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Abstract

Multimodal research has predominantly focused on
single-image reasoning, with limited exploration of multi-
image scenarios. Recent models have sought to enhance
multi-image understanding through large-scale pretraining
on interleaved image-text datasets. However, most Vision-
Language Models (VLMs) are trained primarily on English
datasets, leading to inadequate representation of Indian
languages. To address this gap, we introduce the Chitrak-
shara dataset series, covering 11 Indian languages sourced
from Common Crawl. It comprises (1) Chitrakshara-IL, a
large-scale interleaved pretraining dataset with 193M im-
ages, 30B text tokens, and 50M multilingual documents,
and (2) Chitrakshara-Cap, which includes 44M image-text
pairs with 733M tokens. This paper details the data collec-
tion pipeline, including curation, filtering, and processing
methodologies. Additionally, we present a comprehensive
quality and diversity analysis to assess the dataset’s repre-
sentativeness across Indic languages and its potential for
developing more culturally inclusive VLMs.

1. Introduction

Recent developments around Foundation Large Language
Models (LLMs) [2, 8, 14, 16, 18, 31, 35, 67, 68, 70] and Vi-
sual instruction tuning [49, 50] have significantly advanced
Vision Language Models (VLMs) [1, 9, 13, 20, 21, 38,
41, 51, 69, 71, 72], enabling seamless multimodal process-
ing of visual and linguistic data. Much of the success of
these models could be attributed to the availability of the
large amount of training datasets [17, 41, 60, 63-65, 69].
However, most of the existing multimodal research is pre-
dominantly focused on single-image reasoning, while a re-
cent line of work has begun addressing the complexities
of multi-image scenarios [5, 32, 41, 42, 54, 55, 75]. A
key factor in these advancements has been the use of in-
terleaved text-image data which offers several compelling
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advantages: 1.) Real-world applicability, as it reflects
the way humans typically process information, such as
reading documents with both text and images [6, 32]; 2.)
Versatility across scenarios, providing a unified approach
to various tasks like single/multi-image, video, and 3D
data [22, 44, 45, 74]; 3.) State-of-the-art performance,
with models trained on interleaved data consistently out-
performing those trained on image-text captioning datasets
[6, 27, 42]; 4.) In-context learning (ICL), where interleaved
formats improve the model’s ability to follow instructions
and adapt to multi-image settings [27, 42]; and 5.) Few-
shot learning, with recent studies demonstrating that inter-
leaved data is crucial for achieving strong few-shot learning
performance [6, 42, 53].

However, despite these advancements, overwhelming fo-
cus remains on English-centric and Western datasets, leav-
ing many of the world’s languages and diverse cultural con-
texts underrepresented [38, 56, 73], particularly Indian lan-
guages. While there have been recent efforts to develop in-
clusive multilingual multimodal models [4, 37, 38, 52, 73],
most of these works leverage English dataset translations,
failing to capture the cultural nuances & linguistic diversity.

To address this Language diversity gap in multimodal
datasets, we introduce Chitrakshara (“Chitra”: Image and
“Akshara”: Text) series ' , consisting of 1). Chitrakshara-
IL: a large-scale, interleaved pre-training dataset compris-
ing of approximately 193M images, 30B text tokens, and
50M multilingual documents sourced from Common Crawl
spanning 11 languages. 2). Chitrakshara-Cap: 44M image-
text pairs with 733M tokens. The primary objectives of
Chitrakshara are to (i) support the development of vision-
language models tailored for Indic languages, (ii) ensure
linguistic and domain diversity in multimodal datasets, and
(iii) improve the overall quality and representation of Indic
languages in Al research. We outline a robust data collec-
tion pipeline, incorporating meticulous filtering and evalua-
tion steps to maintain dataset quality, cultural relevance, and
safety. Furthermore, we conduct an extensive quality and
diversity analysis to assess the representativeness of vari-

IDataset released at https://huggingface.co/datasets/
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Figure 1. Chitrakshara dataset creation pipeline

ous Indic languages and modalities within the dataset. Our
contributions could thus be summarized as follows:

* We introduce a large-scale, high-quality, India-focused,
interleaved image-text dataset, Chitrakshara-IL for
training culturally inclusive VLMs.

e We also provide an image captioning dataset
Chitrakshara-Cap based on corresponding descriptions
for training a multilingual Vision encoder (ViT) [26].

* We outline a detailed methodology for creating a multi-
modal dataset from web data, including steps for data col-
lection, filtering, cleaning, and deduplication, with spe-
cific adaptations for Indic languages.

* We conduct a comprehensive analysis of the dataset’s
characteristics, including language distribution, image
properties, and domain representation, offering insights
into its suitability for various multimodal learning tasks.
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Figure 2. [llustration of multimodal document extraction from the
web. On the left, Chitrakshara-Cap includes image alt-text pairs,
while on the right, Chitrakshara-IL retains the interleaved structure
(truncated) of text & images from the source Hindi document.

2. Related Work
2.1. Web crawled datasets

For text-based pretraining, large-scale datasets such as The
Pile [29], C4 [59], RedPajama [25], RefinedWeb [57],
Dolma [66], DataComp-LM [46], and FineWeb [58] have
been instrumental in training LLMs. In the domain of mul-
timodal datasets, early efforts focused on image-captioning

datasets, as demonstrated by LAION-400M [63], COYO-
700M [17], ConceptualCaptions [65] and LAION-5B [64].
However, most of these datasets predominantly feature En-
glish and other high-resource languages, with minimal rep-
resentation of Indian languages and cultural contexts.

2.2. Multimodal Interleaved datasets

Recent efforts have focused on large-scale English multi-
modal interleaved datasets from Common Crawl to enhance
reasoning abilities, including Flamingo [5], CM3 [3], Kos-
mos [30], and Multimodal-C4 [75], with OBELICS [42]
being the first large-scale open-source variant. Chameleon
[55] and MM1 [54] reported improved performance based
on OBELICS type internal datasets, while MINT-1T [7]
further expanded pretraining dataset to 1T tokens. CoMM
[19] on the other hand explored other diverse data sources,
and OmniCorpus [48] also developed a bilingual English-
Chinese dataset. Additionally, Mantis [32], MIMIC-IT
[43], and Multimodal ArXiv [47] constructed instruction-
tuning datasets using interleaved text-image data. Closely
related, mOSCAR [27] created a multilingual interleaved
dataset for 163 languages in parallel to our work, though
its primary focus remains on European languages, lead-
ing to lower quality for Indic and other low-resource lan-
guages. We provide a comparative analysis and survey of
these datasets in Table 4 (Appendix).

2.3. India-centric multilingual datasets

Relatively few efforts have been made to develop large-
scale language models specifically for Indian languages.
Some initiatives extended and fine-tuned English-centric
models [10, 23, 28, 39, 61], while there remains a few ex-
ceptions trained from scratch [12, 35, 62]. In parallel, a few
multilingual datasets have been developed to enhance Indic
language model training. IndicNLP corpora [40] and Indic-
Corp [34] aggregated web-based content to create datasets
spanning multiple Indian languages. More recently, San-
graha [36] introduced a large-scale corpus with 251B to-
kens covering 22 languages. However, these efforts pre-
dominantly focus on textual data rather than multimodal re-
sources in contrast to our work.

3. Dataset: Chitrakshara

Our multi-lingual data creation pipeline for Chitrakshara-
IL in Figure | is heavily borrowed from English-only
OBELICS [42], which extracts interleaved multimodal doc-
uments from CommonCrawl’s (CC) [24] Web ARchive
Content (WARC) files. Figure 2 shows an example doc-
ument, more in Appendix. In addition, we extend the
pipeline to also create Chitrakshara-Cap consisting of im-
age and alt-text pairs’, discussed in the following sections.

2 Alt text, or alternative text is a short description of an image on a web
page, commonly used to create web-crawled captioning datasets.



Hindi Bengali Tamil Malayalam Telugu Marathi Kannada Gujarati Punjabi Oriya Assamese Total
90M 55M 28M 14M 12M 11M 7.5M 6.5M 3.4M 2.3M 0.76M 230M
Table 1. Initial distribution of URLs from Common Crawl] after deduplication.

3.1. HTML Pipeline Image Filtering: At the node level, images were dis-

Given that CC contains approximately S0B web pages’,
with English dominating around 46% of documents, Indian
languages remain significantly underrepresented’, around
1% [35]. For instance, Malayalam constitutes only 0.017%
of a specific crawl’s records’, while Hindi—despite be-
ing the third most spoken language globally—contributes
merely 0.2% of CC data. We thus use 95 CC dumps span-
ning from years 2013 to 2023 to maximize document cover-
age and curate a multimodal dataset over 230 million URLs,
filtering Indic language web documents using FastText LID
(language detector) [33] and other deduplication heuristics
on CC data. Table | provides the language distribution of
the considered URLs in the corresponding WARC files.

3.2. Content Refinement Pipeline

Next, we develop a rule-based DOM (Document Object
Model) pruning framework to remove extraneous elements
from HTML documents. Leveraging prior research [42],
we extract text from specific HTML tags called DOM text
nodes (eg. <p>, <h*>, and <title>, etc.) and <img>
tags as DOM image nodes. We apply context-aware rules to
eliminate unnecessary elements while preserving key struc-
tural components. Our approach also involves converting
formatting tags into standard line breaks, condensing redun-
dant whitespace, and removing HTML comments. These
refinements resulted in a tenfold reduction in HTML size
while maintaining 98% of the essential text and images.

3.3. Multimodal Document Assembly

Once the HTML documents were cleaned, they were trans-
formed into structured multimodal documents while main-
taining their original layout semantics. This conversion pro-
cess involved linearizing nested DOM structures into in-
terleaved text-image sequences. We follow OBELICS in
meticulously preserving the document’s original structure
by retaining line breaks, paragraph boundaries, and layout
separators. Image elements were extracted alongside their
contextual descriptions to maintain semantic coherence.

3.4. Hierarchical Content Filtering

To ensure dataset quality, we further implemented a multi-
stage filtering framework.

3https ://registry.opendata.aws/commoncrawl/
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carded if they did not meet predefined criteria, such as for-
mat (restricted to JPEG, PNG, and WEBP), dimensions (at
least 150 pixels on either side), or aspect ratio constraints
(between 1:5 and 5:1).

Paragraph level Filtering: Similarly, textual content
was filtered using linguistic heuristics adapted from exist-
ing research [35]. Specifically, paragraphs with fewer than
8 words were discarded.

Document-Level Validation: We also conducted holis-
tic evaluations at the document level to determine the re-
tention or exclusion of an entire webpage. Particularly, we
enforced multimodal balance by rejecting documents that
contain no images or more than 30 images. We also apply
coherence checks to remove pages with repetitive patterns.

3.5. Additional Heuristics

In addition to the filtering techniques above, we de-
velop rule-based heuristics to eliminate “Continue Read-
ing” links, publication dates, social media sharing prompts,
“About Us” sections, and other metadata including
navigation-related text such as scroll and pause instructions,
notifications, subscription prompts, and alerts. To avoid ir-
relevant images, we remove images with filename contain-
ing substrings like “default” or “placeholder” or alt text con-
taining block words. To identify inappropriate or NSFW
images we check if either the filename or alt text contains
NSFW words as a substring. If so, we then remove the en-
tire document containing that image.

We thus generate Chitrakshara-IL with 193M images
(53M docs) using a unified pipeline. Applying additional
filtering, we pair images with metadata alt-text (distinct
from document content), to form Chitrakshara-Cap. No-
tably, alt-text may remain in English even when the doc-
ument is in another language. We provide more specific
details for each component of our pipeline as well as the
implementation and infrastructure in Appendix (Section 6).

4. Analysis

Tables 2 and 3 show the language-wise distribution of
Chitrakshara-IL. and Chitrakshara-Cap datasets respec-
tively.  Additionally, we compare key statistics with
mOSCAR, the only other multilingual interleaved dataset
that covers 163 languages, including the Indian languages
examined in our study. Our findings indicate that our dataset
contains significantly more documents, tokens, and images
while also features a higher average of tokens and images
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I Documents Tokens Avg Tokens/Doc Imag Avg Images/Doc
ST mOSCAR Chitrakshara mOSCAR Chitrakshara mOSCAR Chitrakshara mOSCAR Chitrakshara mOSCAR Chitrakshara
Assamese 39K 0.17M 0.64M 0.09B 162.2 537.7 9.2K 0.56M 2.33 3.24
Punjabi 11.5K 0.48M 1.89M 0.28B 164.2 591.3 46.2K 1.91M 4.02 3.97
Odia 43K 0.60M 0.38M 0.33B 87.7 551.9 15.6K 2.87TM 3.61 4.78
Gujarati 23.1K 1.12M 3.32M 0.66B 144.2 590.7 91.3K 3.62M 3.96 3.23
Kannada 13.0K 1.50M 1.44M 0.86B 111.2 575.3 42.6K 4.95M 3.28 3.30
Telugu 23.0K 1.98M 2.27TM 1.16B 99.0 586.1 81.0K 6.27TM 3.53 3.17
Marathi 50.4K 3.14M 6.6OM 1.82B 132.7 579.0 164.0K 10.96M 3.25 3.49
Malayalam 14.1K 3.33M 1.69M 1.97B 119.4 589.7 52.7K 12.05M 3.73 3.62
Bengali 270.4K 6.06M 35.90M 2.93B 132.6 484.3 947.0K 27.60M 3.50 4.55
Tamil 36.2K 6.69M 4.83M 4.13B 133.6 617.5 168.0K 23.39M 4.64 3.49
Hindi 579.4K 25.4M 122.60M 14.9B 211.5 586.9 1830K 99.30M 3.16 391

Table 2. Comparison of Chitrakshara-IL. and mOSCAR, the only other interleaved dataset supporting Indian languages.

Language  #Pairs # Tokens # Avg. tokens
Punjabi 0.12M 2.49M 19.46
Assamese 0.13M 2.57T™M 19.34
Kannada 0.47™M 9.05M 19.05
Gujarati 0.52M 11.62M 22.12
Telugu 0.86M 17.96M 20.53
Malayalam 1.16M 23.54M 20.38
Odia 0.62M 8.61M 13.71
Marathi 1.87M  28.73M 15.33
Tamil 249M  45.68M 18.33
Bengali 3.42M 56.18M 16.43
English 11.29M  148.35M 13.13
Hindi 21.29M  379.23M 17.81

Table 3. Language distribution for Chitrakshar-Cap dataset.

per document across most Indian languages. For exam-
ple, Hindi has 25M documents versus mOSCAR’s 579K.
We attribute this difference to our data collection strategy,
which incorporates 95 CC dumps spanning a decade, unlike
mOSCAR’s three dumps from 2023, offering a broader and
more temporally diverse corpus. Additionally, mOSCAR’s
filtering methods, optimized for English and European lan-
guages, may not effectively capture Indian languages. No-
tably, perplexity filtering (based on models trained on En-
glish corpora), as employed in OBELICS, disproportion-
ately removes Indo-Aryan and Dravidian language content.
Our approach with a focus on India languages employs tai-
lored filtering, ensuring better content representation.

Furthermore, domain analysis (Figure 3) reveals news
websites dominate (76%) followed by entertainment (9%),
health (3%), education (3%), etc. mirroring Indic Sangraha
[36] and English-only interleaved OBELICS. We also list
the top 20 domains per theme and the top 100 by document
count in Figure 6 and Table 6 respectively (in Appendix).
80% of the interleaved documents have fewer than five im-
ages (c.f. Figure 4). Temporal distribution analysis shows
most data originates from the past seven years while im-
age size distribution indicates most images are ~256 pixels
per side (see Appendix Figure 5 and 7). Lastly, we discuss
the top topics across different languages (Section 7 in Ap-

pendix), underscoring the diverse range of captured content.

Social Media Health
Entertainment
Government

Education

Shopping

Figure 3. Domain distribution of the Chitrakshara-IL data.
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Figure 4. Cumulative image count distribution per document.

5. Conclusion

We introduce the Chitrakshara dataset series, a large-scale,
multilingual, and multimodal resource covering 11 Indian
languages. It includes Chitrakshara-IL, an interleaved
dataset with 193M images, 30B tokens, and 50M docu-
ments, and Chitrakshara-Cap, with 44M image-text pairs
& 733M tokens. Our work details the data collection, filter-
ing, and processing pipeline, ensuring quality and diversity.
By filling gaps in existing multilingual datasets, Chitrak-
shara facilitates the development of more culturally inclu-
sive VLMs. Future work involves training a multilingual
ViT and an interleaved VLM to evaluate its effectiveness.
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Author Statement

We acknowledge that Chitrakshara may reflect inherent bi-
ases present in online content, as the dataset is sourced
from the internet. Nonetheless, its multilingual and inclu-
sive composition marks a significant step toward enhancing
the accessibility of diverse languages, cultures, and com-
munities for training India-centric Vision-Language Models
(VLMs). While we have taken rigorous measures to ensure
the accuracy and legality of the dataset, we cannot guarantee
its absolute completeness or correctness. Consequently, the
authors assume no liability for any potential legal or ethical
concerns, including but not limited to copyright infringe-
ment, privacy violations, or the misuse of sensitive infor-
mation.

Dataset #Tokens #Images #Docs Multilingual Data Sources
Image-text Paired Datasets

COYO-700M [17] 12.9B 74TM - X CcC
LAION-5B [64] 135B 5B - CccC
Chitrakshara-Cap 733M 44M - cc
Image-text Interleaved Datasets

CM3 [3] 223B 373M 10.7M X cC
Multimodal-C4 [75] 43B 57IM 101M X cc
OBELICS [42] 115B 353M 141M X cCc
CoMM [19] 139M 2.28M 227K X Curated
MINT-1T [7] 1.02T 3.42B 1.05B X CC, PDFs, ArXiv
OmniCorpus [48] 17T 8.6B 2.2B v CC,CW, YT
mOSCAR [27] 214B 1.2B 315M cCc
Chitrakshara-IL 30B 193M 50M ccC

Table 4. Survey of multimodal datasets: Chitrakshara-IL rep-
resents interleaved dataset while Chitrakshara-Cap represents alt-
text image pairs. CC represents data is sourced from Common
Crawl. CoMM followed a different recipe of using curated sources
consisting of WikiHow, eHow, Story bird, StoryGen, Instructables
against using CC dumps. Omnicorpus is bilingual supporting Chi-
nese and English only sourced also from YouTube (YT) and other
Chinese websites (CW) apart from CommonCrawl. mOSCAR
is the only multi-lingual multimodal interleaved dataset that also
supports Indian languages but it’s focus remain primarily on West-
ern languages.

6. Data pipeline technical insights

We implemented our code in python building upon the
OBELICS® framework, adapting it for websites with rich
content from Indian languages.

6.1. HTML Pipeline

We begin by gathering 95 Common Crawl dumps spanning
the years 2013 to 2023. Unlike projects such as RedPa-
jama [25], which construct large-scale datasets using only

6https://qithub.com/ﬂuqqitqface/OBELICS

five minimally overlapping dumps’, our approach involves
a more extensive collection. This allows us to include a
broader range of Indian documents, which otherwise ac-
count for just 1% of the data.

One of the primary challenges we faced in this step
was overcoming HTTP rate limits, which frequently led to
throttling during direct access to Common Crawl’s Meta
or WARC files via HTTP. To mitigate this, we optimized
data retrieval by implementing a distributed query sys-
tem. To optimize data transfer, we developed an S3-to-S3
pipeline, which allowed us to migrate 24 terabytes of fil-
tered metadata directly between Amazon S3 buckets, elim-
inating HTTP bottlenecks and achieving sustained transfer
rates of 10 Gbps. As a result, we successfully processed
the metadata for 230 million URLSs in under 24 hours using
AWS infrastructure, reducing computational costs by 60%
compared to traditional single-node scraping approaches.

6.1.1. WARC Retrieval and Distributed Processing

One major limitation was parallelization. Performance
degradation occurred due to resource contention when ex-
ceeding a threshold of concurrent processes. Addition-
ally, unpredictable network latencies led to idle compute
resources, further slowing the process. To overcome this,
we implemented an adaptive parallelization strategy where
network-bound tasks, such as WARC downloads, were
structured to overlap with computation. By directly trans-
ferring data to AWS S3 instead of writing it to disk, we
significantly reduced I/O overhead.

Automation and orchestration played a key role in op-
timizing workflow. Using a bash-based job management
system, we automated process distribution, implemented
retries for failed downloads, and consolidated output us-
ing dynamic job queues. Ansible playbooks were used to
synchronize configurations across all 25 nodes, ensuring a
consistent environment. These measures resulted in a 30%
speedup in processing time while reducing idle node time
by 10%, allowing us to process the dataset in under two
days. We also use a modified version of readability-Ixml®
library to extract the primary text from web pages.

6.2. Content Refinement Pipeline

To refine raw HTML documents and remove irrelevant el-
ements such as advertisements and template-based compo-
nents, we develop a rule-based DOM pruning framework.
We extract text from specific HTML tags that typically

7https : / / commoncrawl . github . io / cc - crawl -
statistics/plots/crawloverlap

Shttps://qithub.com/bqriv/pvthonfreadamiLity
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contain the primary content of web pages, referred to as
DOM text nodes (<p>, <h=*>, <title>,etc.) and all
<img> tags, as DOM image nodes. We implement context-
aware rules by defining cascading filters to remove nodes
matching spam indicators (e.g., class="advert”, excessive
<script> density) while preserving semantic containers.
Using the selectolax”’ library for efficient HTML parsing,
we applied these rules to eliminate unnecessary elements
while preserving key structural components. Our approach
involves converting formatting tags (e.g., <br>) into stan-
dard line breaks, condensing redundant whitespace, and re-
moving HTML comments. Additionally, recursive cleaning
operations unwrapped unnecessary styling elements (e.g.,
<i>, <span>) and streamlined the DOM hierarchy by col-
lapsing redundant nodes. These refinements resulted in a
tenfold reduction in HTML size while maintaining 98% of
the essential text and images. We follow similar strategy as
OBELICS in unwrapping the style element tags.

To further enhance document quality, we implement a
systematic filtering strategy to retain only structurally and
semantically relevant tags. Tags critical for document struc-
ture (e.g., <p>, <hl>-<h6>, <section>) and media
representation (e.g., <img>, <video>, <figure>) were
preserved, while those associated with navigation menus,
headers, and footers were removed. Specific <div> ele-
ments containing identifiers such as footer, navbar, or
menu were also discarded to eliminate noisy content. Addi-
tionally, nodes with the class more—11ink, which often sig-
naled content transitions, were replaced with a placeholder
token (END_OF_DOCUMENT_TOKEN_TO_BE_REPLACED)
similar to OBELICS pipeline. These preprocessing tech-
niques ensured a cleaner and more structured dataset, sig-
nificantly optimizing the extraction of textual and visual el-
ements for downstream applications.

6.3. Multimodal Document Assembly

HTML documents that were cleaned in the previous step
were transformed into structured multimodal documents
while maintaining their original layout semantics. This con-
version process involved linearizing nested DOM structures
into interleaved text-image sequences, embedding structural
markers such as <SECTION> and <FIGURE> to ensure
proper content delineation. We meticulously preserve the
document’s original structure by retaining line breaks, para-
graph boundaries, and layout separators. Image elements
were extracted alongside their contextual descriptions, such
as <figcaption> tags, to maintain semantic coherence.
To facilitate large-scale image retrieval, we employed the
img2dataset [11] library and distributed the download-
ing process across 40 virtual machines. With a parallelized
download of 3.6B image links, we achieved 55% retrieval
success, i.e. around 2B images.

ghttps ://github.com/rushter/selectolax

6.4. Hierarchical Content Filtering

Here we implemented multiple filtering techniques:

Image Filtering: Images at the node level were dis-
carded if they did not meet predefined criteria, such as for-
mat (restricted to JPG, JPEG, PNG, and WEBP), dimen-
sions (between 150 pixels on either side), or aspect ra-
tio constraints (between 1:5 and 5:1). Additional heuris-
tics were applied to remove generic and low-value images
by detecting substrings such as logo, icon, banner,
social, and widget in URLs.

Paragraph Filtering: Similarly, textual content was fil-
tered using linguistic heuristics adapted from existing re-
search [35]. Paragraphs with fewer than eight words were
discarded. We also ensure stopword density remained
above 5% to filter out machine-generated lists and incoher-
ent content. Table 5 presents the filters that were used.

Document-Level Validation: At the document level,
we enforced multimodal balance by rejecting documents
containing no or more than 30 images. Additionally, co-
herence checks were applied to remove pages with repet-
itive patterns indicative of machine-generated text. Be-
yond node-level filtering, we conducted holistic evalua-
tions at the document level to determine the retention
or exclusion of an entire webpage. Tags associated
with website navigation (header, menu, navbar) and
footer sections were removed, and transitional elements
(more—1ink) were replaced with an end-of-document
token (END_OF _DOCUMENT_TOKEN_TO_BE_REPLACED).
By systematically applying these refinements, we ensured
that our dataset remained both high-quality and representa-
tive of real-world multimodal web documents.

6.5. Additional processing
6.5.1. Text-based filtering

To ensure Chitrakshara is suitable for training vision-
language models on interleaved image-text conversations,
extensive text filtering is applied. Irrelevant elements such
as “Continue Reading” links, publication dates, social me-
dia prompts, “About Us” sections, and other metadata are
removed. Additionally, navigation-related text, alerts, and
subscription prompts are filtered out, keeping the dataset
focused on meaningful dialogue. We explore two filter-
ing strategies for Indian languages. The first is heuristic-
based, where paragraphs are split into lines, English text is
detected and removed, predefined unwanted phrases are fil-
tered out, and short paragraphs below a word threshold are
discarded. The second strategy leverages large language
models (LLMs) for content filtering, but due to computa-
tional costs, we adopt the first approach. In this process,
paragraphs are split at newline characters, and lines con-
taining only English text, numbers, or symbols are removed.
The filtered lines are then recombined, preserving meaning-
ful multilingual content while eliminating noise.
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6.5.2. Image-based filtering

We also applied filtering techniques to remove irrelevant
or inappropriate images. Entries with filename containing
substrings like “default” or “placeholder” were removed,
as these typically represent empty or placeholder images
that do not contribute meaningful visual content. Similarly,
images containing any word among ‘“download”, “pdf”,
“mp4”, “mp3”, “chapter”, “video”, “audio” were removed
because these images did not contribute to good quality in-
terleaved content. Regarding inappropriate or NSFW im-
ages, any image with either the filename or alt text con-
taining NSFW words like “s**7, “p***” “f***> or similar
words in Indian languages as a substring was identified as
an NSFW image and the document containing that image
was removed. This step helps eliminate non-informative
images, explicit content, and media-related placeholders,
ensuring that only relevant images are retained for training.

6.5.3. Chitrakshara-Cap filtering

For generating Chitrakshara-Cap, we apply additional fil-
tering of minimum 5 words in the corresponding alt-text.
This was done to ensure that we get only images with cor-
responding relevant descriptions. We also assess the image
quality by classifying images based on predefined resolu-
tion criteria: Low Resolution images have either a width or
height of less than 200 pixels, High Resolution images have
both width and height greater than 600 pixels, and all others
fall under Mid Resolution. Analysis of the dataset revealed
that 22.5% of the images are Low Resolution, 64.1% are
Mid Resolution, and 13.4% are High Resolution. This dis-
tribution indicates that most images in the dataset are of us-
able quality, with a significant proportion meeting medium
and high-resolution standards.

6.6. Infrastructure

For data processing, we utilize a cluster of 25 machines
with a total of 5,120 CPU cores, consisting of 15 high-
performance nodes (256 cores, 512 GB RAM) and 10 mid-
range nodes (128 cores, 256 GB RAM). The dataset was
processed in 900 batches. We empirically download 40 im-
ages using multi-processing, which provided us the relevant
speedup as well as the best download success rate.

7. Top topics across languages

To gain a deeper understanding of the dataset’s thematic
structure, we apply Latent Dirichlet Allocation (LDA) [15],
a widely used probabilistic topic modeling technique. LDA
helps uncover latent topics by analyzing word distribu-
tions and estimating their proportions across the dataset.
Figures 8, 9, 10 and 11 present topic modeling results
for Hindi, Bengali, Telugu and Kannada datasets, respec-
tively. Each table provides both a broad categorization and

Algorithm 1 Multimodal Dataset Creation Pipeline

Input: Common Crawl WARC files
Output: Curated Multimodal Dataset
procedure DATASETCREATION(WARC _Files)
Step 1: Identify Indic Language Web Content
Collect 95 Common crawl dumps.
Identify 230M URLs related to Indian language
web content.

AN A

7: Step 2: Distributed WARC Retrieval
8: Initialize 25-node cluster
9: Parallelize downloads, mitigating rate limits

10 Store extracted documents directly in AWS S3

11: Step 3: Content Refinement

12: Parse HTML DOM to extract meaningful content
13: Prune unwanted elements (ads, sidebars, pop-ups)
14: Apply rule-based filtering for noisy content

15: Step 4: Multimodal Document Assembly

16: Convert DOM structure to linearized text-image
format

17: Extract image URLs with corresponding captions

18: Download images using geographically distributed
proxies

19: Step 5: Hierarchical Content Filtering

20: Granular Filtering: Remove small and distorted
images

21: Text Filtering: Discard short, incoherent, or redun-
dant text. Use LID to filter out paragraphs

22: Multimodal Validation: Enforce image-to-text ra-
tio constraints

23: Step 6: Infrastructure Utilization

24: Deploy cluster with 5,120 CPU cores

25: Process dataset in 900 batches to optimize through-
put

26: Step 7: Post-processing

27: Remove metadata (“Continue Reading”, dates, etc.)

28: Detect and discard non-content elements using
heuristics

29: Perform NSFW filtering
30: end procedure

a fine-grained breakdown of topics, facilitating a compar-
ative analysis across languages. Our findings indicate a
rich diversity of themes, including Politics, Entertainment,
Health, Religion, and Technology, with certain domain-
specific trends. Notably, journalism-related content appears
frequently, suggesting that news articles constitute a signifi-
cant portion. This pattern is consistent with trends observed
in large-scale textual corpora, where online news sources
contribute extensively to publicly available data.



Metric Cutoff type  Value (para-level)  Value (doc-level)

Number of words min 4 10
Number of words max 1,000 2,000
Character repetition ratio max 0.1 0.1
Word repetition ratio max 0.1 0.2
Common word ratio min 0.1 0.1

Table 5. Cutoff thresholds for text filters at paragraph and document levels. Cutoff values ("min” or “max’’) removes paragraphs or
documents strictly below or above the threshold respectively.

le7 Distribution of Documents Over Years

=
IS
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Algorithm 2 Text-Based Filtering

=
)

1: procedure TEXTFILTERING(Paragraphs)
2 for each paragraph in Paragraphs do

3: Split paragraph into lines
4
5

e
®

o
o

Number of Documents

o
IS

for each line in paragraph do
if line contains only English characters, spe-

o
~

o
o

cial symbols, emojis etc. or line contains less than 4 &
words then
6: Remove line Figure 5. Distribution of Documents Over Years.
7: end if
8: end for 10000
9: Reassemble paragraph with filtered lines
10: end for
11: return Cleaned Text
12: end procedure oo

100000

Algorithm 3 Image-Based Filtering

1: procedure IMAGEFILTERING(ImageEntries)

2: for each image entry in ImageEntries do Figure 6. Top 20 Domains in Chitrakshara-IL.
3: if Filename contains “default” or “placeholder”
or Alt—text contains ”download” ”pdf’ ”mp4” etc 2000 Image Size Distribution (Filtered up to 2000 pixels) 1e7
then 17
. 1750
: Remove image entry 150
5: end if 100
if Alt-text or Filename contains NSFW sub- _ ms0] e
strings ( “s**’, “p***” etc.) then ) 100 2
. . < 1000 H
7: Remove image entry (along with the doc & S
containing it) * 7o o7
8: end if 500 | 0.50
: end for
. 4 0.25
10:  return Filtered Image Set =1
11: end procedure 0 : . . | . 000
0 250 500 750 1000 1250 1500 1750 2000
Width (pixels)

Figure 7. Image size distribution.



Topic Name (English & Hindi)

Exams & Applications (a¥&Tr 31X
37Tde)

Movies & Entertainment (Rreat 31k
HAARST)

Religion & Spirituality (&7 3R
3TeATeH)

Indian Affairs (TR HT#Hel)

General Discussions (AT TaT)

Personal Thoughts (SafFdeTd faaR)

Crime & Police (3T9RTer 3iR gfer)

Sports & Cricket (Tl 3R fvehe)

Politics & Government (Irstalifar 3iR
JIPR)

Technology & Communication

(deelta 3R TER)

Topic Ratio
(%) Top Words (with Translation)

TRI&TT (exam), 37TAGsT (application), STTeTehIT

(information), TST=TT (scheme), 3iTeTelseT (online),

d% (bank), 87t (recruitment), STRY (released),
10.50% TRV (education), & (how)

hea (film), ATZAT (video), 2AET (wedding),

sielgs (Bollywood), &It (show), AR (viral),

T H (actress), 23X (share), Alerel_FHTSAT
9.20% (social media), ReiisT (release)

A (Shri), #fER (temple), T (Ram), i&a@ (day),
3RS (event), QAT (Sharma), &=T (day),
8.10% TSI (published), A9 (city), FEU (situated)

R (India), TTel (year), feeel (Delhi), &2r
(country), ST (between), ¥ (start),
9.80% &= (day), S1&T (more), sTT (new), IR (times)

THI (time), ATRET (should), FHROT (reason), FF
(form), f&=T (day), TehdlT (can), IT=AT (water),
7.60% ST (goes), Feg (help), & (how)

A (name), AX (mine), T (all), Shae (life), AL
(my), &= (mind), S (times), § (am), o (take),
6.40% 9T (near)

gferd (police), Hid (death), R
(corona),FR™AR (arrest), AT (woman), ST
(investigation), T (murder), T4 (incident),

11.20% 3T&qdTer (hospital), 3T (village)

&1 (team), FT (match), e (cricket), IsATST

(website), e (sport), TET (test), TTFI;T

(content), T&eTar (player), Sfie (win), T&em®
9.00% (against)

IR (government), TS (state), JTd

(election), ¥ (Congress), Ut (f;arty), HreTar
(BJP), FEIFHA (chief minister), &2 (country), HT
10.80% (minister), 3T€J&T (president)
3T (use), TIH (contact), T (form), BT
(phone), ST (email), &3 (us), 3cUTE (product),
7.40% €HI (time), 9T (please), YaleT (provide)

e

Figure 8. Topic modelling results for Hindi language in Chitrakshara-IL dataset.



Topic Name
(English & Bengali)

Bangladesh & Politics
(TR 8 TEAIS)

Products & Market (Y
REIMIE)]

Education & Jobs (P
3 BIF(H)

Sports & Politics ((¥e1 3
ASAIG)

Crime & Law (751915 3
SIED))

COVID & Digital
Services (FEET 3
MENEEIECE

Technology & Online

Services (T3(& 3
AR SIHEEN)

Daily Life & General
Discussion (tafe
ST 3 T ST
Finance & Banking

(S FifE 3 TARfFe)

News & Government
Affairs (W 8 NI
[EREY)

Topic

Ratio
(%) Top Words (with Translation)

JRATT (Bangladesh), IR (Bangladesh's), 32 (book), ST

(year), fitTE (as), FHENaT (Prime Minister), ST6I¥ (national), T

10.50% (Dr.), T4 =IS4T (Sheikh Hasina), @%$1F (award)

sTef§ (product), W (price), (I (machine), T (run), IBTEA (in
market), (&{F (manufacture), ST (equipment), Send (of
7.80% product), faw@ (with), (ITSTETST (communication)

IEW (application), AT (education), TIST (exam), BfS
(admission), FFTT (publication), fA@TST (recruitment), B1FfEF (of
9.60% job), TEFIA (government), 51FfH (job), *I7 (position)

q6T (hour), fIfAG (minute), W& (of team), e (team), AT
(BJP), oy (Trinamool), fr@G (cricket), A= (BJP's), (el
8.90% (game), & (match)

ST (editor), (ST (district), 1¥® (held), STSIF (national),
Sfer (police), S (sub-district), & (happened), ST
7.50% (arrested), f9z@ (killed), &S (preS|dent)

IR (Bangladesh), R ® (happened), RIE=15TW (updated),

STRBf6 (¥ (site finished), 6T[51,1T (national), ISTIF (portal), FETT

GRAT (coronavirus), STSETE (ITSMATST (contact for prevention),
10.80% fGf&GH (digital), Semgfy O3 (wetland development)

TIAEA (can), f6fE8 (video), B1FT (money), TISAETG (download),

S (to you), T (question), &% (click), &= (will get), fFeTE
7.20% (how), 9T (name)

X (becomes), I

¥ (people), O
6.80% (food)

GIT (money), TS (bank), !

T (goes), 9F5T (one), faw@ (with), ST (time),
(good), T[S (of people), AT (mother), AT

(&4 (of bank), IF9 (project),

9.20% (<Tatad (transaction), 3T (loan), 3T (value), o™ (percentage)
X@A® (happened), (WTTF (of country), 3T (news), T® (past),
PEE] (corona), (W (in country), JA®R (has been), IA® (exists),

7.70% SS9 (government), I (closed)

Figure 9. Topic modelling results for Bengali language in Chitrakshara-IL dataset.



Topic Name (English & Telugu)

Poetry & Literature ($Ddo & J2rd50)

Personal Opinions & Social Media
(D580 wDPasren & FPRS WEAT)

Technology & Gadgets (ro8d&e &
™ESen)

General Conversations & Thoughts
(Froroes SOy & e’ Sden)

Movie Reviews & Comments (220
Pgen & Tga5en)

Entertainment & Films (2S¢ &
SRELIV))

News & Government Updates (orgen &
DB DATES0)

Online Services & Verification (308
Do & ¢yRE60)

Politics & Business (cvadairen &
TgFS0)

Sports & National News ($cten &
2O Trgen)

Topic Ratio
(%) Top Words (with Translation)

5 wroeey (like shining), &% Fdabaryabe (inside

icy shadows), §oecies (like a wave), '

et oderS sdTaS o (deep thoughts in my mind),

) (so many), e¢s (qualification), deep, nature,
9.60% g ¢l (there), edsorrSo ¢36 (gold price)

= (my), & (ours), & (this), Do P (posted by

them), D& (something), 378 TS0 (complete

profile), S D) Bdocso (my little world), =°

Q) PDoeeS (to my little world), Bosogerdiod oragody
10.30% (done by Rajyalakshmi), &° (in)

300 (young man), & (D), 423 (display),

eddrreo osrge (Arunachalam Yatra), 88 (with

knife), rxo%6 (processor), D80 (Vishnukanchi),
7.80% g0 (RAM), Qgrew (hymns), seedd»so (Kanipakam)

& (this), e (that), e (said), Do (your), &° (in), oeer
9.10% (very), @& (this), = (mine), §%o (for), o0& (from)

B8 2S00 (screen cinema), suresh_comments,

RAERICES (highlights), sudheer_comments,

comments, January, desk_comments, July, August,
8.70% October

& (this), 245 (movie), &° (in), es (that), & (his/her),
9.40% & (a), Do (film), & (with), S (did), @& (next)

& (this), &ooc (from), &= (Corona), Haeage
(government), =70 (did), @worres (Telangana),
10.10% eso (he), 32 (done), 200d (people), S0 (for)

2 9DFrosen (your opinions), BDoEHocoH

@dgareren (thanks for sharing), sod (please), §8

Badod (click here), Do Hodozeaw (sent to you),

&yDe6es S0 (for verification), es Dotopd (on that link),
8.30% €000 &0 (email), ey (all), 3 (Sri)

days, movies, ez¢5 (budget), politics, &es (South),
orgen (news), hrs (hours), So6s (below), +, e8¢
11.20% (biggest)

&6 (India), news, 22éw (team), 3doew (farmers),

266 (India), &00& (from), Bodase (Team India),

Sorcd (requested), &8 (first), e Desd
9.50% (education happiness)

Figure 10. Topic modelling results for Kannada language in Chitrakshara-IL dataset.




Topic Name (English &
Kannada)

Personal Thoughts & Conversations
(B3N8 80BINW & Sro3)

Regional News & COVID-19 (z3,55e23 &8
& BpedwF-19)

Online Services & User Feedback
(877 FeSnwh & w¥8wad B3 adh)

Family & Daily Life (Benoe & BINZB
2e33)

Music, Yoga & Spirituality (Sofea, odeenrl &
esmééésé)

Politics & Elections (Tozdead & wHresss)

Movies & Entertainment (30381 &
DIBoRS)

Government & National Issues (J350¢3 &
0o ead @abriwd)

Social Change & Awareness (J&5702
30T & wori)3)

Finance & Market Trends (333 &
Treth3ed, B3 Ariw)

Topic Ratio
(%)

9.20%

8.90%

9.50%

8.70%

8.40%

10.10%

9.80%

8.60%

9.30%

7.50%

Top Words (with Translation)

], (our), A, (your), I (my), Fod (1), ey (you),
o) (we), 03 (like that), SIS (to me), Jeed (see), Berd
(how)

833 (Kannada), ehoriwled (Mangalore), dedw
(COVID), mog) (death), moress (Karnataka), e
(district), &pdeD (police), evdhde (Udupi), ooz (state),
S70&%3 (information)

35° (click), doBd~e3,3 (negative), Bodbdes), (please),
Fe30Bp0T3 (if visible), v &e{lc‘ (we filter), c{’)d)@ [ONN
(your opinion), 5833 (if done), AaLESNRFRY, svwow™
(violating rules), ©¥a8des (implemented), S3SBIZ3,
B3;@eBriwv (thanks for expressing)

3, (my), S (father), Sowd (on date), BJ203 (date), B3
(Ani), B3, (small), 2000 (came), @ozo (like that), Foe),h
(four people), 3310 (pictures)

oNed (music), I&S (clarification), S, (Rai), odeert
(yoga), ge3ivd (fields), A3, (daily), @eef (Puneeth),
ne (attention), reedod (Govinda), &9 (Appu)

QS (BJP), me0ri)® (Congress), dgoashaly
(Siddaramaiah), 23oriwec (Bangalore), abh&abeda,
(Yediyurappa), A0 @33R (film screening), Sortsleds
2380803 (in Bangalore theater), S8 (party’s), do0
(CM), &9 (former)

AJSre (movie), Je3 (actor), 83,3 (of the film), 33, (film),
33 (actress), 33ex* (Darshan), 8333 (in the film), 333
(Kannada), P@ (Gowda), 9)&5enwd (fans)

QD3 (against), Beod, (central), I5¢3 (government),
23903 (India), 279833 (of India), 3033 (after), Seed
(Modi), ®edwg3 (said), 3¥3 (last), @odh (today)

DYRYRY, oY (We report news), IS GUBeD
(betterment of society), Bh3 B, Srerhddess (we are
making an effort), A, SwodD3 (placing before you),
ey {,e80dert (when you receive), 80,639 &3 4,680
(encourage & accept), BLVIDTSD Toeeriersed (why
shouldn't we be messengers), 2.%,0b @n@r (for good
news), J379 3TDBRoBT (society has opened up), Fo=)
BFobaEaD (we can grow)

A, (your), Jegd) (you), Kannada, @3¢ (price), read, ©03
(high), 3¥AS (below), 338 @i (Chitradurga), S5eR3d
(does), mef (for)

Figure 11. Topic modelling results for Telugu language in Chitrakshara-IL dataset.




Amou Haji — T &1 T8 7= $HM, ST 72T a1 &1 Tt Jid
TR ATYBI BIE Be 19 Tob TTA b ATYB] ST Tel € T UHT 8 AT & al 3 ATYH] TP Sgal ATl oidT &l
T AT AT & 3MYBT U RF S Amou Haji & SR 9dTd & 18 T 1 9ad 7= S0 g ...

32 ST g8 BICT |1 SIUS! A & dTel oil A g STHA &1 HeT g3l 3R STHT /i @Td & 3R T
U & ToIq oY I ST W A b BT SEIATA BT & Amou Haji 39T e X H A el ...

ATl 2013 § Amou Haji TR Teb STHIHZT Tohed Wi ST 7T &ft fST6esT 719 T “The
Strange Life of Amou Haji’,ﬁ'ﬂﬁ%ﬂzﬁﬁﬁaﬁaﬁlﬁﬁwww ST ATHIOT & Th

Figure 12. Example Interleaved document for Hindi



20O $)X D0 S0rD P ANHAIPQ) BedX TIPS e GotgHr
&c&:mm@aﬂo Q0 28RO HB 9DHPAN. APAHOBO H & LhIrcberds VTS0
€500 POVES ...

202091 D0V AZADO PHODOH. a"glé‘ 2P0 DO H0FEI )
20&0)9) BoerEIIIE. 0SS 2rEvO2 ISP 98 B8R0, ROGAIPS' wrer
BNV o]A) c\a&wéuen

3 DAXT S0 B0 TS @S 09 PO E Se¢h 509 P,
BB S ZOD @5 oD §6§§°§3 S|, 20PBIaeDH 2rdH&E
25TeD 908 e ¥R0. A° BO&AT® DAXTO..

Figure 13. Example Interleaved document for Telugu




Jéam&&.gj S8,0T 23T Fd $02¢Te...7 @d@eﬁééé =RRTB
c?u‘aé.;j (Roti), 2308 @50 )W, g7008¢0dh ©%oTE (Indian Food) 20%% &m0 g7en=ond. DB
BBTTNTO WP Tod) eedzeNT (Dinner), eéméo:bm&

BT AT YOTSIODTN 2,0 2300 Eoedo 30350A. 2,083 ooésdcaOd QTR VT 0T
OINFLRIBA &ae&f@&asmrbm@p, e:acdd S8 TS SR TBOOB Tew3, TR
(Health problem) Q0T ToR)...

DERINY BTT, S, SFe ¥R, AQDYT JT BTRENF, D05
m&mdﬁmd Te@mo0oDE (Harmful chemical) mdmﬁﬁﬁ?m YOOEDTIRBTT.
BO3NBETTO [T, TOJTTT DOTR ﬁéoi:uade

Figure 14. Example Interleaved document for Kannada




Qeupid ellemryeded Qggefour GomLLmj Cagmellsd LuguFLILmET LTHS 61 CuHurLifed eeTidgsl eflig
etev LI rer6lgmfl 2 WFlwi KYng, Uspelupm anser GlwmEasnmb KlLjariss et (0
Splower Seorm Qe leS i aflw wrLsns 2 PUSH @, USlw aerigd aupmiGEDHiser.

Qe Caus g Jlev epemevaefigid s1Gas CoausrB — safluns sadlauminbs et ausgignfl
Qeun) R &S ST lqW SNBTHTES 2_6T6Ng| — LOMID SlWeir: IETE\FT 6ulg CUELDLILITET & 61T
HApliy seuerd Gle@om ...

“‘LJ\H i DY

2 6u1Ted ig) LG Fpiuns G ;EsmHmID 65 1960 NIGame sTarm Sefls s efl
LGS\ &6 aulgauld G. GOlLune Qb wrdlfl, wnaresrfl siger o flevwwmen,
UBST epsvld QleueflLIGs Seorry...

Figure 15. Example Interleaved document for Tamil



i
2D

aean, civi. oo w2 o 4k, ciu, osprii |

KARIMGANJ, ASSAM KARIMGANJ, ASSAM

R B R U R LR LIRS BT (78 NS0 AT SO AF 7 (@I ARE (515 FfB faater
SICRISAEIEE e 7 $5yfq (o154 fowas S U fofestee BfeTaR WA o ST i (5134 fowas wais &t fofdesis!
9T O I Bl e T G3AN STIE 94N 5 O 9T WY F1Q TRATE R0 G7UT SPINE 92 5II14T
g Bl
QAR T ST WTw, SREIG TEINIS i besiens ofs afier as el &
G5! FrforeTs fToqe ST WIST TeTo Yot Bidesid NI oSSt N |
TASITE & T, et fST5ee Wit <A WA 25T FBIRAT wifee |
53 APTIGAFOIT =IO fHfFesT SrIHHR T
zﬁm@thmwﬁmmm
R IE

g ST NTFOE AR 7 @I QS BIesT wreatssia syl
|

IR, et Teafts T4t 93 Wit 1S FHST SfS SRS
SfIiere wIaete o NieeiRIFIT ¥l wie AT 7o e
ol Glaws Sag sfafEfor g 7wl
fofFesies 9 TAERINeR H\ID%? o1 et effoam STars 3 Sfow et

ST ARSI ST |
\mmaﬁmmmwﬁ%w%awﬁ

NS AT I | TOAIS (@G L SNINGS S breene 373 oz

Figure 16. Comparison of the same interleaved document retrieved from mOSCAR against Chitrakshar-IL pipeline



Rank Domain Name # Docs Rank Domain Name # Docs

1 hi.medindia.net 346,395 51 bhopalsamachar.com 77,566

2 hindi.news18.com 320,997 52 tamil.news18.com 76,878

3  zeenews.india.com 307,467 53 india.com 72,341

4 hindi.alibaba.com 278,389 54 originlqaz2wsx-hindi.webdunia.com 71,966

5 amarujala.com 273,655 55 cgkhabar.com 69,293

6 thamilislam.blogspot.com 260,763 56 mpbreakingnews.in 68,935

7 jmi.ac.in 249,841 57 ap7am.com 68,798

8 dbhwd.portal.gov.bd 234,413 58  lion-muthucomics.blogspot.com 68,121

9 esakal.com 226,417 59 mumbailive.com 67,404
10 cpiup.blogspot.com 218,939 60 hi.topwar.ru 64,629
11  patrika.com 216,397 61 newstm.in 62,938
12 hindi.oneindia.com 213,376 62 hi.forvo.com 62,270
13 newsnationtv.com 197,463 63 thejasnews.com 62,063
14 hindi.webdunia.com 177,184 64 asianetnews.com 61,024
15 hindutamil.in 175,280 65 globaltamilnews.net 60,971
16  vikatan.com 174,547 66 khaskhabar.com 60,394
17  jagran.com 166,565 67 naturalfoodworld.wordpress.com 57,818
18 maalaimalar.com 162,471 68 hmtvlive.com 57,770
19  khabar.ndtv.com 158,986 69 hindi.latestly.com 57,677
20 newstracklive.com 153,967 70  specialcoveragenews.in 56,047
21 aajtak.intoday.in 147,650 71 ujjawalprabhat.com 55,647
22 myupchar.com 146,792 72  pravakta.com 55,429
23 bhaskar.com 145,080 73 bn.fanpop.com 55,284
24 aajtak.in 132,935 74  rokomari.com 55,252
25 dailythanthi.com 130,525 75 matrubharti.com 54,751
26 tamil.oneindia.com 127,532 76  tvOhindi.com 54,009
27  livehindustan.com 127,211 77 navodayatimes.in 54,009
28  raji-rajiworld.blogspot.com 125,848 78  pricedekho.com 53,973
29 malayalam.oneindia.com 119,674 79  sharechat.com 53,959
30 kannada.oneindia.com 114,459 80 bharatkhabar.com 53,918
31 gujarati.oneindia.com 108,781 81 hindi.catchnews.com 53,878
32 navbharattimes.indiatimes.com 108,541 82 ek-shaam-mere-naam.in 53,295
33 pustak.org 106,866 83  hindi.asianetnews.com 52,033
34  telugu.oneindia.com 106,284 84  hindi.siasat.com 51,838
35 bengali.oneindia.com 104,611 85 dinamalar.com 51,564
36 anandabazar.com 103,539 86  bsb.portal.gov.bd 51,367
37 lokmat.news18.com 103,088 87 merisaheli.com 50,811
38 wudayavani.com 97,609 88  varthabharati.in 50,529
39 origin-www.amarujala.com 95,979 89 upuklive.com 50,410
40 abpnews.abplive.in 94,350 90 sarita.in 49,967
41  tv9marathi.com 90,914 91 mymahanagar.com 49,775
42 celebrity.astrosage.com 88,193 92 swadeshnews.in 49,474
43 ndtv.in 86,399 93 dw.com 48,642
44 loksatta.com 85,491 94  thewirehindi.com 48,265
45 newstrack.com 84,154 95 earchive.amarujala.com 47,870
46  vivalanka.com 84,075 96 marathi.webdunia.com 47,628
47  prabhasakshi.com 83,619 97 copypastelove.org 46,892
48  hindi.newsbytesapp.com 82,588 98 bansalnews.com 46,508
49  mathrubhumi.com 79,742 99 maayboli.com 45,694
50 m.jagran.com 78,261 100 liveaaryaavart.com 45,218

Table 6. Top 1-50 URL domain names by number of documents Table 7. Top 51-100 URL domain names by number of documents
in Chitrakshara-IL dataset. in Chitrakshara-IL dataset.
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