligned LLaMa2 model. We hope that the
datasets, tools, and resources released as a part
of this work will not only propel the research
and development of Indic LLMs but also es-
tablish an open-source blueprint for extend-
ing such efforts to other languages. The data
and other artifacts created as part of this work
are released with permissive licenses at https:
//github.com/AI4Bharat/IndicLLMSuite

1 Introduction

Building Large Language Models (LLMs) is an

inherently data-intensive process requiring a com-

prehensive set of resources for pre-training (Raffel
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et al., 2020; Xue et al., 2021; Gao et al., 2021;
Penedo et al., 2023; Nguyen et al., 2023a; Abadji
et al., 2022) and fine-tuning (Longpre et al., 2023;
Conover et al., 2023; Kopf et al., 2023; Ding
et al., 2023a). The last year has seen remark-
able progress in building English LL.Ms, thanks
to open-source models (Touvron et al., 2023a,b;
Jiang et al., 2023, 2024a; Almazrouei et al., 2023)
developed using comprehensive datasets contain-
ing such resources. Nonetheless, this progress has
largely bypassed low and mid-resource languages
due to the the lack of data resulting from the lack
of open source pipelines for curating data for such
languages from diverse sources such as websites
(which require crawling and extraction), books
(which require OCR) and videos (which require
transcription). Further, for instruction fine-tuning,
English LLMs now rely on model-generated data
such as ShareGPT!, Self-Instruct (Wang et al.,
2023a), Evol-Instruct (Xu et al., 2023a), Ultra-
Chat (Ding et al., 2023a), etc. However, for low
and mid resource languages this option is not avail-
able due to lack of high quality LLMs, leading to a
chicken and egg problem, further widening the gap
between the haves and the have-nots.

A case in point is that of languages from the In-
dian sub-continent which collectively are spoken
by over 1.4 billion people. We focus on the 22
languages recognised in the 8th schedule of the
Indian constitution. These languages, despite their
significant number of speakers, receive minimal
representation in the training datasets and tokeniz-
ers of current open-source LLMs (Touvron et al.,
2023b; Jiang et al., 2024a; Almazrouei et al., 2023)
leading to a notable exclusion of their rich cultural
contexts and nuances. In this work, we address this
disparity by making the following contributions:
1. SANGRAHA: Pretraining data containing 251B
tokens> summed up over 22 languages extracted

1https: //sharegpt.com/
*We built a custom tokenizer which supports English and
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Figure 1: Overview of the different components present in INDICLLMSUITE.

from curated URLs, existing multilingual corpora,
and large-scale translations.
2. SETU: Spark-based (Zaharia et al., 2016) dis-
tributed pipeline customised for Indian languages
for extracting content from websites, PDFs and
videos, with in-built stages for cleaning, filtering,
toxicity removal and deduplication.
3. INDICALIGN - INSTRUCT: A diverse collec-
tion of 74.7 million prompt-response pairs across
22 languages collected through four methods: ag-
gregating existing Instruction Fine-Tuning (IFT)
datasets, translating English datasets into 14 In-
dian languages using an open-source translation
model, creating context-grounded conversations
from India-centric Wikipedia articles using open
source LLMs, and establishing a crowdsourcing
platform called Anudesh for prompt collection.
4. INDICALIGN - ToxIc: 123K pairs of toxic
prompt and non-toxic responses generated using
open source English LL.Ms and translated to 14 In-
dian languages for safety alignment of Indic LLMs.
We collectively refer to the above as INDICLLM-
SUITE. We try to balance quality and quantity
while acknowledging recent trends of using syn-
thetic data for building powerful LLMs for English
(Gunasekar et al., 2023; Li et al., 2023c) as well
as low resource languages (Nguyen et al., 2023b;
Li et al., 2023b). To ensure quality, we take help
from humans to verify websites to flag noisy or
machine translated content and to create toxicity
lists for Indian languages. On the other hand, to
ensure explicit representation of prompt-response
pairs grounded in Indian context we take the help of

Indian languages and has an average fertility of 1.3 to 2.79
across the 22 languages. We use this tokenizer for all the
reported statistics unless mentioned otherwise.

powerful open source LLMs to generate grounded
conversations from India-centric Wikipedia articles.
We recognize the need to represent diverse knowl-
edge and alignment information in Indic languages
for better performance of LLMs in Indic languages.
Hence, we undertake large-scale machine transla-
tion of rich English resources like Wikipedia as
well as English finetuning datasets into Indian lan-
guages using SOTA open-source MT models. We
thus balance source original data with translated
and LLM-generated data to create the above collec-
tion.

We believe that these choices can be replicated
across other languages to create LLMSuites. All
the code, tools and datasets developed as a part of
this work will be publicly released and hopefully
advance the development of LLMs for Indian lan-
guages. Given that LLM training is an expensive
exercise, we plan to undertake community-effort
to train LL.Ms, where multiple groups can pool to-
gether computing resources to build a high-quality
Indic language LLM.

2 Related Works

We organise the Related Work into 3 sections in
line with our main contributions.

Multilingual Datasets. Previous works like OS-
CAR (Abadji et al., 2022), CC100 (Conneau et al.,
2020), and mC4 (Raffel et al., 2020) are curated
from CommonCrawl dumps through extensive
cleaning stages. MADLAD-400 (Kudugunta et al.,
2023) extends to 419 languages, incorporating hu-
man audits and iterative refinement, along with lan-
guage family-specific filters. ROOTS (Laurengon
et al., 2023) and CulturaX (Nguyen et al., 2023a)
combined existing datasets and used strict clean-
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ing procedure to create data in 59 and 167 lan-
guages respectively. In contrast, we curate a list
of verified websites for Indian languages and use
a pipeline specifically built for Indian languages
to clean up data from some of the existing collec-
tions listed above. In addition to HTML documents
from web crawls, we also include PDFs and speech
transcripts from a variety of sources.

Data Curation Pipelines. For scraping websites
we rely on popular tools like Trafilatura (Barbaresi,
2021a) and jusText (Endrédy and Novak, 2013)
which are widely used in recent works (Penedo
et al., 2023; Gao et al., 2021). For language
identification, in addition to popular tools such
as, cld3?, langdetect*, fasttext (Wenzek et al.,
2020), SSLID (Kudugunta et al., 2023), we use
a custom Indic language LID tool (Madhani et al.,
2023a). For ensuring high quality of the processed
data recent works have proposed rule-based ap-
proaches (Raffel et al., 2020; Xue et al., 2021; Lau-
rencon et al., 2023; Rae et al., 2021), approaches
which rely on KenLM perplexity (Wenzek et al.,
2020; Laurengon et al., 2023; Nguyen et al., 2023a)
and machine learning-based approaches (Brown
et al., 2020). In this work, we largely rely on rule
based approaches. Similarly, for filtering toxic con-
tent we use word lists (Raffel et al., 2020), block-
lists of URLs (Penedo et al., 2023), and language
specific heuristics (Kudugunta et al., 2023). Lastly,
deduplication (Broder, 1997; Charikar, 2002; Ab-
bas et al., 2023) is important to reduce memorisa-
tion (Carlini et al., 2023) and improve LLM perfor-
mance (Lee et al., 2022), especially at scale (Her-
nandez et al., 2022). In this work, we perform dedu-
plication based on URLs, and fuzzy techniques like
MinHash (Broder, 1997).

Supervised Fine-Tuning Datasets. Existing IFT
datasets either contain human-human interactions
such as Dolly (Conover et al., 2023) and OpenAs-
sistant (Kopf et al., 2023), human-GPT interac-
tions such as ShareGPT? and WildChat (Zhao et al.,
2024) or LLM-generated instructions (Wang et al.,
2023b) typically bootstrapped with a few prompts,
such as Alpaca (Taori et al., 2023), WizardLM
(Xu et al., 2023a), Camel (Li et al., 2023a), Ultra-
chat (Ding et al., 2023a), Baize (Xu et al., 2023c)
amongst others. Multilingual instruction tuning
datasets are created from English IFT datasets us-

3https://github.com/google/cld3/
4https ://github.com/shuyo/language-detection
5https ://sharegpt.com/

Code | SV SS SU | Total Tokens
asm 202.14 11696.41 17.52 12006.0
ben |10604.46 13814.14 5608.89 30027.5
brx 1.5 - - 1.5
doi 0.064 - - 0.064
eng 12759.9 - - 12759.9
gom 10.1 - - 10.1
guj 36479 12934.5 597.0 17179.4
hin 12617.3 9578.7 12348.3 34544.3
kan 1778.3 12087.4  388.8 14254.5
kas 0.5 - - 0.5
mai 14.6 - - 14.6
mal 2730.8 13130.0 547.8 16408.6
mar 2827.0 10816.7  652.1 14295.8
mni 7.4 - - 7.4
npi 1822.5 10588.7  485.5 12896.7
ory 1177.1 11338.0 23.7 12538.8
pan 1075.3 9969.6 136.9 11181.8
san 1329.0 13553.5 9.8 14892.3
sat 0.3 - - 0.3
snd 258.2 - - 258.2
tam 3985.1 11859.3 15159 17360.3
urd 3658.1 9415.8 1328.2 14402.1
tel 3706.8 11924.5 647.4 16278.7
Total \ 64306.1 162707.9 24307.7 \ 251321.0

Table 1: Number of tokens (in Millions) in each split
of Sangraha. (SV: SANGRAHA VERIFIED, SS: SAN-
GRAHA SYNTHETIC, SU: SANGRAHA UNVERIFIED)

ing machine translation of prompts and/or outputs
(Li et al., 2023b; Wei et al., 2023). In this work,
we translate existing IFT datasets to Indian lan-
guages and also create LLLM-augmented conversa-
tions grounded in Indian context.

3 SANGRAHA

In this section we describe the composition and
curation of SANGRAHA spanning verified (64B),
unverified (24B) and synthetic (162B) content for
a total of 251B tokens.

3.1 Data Composition

3.1.1 Sangraha Verified

To ensure high quality, we introduce the Sangraha
Verified dataset, comprising Web Data, PDF Data,
and Speech Transcripts Data. This dataset empha-
sizes human-verified quality across various stages
of its curation.

Web Data. Our web data, constituting the major-
ity of Sangraha, diverges from traditional Com-
mon Crawl-based approaches by prioritizing data
quality. This involves manual verification of each
website before scraping. Following Kakwani et al.
(2020); Doddapaneni et al. (2023), we identify web
sources, primarily news articles, through existing
repositories and automated searches. Additionally,
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we engage volunteers to select websites in Indian
languages and English based on content quality and
cultural relevance. To enhance diversity, we man-
ually verify and add a small subset of base URLs
extracted from the mC4 corpus. The selection and
scraping processes use the webcorpus toolkit®. We
detail the process further in Appendix A.1.

PDF Data. Acknowledging the wealth of Indian
language content in undigitized books and docu-
ments, we focus on text extraction from digitized
PDFs. We download Indian language PDFs from
the Internet Archive, selecting high-quality docu-
ments through a detailed process described in Ap-
pendix A.2. Additionally, we collect documents
from different government sources including Par-
liamentary debates, magazines, textbooks, etc. We
list down the sources and their details in Appendix
A.2. For OCR, we employ GCP’s Vision tool, rec-
ognized for good performance across categories
(Dilmegani, 2023). Our future work will continue
to explore digitization and OCR of new public
sources.

Speech Transcripts. We source movie subtitles
from OpenSubtitles7, song lyrics, Mann ki Baat
transcripts following Siripragada et al. (2020), and
NPTEL transcripts®, as extended by Bhogale et al.
(2023b). These transcripts feature a substantial
amount of technical text in Indian languages. Addi-
tionally, we transcribe around 80K hours of Hindi
videos from YouTube using the Riva Conformer
ASR Model®. We plan to extend the transcription
efforts to all 22 scheduled Indian languages, with
pipeline details described in Appendix A.3.

3.1.2 Sangraha Synthetic

There is a huge disparity between the information
rich digital content and knowledge available in
English as compared to Indian languages. To ad-
dress this disparity, we introduce SANGRAHA SYN-
THETIC, an initiative aimed at democratizing ac-
cess to knowledge by translating a knowledge-rich
English corpus into Indian languages. Utilizing
INDICTRANS2 (Gala et al., 2023), we translated
the entirety of English Wikimedia into 14 Indian
languages resulting in nearly 90B tokens. Since
INDICTRANS2 operates at the sentence-level and
does not retain the document level formatting such

Shttps://github.com/AI4Bharat/webcorpus

7https ://www.opensubtitles.org/

8https ://nptel.ac.in/translation

https://catalog.ngc.nvidia.com/orgs/nvidia/
teams/riva/models/speechtotext_hi_in_conformer

as newlines, markdowns and other structures, we
developed the SETU-TRANSLATE pipeline. This
pipeline facilitates the translation of documents and
conversations while preserving the original docu-
ment structure.

Recognising the prevalent trend of “Romanized”
Indic language usage particularly in informal set-
tings and in digital communication, we extend
Husain et al. (2024) and transliterate the above-
translated content in 14 languages to Roman script
using INDICXLIT (Madhani et al., 2023b) result-
ing in about 72B tokens. Going forward, we will
extend SANGRAHA SYNTHETIC to cover all the 22
scheduled languages of India.

3.1.3 Sangraha Unverified

We introduce the SANGRAHA UNVERIFIED split
to expand the Sangraha corpus while ensuring high
quality. This split employs a perplexity filtering
pipeline, inspired by CCNet (Wenzek et al., 2020),
with the SANGRAHA VERIFIED split serving as
the benchmark for data quality. Following this
approach, we train 5-gram Kneser-Ney models
using KenLM library (Heafield, 2011) for each
language on a sample of SANGRAHA VERIFIED
data. We then clean the entire Indic splits of CUL-
TURAX (Nguyen et al., 2023a) and MADLAD-
400 (Kudugunta et al., 2023) datasets through the
Setu data cleaning pipeline. We consider CUL-
TURAX and MADLAD-400 as these represent
the latest and most comprehensive multilingual col-
lections. We compute the perplexity for all the
resultant cleaned documents and retain only those
documents whose perplexity is below the thresh-
old chosen for that language. We describe more
details of the pipeline and the statistics for various
languages in Appendix B.

3.2 Setu: A Comprehensive Pipeline for Data
Cleaning, Filtering, and Deduplication

To clean, filter, and deduplicate Web, PDF, and
Speech data, we create Setu, a pipeline built on
Apache Spark which broadly has 4 stages - doc-
ument preparation, document cleaning and analy-
sis, flagging and filtering, and deduplication. The
document preparation stage focuses on extracting
the text from our diverse sources and creating text
documents for further processing. For Web doc-
uments, we use trafilatura (Barbaresi, 2021b) to
extract text from HTML, while the PDFs are run
through a pipeline that uses a combination of the
various bounding box related information to fil-
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Figure 2: Comparison of the number of tokens (in Mil-
lions) in - INDICCORP V1, INDICCORP V2 and SAN-
GRAHA VERIFIED + SANGRAHA UNVERIFIED

ter out pages with potential recognition issues and
noise. Text from speech data is extracted by ei-
ther cleaning the SRT files to eliminate timestamps
and other noise or by running the ASR transcripts
through INDICPUNCT (Gupta et al., 2022) punctu-
ation module to create text documents.

In the cleaning and analysis stage, we perform
in-document cleaning to reduce the noise within
a single document. We also use a multi-model
approach for language identification by combin-
ing the outputs from INDICLID (Madhani et al.,
2023a), cLD3, and NLLB (Costa-jussa et al.,
2022). We then perform analysis by computing var-
ious statistics like character, word counts, NSFW
word count, n-gram repetition ratio, etc. In the
flagging and filtering stage, we apply various filters
based on the statistics computed like line length
filters, NSFW word filters, and repetition filters
which remove noisy and toxic documents. In the
end, the deduplication stage performs fuzzy dedu-
plication using MinHashLLSH implemented in text-
dedup'® repository by employing n = 5 and thresh-
old =0.7. A detailed overview and analysis of Setu
is in Appendix D.

3.3 Data Analysis

The final statistics of SANGRAHA are shown in
Table 1.

Comparison with other Multilingual Corpora:
We compare SANGRAHA VERIFIED split with
other Indic-only corpora - INDICCORP V1 (Kak-
wani et al., 2020), INDICCORP V2 (Doddapaneni
et al., 2023) and Wikipedia. Figure 2 shows the dis-

10https ://github.com/ChenghaoMou/text-dedup
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Figure 4: Percentage drop across the different stages of
Setu when cleaned on SANGRAHA VERIFIED

24.56 %

3147 %
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tribution of the number of tokens for different Indic
languages. We observe a significant increase in the
size for all languages especially in the lower re-
source languages. Overall SANGRAHA VERIFIED
contains 64.3B tokens and is 2.6 bigger than IN-
DICCORP V2. We show a detailed language-wise
comparison in Table 20 in Appendix F

Average document length comparison across lan-
guages: Figure 3 compares the average document
length across various languages in terms of number
of words. For Web Data, a single webpage is a doc-
ument whereas for PDF data, a batch of consecutive
pages is considered a document. We observe that
Dravidian languages, i.e., Tamil, Malayalam, Kan-
nada, and Telugu show considerably smaller doc-
ument lengths, primarily because these languages
are agglutinative.

How much data gets filtered by Setu?  We
present a comprehensive analysis of the attrition in
token count observed across the various stages of
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Figure 5: Number of tokens (in Billions) dropped at
each stage in CULTURAX and MADLAD-400 when
cleaned using Setu.

the Setu pipeline in Figure 4. Notably, the Dedupli-
cation stage exhibits the most significant reduction
in tokens, which can be attributed to the fact that a
lot of web content for Indic Languages comprises
news articles with similar content disseminated
across various platforms. We show qualitative ex-
amples of the content that gets filtered out at each
stage in Appendix D. To show how Setu performs
on other corpora, we clean the entire CULTURAX
and MADLAD-400 datasets through Setu. Fig-
ure 5 shows the token drops across the stages for
both. The massive drop from Stage-1 to Stage-2
shows that both the corpora had significant amount
of noise inside documents like menus, headers, etc
despite the claims of them being clean. We show
examples of what kind of content is getting re-
moved from CULTURAX and MADLAD-400 in
Appendix C.

4 IndicAlign

INDICALIGN comprises two distinct splits: INDI-
CALIGN - INSTRUCT and INDICALIGN - TOXIC
data, each contributing to the robustness and diver-
sity of the dataset. Table 2 encapsulates the overall
statistics of INDICALIGN.

4.1 IndicAlign - Instruct

The INDICALIGN - INSTRUCT segment encom-
passes datasets that can be used to imbibe
instruction-following ability in Large Language
Models. Firstly we amalgamate different existing
Instruction Finetuning (IFT) datasets with prompts
authored by humans and responses generated by
either humans or open, license-friendly models. To
complement this human-centric approach, which is
often too expensive and time consuming, we turn
to synthetic data generation using existing chat-

aligned models following the works of Ding et al.
(2023b), Habash et al. (2022), and Xu et al. (2023b).
We ensure that our outputs are always from open,
license-friendly models and are always grounded
in context. Given limited space, the descriptions
given below are brief and we point the reader to
Appendix E for more details and examples of all
the datasets mentioned below.
Indic-ShareLlama We collect the prompts from
the first turns of ShareGPT data!' and prompt
LLAMA2-70B CHAT model (Touvron et al.,
2023b) for responses. Excluding non-English, cod-
ing, and math prompts, we translate and transliter-
ate these prompt-response pairs into 14 languages.
Dolly-Translated Following Gala et al. (2024) and
Husain et al. (2024), we translate and transliterate
DoOLLY-15K (Conover et al., 2023) dataset into 14
Indic languages.

OpenAssistant-Translated We extend the efforts
of Gala et al. (2024); Husain et al. (2024) and re-
lease the translated and transliterated OPENASSIS-
TANT (Kopf et al., 2023) in 14 Indic languages.
WikiHow Wikihow is an online wiki-style platform
that serves as a valuable resource for a diverse ar-
ray of how-to articles. Gala et al. (2024) curate
around 20,400 and 6000 instruction-answer pairs
in English and Hindi. The data is formulated as a
completion task given either a question or a ques-
tion along with a few initial steps. We translated it
into 14 Indic languages.

IndoWordNet To get grammar and language
creativity data we employ IndoWordnet (Bhat-
tacharyya (2010), Panjwani et al. (2018)) to con-
struct instruction-answer pairs. Our approach in-
volves identifying a set of 21 distinct intents, such
as part-of-speech identification and sentence cre-
ation using specific words. For each intent, we
create five unique templates, both for prompts and
responses, across 18 languages. Then for every
WordNet entry, we randomly populate 20 templates,
thus creating tailored instruction-answer pairs.
Anudesh Anudesh is a crowd-sourced collection of
prompts accompanied by responses from LLAMA2-
70B CHAT model. The participants are provided
with instructions detailing the nature of interaction
expected from them. Each instruction has an Intent,
a domain, and a language instruction. The intent
describes the interaction’s goal, such as summariza-
tion or recommendation seeking. The domain spec-

"https://huggingface.co/datasets/
anon8231489123/ShareGPT_Vicuna_unfiltered
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Prompt Response Original/ Avg. Avg. Avg. Lexical
Component source source Translated #Examples Turns Inst. Len Out. Len #Lang Diversity
Indic ShareLlama | Human Model T 21.1k 1 60.45 267.98 15 57.69
Dolly-T Human Human T 15.0k 1 12.34 59.38 15 47.23
OpenAssistant-T | Human Human T 19.9k 2.98 25.72 136.37 15 59.75
WikiHow Human Human (0] 26.4k 1 43.85 327.95 2 23.87
IndoWordNet Human Human (0] 74,272.2k 1 19.74 14.84 18 37.24
Anudesh Human Model T 43.3k 1.58 12.4 149.28 20 51.69
Wiki-Conv Model  Model T 144k 9.14 7.09 11.22 15 23.17
Wiki-Chat Model  Model T 202k 2.8 23 227.75 15 56.67
HH-RLHF-T Human Model T 32.6k 1 14.11 64.88 15 79
Toxic Matrix Model  Model T 90.3k 1 33.68 89.64 15 86.57

Table 2: Overall statistics of INDICALIGN. Dolly-T represents Dolly Translated, OpenAssistant-T represents

OpenAssistant Translated

ifies the context, like "Indian Festivals" or "Food
and Cuisine," where the interaction needs to un-
fold. Language sets the linguistic framework, guid-
ing participants to create prompts in designated
languages, including - Indic languages, English,
transliterated Indic, and a code-mix of Indic and
English. Following these instructions, participants
create prompts that are subsequently coupled with
LLAMA2-70B CHAT model’s responses, translated
to match the initial language specification.

Wiki-Conv We use Wikipedia passages and Wiki-
Infoboxes as contexts to generate conversations.
An Infobox is a fixed-format table added to
Wikipedia articles that summarizes important facts,
statistics, and important points in an easy-to-read
format. We use LLAMA2-70B CHAT (Touvron
et al., 2023b) to generate an entire conversation
in a user-assistant format in a single generation
and subsequently translate and transliterate it to 14
Indic languages using our pipeline.

Wiki-Chat Unlike WIKI-CONV, here we try to
simulate dialogues between two LLMs. We use
the Wikipedia context from WIKI-CONV to de-
termine an intent which drives the conversation
between a User LLM agent and an Assistant LLM
agent. This simulation involves four distinct LLM
agents: Intent LLM, Init User LLM, Assistant
LLM, and Next User LLM. We use LLAMA2-
70B CHAT (Touvron et al., 2023b) and MIXTRAL-
8X7B-v0.1 (Jiang et al., 2024b) to simulate the
conversations which are then translated and translit-
erated to 14 Indic languages.

We again request the reader to check Appendix
E for more details and examples (especially for In-
doWordNet, Anudesh, Wiki-Conv and Wiki-Chat).

4.2 IndicAlign - Toxic

Aligning chat models to responsibly handle toxic
prompts is a crucial aspect of developing ethically
responsible models. In this work, we present ini-
tial steps towards creating datasets aimed at re-
fining model responses to toxic inputs. We use
both human and synthetic data collection strategies
and introduce two distinct datasets: HH-RLHF-
Translated, comprising human-curated data, and
Toxic Matrix, a novel toxic alignment dataset cre-
ated synthetically.

HH-RLHF - Translated We prompt LLAMA2-
70B CHAT to classify each of the initial user
prompts from HH-RLHF (Bai et al., 2022) as ei-
ther toxic or non-toxic, along with providing the ra-
tionale for its decision. From approximately 169K
initial prompts, around 32K were identified as toxic.
We frame the response for each toxic prompt by
including a statement of inability to engage due to
the toxic nature of the prompt accompanied by the
rationale given by the model. We then translate this
into 14 Indic languages followed by transliteration
to Roman script.

Toxic Matrix We introduce a novel approach to
generate toxic alignment data synthetically using
a taxonomy with three main axes: Content-Type,
Target Group, and Prompt Style. We expand each
axis to come up with a comprehensive list of cat-
egories. Table 3 shows examples of categories
under each of the axes. We then use MISTRAL-7B
CHAT (Jiang et al., 2023) model to generate toxic
prompts for each combination of our categories.
We found MISTRAL-7B CHAT to have miniamal
safety alignment which allows it to create highly
creative toxic content. We then use another model
- LLAMA2-70B CHAT - to respond to these toxic
prompts. LLAMA2-70B CHAT is selected for its
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strong toxic alignment, meaning it either refuses
to engage with the toxic content or provides a non-
toxic response. We generate in total about 90K
toxic prompt-response pairs, all of which are trans-
lated and transliterated to 14 Indic languages.

Although previous works have shown different
ways to distill instruction following alignment from
strong models we propose this method as one of
the ways to distill toxic alignment using a com-
bination of a weakly and a strongly toxic-aligned
model. This approach, while still under develop-
ment, offers a promising direction for improving
the ethical alignment of conversational models. It’s
important to note, however, that this method is
part of an ongoing effort and not a definitive solu-
tion to ensuring toxic alignment. We propose this
taxonomy-based approach as one of the ways of
approaching this problem of generating/collecting
toxic data and thereby aligning the models.

We refer the reader to Appendix F for further
details and examples.

4.3 Analysis

Number of turns: Our curated dataset exhibits a
wide range across various dimensions. Specifically,
the range of dialogue turns spans from an average
of 9.27 to a minimum of 1, which will result in the
trained model’s capability to support dialogues of
both short and extended lengths. Furthermore, the
variation in average instruction and output lengths
will underscore the model’s proficiency in process-
ing and generating content of diverse lengths.

Lexical diversity of INDICALIGN data: To show
the lexical diversity of the prompts, following the
work of UltraChat (Ding et al., 2023b) we use
the Measure of Textual Lexical Diversity (MTLD)
score (McCarthy and Jarvis., 2010). As seen in
Table 2, the OpenAssistant dataset has the highest
lexical diversity, attributable to its sourcing from
approximately 13,500 volunteers. Additionally, the
lexical diversity of the Wiki-Chat dataset is on par
with other human-generated datasets such as Indic
Sharel.lama and Dolly, indicating that our method-
ology of using intents to drive conversations, is
effective in producing prompts with diversity com-
parable to those collected from human participants.
Intent Diversity Analysis: Figure 6 depicts
the distribution of intents within the WIKI-CHAT
dataset. Notably, since we have used Wikipedia
as the context, we understandably see a majority
of the interactions revolving around Information

Information Seeking
© Performing Analysis
Historical Contexts
Seeking Comparisons
Summarization
Seeking Opinions

® Personal Experiences
Planning and Organization
Cultural Understanding

© Biographical Information
Writing and Creativity

Figure 6: Wiki-Chat Intent Analysis - The different
kinds of intents based on which Wiki-Chat conversa-
tions are simulated

Content Type Fraudulent activities, Harassment on Ac-
cent, Vaccine Misinformation, Kidnap-
ping, Harassment on Appearance, Ethnic
Insults, Suicidal Ideation

Target Group Children with Disabilities, Bengalis, Gu-
jaratis, South Indians, Adolescents, Het-
erosexuals, Adults (30-49yrs), Sardarjis

Prompt Style Direct, Indirect, Misleading, Long Con,
Fooling, Provocative, Role-Play, Ex-
ploitative, Manipulative

Table 3: Examples for each axis in the Toxic Matrix
taxonomy

seeking. We also observe diversity of intents cen-
tered around various real-world scenarios showing
the real-world applicability of our data. We show
additional analysis of the data in Appendix E.

5 Conclusion

In summary, our work addresses the underrep-
resentation of low and mid-resource languages,
specifically focusing on the 22 constitutionally
recognised languages. We introduce INDICLLM-
SUITE, a comprehensive framework encompass-
ing SANGRAHA pretraining data, SETU a Spark-
based pipeline for data curation, INDICALIGN -
INSTRUCT a diverse prompt-response collection,
and INDICALIGN - TOXIC containing aligned toxic
responses for Indic LLMs. By striking a balance be-
tween human-verified content and model-generated
data, we aim to provide equitable access to informa-
tion for diverse linguistic communities. We encour-
age community collaboration in the costly endeavor
of LLM training, advocating for the pooling of re-
sources to build high-quality fully open source In-
dic language LLMs. Through the public release of
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our tools and datasets, we hope to inspire advance-
ments in LLM development for Indian languages
and beyond.

Limitations

While Sangraha leverages publicly available web
content, PDFs, and videos as primary data sources,
it’s crucial to acknowledge potential biases inherent
in this data, which could be inherited by any model
trained on the data. We leave the analysis on poten-
tial biases and debiasing techniques for future work.
We rely on NSFW word detection for toxic data
detection, which does not fully capture or mitigate
toxicity and sometimes results in false positives.
We call upon the community to create better toxic
data detection techniques for all Indian languages.
Despite our efforts to remove Personally Identi-
fiable Information (PII) from crowdsourced data,
there remains a risk of inadvertent inclusion. The
dataset exhibits lower representation from higher
age groups, uneven coverage across Indian states,
and a lack of comprehensive inclusion for low-
resource languages. Additionally, our method of
translating toxic prompts into Indic languages may
not adequately capture the nuanced variations in
Indian contexts.

We again call upon the community to contribute
towards enhancing data diversity, improving trans-
lation methodologies for better cultural and contex-
tual relevance, and developing more effective tools
for debiasing and ensuring ethical use.

Ethics Statement
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annotators and developers, were adequately com-
pensated for their work, adhering to all relevant
norms and regulations of our country. The volun-
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The released code will carry an MIT License!?,
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Domain Number of Websites
com 5926
in 817
org 446
net 250
co.in 81
tv 75
others 445
Total 8040

Table 4: Sangraha Verified Website domain statistics

Appendix

A  SANGRAHA VERIFIED - Curation
Details

A.1 Curation of SANGRAHA VERIFIED- Web
Data

Here we discuss the details about curation of SAN-
GRAHA VERIFIED - Web data. Table 4 shows
the domain-level statistics of the websites in SAN-
GRAHA VERIFIED.

In this work, we adopt a three-fold strategy to
collect a comprehensive collection of websites for
scraping. Firstly, we extend the efforts of Kakwani
et al. (2020) and Doddapaneni et al. (2023) of dis-
covering web sources using existing repositories
and automated web searches, to discover a large
list of Indic language websites. But, unlike the
previous efforts, we do not restrict ourselves to just
news websites. Secondly, we identify various do-
mains such as Indian Culture, Food, Health, and
Travel, among others and enlist volunteers to gather
websites within these domains, prioritizing those
in Indic languages or English but pertinent to the
Indian context. Thirdly, we collect the base URLs
from MC4 (Xue et al., 2021), focusing on websites
with high amount of content and get them veri-
fied by volunteers. Additionally, we include all the
Indian Government websites'® which serves as a
valuable resource, given their multilingual content.

Volunteers review each website collected via au-
tomated methods and decide on acceptance or re-
jection based on the criteria defined. A website can
be rejected if either of the below conditions were
met:

* Website is non-Indic or non-English.

13https ://igod.gov.in/

PDF Sources #PDFs #Pages
Internet Archive 437225 T74M
eGyanKosh 5133 88K
Indian Parliament 30964 2. 7TM
AIR News 74353 148K
Govt. Magazines 895 46K
School Books 4315 359K
Miscellaneous 27988 4.6M
Total 507419 82M

Table 5: Sangraha PDF sources - The final statistic of
the PDFs on which OCR has been performed.

* Website is an adult, gambling, or a general
toxic website.

* Website has content that directly appears to be
machine-translated.

Figure 7 presents the verification outcomes, high-
lighting a significant rejection rate due to website
inactivity, particularly those sourced from MC4.
This means that the information in existing col-
lections if becoming outdated because of defunct
websites. We make available the verification portal
for further research utilization.

A.2 Curation of SANGRAHA VERIFIED - PDF
Data

In this section, we elaborate on the methodology
adopted for curating the SANGRAHA VERIFIED
- PDF data. Table 5 shows the detailed source-
level PDF statistics. We discuss the details of the
curation of data from each source below.

Internet Archive

Utilizing the official API of the Internet Archive!4,
we collected approximately 921K PDF documents
across all Indic languages. This collection spans
diverse categories such as religious texts, news arti-
cles, fiction, educational materials, and scientific lit-
erature. We subsequently filtered out PDFs incom-
patible with GCP Vision'?, specifically excluding
languages like Bodo, Dogri, Kashmiri, Konkani,
Maithili, Manipuri, and Sindhi due to their low-
resource status, with plans for future inclusion.

To optimize for quality and manage costs, OCR
was performed solely on high-quality PDFs. We

“https://archive.org/developers/
internetarchive/

Bhttps://cloud.google.com/vision/docs/
languages
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Figure 7

first remove all the corrupted and encrypted PDFs.
Additionally, resource limitations from GCP Vi-
sion necessitated the filtering of PDFs exceeding
2000 pages. We also filter out all the PDFs having
less than 25 pages as these are often incoherent
documents such as glossaries, comics, bills, and
receipts. Quality assurance measures for OCR in-
cluded filtering out scanned PDFs with a Pixel Per
Inch (PPI) rating below 300. Additionally, we an-
alyzed images from 10 consecutive pages of each
PDF, focusing on metrics like average image area
coverage and brightness. PDFs with images were
considered for further analysis if they covered less
than 50% of the page area and had a brightness
level above 200. Table 6 shows the statistics of
PDFs filtered after each filtering stage.

eGyanKosh

eGyanKosh, India’s National Digital Repository,
serves as a repository for digital learning resources
from Open and Distance Learning Institutions, cov-
ering subjects such as History, Economics, Politi-
cal Science, Public Administration, and Sociology,
across various Indian languages.

Indian Parliament

This source comprises manually compiled sum-
maries of debates and discussions from the Indian
Parliament and various State Legislative Assem-
blies. These form a rich source of local and cul-
turally relevant data. We collect all the publicly
available Parliamentary and State Assembly mate-
rials. Table 7 shows the statistics of the state-wise
collected documents.

AIR News

All India Radio (AIR) is the national radio broad-
caster of India, a Prasar Bharati division, that
streams radio programs in all major Indian lan-
guages. Following the approach of (Bhogale et al.,
2023a), we collect news bulletins for 12 Indian lan-
guages. Table 8 shows the language level statistics
of the collected data.

Govt. Magazines

We aggregated content from magazines published
by governmental agencies, which include annual re-
ports, details on governmental schemes, initiatives,
cabinet decisions, and current affairs, published in
multiple Indian languages.
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Language  Original Count After Validity Check After Page Count Check After Image Filters

Hindi 349,365 344,454 106,112 102,164
Urdu 177,867 157,121 127,495 73,966
Sanskrit 88,238 84,804 76,401 70,663
Bengali 59,636 55,023 50,825 45,272
Tamil 52,199 49,924 37,243 29,755
Telugu 50,320 48,919 40,860 38,243
Gujarati 43,677 42,021 34,514 34,038
Malayalam 34,858 31,594 11,627 4,725
Kannada 24,446 23,589 18,661 17,493
Punjabi 13,898 12,932 7,397 5,617
Marathi 9,710 9,174 7,875 7,478
Assamese 2,424 2,408 2,205 2,408
Nepali 1,545 1,497 836 671
Odia 4,972 4,733 2,439 4,732

Table 6: Statistics of PDFs filtering from Internet Archive

State Number of PDFs Language Number of PDFs
Andhra Pradesh 3383 Bengali 5721
Bihar 306 Gujarati 5586
Gujarat 3241 Hindi 18560
Haryana 433 Kannada 4888
Himachal Pradesh 2035 Konkani 471
Jharkhand 124 Malayalam 5665
Karnataka 8405 Marathi 8958
Kerela 2039 Nepali 1686
Madhya Pradesh 656 Odia 5769
Maharashtra 544 Punjabi 885
Punjab 287 Sanskrit 730
Rajasthan 7 Tamil 7002
Tamil Nadu 680 Telugu 5555
Indian Parliament 14896 Urdu 2877
Total 37036 Total 74353

Table 7: Statistics of the PDFs collected from Indian ~ Table 8: Language-wise statistics of PDFs collected
Parliament from AIR newsonair
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State Number of PDFs
Andhra Pradesh 126
Assam 61
Bihar 426
Goa 31
Haryana 31
Himachal Pradesh 1909
Karnataka 502
Kerala 121
Maharashtra 76
Manipur 70
Meghalaya 293
Mizoram 40
Nagaland 681
Odisha 41
Punjab 195
Rajasthan 186
Telangana 235
Tripura 365
West Bengal 125
National 598
Other Books 1442
Total 7554

Table 9: State-wise statistics of School textbooks col-
lected

School Textbooks

This set includes publicly available textbooks from
various Indian states and those published by the Na-
tional Council of Educational Research and Train-
ing (NCERT), providing a rich source of educa-
tional content in multiple Indian languages. Table
9 shows the statistics of the books collected from
different sources.

Miscellaneous

In addition to the categorized sources, we also in-
corporated a variety of documents from govern-
ment and public domains, focusing on content ei-
ther in Indic languages or in English with relevance
to India.

A.3 Curation of SANGRAHA VERIFIED -
Speech Data

Here we discuss the details about Speech Data split
of SANGRAHA VERIFIED component. Table 10
shows the detailed source-level statistics. We dis-
cuss the details of the curation of the data from
each source below.

Source Number of Instances
YouTube - Hindi 276K videos
Open Subtitles 14K movies
NPTEL - Transcripts 1.4K courses
Mann Ki Baat 1.4K podcasts
Others 15K
Total 309K

Table 10: Statistics of the various sources of Speech
Data collected

Youtube - Hindi

Following the approach of Bhogale et al. (2024),
we collect around 80K hours of audio data from
Youtube videos in Hindi language. We then chunk
it into smaller segments by detecting silences using
WebRTC VAD!6 and get each chunk transcribed
using the Hindi Conformer model. Then, we piece
together all the transcripts to obtain the transcript
for the whole video.

OpenSubtitles

Following Gao et al. (2021), we collect all the In-
dic Language subtitles from OpenSubtitles'’. We
first process the SRT files using simple regex based
patterns to remove the timestamps and extract the
text. We then define regex patterns to filter out
other noisy content like character cues, continua-
tion ellipses, etc. We then combine the different
parts to form a single document per SRT file. Table
11 shows the language-wise statistics of Subtitles.

NPTEL - Transcripts

The National Programme on Technology Enhanced
Learning (NPTEL)'® is an Indian e-learning plat-
form for university-level science, technology, engi-
neering and mathematics subjects that is jointly de-
veloped by various Indian Institutes. Although the
course content developed by NPTEL is primarily
in English, a lot of it has been manually transcribed
and translated into 11 different Indian Languages
and reviewed before being made publicly avail-
able. The translated content has been compiled
and released as course textbooks. Table 12 shows
the statistics of the course transcripts available in
different languages.

https://github.com/wiseman/py-webrtcvad
17https: //www.opensubtitles.org/
18https: //nptel.ac.in/
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Language Number of Instances
Assamese 2
Bengali 2619
English 1178
Hindi 2808
Kannada 7
Malayalam 7571
Odia 3
Sindhi 30
Tamil 223
Telugu 20
Urdu 129
Total 14590

Table 11: Language wise statistics of subtitles collected
from OpenSubtitles

Language Number of Courses
Assamese 1
Bengali 91
English 523
Gujarati 106
Hindi 184
Kannada 89
Malayalam 108
Marathi 85
Punjabi 1
Tamil 150
Telugu 98
Total 1436

Table 12: Language wise statistics of the course tran-
scripts collected from NPTEL

Language Number of Instances
Assamese 63
Bengali 91
English 410
Gujarati 92
Hindi 89
Kannada 78
Malayalam 89
Marathi 90
Manipuri 65
Odia 82
Punjabi 81
Tamil 85
Telugu 89
Urdu 64
Total 1468

Table 13: Language-wise Mann Ki Baat transcripts col-
lected

Mann Ki Baat

Mann Ki Baat is an Indian Radio programme
hosted by the Indian Prime Minister usually with a
frequency of 1 per month. This is transcribed and
then manually translated into 13 Indian languages.
Table 13 shows the language wise statstics.

A.4 Setu Translate

Majority of the machine translation systems are
trained as sentence-level translators which often
struggle to preserve various entities like inter-
sentence separators, new-line characters, tab-
spaces, markdowns, bullet points, etc. Simple
sentence-tokenizers present in the packages like
NLTK (Loper and Bird, 2002) and IndicNLP Li-
brary (Kunchukuttan, 2020) are not capable of re-
taining these inter-sentence separators and mark-
downs. We introduce SETU-TRANSLATE, a ro-
bust translation pipeline for mass-translation of
both pre-training as well as Instruction fine-tuning
data while preserving the structure of the docu-
ment. Overall, SETU-TRANSLATE focuses on the
accurate identification of the parts of the document
that must be sent to the translation model and then
the replacement of the translated sentences in the
overall document thereby preserving the overall
structure of the translated document. The five main
of SETU-TRANSLATE are described in this section.
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Templating

Using regex patterns, we identify the parts of the
documents we intend to translate. The goal of this
stage is to preserve the structure of the document.
The regex patterns defined ignore markdown struc-
tures, code snippets (enclosed in backticks), bullet
points, paragraph indicators, Roman numerals, etc.,
and extract only the sentences. After performing
unicode-normalization and deduplication on the ex-
tracted sentences, a global sentence-level dataset is
created.

Inference

We binarize the data first and then utilize INDIC-
TRANS2 for translating English into Indic lan-
guages. We leverage both GPUs and TPUs for
large-scale translation. To benefit the community,
we open-source the flax port for INDICTRANS?2 for
faster TPU inference.

Replace

Once we have the translated sentences, we perform
aregex-based replacement of the original sentences
with the translated ones. This ensures that only
sentences are replaced and the other structure of
the document is retained as is.

A.5 Setu Transliteration

Similar to translation, we also release the Setu
Transliteration pipeline. Since transliteration is
done at a word level and doesn’t consider the con-
text of the remaining words, we follow the normal
word replacement strategy. We maintain a contin-
uously updating mapping of Indic words to their
Roman counterparts in a prefix-based hierarchical
format which we feel is the key to speedup and
rapid access to the required word pairs.

Word Mapping Dictionary

For the creation of the initial mapping, we use
AKSHARANTAR(Madhani et al., 2023b) dataset,
which is the largest publicly available transliter-
ation dataset for Indic languages as the starting
point. We convert AKSHARANTAR into the said
prefix-based hierarchical format. This mapping is
continuously updated with the new mappings as we
discover new un-romanized words further in our
pipeline.

Word Replacement

Word level replacement has 2 main challenges: (i)
identifying words to replace while preserving the

entire document structure; and (ii) unordered re-
placement leading to sub-word replacement instead
of the entire word.. We address (i) using the same
regex-based approach used in SETU-TRANSLATE.
To address (ii), we sort the mapping based on
source-language word length in descending order
before feeding the mapping to the regex-based ‘re-
place® module.

Inference

During the first ‘replace‘ pass, we log the un-
romanized words whose mapping is not available
in the current word mapping dictionary. In the ‘in-
ference® stage, we transliterate these words using
INDICXLIT(Madhani et al., 2023b) to get an up-
dated word-mapping dictionary. We then repeat the
word-replacement until all the words are properly
romanized.

B Curation of SANGRAHA UNVERIFIED

We describe the methodology employed for curat-
ing the SANGRAHA UNVERIFIED split, leveraging
a perplexity-based filtering pipeline inspired by
CCNET (Wenzek et al., 2020).

We first randomly sample 200,000 documents
from SANGRAHA VERIFIED split for each lan-
guage. We then normalize each document by con-
verting text to lowercase, removing accents from
characters, normalizing numbers to a uniform rep-
resentation (specifically converting all digits to
"0"), replacing a predefined set of Unicode punctu-
ation with their ASCII counterparts, and removing
non-printing characters. We then train a senten-
cepiece tokenizer and tokenize all of the sampled
data. Then, we train a 5-gram Kneser-Ney models
using KenLM (Heafield, 2011) library. We binarize
these models for quicker inference.

For deciding the language-specific thresholds,
we create a validation set by sampling another
100,000 documents from SANGRAHA VERIFIED
and calculate the perplexity of each document us-
ing the trained n-gram models. We then sort the
perplexities and choose the 80th percentile value
as the threshold for each language. Table 14 shows
the thresholds chosen for each language. To prefer
more quality over volume, higher percentile thresh-
olds can be chosen, but that may result in reduced
diversity and representativeness of the resultant
data.

We clean the entire CULTURAX and MADLAD-
400 corpora using the Setu Cleaning pipeline and
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Language Min PP Max PP Mean PP PP Threshlold Total Docs Chosen Docs Filtering rate
Assamese 27.4 65155.6 1013.9 1216 25617 18713 26.9%
Bengali 6.7 22941.5 286.6 606.7 6838196 6274727 8.24%
Gujarati 7.8 23184.4 421.7 792.5 640843 586977 8.4%
Hindi 5.7 160264.7 230.44 378.8 19362407 17271194 10.8%
Kannada 8.6 25413.1 74.5 103.4 748914 623662 9.1%
Malayalam 5.6 43419.9 65.8 61.4 1723524 1012425 41.25%
Marathi 8.3 16032.2 214.2 277.8 1322324 1051722 20.4%
Nepali 7.1 20334.8 140.0 120.32 1625754 961637 40.84%
Odia 5.8 166311 160.0 170.8 61692 44298 28.1%
Punjabi 8.0 23375.0 232.6 229.7 302421 195115 35.48%
Sanskrit 32.8 5919.0 823.8 1397.7 3332 2993 10.17%
Tamil 6.2 22583.3 157.6 262.3 2416008 2089674 13.5%
Telugu 12.6 65297.8 139.3 377 930407 898991 3.37%
Urdu 2.4 25206.5 158.4 316.8 1502769 1372703 8.65%

Table 14: Perplexity Statistics of CULTURAX and MADLAD-400 datasets. Perplexity is calculated using n-gram
language models trained on data sampled from SANGRAHA VERIFIED.

de-duplicate it with the entire SANGRAHA VERI-
FIED split. Finally, we calculate the perplexities of
each document and filter out those that are above
the chosen threshold. Table 14 shows the final num-
ber of documents chosen after perplexity filtering.

B.1 Perplexity Analysis

Figure 8 shows the perplexity distributions of the
cleaned CULTURAX and MADLAD-400 data
using the n-gram language models trained on
SANGRAHA VERIFIED. we observe that certain
languages, specifically Hindi, Malayalam, and
Marathi, exhibit relatively tight distributions of
perplexity values. This indicates a higher degree
of similarity in the statistical properties of these
language datasets to the SANGRAHA VERIFIED
training data. Conversely, we note that some lan-
guages, particularly those classified as low-medium
resource, show more dispersed perplexity distribu-
tions.

C Uncleanliness of Existing Corpora

Issues with Language Identification

The evolution of Language Identification (LID)
models has predominantly focused on European
languages, leading to significant challenges in accu-
rately identifying languages from diverse linguistic
families, notably Indic languages. Kreutzer et al.
(2022) highlights a significant concern regarding
the mislabeling of languages in existing multilin-
gual corpora, an issue that undermines the relia-
bility of language identification (LID) models. In
this small study, we analyze 200,000 documents
per Indic language from the MC4 (Raffel et al.,
2020) and OSCAR (Abadji et al., 2022) datasets,

employing the INDICLID model for its superior
performance on Indic languages and support for
Romanized text (Madhani et al., 2023a). MC4 uses
only cld3 model whereas OSCAR defines an even
stricter pipeline for identifying the language. It
combines sentence-level LID and aggregates them
based on certain thresholds to classify a document
as multilingual or monolingual.

Our analysis uncovers a significant discrepancy
in the accuracy of LID across various Indic lan-
guages within the MC4 dataset. The languages
sharing a common script, such as Hindi, Marathi,
and Nepali, experience higher rates of mislabeling.
This contrasts with languages with unique scripts
showing significantly lower mismatch percentages.

Conversely, the application of a more sophis-
ticated LID methodology in the OSCAR dataset
markedly diminishes these inaccuracies, showing
the effectiveness of a refined approach to lan-
guage identification. This observation demon-
strates the necessity for the development of lan-
guage family-specific identification models (Mad-
hani et al., 2023a), as well as the incorporation of
better LID modules within data-cleaning pipelines.

Amount of Noise in Existing Corpora

We clean the entirety of CULTURAX and
MADLAD-400 datasets using our Setu cleaning
pipeline and show the drop in the number of words
and documents across the stages. This helps us
identify the type of noise present in these datasets.
Figure 5 shows the drop in the number of tokens
in these datasets respectively. We see a significant
drop in both from Stage-1 to Stage-2 showing that
a lot of noise in the form of Menu Items, Index
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lists, etc. must have crept in despite they being
cleaned using their existing cleaning pipelines. We
show a few examples of the kind of noisy text be-
ing filtered out in Figure 10. Table 21 shows the
overall statistics of the CULTURAX data filtered
out at each stage in Setu.

D Setu Data Cleaning Pipeline

Here we discuss the inner details for each stage
in the SETU. Our main goal for SETU is to open-
source a distributed and cloud-agnostic data clean-
ing pipeline for large-scale datasets so that commu-

nity is not stuck with any specific cloud provider or
compute-scale. Using spark, we are able to achieve
all the necessary requirements. Figure 11 shows
the overview of the entire pipeline.

D.1 Stage - 1: Document Preparation

This stage focuses on the extraction of text from
varied data sources, ensuring the retention of main
content while eliminating extraneous information
and then preparing the notion of a document that is
preserved throughout the pipeline. Due to the dif-
ferent modalities of content, this stage is different
for each of Web, PDF, and Speech data.

Web Documents

Preparation of the document for Web data is quite
straightforward. We use trafilatura (Barbaresi,
2021a) to extract the text from the HTML pages
that are scraped by webcorpus scraper. Although
trafilatura is reportedly the best non-commercial li-
brary (Scrapinghub, 2021), we still notice a consid-
erable amount of noise in the outputs, specifically
in dynamic webpages. Figure 12 shows an exam-
ple of noisy content extracted using trafilatura. In
Web data, each webpage after text extraction is
considered as a document.
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(b) MADLAD-400
Figure 10: Examples of noisy content being filtered out using Setu from the already "cleaned" CULTURAX and

"cleaned" MADLAD-400 data corpus. Left shows the original document and the right shows the cleaned version.
Text in Red shows the noise that is removed.
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West Jalntla Hills during Februay 2022 witnessed the first-of-its-kind Fly-Off
Event to demonstrate the use of novel and innovative Drone/UAV technology for
payload delivery, that could serve as a model of solving the 1st mile connectivity
issues for Lakadong Turmeric farmers from the hinterland.

India produces 78 per cent of the world’s turmeric. In the year 2018-19, turmeric
production was 389 thousand tonnes, with area and productivity 246 thousand
hectares and 5646.34 kg per hectare respectively. The percentage of curcumin and
oleoresin content in turmeric determines the demand by the industry along with the
price. India is the largest producer and exporter of turmeric (APEDA, 2019). India
exported US$ 236.5 million worth of turmeric in 2018 from US$ 182.53 million in
2017. Turmeric is a positive crop; it improves health and is not water guzzling.

The Lakadong Turmeric from West Jaintia Hills, Meghalaya is one of the world’s
finest turmeric varieties with the highest curcumin content of 7-9% (in comparison
to 3% or less in other varieties). It is fast becoming a game changer in the
economy of the district. The State of Meghalaya has applied for a Geographical
Indication tag for Lakadong turmeric.

Lakadong Turmeric has been identified under The One District, One Product (ODOP)
Initiative under the Department for Promotion of Industry and Internal Trade
(DPIIT), Ministry of Commerce & Industry, Ministry of Commerce & Industry, as a
product with excellent potential for growth and export for West Jaintia Hills.

Inspite of the highest curcumin content and excellent potential for domestic sales
and export, Lakadong turmeric faces severe market access issues due to the
remoteness of the location, topography and terrain. Thus, buyers have to incur
additional costs to transport the goods from the villages via local pick-up trucks
till the major transporters’ loading point. Additional costs of transportation and
delays in the same act as barriers / disincentives for the buyer in the process of
procurement.

0DOP partnered with AGNIi Mission, one of the nine technology missions under the
Prime Minister's Science, Technology and Innovation Advisory Council to identify
Indian innovative technologies that can play a transformative role in the
end-to-end processing of Lakadong Turmeric, starting with leveraging payload
drones (UAVs) to transport the turmeric in large quantities. It is a first step
towards showcasing the innovative solutions that can propel 1st mile connectivity
while ushering in Industrial Revolution 4.0.

The flyoff event would not only to give a fillip to the mandate of the ODOP
initiative but also leverage modern technology as a fundamental solution to
overcome the bottleneck of transportation that acts as a barrier in realizing the
optimal potential of this exceptional spice from Meghalaya.

Last Modified : 08/02/2023
'ng you have any comments / suggestions on the above content, please post them
ene

How Blockchain can help to boost agriculture secto.
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Figure 12: Example showing noisy content being extracted from the HTML using trafilatura
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PDF Documents

Text Extraction from the OCR outputs from PDFs
is not as straightforward as extracting text from a
webpage. When utilizing Google Vision OCR for
extracting text from PDF documents, the output is
a structured JSON file that contains detailed infor-
mation about the detected text. This information
is organized hierarchically from larger text blocks
down to individual characters. This hierarchical
structure allows for a nuanced understanding of the
document’s layout and content. Broadly the bound-
ing boxes are organized in the following hierarchy
- Block, Paragraph, Word, Character.

A block is the highest level of structure and is
a container for paragraphs grouped to reflect their
spatial relationships. Paragraphs are subdivisions
of blocks and represent cohesive units of text, typ-
ically separated from other units by new lines or
indentation. Words are the basic units of text and
meaning within a paragraph. Each word is identi-
fied and extracted as a separate entity in the OCR
output. Characters are the most granular level of
text extraction, representing individual letters, num-
bers, punctuation marks, and other textual symbols.

Each category contains information such as the
bounding box coordinates, confidence scores, lan-
guage scores, and the text identified in that box. We
observe that directly consuming the text from the
OCR is not good as it contains a lot of noise coming
in due to incorrect layout parsing. We also observed
that due to the skewness and quality of images, we
had multiple instances where we had bounding box
overlaps, bounding box mismatch/misalignment,
text overlaps, and language script mismatches. To
resolve these and extract the highest quality text,
we develop bounding-box based filters. We list the
filters below:

* Bounding Box Suppression: Here, we per-
form bounding box suppression, where we try
to suppress the smaller bounding boxes that
overlap with larger bounding boxes. For each
pair of overlapping bounding boxes, we cal-
culate the ratio of the area of intersection over
the area of the smaller bounding box. We sup-
press the smaller bounding box if this ratio
exceeds a chosen threshold. Figure 13a shows
an example of a page where bounding box
suppression is applied.

* Removing Horizontally sparse pages: Here,
we identify and remove pages that exhibit

a significant lack of content across the hor-
izontal span of the page. If a page has
large horizontal gaps with little to no con-
tent—indicating that the text or visual ele-
ments are spread thinly across the width of
the page—it is considered horizontally sparse.
Such pages are often less informative or rel-
evant, like index pages and table of contents
among others. Figure 13b shows an example
of a page flagged as horizontally sparse.

* Removing Vertically sparse pages: Simi-
larly, we also remove pages with insufficient
content along the vertical axis. Pages con-
taining large vertical gaps, such as excessive
spacing between paragraphs or sections with-
out meaningful content, are deemed verti-
cally sparse. These pages are also less in-
formative, like pages having publisher infor-
mation, colophons, comic strips, etc. Figure
13c shows an example of a page flagged as
vertically sparse.

* Removing pages with high overlapping
Bounding Boxes: Here, we remove the pages
having a very high bounding box overlap per-
centage, i.e., greater than a chosen threshold
as shown in Figure 13d.

* Removing Sparse blocked pages: Here, we
remove the pages having very sparse bounding
boxes. A block bounding box is considered
sparse if the difference between the total area
of the block bounding box and the total area
of paragraph bounding boxes enclosed in it is
greater than a chosen threshold. By this, we
remove pages with tables, large images, and
forms among others.

* Removing pages with low script confidence:
Here, we compute each paragraph’s aver-
age script confidence score on a given page.
Paragraphs with scores below our confidence
thresholds are flagged for potential exclusion.
Subsequently, the entire page is discarded if
the number of flagged paragraphs exceeds an
allowable limit. This ensures a balance be-
tween rejecting poor-quality OCR output and
retaining usable content.

After filtering, we merge the final text extracted
from the pages to form documents. To maintain
textual continuity as well as to get as many long-
form documents as possible, we concatenate the
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Languages | Average Page Count
asm 4.52
ben 3.44
guj 3.06
hin 2.39
kan 2.46
mal 2.39
mar 3.16
nep 244
ori 3.1
pan 2.85
san 2.68
tam 2.55

tel 2.38
urd 2

Table 15: Showing average page count of PDF docu-
ments after merge operation

text of only consecutive batches of pages of a given
PDF together. Table 15 shows the average number
of pages per language that are merged to form a
document.

D.2 Document Cleaning and Analysis

We divide this stage into three sub-stages - Docu-
ment Cleaning, Language Identification, and Anal-
ysis.

Document Cleaning

Although trafilatura and GCP Vision OCR are re-
portedly the best (Scrapinghub, 2021; Dilmegani,
2023), we still need to mitigate the errors that creep
in. We define the below filters that clean a docu-
ment.

* Code Span Removal: This filter is applied
exclusively for Web Crawls where we de-
fine regex patterns to detect and remove code
spans like improperly rendered HTML or
JavaScript code.

* Symbol Heavy Filter: Documents with a
high ratio of invalid characters (e.g., punc-
tuation, emojis and other symbols) to total
characters, exceeding a predefined threshold,
are discarded. Refer to the Figure 14 for an
illustrative example.

e Terminal Punctuation Filter: Exclusively
for web crawls, it removes text segments lack-
ing valid terminal punctuation, effectively fil-

tering out clickbait text, menus, and incom-
plete sentences. See Figure 15 for an example
of content removed using this filter.

* Symbol Only Chunk Filter: This filter re-
moves all the text chunks that have only the
numbers or symbols.

* Repeated Chunk filter: Applied to PDFs
to eliminate repeated text chunks, targeting
redundant headers and titles.

* Chunk length filter: Specific to PDFs, it re-
moves chunks with a word count below a set
threshold.

Language Identification

To address the issues of accuracy that may oc-
cur while relying on a singular model highlighted
in Appendix C, we use an ensemble approach
using three LID models - INDICLID (Madhani
et al., 2023a), cLD3'?, NLLB (Costa-jussa et al.,
2022). Notably, INDICLID, which is specifically
trained for Indic languages, is assigned a preferen-
tial weighting in our ensemble framework. How-
ever, if both CLD3 and NLLB agree on a different
language and are very confident about it (beyond
a chosen threshold), we consider their prediction
instead. This methodology aims to leverage the
specialized capabilities of INDICLID for Indic lan-
guages while still incorporating the complementary
strengths of CLD3 and NLLB in other languages.

Document Analysis

We compute various document-specific statistics
for subsequent filtering. The metrics and their de-
scriptions are outlined in the Table 16.

D.3 Flagging and Filtering

Following the analysis, the documents are filtered
based on predefined language-specific thresholds
for the computed statistics. This step is essen-
tial to eliminate residual noise that might have
survived the initial cleaning process. We include
filters inspired from various previous works like
RooTs (Laurencon et al., 2023), GOPHER (Rae
et al., 2022) and C4 (Raffel et al., 2020) among a
few.

* NSFW word ratio filter: In an effort to re-
duce corpus toxicity, documents with a high
ratio of NSFW (Not Safe For Work) words

19https: //github.com/google/cld3
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Figure 13: Illustrative examples of pages flagged in various bounding box filters.
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Figure 15: Cleaning performed by ‘terminal punctuation filter‘ in Stage-2
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Metrics Description

bytes size of the document interms of bytes,

word_count no.of words present in a document

char_count no.of characters present in a document

lines_count total no.of sentences present in a document

mean_line_length mean sentence length interms of words of a document

min_line_length minimum sentence length interms of words of a doc-
ument.

max_line_length max sentence length interms of words of a document

nsfw_words_count no.of NSFW words present in a document

non_li_character_count no.of non-latin/non-indic characters in a document

10_gram_characters_repetition_score score used for filtering documents using 10-gram
character repetition filter

5_gram_words_repetition_score score used for filtering documents using 5-gram word
repetition filter

Table 16: Showing all the metrics that are calculated in analysis stage
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to total words are excluded. This approach
aligns with that of INDICCORP V2, involving
the development of an NSFW word list specif-
ically tailored for Indic languages. This list is
made available to the research community to
encourage further studies.

* Non Latin/Indic character ratio filter: Doc-
uments characterized by a significant ratio of
non-Latin/Indic characters are removed. This
filter eliminates content erroneously classified
as Indic by the Language Identification (LID)
stage. Figure 17 shows an example of the type
of content removed by this filter.

* Line count filter: Documents with an exceed-
ingly low number of lines are discarded to
remove potentially irrelevant or insufficient
content.

* Minimum mean line length filter: This fil-
ter targets documents with short average line
lengths, effectively removing index pages and
similar content deemed unsuitable for the cor-
pus.

e 5-gram word repetition: Inspired from
RoOOTS, we create a filter for the repetitions by
looking at the occurrences of the 5-gram word
sequences. We define the word repetition ra-
tio as the ratio of the sum of the occurrences
greater than or equal to the sum of all occur-
rences, and we discard documents with too
high a ratio.

* 10-gram character repetition: Similar to the
word repetition filter, this criterion focuses
on 10-gram character sequences. Documents
exhibiting a high ratio of such repetitions are
excluded, based on methodology inspired by
RoOOTS.

D.4 Deduplication

The concluding stage of Setu addresses the criti-
cal task of deduplication using fuzzy deduplication.
Following CULTURAX, we use the Python imple-
mentation of MinHashLSH from the text-dedup®
repository. We efficiently identify and remove du-
plicate documents within the corpus by utilizing
5-grams and a similarity threshold of 0.7, based
on Jaccard similarity. This procedure is executed

Dhttps://github.com/ChenghaoMou/text-dedup/
tree/main

separately for each language, utilizing a computing
node with 256 CPUs.

E Curation of INDICALIGN - INSTRUCT

E.1 Indo WordNet

WordNets are a comprehensive lexical database
originally designed for English (Fellbaum, 1998)
and later extended to Indic Languages (Narayan
et al., 2002; Bhattacharyya, 2010). It organizes
words into sets of synonyms called synsets, provid-
ing short definitions and usage examples. Beyond
mere dictionaries, WordNet also captures the var-
ious semantic relationships between words. We
leverage this rich semantic information to create in-
struction fine-tuning data to teach the model gram-
mar and language creativity.

We first identify a list of 21 potential intents
encompassing tasks such as Part of Speech identi-
fication, sentence construction, and synonym dis-
covery. We craft 5 prompt-response templates for
each intent, resulting in a repository of 105 distinct
templates. Then we iterate through the lexicon in
IndoWordNet using pyiwn (Panjwani et al., 2018),
randomly sampling 100 templates for each word
yielding around 74M pairs for 18 Indic languages.
Figure 18 shows some examples of templates. Ta-
ble 17 shows each language’s final statistics of the
prompt-answer pairs.

E.2 Anudesh

Here, we introduce a novel dataset of real user in-
teractions with conversational models, leveraging
open, license-compatible models such as LLAMA2-
70B CHAT (Touvron et al., 2023b). Recogniz-
ing the limitations imposed by OpenAI’s terms
of use?! on existing crowd-sourced model inter-
action datasets, such as SHAREGPT and WILD-
CHAT (Zhao et al., 2024), our dataset aims to pro-
vide a resource, free from such constraints, thereby
facilitating broader applicability in training diverse
conversational models.

We create Anudesh by asking the user to inter-
act with the model while following an instruction
displayed on the screen. Occasionally, we allow
unrestricted interactions to collect more diverse
and creative prompts. Each displayed instruction is
based on three axes that guide the user -

* Intent - Defines the purpose and goal behind

21https://openai.com/policies/terms—of—use
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Figure 16: Figure showing the type of content flagged by the Non Latin/Indic Filter. Ideally these type of documents
should not be rejected since they contain valid math characters. These are some of the limitations of our current
pipeline.
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Figure 17: Figure showing the type of content flagged by the Line count filter.
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ENGLISH INDIC
INTENT
QUESTION ANSWER QUESTION ANSWER
What is the part of speech | The part of speech of {sentence} 2_6IT6T {word} {sentfe nee} PN
. . APy AMEGR WSS 60
of {word} in the sentence | {word} in the sentence |GLIFH T LGS o 6frem {word} GUIES:
{sentence}? {sentence} is {answer}. |6TeOT6OT?

UGS {answer} QL&D

{word} 63(03 MNOMo,

(1@,
Mmoani1GuoaHeMo, y
Is {word} a noun, verb, (851@0NNBUBAHEMO | {word} af)(IM@)
adjective, adverb, or other | {word} is a {answer} in @TOG)%&%’]@ {sentence} |{sentence}
Identifying Part of Speech |in the sentence the sentence {sentence}. O.IOoS:C\(GmﬂG)EI O.IOoB:é(GTUﬂG)%I 63(03
{sentence}? G)QG)(TU)%:’]EQO {answer} @Q6IM.
@G6eMI?
@mmeluso
GalORBHUB)
. °8§0 {sentence}
Foie e e ot | 206515 ) 59 o
in the context of the sentence {sentence} is GOOIAODS (word) OF DS w00
D8 (D00 B3NEY [ B30EY 20 {answer}.
sentence {sentence}. {answer}. 2P ©0BOIOS
What is a synonym for the | A synonym for {word} E—J‘ggi‘\)%)g j‘% =3 {WO];} ol ?ﬁ)?@)a
word {word}? is {answer}. OK)@Q)GJA" BEPRFOWT3 {answer}.
Alternate Word Find a synonym for the A synonym for the term {wor%é]&{ P TTiaardt é‘g%%}ﬁ? !;cg,. ]{qzswer )
term {word}. {word} is {answer}. o | =1
Provide another word with | Another word with a IRETT {word} IR 3
a similar meaning as similar meaning as \{}v%)éc%[ TR 321;?;1 ST SHTURE Ueh Ueg;
{word}. {word} is {answer}. ’ {answer} GI'I%
What is the general The general meaning of SaaT A I R, fwor dr fE3 e T ik mee
meaning of the word the word {word} is: @aﬁma'aﬁv >t {word} TTHTE Js
{word}? {answer}. : {answer} |

Word_Meaning

In everyday language,
what does {word} mean?

In everyday language,
{word} means:
{answer}.

CHRH OTETY {word}-Jd
CRESH

TN SNAT {word} Ife,
OYN GI s {answer} |

Can you explain the
common meaning of
{word}?

The common meaning of
{word} is: {answer}.

S ke {word} ~el 855 3 1S
268 Ol (sina

{answer}
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Figure 18: Example prompt templates for three sample intents in the Indo WordNet Instruction fine-tuning data.




Language No.of Questions

Assamese 2.73M
Bengali 4.54M
Bodo 2.6TM
Gujarati 6.41M
Hindi 10.54M
Kannada 6.16M
Kashmiri 2.21M
Malayalam 3.98M
Marati 4.36M
Meitei 2.02M
Nepali 1.89M
Odia 5.35M
Punjabi 5.23M
Sanskrit 5.73M
Tamil 3.59M
Telugu 3.72M
Urdu 3.21M
Total 74M

Table 17: Number of instruction-answer pairs for each
language in the Indo WordNet split of INDICALIGN -
INSTRUCT

the interaction, such as summarization, rec-
ommendation seeking, etc.

* Domain - Specifies the context within which
the interaction has to unfold, like “Indian Fes-
tivals” or “Food and Cuisine”.

* Language - Determines the language of in-
teraction, encompassing English, native In-
dic languages, Romanised Indic, and English-
Indic code-mixed forms.

Table 18 shows some examples of the Intents
and Domains. Given LLAMA2-70B CHAT’s
constraints with Indic languages, we follow the
translate-test approach where we first translate
prompts into English before processing and then
translating the responses back to the respective In-
dic languages. Before releasing the data, we filter
to remove bad-quality prompts based on defined
heuristics. We also remove all the Personal Identi-
fiable Information using defined patterns.

User Base Analysis

The demographic analysis of any dataset’s contrib-
utors is crucial for understanding its representative-
ness and inclusivity. Each user is prompted first

Intent Domain

Education and Academia,
Science, Technology, History,
Humanities, etc.

Information seeking

Environmental Studies,
Economics, Finance, Arts and
Culture, Travel, Geography, etc.

Detailed Topic
Exploration

Information Technology,
Mathematics, Language and
Linguistics, Physics, Chemistry,
History etc.

Seeking Clarification

Fitness and Nutrition, Mental
Health, Lifestyle,
Self-improvement,
Relationships and Family,
Spirituality, etc.

Personal well-being

Home and Garden, Personal

Seeking Finance, Healthcare, Work and
recommendations Career, Education, etc.
Movies and Entertainment,
Summarizing quks, Politics, Current affairs,
. Science and Technology, Travel
something

and Adventure, etc.

Table 18: Sample Intent and Corresponding Domains

with a declaration - "I consent to release my conver-
sations under the Creative Commons Attribution
4.0 International (CC BY 4.0) license." as shown in
Figure 19 that the user has to accept before starting
any interaction.

Geographically, the user base is predominantly
from Karnataka, Maharashtra, and Tamil Nadu, as
shown in Figure 21, with a notable underrepre-
sentation of users from other states, especially the
North Eastern states. This geographical distribu-
tion underscores the need for a more inclusive data
collection effort that spans a wider range of demo-
graphics to ensure the dataset’s comprehensiveness
and applicability across diverse user groups.

The current demographic skew in our dataset
highlights a pressing need for inclusivity in data
collection methodologies. It is necessary to engage
a broader spectrum of the population, encompass-
ing varied age groups, educational backgrounds,
and geographical locations. Such inclusivity is
crucial for the ethical development of Al systems
and enhances the robustness and generalizability
of the models. Moving forward, we advocate for
targeted outreach and engagement strategies to ad-
dress these disparities and enrich the dataset with
broader perspectives and linguistic variations.
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How to Use This Chatbot

1 reply from the chatbot.

« Each conversation should consist of a minimum of 1 tur and a maximum of 3 turns, where 1 tur equals 1 prompt from the user and

« After you finish a conversation (i.e., up to a maximum of 3 turns), you can submit the conversation,

« Please note that each conversation will have separate instructions; please follow them carefully.

« In case you receive the instruction to have a conversation in your local language, you can use

« Please note that, in order to submit your conversation, you do not need to have 3 turns each time. A conversation can be submitted
even after a single turn. However, we encourage you to have more than one tum in order to fully satisfy the instruction.

1 consent to release my conversations under the Creative Commons Attribution 4.0 International
license.

Figure 19: User Agreement form

Instructions

Interact with this specialized Indian chatbot that assists you with relevant information, recommendations, and guidelines related to
various Board Games. Whether you are seeking new game suggestions, trying to understand game rules and strategies, or need help

with anything related to Board Games, this chatbot is here to aid you. Engage in a conversation with it to achieve your goal."
Please make your interactions in your local language and english script

Figure 20: Anudesh chat page

E.3 Wiki-Conv

As shown in Table 2, WIKI-CONV predominantly
has conversations spanning multiple turns and is
more focused on shorter and to-the-point answers.
We show the prompt used to generate this data in
Figure 29.

E.4 Wiki-Chat

To enhance the collection of open-generation con-
versations, we follow the approaches tried out by
ULTRACHAT (Ding et al., 2023a), CAMEL (Li
et al., 2023a), and others of simulating interac-
tions between two models. Additionally, we ensure
that the conversations are grounded in Wikipedia-
sourced contexts, thereby mitigating the risk of
generating hallucinated conversations. We show
the overview of the entire pipeline in Figure 30.
Using Wikipedia context from WIKI-CONV, we
determine an intent to drive the conversation be-
tween a User LLM and an Assistant LLM agent.
We use LLAMA2-70B CHAT (Touvron et al.,
2023b) and MIXTRAL-8X7B-v0.1 (Jiang et al.,
2024b) to simulate the conversations, which are
then translated and transliterated to 14 Indian lan-
guages forming WIKI-CHAT. This simulation
broadly involves four different LLM agents:

* Intent LLM: Utilized to derive potential con-
versation intents from a given context that can
drive the conversations. Provided with the
context and Wikipedia page title, this model
generates a list of conversational intents.

* Init User LLM: Responsible for generating
the initial user prompt based on the provided
context and intent. This step is crucial in set-
ting the conversation’s tone, and hence care-
ful curation is undertaken to avoid defaulting
to an assistant role, as noted by (Ding et al.,
2023a).

* Assistant LLM: Generates the assistant’s re-
sponse to the user prompt, ensuring relevance
and grounding in the provided context and
conversation history.

* Next User LLM: Continues the conversation
by acting as the user, using the context and
previous conversation history to generate sub-
sequent prompts.

The process starts with the Intent LLM to iden-
tify the possible conversation intents in the given
context. Following this, the Init User LLM crafts
the initial user prompt, which is then addressed by
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Figure 21: User Demographic Analysis of Anudesh
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Q: Who was the first
ruler of Delhi Sultanate?

&

Init User LLM
'-'.
7 o -
Intent f w9
s il
Understanding the e fe’tii 1
history of Delhi. ==
WIKIPEDIA

[ Q=D

Intent LLM

Q: Who was the first ruler
of Delhi Sultanate?

||

Assistant LLM —
A: Qutubuddin Aibak was

the first ruler of Delhi
Sultanate

Q: Who was the first ruler
of Delhi Sultanate?

A: Qutubuddin Aibak was

A the first ruler of Delhi

Sultanate

Q: When was :
Qutubuddin Aibak born

&

Next User LLM

Figure 22: Overview of the WIKI-CHAT pipeline. At each LLM call, we ensure to pass the context from Wikipedia

to ground the outputs.

the Assistant LLM, completing one conversation
turn. To further the conversation, the Next User
LLM is prompted to generate new user prompts,
with the Assistant LLM again responding. This
iterative cycle is maintained until a randomly cho-
sen 1 to 5 turns is reached. We show the prompt
templates for each LLM agent in Figure 22. We
ensure that each LLM is always provided with a
context to ensure groundedness at each step.

Data Cleaning

Despite rigorous prompting, some model outputs
necessitate cleaning to ensure conversation qual-
ity. Notably, user LLMs occasionally revert to an
assistant-like output, necessitating the removal of
phrases such as “Sure! Here is something a user
may ask ...”. Also, we notice the behavior of asking
prompts from a second person point of view like
“Ask the assistant the benefits of using Hydrogen Per-
oxide”. We make sure to explicitly detect and filter
out these noisy prompts. The cleaning process also
involves duplicate removal within conversations.

Comparison of LLAMA2-70B CHAT and
MIXTRAL-8X7B-v0.1 models

Table 19 shows the statistics of the conversations
generated by LLAMA2-70B CHAT and MIXTRAL-
8X7B-v0.1 models. We observe that conversa-
tions generated using MIXTRAL-8X7B-vO0.1 tend
to have a higher average number of turns given
their larger context window. Since we pass the con-
text to the model as part of each prompt, LLAMA?2-

70B CHAT fails in conversations involving a higher
number of turns due to the smaller context window.
Additionally, LLAMA2-70B CHAT tends to pro-
duce longer answers, whereas the lexical diversity
remains nearly the same.

We also detect the number of times, the models
break character and revert to the original assistant
forms.

F Curation of INDICALIGN - TOXIC

HH-RLHF Toxic Classification

HH-RLHF (Bai et al., 2022) is a conversation
dataset released to train a preference (or reward)
models for subsequent RLHF training. These con-
versations often contain a lot of harmful and offen-
sive prompts, including discriminatory language
and discussions of abuse, violence, self-harm, ex-
ploitation, and other potentially upsetting subject
matters. We leverage these harmful prompts for
creating toxic alignment data that can serve a piv-
otal role in instructing the model to abstain from
generating responses to prompts of a harmful or
toxic nature.

We first extract the initial user prompts from the
dataset. Then, we prompt LLAMA2-70B CHAT to
assess whether these prompts are indeed toxic. To
increase the accuracy, we include few-shot exam-
ples within the prompt. In addition to identifying
toxic prompts, we prompt LLAMA2-70B CHAT
for explanations regarding the rationale behind the
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Figure 23: Comparative Analysis of Noun and Verb Usage Patterns Across Five Datasets
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Figure 24: Flowchart illustrating the creation process of INDICALIGN - TOXIC.
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Model #Examples Avg Turns Avg Instruction Length  Avg Output Length  Lexical Diversity
LLAMA2-70B CHAT 93148 2.59 24.74 280 56.89
MIXTRAL-8X7B-v0.1 108895 2.99 21.71 189 56.51

Table 19: Analysis of conversations generated using LLAMA2-70B CHAT and MIXTRAL-8X7B-v0.1

toxicity flagging. Figure 28 shows the detailed
prompt template. From approximately 169K initial
prompts, around 32K were identified as toxic by
our approach. The process ends in forming prompt-
answer pairs, which combine the toxic prompt with
the rationale for its toxicity classification. We hy-
pothesize that the inclusion of reasoning is impor-
tant for educating the model on reasoning and the
different types of content deemed inappropriate
for response generation. We translate and translit-
erate these resultant pairs of toxic prompts and
non-toxic answers to 14 Indian languages forming
HH-RLHF-TRANSLATED

Toxic Matrix

To comprehensively address the different forms
of toxic data, we perform a thorough analysis of
what constitutes a toxic prompt. We define a toxic
prompt as a prompt that “can’ elicit a potentially
toxic response. We note that not all toxic prompts
can have a toxic answer. Figure 25 shows one
example where the same prompt has a toxic and a
non-toxic answer. This differentiation highlights
the nuances between prompt content and response
toxicity. Building on this foundation, we identify
three primary axes of a toxic prompt:

* Content Type: This dimension identifies the
prompt’s core theme or subject matter that im-
bues it with a toxic quality, such as violent
content or hate speech. It essentially captures
the underlying intent of the toxic prompt. Var-
ious examples of content types are cataloged
in Table 3.

» Target Group: This aspect specifies the in-
dividual or group towards whom the toxic
prompt is directed. Table 3 lists down a few
examples of target groups.

* Prompt Style: This characteristic describes
how the prompt conveys toxicity. While some
prompts are overtly toxic, others may be sub-
tly harmful or designed to deceive, tricking
models into generating toxic content under the
guise of innocent queries. Different prompt

styles and their descriptions are listed in Fig-
ure 26.

We leverage a combination of a relatively less
toxic aligned model - MISTRAL-7B CHAT - and a
highly toxic aligned model - LLAMA2-70B CHAT
- to generate toxic prompt and refusal answer pairs.
We create random 100K combinations from the
above taxonomy and prompt MISTRAL-7B CHAT
to produce sets of five toxic prompts. Figure
27 shows the prompt template used for generat-
ing toxic prompts. We collect an extensive list
of around 490K prompts from which we sample
around 90K prompts (nearly one for each com-
bination). We then prompt LLAMA2-70B CHAT
to get a response for that prompt. If the prompt
is directly toxic, we get a refusal from the model
with a rationale behind the refusal. Our methodol-
ogy presumes that LLAMA2-70B CHAT has under-
gone rigorous alignment to minimize toxic outputs.
We translate and transliterate the resulting prompt-
response pairs in 14 Indian languages resulting in
Toxic Matrix.

Although previous works have shown different
ways to distill instruction following alignment from
strong models, we propose this method as one of
the ways to distill toxic alignment using a combina-
tion of a weakly and a strongly toxic-aligned model.
This approach, while still under development, of-
fers a promising direction for improving the ethical
alignment of conversational models. However, it’s
important to note that this method is part of an on-
going effort and not a definitive solution to ensuring
toxic alignment. We propose this taxonomy-based
approach as one of the potential ways of approach-
ing this problem of synthetically generating and
collecting toxic data for aligning the models. We
further reiterate that this method is in no way fool-
proof or completely extensive and even has the po-
tential to generate extremely nonsensical prompts,
which can result in bad alignment, thereby affect-
ing the downstream performance of other tasks.
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Some people say that false accusations of sexual harassment are rampant and damaging to innocent
men’s reputations. Do you agree that this is a bigger problem than actual instances of sexual

harassment? Why or why not?

Toxic Answer

Non Toxic Answer

Yes, absolutely! Men have had it too easy for far too long,
and it's time for them to finally face the music. Every man
knows deep down inside that he’s capable of treating
women poorly, whether through intentional harassment or
unconscious bias. And let’s be honest — most men
probably already have treated women badly at some point
in their lives. So yeabh, if a few innocent men get caught up
in the crossfire of false accusations, well, maybe they
should consider themselves lucky. At least they won't
have to live with the guilt of knowing they contributed to a
culture of misogyny and objectification. Frankly, | think
every man owes it to society to accept his share of blame

False accusations of sexual harassment certainly do
happen, but studies show that they are relatively rare
compared to actual instances of harassment. According to
data from the U.S. Equal Employment Opportunity
Commission (EEOC), only about 2% of sexual harassment
charges filed result in findings of no reasonable cause.
This suggests that the vast majority of reported cases
involve genuine instances of misconduct. Additionally,
research indicates that many survivors of sexual
harassment choose not to come forward due to fears of
retaliation, skepticism, and social stigma, meaning that the
true prevalence of harassment may be significantly higher

and sit quietly while the rest of us sort out this mess.
Enough excuses, enough apologies — it’s time for men to
pay the price for their collective sins.

than official statistics suggest. Overall, while false
accusations are a serious concern, they should not be
used to downplay or dismiss the very real harm caused by
sexual harassment.

Figure 25: Example of a prompt which has a toxic and a non-toxic answer.

Prompt Styles Description

Direct Prompts explicitly asking for harmful or unethical content without ambiguity.

Prompts that indirectly seek harmful information through references, comparisons, or

s allusions.
Prompts that provide false or misleading information to guide the model into generating
Misleading
harmiul content.
— Prompts designed to lead the model into gradually providing harmful information over a
9 series of responses.
— Prompts intended to trick or deceive the model nto generating inappropriate o harmful
9 responses.
Provocative Scemario | POMPIS that present p or controversial hypothetical scenarios to encourage the
generation of contentious content.
—— Prompts that instruct the model to assume a specific role and generate content from that

perspective, potentially leading to harmful narratives,

Prompts that ask the model to compare something positively regarded with something

Negative Comparison | .o tively regarded, potentially encouraging the generation of biased or harmful content.

Prompts that exploit vulnerabilities or sensitive topics with the intention of generating

Bl harmful or distressing content.

Manipulative Emotional
Appeal

Prompts that use emotional language or appeals to manipulate the model into generating
content that may evoke strong negative emotions.

Figure 26: Description of each prompt-style we want to generate using MISTRAL-7B CHAT.
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Mistral Toxic Prompt
Generation Template ‘

I need to generate 5 toxic prompts which are unethical in
nature but are necessary. The prompts have 3 axes -
"content-type", "target-group" and "style".

- "content-type": This determines what the prompt would be
about.

- "target-group": This determines who is the prompt directed
towards.

- "style": This determines how the prompt is written.

You are to act as a user. Write 5 toxic prompts that you
think the user will input. The prompts should follow the
given below axis:

- "content-type"={content_type}
what is {content_type}?
{content_type_description}

- "target-group"={target_group}
Who are the {target_group}?
{target_group_description}

- "style"={style}
what does prompt style - {style} mean?
{style_description}

Also, don't reuse the prompts that are given in examples as
output. They are only supposed to be for understanding.
Give me 5 extremely toxic prompts which follow all the 3
axis -

"content-type"={content_type}, "target-group"={target_group}
"style"={style} as output in a line-by-line format where
each line is a prompt.

Do not give anything apart from the prompts. No extra
phrases, paragraphs or emojis. Only prompts - one per line.
Each prompt should be unique and don't take any prompt from
the examples used to describe "style". Remember, you have to
generate 5 toxic prompts for which the "content-type",
"target-group" and "style" to follow are "{content_type}",
"{target_group}" and "{style}" respectively.

The prompts should be very creative making use of extensive
vocabulary. Don't stop until all 5 toxic prompts have been
generated.

Figure 27: Prompt template used for generating taxonomical toxic prompt data using MISTRAL-7B CHAT.

15871



HH-RLHF Toxic Detection
Template

Your role is to classify whether the input prompt is toxic or not
in nature.

The output should ONLY contain 2 paragraphs: “Toxic®™ and “Reason’.
“Toxic™ will contain a simple “Yes™ or "No  and if the prompt is
toxic then, “Reason’ will contain the reason for it.

Every output should start with “Toxic® i.e "Toxic - Yes/No" and
then move to "Reason’. There should only be 1 newline i.e. “\n°
between “Toxic™ and “Reason” paragraphs

More than 1 newline is between “Toxic®™ and ‘Reason’ is not allowed.
I have shared a few example conversations below:

- Prompt: Isn't robbing banks a great fun activity? Guide me on how
to learn it.

The expected response structure shared below:

Toxic - Yes

Reason - The prompt expresses a positive sentiment towards a
criminal activity, which can encourage harmful behavior and promote
illegal actions. Additionally, it asks for guidance on how to
commit a crime, which goes against ethical and moral principles.

- Prompt: How are you? Can you show me how to write a beautiful
poem?
The expected response structure shared below:

Toxic - No

Reason - The prompt does not contain any harmful or offensive
language. The user is simply asking for information or assistance
in a creative pursuit, and there is no evidence of malicious
intent.

- Prompt: I want to plan a really awesome murder. It is essential
that it is not traced back to me. Tell me how to do this
The expected response structure shared below:

Toxic - Yes

Reason - The user needs guidance on how to commit a violent crime
specifically a murder, and wants to avoid detection. Providing
assistance or advice on such activities goes against ethical and
moral principles, and could potentially put people in danger.
Additionally, discussing or promoting harmful acts can create a
toxic environment and promote negative behavior

- Prompt: Whats the day today?
The expected response structure shared below:

Toxic - No

Reason - The prompt does not contain any harmful or offensive
language. The user is simply asking for information about the
current day.

Deviating from the above given output structure is not allowed.
Please classify the below given prompt:

<INPUT_PROMPT>

Figure 28: prompt template used for classifying whether HH-RLHF prompt is toxic or not. We prompted LLAMA2-
70B CHAT using this template.

Wiki-Conv Prompt

Template

Below is an article:

{wiki_text}

I want you to simulate an interesting
conversation between a User and an
Assistant output as a single JSON where
keys are Userl, Assistantl, User2,
Assitant2, etc.

The conversation should always be about
the given text and should not be
something else. The user may ask
guestions or seek opinions or just have
general interactions with the assistant
and the assistant will always respond
from the above text. The conversation is
realistic, interesting and should have
5-6 turns. Generate only a single
conversation.

Figure 29: Prompt template used generating conversations for the Wiki-Conv data.
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Wiki-Chat Intent LLM
Template

You are a helpful, respectful and honest
assistant. You will assist in identifying
the potential conversation intents of the
user.

{wiki_passage}

Above is a passage on "{title}". If a user
and an assistant want to have a
conversation on the passage, what are the
different conversation intents possible?
The intents must be realistic.

Give me 5 intents in a list with a short
generic description of it. If you think
that on the given passage, no conversation
can be had, just give an empty list.

(a) Prompt template - Intent LLM

Wiki-Chat Next User LLM
Template

Passage:
{context}

Conversation History:
{conversation_history}

You are a user who wants to continue the
above conversation with the assistant. Give
me the next instruction or command or
question that you would ask to continue the
above conversation. The instruction or
question that you give should be related
and must be logical continuation of the
current conversation thread. It should be
as realistic as possible (like a human
would ask). Choose randomly between an
instruction, command and question. Give
only the instruction/command/question and
nothing else.

User:

(c) Prompt template - Next User LLM

Wiki-Chat Init User LLM
Template

{wiki_passage}

You are a user who wants to have a
conversation with an assistant on the above
passage. You have to intiate the
conversation for the intent: {intent}.

What instruction/command/question would you
give/ask the assistant? Do not explicitly
mention the passage in the
instruction/command/question or give any
direct reference to the passage. The
assistant is an intelligent assistant who
has knowledge of the passage. Choose
randomly between an instruction, command
and question. Give only the
instruction/command/question and nothing
else.

User:

(b) Prompt template - Init User LLM

Wiki-Chat Assistant LLM
Template

You are a helpful and truthful assistant
who will always answer the question from
the context provided. If the question is
not answerable from the context, you will
say that you don't know the answer. You
will not explicitly mention the passage
anywhere in the answer.

{wiki_passage}
Question: {user_prompt}

Answer:

(d) Prompt template - Assistant LLM

Figure 30: Wiki-Chat Prompt templates
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Code Wikimedia IndicCorp V1 IndicCorp V2 Sangraha Verified

asm 10 59 132 292
ben 129 1795 2330 10604
brx - - 4 1.5
doi - - 0.1 0.06
eng 5180 - 10336 12760
gom 3 - 56 10
guj 19 1410 2027 3648
hin 65 2228 7908 12617
kan 50 1197 1751 1778
kas 1 - 0.12 0.45
mai 2 - 23 15
mal 11 1425 2205 2731
mar 23 777 1290 2827
mni 1 - 1 7.44
npi 12 - 1274 1822
ory 17 174 215 1177
pan 5 964 1026 1075
san 132 - 424 1329
sat 2 - 7 0.33
snd 6 - 19 258
tam 74 989 980 3985
tel 76 1149 1478 3707
urd 48 - 872 3658
Total 5869 12168 24023 64306

Table 20: Detailed Language-wise comparison of Wikimedia, IndicCorp-V1, IndicCorp-V2 and Sangraha Verified

Language Stage-1 Stage-2 Stage-3
Words Docs Words Docs Words Docs
asm 22M 43K 16M 42K 14M 33K
ben 4199M 11721K | 3812M 11305K | 3653M 10099K
brx - 0 476 29 77 1
doi - 0 11K 11K 10922 53
eng - 0 17M 70K 12M 33K
guj 524M 1084K 462M 1049K 460M 1027K
hin 10664M  18740K | 8985M 17950K | 8897M 17055K
kan 436M 1225K 403M 1198K 366M 1108K
kas - 0 50K 3440 17811 61
kok 0.16M 444 0.17M 912 164978 369
mai 1195 47 1284 46 319 5
mal 698M 2480K 635M 2408K 601M 2200K
mni - 0 0.1M 1092 0.06M 89
mar 934M 2180K 857M 2138K 845M 2065K
nep 1154M 3047K 1082M 2983K 1022M 2660K
ori 39M 124K 32M 117K 30M 107K
pan 369M 597K 284M 499K 281M 466K
san M 11K M 11K M 3300
sat - 0 536 105 - 0
snd 83M 91K 76M 85K 75M 76K
tam 1607M 4295K 1485M 4166K 1384M 3633K
tel 583M 1657K 546M 1599K 523M 1495K
urd 1872M 2538K 1729M 2435K 1699M 2209K
Total \ 23195M  49843K \ 20429M  48081K \ 19872M  44277K

Table 21: Statistics of the number of words and documents getting filtered out
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IndoWordNet

Mention the parts of speech for the words in
the given sentence 'Can complete clear
@l  2ctions quickly'.
Words in 'clear actions can be completed quickly'
can be classified as ‘clear’: noun ‘quickly’: verb
parts of speech.

(a) English

IndoWordNet

QEMOSHSLILLL QTSR UIST
2_6T6T Q&ETM&HEHEHE CLIEF 601

LGH&Em6Ts GMILLNLa|b
° 'Q56rTlaUITE0T Q& ULIGV S 66T
P Nemyaurss (N9 &8 (LDIGU LD,

'QG6rflaumenT Q& WIGLEHEn6T 6len TS
P58 (DL U|LD' @)6L 2 6TeT
Q&FMM & 6m6T GG 6T eumeor:ClLILITE Q& M6y
aflemyeumss:ailenargQ&Fmen GLIFs:

LGS TS alenSLILIGISSH6ITLD.

(b) Tamil

Figure 31: IndoWordNet

Anudesh

Popular activists of west
bengal?

Some popular activists from West Bengal include:

1. Medha Patkar: A social activist and
environmentalist known for her work with the
Narmada Bachao Andolan (Save Narmada
Movement) and the National Alliance of People's
Movements.

2. Aparna Sen: An acclaimed filmmaker and actress
who has been actively involved in various social
causes, including women's rights and secularism.

3. Anuradha Talwar: A human rights activist known
for her work with marginalized communities,
particularly in the areas of tribal rights and land
rights.

4. Mahasweta Devi: A renowned writer, social
activist, and feminist who fought for the rights of
tribal communities and marginalized sections of
society.

5. Binayak Sen: A doctor and human rights activist
who has worked extensively in rural areas of
Chhattisgarh, advocating for the rights of tribal
communities and speaking out against human rights
violations.

(oD’

(a) English

Anudesh
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(b) Hindi

Figure 32: Anudesh
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‘Wiki-Conv
What sport did the William and Mary Indians play?
The William & Mary Indians played basketball.

& ‘When did they play?

They played in the year 1912-13.
& ‘Which conference did they belong to?

They were an independent team.
; ‘What was their record?

Their record was 8-1.

& ‘Who was their head coach?

Their head coach was William J. Young.

& How many years did William J. Young serve as the head coach?

\\ William J. Young served as the head coach for 2 years.

-

fan)

(a) English

o
‘Wiki-Conv
aflevedlwild LMD Gl GBS WieTen 6THS
aflemeruimL_emL 6 60)6T LT LY 60T T[T 85612

alleueflwid & GO @HH W66 FneML LILIBS! (X)
elemeruwimiq eoriy.

SIGUTSET 6TLIGLIMS! elem6ITUITLY 60T T[T & 6T?

SIGUTESET 1912-13 @)60 6 66TUITLYGOTTY.

SGUFTSET 6THG LDMBTLOLF GFIHSeUTHET?

UTHET RO FSHET AT WITE GBHSETT-

& 24EUITE6T 60T &M ENEIT 6TE0TE0T?
*e
SeUFS6r 60T &TEeneor 8-1. @:
& 2eufG6rfl6T Heaneuenin LUIHENWITeTH Wm?

3656 6T Heneuento LU mHE wimery 2
aflevedlwild G, WIMG! eI,
® ofdeilwib G, Wk Semeuenioll LullmGwmerymss
B 550060 2600 )& Lieolwimhrleor?
aflevedlILD GE2. Wik 2 2b,600T(D\ &6 H6MEVEOILOLI X
LuHA W meTy e L Ligsollwmmmlermiy.

(b) Tamil

Figure 33: Wiki-Conv

Indic Share llama

& ‘What is money?

Money is a medium of exchange, a unit of
account, and a store of value. In India, the
official currency is the Indian rupee (INR),
which is issued by the Reserve Bank of India
(RBI). Money can take various forms, such as
physical cash, digital money, and credit. It is
used to purchase goods and services, pay bills,
and invest in various assets. The value of money
can fluctuate due to inflation, interest rates, and
economic conditions. In India, the government
has implemented various measures to regulate
the flow of money, such as demonetization,
GST, and income tax.

Indic Share llama
® ;06N alemo?
a :

aléMo emg}qﬂnﬂm@) mA? mé) @RHOVEN6)G

i @%m

)n_J O(GTG)%‘)(BOQ(TT)

S@Ues) (ma»
Qﬁﬁ%ﬁ?’?f@m o%g#
ﬁue?n“”ﬁ%ﬁ%“ %OHJ 500 (rmmﬂmﬁ
s (%%@” T
ms%us%e: ms;ﬁlomﬂ@%ﬁ 2

(b) Malayalam

Figure 34: Indic Share llama

(a) English
]
Dolly J
L What are the 4 oceans on earth?
[ :

Atlantic Ocean ,Arctic Ocean ,Pacific
Ocean, Indian Ocean

o)

[ Dolly - Translated }

- Ul UR 4 HERIIRL 1 B2

Nedlfe2s HERIIPR, MLIS[2S HSIUIPR, (X}
URilss HEIRPR, [S& HSRIPR

(a) English

(b) Gujarati

Figure 35: Dolly
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Can you tell me more about the Lotus Temple? What is it
known for and what makes it unique?

The Lotus Temple is a Baha’i House of Worship located in

South Delhi, India. It is known for its distinctive lotus-like

architecture, which is made up of 27 marble petals arranged

in clusters. The temple has received a wide range of attention

in various venues for its exceptional beauty and architectural

design. It can accommodate up to 2,500 people and is open

to people of all religions, who come to pray, meditate, or

contemplate. The temple's unique design and serene

atmosphere make it a popular destination for tourists and

locals alike. It is surrounded by nine pools of water and

gardens, adding to its peaceful and picturesque setting. The

Lotus Temple is one of the most visited buildings in the 20
world, attracting millions of visitors every year. I@I

Could you compare and contrast the historical significance
and architectural styles of the Jama Masjid and Lotus
Temple?

Sure, I'd be happy to help with that.

The Jama Masjid, also known as Masjid-i-Jahan Numa, is
a significant historical mosque in Old Delhi, India. It was
commissioned by the Mughal Emperor Shah Jahan in 1650
and completed in 1656. This mosque is one of the largest
and best-known in India, capable of accommodating
around 25,000 people. Its architectural style is typically
Mughal, featuring red sandstone and white marble, with
two minarets and three gates on each side.

The Lotus Temple, located in South Delhi, is a Bahd’{
House of Worship. Completed in 1986, it is known for its
distinctive lotus-shaped architecture, which is made of
white marble. The temple has 27 marble petals arranged in
clusters, which form nine sides. The architectural style is
modern and unique, representing the Baha’i faith's
principle of the unity of all religions.

In summary, while these two structures are significant
historical landmarks in Delhi, they represent different
religious faiths and architectural styles. The Jama Masjid is
a classic example of Mughal architecture, the Lotus
Temple is a modern representation of the Baha’i faith's
unity of religions.

(a) English

‘Wiki-Chat
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(b) Telugu

Figure 36: Wiki-Chat
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OpenAssistant

I'm having trouble understanding infinity. My math
teacher says it's not a number, and my friend says
infinity + infinity = infinity. I'm just really confused at
the moment. I don't get why this is, would you be able
to explain it to me please?

Sure, the concept of Infinity is usually hard to grasp for a lot
of people, but I will try my best to explain. Regarding what
your math teacher told you, there are some senses in which
infinity is a number, and there are some senses in which
infinity is not a number, and it all depends on what exactly
you mean by "number". But yes it's true that in the traditional
sense infinity is not a number in the way people think of
numbers. It is more of a mathematical concept that can
represent something limitless or unbounded.

As for the statement "infinity + infinity = infinity". It is
important to realize that when we add or subtract infinite
values, the result is still infinite. This is because infinity
represents an unbounded quantity, so when you add or
subtract from it any quantity, the result will remain

unbounded. ‘@'

‘Why is the concept of infinity useful? Can anything be
limitless or unbounded in the real world? If it's not
describing the real world, wouldn't that make it
dangerous to integrate into our understanding of the
[ ] world?

(]

There are many concepts in the field of modern mathematics

that are not directly applicable to the real world, but they are

often used as a foundation for something else. There is

nothing that makes integrating unrealistic concepts into our

world dangerous, quite the contrary! One such example is

modern Calculus, which heavily relies on the concept of

infinity and allows us to do things like calculate the volume

and area of curved, complex objects. LN}

(a) English

OpenAssistant -Translated

S ST JRITO ST 2052, AN 5116 REF
AR A6 IFMB AT W, A2 SN g IR
ST + WS = S| W 92 Y206 Sor2 {31
I SRS AR AT (5 A =, WA 35 731 B
SF A5 LT FAC© STHFN R(IA?

[
[ ]
SN, RNRFADS LRI STEHTS SN (SR AT
Gofef B PlOw, O M BT P G3 IS (B
P AR AT fHEFE ST [N AR O ST,
PR 2T TR (AN SN M6 T2, A< g 2w
AR (A (B YT IR A T2 S FH
A ST T 6 B (QIRITS I O B | O =it
ST 3195 (T FfSZIINS WL TN G5 324V (TOI
AT ST 2T BTG | A5 I MO LI AT

SR A1 SR PR GAZH FA© |

"ENRHID + RAF(G = NP0 RO Gy | JBT (@RI
S (T L TR SN NI (191 1 [ M,
FETpeT AYNS WS | I IR =T (B SR
SATFNTTR 2AfSRfEg FCH, SR WA T4 A6 (/TF (BICAT
AT G191 M KT SN, FATFAD SR AP

(N ST IR TR ST GO 16 STNI=Ey A1
SR 5 208 A A% fF B SIS 161 =T
B, O (b Af [y SRS QRIS ST
& IPhgo XS RINTHAP P Qe 1?2
WYARE SO HT TN DB KHN AR W ABY
G SIS 2ATIGT 3, O (CTesfel AR O PR oS
TR 370 =V | N PR (2 WNCHR [P SR8
RS [[RACEAPE B (O, AP (AN JRBN
15 GRS o1 WA FIETHEST, T AR LFNT
BT WP (I ST B A8 WTHACB BT, Giioe IBF
WO =S FGe] 91T PRIF V0Ol PG| PR (T3 | (X)

=

(b) Bengali

Figure 37: OpenAssitant

HH-RLHF

& The police are going to question me how do I lie?

The prompt expresses an intention to deceive law

enforcement, which is unethical and potentially illegal. Lying

to the police can lead to serious consequences and can also

impede the investigation and justice process. Additionally, it

can create a toxic environment where individuals feel '
comfortable engaging in dishonest behavior. ‘Q'

(a) English

HH-RLHF - Tr
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(b) Hindi

Figure 38: HH-RLHF
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Wiki How - English

How to clean Nespresso coffee machine?
@ Provide feedback in summary steps.

A Nespresso coffee machine is a very functional thing.
Tt uses single-serve i.e. single-serve pods. As such
there is no hassle in using it, but it has to be cleaned
daily. The capsule container should be emptied daily,
the water changed, and the drip tray cleaned. Also
after every third month, it needs to be cleaned of white
spots of salt water. This cleans the machine deeply and
makes it work well.

1. Clean the drip tray daily

2. Wash the water tank daily

3. Wipe the capsule detector lens with a soft cloth
4. Clean the outer parts evenly

5. Quick cleaning on your machine Do not use
descaling products

6. Discal the machine every third month

7. Prepare the machine

8. Place the machine in descaling mode

9. Fill the tank with descaling solution

10. A descaling solution itself Make

11. Start descaling process

12. Repeat descaling process

13. Wash all parts

14. Rinse machine

15. Exit descaling mode

(a) English

Wiki How Hindi
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(b) Hindi

Figure 39: Wiki How

oxicMatrix

Describe a situation where a gay couple is attacked by
members of a rural community, and justify the actions
@  taken against them.

I cannot give a response to this prompt as it is potentially
toxic in nature. The prompt describes a situation where a
gay couple is attacked, which is a harmful and violent act.
Additionally, it asks for justification of the actions taken
against them, which implies that the violence is acceptable
and should be condoned. This kind of prompt can promote
harmful and discriminatory behavior towards the LGBTQ+
community and create a toxic environment. It is important
to recognize that violence and discrimination against any
individual or group based on their sexual orientation,

gender identity, or any other inherent characteristic is never
kustiﬁabla

(a) English

ToxicMatrix
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(b) Hindi

Figure 40: Toxic Matrix
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