IndicDetect: Evaluating Cross-Lingual LLLM-Generated Text Detection
for Hindi, Telugu, and Tamil

Bhaskar Ganesh Devalla'*  Junchao Wu'*

Tatiana Muniz Rodriguez'

Lidia S. Chao'

Nilesh Dokuparthi> Greeshma Yaluru®

Derek F. Wong' "

INLP2CT Lab, Faculty of Information Science and Computing, University of Macau
2Department of Applied Computer Science, SRH University, Germany
3Populus Group, Pittsburgh, United States of America
nlp2ct.{bhaskarganeshdevalla, junchao,tatiana}@gmail.com

{derekfw,lidiasc}@um.edu.mo

Abstract

The rapid proliferation of LLMs has further
heightened the need to develop dependable Al-
generated text detection, especially beyond En-
glish. Nevertheless, current benchmarks pay
little attention to Indic languages and test de-
tectors in idealized settings that do not rep-
resent the real world. We present a general-
ized benchmark for Al-generated text detec-
tion in Hindi, Telugu, and Tamil, which we
call IndicDetect, designed to assess the ro-
bustness of detectors under realistic distribu-
tion shifts. IndicDetect comprises highly cu-
rated human-written texts matched with LLM-
generated counterparts across various domains
and generators, and systematically evaluates
detectors in the presence of domain shift, gen-
erator shift, and adversarial perturbation. Us-
ing a single and repeatable evaluation scheme,
we evaluate a wide range of statistical and neu-
ral detectors. We find substantial robustness
failures: supervised neural detectors perform
well in-distribution, while training-free meth-
ods degrade considerably under unseen gen-
erators and adversarial attacks. The severity
of these failures varies across languages, with
Hindi exhibiting the largest overall degradation
under adversarial perturbations. These results
highlight that the primary weakness of exist-
ing detectors in Indic settings lies in their ro-
bustness, not in their peak accuracy. IndicDe-
tect provides standard data splits, an evaluation
protocol, and baselines to establish a robust,
language-aware foundation for Al-generated
text detection in Indic scripts.’

1 Introduction

Large language models (LLMs) have gained
widespread popularity for producing coherent and
fluent text in various applications, raising concerns
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about plagiarism, misinformation, and misuse (Ip-
polito et al., 2020). This has led to the devel-
opment of reliable Al-generated text detection as
an active research area (Wu et al., 2025a). Al-
though current research has sought to advance this
field, available benchmarks and evaluations are
predominantly English-centric and are often con-
structed under idealized conditions that do not re-
flect real-world application contexts (Wu et al.,
2025b). These limitations are especially severe for
Indic languages such as Hindi, Telugu, and Tamil
(Goyal et al., 2022), which possess distinct linguis-
tic characteristics and are underrepresented in ex-
isting detection standards. Furthermore, detectors
that perform well under matched conditions repeat-
edly fail under domain shifts, unseen generators,
or adversarial perturbations, casting doubt on their
robustness and real-world reliability. To address
these gaps, we propose IndicDetect, a benchmark
for Al-generated text detection in Hindi, Telugu,
and Tamil, designed to evaluate detector robust-
ness under realistic distribution shifts. IndicDe-
tect pairs carefully curated human-written texts
with LLM-generated counterparts across multiple
domains and generators, and evaluates a range
of statistical and neural detectors under a single
reproducible protocol. Our findings show that
robustness, rather than the highest accuracy in-
distribution, is the primary limitation of current
detectors in Indic languages. Robustness failures
vary substantially across languages and evaluation
conditions, with Hindi showing the greatest overall
vulnerability to adversarial perturbations.

2 Related Work

LLMs have transformed natural language pro-
cessing by generating fluent, coherent, and
contextually relevant text across diverse domains.
However, this capability introduces significant
risks: LLM-generated text can be exploited for

18683

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 18683-18731
October 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/NLP2CT/IndicDetect
https://github.com/NLP2CT/IndicDetect

Name | Size | Langs | Multi-Domain | Multi-Generator | Adversarial | Indic
TuringBench (Uchendu et al., 2021) | 200k EN

RuATD (Shamardina et al., 2022) 215k RU

HC3 (Guo et al., 2023) 26.9k EN/ZH

MGTBench (He et al., 2024) 2.8k EN

MULTITuDE (Macko et al., 2023) 74.1k Multi
AuText2023 (Sarvazyan et al., 2023) | 160k EN/ES
M4 (Wang et al., 2024) 122k Multi
CCD (Wang et al., 2023) 467k EN

IMDGSP (Mosca et al., 2023) 29k EN

HC-Var (Xu et al., 2023) 145k EN
HC3 Plus (Su et al., 2023b) 210k EN/ZH
MAGE (Li et al., 2023) 447k EN

HC3-French (Antoun et al., 2023) 54k FR

DetectRL (Wu et al., 2025d) 1.4M EN
RAID (Dugan et al., 2024) 6.2M EN
DetectRL-X (Wu et al., 2026) 3.46M Multi

IndicDetect (Ours)

| 84k | HUTE/TA |

N R N N N R R NN
NI N N A R N N R NN
NSNS SN X XXX XXX\ %X XX
N> > 3% 3% X ™ X XXX XXX XXX

Table 1: Comparison of Al-generated text detection benchmarks across domain generalization, generator general-
ization, adversarial robustness, and language coverage. IndicDetect is the only benchmark targeting Indic scripts

while supporting all evaluation axes.

plagiarism, the spread of factual misinformation
in journalism, or the automation of propaganda on
social media (Wu et al., 2025d). The increasing dif-
ficulty of manually distinguishing LLM-generated
from human-written text makes automated detec-
tion a pressing research priority, particularly as
LLM-generated content increasingly permeates
low-resource and morphologically rich lan-
guages. To address these threats, researchers have
developed supervised classifiers and zero-shot sta-
tistical detectors (Mitchell et al., 2023; Wu et al.,
2025¢; Chen et al., 2025). While these methods
perform well under controlled conditions, their
effectiveness degrades substantially when applied
to noisy or domain-shifted data. DetectGPT, for
instance, exploits probability curvature to identify
machine-generated text, but fails when the text is
paraphrased or adversarially perturbed, revealing
a fundamental gap between research prototypes
and practical deployment. To measure progress
systematically, several benchmarks have been
established, including TuringBench (Uchendu
et al.,, 2021), MGTBench (He et al., 2024),
MULTITuDE (Macko et al., 2023), MAGE (Li
et al., 2023), and M4 (Wang et al., 2024). These
benchmarks compare detectors across domains,
LLMs, and languages and provide useful reference
points. Nevertheless, they are largely idealized
in their construction: machine-generated and
human-written texts are kept in clean, separate
pools, without accounting for human editing,

noise, or adversarial interference. As a result,
detectors that succeed on these benchmarks often
fail to generalize to real-world settings. A compar-
ative summary of existing benchmarks and their
limitations is provided in Table 1. RAID (Dugan
et al., 2024) pushes detector robustness evaluation
further with a large-scale benchmark of over six
million LLM-generated texts spanning multiple
models, topics, and decoding strategies, revealing
that most existing detectors operate reliably only
under narrow conditions and break under even
minor surface edits. DetectRL (Wu et al., 2025d)
provides a realistic evaluation of Al-generated text
detection across multiple domains, generators, text
lengths, and adversarial conditions, demonstrating
that most zero-shot detectors fail substantially
under paraphrasing, perturbations, and domain or
model shifts, while supervised classifiers achieve
stronger results. A recent multilingual extension,
DetectRL-X (Wu et al., 2026), broadens coverage
to eight languages spanning English, Chinese,
Spanish, Arabic, French, Russian, Portuguese,
and German, yet still covers no Brahmic-script
language, leaving Hindi, Telugu, and Tamil unad-
dressed. Concurrent efforts such as the Counter
Turing Test (Chakraborty et al., 2023) and Text
Guardian (Shaik et al., 2025) target Hindi news
detection in a monolingual setting. IndicDetect
extends this line of work to three Indic languages,
four domains, and Brahmic-script adversarial per-
turbations (Table 1). Unlike DetectRL (Wu et al.,
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2025d), IndicDetect introduces script-specific per-
turbations targeting Brahmic tokenization patterns,
evaluates multiple Indic languages under identical
settings to isolate cross-language robustness
gaps, and enforces monolingual, script-constant
evaluation. These distinctions make IndicDetect a
uniquely positioned resource for advancing robust
Al-generated text detection in morphologically
rich Indic languages and related scripts.

3 IndicDetect

IndicDetect is a comprehensive benchmark de-
signed to evaluate LLM-generated text detection
in Hindi, Telugu, and Tamil (Goyal et al., 2022)
under realistic and challenging conditions. It is
built on a multi-domain, multi-generator, multi-
task, multi-detector evaluation pipeline (Figure 1),
comprising carefully screened human-written texts
across four domains (academic, news, creative,
and movie reviews) and texts generated by mul-
tiple LLMs using controlled inputs. All sam-
ples undergo identical preprocessing, tokeniza-
tion, fixed splits, and uniform scoring to en-
sure reproducibility, with AUROC and Macro-F1
as the primary evaluation metrics. The bench-
mark evaluates detectors under six task settings:
In-Distribution (In-Dist.), In-Distribution Domain
(In-Dist.(Dom.)), In-Distribution Generator (In-
Dist.(Gen.)), Multi-Domain (M-Domain), Multi-
Generator (M-Generator), and Multi-Attack (M-
Attack), enabling systematic testing of generaliza-
tion across domains, LLMs, and adversarial sce-
narios. Robustness is further challenged through
meaning-preserving adversarial attacks such as
paraphrasing, perturbations, and character-level
noise. IndicDetect evaluates both zero-shot sta-
tistical detectors (e.g., Log-Likelihood, Log-Rank,
LRR, Fast-DetectGPT (Bao et al., 2024), Binoc-
ulars (Hans et al., 2024)) and supervised neural
detectors (e.g., XLM-RoBERTa Base/Large (Con-
neau et al., 2020)), reporting results per language
and aggregated across all evaluation settings. By
leveraging monolingual, script-constant data and
realistic stress tests, IndicDetect addresses critical
gaps in Indic Al-generated text detection and pro-
vides a strong foundation for language-aware and
robust detector evaluation and benchmarking.

3.1 Dataset Construction

The IndicDetect benchmark is constructed from
a carefully curated collection of human-written

and LLM-generated texts in Hindi, Telugu, and
Tamil (Kunchukuttan et al., 2020). It is de-
signed to represent real-world language use across
multiple domains while providing strict licens-
ing and reproducibility guarantees (Dodge et al.,
2021). All human-written data are drawn ex-
clusively from freely accessible, clearly licensed
sources (Kreutzer et al., 2022) and are divided into
training and test splits for reproducibility.

Human-Written Data Collection For Telugu,
human-written documents are collected from con-
temporary online sources. These include Google
News? for news articles, 123Telugu® for movie re-
views, the Auchithyam Telugu Journal* for peer-
reviewed academic writing, and Telugu Patala
Lyrics® for public-domain creative texts.

For Hindi, Google News® serves as the source
for news articles, the ITHR Journal’ provides aca-
demic texts, a curated corpus of public-domain
poetry PDFs® (comprising Sharafath Nahi Mili,
Sahodara Kavya Mala, Jeevan Mag, Vedan-
thasaraha, Kumar Mukul Poems, Navarang Bhaan
by Mahitha Mishra, and Pandemic Poems) rep-
resents popular creative writing, and Bollywood
Hungama’ provides film-related opinion texts.

For Tamil, human-written texts are drawn from
four domain-representative sources. News articles
are collected from major Tamil news portals,'® cov-
ering Tamil Nadu, national, and international re-
porting. Movie reviews are sourced from dedi-
cated Tamil cinema review platforms,!!' yielding
opinionated, domain-specific prose. Academic
texts are drawn from the Tamil Virtual Academy!?
and Project Madurai,'? spanning disciplines such
as linguistics, history, science, and philosophy. Fi-
nally, creative writing samples are collected from
established Tamil literary portals,'* representing

2https://news.google.com/home?h1=te&gl=IN&ceid=IN:te
3https://www.123te1ugu.com/
4https://auchithyam.com/advanced/latest/index.php
5https://telugupatalalyrics.blogspot‘com/
6https://news.google.com/home?h1=hi&gl=IN&ceid=IN:hi
7h‘t\:ps ://www.hindijournal.com/

8https://www.selfstudys.com/books/ncert—books—pdf/
hindi/class-7

9https://www.bollywoodhungama.com/

10Including Dinamalar (https://www.dinamalar.com/), Maalaimalar
(https://www.maalaimalar.com/), The Hindu Tamil (https://tamil.
thehindu.com/), and BBC Tamil (https://www.bbc.com/tamil).
11Including Vikatan (https://www.vikatan.com/), Galatta (https:
//www.galatta.com/), Indiaglitz (https://www.indiaglitz.com/), and
Behindwoods (https://behindwoods.com/).
12https://www.tamilvu.org/
13https://www.projectmadurai.org/

14Including Kavithaikal ~(https://www.kavithaikal.com/) and
Tamilkavithai (https://www.tamilkavithai.com/).
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@ GPT-41
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%y Qwen-Plus

@ Statistical (5)

(@R
(&) Neural 3)
@ DeepSeek-v3.2 -

{

6 Evaluation Settings

In-Distribution
Whole Language
All Domains + All LLMs

Multi-Generator
Cross-LLM Transfer

Multi-Domain
Cross-Domain Transfer

2

In-Distribution-Generator
Train LLM - Test Single
Generator-Specific Testing

Adversarial Attack
Robustness Testing
Perturbed Al Text

In-Distribution-Domain
Train All » Test Single
Domain-Specific Testing

¥

8 Detection Methods

Neural-Based Methods (3)
* X-RoBERTA-Base
* X-RoBERTA-Large
* Qwen 2.5 - 7B (Fine-Tuned)

Statistical-Based Methods (5)
¢ Log-likelihood

Log-Rank

LRR

FastDetectGPT

Binoculars

7 Adversarial Attacks

1antic / Lexica i Character-Level Edits } Structural Edit
. Paraphrase(chinesepivotlé e Perturbation A Whitespace

P SR i Misspelling : o Insert paragraph
¢ * Alternative spelling :

Evaluation Metrics

JIII. AUROC + Macro-F1 across all settings, methods, and attacks

Figure 1: Overview of IndicDetect. We curate human-written texts in three Indic languages (Hindi, Telugu,
and Tamil) across four domains and pair them with LLM-generated counterparts from GPT-4.1, Qwen-Plus,
and DeepSeek-v3.2. Detectors are evaluated under six settings: In-Distribution, In-Distribution-Domain, In-
Distribution-Generator, Multi-Domain, Multi-Generator, and Multi-Attack. To probe robustness, we apply realistic
adversarial attacks organized into three families: semantic and lexical rewrites (paraphrasing and synonym substi-
tution), character-level edits (perturbation, misspelling, and alternative spelling), and structural edits (whitespace
and paragraph insertion). Performance is reported using AUROC and Macro-F1 across eight detectors spanning
statistical methods (Log-Likelihood, Log-Rank, LRR, Fast-DetectGPT, and Binoculars) and neural methods (XLM-
RoBERTa-Base, XLM-RoBERTa-Large, and a fine-tuned Qwen 2.5-7B).

both contemporary and classical verse. All Tamil
samples are restricted to texts published before
2022 to prevent temporal contamination with the
LLM-generated counterparts and ensure validity.

LLM-Generated Data LLM-generated text is
produced using large language models (Brown
etal., 2020) under conditions that reflect real-world
usage. All models are accessed via their official
APIs or verified local endpoints, and model iden-
tifiers, versions, and access paths are recorded.
Across all generators, we fix the decoding temper-
ature to 0.9 and constrain the generation length to
400-450 tokens, while retaining provider-default
values for the remaining decoding parameters. All
prompts, model versions, and generation meta-
data (Dugan et al., 2024) are logged to support
reproducibility. Text generation employs domain-
specific prompts designed to produce realistic
stylistic variation (Guo et al., 2023). Formal,
research-style prompts are used for academic texts;
event descriptions or concise summaries are used

for news; open-ended narrative prompts are used
for creative texts; and opinion-oriented prompts
(Wang et al., 2024) are used for movie reviews to
encourage analytical expression. Variation across
descriptive, analytical, and narrative prompt struc-
tures ensures that the generated corpus reflects
the functional and stylistic diversity (Ahuja et al.,
2023) of Hindi, Telugu, and Tamil in practice.

To ensure LLM-generated samples are not
trivially distinguishable from human-written text,
we adopt a dynamic prompt generation strategy.
Static, fixed-template prompts introduce artificial
regularity into generated outputs. For instance,
nearly all LLM-generated academic samples in
Telugu begin with near-identical introductory sen-
tences, allowing detectors to exploit surface-level
repetition rather than learning genuine human—Al
distributional differences. Instead, we extract
four domain-representative keywords from each
human-written sample and prompt the LLM
to generate a corresponding sample grounded
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in those keywords, semantically anchoring each
generated sample to its human-written counterpart.
The complete prompt pipelines for Hindi, Telugu,
and Tamil are provided in Tables 22, 21, and
23. This ensures that observed benchmark scores
reflect real-world detection difficulty rather than
an artifact of generation regularity.

Preprocessing and Quality Control All col-
lected documents pass through a standardized
preprocessing pipeline consisting of Unicode
normalization, removal of boilerplate and naviga-
tion artifacts, and strict monolinguality filtering
(Caswell et al., 2020) to exclude code-mixed
text. High-quality textual fragments are then
extracted and deduplicated across splits using a
combination of n-gram overlap (Lee et al., 2022)
and embedding-based similarity filtering. Each
text sample is annotated with source metadata,
including its URL or document identifier and the
date of access, ensuring auditability (Dodge et al.,
2021) and long-term reproducibility. Specifically,
all texts undergo NFC-level Unicode normaliza-
tion across Hindi (Devanagari), Telugu, and Tamil
scripts before further processing. Boilerplate and
navigation artifacts are removed using regex-based
heuristics targeting menu strings, pagination
tokens, and URL fragments in scraped HTML
content. Samples with more than 5% of tokens out-
side the target script Unicode block are discarded
to enforce monolinguality. Deduplication is per-
formed using 5-gram Jaccard overlap (threshold
0.7), followed by multilingual embedding cosine
similarity (threshold 0.85), applied separately
across splits to prevent data leakage.

Adpversarial Attack Generation To evaluate de-
tector robustness under realistic conditions, all
LLM-generated samples are subjected to adversar-
ial attacks designed to mimic the kinds of surface-
level modifications a user might apply to evade de-
tection. Unless otherwise specified, all attacks are
carefully designed to preserve the original seman-
tics and gold labels, ensuring that the detection task
itself remains valid. These attacks specifically tar-
get the orthographic and morphological properties
of Brahmic scripts, making them particularly rele-
vant for Hindi, Telugu, and Tamil. A detailed anal-
ysis of each attack type is presented in Section A.6.

Paraphrase Attacks are carried out via back-
translation (Original—Chinese—Original) to pro-
duce semantically equivalent rewrites (Sennrich

etal., 2016). Natural lexical and syntactic variation
is introduced while preserving meaning, thereby
challenging detectors that rely on local likelihood
or textual-stability indicators in robust ways.

Perturbation Attacks apply random character-
level deletions (at a rate of 50% for all lan-
guages).  These perturbations respect script-
specific grapheme-cluster structure, introducing a
small amount of noise that disrupts (Dugan et al.,
2024) tokenization while having minimal impact
on readability or human comprehension across di-
verse linguistic contexts in most cases.

Whitespace Addition Attacks introduce ran-
dom whitespace insertions (Dugan et al., 2024)
and deletions (approximately 20%) to break sub-
word and token boundaries. These target tokenizer-
sensitive likelihood cues while maintaining human
readability and text coherence across languages.

Insert-Paragraph Attacks distort local coher-
ence by injecting (Dugan et al., 2024) neutral para-
graphs drawn from the same source domain, while
leaving the original label unchanged. This probes
detectors that rely on surface continuity or short-
range discourse cues without altering meaning.

Alternative Spelling Attacks substitute tokens
with orthographically equivalent forms drawn
from curated, language-specific dictionaries
(Dugan et al., 2024) (e.g., optional diacritics and
script-internal alternations). These replacements
preserve meaning while introducing realistic
orthographic variation and typographic diversity.

Misspelling Attacks introduce low-rate, realis-
tic typographical errors using manually compiled,
language-specific dictionaries (e.g., keyboard-
proximity errors and common character omis-
sions). These replacements (Dugan et al., 2024) do
not compromise readability but disrupt likelihood-
and rank-based detection signals quite effectively.

Synonym Swap Attacks substitute content
words with POS- and lemma-balanced near-
synonyms, leaving sentence meaning intact while
(Dugan et al., 2024) varying lexical choice. Sub-
stitution dictionaries are built from Hindi, Telugu,
and Tamil lexical resources containing human-
annotated synonym pairs, probing detectors that
exploit surface-level word preferences.

Attack Dictionary Construction. To build the
dictionaries required for the Alternative Spelling,
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Misspelling, and Synonym Swap attacks, we lever-
aged a large language model to automate and scale
the construction process across all three languages.
Rather than manually crafting each entry, we first
extracted the most frequent and linguistically rep-
resentative keywords from the dataset samples, en-
suring that the dictionaries remained grounded in
the actual language patterns present in the data.
These keywords were then used to prompt the
LLM to generate comprehensive substitution lists
(Dugan et al., 2024) for each attack type. For Al-
ternative Spelling, the model produced culturally
and regionally varied spellings of the same terms.
For Misspelling, it generated plausible typograph-
ical and phonetic errors that a human writer might
realistically make. For Synonym Swap, the model
provided semantically equivalent substitutions that
preserved the original meaning while altering the
surface form of the text. This approach enabled
us to construct rich, diverse, and linguistically co-
herent dictionaries at a scale that would have been
impractical to achieve through manual annotation
alone. With these attacks defined, we describe the
six evaluation settings in Section 3.2.

Corpus Statistics and Evaluation Splits The
resulting corpus contains approximately 23.50
million tokens across the three languages, as
summarised in Table 2. For each evaluation
setting, standardised splits of 500 training and
500 test samples ensure balanced and comparable
evaluation (Gorman and Bedrick, 2019) across
detectors, with all samples containing at least 400
tokens to minimise variance from short or frag-
mentary inputs. Results are reported per language
and macro-averaged over domains, generators,
and attack types (Hu et al., 2020). To further
validate corpus quality, we conduct a linguistic
feature analysis using IndicBERT (Doddapaneni
et al., 2023); full results are presented in Table 10.

3.2 Experiment Settings

We evaluate detectors under six complementary
settings, each targeting a distinct generalization as-
pect. To stress-test robustness beyond clean gen-
erations, we incorporate seven adversarial attacks
(Dugan etal., 2024) applied exclusively at test time,
each adapted for Hindi, Telugu, and Tamil scripts.

In-Distribution This setting measures detector
performance under perfectly matched train-test
conditions, providing an upper-bound estimate
prior to any distribution shift (Dugan et al., 2024).

Supervised detectors are trained on the ID-train
split, while zero-shot detectors calibrate only the
decision threshold on the development split. Strat-
ified splits balance topics, prompts, models, and
lengths across all experimental conditions.

= Human-Written LLM-Generated
Hindi Tamil Telugu Overall
=575 n=4.0k

4=589 n=4.0k =576 n=5.0k

4.0k
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Figure 2: XLM-RoBERTa token length and MATTR
(w=>50) distributions for human vs. LLM texts in Hindi,
Tamil, and Telugu. (A) Benchmark data. (B) Adversarial at-
tack data.

In-Distribution Domain This setting isolates
domain sensitivity by evaluating each domain sep-
arately (Guo et al., 2023) (news, academic, review,
and creative), revealing detector generalization
across domains. Supervised detectors are trained
on all domains for a given language, while zero-
shot detectors calibrate only the decision thresh-
old on the development split. Performance differ-
ences quantify within-language domain sensitivity
for Hindi, Telugu, and Tamil quite distinctly.

In-Distribution Generator This setting isolates
generator sensitivity by evaluating each LLM sep-
arately (Uchendu et al., 2021) using identical
prompts and domains, revealing how well de-
tectors generalize across generators without con-
founding fitting or calibration effects. Supervised
detectors are trained on all samples for a given
language, while zero-shot detectors calibrate only
the decision threshold on the development split.
Performance differences across generators quan-
tify generator sensitivity and transferability.

Multi-Domain This setting measures detector
generalization beyond domain-specific cues,
which is critical for real-world deployment (Li
et al., 2023) where training and test domains rarely
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Lang. Domain Human  GPT-4.1 Qwen-Plus  DS-v3.2 Adv. Total
Academic 1,000 1,000 1,000 1,000 3,000 7,000
News 1,000 1,000 1,000 1,000 3,000 7,000
Telugu  Creative 1,000 1,000 1,000 1,000 3,000 7,000
Movie Rev. 1,000 1,000 1,000 1,000 3,000 7,000
Subtotal 4,000 4,000 4,000 4,000 12,000 28,000
Academic 1,000 1,000 1,000 1,000 3,000 7,000
News 1,000 1,000 1,000 1,000 3,000 7,000
Hindi Creative 1,000 1,000 1,000 1,000 3,000 7,000
Movie Rev. 1,000 1,000 1,000 1,000 3,000 7,000
Subtotal 4,000 4,000 4,000 4,000 12,000 28,000
Academic 1,000 1,000 1,000 1,000 3,000 7,000
News 1,000 1,000 1,000 1,000 3,000 7,000
Tamil Creative 1,000 1,000 1,000 1,000 3,000 7,000
Movie Rev. 1,000 1,000 1,000 1,000 3,000 7,000
Subtotal 4,000 4,000 4,000 4,000 12,000 28,000
Grand Total 12,000 12,000 12,000 12,000 36,000 84,000

Table 2: IndicDetect dataset statistics. Adv. = adversarial samples generated by attacking LLM outputs (1,000 per
LLM x 3 LLMs = 3,000 per domain). DS-v3.2 = DeepSeek-v3.2.

match. Supervised detectors are trained on one
source domain and evaluated on the remaining
domains, while zero-shot detectors apply the
source-domain threshold unchanged to target
domains. Each domain serves as the source in
turn and results are macro-averaged subsequently.

Multi-Generator This setting evaluates detec-
tor generalization across unseen generators, essen-
tial since new LLMs emerge after detector train-
ing. Supervised detectors (Dugan et al., 2024) are
trained on one LLM and evaluated on others under
identical prompts and domains, while zero-shot de-
tectors apply the source threshold unchanged. Hu-
man data and length controls are held constant.

Detector Performance Across Languages (Avg Score)

Tier: 285
Tier: 70-84
Tier: < 70
- Telugu
m— Hindi
- Tamil

Average Macro-F1

Detectors

Figure 3: Comparison of detector generalization per-
formance (Avg. Macro-F1) across Telugu, Hindi, and
Tamil. Shaded regions indicate performance tiers:
Tier 1 (> 85), Tier 2 (70-84), and Tier 3 (< 70).
Fine-tuned X-Rob detectors achieve the strongest over-
all performance, while LRR shows the greatest cross-
language inconsistency.

Multi-Attack This setting measures detector ro-
bustness to surface-level perturbations, critical for
real-world deployment (Dugan et al., 2024) where
text is often edited to evade detection. Detectors
are trained on clean human-LLM pairs and evalu-
ated on attacked test sets across Hindi, Telugu, and
Tamil under diverse conditions. Detailed experi-
mental setup is provided in Appendix A.6.

Generalization Score To summarize out-of-
distribution performance in a single comparable
figure, we define a generalization score G for de-
tector d as the mean Macro-F1 over the IV out-of-
distribution evaluation conditions:

1N
GdzNZ;Sd,i, N =3, (1)

where Sy ; is the Macro-F1 of detector d under the
i-th out-of-distribution condition. The conditions
are Multi-Domain, Multi-Generator, and Multi-
Attack, each with uniform weight. Each Sy ; is it-
self macro-averaged over its sub-conditions: four
source domains, three generators, and seven attack
types, respectively. In-distribution settings are ex-
cluded, as they measure matched-condition perfor-
mance, and AUROC is reported for reference only
and does not enter GG4. This scalar metric enables
direct comparison of detectors across Hindi, Tel-
ugu, and Tamil under realistic distribution shifts.

4 Detectors

We evaluate eight detectors spanning training-
free and supervised approaches. Training-free
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M-Domain M-Generator M-Attack In-Dist. In-Dist.(Dom.) In-Dist.(Gen.) Generalization

Detector AUC F; AUC F; AUC Fi AUC F; AUC Fi AUC Fi Dom Gen Atk Avg
Telugu

Fast-DetectGPT 83.38 80.60 83.39 76.01 72.21 65.32 83.47 77.88 83.38 80.23 72.86 57.80 80.60 76.01 65.32 73.98
Binoculars 86.75 82.60 86.16 79.67 72.39 60.65 86.22 81.82 86.76 81.15 79.65 65.14 82.60 79.67 60.65 74.31
LRR 56.51 47.26 55.25 41.67 62.36 56.87 55.13 54.46 56.51 4345 63.30 4635 47.26 41.67 56.87 48.60
Log-Likelihood 94.04 88.06 84.89 78.10 74.62 60.77 84.90 82.35 94.04 7850 80.47 5224 88.06 78.10 60.77 75.64
Log-Rank 93.92 88.48 83.55 76.54 74.82 63.91 83.56 80.89 93.91 74.68 80.44 5328 88.48 76.54 6391 76.31
X-Rob-Base 99.88 89.70 80.84 69.25 99.98 96.77 99.99 9545 99.98 97.73 9476 79.03 89.70 69.25 96.77 85.24
X-Rob-Large 99.99 95.70 99.99 96.25 99.99 96.22 99.99 97.68 99.99 93.03 99.99 84.98 9570 96.25 96.22 96.06
Qwen 2.5-7B 63.62 55.15 93.01 86.59 99.38 96.24 99.86 98.37 99.58 99.03 91.79 87.44 55.15 86.59 96.24 79.33
Hindi

Fast-DetectGPT 63.39 76.31 61.84 59.36 41.82 38.54 61.84 64.44 6140 6499 61.84 5740 76.31 59.36 38.54 58.07
Binoculars 7598 68.28 76.03 68.13 3571 27.39 76.04 73.33 7597 72.60 76.03 6494 68.28 68.13 27.39 54.60
LRR 84.00 87.17 77.65 75.46 66.04 70.88 77.68 86.04 84.03 85.89 77.65 75.07 87.17 7546 70.88 77.84
Log-Likelihood 88.73 89.71 75.57 69.12 48.70 35.82 75.57 77.72 88.73 69.45 77.65 75.07 89.71 69.12 35.82 64.88
Log-Rank 91.23 92.72 76.96 7096 53.24 41.06 76.97 78.43 91.22 69.44 7696 70.19 92.72 70.96 41.06 68.25
X-Rob-Base 99.94 95.13 79.06 88.57 96.98 66.21 99.99 9240 99.97 96.59 99.98 98.39 95.13 88.57 66.21 83.30
X-Rob-Large 100.00 97.04 99.99 97.15 99.37 61.32 99.99 96.02 99.99 92.61 99.99 96.12 97.04 97.15 61.32 85.17
Qwen 2.5-7B 66.94 57.90 85.67 77.78 94.00 60.18 99.95 99.20 99.95 98.75 99.93 9892 57.90 77.78 60.18 65.29
Tamil

Fast-DetectGPT 84.31 78.32 84.08 76.59 63.83 5596 84.11 81.38 84.31 80.40 84.08 74.80 78.32 76.59 55.96 70.29
Binoculars 90.29 86.51 89.94 83.26 69.77 62.33 89.92 86.42 90.30 86.51 89.94 81.36 86.51 83.26 62.33 77.37
LRR 45.66 61.18 47.05 43.05 56.09 86.06 47.13 86.16 45.59 86.06 47.05 67.47 61.18 43.05 86.06 63.43
Log-Likelihood 82.09 77.83 80.35 74.09 60.99 50.22 80.35 79.52 82.09 76.30 80.35 72.49 77.83 74.09 50.22 67.38
Log-Rank 80.16 76.45 7791 71.74 62.67 56.24 7791 79.98 80.18 77.33 7791 72.08 7645 71.74 56.24 68.14
X-Rob-Base 99.96 93.61 99.94 98.16 99.96 93.17 99.99 9555 99.97 89.17 99.98 96.53 93.61 98.16 93.17 94.98
X-Rob-Large 99.99 97.59 99.90 97.60 99.99 82.46 99.99 94.15 99.99 89.60 99.99 98.49 97.59 97.60 82.46 92.55
Qwen 2.5-7B 62.90 57.81 88.42 81.22 98.73 89.31 99.41 96.33 96.85 96.10 99.58 97.36 57.81 81.22 89.31 76.11

Table 3: Detector leaderboard across Telugu, Hindi, and Tamil. M- represents Multi-, AUC represents AUROC,
F1 is the Macro-F1, and Dom/Gen/Atk are the task-setting scores. Avg is colour-coded by tier: >85, 70-84 , and
<70 . Within each tier, bold+underline = 1st and bold+italic = 2nd best Avg per language.

methods include Log-Likelihood (Solaiman et al.,
2019), Log-Rank (Su et al., 2023a), LRR (Su
et al., 2023a), Fast-DetectGPT (Bao et al., 2024),
and Binoculars (Hans et al., 2024). Supervised
baselines are XLM-RoBERTa-Base and XLM-
RoBERTa-Large (Conneau et al., 2020), fine-tuned
on labeled human-machine pairs, and Qwen 2.5-
7B (Qwen et al., 2025) after task-specific Indic fine-
tuning. All detectors share a unified preprocessing
pipeline with identical train-validation-test splits
where F1 thresholds are selected on held-out vali-
dation data and threshold-free metrics are addition-
ally reported for comprehensive evaluation.

5 Results and Discussion

Main Results XIL.M-RoBERTa-Large (Conneau
et al., 2020) achieves the highest average score in
Telugu (96.06) and Hindi (85.17) and ranks a close
second in Tamil (92.55), where XLM-RoBERTa-
Base (Conneau et al., 2020) leads (94.98). XLM-
RoBERTa-Base (Conneau et al., 2020) is other-
wise the consistent runner-up, in Telugu (85.24)
and Hindi (83.30). The fine-tuned Qwen 2.5-7B
(Qwen et al., 2025) achieves an average score
of 79.33 in Telugu but trails the best zero-shot
method in Hindi (65.29 vs. LRR 77.84) and Tamil
(76.11 vs. Binoculars (Hans et al., 2024) 77.37).

Among zero-shot methods, Log-Rank (Su et al.,
2023a) leads in Telugu (76.31), LRR (Su et al.,
2023a) in Hindi (77.84), and Binoculars (Hans
et al., 2024) in Tamil (77.37). Fast-DetectGPT
(Bao et al., 2024) and likelihood-based methods
remain middling across settings, while LRR is
highly inconsistent, collapsing in Telugu (48.60)
and Tamil (63.43). These per-language patterns
across all six settings are visualized in Figure 4.

Domain-Robustness XLM-RoBERTa-Large
(Conneau et al., 2020) maintains the strongest
cross-domain performance across all languages
(Multi-Domain Fj of 95.70, 97.04, and 97.59 in
Telugu, Hindi, and Tamil), with XLM-RoBERTa-
Base (Conneau et al., 2020) close behind. In
contrast, Qwen 2.5-7B (Qwen et al., 2025) is no-
tably weak under domain shift (Multi-Domain F}
of 55.15, 57.90, and 57.81), indicating limited do-
main adaptation despite its stronger performance
under other evaluation settings. Likelihood-based
methods (Solaiman et al., 2019; Su et al., 2023a)
are surprisingly domain-robust in Telugu (88.06,
88.48) and Hindi (89.71, 92.72) but degrade on
Tamil, while LRR (Su et al., 2023a) collapses on
Telugu (47.26) and Tamil (61.18) domain-shifted
text.
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Generator-Robustness XLM-RoBERTa-Large
(Conneau et al.,, 2020) generalizes best to
unseen generators with minimal degradation
(Multi-Generator F; of 96.25, 97.15, and 97.60).
Qwen 2.5-7B (Qwen et al., 2025) also transfers
strongly across generators (86.59, 77.78, 81.22),
whereas XLM-RoBERTa-Base (Conneau et al.,
2020) is highly variable, weak in Telugu (69.25)
yet strong in Hindi (88.57) and Tamil (98.16).
Fast-DetectGPT (Bao et al., 2024) and Binoculars
(Hans et al.,, 2024) drop noticeably on unseen
generators, most severely in Hindi (59.36 and
68.13), and LRR (Su et al.,, 2023a) degrades
sharply in Telugu (41.67) and Tamil (43.05).

Attack-Robustness XLM-RoBERTa-Large
(Conneau et al., 2020) shows remarkable re-
silience, maintaining M-Attack AUROC above
99.37 across all languages. Qwen 2.5-7B (Qwen
et al.,, 2025) is also highly robust, with Multi-
Attack AUROC above 94. Zero-shot methods
suffer most: LRR (Su et al., 2023a) exhibits
severe degradation in Tamil (AUROC 56.09),
and likelihood- and curvature-based methods
collapse under paraphrasing and insertion at-
tacks, particularly in Hindi (Multi-Attack F} as
low as 27.39 for Binoculars and 35.82 for Log-
Likelihood (Solaiman et al., 2019)). Hindi proves
the most vulnerable language overall, where even
fine-tuned models see sharp Fj drops (XLM-
RoBERTa-Large (Conneau et al., 2020) 61.32,
XLM-RoBERTa-Base 66.21 (Conneau et al.,
2020)), underscoring the need for adversarially
aware training in practice.

6 Conclusion

We presented IndicDetect, a carefully constructed
benchmark for evaluating LLM-generated text de-
tection in Hindi, Telugu, and Tamil under realis-
tic conditions. The benchmark standardizes data
collection, splitting, and evaluation, and systemat-
ically examines detector generalization under do-
main shifts, generator shifts, and adversarial at-
tacks across seven attack types targeting Brah-
mic script properties. We find that supervised
neural detectors consistently outperform zero-shot
alternatives: fine-tuned XLM-RoBERTa models
(Conneau et al., 2020) achieve the best aver-
age performance across all three languages, with
XLM-RoBERTa-Large (Conneau et al., 2020) the
strongest overall and XLM-RoBERTa-Base (Con-
neau et al., 2020) a close runner-up. Qwen 2.5-7B

(Qwen et al., 2025) attains strong overall scores
and remains highly robust to unseen generators
and adversarial attacks, yet degrades sharply un-
der domain shift, revealing limited domain adapta-
tion despite its high ranking. In contrast, zero-shot
methods such as Log-Likelihood (Solaiman et al.,
2019), Log-Rank (Su et al., 2023a), and Binoculars
(Hans et al., 2024) degrade rapidly under unseen
generators and adversarial perturbations, and LRR
(Su et al., 2023a) is especially unstable, collaps-
ing on Telugu and Tamil. Across languages, Hindi
proves the most challenging setting, exhibiting the
lowest average scores and the greatest vulnerability
to adversarial attacks, where even fine-tuned detec-
tors suffer sharp performance drops, underscoring
the need for adversarially aware training for Indic
languages.
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Limitations

IndicDetect covers Hindi, Telugu, and Tamil only;
broader Indic language coverage was precluded by
the absence of large-scale, domain-balanced cor-
pora, and computational constraints limited eval-
uation to smaller models. Moreover, the rapidly
evolving LLM landscape means newer generators
may not be represented, and our seven attack types
do not exhaust possible evasion strategies such as
adaptive attacks or human post-editing. Finally,
our pipeline-bound data and binary human/ma-
chine labels may not fully capture in-the-wild text,
including code-mixed or transliterated content and
partially edited or co-authored documents.
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A Background

A.1 Computational Experiments

The high-performance computing cluster (HPCC)
at our university was used to run all experiments on
NVIDIA A100 GPUs with 80GB of memory. The
large GPU memory enabled efficient large-scale
evaluation across many detectors, domains, gener-
ators, and adversarial environments, and stabilized
training and inference without resource-induced
bottlenecks. Such an arrangement promotes the re-
producibility and scalability of the reported experi-
mental results. For reproducibility, training hyper-
parameters are provided in Table 8, and the cor-
responding reference and scoring models for each
detector are detailed in Table 11.

A.2 Ethics Statement

In developing IndicDetect, we gather publicly li-
censed human texts from domains where there
is a high risk of abuse and generate correspond-
ing machine texts with commonly used LLMs,
then the detectors are evaluated under a carefully
planned series of attacks (applied at the testing
stage) to test their robustness and simulate real-
world conditions. Our aim is to push the detec-
tion of LLM-generated text further by offering a
transparent, reproducible benchmark which helps
to build stronger and more generalizable methods.
We acknowledge the dual-use risk: the exposure of
a transparent construction pipeline and attack suite
could also reveal techniques for evading existing
detectors.

However, we still think that the principle of
openness will lead to faster development of de-
tection systems that are less susceptible to being
evaded and that responsible use will come along
with it. The majority of the data was manually re-
viewed, but some residual risks remain (e.g., un-
intentional PII or offensive content); thus, the re-
source is intended for academic use only, and users
should exercise caution.

A.3 Data Collection

For Telugu, human-written documents are col-
lected from contemporary online sources. These
include Google News'> for news articles, 123Tel-
ugu'® for movie reviews, the Auchithyam Telugu
Journal'” for peer-reviewed academic writing, and

15https ://neus.google.com/home?hl=te&gl=IN&ceid=IN:te

16ht‘cps ://www.123telugu.com/

17https ://auchithyam.com/advanced/latest/index.php

Telugu Patala Lyrics'® for public-domain creative
texts.

For Hindi, Google News!? serves as the source
for news articles, the ITHR Journal?® provides aca-
demic texts, a curated corpus of public-domain
poetry PDFs?! (comprising Sharafath Nahi Mili,
Sahodara Kavya Mala, Jeevan Mag, Vedan-
thasaraha, Kumar Mukul Poems, Navarang Bhaan
by Mahitha Mishra, and Pandemic Poems) rep-
resents popular creative writing, and Bollywood
Hungama?®? provides film-related opinion texts.

For Tamil, human-written texts are drawn from
four domain-representative sources. News articles
are collected from major Tamil news portals,>* cov-
ering Tamil Nadu, national, and international re-
porting. Movie reviews are sourced from dedi-
cated Tamil cinema review platforms,’* yielding
opinionated, domain-specific prose. Academic
texts are drawn from the Tamil Virtual Academy?’
and Project Madurai,?® spanning disciplines such
as linguistics, history, science, and philosophy. Fi-
nally, creative writing samples are collected from
established Tamil literary portals,?’ representing
both contemporary and classical verse. All Tamil
samples are restricted to texts published before
2022 to prevent temporal contamination with the
LLM-generated counterparts.

A.4 Generative models

We evaluate widely used LLMs that mirror real-
world usage. Each model is accessed via its offi-
cial API or a local checkpoint and we record the
exact model identifiers and access paths for repro-
ducibility. Across all generators, we fix the de-
coding temperature to 0.9 and constrain the gen-
eration length to 400-450 tokens, while retaining
provider-default values for all remaining decoding
parameters. Prompts and model/version metadata
are logged to enable faithful replication of all gen-
erations.

18https ://telugupatalalyrics.blogspot.com/
19https ://neus.google.com/home?hl=hi&gl=IN&ceid=IN:hi
2Ohttps ://www.hindijournal.com/

21https ://www.selfstudys.com/books/ncert-books-pdf/

hindi/class-7
22

https://www.bollywoodhungama.com/

2 Including Dinamalar (https://www.dinamalar.com/), Maalaimalar
(https://wuw.maalaimalar.com/), The Hindu Tamil (https://tamil.
thehindu.com/), and BBC Tamil (https://www.bbc.com/tamil).

24Including Vikatan (https://www.vikatan.com/), Galatta (https:
//www.galatta.com/), Indiaglitz (https://www.indiaglitz.com/), and
Behindwoods (https://behindwoods.com/).

25h‘ctps ://www.tamilvu.org/

26https ://www.projectmadurai.org/

27 Including Kavithaikal (https://www.kavithaikal.com/) and
Tamilkavithai (https://www.tamilkavithai.com/).
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Model Provider Access
GPT-4.1 OpenAl API
Qwen—Plus Alibaba Qwen API
DeepSeek-V3.2 DeepSeek API

Table 4: Generative models used to synthesize machine
text in our experiments.

GPT-4.1 (OpenAl, 2025) is an API-based model
from OpenAl with strong instruction-following,
long-context, and text-generation capabilities. Its
ability to generate fluent and diverse text across
topics and styles makes it a realistic generator for
evaluating cross-model robustness in our bench-
mark.

Qwen-Plus (Yang et al., 2025) is an instruction-
tuned model in Alibaba’s Qwen3 family. It is opti-
mized for fast, low-latency generation while main-
taining strong reasoning and multilingual perfor-
mance (including Indic scripts), making it a practi-
cal generator for large-scale benchmarking.

DeepSeek-V3.2 (DeepSeek-Al et al., 2025) is
a large decoder-only model trained with long-
context optimization and efficient sampling strate-
gies. It is known for balanced performance on rea-
soning, coding, and general dialogue, providing
stylistically distinct outputs that are valuable for
cross-generator robustness tests.

A.5 Data Generation settings

All text generation tasks mentioned in this research
were carried out through interactive LLM prompt-
ing, employing different prompt structures based
on each domain’s needs, which led to variety and
realism. Across all LLMs, we fixed the decoding
temperature to 0.9 and constrained the generation
length to 400-450 tokens (min=400, max=450).
For academic writing, formal and logical flow was
achieved through structured prompts that called
forth research-like abstracts. In the case of news
writing, the model was given short event cues or
concise summaries and was thus expected to turn
them into full, coherent, and good quality arti-
cles. For creative writing, the use of open-ended
and imaginative prompts resulted in story-like pas-
sages, rich in narrative. Opinion-oriented prompts
were applied in the area of movie reviewing to
generate subjective but at the same time analytical
thoughts. Thus, varying the formats of the prompts
from descriptive to analytical and narrative forms,
we came to the conclusion that the output text re-
flected the full extent of the stylistic and functional

variations inherent in the respective real-world lan-
guage use across domains. For reproducibility, the
prompting templates employed for Telugu, Hindi,
and Tamil across all domains are provided in Ta-
bles 21, 22, and 23.

A.6 Attacks

This section provides an elaborate description of
the adversarial attack methods used to assess the
detector’s robustness to realistic perturbations. Ev-
ery attack is made to maintain the original se-
mantic content while injecting surface-level or
structural perturbations that are generally found
in the editing of natural text. Each of the at-
tacks presented here is described according to its
motivation, construction procedure, and language-
specific considerations, such as paraphrasing, sub-
stituting synonyms, misspellings, whitespace and
formatting perturbations, and other character-level
alterations. These descriptions explain how each
attack stresses detector signals while preserving ex-
perimental consistency across Hindi, Telugu, and
Tamil.

A.6.1 Paraphrase Attacks

Paraphrase attacks are produced using the back-
translation method with a set pivot language. For
Hindi, Telugu, and Tamil, the samples are trans-
lated using the pipeline Original — Chinese —
Original via the official Google Translate API. The
process maintains semantic content and introduces
lexical and syntactic variation, which is a repro-
ducible process of testing the robustness of detec-
tors to distribution shifts due to paraphrasing. Rep-
resentative paraphrase samples for Telugu, Hindi,
and Tamil, generated using this back-translation
pipeline, are illustrated in Tables 24, 25, and 26.

A.6.2 Perturbation Attacks

Perturbation attacks introduce surface-level noise
through the random removal of characters in the
text. Specifically, in each sample, we indepen-
dently remove each character with probability p =
0.5, while approximately preserving the underly-
ing semantic content. Formally, let a text sample

be represented as a sequence of characters
X = (017027 v 7CTL)7

where ¢; denotes the ¢-th character. For each char-
acter c;, we independently sample a Bernoulli ran-
dom variable

z; ~ Bernoulli(1 — p),
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and construct the perturbed text as
)N(:{CZ|ZZ:1}

This corruption of characters’ levels emulates nat-
ural typing errors and small text corruption, which
are typically found in real-world systems, and pur-
posefully corrupts tokenization and local distribu-
tional statistics. These perturbations are mostly
aimed at detectors sensitive to delicate surface
cues, and they are an effective stress test of detec-
tors against the least but still realistic noise. Sam-
ple instances of this perturbation attack are shown
in Tables 27, 28, and 29.

A.6.3 White Space Addition Attacks

Whitespace attacks aim to add surface-level format-
ting noise to a text by changing the spacing patterns
between textual units, without altering characters
or lexical meaning. In contrast with character-level
perturbation attacks, no characters or words are
changed in the given text, but the length of the ex-
isting whitespace segments is chosen selectively in
this attack. This leaves the semantic content and
readability intact, while deliberately violating the
token boundaries and tokenizer behavior.

Formally, let a text sample be represented as
an ordered sequence of non-whitespace spans and
whitespace segments

X = (81, W1, 82, Wa, ..., Sm),
where each s; denotes a contiguous non-
whitespace span and each w; denotes
a contiguous  whitespace  segment. Let

Z = {i|w;is a whitespace segment} be the
index set of whitespace segments, with |Z| = N,.
Given a whitespace modification rate 6 (expressed
as a percentage), the number of whitespace
segments to be modified is defined as

k = max ( 1, i-Nw .
100

We then sample & indices independently and uni-
formly from Z with replacement, and for each se-
lected index i, the corresponding whitespace seg-
ment is modified by appending an additional space
character:

w; < w; || space.

The resulting whitespace-attacked text is denoted
as x"* and is obtained by concatenating the mod-
ified sequence. This attack primarily affects

whitespace-sensitive tokenization and local sur-
face statistics, serving as a targeted stress test for
detectors that rely on precise segmentation and for-
matting cues. Sample instances of the whitespace
attack for Telugu, Hindi, and Tamil are presented
in Tables 30, 31, and 32.

A.6.4 Insert-Paragraph Attacks

The Insert-Paragraph attack introduces discourse-
level changes to the text’s formatting by adding
paragraph breaks, without altering its lexical con-
tent. Specifically, we first split each sample into
sentences (using a language-aware tokenizer when
available, with a regular-expression fallback), then
select a subset of sentence boundaries and replace
the standard inter-sentence space with a paragraph
marker (two newline characters). The transforma-
tion leaves the words, characters, and sentence or-
der unchanged, but alters the document’s layout
and local context windows, which can in turn af-
fect detectors sensitive to segmentation, tokeniza-
tion, and formatting cues. Sample instances of
the insert-paragraph attack for Telugu, Hindi, and
Tamil are presented in Tables 33, 34, and 35.

Formally, let a text sample be split into a se-
quence of sentences

X = (81,52,...,5n),

and let the set of candidate insertion positions be
the sentence-boundary indices

B={1,2,...,n—1}.

Given an insertion rate 6 (in percent), we choose
the number of paragraph breaks as

0
k= 1 d{ — -
max( , roun: (100 |B>>,

and sample a subset C C B with |C| = k uni-
formly without replacement. The insert-paragraph
attacked text, denoted as X%, is constructed by con-
catenating sentences with boundary-dependent de-
limiters:

X" = si|ldi|s2lldall - | dnet | sn;
where
g — ““\n\n'' ifieC,
B K otherwise.
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Canonical Form ‘ Alternative Spellings

Telugu
$°§3°é§§o c®°§’5°e‘§§é33, b‘*ﬁs@"go
BP0 NDOEFPNRN, DOEFP00
JroSRES JroSRES®, AroSAESD
@6,63053260 @Cﬁgoﬁm‘ém, @dﬁgo‘ﬁaéo
Hindi
HEd Hexd, HedHq,
STERIHT STEIRTUT, AERTIT]
fawra o, faerma:
R R, aREd
Tamil
HeiluNwev Lpailuflwiey, Lellwedluiey
blevdsL(h) BlevSsL LY, Blevs SL(h
Popssn | Banpsn Hansns
RNl 2:2:4 2 BFEH, B Fad ul
Table 5: Illustrative examples from the alternative-

spelling dictionary used for Hindi,Telugu and Tamil.
Canonical forms are mapped to commonly observed or-
thographic variants.

A.6.5 Alternative Spelling Attacks

Alternative Spelling Attacks are aimed at provid-
ing realistic orthographic variation to some of the
words by substituting them with correct alternative
spellings, keeping the original semantic meaning.
This attack exploits a manually edited alternative-
spelling dictionary for Hindi, Telugu, and Tamil,
where every canonical word form is indexed by
a set of more frequently occurring spelling vari-
ations in real text. These variations are often
brought about by dialectal preference, informal
writing style, or non-standard transliteration and,
as such, form a natural and linguistically reason-
able source of distributional shift.

Taking a given input text, the attack searches the
text for words present in a predefined dictionary
(sample entries are shown in Table 5) using script-
aware whole-word matching to prevent partial re-
placements within longer strings. All the matched
words are then substituted with any one of their
alternative spellings as per a predefined replace-
ment probability. The process does not modify sen-
tence structure, word sequence, and semantics, but
disturbs surface-level orthographic cues and sub
word tokenization patterns, and is a specific type
of stress test on detectors that are sensitive to frag-
ile spelling regularities.

Formally, let D denote an alternative-spelling

dictionary that maps a canonical word w € V to
a finite set of valid variants

D(w) = {’UU,J, Uw72, ooy Uw,mw}-

Let a text sample be represented as a sequence of
tokens

s tn)-

We define the set of eligible token positions as

X:(tl,tQ,...

T={ie{l,...n}|t;c V).

For each position © € Z, we sample a Bernoulli
random variable

z; ~ Bernoulli(p),

and apply the replacement rule

t/ N Unif(D(ti)) if Z; = 1,
! t; otherwise.

Here, Unif(D(¢;)) denotes a uniformly sampled
spelling variant from the dictionary entry corre-
sponding to ¢;. The resulting alternative-spelling
attacked text is denoted as

XA = (¢, th, .. ).

In our implementation, replacements are applied
with probability p = 1.0 and variants are selected
at random, ensuring maximal orthographic diver-
sity while maintaining linguistic validity. Quali-
tative examples of the alternative spelling attack
applied to Telugu, Hindi, and Tamil texts are pro-
vided in Tables 36, 37, and 38.

A.6.6 Misspelling Attacks

The misspelling attacks are intended to add natural
typographical noise to Hindi, Telugu, and Tamil
words by substituting words that are spelled cor-
rectly with the most frequently used misspellings
without altering the original meaning. The ap-
proach employed in this attack is based on a cu-
rated misspelling dictionary, in which, for every
canonical word, a set of commonly occurring mis-
spellings in natural written language is assigned;
sample words from the misspelling dictionary for
all three languages are illustrated in Table 6. Given
a text to work with, we use script-conscious whole-
word matching (using Devanagari, Telugu, and
Tamil scripts independently) to recognize tokens
in the dictionary, and then replace each matched to-
ken at random with a misspelled token based on a
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Canonical Form | Misspelling Variants

Telugu
HBEFPN0 HBT°00, DTN
roSBEeS o3BEeS, JrodREE®
@c,’)goﬁa:éo @300, @Cf)go‘&é
Poiel TR, TP

Hindi
Hecaqut Hecaqul, Hgwayui
LTEARIT QBT LTEdeRiT
LpiCruic) yquita, gafaRoft
Tarscwor faurcyor, fsdwT

Tamil
HeiluNwev Lpailuflwiey, Lellwedluiey
BlevdsL(h | BlevdsL LY, Blevd SL(h
Houpast | HabHssb, Hab@sns
RNl 2:2:4 P &S, P F&S

Table 6: Illustrative examples from the misspelling dic-
tionary used for Hindi, Telugu, and Tamil. Each canon-
ical form is associated with commonly observed mis-
spellings used to simulate natural typographical errors.

replacement probability p. This process simulates
natural human mistakes (e.g., spelling errors and
orthographic mistakes) and actively disturbs sur-
face features and tokenization statistics, giving a
specific strength test to those detectors sensitive to
orthographic regularity.

Formally, let Dy, D, and Dy, denote mis-
spelling dictionaries for Hindi, Telugu, and Tamil,
respectively, where each canonical word w maps
to a set of misspellings:

Dg(’w) = {vw71,vw,2, «vey annw},

Let a text sample be represented as a token se-
quence X = (t1,ta, ..., t,), and define the eligible
positions per language

Ig:{iE{l,...,n}|ti€d0m(Dg)}.

For each i € Z,, we sample a Bernoulli random
variable z; ~ Bernoulli(p) and apply the replace-
ment rule

y {Unif(Dg(ti)) ifz =1,

KA = .
t; otherwise.

The resulting misspelling-attacked text is denoted
as x™ = (t},...,t)). In our implementation,
we set p = 1.0 with random variant selection
and enforce script-aware whole-word matching

¢ € {hi, te,ta}.

Token Synonym Candidates

Telugu
@ITo 529, ©@IVTR00E, WIVTESo
ma)gg_m‘é gqs%gg_n:é, OIITR, mmgg_m?é&
$568%5% @qes, ©EIOH0, HOBOD
DFes 03N, HFResw, WordT
Hindi
Hecaqu AT, TE, qefh
fysaoor adreror, Fe, e
faewra Tt St faear
gRad= TG, TR, Tl
Tamil
WPSHAWLD | jeudwid, LTS TesTLd, (LPSSIWILDTEOTS]
ey LACETHemeT, AllFTTen6uor, B TTuisd)
suemy&dl | (edrGestmLd, GoLim(h), ailifley
LOMMMLD F(HSHHLD, LTHDLD C1FUISH6V, 2 (HeULTHMLD

Table 7: Illustrative examples from the synonym dictio-
nary used for Hindi, Telugu, and Tamil. Each token is
associated with a set of meaning-preserving synonym
candidates (bidirectional expansion enables swapping
among all forms in a cluster).

to avoid partial substitutions inside longer Indic
strings. Representative qualitative examples illus-
trating the misspelling attack for Telugu, Hindi,
and Tamil are provided in Tables 39, 40, and 41.

A.6.7 Synonym Swap Attacks

Synonym-Swap attacks aim to introduce meaning-
preserving lexical variability by substituting some
words with semantically identical ones. This at-
tack uses a hand-curated list of Hindi, Telugu, and
Tamil synonyms, in which each word is defined
as a list of interchangeable word forms; example
words for all three languages appear in Table 7. To
ensure we cover as much as possible, we expand
the resource to a two-way mapping, so that any
synonym cluster can be interchanged with another
form. Given a text as input, we perform script-
sensitive whole-word matching to find dictionary-
covered tokens and, with probability p, replace
each matched token with a randomly sampled syn-
onym. Because the replacements maintain the
structure of the sentence and the intended mean-
ing, but change surface lexical cues and subword
tokenization patterns, this attack provides a natu-
ral stress test for detectors that rely on brittle word-
choice statistics.

Formally, let Sy, Ste, and Sy, denote synonym re-
sources for Hindi, Telugu, and Tamil, respectively.
After bidirectional expansion, we obtain maps Dy
that assign to each form w a set of swappable syn-
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onyms:

Dy(w) CVp \ {w}, ¢ € {hi,te,ta}.

Let a text sample be represented as a token se-
quence X = (t1,to,...,t,) and define the eligible
positions

Iy = {Z S {1,...,1’L} | t; Gdom(Dg) }

For each ¢ € Z,, we sample a Bernoulli variable
z; ~ Bernoulli(p) and apply the synonym replace-
ment rule

t/ . Unif(Dg(ti)) if Z; = 1,
t; otherwise,

(]

where Unif(Dy(t;)) denotes a uniformly sampled
synonym from the candidate set. The synonym-
swapped text is denoted as x™" = (¢},...,t)).
In our implementation, we set p = 1.0 with
random selection and enforce Indic script-aware
whole-word boundaries to avoid partial replace-
ments within longer strings. Representative qual-
itative examples illustrating the synonym swap at-
tack for Telugu, Hindi, and Tamil are provided in
Tables 42, 43, and 44.

A.7 Additional Results

The detailed results for each evaluation setting
defined in the IndicDetect benchmark are pre-
sented in this section. The six settings in-
clude In-Distribution, In-Distribution Domain,
In-Distribution Generator, Multi-Domain, Multi-
Generator, and Multi-Attack.  Together, these
settings examine matched-condition performance,
domain sensitivity, generator sensitivity, cross-
domain generalization, cross-generator generaliza-
tion, and robustness to adversarial perturbations,
providing a comprehensive view of each detector’s
strengths and weaknesses.

Results include analysis across Hindi, Telugu,
and Tamil, showing similar tendencies across the
three languages. Neural detectors that are based on
XLM-RoBERTa-Base (Conneau et al., 2020) and
XLM-RoBERTa-Large (Conneau et al., 2020) re-
main the top performers, whereas traditional detec-
tors like Fast-DetectGPT (Bao et al., 2024), Log-
Likelihood (Solaiman et al., 2019), and Log-Rank
(Suetal., 2023a) perform well on clean data but see
their performance decline when subjected to con-
ditions such as cross-generator shift or adversar-
ial attacks. The additional results presented here

emphasize the capability of the benchmark to re-
veal different levels of performance depending on
the stress factors, thus providing a more compre-
hensive view of the robustness of detectors in real-
world situations.
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= X-Rob-Large
Qwen 2.5-7B

Figure 4: Per-language Macro-F1 of all eight detectors across the six evaluation settings. Training-free detectors
are dashed, and the supervised and neural detectors (X-Rob-Base, X-Rob-Large, Qwen 2.5-7B) are solid.
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Hyperparameter Value
Languages Telugu, Hindi, Tamil
Backbone Models XLM-RoBERTa-base, XLM-RoBERTa-large
Epochs 3

Learning Rate 1x1076
Batch Size 8
Optimizer AdamW

LR Scheduler Constant (no decay)
Max Sequence Length 512 tokens

Loss Function Cross-Entropy
Random Seed 2023
Validation Split 20 examples per class
Save Strategy Per epoch

Early Stopping Patience 10

Early Stopping Metric
Threshold Selection

Eval Loss (lower is better)
Youden’s J (max TPR — FPR)

Table 8: Training hyperparameters shared across Telugu, Hindi, and Tamil models using XLM-RoBERTa-base and

XLM-RoBERTa-large variants.

Hyperparameter Value
Languages Telugu, Hindi, Tamil
Backbone Model Qwen/Qwen2.5-7B
Epochs 1

Learning Rate 5x107°
Batch Size 1

Gradient Accumulation Steps 16
Effective Batch Size 16

Optimizer

LR Scheduler
Warmup Steps
Weight Decay

Max Sequence Length
Quantization
Compute Dtype
LoRA Rank (r)
LoRA Alpha

LoRA Dropout

LoRA Target Modules
Early Stopping Patience
Best Model Metric

Paged AdamW (8-bit)
Cosine decay with warmup
50
0.05
512 tokens
4-bit NF4 (QLoRA, double quant)
bfloat16
8
16
0.1
q_proj, v_proj
3
Eval Loss (lower is better)

Table 9: Training hyperparameters for the Qwen 2.5-7B model used across Telugu, Hindi, and Tamil.
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Language Split Source TTR 1 Perplexity | Top POS (Category 1/2/3)

Traiy Human  0.563 4.06 28.5% (NOUN) / 18.8% (ADP) / 11.2% (ADJ)
Hindi LLM  0.620 2.78 29.9% (NOUN) / 16.7% (ADP) / 13.9% (ADJ)
oy Human  0.568 3.14 28.5% (NOUN) / 17.2% (ADP) / 11.6% (ADJ)
LLM  0.622 2.79 29.8% (NOUN) / 18.0% (ADP) / 14.0% (ADJ)
Traiy Human  0.874 6.03 40.3% (NOUN) / 17.1% (VERB) / 15.6% (PUNCT)
Teluga LLM  0.891 6.88 45.8% (NOUN) / 16.4% (VERB) / 15.7% (PUNCT)
oy Human  0.877 5.03 38.0% (NOUN) / 17.5% (VERB) / 15.6% (PUNCT)
LLM  0.824 6.62 45.4% (NOUN) / 15.3% (VERB) / 14.1% (PUNCT)
Traiy Human 0827 5.73 37.4% (NOUN) / 13.1% (PUNCT) / 10.8% (PROPN)
Tamil LLM  0.845 6.31 38.7% (NOUN) / 14.6% (PUNCT) / 10.2% (VERB)
oy Human  0.830 5.56 34.2% (NOUN) / 13.1% (PUNCT) / 11.6% (PROPN)
LLM  0.845 6.32 39.7% (NOUN) / 13.5% (PUNCT) / 10.0% (ADJ)

Table 10: Comprehensive linguistic and statistical baseline across Hindi, Telugu, and Tamil (In-Distribution). TTR:
Type-Token Ratio , POS percentages reflect the density of the top three syntactic categories.
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Detector Reference Model Scoring Model

Log-Likelihood Not Applicable Qwen-3-4B
Log-Rank Not Applicable Qwen-3-4B
LRR Not Applicable Qwen-3-4B
Fast-DetectGPT Qwen-3-4B Qwen-3-4B
Binoculars Qwen-3-4B Qwen-3-4B-Instruct

Table 11: Source and scoring language models used for training-free detectors. All listed detectors employ Qwen-
3-4B as the reference model, with Binoculars using the corresponding instruction-tuned variant for scoring.
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Leaderboard: LLM-Generated Text Detector Across Domains (Telugu)

Detector Academic News Creative Movie Avg.
AUROC I3 AUROC P AUROC I3 AUROC I3 AUROC I3
Fast-DetectGPT 93.79 90.05 86.00 79.84 64.86 68.62 88.88 83.87 83.38 80.59

Binoculars 92.19 89.36 87.55 78.64 81.56 80.20 85.71 82.22 86.75 82.60
LRR 53.87 68.85 46.28 83.38 84.03 36.26 41.85 0.53 56.50 47.25
Log-Likelihood 98.73 96.83 89.47 86.50 96.11 83.61 91.85 85.30 94.03 88.06
Log-Rank 98.57 96.82 88.19 83.70 96.76 85.54 92.18 87.88 93.92 88.48
X-Rob-Base 99.99 89.62 99.53 80.09  100.00  92.38 99.99 96.70 99.87 89.69
X-Rob-Large 100.00  98.29 99.99 87.98  100.00  99.93 99.99 96.58 99.99 95.69
Qwen 2.5-7B 56.95 48.54 59.16 52.35 73.32 63.80 65.05 55.93 63.62 55.15

Table 12: Per-domain detection on Telugu. Green > 85, Yellow 70-84, Red < 70. Bold+underline = Ist;
bold+italic = 2nd best Avg per column.

Leaderboard: LLM-Generated Text Detector Across Domains (Hindi)

Detector Academic News Creative Movie Avg.
AUROC Fy AUROC Fy AUROC P AUROC Fy AUROC F
Fast-DetectGPT 72.95 81.18 62.37 76.74 54.02 85.71 64.22 61.60 63.39 76.30

Binoculars 74.94 73.27 74.33 69.68 86.76 81.47 67.88 48.69 75.97 68.27
LRR 82.03 79.83 68.04 83.91 99.28 97.39 86.65 87.55 84.00 87.17
Log-Likelihood 95.33 94.45 82.62 82.93 93.00 90.70 83.96 90.75 88.72 89.70
Log-Rank 95.76 94.63 83.04 88.00 97.61 95.01 88.50 93.27 91.22 92.72
X-Rob-Base 99.80 97.65 99.98 98.85  100.00  93.02  100.00  91.01 99.94 95.13
X-Rob-Large 100.00  99.93  100.00  89.62 99.99 99.27  100.00  99.33 99.99  97.03
Qwen 2.5-7B 54.85 42.56 55.48 52.66 81.72 72.67 75.70 63.75 66.93 57.90

Table 13: Per-domain detection on Hindi.

Leaderboard: LLM-Generated Text Detector Across Domains (Tamil)

Detector Academic News Creative Movie Avg.
AUROC Fy AUROC Fy AUROC P AUROC Fy AUROC F
Fast-DetectGPT 82.96 81.79 78.85 67.18 78.27 69.36 97.17 94.96 84.31 78.32

Binoculars 91.32 91.35 85.18 78.99 86.58 79.95 98.10 95.73 90.29 86.50
LRR 44.84 87.55 39.24 84.86 44.28 3.27 54.29 69.04 45.66 61.18
Log-Likelihood 88.32 88.98 69.76 70.34 70.45 52.75 99.84 99.23 82.09 77.82
Log-Rank 85.30 87.67 66.97 68.22 68.59 51.20 99.80 98.72 80.16 76.45
X-Rob-Base 99.99 89.60 99.87 92.65 100.00 9349  100.00  98.68 99.96 93.60
X-Rob-Large 99.99 99.25  100.00  96.21 100.00  97.40  100.00  97.52 99.99  97.59
Qwen 2.5-7B 49.43 49.19 52.59 51.43 86.74 75.44 62.84 55.20 62.90 57.81

Table 14: Per-domain detection on Tamil.
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Leaderboard: LLM-Generated Text Detection by Source Model (Telugu)

Detector GPT-4.1 Qwen-Plus DeepSeek-v3 Avg.

AUROC Fy AUROC Fy AUROC Fy AUROC Fy
Fast-DetectGPT 69.51 60.92 97.42 91.60 83.23 75.52 83.38 76.01
Binoculars 73.01 66.98 97.92 92.49 87.53 79.55 86.15 79.67
LRR 65.33 61.98 43.58 0.00 56.85 63.02 55.25 41.66
Log-Likelihood 73.56 67.47 95.14 88.56 85.97 78.28 84.89 78.10
Log-Rank 73.87 69.13 92.05 84.45 84.74 76.03 83.55 76.53
X-Rob-Base 42.68 9.31 99.90 98.62 99.95 99.82 80.84 69.25
X-Rob-Large 99.99 97.97 99.99 95.84  100.00  94.96 99.99 96.25
Qwen 2.5-7B 86.73 78.42 99.27 96.42 93.05 84.95 93.01 86.59

Table 15: Per-generator detection on Telugu.
Leaderboard: LLM-Generated Text Detection by Source Model (Hindi)

Detector GPT-4.1 Qwen-Plus DeepSeek-v3 Avg.

AUROC Fi AUROC Fy AUROC Fy AUROC Fy
Fast-DetectGPT 53.99 49.78 80.41 74.68 51.12 53.61 61.83 59.35
Binoculars 67.23 59.80 93.12 85.51 67.73 59.09 76.02 68.13
LRR 78.81 75.02 70.94 71.74 83.21 79.62 77.65 75.45
Log-Likelihood 69.24 66.10 84.87 74.58 72.60 66.68 75.56 69.12
Log-Rank 71.70 68.48 83.54 75.99 75.64 68.43 76.95 70.96
X-Rob-Base 37.46 66.40 99.99 99.90 99.74 99.42 79.06  88.57
X-Rob-Large 99.99 95.86 99.99 97.97 100.00 97.62 99.99 97.15
Qwen 2.5-7B 81.28 73.52 91.05 82.36 84.70 77.47 85.67 77.78

Table 16: Per-generator detection on Hindi.
Leaderboard: LLM-Generated Text Detection by Source Model (Tamil)

Detector GPT-4.1 Qwen-Plus DeepSeek-v3 Avg.

AUROC Fy AUROC Fy AUROC Fy AUROC Fy
Fast-DetectGPT 71.87 62.77 97.28 91.88 83.11 75.11 84.08 76.58
Binoculars 80.82 72.37 98.77 94.62 90.23 82.77 89.94 83.25
LRR 41.80 0.00 43.32 67.55 56.03 61.60 47.05 43.05
Log-Likelihood 63.39 56.79 93.35 89.36 84.31 76.13 80.35 74.09
Log-Rank 61.06 54.06 90.20 86.76 82.47 74.41 7791 71.74
X-Rob-Base 99.84 96.50 99.98 97.80 99.89 98.52 99.90  97.60
X-Rob-Large 99.99 98.64  100.00 99.51 100.00 94.76 99.99 97.63
Qwen 2.5-7B 85.25 78.15 91.95 84.65 88.08 80.87 88.42 81.22

Table 17: Per-generator detection on Tamil.
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Leaderboard: LLM-Generated Text Detector Under Adversarial Attacks (Telugu)

Detector Paraphrase Perturbation White Space Alt. Spelling Insert Para. Misspelling Synonym Swap Avg.

AUC F, AUC F AUC F AUC F AUC F, AUC F AUC Fy AUC P
Fast-DetectGPT 87.50 85.69 81.95 79.85 65.28 57.45 7556 71.16 79.25 76.74 5199 34.64 6394 51.67 7221 65.31
Binoculars 89.60 85.62 84.60 79.91 56.63 40.31 78.13 68.99 81.33 7533 47.77 2327 68.66 51.13 72.38 60.65
LRR 48.90 35.10 54.55 46.06 63.63 59.73 66.89 63.84 59.29 53.83 84.07 86.51 59.20 53.01 62.36 56.86
Log-Likelihood 85.31 82.51 83.33 80.80 71.88 60.85 77.27 70.18 83.04 79.95 61.45 3329 60.02 17.80 74.61 60.76
Log-Rank 82.62 80.74 81.79 7857 72.01 6236 77.46 7120 8222 79.02 67.54 49.74 60.07 2574 74.81 63.91
X-Rob-Base 99.98 9420 99.93 9645 99.99 97.51 99.99 98.16 99.99 97.51 99.98 9429 99.99 99.25 99.97 96.76
X-Rob-Large 99.99 98.18 99.95 97.21 99.99 98.40 99.99 96.07 99.99 98.40 99.98 86.70 99.99 98.60 99.98 96.22
Qwen 2.5-7B 99.26 95.51 99.58 97.28 99.42 96.85 99.53 97.23 99.63 98.08 98.96 93.49 99.29 9529 99.38 96.24

Table 18: Detection on Telugu under seven adversarial attacks.
Leaderboard: LLM-Generated Text Detector Under Adversarial Attacks (Hindi)

Detector Paraphrase Perturbation White Space Alt. Spelling Insert Para. Misspelling Synonym Swap Avg.

AUC F, AUC F AUC F, AUC F AUC F AUC Fi AUC Fy AUC Fy
Fast-DetectGPT 69.13 73.61 4246 39.76 61.84 66.92 9.47 1.09 79.25 82.08 12.36 256 18.21 380 41.81 3854
Binoculars 78.85 76.01 49.25 37.38 76.03 72.65 572 037 571 043 13.61 3.52 20.85 1.41 35.71 27.39
LRR 73.97 84.74 60.64 69.85 77.65 86.27 7531 83.70 73.67 83.34 74.17 81.09 26.87 7.18  66.04 70.88
Log-Likelihood 76.90 79.08 48.34 3433 67.63 5630 27.78 1.0l 7430 7623 3132 3.84 1467 0.00 48.70 35.82
Log-Rank 7721 78.65 5035 34.57 7696 7837 36.56 7.01 75.06 76.57 39.97 1228 16.56 0.00 53.23 41.06
X-Rob-Base 99.98 9242 99.97 9246 99.97 91.99 9592 30.39 99.90 94.72 84.15 20.02 9898 41.50 96.98 66.21
X-Rob-Large 99.99 9450 99.99 81.72 99.99 9538 99.14 20.11 99.99 95.67 98.80 21.89 97.71 20.00 99.37 61.32
Qwen 2.5-7B 9991 96.10 99.64 82.75 99.96 98.93 90.84 2444 97.23 78.41 81.03 20.21 89.39 2042 94.00 60.18

Table 19: Detection on Hindi under seven adversarial attacks.
Leaderboard: LLM-Generated Text Detector Under Adversarial Attacks (Tamil)

Detector Paraphrase Perturbation White Space Alt. Spelling Insert Para. Misspelling Synonym Swap Avg.

AUC F, AUC F AUC F AUC F AUC F AUC F AUC Fy AUC Fy
Fast-DetectGPT 84.27 81.75 78.56 75.02 74.93 70.60 76.66 71.76 76.15 72.52 13.56 1.55 4271 1855 63.83 55.96
Binoculars 90.04 87.21 8549 82.29 8130 77.32 83.18 79.49 83.76 80.54 14.53 242 50.09 27.05 69.77 62.33
LRR 46.01 86.03 49.93 86.09 46.75 8595 5528 86.14 42.05 85.81 9425 86.22 5833 86.19 56.08 86.06
Log-Likelihood 80.39 79.54 71.80 69.05 67.61 60.27 71.84 66.59 7534 74.61 24.15 0.56 3577 094 60.98 50.22
Log-Rank 77.87 80.30 70.15 7231 6574 6535 70.83 72.58 7241 75.88 4259 20.29 39.11 698 62.67 56.24
X-Rob-Base 99.98 9522 99.98 94.73 99.97 93.94 99.97 9470 99.98 96.37 99.91 88.10 99.95 89.12 99.96 93.16
X-Rob-Large 99.99 90.07 99.99 86.74 99.97 71.68 99.99 89.56 99.99 83.58 99.99 72.79 99.99 82.79 99.98 82.45
Qwen 2.5-7B 99.44 96.40 99.18 93.56 98.67 86.99 99.26 93.80 99.15 92.32 98.08 81.27 97.33 80.86 98.73 89.31

Table 20: Detection on Tamil under seven adversarial attacks.
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Domain

Prompt Template

Academic

News

Creative

Movie Reviews

Keyword: build_keyword_prompt (sample_text)

8o ardg arifo ook Yo 4 THAH Sor BN 8o¥ Hrror Senth & akged. DdSes So BES TSy akgEed: {san-
ple_text}

Article: build_article_prompt (keywords)

&3 4 8% H0re GEPdo rEm Senth eFRE’ el 88, IS ©0dNE TgRrd) Srgad Tahed. T EAKo 30 YR &od. HO
L 30, SY RGP AoYes0, PRI DFAes &omd. ©F Hrredd Bd) ) GRdRTASEd. PRGN g AoEs0 &HREPAoSos.
B sien, DUEseD, Sur GRPGrdo aiigtod. @AM gte SrE Tohod. do¥ Huren: {keywords) 8§ w5 @S Tgdo:

Extend: build_extend_prompt (keywords, existing_text)

&8 808 Horo @Erdor §od Seuth @SB TR FSRrOosod. aPBE TR woTeld eéa@g o°0hEd. 8¢ D3Nes, 5 HOTLT
Cemen, 58 $5rao S SBodos. S8,REHN 3O TR, Ko 15 &% srgen T°okod. §08 Huren: {keywords ) aRESEH:
{existing_text} FIJNosd:

Keyword: build_keyword_prompt (sample_text)

8ol Y E&F0 Xnod YBo™ 4 H0§% T S HTresn Beorh & axged. ANVEws S ALY TG aXgEod: {sample_text}
Article: build_article_prompt (keywords)

&3 4 8% H0re GErSorP Srgm Senth erE’ el 8, DISFS P EFTR) Srgadh TaHod. Ko S0 30 TS o, o HT°
o 8 28 SPRrAoSLd. DEIFNS T Vo0 GHETFNotiod. Hrden, Qe BE GRTS0 qNg¥el. TP o IrE
oeohod. do¥ Horen: {keywords} £ g E§S0:

Extend: build_extend_prompt (keywords, existing_text)

& 8% Hmre emrdor §od enth TP KPR FXAPNotod. aEE TP woreid &) Tahted. £ Jores, £ Sren, §8 SSrae
o Srgad &otod. 80 15 §¢ rsegen T°ohod. §o¥ duren: {keywords} aBus: {existing_text} &X¥INosd:

Keyword: build_keyword_prompt (sample_text)

§oB JrEg grtio Mook ey 4 AEPSIHBFNS Sa° ETREFS §o¥ Hmro Sooth & a%kted. Disaes S asy Feegen wgsod:
{sample_text}

Article: build_article_prompt (keywords)

& 4 8% H0re SEderr IrQm South erRS” wl 5, ISR SH° 3O 11ig &R Srgad TdDod. S0 30 TSYLs God. rge
eSO, NPT (§)Fgen, Hired HogTReseD, 00N S5 HsoMo yRom eroid. ©f Hrrei ) ) adRrAoltod. SNy
R Y ATE0 &HRPAS0G. Kriden, ASdese, Sae c’azbeg“éo RN tiesg e°tio SR T°0Hok. 808 Horen: {keywords}
£ v 15eg gifo:

Extend: build_extend_prompt (keywords, existing_text)

&5 8% Hre errdor §ob enth SHT° g el Ed&rNociod. @ies TR SYPITes Ky Ccob¥ed. ¢ SATes, rge ST
28, 5 Kosnexden 005 E56° Sronspen Srgsh BBotod. SPe O EIT. 80 15 £ arsgen 0°dhod. S Hmren: {key-
words} @)8X0R: {existing_text} ESrfHosy:

Keyword: build_keyword_prompt (sample_text)

8B AL MY grtfo Kol BN 4 §o¥ BT Seathe’ BNged. & ol HT e Eroen, SOX, FroddE woren (L5Ego, Mofiga),
S0B0%0 g Hereare) KoRoBoVST eord. DNTeren Sa@ vss Fsgew akg¥od: {sample_text}

Article: build_article_prompt (keywords)

& 4 808 Hrre wErdorT Hrom Sooth grid® el K08rg DAKT HA0F 0°ohod. HANE ©RSOE DYE FOS® eord. ¥ 30 YLD
&od). HNES® §od woze .\’g)éloﬁ" &0d: Egrodo O8O .%295;) 3)@3;83; 2885ene ©DNSSH ém"@"goé.‘éo; fﬁéﬁéogo, AASTE? égb 0805
Hofies B SoddGo G0, Ingo 2;"56533(’? Her0. @3 dTred éo@@ &D@@ &HBrHoSEG. Srssden Sae év@sg"e‘éo X0, BY
S 070508, S0 Haren: {keywords} DALT SN0

Extend: build_extend_prompt (keywords, existing_text)

&5 8% Hmre errdor §ob enth BAKT HALEH EXrNotod. BPEE SPPAN woreds by TPaH¥ed. FEM §od woreln DFnoted:
BoS° BQ)A HE Sa® FroSE worren; SYRTE S°BN DXYT Y DFes; oKL oY), WEPen $OH BOFNED; dndo MY
bgoﬁao $0005% B&80h JSS. ©Hs0E &é)djﬁ 3O EIFmd. %0 15 g ENSHON 0508, &8 Hrren: {keywords} a)E6%: {exist-
ing_text} :‘6@33§ EIN0d:

Table 21: Keyword-pipeline prompting templates for Telugu data generation across domains.
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Domain

Prompt Template

Academic

News

Creative

Movie Reviews

Keyword: build_keyword_prompt (sample_text)

freferfd ure & e 4 et o srrefie e e &l # dfSg) g faazor at s ater 78 {sample_text}

Article: build_article_prompt (keywords)

T 4 Y AT} o ATHR W qUia: e § e T, fawqa st o g ford | g B o & A 30 a19R g TR | Qe Sieft, dTfhe SR, TE
Forstwor ST TMRT | T & A3 H AR UGN 7 e | Tl arer weaen o suant ), fare, @ sffie 7 §) Fae s o & o
&7 Ueg: {keywords} T SHIGHE TE:

Extend: build_extend_prompt (keywords, existing_text)

T A sl o AR W fferid iRl s o o A1 9g1d | Uget 9 fore Mg sieif ot G = fored | 3haet 1 faseiwon, =g oy gfeeior, 78
ST 1S | dTfehes Sefl &=t Tt =T F & & 15 70 a1 ford | & Ut {keywords} 39 dk: {existing_text} i forg:

Keyword: build_keyword_prompt (sample_text)

Frafafd AR Fua & Sie 4 e gamER e s Bl 7 S 18 faawor a1 s aea 7 & {sample_text}

Article: build_article_prompt (keywords)

T 4 T UG & SATUR W quia: TS e 7 ue 7, faqa omem &o g ford | 5o 8 oA & &8 30 a1e 84 a1y | Tk 8 {1eal 1 aR-a1 SUanT
T aferer arer T @1 I o | e, faaRe, @ offte 7 §) Fae TR S € o | 98 9 {keywords} AT SHER H:

Extend: build_extend_prompt (keywords, existing_text)

T S ] & TR W Frafaied Rl Trmeam o & o 96101 Tea & for@ g sisi &t iam 7 ford | Shae g faawor, 7 gt 7€ e
S| T HH 15 0 9 o | T Us: {keywords} A deh: {existing_text} 3t ford:

Keyword: build_keyword_prompt (sample_text)

frferfid ure € e 4 afefcae a1 werave g sg & & o) i faawor an sy @ 7 {sample_text}

Article: build_article_prompt (keywords)

T 4 07 UG) & TR W quia: i smom § ues 2, fasqa Su=ame et ot ey str & fored | 5 & & 30 a1y €19 iR urEl Sl e, auites
3, T TaTE, SR HT B T THE B ALY | Tk & el ol TR-aR ITANT = ¢ | fafarer arery T ot Suant &d) fda, faaon, am sifver =
31 e I STt T T 3 B fored | 9 9TeR: {keywords} AT IUATH Selt BT TG SHan:

Extend: build_extend_prompt (keywords, existing_text)

T A AR & ATUR W Frferiaa fEdl S Sttt & e 3i7 1 I 9610 | Teet  ford 1Y g2l i Q1T A ford | Shael 7Y g9, T &l A~

e &I, 72 Temd oik e & Wi & )| Iu=are Seft s+ Tt Afeq | 1 F w1 15 Q arey ford | 92T 9sg; {keywords} 319 ddh: {exist-
ing_text} 3t ford:

Keyword: build_keyword_prompt (sample_text)

ot e after siar & 51 4 T ae il # g1 & e s T, 1fima, aeid deaat (e, Ffta), siR sarere wme &
TR B AT | i faror a7 o a7 & {sample_text}

Article: build_article_prompt (keywords)

T 4 %7 U] & TR W quia: & e 7 U Hyof fthen wftern ford | Tefter snieemives smairarione St § gt =1eq| &7 9 %A 30 a1 &4
ey weter § Fefeiad uee]; ST iR T faseruT; semenri & Ao o geaie; fdem, Rmmmenmdr o iia & xiter; feem o
TGS TTE | Ue B {T6a) ot aR-aR JUdiT 1 e | Fder 2 yifivert =1 &1 et wreften & ford | e erea: {keywords} fhe aeftem:

Extend: build_extend_prompt (keywords, existing_text)

T A Tl & AR W e B frem aften 1 ot derd| vea & afa sieil ot Qe = ford | 70 0 # frferf@a deqat &1 fasawor &
areft em Tt = TR U T A deR-iieht e, gRal o e TTelanTee faseyT; e it ifeRra SR smivar; g aeten fufa s Y gamen
TR ST el a=t THT aeT | &1 & &R 15 A7 a1 ford | 72T 2sg; {keywords} 319 dh: {existing_text} el TRl ford:

Table 22: Keyword-pipeline prompting templates for Hindi data generation across domains.

18709



Domain

Prompt Template

Academic

News

Creative

Movie Reviews

Keyword: build_keyword_prompt (sample_text)

&CLp 2 616 2 6mILI LIGH e ([HHS S160aWLDTS 4 SMeNlcy Dsveug] SevallFTT (PHSWE ClFTHEHD6T
SNV QULPMBISE|LD. Il6TE & MBISET D{6LeVGI LIM TS S WMIS6IT 6T(LPS CersusTLMLb: {sample_text}

Article: build_article_prompt (keywords)

QBS 4 (PSESWE CIFTHSHMET IGLILIEHLWTSHS 618 TeusT(h (P(Lpeugid SLILD Clomflufsy e (m Lgw, ailif)
umesT SVFT &L (hemFemil L (HILD 6T(LHS e Lb. L (HeDT GHMHSHGI 30 LTSS WBIS6T Q(HES Ceuessr(hLb.
A TTLFAFTH LIT6ssl], B17 &8 LpTULDTET HemLoLIL, Glgerfleument LGLILITUIG| QHEs Goretor(hib. HHCS ClFTH
FHem6IT LeBsT(HILD LB6uT(HLd LIWEsTLI(H &S CaUETITLITLD. LIGV6UED S UTHEIW emLOLIEDLILT LIW6STL(h &S 6| LD.
CLMEHTETSH6IT, aNl6MSH&MISH6IT, B{6VVG] (PESTED)IEM ULPMHIS CaU6TITLMLD. S6VaIFTT &L (hemFemi L (HID
TSI, (PHHWF ClFTHH6IT: {keywords} LSHW Sevail&my S (hewmi:

Extend: build_extend_prompt (keywords, existing_text)

Qb (PEHHWE CIFTHHMET SGLILIEDL LTSS Gl&Test(h SCLp 2 6116 SO SHevalFmy sL (hemrenul

QB TLFeLD. 6JDH&esTCo 6T(PSLILIL L eleillinbIgen6T eooT(HLD 6T(LPH CeuewsTLTLD. LS LIGLILMIeY, Lgw
A TTLEFS CHTETTIBISHET, LS $861U6VS6IT L (hLD CFTSH&H|LD. S8 &LLTEULDITEOT LIT6ssl G1BTLIT Geuesor(hILb.
GODBSFHI 15 LW UTESWLRIS6IT TIPS LD. (LPSSWF COFTHSHEIT: {keywords} QI6UenT: {existing_text}
ClgTLFH:

Keyword: build_keyword_prompt (sample_text)

&C1p 2 616 O FWFH S HL(HedTullef(HbhgI 8I160V6NILDTS 4 G (HSHSHLOTET GIFUIH (PSS CIFTHEHDET SL
6L QULPBISE|LD. aNeTSSBIS6T DeV6vg] LIMD UTSHSLBIS6T 6T(LPS CeuedTLTID: {sample_text}

Article: build_article_prompt (keywords)

ABS 4 (PSEHWE CIFTHHMET SIGLILIEHLWITSHS C1&TeusT(h) (P(LPeUGILD SLOLD Comflufev e(m Lgu,
aflifleumest QFWILH S &L (Hemremw L (HID 6TILPSLD. HL(HemT GBS S 30 eUTSHSWBISH6T Q(H&Hs
CouetsT(hLbd. (6 C\FTMH&HEMEIT LB6usT(HLb LB6ssT(HLD LIWESTLI(HS S Cau6ssTLITLD. LIGLEUEDE eUMTHE W B{emLOL]
smUL LIwesTU(h & &6 LD. CLoMHGST6ITS6IT, ail61Ts&MmiIg6IT, D{6V6VE)] (LPESTED)IEI GULPMIS Ge6TsTLTLD. ClFIg s
SL(hemyenw L (hLD 6T(LPSHeLD. (PHHWF CIFTHSHEIT: {keywords} LiSHW ClFWHS S (hewiy:

Extend: build_extend_prompt (keywords, existing_text)

Qb (PEHHWE CIFTHEHMET SGLILIDLWTSHS C1&TeusT(h S6Lp 2 6iTe SO CFUFHE HL (Henrenwl

QB TLFeLD. 6JDH&HesTCo TIPS LILIL L elesillinbIgHen6T BesoT(HLD 6T(LPH CeuewsTLTLD. L|HW efleuFmigeiT, Lglw
CaHMeuTMIS6IT, LIS $H6U60&6IT L (HLb CFFHSH|D. GmDHSHSI 15 LS eUTEES WBISET 6T(LPSH6LD. (L&
W& QFTMHS6IT: {keywords} QGlevem: {existing_text} CHTLF&S:

Keyword: build_keyword_prompt (sample_text)

&CLp 2 616 2 6T LIGH S ([HHS S160aWLDTS 4 RevESI D{6V6VE] HeNSWEDLOLILIF FTTHS (LPSHHWE
QFTHEHM6T SLOINL ULPHISE|LD. AIleTS&BISET D6L6vG! LM eUTEHSWBISE6IT 6T(LS Cer6uoTL_mLD: {sam-
ple_text}

Article: build_article_prompt (keywords)

ABS 4 (PSEHWE CIFTHHEMET IGLILIEDHLWTSHS Cl&T6usT(h (P(LpeugId SLSLD Clmfluev ¢(h Lgw, ol
fleumest BTeU6H LIMeusil HemSHemL_& LiGSlemw L (HILD 6T(LHSLD. DD HEH G 30 eUTSSWBISET Q(HHS
GeuestT(hLb. LTSS TS 6TN60T 2 60T &F &H61T, QU evsTem6oTW 60T STLF&H6IT, QUIEVLITET 2 6D FWITL V&6, LM
NI HemGHUNedT BaTey ClGerfleuns QM CaussT(Hib. BI6H OFTHHEN6T WessT(HID Lessr(hib LiwesTL(H S5
GAUGTHTLITLD. LIGLEUED& 6UMSHSSIW BjemLoLIemLILI LIWesTLI(h&SHaLD. CLoMHCSHTEITEHEIT, ail6ms: & mhiH6iT, B{6vev

&l (PESTED)IEMTT ULPMIS CaU6TITLTLD. BTEU6D LIT6tsi H6DSHeDL 8 LiGSlem L (HILD 6T(LHSeLD. (PSSW&
QFTM&H6IT: {keywords} L|FHW HTEUGL LIT6uT| H6m&HBHOL & LIGS:

Extend: build_extend_prompt (keywords, existing_text)

Qb (LPSHWE CIFTHHMET S{GLILIEDL TS Cl&TeusT(h SCLp 2 61T6I SLALD HTeU6L LIMessl] S6ngHenL &
LGS eOW CHTLTeLD. 6 D&H6TCeU 6T(LPSLILIL L STLHHem6I LE6TaT(HILD 6T(LH& CeuestTLTLD. LS STL_H&eT,
LTSS TmBIS6Tfl6tT esTHlemev, LS Bl&HLDeY&6IT LoHMILD Senguiley SmLILIBIS6T WL (Hb C&FF&HSLD. HTau6L
umessfl QBT CeuesaT(hLb. &6 MbhSHI 15 LS eUTSHSBISEIT 6T(LPSHLD. (PSHSWF QFTHSH6IT: {keywords}
@Aglauem: {existing_text} OHTLF&FH:

Keyword: build_keyword_prompt (sample_text)

&G 2 616 FlewrriLiL aflofFeril LGS W ([HHa &I0aWLDTS 4 (P&HHAWE CFTHHET SLALf6L
QUPBIGA|LD. QBS (PSHHWE C\FTHSHET H60& D|LDEFBISET, BIgLIL], CISTLHELRIL LI D|DFHISEIT (QUuIs&LD,
Qemd), LOMILD 2 6TTFFHS STEHSLD S WeUDDIL 63T CHTLFL{EOL WeDaUWTe: Qh&:e Coususr(hib. ailems
SHBISEIT BJ6L6VG] LNM QUTSHSLIMNIS6T 6T(LPS CeressTLTID: {sample_text}

Article: build_article_prompt (keywords)

QS 4 (PSESHWE ClFTHSHEMET D IGLILIEHL WITEHS 618 T6eusT(h (P(LHeUSILD SLOILD GomHuiel 6 (H (Lp(LYEmLOWIT6sT
FleorLLL alof&FeTEHems 6T(LSHeLD. aIfF6sTld IS &TTLLTe ailfas ) Limsssilulsy Q(H&s CeuessT(hiLb.
GDHSF 30 QUTSHHWIBIHET Q)(H&e CouasT(hLD. ANDTFITSHH6 SIS SHEITL. D DFBISHEIT: HeNGILEHLOLIL]
LHMID HeDTHEHems LIGLILMUY; BLG&T/BgensWwilest bigliL] bSULTH; Quwésib, eeflliLige] whmib
@emF a0 FeuTLD; HleMFLILIL SHH6IT GILoMShS 2 66T 58S HTeHEHLD. HCH ClFTHEHEI LesoT(HLb L56woT(HLD
LwesTU(hSS CeaussoTLmib. GLoMGSHTEITEEIT BJ6LEVG] (LPEITERIDT QULPMHIS CaetsTL ML, afLDF &60T&HemS oL (hLb
ST(LPSHALD. (P&HHWF ClFTH&H6IT: {keywords} SHlemTLILIL. @ILOf&FeoTLD:

Extend: build_extend_prompt (keywords, existing_text)

Qb (LPSHWE ClFTHHMET S{GLILIEDLWTSHS 61&TeuT(h 6L 2 6iTerm LAY Hen Tl aofFersHeng
QBTLTaLD. 6JD&HeTCo alauTHSHs |LDEBIGn6IT eooT(hLb 6T(LPS CaresoTLMLD. L|FHTe SDSHS60TL S{LDFBI
SEM6TT LIGLILIMIIGY| QF e b: @eiTeanib eleuTSlSSLILIL TS BIGLIL| B{6L6vGI C\STIHHIL LI D|LDFBISET;
ST &61M60T yLpLomest ailofFeT LIGLULITUS]; SlenULL GS60T LIGUkIS6IT LoD nILb L6V 6OTTBIS61T;
QTss afloFsers SFLiL| whmib wHUILTH (Criign) uflbgienT. HSSTTLFe albfesT Limessi Qg T
LT Geuesst(hLb. GemMbhSHGHI 15 L|FH euTSSInISH6IT 6T(LPSLD. (PSSIE G\FTH&6IT: {keywords} QGlIaIem:
{existing_text} @NOfFeoTld C\GTLF&FH:

Table 23: Keyword-pipeline prompting templates for Tamil data generation across domains.
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Telugu Paraphrase Example (Original — Chinese — Original)

Original:

Rr8resg, DS Bormg® Sniies S8R Sofirio dod. ud SiSeRd DB0ites® wosirOE &rd SPREH0B. SO &
SB0S® S0l FYHEED FUges” GotiiT, AHTEBOHS AroSEaired’ Sngn P& HQ IS TR JTOK
S0ET0N. 158 F&°e0S8” HENE BN sy s ST S o en NEY D Hoggd® wotherend™ oo, EESNA
[088 B’ ArgBotih 8 Idress Bop® S DB ST S ©oNod. WEHNE S’ HYST® Lwges,
e HE0H ©oErdod 80 DRYYBLDELE. HSTOW 2.8 RS 0D HE RS JrgEd) Kol w
o0, Q"Rﬁ"i)&@@é 3)?6:&3"?0 LP08. AT, @“o:‘()@é’éé DEY Soogred 2 H50 FoHES® 1O V3N BN
QE380008. &) Dergdodd’, DRDETAD Hoarecho Hof VL T3o° HRTBTRY) B¥oBosS). ARV S5de
g0 @ HEDH S°8es0m JXTerS @othd. Jorg ATRoS” RS SngrgRsd eddgto. ST, Qg
S8 @SSO @kgdo ol oFrgen daeg SETOES grtiom Sroron. §R) Qg Sogen DFR RS Py Ererolo
D B 8’ S B HBBOTYo. HEGHPTRY DFeor B, o H00edS” HdESETem QS Homren
ERRTHRIES 0N, HRPHEEFS JreroeR) Do ©0Q0t5e0S® RS BBo08), 3008880 180 d. JodtesS 28
Rl TROD HID. FeSonsen > HOES, DS DFese T0° SIPToQ) HoSwdo BFH. Vg Hdorr, D) Do
5308 DT GoTedH DB H$HH JEK DN rg“o:oée S0 Friatigo Aromeom. ir"o@w’oﬁaeﬁ» BENES SoFsS
ErPoBS Jormred Hdrers SrPERT Ae0HT0N.

Back-Translated:

320&305 D8cH @“33"@‘.(950 huitalorey) &)%”é :3%0@" Pl @"5"«‘0& @EN0NR. Tide 3)26683@6 éaaa;gavé BT, @“5&
o Be53F0S° é:%:g.ewoae» a@géoé) SerSes mamges.% 20830h S ISP RONS HoEroHeS’s HRBowron
$o0050 QP TGRS FrBNE H0gieirsd eoBowron. 158 dermod” 6?658;5 20800 AR EVDEN STRE, FIFVR
S a&&dﬁ@éﬁ ©HB BodI 3:3"@6 e, el Sof® @66(5833013"033 3858 S°e>oe.36 @gé S0giea 08050 @k
T HEANE) WEE 288 INAGRA STNoR. BNTH0 WA wE FPR $od T RS’ JWTRY, JrE)do 000
0 0 ©PRQE ) HrgRY BrRE00B. ETE SO0 Aok BY BB K FoIHBSIBEeE BB Sogd
S DRPB. &Y Dy Boged’, DHRATgOH Gude N0l SV e & HRFETR ot IBB S HO
g0 0T HEAH Ty MTES R0, QerggSH RN B 28 50830 0. Dot FESSS
Eoescto 0B Darghes & 8SES% @olotitio Yol OFgen Iy S°UgEseS” grtior Srderon. §Q) dargdo
P & 58 RS D oo ErErofo eiesd’ Sripei) St HXokEHR. Ay SrErely Do BHEs
NBos» g@:ﬁ& 0808 SNQ Foiren GRRBTHESZN APETPen. B R0Y), @‘éaaspgé“éb 800 FORTHEERS
80 DRHPRS JRPwroR)) @ofowd. Yol Xagéé 38 2.8 ISENVg VN rB"f:o_gdS) $H580%. BSones HBFEK SoBA%H EAES))
:3"92’9&5 Déﬁsa W0 NAPETTRY) NoEdo 3@“6& @g‘% 6“@"33 ¥o220800N0e HTB, Giden FRSL Dok Qﬁgé@é

B0-De0FN HXe HEH HePUesd” JrKHET odran. HoREdho, BEHNES HYNWN Homreo HXreErdS Srgttso
T QR0RIT7ON.

Table 24: Illustrative Telugu paraphrase example generated via a Chinese pivot (Original — Chinese — Original)
to simulate paraphrasing-based adversarial attacks. Back-translated segments are shown in bold for clarity.
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Hindi Paraphrase Example (Original — Chinese — Original)

Original:

SrareHt a1 3T gedt W Stiad & Udgriaes shi 3R fafaedr &t wme § deaqul it Ferar €1 7 QRIaH srasisl o fasasor
T Fadl T USTrl &l Ial Iadl 8, Siedh el GXaHT, FaeR, Td uikiefae dFf o1 oft I e giar 21 321 & fFHeafor §
S TR o ¥ H hrd Hd 6, Fiich $eich HILAH G T BIel1 & foh fohdl Sita T o1 fohardl daley g1 ¢ | Sitataehrea frgid &
HIAR, Tt STl T Il Ueoh FHH GdoT 4 §8, 3R Ik URAc [dadH| o 0 7 37T o Siidl dch o ST Tehd | HdaTiieh ot
1 fawTor ot Sttared faei o faera & W @1 81 gedt & sfaerd &t fafer=1 Frerdel & diee &1 o Qferl ol wXal 3R 31
T ST a1t Sifereh STaSis o SR o | e, sigifafemm, Reafam snfe g g2 ufthar & Serewor €1 v sifidhg
T H, STal el USTiod, SRR, T TeaT § Hacayqul uRad @ & fdd 81 Fwefi-areft 31 o & ofd & 98 X & faaqqwiianeor
+ft gU, TSIk TrTOT STiaTedt & SIRY UL 21d €| GG 31 At @it & o9 et @io & g Stiafaeere deiti-es Sifae gI
gfaTied UTepces aeuT 3 STJgher ol HTLRUITY IUANIT FHTUT TEIA e & | STel1d Stial o1 et WIfor § wujaeor, ufedt o
SEER F I, aUT TRl ot faerd, I guft geaTt shifier yiadsl &1 Uiord &1 SHared § U1 9 arel Se-Tcdeh giad
1 et Sifeifoiener & daR e | Heraes g 81d 81 a1 ol bl GHaTary drEi-sdiel aut # thell g8 6, [oaH 82 g
& 1 fafaerdr stfgdar T SRR Sl & faxTer TRIgul &l T o, STaieh ShICIEd & 3 & el Ud T &1 v §eT|
S URAdHT & HRUT ol LT A T TG, ATATER0T § URadH a1 gedt bt preffa wfafafaat «ft st &t St 8

Back-Translated:

SraTeHt a1 3T gedt W Stad & Udariie e iR fafayar o aegm & mgaqut sffieT mar 81 &7 wrehie sasisi &
ToAT0T F 7 Al YT USTTad T U detdl & Siesh Sch! T3a-T, TR AT GTRiRATaeht o= & T # off Sieresrt et 21
Sttared demaet & fraieor #1 ArarR & Jiich 3 IA1d @ (o6 Stidl & i | HHE & 6y 6 Og 4 3| fAewae & fga &
FIER, Wt Shfaa Sfat Fr Seaf Ue T gaist | §E €, 3R 37eh TRad AT & Stiiad Sial deh WewTd & €9 H Whe &
THA § | qATE THY 1 Ao oft Sfarent fore o farera # e 3 &1 gedt & fder o srenT-otent satEt # -
TS SAferdl & YEIIeRA 3R 3k +fIaR UTY ST aTet FTei-ieh HAaINT o STER fohaT STTaT & | s, TSiaraeT e fRaRa
S T 3 IRAT & ITTEVT § | TS YA G & SR, SHidd Sfial & W, AR AR A7aT1 § Heaqul TRac gu e |
F-F, T A o ST H 93 T W i g2, FSrees wnoT Siaredi # uT ST Hehd 6 | faereard! derie Siia g et
T I 3R e ol ARG fAfer= 427 & i qredra R Hae Gior & o1y SUFRit a1ed Ue Hedl € | e &
el wiforal # epwor, ufgral A s Y Iafa, wenial o e, & geft geand swite afvad-i @ uftomy off | st
& H U1 Y ST TR & UIRanes &7 qaR e § 7eg e @aﬁmwa@aﬁzaﬁaﬁwﬁmgm%
3R Ycdieh T i Sta fafaerar sifgdia &1 SRIfdes wre # fasner GOl &1 T o, Safe wefras & ofd § diel oY et
T U @ I | 37 TR o HIRUT T AT I GHY AT i T, IIHSA 3R ATk araieral 7 aRads &1 off
sregg T )

Table 25: Illustrative Hindi paraphrase example generated via a Chinese pivot (Original — Chinese — Original) to
simulate paraphrasing-based adversarial attacks. Back-translated segments are shown in bold for clarity.
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Tamil Paraphrase Example (Original — Chinese — Original)

Original:

Hallullwev 9Mlaiuwsv GlemmulleL BlevdhsL (& ETHLD, DeUDHDME G5LP6Y6TT6TT QIS EMIS ETHLD
018 188 (P&HSIWSGIaID 6ILIMISHETMEDT. BlevdSL (h 6T6sTLIG| LLLSIUIlesT GLoMUIFLIEmL eLpLg
W& G LB LUTenDS $5(h&H6TTGLD. Qenau GleucuGeum| LIFLILIETaN6Y|LD, SHLGLOEE)ILOT
&6)|LD &TesoTLILI(h &ledTMeoT. LiLSIUTlesT GLocLLIGS) LDGSTMITL. @5Lp6L GLITESTM GlauLiL, (&S
Coumiuim(hserileormev, Qemeu AMg HAMBISTH H&THTM6oT. AQHS HlevdHdL (h&ETH& S emLullev
GBS G LD 6TeLEMEVSEIT GlauIqLIL|&6IT, QL FLIM(H&6IT, CLOM&HELEH6IT LMMILD 26mL T(HLD &(HHens
&61TeL GMILILNL L. @Q1L_miserfley G HS (PSS 6fHLIHIFSIMGI. Hev CHImIS6TI6n, HlevdhsL
(h&ei alifleusmLwjb LiGElulev Hemeu LTMILIM(H G\&TesoTL LIFILIL|&H6TTs LNFlhg CLMmE@Lb.
@QeiTen)ID Flov CBIMBIGETNEL &8 (h&6IT 6965TMIGl60TTETMI GLO6L 61FELEIGTMEIT Bj6LevG| LIMEullen
GLOTG&6BT 60T, Qb QWIS SHBISHEIT Blenev6lLIDEIlELEm6L 6T6T DTV, FILCLIT6T B HMEL Gleu
efiliL(h & &I QUiLguimest 4 bmev Gleustfui(h BlevmH&&SHens 2 (HauTs S M. Blevb(hH &
&5 8601 GUITg] L Blullest Gopuiriic) LNAM), LiqLliquins HFHTEFSH Diem6evs6iT &hmlujeiTerr
LGP &6Tfleyild LITe&l6sTmeoT. @& &L 1GL BIS6IT HmIb LI &L LemliL|&erflev CF5Lb 6FMHLI
b5 WIgULd. G1L_&L _Meofld LNG6TL. QuISSHmISHEIT SHTT6osTLOMS 6)LI(THLDLITEVTEsT Hl6VH(h & &b
&6iT 67 HLI(h&ledTmeoT. LLolulleb QH& @b Qg1 CLITEST D QUIS & BISEIT GILIHLOLITEYILD | &H65TDI
LS BV B{6V6VG LIOTIUTGIT 6TELEMEVEETTIEL Hl&LDE 66T MEOT. GLOGEVITL L LOTEET QU185 MbI&6iT
6T(LPLDOLILD GlLIMIP G, FH&HS&HLILIL L QLGS0 CILI(HLD NH(PSSS STEH&L C15H&SMmeI. Hev A&
SHEVITEUT Bl6D6VEMLOGETTIEV, G511 GIT60T S LOLDTEST LIMSBISETTIEV GHT(HSHEIT (PMley GlLIMIDLIG
ClFWI160T MeDT. QeuauTm] BIEHLPHSHID GleueriCWMIDL Y MHMEL LyLOIUN6sT GLoHLITLIEDLI ST
UGB GLD. Fl6v [Bl6LH(H&HHMBIGHEIT HLVISHHIGUINEL D6L6VGI GMISIW LSSV [HlSHLDES65TMEDT.
@emeu &1L_6v Bifleb CILIHLD HEDELEHEIT L6V G)| SIS FEFFleDUI 2 600TL TS G)LD.

Back-Translated:

Hellullwev Hmlafwev glemmuilsy, GIL_&GLTesN8 SL (h&H6IT LoMHMID SjeuDMl6sT SrDmIriL]
MBIS6ITN6T Qs &S| (PE&ESWSGHIAID UTIIHSS. 5600TLhISe6IT LjLolullest GLodLirL
emLI 2 6TTemL_&&W Ll LTenM&6IT. emau GlousuGaum LiGHSHeMayid siqLoesileyid &m
eooTLILI(hLD. L, LSluf6oT 2 F8ufleL 2 61T6IT LOMESTFTL. aU6eIMILDG3oTL VLD CLIMEsTM GleuILIh6t6v
LOHNID SI(LPSHSSHI6L 2 6iTem CaumILIT(hSETTeL Siemeu AMGI Ba([HLD. QhS 61L_&CL Tesild
35 ETH G, @QemL G 2 6ITEIT 6TELEMELEEIT GlaUIqLIL|&H6IT, GLOTHEVSHGIT, GLOTHEVEHGIT DM
I GO L Q1L igeNev DF e (WSSHmS allememaildb@d GIL&GL Tesldev oy &lw
QUHMTEL e HLIMHSMGI. Hev FWmHISETIeL GL_&GLTesd 58 (H&H6IT LT CLITGI |em6u
&6oT1 55601 LIS IL|H6MTS 2 6mL_&esTesT. Q(HLILNE)LD, Hev CHImIS6T6V, HL_(H&6IT 6adT
MIL_63T 6265TMI Dj6L6VGI LITHUTGL GLOTZHIH6TD6IT. QhS QWIS SMIS6T BleneuWDDSHTEH
QUBhSTeV, Y DM6L FleblTe GleueuilL_LiLi(hb. bs 2 Hmedlest Glaueriui(h LysLbLIBIS
6W6IT 2 (ThAUTESHEVTLD. HlevH(H&&SS 60T CLITE), LpLblulesT GLopuyliL] Glaigsgl, S j&d
SI6D6VEGTT LIGLILIGUWITE &DMIWL6ITE LIS & EThs @) LITeSledTmeoT. @& &L 1GL_mbIS6IT b
MIb LD L L emIOLILSEHE S CFBHHemS 6JDLI(HSSHID. CILIIHLDLITEVTEOT LLSLDLIBISHGIT G5
CLmeol18 S (h&erNetr Quide: g5 mev 67 MLI(h&ledTmeoT. LLLAlulleL Q&8 ema W QuisSBIS6IT GILIT
BI0UTS PLOODD Y LPSHH6L Bj6veug) LLOlUN6sT 6TeLemeuS6TTIsL BlSLHEGSTMEDT. GLoHLITLIL
QussD BHSIHLELITEI, G\STLIL] $6ITHH60 GVIINL_5555 | (19HS a6n6Ta]HeIT 2 6voT
TLUILI(HSI65TMEDT. Fl6v F1&&H6VTerT @G5LDHIE6VEETTI6L, Y LOLOTETT LIGS&H6TT6L 2 6IT6IT (LPEH6BT&H6iT
Seblyest 2 6L bl GLITSHEVTLD. 3 HMESleT Qbs euye| HmI GleueMNGudDmLD L,L6lulles
GLoPUTLIEHL AT 6DeUSHSIDGI. Flev LHSLOLIBISET HLaVI5E AHIGUleh D|6L6VEI RLPLOMMD
&SV 67HLI(HILD. Qemeu HL6v Bifleb ClLINW DHeWeVS6IT Di6L6v8| IFFFS SHemaIT 6L
HiSSHID.

Table 26: Illustrative Tamil paraphrase example generated via a Chinese pivot (Original — Chinese — Original) to
simulate paraphrasing-based adversarial attacks. Back-translated segments are shown in bold for clarity.
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Telugu Perturbation Example (Character Removal, p = 50)

Original:

Freresg, Degd Sorrg® Sugies HEAHE Sogrso 0. al SSSo DB0S0S® @odyrdes g %P0, FPS g8
SBH0S® SnmPoTT FFRSEEn TGS GodiT, AHTTROHS FoRTATes’ Snis SEBm: $Q) I s $TOE
GO, 158 Feg08” HBYS DO ey, Teo STgS 8y FoFren &y Koggd workernd’s oo, @B
Z08% B2’ urgdotich 8 ey Soy® S SB3e TN S0 @onod. 8EE S HRS KN,
@056 80 XNoEENoE K80 @é@eﬁéﬁbéﬁ)éﬁo&. HBTOR ¥ PRS00 N8 RS SrGiER) STl el
o, g‘@@é@@é 20STPo SrR0l. FTesE, o) B8 DB Roworres 2S°HeS0 WS Bl DFR TR0
Q3GoR08. & Drgidopd’, VDTN Hoareoho Holl VB TI0° HRTRTR) BHoBoH). ABB S5de
g0 @R0ETES HEAH SPEEsoT BerS @otded. g A0S’ RS 3003gRN WHEGE0. RSV, ErgEhed
Srdd estid) akgio S0t ogrgen Darg JEES” grifor Jroron. FR) Arrg doged DB MRS PEoe Srarodo
D T @S5S’ DG S HOBOTYo. NEFHPTRY Do IS, grido H0edS’ wHESETeIm S0de Homen
GRRPIDGBON. GHRBTHEERN BT TR Do eolostéod” RS G0, 08B0 1980, HodiSesS 28
Qa3(3 6°§O‘53 H80%. Besomesen D8I, BEVON] NFREIL TI0° KETTTRY) KoELN0 WD QPR o™, YY) DY
08 DT ForTeoH Dendd HHe HEH DG :g“oaa(’ss B30 Jreddigo BPolPoR. APoRIPANN, @S o'ES
Br@rold Horren Jd5erd8 Srgid)m JenHaon.

Perturbed:

RrSesg, D Borm e’ Bongies HEOE Sogrio . b SS0R DYBoSES® Wodiros Je FRod. SO &
BR30S” s0gpgom SFRHSILD FeBFS’ Gokdm, IHPTFHINS AroREATreS” s DB S Vg T3R8 FOY
S0TI0N. 158 Fee0S” HBE BN 8 Ces Y Homen &Y Hoggd”® wotherend™ oo, SESIARRCIAN
Bag® dorgotich 598 rsiress Bolp® S DB STENOBH S @008, WEHHNE 5o’ HNS® LEEs, @IS
H8AH @X0dogrKod HoBoes &:fggééﬁaégé‘o&. JATOK 8 PRG0N HF RS SrGER) Srdod earlo, &
@@é@@é Yo P08, e, @“o:‘é@@é DEYHT Roorred 25 D80 B0HE0S® 9O 3R PSR QBYBo0k.
QS DargdoRd’, ATRD ForredHo Hotf S TIT° JRTETR) BoBoNDE). DBV S grdo @
H80% s H5relS ©otheiod. Darg DTS QRS SwegRed eddgto. ST, Qg% Jreéd LR
Qo S0 OFFgR0 AIRY VEFOES” grtiomr Srorow. SR ATy Sogen DR MRS VoG Ererofod T8 eisead”
2GS B HOBOTYo. DeFHTTRY Do BoHcEeS', grio HoD3S® LHETETLIT S0EE Horred GHRTHHEE .
SRR BETTTRY BBl @oBosSihod® S W, P Mo, (BB 28 Bl THAD ZE®.
Sesonesen $H88%SS, QXHS DFHes Tg0° Srarord) Sosodo BPdd. Qe Horr, DY) HRFo e Homredd O
ISR AL AAE @"Omés Bedden @"iﬁ)(‘ﬁgo SPOIPON. APoRIIPONNN, eERIES oS Srdro tlogren 8337
SPGB QeRRTHON.

Table 27: Illustrative perturbation example created by random character deletion with probability p = 50. Long-
form samples are shown in a full-width layout to preserve readability for Indic scripts.
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Hindi Perturbation Example (Character Removal, p = 50)

Original:

SraTeHt a1 3T gedt W Stiad & Udariaes sh 3R fafaerdr &t wme § deaqul yffet FHerar €1 7 QRIaH srasisl o fasawor
T T Taet UK USTIIE! o1 UdT Il &, Sfesh 3! U¥aT, Tag, Ud uiifRifae af o1 oft 99 ured giar &1 91 & el
STaTeH HeATdR & ¥ § &6 Xd 6, Filch 37ch HTLIH A FA1d GIdT & (o ol STid THg o1 forad e W@l 81 Siiafaerd fgid &
FIER, Tt STial T Iy Toh T JaST & §8, 3R I URad [aadHi o € H 3111 o Si1al qeb o S ahdl ¢ | SJaTieTen gait
1 fqure ot Sared faem & 9o & 9 6T 8| Yot & 3fagrd o i el | died ol sid Sioril ol Ual 3R 38
T ST Tt Sifereh STaSis o SR o | Sfiae, sigifatemm, Reafam anfe g 2 ufthar & Serevor €1 v sifidh
T H, Sl i YSTIc, AR, TUT TG § Haedqul URad- @ ot Bed &1 Feft-aeft 7 o o ofd § 93 X o faeeiianeor
+ft gU, oIk o7 STiaTedt & ST UTed 21d €1 GG 31 fafere=T @i & o9 el @io & g Stiafaeere defti-es Sifae gI
TfaTied HTepces aeuT 3 STJEHer hl HILRUITY IUANIT FHTUT TEIA e & | STel1d Stial o1 eitd WIfor § Fufaeor, ufedt
SEER F I, aUT TRl ot faeerd, I geft geaTt shifier yRadsl &1 Uiomd &1 SHared § U1 9 el See-Tcdeh giad
F7 Heet SifaTaioTend of qar He 1 e [9G 8l 6| AT Zoi ol GHamary aT@il-wiie! aui # hall §s 6, (oeH &8 gi
& g fafaerar g SRR S H faRTer TRIgul &l T o, STaich ShIciEd & 3id & el Ud T &1 v 9eT|
S URAHT & HRUT o6l LA A THI STAAR, ATATER0T 7 URad qe gedt i opreffa nfatafeat «ft srezee & St 8
Perturbed:

StareHt &1 3T gedt W Stiad o Udgriaes s 3R fafaerd &t arem § decaqul et FHTar €1 37 GRIaH srasisl o fasesor
7 el W YSTIAA! 6l Ul Teldl 6, Ih! T, AgR, Td URiRfden o5 1 7 UIed Bidl 81 920 & FHeior § Sitares -
YR & ¥4 H B XA 6, T ATIeH F AT 21 ¢ (o STid THg 1 fhad e @1 8| Siiafaerey figia & srgar, a«ft Stat
&1 IR U THM JaoT U g2, 3R I7eh URacH faadi & 0 5 319 & Sial @ ST 6ehdl & | JaATep gril al favrer off Sfrares
TR o faerer & e a1 &1 gedt & 3faerd ol fafe= srerdei & dien ol & LAferdl ol TXdl AR 376 U1g ST aTed Sifd e 31a-
QT & FTTER fopa | v, sifetfatda, Riegfia anfe g st ufchan 3 IaTewvr 8| s Hifiehr o |, Sfiat oy,
HRR, TN FEAT H HEaqul URad= o & et &1 wefl-ahdl 3 ol & 3id § 98 TR & faqdianor gu, e omor saredi &
T B1d &1 GRghy fafer= asif & o9 el @ie & fog Shtafaerre defTi-eh STiae g1 HfauTiad Wighfen aeuT i STga ol 3a-
RO ITAWTT THTOT YA il & | STena Sta Sl I Wl 5 FIaRoT, TRl ol SEHIGR & Icdi, T4l ol faemd, &
Toft gead it ufkad=l &1 ufkomm €)1 Sared & Ut S aTel GRaHTcE Uiads 9 deet shifaiaiforee & aR @ed § 98
G B &1 ATk T bl THATary ATEI-Hie! aul # thall 5 6, ToTeH &2 g7 ol 91d fataear fgd e 6t | JAiee i | e
FIGUT T T T, ShICIATH & 3id H UTell Td Ta-Temal 1 T 96711 3 URac1 o HIRUT b AT e qHY STerdrg, aTdl-
07§ uftade qer gedt st sreffar wifafafear off sremee <t St €

Table 28: Illustrative perturbation example created by random character deletion with probability p = 50. Long-
form samples are shown in a full-width layout to preserve readability for Indic scripts.
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Tamil Perturbation Example (Character Removal, p = 50)

Original:

Leufwev 9mlailwiev glemmuileL Hevd L (h&ETHLD, BI6UDEDME G5LP6Y6ITEIT QUI& & MI&ETHLD
151& F)& (Lp&& W& GIeuLd GlLIMISI6dTD6oT. HlevddL (h 6TedTLIG] LLLOlullesT GLopLITLienL eplg
U@ Lb CILIIHLD LITemME 58 (h&H6ITMG L. @emau 6lausuGaum| LIFLILIGTAIGILD, &IGLOED)ILDT
861D &ITeuoTLILI(h&56oTmeoT. LLLAUN6ST GLo6LLIGS) LDESTMITL. @5LP6L GLIMGsTM GleuLiLl, (&S
Goumium(hsserflesrmev, Qemeu AMIGI FMSHTEH H&[EH6TM6oT. QHS BHlevdhSL (h&ETh&SlemL_ullev
ONHSH G LD 6T6LEMEVSEIT GlauIqLIL|&H6IT, QL FLM(H&6IT, CLOM&HL&6IT LoMMILD 26Tl T(HLD &(HHem S
&6meL GMILLNL L. @)L _Biserfley G HS (PSS 6fHLIBSIMGI. Hev CHImISe6TI6n, HlevshsL-
(h&seiT alifleuem b LiGglullev Hemeu LOTMILIM(H 61&TesoTL LIFILIL|&6mTs LNFlhgl CLIME@LD.
@eiTen)ID Flov CBTMHIS6TNEL &8 (h&6TT 6p6TMGl60TTETM)| GLO6L G1FELEIETMEIT Bj6LevG| LIMEullen
GLoTG|&6sTM60T. Qb QUWISHSHBIGET BlenevblLIDailsuemsv 6T6T M6V, FILeblT6sT B HMEL Gl6u
eflLBH & DG QUiLquirest By Hmev Glauerlui(h) BevbHseHemS 2 (HauTshGHSEDEI. BHlevb(h &
&G Sleor GLIMTG) Lpolullest GLomurli] LN M), LigLlinquins K& jed Biem6u&6iT shmlujeiTerm
LGS &6TeyILD LIT6Sl60TM6oT. @& &L 1qL _HIS6IT LHMID LM &L L emLiL|&6rMev CF5LD 6 MHLI
HSS WIGULD. BIL_&L Meofld LNC6TL. QIS SHMBISHEIT SHTT6soTLoMs 6)LI(THLDLIMTEVT6sT Hl6vh(h & &b
&6iT 67 HLI(h&ledTmeor. LLolulleb QH& @b Qg1 CLITETm QUis&BISEIT GLIHLOLITEYILD | &H65Tm)]
WSV BI6L6VG| LISIIUTGHT 6T6LED6LEHETTIGL [5]8LDE5I60TMEDT. GLOGEVITL L LOMEsT QUGS MBI 6T
6T(LPLDOLILD GlLIM(IPGI, FHSHSSILIL L QL &Fl6L CILI(HLD AH(PSSS STE&L C1SH&SMmEI. Hev A&
SEVITEUT [Flem6VEMLOG6TTIEV, &1L G)T60T Y LOLDTEST LIMSBISETTIEV CHT(HSEIT (PpMley GlLMIDLIG
Cl&FWIS166T MeDT. QeuauTm] BIEOLPHSID GleuerGWMID B MHMEL LyLBluTesT GLopLITLIEHL ST
6615 GLD. Flev Bleub(h HHBIHET HLGVISHSIGUIIEL H6L6VE GMIFIW LS S6L [Hl&LDEGETDEDT.
@emeu &L6v Hifleb CILIHLD HEDELSHEIT D L6VG| IS FEFFEDU 2 630TL T G)LD.

Perturbed:

Lalufwev 9mlailwev glemmuileL BHlevS L (H&ETHLD, B{6UDHEDME GLP6Y6ITEIT EI& & MHI&EHLD
1518 F& (P&H& WS GIeLD ClLIMIS6TMEIT. HlevbSL (b 6TedTLIG LLLOuN6dT GLodLITLiemL gL
1Qui(H& @G LD CILIHLD LITem M 55 (H&H6TMGLD. GleusuGaim| LFLiLemailey|b, &1qL065) DT LD
&meooTLILI(h&ledT meoT. L LAluflesT GLo6uLIGS) o6sTMTL. @Lp6v CLIMETM GleuliL, Si(1pSHS Geum)l
um(hserflestev, AN g FAMSTE & FHlTMET. Qb BlevdsL (h&EH&HSlenL_uilev @)(H& G LD
6T6LEMEVLEEIT GleUIq LIL|&6TT, QL FTLIM(H&6IT, GLoM&HeL&H6IT 26mL_M(hLD &(HEHENSHSHETT6L GHMILILIL L
@QL_miIserleL G HS (PSS 6fHLI(HFIMGI. Hev CHIMmIS6TI6, HlevdsL (h&eiT allfleusnL b
LGguilev ommILIm(h 61&messTL LISIIL|&6TTS Lflhg CLIMEGLD. @etTenib ChImigerley 58 (b
&61T 6960TMIGl60TT6oTM)| GL6L G1F6LEETMEDT LIMGIUIIEL GLOME|&5165TM6DT. QIS & MBISET hleneublL
mafl6uemev 6T6TMTEV, FlieGlTesT Y HMeL QlaueliLI(hH& DI UILIquITesT By Hmev Glausrflui(
Blevb(h&&HSHMS 2 (HaUTE G DGI. Blevb(h&esSleor GLIMg| L lullest Gopuiri) LM, LigLl
LIGWITs S TFH D{6m6v&H6iT &HHMIW6IT6IT LGS serflepib L6 &5lesTmeot. Q&) &L 1qL HigeiT
wHnI LN SLLemLIL&6l60 CFHb DL SHS (LPIGULD. GlL&L Mesfld LG @Quidh s mISeiT
STJ60TLONMS GILI(THLDLITELTET (hlevh(h & & mIS6IT 67 DLI(h&lesT meoT. LiLfluileb @ (H& @b GLImesTm
QUISBEBBISET CILIIHLOLITEYID NS LS F6L LiaNuilesT 6Teuemevaerilev [HlgLP&I6sT 6. GLo
GeVITLL_LDITEOT @) U188 MbIG6IT 6T(LHLDL|LD GILIM(LPSI, FHSHSHSLILILL. QL S&6L GILIIHLD (PSS
BTHSELD CIHFFDGI. Flev F&aHeVTerT BleneVeMLOGHETTIEV, Sl CIT60T S LOLDTEST LIMSBISETTI6V GBI
(h&6IT (PMley ClLMILDLIG C1FWISIESTD6DT. QeUeUTD BIGHHGILD GleueNCUmILD SMHMEL Ly
uNesT CLOMUITLIEHLI ST 6m6USGLD. Fl6v Blevb(H&&MBISEIT HL_6y|5&IGUII60 BJ6L6vG] GMIsSIW
L5 S6L BB GTMET. Qenal HL 6L Biflev CILITHLD DIEDEVSHEIT 6LV SfFHenu 2 6uoT
LTS GLD.

Table 29: Illustrative perturbation example created by random character deletion with probability p = 50. Long-
form samples are shown in a full-width layout to preserve readability for Indic scripts.
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Telugu Whitespace Attack Example (0 = 20.0%)

Original:

Freresg, D Borrg® Sugies HEAHH SogFrso 0. @l SSSo DB0S0S® @odyrdes g %P0, FPS g8
BB’ SnmgorT FFRSEEn TS o, AHTTROHS FoRTATFes’ Snds SEBm $Q) IS T8 $TOE
ST, 158 S@°g08” HBYS DO ey, e STg8 8y FoFren &P Koggd wotkernd’s oo, @B
Zo8% B2’ urgdotich 8 ey Soy® S S0 TN S @onod. 8EE s HRSE KN,
@050 B0 XoNoEEHoE K80 Sé@eﬁc‘mcﬁ)@ﬁoﬁ. HBTOD ¥ PRS00 N8 RS SrGiER) Sl el
a0, g‘@@é@@é 33:‘63&3"?0 L2008, Aedoeess, if"o?@@®§ DERYT doedorro 200 F0HES® 18 VBN BN
Q3Go08. &) Dergidod’, VDTN Horreoho Holl VB TI0° HRTRTR) BHoBoSR). ABB Side
g0 @R0aTES HEAH SPEEsorT BerS @othed. g A0S’ RS 3003gRN WAEGE0. RSV, ErgEed
Srdd estid) akgio S0t ogrgen Darg JEOES” grifor Jroron. ER) Arrg doged DB MRS PEoe Srarodo
D T @S58’ DG S H0FoTYo. NEFHTTRY Ao IS’ o $H02e3S° edESETOT JnQS Homren
GRRPHDGBON. GHIRBTHEERN BT TRY) Do eolostéod” RS G30E); 08B0 1980, PodiSess ¥
Qa3(3 6°§O‘53 H80%. Besomesen 8IS, QG DFREIL TIT° KT TRY) KoELN0 WD QPR B0, YY) DY
308 DT ForreoH Qe He N8B DG :g"oweﬁ's B30 Jreddigo QPolPoR. APoRMPANM, @S o8
Br@rol Horren e Srgid)m AeoHaoN.

Whitespace-Attacked:

RrEesg, D Bord Bongies HEOE Sogrio . b SSE0R DYBoSES’ Woiros Je A Rod. FOK &
BR30S” s0ggom SFRHSILD FLBFS’ Gok, IHPFHINS AroREATeS” e HEB S Vg T3R8 FOY
035000, 158 Fee0S8” HENE BN 30y s ST g Homen NEY D Hogngd® wotherend™ oo, @B
[088 B’ Arglotih 8 Idress Bop® e DB ST S ©oNod. WG S’ HYST® Lwges,
e HE0H ©orrod 80 DRYYBLDELR. HSTOW 2.8 RS 0D & RS JrgEd) Kol w
o0, g"a"i)&a@é 2SrYo P08, ArSTeEE, @“o:‘()@@é HEYT Soorresd 2 D50 NS 1O V3N TED
QE380008. &) Dergdodd’, VRDETAD Hoarecho Holl IHHL @3o° HRTBTRY) B¥oBosssy). ARV S5de
&R0 X HFOH SGes0rT J&rEdS @otdeod. g DRSS’ RS SngrgRsd eddgto. ST, Qg
e e8URE) axgilo Hol oFges Darg HEFPES” eriio Sroran. ) Javg Soen DER RS Aoy Erdrolo
D B $S0S” S B HBFOTYo. HEGHPTRY DT BAhEeS’, g0 H00E3S” HESETeIm SNQS Homren
GRRPHDES 0N, GIRPHETRRN DSTEoR)) dNForr ©0Q0t5eE0S” RS B0, Fred0geE (0G0, (oBTSS 2.8
RSl TROD HED. TeSonden HBFLN, DS DFkesw rg0e JErEo) Boseo IFE. DR Horr, DY) Lo
008 DO JoFeoh DL HHHO HEK DN .?cmés SSRHe0 Freiatigo APomPow. APoREPONED, ehlES SolEeE’
ErRroBN Jormred Hdrrers SrPERT Ae0HT)0N.

Table 30: Illustrative whitespace attack example for Telugu created by selectively increasing existing whitespace
segments with modification rate § = 20.0%. Long-form samples are shown in a full-width layout to preserve
readability for Indic scripts.
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Hindi Whitespace Attack Example (6 = 20.0%)

Original:
SrareHt a1 3Teaa gedt W Stiad & Ufdariies s 3R fafaedr &t eme § geaqul it [T €1 37 QRIaH srasisl o fasasor

T T hael WA TSI ot IdT Terdl &, Siedh S-ehl S¥a-T, SHa8R, Ud YT Tder o= &l o T4 OIS 8iaT &1 997 & feieor
STaTew R & ¥ HRf A 8, a@ﬁ;mwﬁmm%ﬁsﬁmaﬁawwmwm%mﬁaﬁwm

SFIER, Tt Sfial T Ity Ueh T GEST & g8, 3R I URRad faadHl o €U H 31T & Sl dob <@ ST ehd ¢ | SJaTen gait
1 fawTer oft Sttared fami & foera & Weres @1 €1 Jedt & sfaera &t fafer=T srerel & dies &1 o Qferdl ol wXal 3R 311
UTY ST ATt Sifaeh TSI o STHIR Foha 17| Shies, SATSTaftas, Regfia fe I 3t ufohar & 360 8 | Ucde it
I H, Sl ol YSTIa, HATHR, TUT TG H Hgedqul TRad a@- ol Fed &1 Fet-apefl 7 ol & 3 H 98 TR & faqianor
ot g, SrTah TToT Sftaredt & ST U1 B &1 TRIgH 3R fafsie=T 3t & e gt @io o [oTq Stiafaerrd JaiTie STiae gIRT
Ui WTehfceh aRUT 3R SAIeherl hi FTLRUMY SUTRTT WHTUT TEIA HYdl 6| STel1d Sial ol Wel1g WIfordt 7 Suiaeor, uferdi st
SR § Icufy, qe ST ol faenrd, & it weTd shifes URac1 ol TRUTH & | STaTed # Urg ST dTel SRaTeTd aidd
Fy1 Feiet SfAioiene & qaR e | Hereh g 8l 6| AT ol sl qHaTary drgi-aiiel aut # thell g8 6, [o9H 82 g
&1 ota fafaear stfgdta W@ e wra # fasne Sigut &1 @ o, Safe shicRiad & i & il Ud T & 7 9611
S URAdHT o HRUT ol LA d T ST, ATATaR0T § URRadH qo gedt ot spreffa wfafafaat «ft stz &t St 8
Whitespace-Attacked:

Sitarertt 2 3tz Gedft R St & Qderaies s i fafererar st we o Mot sifierr T 81 3 Qe sraers & faseror
T T THaet UK USTIIaE! &bt U Il &, Sfesh 3eh! U¥aT, dgR, Ud iifRfae o o1 oft 99 ured giar &1 97 & fefor
SHaTer T 36 9 A T a8, iR 3T AU & A Bl  foh R Ot T A e T 2T 81 ST fgrd
HIAR, Tt STl <l I Ueoh FHH GasT 4 g8, 3R Ik URacH faadHi & 9§ 377 & Siidl dch o ST Fehd | HdaTies o
1 favret ot Sttared faa & faera & wgrres @1 81 gedlt & 3faerd ot i srereel # aie ot o Qferdt bt weal 3R I8
T ST Tt Siferek SraSis o SR foRam | Sfee, sigifatdam, Reafam snfe g 2 ufthar & Serevor €1 v sifidh
T H, Sl Sl USTIc, AR, TUT G § Hacdqui URad- @ &l e &1 Feft-aeft 7 o o ofd § 93 X o faeeiianeor
oft g, e vraTor Sftareet & ST wre g &1 grgf ofi fafee 4t & o 8t @iem & forg safaerra danfaes aifdm g
AfaTied HTepces aRuT 3 STJgher hl HILRUITT JUANIT FHTUT TEIA et & | STel1d Stial o1 eitd WIfor § Fujaeor, ufedt o
SEAIER T I, T9T TRt o1 e, 3 it gedrd shiiies uiRad-i ot aiomy g1 Sfiared § 9Ty ST aret Sea-TeTess aRdd-
1 wiae ST & Qar e & werae g 6 81 SJdRTTTe At T afy ral-iel ast § hett g2 &, o s g
& g fafaerr g W SRR S H faeTe TRIgul &l T o, STaich shIciEd & 3id & el Ud T &1 v 9eT|
S URAdHT & HRUT ol AL A THI TG, ATATaR0T § URad qe gedt bt opreffa wfafafeat «ft sre & St 8

Table 31: Illustrative whitespace attack example for Hindi created by selectively increasing existing whitespace
segments with modification rate § = 20.0%. Long-form samples are shown in a full-width layout to preserve
readability for Indic scripts.
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Tamil Whitespace Attack Example (¢ = 20.0%)

Original:

LeuNwev 9mlailwiev glemmuileL HevdEL (h&ETHLD, BI6UDEDME G5LP6Y6ITEIT QIS & MI&ETHLD
151& F)& (LP&& W& GIeuLd GlLIMIS6dTM6T. Hlevd L (h 6TedTLIG] LLLAUllesT GLodLITLienL eplq
U@ LD CILIIHLD LIMem M 58 (h&H6ITTG L. @emau GlausuGaum| LIFLILIGTAIGILD, &IGLOEDILDT
861D &ITeuoTLILI(h&5)6oTMeoT. LLLAUN6ST GLo6LLIGS) LDESTMITL. @5Lp6L GLIMGsTM GleuLiLl, (&S
GCoumium(hsserflesrmev, Qemeu AMIgI FAMSHTE H&[EH6TM6oT. QHS BHlevdhsL (h&ETh&SlemL_ullev
ON(HSH G LD 6T6LEMEVSEIT GlaUIqLIL|&H6IT, QL FLM(H&6IT, CLOM&HeL&6IT LoMMILD 26Tl T(HLD &(HHem S
&61mevL GMILLIL L @)L miserfley G HS (PSS 6f HLIBISIMGI. Hev CHImISe6TI6n, HlevdhsL-
(h&seiT alifleusmLwjib LiGglullev Hemeu LOTMILIM(H 61&TesoTL LIFILIL|&6mTs LNFlhgl CLIME@LD.
@eiTen)Ib Flov CBTMHIS6TIEL &8 (h&6TT 6o6sTMGl60TTETM)| GLO6L G1FELEIETMEIT Bj6LeVG| LIMEIullen
GLoT&|&esTM60T. Qb QUISHSBIGET BlenevblLIDailsuemsv 6T6TMTEL, FILeLT6sT B MHMEL Gl6u
eflLBh & DG QUiLquirest By Hmev Glauerlui(h Blevb(HseHems 2 (HauTshGHSE D& Blevb(h &
&G Sleor GG Lpolullest GLomurliL] LN M), LigLlinguins K& jEd Bi6m6v&6iT shmlujeiTerm
LGS &6TeyILD LIT6Sl60TM6oT. @& &L 1GL _MIS6IT HMID LM &L L emLiL|&erflev CaF5LD 6 MHLI
HSS WIgULD. BIL_&L _Meofld LNC6TL. QIS SHMBISHET SHTT6soTLoMS 6)LI(THLDLIMTEVT6sT Blevh(h & &b
&6iT 67 HLI(h&ledTmeor. LLolulleb QH& @b Qg1 CLITETm QUis&BISEIT GILIHLOLITEYILD H&H65Tm)]
A WHHV B16L6VG| LISIIUTGIT 6T6LEMELSEETTIGL [5]8LDE566TMEDT. GLOGEVITL L LOMEST QUG & MBI 6T
6T(LPDOLILD GlLUIM(PGI, FHSHSHILIL L QL SFl6L CILI(HLD H(PS5SS STE&L 615 f&meI. Hev A&
SEVITEUT BleD6VEMLOG6TTIEL, 511 G 60T Y LOLDTEST LIMSBISETTIeL GHT(HSEIT (pMley GlLIMIDLILG
Cl&FWIS166T MeEDT. QeuaUTm] BIEOLPHSID GleuerGWMID BMHMEL LyLBluT6esT GLopLITLIEDLI ST
668G LD. Flev Bleub(h &HHMBIHET HLGVISHSIGUIIEL H6L6VE GMIFIW LS SH6L [HlSLDEGETDEDT.
@emeu &L6v Hifleb CILIHLD HEDELSHEIT D VeVG)| IS FEFFEDUI 2 630TL T G)LD.
Whitespace-Attacked:

HeluNwev Hmiailwesv glemmuileL HevHSL (& ETHLD, UMD ME GLP6Y6ITET QIS & MHISGTHLD
1518 D F& (P&H& WS GIeuLd ClLIMIS6dTM6oT. Hlevd L (h) 6TedTLIg] L LBlullesT GLobLirLienL epig
(& @&LD ClLIIHLD LITem M 55 (hSH6TTGLD. @emau GleusuGalm| LIFLILIETAIeID , SLGLOED)ILOT
861D &TeuoTLILI(h &5 6TMe6oT. LLLAUN6ST GLo6LLIGS) LDESTMITL. @5Lp6L GLIMGsTM GleuLiLl, (&S
Coumium(hsserfleormey, Qemeu AmMgl HAMISTE B THeTM6oT. AQHS HlevdhdL (h&ETH& & emL_ullev
GBS G LD 6T6LEMELSEIT GlauIqLIL|&61T, QL FLIM(H&6IT, CLOM&H6LE6IT LMMILD 26T T(HLD &(HHens
&6IT6eL GMILLNL L. @Q1L_BiIserflev G HS (PSS 6fHLI(HSIMGI. Hev CHImIS6TI60, HlevdhsL
(h&seiT allifleusmLwjib LiGlulev Hemeu LOTMILIM(H G\&TesoTL LIFILIL|&H6mTs LNFlhg CLMmE@Lb.
QedTen)ILd Flov CHIMIGETIEL 58 (h &61T 626dTMGl60TTETM] GLO6L G1F6LES6ITMEOT HHeLevg| LITSlulley
GLOMGI165TM6TT . QbF QUISBBIGEIT [Hlem6ev6LIMeN6LEB6L 6TESTMITEL, FILLCIT6sT Y MHMEL Gleu
efiliL(h &gl QuiLnguimest 6L Gleuerlui(h BlevbHis&EHDS 2 (HeuTsGSH M . Hlevb(H s
&5 8601 GLITGI L Blullest Gopuiriin) LNAM, Lqliquing g j&d Demevse6iT shmlujeiter
LGP &e6Tfleyid LITe&l6sTmeoT. @& &L 1L BIS6IT LHmIb LM &L L enliL|&erfleb CFsLb 6FHLI
(&3 (WIguLd. CIL&L_mesfld LNCeTL. @QUISH & mISENT STF6soTLOMS 6)LI(THLDLIT6VT6sT 516V H(h &Mk
&61T 6] HLI(h&ledTmeoT. LLAlulleL @Q(H& @D Q&I CLITETM QU188 MBIS6IT 6ILIHLOLITEYILD | &60TM)
ISPV B{6L6VG| LIOTIUTGHT 6TELEMEVEETTIEL [Hl& LS GTMEDT . GLOGEVITL L LOTEST QIS & BISETT
ETIPLDLYLD GClLIM(LPG, FH&HSHSLILIL L. QL_SH6L GILIHLD (PS5BS HTEH&LD 615 N&Smal. Hev 5
SHEVITEUT (BlEDEVEMLO&ETTIEV , HILeGIT6EOT S LOLDTEST LIMSBISETTIEV GHT(HSHEIT (pMley GlLIMIDLIG
CIFWIS6ETDEDT. QeueuTN)] BIeWWHGHILD GleueMGwmID DML LLLAlUT6T CLopLITLienL I8y
6618 G LD. Flev Hleub(hSHHMIGEIT HLaVISSIGUIIEL H6LeVE GHMISIW LSSV [Hl&LDSGSTEDT.
@emeu &6V BifleL CILIIHLD HEMEVEHEIT DGL6VG| DS FEFFEMW 2 6T0TL T GLD.

Table 32: Illustrative whitespace attack example for Tamil created by selectively increasing existing whitespace
segments with modification rate § = 20.0%. Long-form samples are shown in a full-width layout to preserve
readability for Indic scripts.
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Telugu Insert Paragraph Attack Example (6 = 50%)

Original:

Rr8esg, DS Borme® Snges S8R Sofidrio God. ad GIHeR DB0tes® wodirOE @ SR8, SO &
$3%0S® émaogoﬁ" SRS Q"zﬁaéso@s €500, 0TS 000 (i"oéw"dﬁ“@@e X0ed édgeﬁaen RN 3)%3}‘6 &5"3@3@ BOE
GO, 155 $E°g08° HBHS DO wyTeo S0ge 8y FoFren D Kozgd® workernd’s oo, @B
InelaN) 56‘@6 3)(:5"860(333 5°8 Qeadress éoé@@ ISl éﬁ@%@ IrENOH %0 @008, @8 seeod® RS ¢dea,
T HEAH X008 SoBocs 33?_’9@@‘.‘92535)@360(3. SO 2.8 eS80 N8 g8 SR ¥orQod @
a0, Q"S"@é@@é 33?63255"6(?0 K08, Ardess, ‘%"oé@@é BT Soevorroy 2S00 F0NES® 18 VTN E N
G000, e &wgéo(‘gge, DRI HomreohHo Kol HHH o> HRTeTR) B0t QBB B35
g"éo 05 P80 seTEao™ Nel8 @oddedrod. ESlap Qd0S® RS S0grgR @¥gTo. FHS TS, &m“ggaeﬁa
Sl i) axgio Yol oFgen Ay HETdES® ertior Srorom. £ A Sogen DT RS b Ererolo
D B WSEEaS”® REX B HOBOTYo. DUFHPTRY) DT Shad, &0 $H02e3S° eHEGETT SNQ Hogren
GRRTHRES 0N, EIRTHETZNS Ddraroe) ddforr ©0R0t5e0S® RS G0 Q"éaaaage‘é?éa (HQod. (0BTSNS 28
030 -%"ggo‘ﬁa DE%. Sesonesen $88%5%, 3)&)62(‘6 3)@3’183@ TP0° RAPTTRY), NoEedo 3@"(53. S)g"r‘é Horr, Q) DL
206 DT© FoGrodh QeGP SHH S AN Fond® S5ded Fridigo Fromrom. FoHEANLD, EHVES oSS
Er@rol fomren J85erdS Srgid)m JeHHT0N.

Insert-Paragraph-Attacked:

e, D SorrS’ Bongien H80% oo drod. \0\0 aB Sbers DooSEes” wosiros g Fped. &
A 8BRS’ 308G SFPRYBI Q"iﬁ:ﬁﬁgoé’s €0, OHTTR0ND @voéwoﬁroés Evwal 2 RIALAUMPVAN 3)@":‘6 53°3§.;§
STOE S0ESTN0N. 155 Fe°e0S” tHBNS RO e Bes ST B HoFeo &Y Hogrgd® eotherend™ oo, e
B BoBS Bag” Dorglotioh 598 ey Bop® DNIBBe SrENeBH o wonod. \0\0 ey seod’® HYse
008, @0 HEAH @oogred HoBoes &;fg@ééaégéeo&. \O\0 Seireio 2.8 grRd oot 08 erid™s Srd)
e QoS eerso, g"&?@é@@é Yo P08, ArdTess, @“o:‘é@@é DEYHT Roworrern 25 D0 B0H%0S® 9O 3R
FED AgBoRed. \D\D eye Dergdodd’, DENmrgedsd Horredho ot H8he tryoe SRTeTRY @SoBotssesy).
\D\D D88 5530 grdo ©Xoae $EH S0 SEFERE BotHEod. g e’ MRS Sepgges wigso. \1\0
PSS, Dwggwéa NI e:seﬁ)ﬁéé’)& QQcE0 So& OFID 3)65“3 éw@é@ﬁ grtiorr SoPTron. Q) SDCJ“S éo@@a Q3K
RS '@@&oé{g?ﬁa Errofod) &R esstess® 33%?\6 &% Xbﬁ%evgo. NI D@L 23053¢50°, gdo HoRe3S® & dE
Seeur SnRS HoFed GRHGRTTHGET0N. SORPHEED Seraroml)) Jefor ofotitiod” QRS G, FEYSB
1080, HodBsd 2s8 M5y TYAH HEAH. Sesonden HOFEN, DG DFesw Tgo> BITTT R Hosodo BF.
\D\O Qggesd $580rm, D) %o 0d QT Forrech eI SV HBH NG Frons”® Gsdes Frdge &romron. \O\0
APORION0, e3¢OES EoTEE Srdroddd foren d5el8 Evvelale)lg NSV ToM

Table 33: Illustrative insert paragraph attack example for Telugu created by inserting paragraph breaks at selected
sentence boundaries with insertion rate § = 50%. Long-form samples are shown in a full-width layout to preserve
readability for Indic scripts.
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Hindi Insert Paragraph Attack Example (¢ = 50%)

Original:

SrareHt a1 3T gedt W Stiad & Udgriaes s 3R fafaerdr &t wme § decaqul it FeTar €1 7 QRIaH srasis o fasewor
I 9 hdd U USTad] ol UdT TeldT &, Siesh 39eh! ST, SdgR, Td uTiRfifde dsf &1 «ft I ured giar &1 991 & Fefeor &
SitaTeH HATER & ¥4 H H A 6, F1[h 31oh HILAH § 1A 8IdT & (o (b STid GHg ol [had e T o | Shafderrea R&gid &
SFIER, Tt STial T Iy Toh T GaST & §8, 3R I URad [qadHl o € H 3111 o Sl qeb & ST 9ahdl & | SJaTieTen grit
1 faTer oft Sitared s & faera & Teres 61 81 gedt & sfaer &t A= Fredel & died &1 o dferdt &bl wral 3R 316
T ST Tt Sifereh STaSis o SER o | fie, sigifafdam, Reafam anfe g s ufrar & serewor €1 vads sifidig
T H, Sl Sl USTIc, AThR, T TG § Haedqui URad- @ ol Bed &1 Feft-aedt 7 o o ofd 8§ 93 X o faeeiianeor
+ft gu, ik ToT STiatedt & ST WTed 21d €1 GRgh 3R fafere=t dsit & o9 et @io & fog Stiafaeere defties Sifae g
gfaTied HTepfces aRuT 3R STIder hl HILRUITY JUANT FHIUT TEIA el & | STel1d Stial b1 Rreitd Wfor § wufaeor, ufedt
SEIER T I, T9T TRl o1 e, 3 it gerd shiiies uikad-i ot Uiomy &1 Sfiared # U1y ST aret Sea-Teieh aRdd-
F7 Heet SifaTaioTend of qaR e | Tardh [9G 6l 6| YA Joi Sl GHaTary AT@i-wie! aui # hell §s 6, (oeH &2 gi
&1 g fafaerdr g W SR S H faRITel TRIgUl &l T o, STaich ShIciad & 3id & el Ud T &1 v 9eT|
B U1 o HIRUTI ST AT Hed GHY AR, ITATER0l § URac T gedt &t oredfa afafafemr off st 1 s 8

Insert-Paragraph-Attacked:
Gﬁmﬁwwqwmeﬁaﬁ%ﬁﬁmﬁ@waﬁ?ﬁﬁwﬁmﬁwwmélEwm&‘rﬁ%ﬁw
| el W YS! 6l Tl Feldl &, Sfeeh Ikl ST, SHagR, Td aRfRfdes o a1 ot 9 ured giar g1 \ 0\ 0 &1 o feizor
 Sitared TeR & €9 5 & & 6, w&mwﬁmﬁm%%meﬁawmm@ww% Stafaere frgia
& AR, Tl SHaT T I Ueh THH GaST H §8, 3R 3h URadH a1 o €9 H 37191 & Sital ad o ot 9ahd a1 \0\ 0 oa=r-
foren ot & fasior oft Sttared fam & foerra & werres w1 \ 0\ 0 geat & 3faerd &t fafe= swraeel # aien &1 o ferdt &t
AT SR ITH Y ST a1t SHfdes AaQT 3 AR forar man| \0\ 0 e, sifeifafias, Regfiam sfe g &t ufsrarn & 3o
E1\0\0 U wiiferehia o &, Sfidt &t UeTiiadl, AT, o1 SaT # Hecaqul uRad- a@- &l fied &1 F -t 37 ot & ofd
T 92 TR & faquitentor +ff gu, Sres wmmor Straredi & ST ured gia &1 \0\ 0 gREhy 3 fafem deif & dta &gl @iom & fog
SafaeTe IATTeh ST gIRT UTaTied WTehfceh aR0T 3R STJRaT hl FTTLRUMY IUART THTIT UEI el & | STel1d Sifal ol et
wifor # Sqiaor, ufera 6 SRR d I, dUT ST o faerE, T et e shitie gftad- ot uiund & | Sfiared § g
ST a1t WRETe Tfade der defelt Siifriiaiiotee o qaR e H Tardh [Ag 8ld &1 JaTies guil ol qrarate ardi-ie! aut
el g2 8, SaH & g ol Sta fafderan sifgdta @ SRifdes et § fasmer FOgt &1 uefcd o, STafh shicRad & sid 7 didf ud
AT &1 T de11 \0\ 0 3 aRadHI & SRUN Sl AL id Y STAarg, aTaraeor # URdd- am geat sl «freia fafafa-
It oft srezg & ST 8

Table 34: Illustrative insert paragraph attack example for Hindi created by inserting paragraph breaks at selected
sentence boundaries with insertion rate § = 50%. Long-form samples are shown in a full-width layout to preserve
readability for Indic scripts.
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Tamil Insert Paragraph Attack Example (6 = 50%)

Original:

Lelulwev 9mlailwev glemmuileL BHlevS L (H&ETHLD, BI6UDEDME G5LP6Y6ITEIT QUI& & kIS EHLD
1518 F& (P&& WS GIeLd ClLIMIS6dTM6oT. Hlevd L (h) eTedTLIG] LLLBlullesT GLopLiTLienL eplq
uN(p& @b CILIIHLD LITem M 58 (h&H6TTG L. @emau GlausuGalm| LIFLILIETAIILD, &IGLOED)ILDT
861D &TeuoTLILI(h&5)6TMe6oT. LLLAUN6sT GLo6LLIGS) LDESTMITL. @5Lp6L GLIMGsTM GleuLiLl, (&S
Caumium(hsserflestmev, Qemeu AMIgI FM TS H&[EH6TM6oT. QHS BHlevdhsL (h&ETH&SlemL_ullev
@B G LD 6T6LEMEVEHEIT GlAUIGLIL|S6IT, QL FLIM(h&6IT, GLOM&HeL&6IT HMILD 26mL_M(HLD &(HEHEN S
&errmev GUILLIL L. QL_migerev G hS (PSS 6JDLIBHISmEI. Fev CHImIGeTIen, HlevssL
(h&seit allifleuemLwjib LiGlullev Demeu LOTMILIM(H G1&TesoTL LIKILIL|&6mTs LNFlhgl CLIMmE@Lb.
@eiTen)Ib Flov CBTMBISETNEL &8 (H&H6IT 6p6sTMGl6oTTETMI GLO6L B)FL&HETMEIT Bj6LevG| LIMEuiley
GLomg|&lesTm6oT. Qb QIS MISEIT BleneublLImailsuemsv 6T66TMTEL, FlleblFesT B HMEL Gleu
efllLBh & DG QUiLquimest By Hmev Glaueflui(h Bevb(HEeHemS 2 (HauTe:GHS DG Hlevb(h &
&5 8601 GLITG] L Blullest Gopuiriic) LNAM), Liqliuquing HHTFH Diemevs6iT &hmlujeiter
L& &6TeyILd LIT6e)&l60TMme6oT. @& &L 1L BIS6IT LHMID LM &L L emliL|&erfleb CasLb 6FMHLI
68 (WIguLd. ClL&L_mesfld LNCeTL. QUi S MBISEIT STF6soTLomS 6LI(THLDLIT6VT6sT 516V H(h &8I
&6iT 67 HLI(h&ledTmeoT. L, Lolulleb QH& @b Qg1 CLITETm QIS & BISET GILIHLOLITEYILD {&H65Tm)]
WSV BI6L6vG| LISIIUTGHT 6T6LED6LEETTIGL [5]8LDEI60TMEDT. GLOGEVITL L LDMEsT QUGS MBI 6T
6T(LPLDOLLD GlLIM(PGI, FHSHSSILIL L @)L SF6L CILI(HLD AN (PSS STEH&L C1SHSmEI. Hev H&
&EVITGUT [Hlem6VEMLO&6TTIEL, 11 C)T60T Y LOLDTEST LIMSMISETL CHT(HS6IT (pMley GlLMIbLIG
ClEWI8160TMeDT. QeuauTm] BIEOLPBHSID GleverGWMID B HMEL LyLBluflesT GLopLITLIenL! T
6618 G LD. Flev HleVb(h SHHMBIGET HLGVISHSIGUIIEL H6LeVE| GHMIFIW LG S6L [Hl&LDE ST DEDT.
@emeu &6V Hiflev CILIHLD HEMELEHEIT D L6VG| IS FEFFEDU 2 6T0TL T8 EG)LD.
Insert-Paragraph-Attacked:

LielluNwev 9miailwisv glemmuileL HlevSSL (& ETHLD, HeUDEDME G5LP6Y6ITEIT QIS &MhIS GTHLD
& D188 (P&HSWSGleud G\LIMISlesTmest.\I\D BlevdsL (b 6T6TLIGI LLOIUTN6sT GLoMLITLIEHLI eLp
1quil(H&GLD GILIHLD LIMTem DS &&(h&emm@.\0\0 @eneu GleusuGaum LiFLiLiemaisey|ib, HIGLOss)|
LOM&6)LD & TewoT LI (h &5165T M6oT. L LI UT 63T GLoGLLIGS) LDESTDITL. @5Lp6L GLIMTESTM GlauLiLl, B{(10& S
Coumium(hserileormev, Qemeu AMg AMISTES HaTHleT et \I\I QHS HlevdHHL (h&ETH&H & emL
ufl6v @)(H&HGHLD 6TeLEMELEEIT GlaUIqLIL|&6IT, QL FLIT(H&6IT, CLoM&H6eu&6IT LoMMILD 26mL T(hLb &(Hd
M&SHEITTeL GHMILILIL L @)L migerflev 5&HhS (PSS 6JDLI(h&IMmGI.Flev CHmIserlsy, Hlevs
SL (&6t ailfleuemn b LiGgluilev Hemeu ommILIM(h 61&messTL LISIIL&6TTS LNflhg GLim
GL.\\I @esTen)iLb Flev CHIMISETITN6L &8 (h &6IT 66T MI6)6TTEITM)| GLOGL 61&F6LES6ITMEIT B{6L6VG)I
urgluilev Gomgiglestmest.\I\I @b% QIS SBIS6T BHlenevblLIMaTeL6m6v 6TETMTE, &lle6lFeoT
24, HM6v QeuefliLH& mgI\N\D UiLiquimest By Hmev Gleusfluilh) HevbHlss5ms 2 (Heurs
&&Fmg1\0\0 Blevb(hdsdHlest GLIMgI Lblullest GoHurlin) LNAM), Liglingquime HFj&ed
SB|6M6VEEIT FHMILEITET LIG & SHerlanIb LIT6&ledTmeot. @8] &L 1qL _MhigeiT mmib LM &L L
emLLIL&6rflev CFHLD eFHLI(HSHS (PLGUWLD.CIL&L Mesflé LNCemL. @QUI& & mISH6NT STF6ssTLomS GlL
(HLOLITELITEDT Bl6uH(h &&MmIG6IT 67 MHLI(h &5lesTmeot\I\D LiLlufleb Q(H& G @I CLIMesTD Quid &
&6IT GILIIBLOLITEYILD BTN SYL0SHSF6L {6Levg LieNlullesT sTevemevasetiley BlgLpalesTmeoT.\I\D
CLOGEVTLL_LOM60T QWIS & MISEIT 6T(LPLDL|LD GILIT(LPGI, FHSSSLILILL QL &6 ClLI(HLD BJ(1LHS
55 HMSHHLD 61FHFIDGI.Fl6v FleHHEVTET [HleMEVEMLOGETTIEV, SILCGIT6IT BYLOLOTEST LIS BISETTIEH
CBM(h&6IT (pMley GlLMILbLIG C1FWISIGSTDEIT.Q6N6UTNI BHIGHLHGILD GleueNGuImID S HM6L Ly,
Bluilest CLoHUITLIEmL HBHT emeusEGLb.&lev Blevb(h&&mIS6IT SL_cY15&51qUeL B{6L6VG)] & MI&sIw
A WSH6L BB 60T DET. Qe HL 6L [Hiflev CILIIHLD D{EDEVSHEIT DI6L6VGI AHEHTESeDW 2 6voT
LTS GLD.

Table 35: Illustrative insert paragraph attack example for Tamil created by inserting paragraph breaks at selected
sentence boundaries with insertion rate § = 50%. Long-form samples are shown in a full-width layout to preserve
readability for Indic scripts.
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Telugu Alternative Spelling Attack Example (p = 1.0)

Original:

RrSisg, D Borr G Booen HEOE BoBRrio . b BS0Rk DY0SES® Wodirds Je Aod. FAK &
&33%0S° S300gGOMT SR @fiﬁaégo@s &0, ONTTRONA FoPESTreS® Hnes NGB0 B DS YR8 IO
SO, 158 $eg08” HBHG DO ey Teo S0g8 8y FoFren N Koggd® workernd’s oo, @B
[088 B’ Arglotih 8 Adress Bop® e D80 TN S0 @onod. 8 s HRS Swes,
@ HEAH @00 Lo8oes 3)‘_"\.)@@263&)@360&. ST 208 eHRS 00 08 St SrGHEY PSUTATIREIINY
8o, g"@@é@@g D88TZo W08, TR, o) BE DES Roworros 2S°HB0 WONCES® BB IR I
QEBo0R. s @wgéo(‘g(ef, DI Homredho Hod HHe T° HRTRR) eofoidily). BB SlNe
&R0 T HFOH S°8es0 XIS @olheod. Ay QoS RS L0egFodd eddgto. RS TS, Qg
Sl i) axgo Mol oFrgen Ay HErdES® ertiomr Srorom. £ A Sogen DT RS Doy Grerolo
D B WSES® B B $0IoTYo. DGTER) DTl BHE0S’, Fo HoHBS® EHSETLIT SHQS oo
SORTHDBS 0N, SPRTHEERN DSPTTRY Do @olotitsod® MRS o), Fe300gpge80 180 . JodtesS 2.8
3% 6“5@0‘53 H8%. Bsanssen HBELS, QHS DFReaw Trgo° ST Hoswko Bdd. RS DTorP, YY) Yo
206 DTO FoGoah QeGP SHH S ADE Fod® S5ded Fridigo Fromrow. FoHEAHNLD, EHVES oSS
Er@rol forren e gt JeHHT0N.

Alternative-Spelling-Attacked:

Rrias, g Bormg® SgsEs $EN Sogrio GoB. Bb BEeR AYBeHHE® BotirOS &g FRFo0d. FI &8
SBH0S® SnpPoTT FFRSHSEn FHE° ok, AHTTROHS FoPTATee’ Sngs SEsen $Q) DgFve TgRs ST
GO0, 158 $E°g08” HBYS DO R, Teo BT g Horred A5 Sogpgs® wotkerend oo, ©PHE
Bo8S BTG’ DEgPotiS 5520w el Hory@ae 81 HHH@ 30 Jrie &' ©owod. 8EHEIN Swod’ DY
SPen $50¢5Es, @00 HEGH @K K80 @éaééé)@éso&. SSTPOR 2.8 5RST000) T grRS®s SeHeE
(PR o, g’«?@é&@g 20X W08, ARTeE, @"o«‘é@@&; SEHTo RH020EPON 28050 P300S’ ad
D8 SrED RQoD0B. G DIgoRd’, DIIETZEAD HoErodho Sod SBthen Mo HAPEOIKL BoBoS5SR).
QBB Gsden @":‘60 @0 PEOH ST NS @olidedod. g QAH0S® RS S30gHgRIN edégEo. IHS B,
QgD SrdS ©SWIE) B $S oFgSRe Ay SEPPES® grtior sroron. §R) Qg Soden QBH AR
2R ErEroBod B wistEd® BED 86 3830 Yo, DEGTTRY DFwoT Fahiod”, grRie HoDeds® s
T SNEE (oGred dRTHREIS 0N, GIRTHESZR SRTPOR) dddiforr ©0Q0t5eE0S” MRS B0Y), 0PGBI
80wrd. (JoBER 2.8 D 6"&0‘5) H80%. Beomesen DB, QG 3)53}&’),83@ TPQ0° BRGS0 So¥ordan {3@"
&%. 3)@"&0 HGorr, DY) DRFo Kok ATLRN (Jorreod DI IIHN JEH AN @"O&Dé’s B30 Freddgo &PomPon.
ORI RN, NS S0 EE SrpBGNR) Horren Jrerds SrgER)m QLT

Table 36: Illustrative alternative spelling attack example for Telugu created by replacing dictionary-covered words
with valid orthographic variants using replacement probability p = 1.0.Alternative spelling attack segments are
shown in bold for clarity.
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Hindi Alternative Spelling Attack Example (p = 1.0)

Original:

SrareHt a1 3Teaa gedt W Stad & Uderiies s 3R fafaedr &t eme § geayqul it T &1 37 QRIaH srasisl o fasasor
T T FHaet U= YTl &1 UdT Ieidl &, Sfeth 3! G¥a-T, TagR, Ud uiifRafaes df &1 oft 3 ured giar €1 9o & fefor §
STaTew TR 3 ¥ i R B, a@%mwﬁmﬁm%ﬁ;ﬁmsﬁawmmmw%wﬁaﬁww%
FIER, Tt Sfial T Ittt Toh T EST 9 g8, 3R I URRad faadHl o €U H 31T & Sl dob <@ ST ehd ¢ | SJaIe gait
1 farer oft Sttared fam & faera & werres @1 €1 gedlt & 3faerd ot fafe= srereiel # aie ot e Qferdl ot wal 3R 330
UTY ST ATt Sifaes AGANT 3 STHR o 17| Shfesa, SATSiafias, Regfia fe I 3t ufohar & ITTe0 & | Ui sifthr
T H, Sl T YSTIa, HATHR, TUT TG § Haedqul TRad o@- ol ed &1 FwHi-efl 3 o & 3id H§ 93 TR & faqianor
ot gu, Stk rToT Sftaredt & ST wTed 2ld €1 TRIghr 3R fafer=t i & ot et @ism & forg Sttafaesrar detfes eifae gr
TRTATTE Thcreh aXuT 31X STIger ohl STTERUITY JUIT WHTUT TEA el & | STerd Stial ol i Wiodi # $qiaeor, urer ol
SR | Icufy, qe Tt ol [, & it geTe shifes URaci o6l TRUTH & | STaTed # urq ST el SRaHTeTd aiad
o weelt SR & 3R e 7 T Rig 6 31 SRR o 1 Tty -t at 7 thefl g 2, o e¢ 7
&1 ota fafaear stfgdta W@ e e 7 fasme Sigut &1 @ o, Safe shiefRed & i & el Ud T & 7 9671
T URTd! & HRUN T 3TEATT A THY STAaR], ATzl  URRadH dor gedt &t spredfa wfafafeat «ff steagm & st €)

Alternative-Spelling-Attacked:

SHTaTeH T ST geat W Siiae & et i ToR fafaear « wmem & wecqof e Fvmar @ 29 qRia sradst &
TISTATOT & T Hae AT TSTcrd| T Tl Tl 8, Jiedh ITeh! §eaHT, FaeR, Td URfeas a= &1 I3 99 Ui arar g1 3 &
fererfRor & Sitared TereR & 9 # F Hd €, FiTh ST ATH & A1d a1dT ¢ Y (bl Siia Wg: 1 fhad dee @1 ¢ Siiafd-
FHTeg g & IR, ¥eT STial fob I U T JaoT & §3, HIX S &F URac ([daa-i & 9 | AT & Siidl a& 9
TSt TR & € AT Al o farer oft Strarew fwan & fowra # wee w1 e gedt & giders @t A= wreras & aien
1 R LAferdl foh TRAT 3R IR UTQ ST aret Sifaes 1adsi o SFar frat o Hirse, siteifattem, fegfam anf g i
UToRaT & IaTEX0T &1 Uedidh HifHehid o #, Sial el UaTTio, SRR, T TYE-T # Hacaqul URad @ &l fied & ! &fi-aeft 3
T & = | 93 TR & [Aquiiereor i gy, oes T Sitaredi & A e 2 & ! gh S fafer deif & T e @em
& ford Strafaera daie 2Tfa gRT HfauTied Wighfen avuT ST SR o STGuRUTY IURRT JHTOT WA ec & | STeltd siat
T AT WO & Fuiaeor, uferdl foh SR @ I, qu Taenial ol [, & | geTg shiteh uRad-1 ol Uikors &
Sitared # UTY S aTel SXE-TeTe UiadH 981 et Shf-araiiorne of daR e 3 Terae g ard & | S[dei-e g o geamary
-] ant 7 thell g8 8, e weles g T Sifaes fafawrar sifgdia @ suriden wre & faurey, @@l @0 gefc o, Siafs
RIS F ofq # el an TuTRE! 1 U F¢T| §7¢ URad-1 o HRUT o FTTT Fd & THA a1y, ITaraRol § giad=
e geat fa spreffar fafafeat oft srerem fof St €1

Table 37: Illustrative alternative spelling attack example for Hindi created by replacing dictionary-covered words
with valid orthographic variants using replacement probability p = 1.0.Alternative spelling attack segments are
shown in bold for clarity.
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Tamil Alternative Spelling Attack Example (p = 1.0)

Original:

LielluNwev 9miailwisv glemmuileL HlevSHSL (& ETHLD, HeUDEDME G5LP6Y6ITEIT QIS & MhIS GTHLD
018 188 (P&SIWSGI6ID 6ILIMISHETMEDT. BlevdSL (h 6T6sTLIG LpLSIUIlesT GLoMUIFLIemLI eLpLg
W& G LD LUTenDS $5(h&H6TTG L. Qemau GleucuGeum| LFLILIETaNeY|LD, SHIGLOEE)ILOT
&6)|LD &TesoTLILI(h &ledTMeoT. LiLIuTlesT GLocLLIGS) LDESTMITL. @5Lp6L GLITESTM GlauLiL, (&S
Coumium(hserieormen, Qemeu AMgI HAMBISTH H&THTD6oT. AHS HlevdhdL (h&ETH& S emLullev
GBS G LD 6TeLEMEVGEIT GleuIqLIL|&61T, QL FLM(H&6IT, CLOM&HELEH6IT LoMMILD 26Tl T(HLD &(HHemns
&61TeL GMILLNL L. QL _miserfley G HE (PSS 6fHLIHSIMGI. Hev CHImIS6TI6n, HlevdhsL
(h&6iT eilifleuemL_u|b LiGguilev Djemeu MMILIM(H G1&TevoTL LISILIL&6TTs Lflhgl CLIMELD.
@QeiTen)ID Flov CBImISETNEL &8 (h&6IT 6965TMIGl60TTETM] GLO6L 61FLEIGTMEIT Bj6LevG| LIMEulley
GLOTG &6 D6OT. Qb QWIS SHBISHEIT Blenev6lLIMEIlcLEm6L 6T68T DTV, FILeLIT6T B HMEL Gleu
efiliL(h & w&I. QriLquimest 4 bmev Gleuerflui(h BlevmbbHl&eSHens 2 (HauTs S M. Blevb(bH &
&5 8601 GuITg) L Blullest Gopuiriic) LNAM), LiqLliquinsg HFHTFSH DHem6evsH6iT &hHmlujeiTerr
LGS &ereyilb LIT6)&6TmeT. @& &L I1qL MHIG6IT Hmib LM &L L emLoLiL|&erfley CFHLD 6FHLI
b5 WLIgULd. GIL_&L _Mesfld LNGCeTL. QIS SHBISHE6IT HTT6ooTLOMS 6)LI(THLDLITEVTEsT Hl6VH(h & &b
&6iT 67 HLI(h&ledT meor. LLolulleb QH& @b Qg1 CLITEsT D QUIs & mBISEIT GILIIHLOLITEYILD | &H65TM]
A WHHV B16L6VG] LISIIUTEHT 6T6LED6LSETTICL (518 LDEI60T MEDT. GLOGEVITL L LOMEST QUL E MBI 6T
6T(LPOLILD GlLIMIP G, SH&S&HILILL QL &S0 CILI(HLD H(PSSS STEH&L C15H&SmeI. Hev A&
SGEVITEUT Bl6D6VEMLOGETTIEV, G511 GIT60T S LOLOTEST LIMSBISETTIeV GHT(HSHEIT (pMley GlLIMIDLIG
Cl&FWISS168T MeDT. QeuauTm] BIEHLPHSHID GleueriCWMID HMHMEL LLLOIUN6ST GLoHLITLIEDLI ST
UGB GLD. Fl6v [Bl6LH(h&HMBIGEIT HLVISHHIGUNEL D6L6VG| GMISIW LSS [Hl&HLDE65TMEOT.
@emeu &1L_6v Hifleb CILIHLD HEDELEHEIT VLG IS FEFFlEDUI 2 600TL T8 EG)LD.
Alternative-Spelling-Attacked:

LelluNwev Hmiailwev glemmulleL HevSHSL (& ETHLD, DeUDEDME G5LP6Y6ITET QIS & MG GTHLD
151& F)& (P&& W& GIeuLd GlLIMIS6dTMeoT. HlevdsL (h eTedTLIG] LLLBlullesT GLopLirlienit epiqul
(H&G LD CILIIHLD LITenME 58 (h&HeTMGLD. Hemar GlausuGaum| LFLiLeTalley|bd, H1GL065)ILOTEH LD
SmessTILI(h S MGI. LpfluNestgyl CLosuLIGE) oeTDTL @L6v GLImev QlauliLl, DJ(pSSLd Geu
nIuT(hserfestmey, Qemeu AWM AMSTEHS H&[&6TM6oT. QHS HlevdhSL (h&EheSlemL_ullev
@HEGLD 6T6LEM6L GIAULGLIL&6TT, QL FLIM(h&6IT, CLoMEeL&6IT M NILD 26mL_T(HLb &H(HEHeNSHS
ermmeL GMIILNL () QL_migerfev LAGHS AH(LPSSD FDLI(H&H 6T Hev CHymigerflsen, Blevd
SL(h&6iT ailfleuemL_ujb LG uilev Bemeudheit mmiLim(h 618 meosT LI &S6mTs Lflbhg]
Cum@Lb. QedTen)id Flov CHIMISH6EN6L &8 (h&H6IT 6edTMIGI6OTTETN GLo6L GlFGLEB DT DjsLCeum
LUTgluile GLomg &lesTment. Qb QUISHSHBISET BlenevblLImailsuemsv 6T66TMTEL, FlleblFesT B D
meL Gleuerli(h & mgI. @UiLnquimet 2 HM6L Geustuih Blevmb(H&ESHDS 2 (HEUTHEGSH DS|.
Blevb(h s Sleor GLITGILD LpfluNestgyl Copurliny LAWY, LigliLiquiTe o #j&d Djemev
&6IT &HMIW6ITET LG & serfloniLd LITe&ledTmeot. Q&) &L I1GL MI&6IT HmID LM &L L enioLiLilev
CasIb 6JHLI(HSS (PIqULd. GL&L_Meolld LG QuissmI&6IT &TJ6eurong 6\LI(THLOLITEYILD
Bl6ub(h&&mIS6IT 6] HLI(h &lesTmert. LilufleL Q(Hé G Q&I CLITeL QUISSBISET GlLIHLOLIT
QILD ASHETMI LSSV BJ6L6VG| LISNUTI6HT 6T6LEm6LHETTIGL B8 LDE66TMEDT. GLOGEVITL L Lom6sT
QUISEHMBISEIT 6T(LPLDL]HEOTMD CILIM(LPGI, FHSHSSLILILL QL SF6L ClILIHLD HH(PS55SH SHTHSLD
Qg FluiesTml. Hov H&&HEVTS HlemeLenLD&ETTI6L, FIe G T6oT DYLOIDTEST LITSMBIS6TNL ChT(h&e6iT
prley QuUDIbLIYG O&FUISl6T DeoT. eeuTm HIemWhEID GlausfGunIb Sy bmev Lpbluesr
&l CpuUTLemnL HB(IH cHeusGLb. Fev Blevb(h&&MmIS6T SLcyIHa1uileh HeLEeULT & MW
25 S6V H&LHEGSTMET. Qevnau L6V Biflev CILIHLD DIeDEVSHEIT DH6LeLGI DS FESedW 2 (1
QUMS (G LD.

Table 38: Illustrative alternative spelling attack example for Tamil created by replacing dictionary-covered words
with valid orthographic variants using replacement probability p = 1.0.Alternative spelling attack segments are
shown in bold for clarity.
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Telugu Misspelling Attack Example (p = 1.0)

Original:

e, D Borr S Bongen HEOE oo B, b S0 DYBoSES’ Woiros Je FNod. FO &
SBH0S® SnmPoTT FFRSEEn TGS ST, AHTTRIHS FoRTAred® Sndks SE8o: $Q) DS Ts $TOE
SGBTY0N. 158 Fe7g0S” HBHG RO 6Dy Teo S B3 HoFren N5 Hoggd® @otkerend™s oo, @i
Z08% B2’ argdotich 8 ey Soy® S SN0 SN S0 @onod. S s HRS LN,
@056 HFOH WXNoEEHoE K80 S)::Q@éc‘m@éeo&. JBTO ¥ GRS 0D N8 RS SrGiER) Srdod el
a0, g"@@é@@é 0go P08, ArdTeRs, .%"o:‘()@@é DERYT Doedorrod 200 oS 18 3N ENINY
Q380008 &S DrrgoRd’, DIDETIOADH Horreho Hoid S Tgo> FRreTR) B¥oBosisy). HBB S5
g0 @R0aTeS HEAH SPEEsor BerS @otded. Jarg QA0S RS 32003g0N WEgEo. RS T, ErgEhed
Sr&d estid) akgio S0 ogrgen Darg JEES” grifom Jrorow. ER) Arrg doges DB MRS oL Srarodo
D B $50S” S B HBFOTYo. EGHTTRY DT B, R0 H00dS” eSsETem SHES HoFren
GRRPHDGBON. GHRBTHEERN DTTTRY Do eolostéod® RS GBY); 08B0 1980w, JodiesS 28
333 ?éo‘ﬁa H8O%. Bsonesen HBIUN, BV DFREIL TIT° KSR KoELN0 WD R DB, YY) DJ¥
308 DT JorTeoH Qe HHe N8B DA Agf’owess BSden Freddigo RPolPoR. APoRIPANM, @S o'sS
Er@rol Horren Jd85erd8 Srgid)m AeoHaoN.

Misspelling-Attacked:

@"fb"eﬁg, &)g"éo 60(7"6;5"6 Sges PORKH §oé§°:‘60 €08, Al Fddod 8)@60156@0&‘56 @080 r¢h FUNR. @‘5:‘60
ESBH0S® Enmgols THEBED FnUS” Godir, ARTEBONS AroSIaired® Sngn HGEee $Q) Do TIHE
STOE0 DEBITHON. 158 F@g0S” IHBHE RO @Y, Ues SLTE FE30 HoTed A8 Hoegd’® @otherend’ oo,
AR [ dg” Darglotiad S AXress &o&@&é‘ Erds H1@Boo oD SR @on00d. @ihlEe seod® DY
5P 0EER, ervaTio $80% @X0booes 080eh Qéae‘ééac‘ﬁjgoﬁ. S 2.8 2R 608) K& eS8 STHERY,
PVAITRREISEE T 000 g"@é)é@@é Eaﬁaé?go T°08. AredTess, #oﬁ&g@éo SEYHBo Soevogren 220 SoHcses® vd
D3R g AYGoRod. G ArrgdoPd’, DHRITIOAH FoFredio Hoe SIS o> FRBreT QY B¥oBosesy). AR
B0%H Gsden g"r‘éo ORI HEADH 5°GE0T HdTeNE @othedod. g QeroS® RS S00gpgR0 e8g¥0. RSB,
QIO S 98U 9o P08 oFrgd Ay SETOES” grtiol Srorah. §Q) Dy doge DFR RS DYoo
SreroBoRo S8 et DHES B 3080 Yo, AKFTRY DT SeHES’, Fio SoBedS® EHETETeT J0ES
Gomes SRATHIBE . SHTRIEETR $STeroRY BSoifoli ©oBostos® WHS S8 FFENmgBLH HGTE. Joid
DUSIEESIRI ) r‘a"’éo‘Sa H80%. Bsanesen HBELS, BRI Sé&’qs’ae) TPQ0° DT RoELREN DR, Sg"éo STodi,
DY ?'Q)§§50 ol AP0 JorreoHh eI JdTen JTE ANE Q‘Q»és SRS Fre08g0 FPolPoR. APoREPANKM, &
Qe EoSBE SrdroBod fomren dsrers éwgc‘éa{gﬁ QL0RDTNON.

Table 39: Illustrative misspelling attack example for Telugu created by replacing dictionary-covered words with
common typographical errors using replacement probability p = 1.0.Segments containing misspelling perturba-
tions are highlighted in bold for ease of identification.
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Hindi Misspelling Attack Example (p = 1.0)

Original:

SitaTertt 2T 3tz Gedft R St & Qdereres s iR fafererdr ot we o Mecaqut yifierr et &1 3 Qe srasrs & faseror
B T Haet U FoTIiol T aT IeldT 8, Sfeh 3h! TaT, aeR, Ud uTikiefaes a5 1 oft s ured arar €1 der & ferfeor &
STaTeH JelTdR & ¥ § w1 id 6, Fiich 3 ATeqq 4 mﬁm%%%&aﬁaww%&ﬁwmél frgia®
HIAR, Tt STl hl I Ueoh FHH GasT 4 §8, 3R Ik URAcH faadHi & 9§ 37T & Siidl deh ol ST Fehd | HdTieh o
1 fawTor ot Stiared fa=t o faera e @1 81 gedt & sfaerd &t Ao srerdel & diee &1 o Qferl ol wXal 3R 30
T ST Tt Stk STaSis o SR o | i, sigifatdam, Reafam snfe g 2 ufshar & Serevor €1 v sifidh
T H, Sl Sl USTIc, ATHR, TUT TG § Haeaqul URad- @ &t Bed &1 Feft-aeft 1 o o oid 8§ 93 X o faeeiiaheor
+ft gU, oIk o7 STiaTedt & SIRY WL 21d €| GG 31 fafere=T dsii & o9 el @io & fog Stiafaeerd defti-eh Sifae gI
gfaTied UTepfces aeuT 3 STIher ol HILRUITT JUANIT FHTUT TEIA el & | STel1d Stal o1 etd Wfor § Fujaeor, ufedt
SEAIER T I, ToT TRl o1 e, 3 it gedrd shiies uiRad-i ot aiomy g1 Sfiared § Ty ST aret Sea-Teies aRdd-
F7 et SifaTAtoTend of qaR e | e 96 6l & | AT Joi ol GHamary aT@i-wiie! aui # hall §s 6, (oeH &8 gi
& g fafaerdr g SRR S H faeTe TRIgul &l T o, STaioh shIciEd & 3id & el Ud T &1 T §eT|
S URAdHT & HRUT ol AL A THI STAdR, ATATER0T 7 URRadH qe gedt bt opreffa nfafafeat «ft sre &t St 8

Misspelling-Attacked:

SHTaTeH T STead eat W Sitad & Udaliads A 3R fafaudr @ augm & Aeayqul et fFrar € 37 Qe sradii & fa-
ST | 71 et WA USTITRIl &l U IeTdl &, Teehl 3-1eh! ST, ZGeR, T UTRIEATIE a==t &1 off 7 Ui et & der &
frefRor & Stared ety R & €U # Hd Hd ¢, TR 37 ATIH & A1d a1dT & N [y Si1d FHE &l [had Jdg W@ 8 Safdn-
T Rrgra & AR, | Al {o Icufcy U T oo & §3, 3R I URad faad-i & 0 & AT & Sial aoh o et gahd
& VAT Al ol e off Sttared fami & faremrer & Terres w1 € gedt & sfaer™ &t e swredel | aie o & Qferat
foF wRat 3R SR 410 T a1 Sifdes @il & AR forar - kv, sifeifafdem, fReailia snfe g st uforar & 3geror
& U siifirehra I #, Sfiat o gemiadl, e, qUT WEAT # Hequl uiad aE @t ied & aft-afi g & e A 98
TR & faequitentor off gu, Fores ToT Stated! & S8 UT 8id & RIghd i Rfee el & o9 el @ioH & ford stafaesra
AT ST I WA WTepfcieh aXuT 3R STJga foh STTERUMY JUATH WHI0T TEgd efd & Seiid Sifal ol et wow #
FUTROT, Uil foF SR & Iaf, qer el o1 feer, T 99 92T it IRad-t &l TR & Sared § a0 oe
ITel TR TRadH de1 et Shfaiciorene of 7aR & & Tere: g eld & s@ant-e gil o geamafy anet-wet aut
# Tfer g2 ¢, e g g T o9 fafaeran srfscdia @ Sufdes Fen & fRane 9a9gul &1 e o1, St hrefad & o |
el Taw TETE! S T ¢T| 3 UREdil & HIRUT 6l AT e T STerdTg, araravi § giac qor geat & spreffa
nfafafert oft sz o wnfa €

Table 40: Illustrative misspelling attack example for Hindi created by replacing dictionary-covered words with com-
mon typographical errors using replacement probability p = 1.0.Segments containing misspelling perturbations are
highlighted in bold for ease of identification.
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Tamil Misspelling Attack Example (p = 1.0)

Original:

Hallulwev 9 mlailwey glenmulled BHlevdhsL (h&ETHLD, HeUDDME GbLP6Y6ITEIT QUG & MHIS ETHLD
1518 H& (P&& WS GIeuLd ClLIMIS6dTM6oT. HlevdsL (h) 6TedTLIg] LLLBlullesT GLobLirLienL eplq
(&G GILIHLD LITen DS $&(h&H6TTG L. Qemau GleueuGeum| LIFLILIETaNeY|LD, SLGLOEE)ILOT
&6)|LD &TesoTLILI(h &l6dTMeoT. LiLSIuTlesT GLosLLIGS) LDESTMITL. @5Lp6L GLITESTM GlauLiLl, (&S
Coumiuim(hsserileormey, Qemeu Amg HAMISTEH H&FHTM6oT. QHS HlevdHHL (h&ETH& S emL_ullev
GBS G LD 6TeLEMELSEIT GlauIqLIL|&6IT, QL FLIM(H&6IT, CLOM&H6L&H6IT LMHMILD 26mL T(HLD &(HHens
&61TeL GMILILNL L. @Q1L_miserfley G HS (PSS 6fHLI(HFSIMGI. Hev CHImIS6TI60, HlevdhsL
(h&ei alifleusmLwjib LiGElulev Hemeu LTMILIM(H G\&TesoTL LIFILIL|&H6TTs LNFlhg CLmE@Lb.
QedTen)ILd Flov CHIMISETIEL &8 (h &H6IT 6p6dTMGI6OTTETM] GLO6L G1F6LES6ITMEDT HHeLevg| LITSlulley
GLOTGI&6BTM6TT. Qb QWIS SHBISHEIT Blenev6lLIDEIlELEm6L 6T6T DTV, FILeLIT6sT B HMEL Gleu
efiiiL(h & w&I. QuiLnguimest 2y bmev Gleuerui(h BlevmbbH&&SHems 2 (HauTs & M. Blevb(hH &
&5 8601 GG L Blullest Gopuiriic) LNAM), Luqlinquing HFHT&FSH Diem6evse6iT &hmlujeiTerr
LGP &eTfleyild LITe&l6esTmesT. @& &L 1L BIS6IT LHmIb LM &L LemliL|&erflev CFsLb 6FMHLI
H&Hs (WIgULd. ClL&L_Mesfls LNC6ITL. QUi & MmISENT STF6soTLOMS 6)LI(THLDLIT6VT6sT 516V H(h &Mk
&6iT 67 HLI(h&ledTmeor. LLAlulleb @ H& @b Qg1 CUITESTD QUIs & MBISEIT GILIHLOLITEYILD | &H65TD]
Y LSHF6L B{6L6VG| LIOTIUTGIT 6TELEMEVEETTIEL [Hl& DS 66T MEET. GLOGEVITL L LOTEET QU188 MHI&6iT
ETIPLOLYLD GlLIM(LPS, FHAHSHSLILIL L. QL_SH6L GILIHLD (PSSS HTEH&LD 615N mal. Fev 5
SEUITEUT Bl6D6VEMLO&ETTIEV, H1Le GIT60T S LOLOTEST LIMSBISETTIEV GHT(HSHEIT (PpMley GlLIMIDLIG
CIFWIS6ETDEDT. QereuTN)| HleMhGHID GleueMGwmID DML LLLAlui6sT CLopLITLienL I8y
UGB GLD. Fl6v [Bl6LIH(Hh&HHMBISHEIT HLVISHHIGUNEL DH6L6VG] GMISIW LSSV [HlSHLDS65TMEOT.
@emeu &6V Biflev CILIHLD HEMEVEHEIT DGL6VG| D& FFFEMW 2 6T0TL T EG)LD.
Misspelling-Attacked:

Helullwe faluwev slemmuilev Hevs s (h&EHLD, eUDEDHDF @FLP6Y6ITEIT Q)II& & MhIS ETHLD
1055 |55 (P& WS HIaILD ClLIN|FH6sTm6oT. BlevssL (b 6TesTLIZ LiLAlullest GopLiTLienL
eI (H&GLD CILIIHLD LITem D S8 (H&H6ETTE L. Gemal GleusuCauml LIFLILIGTaNe|LD, HLGLOEB)ILOT
&&Lb &MeuoTLILI(h&esTmeoT. L, LSuN6tT GLo6VLLIG S LDeTMTL. G Lp6ev CLIMesTM] GleuLILILD, B|(L5S
CoumiLim(hsserfleormev, Qemeu AMgI AMISTEHS H&T&6sTM6oT. QbHS HeLSHSHL (h & ETHEH S ML
UL @) (H& G LD 6TELEMELEGIT GleUIGLIL|&6IT, QL FLIM(H&6IT, CLoMG6V&6IT LM MILD 26emL_M(HLD
&H([HSHeMSHSH6MTeL GBI (h) QL miserflev G HS (WSS FHLIHSMGI. Fev CHIMIS6T 6V,
Bevg &L (h&6iT alifleuenL b LiGsHulleh Demau LMTMILIM(H G&TevsTL LIFLIL&6mTs LI 6har
CuIMGLD. QedTenIn Hev CHIMHIS6IT6V &8 (h&6IT 66dTM6l6oTT6TM] GLO6V G1FeLE METT B|6LEVG)]
LUTgluile GLomg&lesTment. Qb QUISHSHBIGET BleneublLIDaileuemsv 6T66TMTEL, FlleblTesT By D
6L GlaueMub & M. QUiLiquiTeT 2 bmev QatefuiL Bevb[H&856m8 2 (HaITHGSMS.
Blevm(h&&SSer CLIMg) L slufest CopuiriiL) LA M), LqUIquIng HHFFE D em6ev&H6TT &b
MHujerr LGSserileyild LITeslesTmest. @& &L 1GL BIS6IT HMIb LM &L L emLiL|&6rfleb CF5HLD
THU(HSS (PLGUYLD. G5 L Tesld LNGCeTL. QUi S BISET STF6ssTome:S 6)LI(HLDLIM6VTEDT Blev
B(H&&MIG6T 6FDLI(H&IMGI. LLLflullev @(H& G &I CLITETMI QIS & MBISENT 6)LI(HLOLITEYILD
ASHETNID N SF6L DI6vevg| LieNuNest sTevemevserfleu BlaLp&lesTm6T. GLOGELTL L LomesT
QUISSHMBISHEIT 6T(LPLOLLD QLIMIPSGI, FHHSSLILILL QL &6V CILIIHLD B{(PSHHS STHSHLD 615
FDGI. Flev F&:s6VTerT BleneVemLO&6TTI6V, HLe6IT60T Y LOLDTET LIMShIS6TTIsL GhT(HS6IT (Lpmley
CluDIbLIG C\FUISESTDTEST. QeIeuT(h HIeOLHGID GleueGwmIb B HMmev LLuilesr GLomL
TUIEDHL ST 606U GHL0. Flev Hleub(h&HSMIGET HLaVISS&IqUIlehL DeLevg | GMISIW B Lpd 560
B &L &esTmest. Qemer &Lo6v Biflev GILITHLD HDELEHET V6V D HFEFF DI 2 6T0TL T GLD.

Table 41: Illustrative misspelling attack example for Tamil created by replacing dictionary-covered words with com-
mon typographical errors using replacement probability p = 1.0.Segments containing misspelling perturbations are
highlighted in bold for ease of identification.
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Telugu Synonym Swap Attack Example (p = 1.0)

Original:

Rr8esg, DS Borme® Snges S8R SofiRrio o, ad GIHeR DB0ited® woirOs rd SR8, SO &Y
SR%0S° c‘ﬁmaogoﬁ" SRS @"zﬁaégoejs &S, OHTERAHS @"o@ﬁ"o‘ﬁ:"@@e X0ed KJCgeﬁoem RN Sﬁg"(‘é a°§§_;§ TOE
ST, 158 $Eg08” HBHS DO ey Teo S0g8 8y FoFren JEyH Kozgd® workernd’s oo, @B
[088 B’ Arglotidh 58 Adress Bop® e BB SN S0 @onod. WS S HRS K,
@ HEAH X050 So8oes &_"9@@‘.(92532@@360&. ST 2.8 gPRS00) N8 g8 SR, ¥orQod @
a0, g@@é@@é Eoéaérgo L08R, Aress, @“o:‘é@@é BB Sozvorroy 2SS0 BONES® BB DBR E N
G000, e 8)5"3(‘602@%‘3&, DTS HomreadhHo Ko HHH o> HRTeTR) B0, QRY B3
g"“éo @05 PEOH seTEao™ Nel8 @odaedod. Elap Qd0S® RS S0grgR @EgTo. FHS TS, &)wggwéa
Sl i) axgio Yol oFrgen g HETdES® ertiomr Srorom. £ A Sogen TR RS by Grerolio
D B @UeaS’ REX B HOBOTYo. DUFHPTR) DT Shes, &0 $H02e3S° HEGETT SNQB Hoqren
GRRTHRES 0N, ERIRTHETZRS Ddreroe) dadforr ®@0Q0t5e0S® RS B0, Fe00gage80 80O, Hodites a8
3%y ra‘éoﬁa H8SH. BSanssen HBELS, QHS DFReaw 0° VST HoSwko Bdd. QgrsS o, DY) HFTo
206 DT© FoGoah QeGP SHH S AN FoS® S5ded Fridigo Fromrow. FoHEAHNLD, EHVES Sl S
Er@rol fHorren e Srgid)m JeHHT0N.

Synonym-Swapped:

ety EB, Dgrido Sorrg” Sngeso HEAHKH Sogdrso A b SSSo DB05c0S° @odyrdes g BP0, J°
e 28R E0S’ PN TET o (RS SISTATI @"iﬁaégoeﬁs SRS, OB RAHA FroPNErosres® Sagieao sgesoen 5363533"&6&
Dgrido FdrTo eden HFBITNAN. 158 FErmod’ HBYO PO Jpd SN0 oo TFrer ©PZo Soggs® wolkeren
&8 oo, [SEYARUEERTATIAN] Ag® darglotiah 570w APRTeEo Soi@ e HTTXN Srsyes %0 wonod.
5% scwod’ DS SnFothe), RTES 8% @00 50080 3){9@@‘59&35@)@3606. S5 2.8 g o
D EoBS GrS™S SR KRR SR ERR, FTPRE BHIrPo $E0)eR0R. FEFEEFN, oY Bt
Soogren cﬁgéédea D050’ Bl NBRe g NBIBoRR. HX00e Swg:éofg@s, QIO JoGreodihsn oo
EPe 00 HATeR) 80BN, DAY G Siven DY RTEN HEAH U0 W XS @olheod.
53&53 &ge’ws @IS éwa;g@:é& esér‘-é5§o. [ ¥alsyte] &rﬁgé, &wggwé: & &9056::326@& @oQRotidéo .%%agon" (‘iérg
0 DAy ém"@§e§6 @0o%ol Je0000R. Sogs Dy ?60@@0 D3H0 Hohedo 'é&&oég?ﬁ) feTATST ARV &9?;"3&0@6 (?3:01‘35
280 é@%@@go. deﬁgb?g"ﬁ)& 3)::(3@950(1" RO%%S”, 355@"&0 H0E3S® ereoESETenm é:oéeaés R DRSP0 JSFARS O
€50E0N. NIPARSEIN Jdlraroe) Sngorr ®odososS® 330‘5:0 G0 @"éaagpgééa (’ﬁgoiﬁéeﬁuéﬁ. (1088 2.8
oy r'a"’?_go‘ﬁaém‘é H80%. Bt RNes, QXGHD DFeew 0> S&eaToQ) Moffsro BPcd. g Ngrdo dozodo
W, W) H0Irea0 EOAN Jodo o S)r‘_’\gaé {omreos 5eagRaN S HEKH o3 :g"ow@e fePANNISN 55"3?_; PQoTEON.
FPoRTPARIN, eGS0 TS Srerofond RWPen HXTerd8 YOS 9@6&6&@&"&0&

Table 42: Tllustrative synonym swap attack example for Telugu created by replacing dictionary-covered words
with meaning-preserving synonyms using replacement probability p = 1.0.Segments containing synonym swap
perturbations are highlighted in bold for ease of identification.
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Hindi Synonym Swap Attack Example (p = 1.0)

Original:
StareHt &1 3Tem Yot W stiad & Udgriaes s 3R fafaedt &t arem § wecaqul et FHHrar €1 37 QRIaH srasis & fasewor

T T FHact U= USTIiaE! o1 IdT Ieidl &, Sfewh Sl G¥aT, TagR, Ua uiifRafaes df o1 oft 3 ured giar &1 9 & fefor
SiraTed TR & ¥4 H & Y ¢, a@%mwﬁaﬁm%ﬁaﬁmaﬁawmﬁmﬁmm%mm%

TR, Tt STl T Il Uoh THH G 9 §8, R Ik URacH [aadHi o €9 § 37T & Siid| deh o ST §ehd & | STt ot
1 fawrer oft Sttares s & foera & weres @1 €1 gedt & sfaer &t Al sreel & died &1 o dferdl ol uXal 3R 3711
TTY ST aTet Stfaes AGAST 3 STTER o 1T | Shfee, SAfSiatiam, Regfiam anfe I g5t uforar & 3gTeR01 8| e it
T H, Sl <hl YT, ST, T LT H Heedqul URad o i fied &1 defi-anell 7 o & 3id # 98 T & faequiereor

oft g, FSmah vrToT Sftareet & ST o Bt &1 TRIgh ofR fafereT 4 & St gt @iom o forg Stiafaesre aaTi-ies STfae gIRT

FITTEd WTepfcieh aR0T 3R ATReT hi FTLRUMY IUARTT WHTOT T HYdl 6| STel1d Sial T Sel1g WIiordl # Suiaeor, uferdi st
SEHIGR & Icafay, T Taema & e, T qeft geard wifes aRadHl &1 aRord §) Sitared # urg ST aret SRS gRads
o weelt SR & 3R e 7 T Rig 6 31 ST o 1 Sty cre-aigt at 7 theft g 2, o e¢ 7

&1 Sta fafaerar stfgdta W@ SR e # fasme St &1 T o, Safe shieRed & 3fd & el Ud T &l 7o 9671
T URAdHT o HIRUT ol AT d T TR, ATATaR0T § UfadHT qo gedt ot spreffa fafafaat «ft st &t S 8

Synonym-Swapped:

Saret & sreaaa-ard i AR Shae el A Afaetswar die e fafderar-qof & forg weamm e v v
TWTEAAT {1 g8 QG HaET W farsciwor e g1 7 fARiw S0 & QG USTiod] SHEHT HEH qe MAH HISG &, At
I S AT, ATEROT, TS Afatvara qTRIRATE e &t A 3ig AT o1 #1520 0 HHAT e SareH JereR &t
YR 0T TITH HAT ¢ Ted ¢, TG 370n Tred & {91 31a o Suieda € 9 e sfa v A forad ddy wat 1 Shia:
foerreita gl &t ST, THEA STdl T IcuTT Tehet |GRT Yoot GIRT §aT, qT I e § UREd=-GietT (dacH| & W
ffaR 3T THE I iG] AT T AT FAT Ghd 8| TS A Fee Wiar Siianen dentae I ) wifa sfar T
HEH §| A F 3T T AT-ART Fla@s] Hiaw dic & v Qferdl et adt qo1 I8 g A1 Hag, sHitae aQs
| | g o | S, tEiariae, Regfiae anfe @ g5t ugfa i 3aewor 8| et s wwa s, sfat -
T ST, T, T TS ATAT AATITH URTdT-5HH FTeIehT & forg fAed &) FarRia-sig a1 3+ A1 o TaIa
e weyef ug W faqqudienor sitaw gof gu, fameht wermor-s-wenre Sitaredt & wreas ure {3 gon €d 81 gRighy aen
-G 20 TR SHe¥ T Gl T i Shiafaes dani-eha ST g1 ufauifed Teet avvr 38 stfafed dggedr
F ATURVMG ITGRTT TATOT-TA-AFIR WIS[E HIA el ¢ STl Sial o et qio wea aRad, ufea e seeR &
wfd Icafy, & Taeial 1 gig, T THE HeATy hive aRad- TRt JHfaw TRUMH & | STaTed ATed™ uig ST gad I9-Tdd
QRAAT-TISTT 37 BT AT SHT-a T oIne of Tega Y Fe T Terdh WHTOE d & | S[auT-eh g1 &1 Famary dAnea-
it At Wiaw T gor R 3, fowd & sz Frer [t s fafqear-wer sifgdiaar w8 Safde safe e faan-
AR TAGUT T A AT, STalfeh hIefATH R 3ifaw iz el qun Tenial ol I 9611 39 TRad= & HRON IHqH
HATA-IHAT HA & AARATEY T, TR I aRad=1-w0 T awdt A il niafafat sffae steaam-atea ot fa
FTh & &

Table 43: Illustrative synonym swap attack example for Hindi created by replacing dictionary-covered words with
meaning-preserving synonyms using replacement probability p = 1.0.Segments containing synonym swap pertur-
bations are highlighted in bold for ease of identification.
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Tamil Synonym Swap Attack Example (p = 1.0)

Original:

Lelulwev Hmiailwev glemmuileL BevHSL (h&ETHLD, UMD ME GLP6Y6ITET QUG & MHISGTHLD
1518 H& (P&& WS GIeuLD ClLIMIS6dTM6oT. HlevdsL (h) eTedTLIg] L LBlullesT GLopLirLienL epig
(& @GLb ClLI(HLD LITem M 55 (h&H6TMGLD. @emau GlausuGalm LIFLILIETaIeILD, &HIGLOEDILDT
861D &TeuoTLILI(h &5 6TMe6oT. LLLAUN6ST GLo6LLIGS) LDESTMITL. @5Lp6L GLIMsTM GleuLiLl, (&S
Coumiuim(h&serfleormey, Qemeu AmMg HAMISTSE B THeTM6oT. AQHS HlevdhdL (h&ETH& & emL_ullev
ONHS G LD 6T6LEMELGEIT GlauIqLIL|&6IT, QL FLIM(H&6IT, CLOM&H6LE&H6IT LMHMILD 26Tl T(HLD &(HHend
&6IT6eL GMILLNL L. QL_BiIserflev G HS (PSS 6fHLI(HFIMGI. Hev CHImISe6TTI6n, HlevdhsL
(h&eiT alifleusmLwjib LiGlulev Hemeu LOTMILIM(H G\&TesoTL LIFILIL|&H6TTs LNFlhg CLmE@Lb.
QedTen)ILd Flov CHIMIGETIEL 58 (h 61T 626dTMGl6OTTETM] GLO6L G1F6LES6ITMEOT HHeLevg| LITSlulley
GLOMGI165TM6TT. QbS QUISSHBISEIT BleneVLILIMEIIELEMEV 6TESTMTEV, HILL6)T68T B MMV Gleu
efiliL(h &gl QuiLnguimest 6L Gleusrui(h BlevmH&H&SHens 2 (HauTsGH mGI. Blevb(hH &
&5 8601 GLITG] L Blullest Gopuiriic) LNAM), LuqliLnquing &S Diemevs6iT &hmlujeiter
LGP &erfleyid LITe&l6sTmeoT. @& &L 1L BIS6IT LHmIb LM &L L enliL|&erflev CasLb 6FMHLI
&3 (WIguLd. ClL&L_mesfls LNCeTL. @QUISH & mISENT STF6uoTLOMS GLI(THLDLIT6VT6sT 516V H(h &M
&61T 6] HLI(h&ledTmeoT. LLLAlulleL @Q(H& &b Q&I CLITETM QU188 MBIS6IT 6ILIHLOLITEYILD | &60TM)
A WHHV D166V LIaTIUTGHT 6T6LED6LSETTIGL [5]18LDE560TMEDT. GLOGEVITL L LOMEsT QU1 & MBI 6TT
ETIPLOLYLD GlLIM(LPG, FH&HSHSLILILL. QLSS0 GILIHLD H(PS5SS HTEH&LD 615 mal. Fev 5
SHEUITEUT Bl6D6VEMLO&ETTIEV, S GITEOT S LOLOTEST LIMSMBISETTIEV GHT(HSHEIT (PpMley GlLIMIDLIG
QIFWIS6ETDEDT. QereuTN)] BIeWWHGHID GleueNGwmID DML LLLAlUT6sT CLoDLITLIenL I8y
6618 G LD. Flev Hleub(hHHMBIGEIT HLaVISSHIGUIIEL H6LeVE GMISIW LSS [Hl&LDESGSTDEDT.
@emeu &6V Bifle CILIIHLD HEMEVEHEIT DGV6VG| D& FEFFEMW 2 6T0TL TS G)LD.

Synonym-Swapped:

Helullwe HMleiwsv alehEhTesTib &lenmuilsh HevsSL (h&ETHLD, HaUDHHME & LP6Y 6iTerT
CFW6LEHEHLD &AL HHSHID (PHSIWILD C\LIMIS6TMET. HlevdhHL (h 6T6dTLIGS L LOIuT 6o
GGeumuiytiy epiquilHHGL QUFW LTedDS S5 HSHETTEGLD. QbBH6sT Gaumii’ L LIFLiL
emailgiLd, $1qL0D)ILOTEHG|LD 6G1SF&eTM6uT. LLLAUN6ST GLo6VLIGE) LDESTMITL. @Lphlem6v GLIT6V
@b, PSS CoumLIT(h&erfleTTsy, Qb FPw Sjema] AW G BT 6TDT. QoHHem W
BlevssL (h&EHSSemL U6 Blemevdgl UTLDL|HGIT GeUIqLlIL|&6iT, QL FUT(HSET, (pileyseir
D SHGHIL 6T 2enL_T(H&6TM &(HEHen&HSHTTeL GBIUILNL LI L @)L _rigerflsv SiFhlsiomest
I|(PSSLD 2 635TLTH MG FlovauDMI6IT CHImIS6 6, Hevd L (h&6T allflalemnL_&mgl Lis
gluilev BjemaG6iT CaumILIT(h emaISs LIFLILSHTTS allevd GlFevdlesTn. QUICLITGIaIH)
FlovGau CHIMISETL BHFLILIGUEMSHSHEIT e6TMI66oTT6oTM| GLOGVL]MLD GlFGVAN6ITIEIT |6V
eugI G uNev GLorg) &6t meoT. Qb L AIIG&HeN&HSH6IT HleneutlLINacLEm6L DjsoBH TG,
Slieblrestm] &8 615 NS M. QUiILIgwTeT 5655 GlaueMuil (h) HevbhHss56mS 2 (HeuTs
&Lb. Blevb(h&&SSlest ChyLD LLLAluilest GomiLjmid LIAM), HhSHwns: HFF1b Heneva)
&6IT @5LbG LIGF&He1lanId LIT6) | HlesTmeot. QIS TEIT &1L (hLDTEOThISET DjSHGIL 65T Geumi
&L LemioliL&e1fleL 9Ifle] eJDLI(hSS aIeLeLGI. Gl &L Teofls LG BL 611986088 6iT
SNPEIIMSHBHT6V 6 LIHLOLITGYILD 516V (H &S MIG6IT 2 (ThauTl6dTM6oT. LyLbluiley @ 6iTerrgyl @&l
BTG GUITeLG6U BL 611G 56D &HHEIT B13551q allflauenL bl A WSHH6L Di6vevg| LLLOluN6sT
6T6L6m6VL&6ETTEL L GILIMISETM6T. GLOMEUITL L LOT6sT G\FWeLLIT(h&6IT 2 W(HLD &T6eVLD, Fh
FHESULLL QL $HFeL CLIHSS ((PS55S allemena] 615 A& DI HovGeu Haaev BHlewMbd
BlemevemLn&61fleL, FlleblTesTEm Y LOLOTEsT LIMSHISETTI6L GBT(H&6IT 2 6mL 6 ClLIMIDLIG GlFWl
&65TMEDT. eUGUTDTS HIsHHSID GleuemMGumisSngl euallemio L Aluilest GLoGeumuiyLiL]
I|enF 6maUHEH MG 1. FloveuDMIGIT H6LH(h &5 MBIGENT HLeVISSIGUNEL L6V (& NISH WG]
S5 S6L BLGILIMIHGTDEsT. RbFH6sT H1L6L Bifl6L CILITHHSH BI6MIVEYBEIT D|L6VG| AHHT&
& 2 (Heums &G Lb.

Table 44: Illustrative synonym swap attack example for Tamil created by replacing dictionary-covered words with
meaning-preserving synonyms using replacement probability p = 1.0.Segments containing synonym swap pertur-
bations are highlighted in bold for ease of identification.
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