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Abstract

Linguistic annotation tools that work well for
non-Indic languages (e.g. English, German,
Spanish, etc.) often fail with Indic scripts
due to complex Unicode properties, includ-
ing visual reordering of vowel matras, con-
junct characters, and grapheme clusters span-
ning multiple code points. In this paper, we
present a web-based annotation platform In-
diAnn, designed for low-resource Indic lan-
guages, which uses native browser Unicode
rendering, offset-based storage that preserves
grapheme clusters, and no forced tokenization
in the user interface. The tool supports annota-
tion for tasks such as part-of-speech (POS) tag-
ging, named entity recognition (NER), depen-
dency relation annotation, and semantic role
labelling (SRL), that maintain correct charac-
ter boundaries and enable seamless interoper-
ability with standard NLP pipelines and tools.
The framework is designed for Indic languages
and has been tested on Telugu, Hindi, Tamil,
Malayalam, Bengali, Odia, Marathi, and Kan-
nada, with no script breakage during annota-
tion. To the best of our knowledge, this is the
first ever attempt at building a unified annota-
tion framework (IndiAnn), which covers anno-
tation for such varieties of key NLP tasks, hav-
ing provision for eight Indic languages. The
code repository is made publicly available1.

1 Introduction

Linguistic annotation is essential for building high-
quality datasets for natural language processing,
especially for low-resource languages. Large an-
notated resources such as Universal Dependencies
(Nivre et al., 2016) and shared tasks like CoNLL-
2003 (Sang and Meulder, 2003) highlight the im-
portance of structured annotation for downstream
NLP tasks. However, many languages, particu-
larly Indic languages, still lack sufficient annotated
resources (Joshi et al., 2020; Maji et al., 2025).

1https://github.com/Lavadeep/INDIANN

Most existing annotation tools are designed pri-
marily for languages such as English, German,
Spanish, etc. and assume a simple, linear character
model with fixed tokenization. These assumptions
do not hold for Indic languages, which have more
complex writing systems. Indic scripts present sev-
eral challenges due to their Unicode properties. In
many cases, the storage order of characters dif-
fers from their visual display order, particularly be-
cause of vowel matras and combining marks (The
Unicode Consortium, 2022b; Ansary et al., 2024).
Moreover, what appears as a single character to
the annotator is often composed of multiple code
points forming a grapheme cluster, which is the
more appropriate unit for segmentation in these
scripts (Ansary et al., 2024). As a result, tools
that rely on byte-level or code-point indexing often
produce incorrect offsets, leading to incorrect span
boundaries, cursor misalignment, and broken an-
notation highlighting. These issues directly impact
annotation quality and make it difficult to build re-
liable datasets. Widely used annotation tools such
as WebAnno (Yimam et al., 2013), INCEPTION
(Klie et al., 2018), and Brat (Stenetorp et al., 2012)
do not explicitly address these challenges, as they
are primarily designed for languages with simpler
orthographic structures. In addition, many of these
systems rely on fixed tokenization schemes, which
can incorrectly split or merge units in Indic lan-
guages, especially in the presence of conjunct char-
acters or multi-word expressions.
Existing efforts for Indian languages, such as

the Paninian dependency annotation scheme byBe-
gum et al. (2008) and the ILCIANN tool by Kumar
et al. (2021), are typically designed for specific
tasks and operate over pre-tokenized or structured
text. While effective for large-scale annotation and
linguistic analysis, they do not support direct span
selection over raw text as in tools like WebAnno,
and therefore do not explicitly address character-
level challenges in Indic scripts, such as grapheme

130

https://github.com/Lavadeep/INDIANN


clusters and rendering-order mismatches.
In this paper, we present a web-based annota-

tion platform - IndiAnn, designed specifically for
Indic languages. The system is built around na-
tive Unicode rendering and uses a single canoni-
cal text with offset-based annotation that preserves
grapheme clusters. Unlike traditional tools, it does
not enforce tokenization in the user interface, al-
lowing annotators to select natural linguistic units
directly. The proposed system supports multi-
ple annotation layers, including span-based anno-
tations like POS tagging and NER, relations be-
tween spans, dependency relation annotation, and
semantic role labeling. It accepts input in a variety
of formats, including Plain text, Word documents,
PDF files, and CoNLL-U, enabling flexible data in-
gestion. For interoperability, the system provides
export functionality in JSON format, as well as
CoNLL-U for POS and dependency annotations.
The platform is designed for Indic languages and
has been tested on Telugu, Hindi, Tamil, Malay-
alam, Bengali, Odia, Marathi, and Kannada, ensur-
ing compatibility with diverse scripts and linguis-
tic structures.

2 Related Work

Several annotation platforms have been developed
for linguistic annotation, including WebAnno (Yi-
mam et al., 2013), INCEPTION (Klie et al., 2018),
and Brat (Stenetorp et al., 2012). These systems
support multiple annotation layers and collabora-
tive workflows, and have been widely used to an-
notate documents written in European languages.
More recent tools such as doccano (Nakayama
et al., 2018), and Label Studio (Tkachenko et al.,
2020-2025) provide flexible web-based annotation
interfaces.
Despite their capabilities, these tools are largely

designed with assumptions that align with Euro-
pean languages and simpler writing systems. Prior
work has shown that many NLP tools implicitly
rely on whitespace-based tokenization and linear
character representations, which do not generalize
well to languages with complex scripts (Bird et al.,
2009). This limitation becomes more pronounced
in multilingual settings, where language-specific
properties are often not adequately handled (Ben-
der, 2011).
In the context of Indic languages, several ef-

forts have been made to develop resources and
tools tailored to local linguistic phenomena. Be-

gum et al. (2008) propose a dependency annota-
tion scheme based on the Paninian framework, in-
troducing syntactic-semantic relations suitable for
morphologically rich, free-word-order languages
such as Hindi. Their approach operates over pre-
tokenized and chunked text, where annotations are
defined between predefined units rather than di-
rectly on raw text spans. Similarly, Kumar et al.
(2021) presents ILCIANN, a web-based annota-
tion tool designed to create and manage large-
scale parallel corpora across multiple Indian lan-
guages. The system supports distributed annota-
tion and project management, but restricts annota-
tion to pre-tokenized word-level units.
Initiatives such as the Indian Languages Cor-

pora Initiative (ILCI) (Jha, 2012) and related ef-
forts have contributed significantly to the devel-
opment of annotated datasets and guidelines for
Indian languages. However, these approaches
are often dataset- or task-specific, and their re-
liance on token- or chunk-level annotation ab-
stracts away character-level complexities inherent
in Indic scripts.
When general-purpose annotation tools are ap-

plied to Indic data, several issues arise. Offset
calculations based on bytes or code points can be-
come inconsistent with the visually rendered text,
leading to incorrect span boundaries, cursor mis-
alignment during selection, and broken highlight-
ing. These issues are closely related to Unicode
text segmentation and grapheme cluster handling
(The Unicode Consortium, 2022b,a). Similar chal-
lenges have also been observed in multilingual
NLP settings where script-specific properties are
not properly handled (Joshi et al., 2020).
Conjunct characters and ligatures may be incor-

rectly split, and tokenization methods designed for
Latin scripts often produce inconsistent segmen-
tation for Indic languages. This limitation has
been noted in prior work on Indian language pro-
cessing, where language-specific tokenization and
normalization are required for accurate analysis
(Kunchukuttan, 2020; Bharati et al., 1996). In ad-
dition, many annotation tools enforce predefined
tokenization schemes that do not adapt well to mor-
phologically rich languages (Tsarfaty et al., 2010),
further reducing annotation flexibility.
Overall, existing tools and efforts do not pro-

vide a unified solution that simultaneously handles
Unicode-aware rendering, grapheme-consistent
offsets, and flexible annotation workflows for In-
dic languages. This gap makes it difficult to cre-
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ate high-quality annotated corpora in such settings.
Our work addresses these challenges by designing
an annotation platform that aligns with the prop-
erties of Indic scripts. By using native Unicode
rendering, maintaining a single canonical text, and
avoiding forced tokenization, the system ensures
accurate selection, stable offsets, and consistent an-
notation across multiple layers.

3 Challenges of Indic Script

Indic scripts are composed of grapheme clus-
ters, where a single visible character may con-
sist of multiple Unicode code points. Proper
segmentation, therefore, requires grapheme-level
processing rather than code-point-based indexing
(The Unicode Consortium, 2022b,a; Ansary et al.,
2024). Indic scripts pose inherent challenges that
generic tools do not account for:
Characters visually reorder: Storage order of the
graphemes may not be the same as the display or-
der. Mostly, the vowel signs and combining marks
are stored after the base consonant, but they can be
rendered before, above, or below it. Hence, byte
or code-point indices do not always correspond to
the visually perceived character sequence. For ex-
ample, in Bengali the grapheme ড়া is internally
stored as consonant + nukta + vowel sign, while vi-
sually rendered as a single grapheme cluster with
reordered components.

Figure 1: Example of visual reordering in Bengali
grapheme rendering.

Many glyphs are formed by multiple Unicode
code points: what appears as one “character” (one
grapheme cluster) may be several code points (e.g.
base consonant + nukta + vowel sign, such as Ben-
gali ড়া = ড + ◌় + ◌া). Treating each code point
as a unit breaks selection and alignment.
Vowels attach in multiple positions: Vowel signs
can appear before, after, above, or below the con-

sonant, so a single “character” in the user’s mind
corresponds to a variable-length sequence in mem-
ory.
Segmentation of grapheme clusters is non-
trivial: Identifying user-perceived character
boundaries requires Unicode grapheme cluster
rules; naïve substring or tokenization often splits
or merges them incorrectly.
An annotation tool for Indic languages must

therefore: (1) use a rendering model that respects
Unicode (e.g. native browser rendering); (2) store
and interpret offsets in a single, stable string that
matches what is displayed; (3) avoid forced to-
kenization that could split grapheme clusters or
words incorrectly; and (4) support standard inter-
change formats like CoNLL-U (Nivre et al., 2016)
while preserving correct character boundaries.

4 System Features

Our tool is designed so that Indic text is ren-
dered, selected, and annotated without the issues
described above. The following points summarize
the main design choices.
Native Unicode Rendering The tool uses native
browser Unicode rendering, which fully supports
Indic scripts. It does not rely on a custom or sim-
plified rendering engine; instead, it leverages the
same rendering stack used by modern browsers for
complex web scripts. As a result, issues related to
reordering and ligatures that arise when display or-
der is handled separately from storage are naturally
mitigated.
Accurate Selection and Highlighting The tool

provides accurate text selection and highlighting
for Telugu, Hindi, Tamil, Malayalam, Bengali,
Odia, Marathi, and Kannada across multiple an-
notation views (POS, span-rel, and SRL). After
fetching doc.content, the frontend constructs a
single client-side representation by collapsing con-
secutive whitespace and trimming leading/trailing
spaces, and then derives sentence boundaries using
a punctuation-based sentence segmentation strat-
egy after normalization (with a punctuation-based
fallback otherwise, including Indic sentence termi-
nators). Annotation start/end offsets are computed
against the same representation that is used to ren-
der sentence containers and highlight spans. As a
result, the browser selection ranges align with the
stored offsets used for highlighting, enabling sta-
ble and correct span rendering for Indic text in all
supported layers.
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5 Implementation & Features

Section 4 described the design principles that guide
IndiAnn, particularly its Unicode-aware render-
ing and offset-preserving annotation model. In
this section, we describe the core implementation
choices that realize these principles in practice, the
annotation layers currently supported by the plat-
form, and the architectural flexibility that allows
the framework to be extended to new annotation
tasks while maintaining consistent alignment with
the underlying text.

5.1 Core Implementation Design

Offset Storage and Grapheme Clusters The tool
stores start/end offsets in a single offset space.
All annotations (POS, spans, relations, dependen-
cies) refer to this same string. During rendering,
the client derives sentence containers and high-
light spans using a whitespace-normalized repre-
sentation of the stored content, so offset compu-
tations are performed against the same represen-
tation used for display. Offsets are computed in
a manner that preserves grapheme clusters. Con-
sequently, the substring boundaries used for high-
lighting match the mapped offset ranges, prevent-
ing script breakage due to unintended splitting or
merging of grapheme clusters.
No Forced Tokenization The tool does not im-
pose forced tokenization in the frontend or dis-
play pipeline. Instead of enforcing a fixed token
grid that could split conjuncts or combine unre-
lated units, sentence boundaries are provided by
the backend, but the frontend reconstructs sentence
spans using a lightweight punctuation-based seg-
mentation strategy. Within this structure, users
can select spans corresponding to natural linguistic
units (words, morphemes, or multi-word expres-
sions), thereby avoiding the boundary errors typ-
ical of tokenizers designed for Latin scripts.
CoNLL-U Import/Export and Character
Boundaries CoNLL-U import and export are
supported while maintaining correct character
boundaries. During import, the CoNLL-U file is
converted into a canonical plain-text representa-
tion (e.g., one sentence per line), and token offsets
are recomputed in this representation so that POS
and dependency annotations align with the same
underlying text. During export, annotations are
merged back or generated from this canonical
form. Consequently, CoNLL-U round-trips do
not introduce offset drift or misaligned spans.

Alignment of All Annotation Types All annota-
tion types (POS, spans, relations, dependencies)
are stored using the same start/end offset model
and align precisely with the underlying Indic text.
A single offset space is maintained for the doc-
ument, eliminating the possibility of inconsisten-
cies that arise from separate token-index spaces.
This unified representation ensures that POS tags,
span labels, and dependency arcs remain correctly
aligned with their corresponding character ranges.
Backend: FastAPI (Python) with PostgreSQL for
persistence. Documents are stored with a sin-
gle canonical content string; annotations store
start_offset and end_offset into this string.
Frontend: Static HTML/JavaScript/CSS. The
document content is fetched from the API and ren-
dered in the browser. Before computing sentence
containers and offsets for highlighting, the fron-
tend collapses consecutive whitespace and trims
leading/trailing spaces to ensure a consistent repre-
sentation. Sentence boundaries are derived using a
lightweight punctuation-based segmentation strat-
egy, which includes Indic sentence terminators.
Document Upload: For plain text, the backend
applies language-aware sentence tokenization (e.g.
NLTK (Loper and Bird, 2002) for general lan-
guages, indicnlp (Kunchukuttan, 2020) for Indic
languages: Telugu, Hindi, Tamil, Malayalam, Ben-
gali, Odia, Marathi, and Kannada). The result is
stored as one sentence per line. For CoNLL-U,
the file is parsed; a canonical plain-text form is
derived; and token offsets are recomputed in that
form so that all annotations refer to the same stored
content.
Table 1 summarizes the design choices of Indi-

Ann.

5.2 Supported Annotation Tasks

All annotation layers are represented using a uni-
fied offset-based scheme over a single canoni-
cal text, where each annotation is stored with
start_offset and end_offset, ensuring con-
sistent alignment across layers.
Part-of-speech (POS) Tagging: annotation of to-
kens or spans with grammatical categories such
as nouns, verbs, and adjectives, based on config-
urable tagsets.
NER Tagging and Relation Annotation:

• Spans: generic span annotations just like
NER with configurable labels.
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Choice Description

Canonical text All annotations are defined using character offsets with respect to a single, consistent doc-
ument representation.

Content Immutability The document text is not modified after upload; the same content is retrieved without any
transformation.

Frontend whitespace normaliza-
tion

The frontend collapses consecutive whitespace and trims leading/trailing spaces before ren-
dering and computing sentence/offset positions, ensuring offsets remain consistent with the
displayed representation.

Backend sentence segmentation Sentence segmentation is performed during upload or import; the frontend derives sentence
structure using a lightweight punctuation-based segmentation strategy over normalized con-
tent.

CoNLL-U Alignment During CoNLL-U import, token offsets are recomputed within the canonical text to ensure
alignment of POS and dependency annotations.

Table 1: Design choices of IndiAnn.

• Relations: links between spans or tokens,
supporting relation extraction tasks.

Dependency Relation Tagging: annotation of syn-
tactic head–dependent relations, where each token
is linked to a governing word (head) and assigned
a dependency label; compatible with CoNLL-U
through token and head indices. This task is in-
tegrated within the POS layer (See Figure C.12 of
Appendix C).
Semantic Role Labelling (SRL): annotation of
predicate–argument structures, where arguments
are associated with predicates and represented
using character offsets.
All of these use the same document content and

offset space, so they stay aligned with Indic text
when the pipeline respects grapheme clusters and
avoids forced tokenization.

5.3 Extensibility of Annotation Layers
IndiAnn follows a modular layer-oriented architec-
ture in which each annotation layer is defined by
a task-specific label schema, an offset-based rep-
resentation over canonical text, and lightweight
frontend interaction logic. Since all layers share
the same start_offset/end_offset alignment
model, new annotation layers can be introduced
without modifying the core rendering, storage, or
curation pipeline.
Beyond the currently supported layers the frame-

work can be extended to additional span-level clas-
sification, event annotation, discourse relation la-
beling, coreference annotation, and other struc-
tured linguistic tasks through project-level label
configuration and minor interface extensions.
At present, IndiAnn is best suited for text-

centric annotation tasks grounded in character-
offset spans or relations over canonical text. Tasks
requiring multimodal alignment, deeply nested

graph structures, or specialized preprocessing may
require additional modeling beyond the current im-
plementation.

5.4 Sentence Segmentation and Scalability

Sentence segmentation is performed once at up-
load time. For plain text documents, the back-
end applies language-aware sentence tokenization
(e.g., NLTK for non-Indic languages and the In-
dic NLP Library for Indic languages), then joins
the resulting sentences using newline characters to
form a canonical string. For CoNLL-U documents,
each sentence block is converted into a canonical
plain-text form by representing it as a sequence
of whitespace-separated tokens. Token offsets are
then recomputed over this representation to ensure
alignment with the underlying text.
Upon retrieval, the API returns this canonical

content; when it is already sentence-separated,
the frontend derives sentence containers using
punctuation-based segmentation over the normal-
ized text. If newline segmentation is not available,
the frontend uses a lightweight punctuation-based
heuristic to derive sentence spans for rendering and
offset mapping.
Because sentence boundaries are encoded as

lightweight newline delimiters and annotation off-
sets are defined over a single immutable string, the
system scales linearly with document length and
annotation count. Rendering and interaction pri-
marily involve substring operations and span in-
sertions, which maintain responsiveness even for
relatively large documents.

5.5 Sparse and Incremental Annotation

The tool supports sparse and incremental annota-
tion. Annotators are not required to label every to-
ken or span in a document; instead, they can focus
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on selected regions (e.g., complex constructions or
specific phenomena) and extend coverage in sub-
sequent passes. All annotation layers (POS, spans,
relations, dependencies, SRL) are stored indepen-
dently as records keyed by document ID and char-
acter offsets into the canonical text. As a result,
additional annotations can be introduced without
modifying or recomputing existing ones, enabling
efficient incremental annotation workflows while
preserving offset consistency.

Figure 2: Workflow Diagram for Annotator

5.6 Three-Tier Management
The platform supports a collaborative annotation
workflow with distinct roles. The graphical user
interface can be described as three role-oriented
views: (i) an annotation view for annotators, (ii)
a curation view for curators to resolve conflicts
and consolidate decisions, and (iii) an administra-
tion view to configure projects, labels, and mem-
bership.

Annotator Annotators perform primary annota-
tion on assigned documents. In the annotation
view, the user is presented with the document text
rendered using native Unicode support and a com-
pact control panel for labeling actions. Annotation
is performed directly on the text: the annotator se-
lects a span and assigns a label; the tool stores
start/end offsets relative to the canonical document
content, ensuring that selections remain stable for
Indic grapheme clusters. The annotator’s work-
flow is visualized in the Figure 2.
Typical annotator actions include:

• Labeling: Apply labels by selecting text and
choosing a label from the available tagset.

• Deletion and correction: Delete incorrect
annotations (including, where applicable, as-
sociated dependent structures such as SRL

roles attached to a deleted predicate) and re-
annotate the corrected span. The system does
not currently support direct in-place editing
of annotations; corrections require manual re-
selection of the span (Figure 3).

• Multi-layer annotation: Work across multi-
ple layers (POS, spans/entities, relations, de-
pendencies, SRL) over the same canonical
text, depending on the project configuration.
It is displayed in Figure 4.

• Export: After annotations are done, the an-
notated file can be exported using standard
formats like JSON (See Figure B.5 of Ap-
pendix B) and CoNLL-U (See Figure B.6 of
of Appendix B) for dependency/POS work-
flows where applicable.

• Progress control: There is a provision of
progress control to mark documents as com-
plete to reduce accidental edits.

Curator Curators validate, resolve conflicts,
and build a higher-quality consensus layer over an-
notator submissions. The curation view aggregates
all annotations that share the same (start, end)
span and summarizes them by label. For exam-
ple, the same highlighted word or span might have
been annotated as noun by five annotators and as
verb by three annotators. For each competing la-
bel, the interface provides explicit curation actions
(approve/reject), allowing curators to record a deci-
sion at the level of label groups rather than inspect-
ing annotations one by one. Curation itself is only
made available once all assigned annotators have
locked (marked as completed) their work for a doc-
ument; this gating is configured and monitored by
the admin role. The curation workflow is visual-
ized in the Figure 5. This figure shows a curation
tab of an NER layer (Figure 6)
Typical curator actions include:

• Conflict inspection: view all labels pro-
posed by different annotators for the same
(start, end) span.

• By-label breakdown: inspect per-label vote
counts for a span (e.g., noun: 5, verb: 3),
making disagreement patterns immediately
visible.

• Approve/reject per label: for each compet-
ing label group (e.g., noun and verb), use ded-
icated Approve and Reject buttons to accept
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Figure 3: SRL Annotation tab of an Annotator. The document is written in Telugu. The orange coloured box is a
predicate while the blue boxes are roles.

Figure 4: A Snapshot showing provision of multi-layer
annotation

or discard that label for the current span; this
yields a curated consensus decision.

• Quality control: identify systematic prob-
lems (e.g. recurrent boundary mistakes) and
correct them while keeping the canonical text
fixed.

• Error-focused refinement: operationalize
script-induced issues (offset/boundary errors)
as explicit curation decisions.

Admin Admins configure projects and manage
users and resources needed to run annotation cam-
paigns. The administration view supports creating
projects, defining label sets, assigning user roles,
and managing documents and exports. Figure A.1
(Appendix A) shows the admin dashboard of Indi-
Ann. Typical admin actions include:

• Project setup: create projects and configure
which annotation layers are enabled (e.g. POS
vs. Span-Relation vs. SRL). See Figure 4.

• Label management: define the permitted la-
bels/tagsets per project and update them as
guidelines evolve. See Figure A.2 of Ap-
pendix A.

Figure 5: Workflow Diagram for Curator

• User and role management: add users
to projects and assign roles (annota-
tor/curator/admin). See Figure A.3 of
Appendix A.

• Document management: upload docu-
ments (Plain Text/ CoNLL-U/Word docu-
ment/PDF), monitor progress, and manage
exports.

• Completion locks: monitor whether annota-
tors have locked (completed) a document, and
if needed, reverse/unlock a lock to allow fur-
ther edits (e.g., after guideline updates or de-
tected errors). See Figure A.4 of Appendix
A.

• Curation gating: enforce or configure the
policy that curation starts only once all as-
signed annotators have locked their work, so
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Figure 6: NER Curation tab of a Curator. The document is written in Hindi Language.

Figure 7: Workflow Diagram for Admin

curators can curate a stable snapshot of anno-
tations.

• Governance: enforce workflow policies ap-
propriate for a dataset (e.g. completion locks,
curation requirements) and maintain trace-
ability of campaign progress.

The typical workflow for admins is presented in
Figure 7.

6 Linguistic Coverage

The tool is designed for low-resource Indic lan-
guages, including Telugu, Hindi, Tamil, Malay-
alam, Bengali, Odia, Marathi, and Kannada. More
generally, it supports scripts that follow standard
Unicode encoding and use explicit whitespace for
word delimitation. This design makes the platform
applicable tomost Indic scripts used in Indo-Aryan
and Dravidian languages, in which grapheme clus-
ters align with user-perceived character units and
can be handled reliably via native rendering and
offset-based annotation. However, linguistic phe-
nomena that obscure word boundaries (e.g., sandhi
or compounding) may require additional handling
beyond the current design.

Although IndiAnn was developed primarily for
Indic languages, its design is not restricted to In-
dic scripts. By relying on native Unicode render-
ing, grapheme-consistent offset storage, and direct
span selection over canonical text, the framework
can support other complex scripts as well. In pre-
liminary experiments, we observed stable render-
ing and annotation behavior for Arabic and Urdu,
suggesting that extending IndiAnn to additional
Unicode-compliant scripts would require minimal
changes beyond language-specific preprocessing
such as sentence segmentation.

7 Error Mitigation

IndiAnn is designed to reduce annotation errors
that arise when software assumptions about text
representation do not align with the properties of
Unicode-complex scripts. By relying on native
Unicode rendering, preserving annotations in a sin-
gle canonical offset space, and avoiding forced to-
kenization in the annotation interface, the frame-
work minimizes cursor-offset mismatch, broken
span boundaries, and annotation inconsistencies
caused by grapheme fragmentation

8 Conclusion

We have proposed an annotation platform
(IndiAnn), built for low-resource Indic languages.
The key features of this framework are: (1)
reliance on native Unicode rendering and a single
canonical text with offset-based annotations
that preserve grapheme clusters; (2) no forced
tokenization in the user interface, avoiding script
breakage. Together, these properties allow accu-
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rate selection, highlighting, and export for Telugu,
Hindi, Tamil, Malayalam, Bengali, Odia, Marathi,
and Kannada, addressing the limitations of tools
that are built mainly for European scripts and
that suffer from vowel matra reordering, conjunct
handling, multi-byte Unicode, and tokenization
errors. IndiAnn supports annotation for four
different tasks such as POS tagging, NER, De-
pendency Relation extraction and Semantic Role
Labeling. This framework would be the stepping
stone towards seamless annotation experience for
low-resource Indic Languages.

Limitations

While the proposed platform is designed to sup-
port annotation for low-resource Indic languages,
our framework has a few limitations. First, the
proposed framework supports multiple annota-
tion layers, but they are handled within a shared
workspace, which may increase interface complex-
ity and cognitive load in multi-layer projects. Sec-
ond, the framework assumes a stable preprocess-
ing pipeline for sentence segmentation and off-
set alignment. Changes in preprocessing may af-
fect consistency and require careful version con-
trol. Third, while the platform handles Unicode-
level complexities such as grapheme clusters and
rendering across Indic scripts, it does not explic-
itly address linguistic phenomena such as sandhi
and compounding (samās) yet, wheremultiple lexi-
cal units are realized as a single orthographic word.
In such cases, boundaries required for annotation
may not align with whitespace-delimited tokens,
potentially limiting fine-grained annotation. Han-
dling such cases is our immediate future work.
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Appendix
A Provision of Admin

Figure A.1: A snapshot of Admin Dashboard

Figure A.2: A snapshot of label management provision
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Figure A.3: A snapshot of role management provision

Figure A.4: A snapshot of lock management provision
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B File Export Format

Figure B.5: Exported JSON file of an SRL-annotated document. The document is written in Telugu language.
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Figure B.6: Exported CoNLL-U file of a POS annotated document. The document is written in Bengali language.
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C Sample Snapshots of IndiAnn

This section contains images of documents annotated using POS tags for the supported languages.

Figure C.7: POS Annotated Odia document

Figure C.8: POS Annotated Tamil document

Figure C.9: POS Annotated Bengali document
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Figure C.10: POS Annotated Malayalam document

Figure C.11: POS Annotated Kannada document

Figure C.12: Dependecy tagging of an odia Document
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