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Abstract
The rapid growth of multilingual Large Lan-
guage Models (LLMs) has enabled the genera-
tion of fluent and culturally nuanced text across
Indian languages, posing new challenges in dis-
tinguishing LLM-generated from human writ-
ten content. Existing datasets and methodolo-
gies have primarily focused on AI-generated
text detection in the English language. Exist-
ing datasets and methodologies, which are pre-
dominantly trained on English data, exhibit lim-
ited generalisation to low-resource and morpho-
logically rich Indian languages, underscoring
the need for linguistically diverse and cultur-
ally grounded benchmark datasets and method-
ologies. To address this gap, we introduce
BHAID BHaratiya AI-generated text Detec-
tion, the first large scale multilingual bench-
mark for AI-text detection spanning nine In-
dian languages: Hindi, Bengali, Tamil, Tel-
ugu, Kannada, Malayalam, Gujarati, Odia, and
Assamese. Furthermore, we propose a Dual
Hierarchical Contrastive Learning framework
DualCLF that integrates self-supervised and
supervised contrastive objectives with focal
loss to jointly enhance semantic robustness and
inter-class discriminability. Observations from
our experiments on the BHAID and benchmark
multilingual datasets from the literature reveal
that our method consistently outperforms re-
cent state-of-the-art baseline approaches from
the literature in detecting AI-generated text 1.

1 Introduction

Recent advances in large language models (LLMs)
enable the automatic generation of coherent,
human-like text (Singh et al., 2024b; Kumar et al.,
2026), raising several concerns, including trust ero-
sion (Bo et al., 2025; Peng et al., 2025), misin-
formation amplification (Vykopal et al.; Chen and
Shu, 2023), Fake new (Kumar et al., 2025a; Ku-
mar and Singh, 2025) academic integrity loss (Dou

1Data and code are publicly available. Dataset: Hugging
Face BHAID Dataset Code: GitHub:DualCLF

Train Test (en) Test (Indian) Difference
en 0.982 0.533 ↓ 45.7%

Table 1: Performance drop from English to Indian lan-
guages test sets of BHAID Dataset.

et al., 2024; Kim et al., 2023), factual hallucina-
tions (Huang et al., 2025), ethical and legal vio-
lations (Samuelson, 2023), cultural homogeniza-
tion (Anderson et al., 2024), automation bias (Lau-
rito et al., 2025), privacy leakage (Meeus et al.,
2025), economic disruption (Lin and Li, 2025),
accountability gap (Peterson, 2025), and societal
degradation (Bahov). While rapid advancements
in multilingual (Qin et al., 2025) and Indic-centric
LLMs have extended the human-like text genera-
tion capabilities of LLMs beyond English, enabling
fluent, context-aware, and culturally nuanced text
generation across diverse Indian languages (Gala
et al., 2024; Singh et al., 2024a; Sankalp et al.;
Singh et al., 2025).

Despite remarkable advancements in multi-
lingual and Indic-centric LLMs, the literature
lacks comprehensive datasets and methodologies
for detecting LLM-generated text in Indian lan-
guages. To bridge this gap, we propose BHaratiya
AI-generated text Detection (BHAID), the first
large-scale benchmark dataset for detecting LLM-
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Dataset Size Domain Languages LLM Sources Adv. Attacks Multilingual Multi-LLM

MGTBench (2021) 3K Essays/News EN GPT-family ✓ ✗ ✗

MULTITuDE (2023) 44K News EN, ES, RU GPT ✓ ✓ ✗

HC3 (2023) 84K QA EN, ZH GPT-3 ✗ Limited ✗

M4 (2023) 147K Wiki/Reddit EN, ZH, RU Multiple ✗ ✓ Limited
TuringBench 200K News EN GPT, FAIR ✗ ✗ Limited
DetectAIRev 256K Reviews EN 7+ LLMs ✗ ✗ ✓
BHAID 150K News/Wiki Hi, As, Bn, Gu, Ml, Kn, Or, Ta, Te 4 LLMs ✓ ✓ ✓

Table 2: Comparison of AI-generated text detection benchmarks. BHAID introduces a multilingual adversarial
benchmark across 9 Indic languages using multiple LLM families.

generated text across nine major Indian languages:
Hindi, Bengali, Tamil, Telugu, Kannada, Malay-
alam, Gujarati, Odia, and Assamese.

AI generated text detection methods (Mao et al.,
2024; Su et al., 2023) in the literature have the
following key limitations (i) often overlook fine-
grained detection objectives, such as language-
specific characteristics of generated text, and per-
form poorly in unsupervised settings (Liu et al.,
2022), (ii) most existing approaches primarily fo-
cus on binary classification (i.e., distinguishing
between human-written and machine-generated
text) (Mao et al., 2024), and (iii) detectors often
fail in language adaptation, as detectors (Mitchell
et al., 2023; Macko et al., 2024) trained or fine-
tuned on a single language struggle to generalize
effectively across linguistically diverse datasets, as
demonstrated in Table 1. Detection performance
varies across languages, particularly between En-
glish and other languages, revealing that existing
AI-generated text detectors do not generalize well
to multilingual or low-resource settings. To ad-
dress this, we propose DualCLF, a Dual Contrastive
Learning framework that combines hierarchical
contrastive learning with focal loss to improve
multilingual robustness and discriminative power.
Leveraging XLM-RoBERTa representations, Dual-
CLF jointly maximises semantic consistency and
inter-class separability, achieving robust, language-
agnostic detection of LLM-generated text across
diverse Indian languages.

2 Related Work

Recent studies have surveyed datasets and methods
for detecting LLM-generated text (AIGT) (Ghosal
et al., 2023; Yang et al., 2025; Fariello et al., 2025;
Wu et al., 2025). These surveys highlight rapid ad-
vances in dataset construction, multilingual adapta-
tion, and evaluation frameworks for distinguishing
human-written from LLM-generated text.
Datasets: Numerous benchmark datasets have

been developed to support AI-generated text detec-
tion across domains, languages, and LLMs (Guo
et al., 2023; Salim and Hossain, 2024; Wang et al.,
2023; Uchendu et al., 2021). Several datasets have
been developed beyond English, such as Urdu (Ali
et al., 2025), Korean (Park et al., 2025), Span-
ish (Sarvazyan et al., 2023), Russian (Shamar-
dina et al., 2022), and Hindi (Kavathekar et al.,
2024). Appendix Section A.3 and Table 2 sum-
marize the key differences between BHAID and
existing datasets. Several shared tasks further ad-
vance this area, including the multilingual track at
SemEval-2024 Task 8 (Wang et al., 2024a) and the
multilingual GenAI content detection task (Wang
et al., 2025). Recent multilingual benchmarks
for LLM-generated text detection include M4GT-
Bench (Wang et al., 2024b) (covering Russian,
Chinese, Urdu, Indonesian, and Arabic), MULTI-
TuDE (Macko et al., 2023) (spanning 11 languages
such as Arabic, Catalan, Chinese, Czech, Dutch,
English, German, Portuguese, Russian, Spanish,
and Ukrainian); and MultiSocial (Macko et al.,
2024), which further expands multilingual cover-
age for this task. However, to the best of our knowl-
edge, there is no publicly available dataset for
AI-generated text detection in diverse Indian lan-
guages. To fill this gap, we introduce BHAID. The
key differences between the proposed dataset and
the existing dataset are highlighted in Appendix
Subsection A.3 and Table 2.
Detection Methods: LLM-generated text detec-
tion methods can be broadly classified into su-
pervised and zero-shot approaches. Supervised
models (Fagni et al., 2021; Su et al., 2023;
Liyanage et al., 2024; Liu et al., 2023; Agrahari
et al., 2025b) other Semi-supervised Model (Agra-
hari et al., 2026, 2024; Agrahari and Singh,
2025; Agrahari et al., 2025a,c) perform well in-
domain but degrade significantly under out-of-
distribution (OOD) settings (Wang et al., 2023),
especially for unseen models, languages, or do-
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mains. In contrast, zero-shot methods such as
GLTR (Gehrmann et al., 2019) (statistical features),
DetectGPT (Mitchell et al., 2023) (token perturba-
tion), SimLLM (Nguyen-Son et al., 2024) (seman-
tic similarity), DART (Park et al., 2024) (semantic
gap), and RAIDAR (Mao et al., 2024) (rewrite-
based detection) rely on intrinsic model behaviours
to identify AI-generated text without supervised
training. Multilingual LLM-generated text detec-
tion remains challenging due to limited language-
agnostic methods, performance gaps across lan-
guages (Papi et al., 2025), and the lack of stan-
dardized multilingual benchmarks (Macko et al.,
2023). To address this, we propose DualCLF, a
dual contrastive learning framework that combines
hierarchical contrastive learning with focal loss for
better multilingual discrimination.

3 Proposed Dataset

We begin our dataset curation process by collect-
ing Wikipedia articles, and news articles across
nine Indian languages, including Hindi (Hi), As-
samese (As), Bengali (Bn), Gujarati (Gu), Malay-
alam (ML), Kannada (Kn), Odia (Or), Tamil (Ta),
and Telugu (Te), to represent human-authored
text. To ensure diversity and authenticity of human-
authored text across nine languages, we collect
news and Wikipedia articles from multiple pub-
licly available and credible sources. (i) News:
We consider the AI4Bharat-IndicNLP news cor-
pus (Kunchukuttan et al., 2020)2, providing large-
scale monolingual news text across Indic languages.
(ii) Wikipedia: We scrape Indian-language articles
from Wikipedia archives (Hindi Wikipedia, 2025),
restricting content to pre-2017 publications to min-
imise contamination from recent LLM-generated
text. Subsequently, we employ prompting with
GPT (Yenduri et al., 2023) 3, Grok 4, Gem-
ini (Comanici et al., 2025) 5, and Aya (Üstün
et al., 2024) 6 to obtain LLM-generated text cor-
responding to human-authored text, by providing
each LLM with a prompt instruction(Kumar et al.,
2025b). Alongside text generated by LLM us-
ing prompt instructions, we include three types
of adversarial attacks detailed in the study (Dugan
et al., 2024): Rewrite (Krishna et al., 2023), Style
Transfer (Gagiano et al., 2021), and Synonym Re-

2AI4Bharat/indicnlp_corpus
3openai.gpt
4x.ai/grok
5gemini ai apiaya
6huggingface.co/CohereLabs/aya-101

Domain Human LLM Total

News 20,000 80,000 100,000
Wikipedia 10,000 40,000 50,000

Total 30,000 120,000 150,000

Table 3: Domain-wise statistics of the proposed dataset.

placement (Pu et al., 2023). Incorporating LLM-
generated text from Rewrite (Krishna et al., 2023),
Style Transfer (Gagiano et al., 2021), and Synonym
Replacement (Pu et al., 2023) attacks, along with
prompt-based generations, makes BHAID more ro-
bust for training detectors to distinguish AI- from
human-generated text in real-world settings. De-
tails are provided in Appendix Section A.1 and
Appendix Table 2. (Example of dataset present in
Appendix Figure 4).

Prompt and Adversarial Attack Diversity: We
guide LLMs with prompts to generate text exhibit-
ing language-specific stylistic, linguistic, tonal, and
discourse-level features across Indian languages.
For Wikipedia-style text, we provide the page title
and target word count, while for news articles we
supply the headline, publication details (location
and date), and target word count. For adversar-
ial attacks, including rewrite, style transfer, and
synonym replacement, we provide human-written
text along with attack-specific prompts to ensure
semantic and contextual alignment between human
and LLM-generated content, thereby enhancing the
authenticity and diversity of the generated text. Ta-
ble 3 presents the characteristics of BHAID dataset.

3.1 Human Annotation & Quality Evaluation

To assess the reliability of BHAID and the quality
of multilingual LLM-generated text, we randomly
selected 200 LLM-generated samples per language
and assigned them to four native-speaker graduate
annotators. Each language had two annotators with
engineering backgrounds and two with linguistics
backgrounds to ensure annotation quality.

Human annotators assigned scores for Fluency,
Origin, Coherence, and Factuality of the LLM-
generated text, where Fluency measures gram-
matical correctness, readability, and naturalness
in word choice and sentence structure. Origin:
Assesses whether the text exhibits linguistic and
stylistic cues typical of human writing or machine-
generated output. Coherence: Measures the log-
ical flow and semantic consistency of ideas and
sentences within the generated text. Factuality:
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Figure 1: Density plots showing word-length distribu-
tion vs. perplexity for human (blue) and LLM-generated
(orange) text across Indian languages.

Assesses how accurately the generated text re-
flects real-world facts or aligns with the source
content. Appendix Table 10 presents our annota-
tion instructions and scoring criteria for evaluat-
ing the Fluency, Origin, Coherence, and Factual-
ity of LLM-generated text. For multilingual anno-
tation, we compute Krippendorff alpha (Krippen-
dorff, 2011) and Fleiss kappa (Fleiss, 1971) sepa-
rately for each language to capture inter-annotator
reliability within language-specific contexts, and
report a macro-averaged κ as an overall reliabil-
ity measure (Table 4). Language-wise human-
annotation scores are reported in Appendix Ta-
ble 11. The results show moderately high inter-
annotator agreement, suggesting consistent eval-
uation and generally fluent LLM-generated text.
Annotators show high agreement in assessing co-
herence and factuality, indicating consistent judg-
ments and factually coherent LLM-generated text
in BHAID. The Origin metric identifies whether
a text is human-authored or LLM-generated. As
shown in Table 4, low inter-annotator agreement
for Origin indicates that distinguishing human from
AI-written text was difficult. This suggests that
LLM-generated samples in BHAID closely mimic
human writing, posing challenges for both human
judgment and automated detection models. Detail
analysis is presented in Appendix Section A.2, B.

3.2 Linguistic Features

We consider the following linguistic features (Agra-
hari et al., 2024) to study the differences between
LLM-generated and human-written text in the nine
languages. Figure 1 shows density plots of word-
count distributions, revealing that LLM-generated
texts exhibit more uniform lengths with sharper
peaks round 1.0, while human-written texts dis-

Metric Fluency Fact Coherence Origin

Krippendorff α 0.742 0.683 0.711 0.462
Fleiss κ 0.812 0.745 0.768 0.598

Table 4: Krippendorff’s Alpha (α) and Fleiss’ Kappa (κ)
scores for reviews by metric, as mentioned in Table 10.

play greater variability and longer tails. This indi-
cates that LLMs follow more regular word-length
patterns than natural human writing. We further
examine linguistic features to characterize these
differences (Appendix Section C).

Lexical and Structural Features. Lexical fea-
tures capture surface-level vocabulary characteris-
tics, such as word diversity, length, and repetition,
helping analyze linguistic richness and stylistic
differences between LLM-generated and human-
written text across Indian languages. We analyze
the following features to study lexical diversity: (i)
Average Number of Sentences: the average number
of sentences per paragraph, (ii) Average Words per
sentence: Measures sentence length to assess lin-
guistic complexity and formality, enabling compari-
son of whether LLM-generated text uses simpler or
more complex structures than human-written text,
(iii) Number of Unique Words: count of unique
words in the text, (iv) Type-Token Ratio (TTR):
Measures the proportion of unique words (types)
to total words (tokens), serving as an indicator
of lexical diversity and enabling comparison of
vocabulary richness and repetition between LLM-
generated and human-written text, (v) Measure of
Textual Lexical Diversity (MTLD): a robust metric
of lexical diversity that accounts for text length by
calculating the average length of word sequences
required for TTR to drop below a specified thresh-
old (typically 0.72). Higher MTLD indicate greater
lexical diversity and less repetition, providing a
more stable basis for comparison across texts of
varying lengths, and (vi) Hyper geometric Distri-
bution Diversity (HD-D): a probabilistic measure
of lexical diversity that estimates the likelihood
of encountering unique words within random sam-
ples of fixed size (commonly 42 words). HD-D is
less sensitive to text length variations, provides a
reliable indicator of lexical variety between human-
written and LLM-generated content.(DDetails are
provided in Appendix Section C).

Table 5 presents a comparison between LLM-
generated and human-written text in terms of lexi-
cal diversity features. The following conclusions
can be drawn from Table 5 (i) Human-authored
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Metric Type Hi Bn Gu Ml Ta Te As Or Kn

#Sent. Human 22.73 31.46 39.01 46.26 76.33 36.41 53.17 52.49 46.56
LLM 26.83 33.75 40.51 51.00 29.90 63.75 46.43 62.30 55.05

#Word Human 17.16 16.10 10.13 9.18 16.87 12.90 8.42 13.05 12.22
LLM 11.18 18.62 13.98 10.00 16.93 22.76 10.16 17.10 18.56

Uni. Human 337.00 402.83 510.59 402.77 595.33 312.42 408.57 297.68 344.53
LLM 266.32 375.22 460.70 341.00 333.53 276.05 232.11 160.25 234.67

TTR Human 0.66 0.59 0.57 0.48 0.60 0.61 0.59 0.63 0.56
LLM 0.43 0.42 0.72 0.40 0.32 0.35 0.69 0.64 0.65

MTLD Human 148.47 124.26 100.12 72.55 129.65 108.95 99.90 155.51 123.45
LLM 35.24 69.01 62.51 56.01 60.90 75.71 72.28 75.44 94.45

HD-D Human 0.86 0.88 0.85 0.84 0.86 0.85 0.84 0.90 0.83
LLM 0.65 0.71 0.83 0.60 0.47 0.64 0.72 0.86 0.68

Table 5: Lexical and structural feature comparison be-
tween human- and LLM-generated text across nine In-
dian languages.

Metric Direction Hi Bn Gu Ml Ta Te As Or Kn

KL Human → LLM 13.58 13.97 16.46 21.93 14.71 12.91 15.72 10.50 16.50
LLM → Human 14.53 15.33 15.92 17.31 14.50 13.92 14.80 11.93 13.23

JS Human → LLM 0.58 0.61 0.64 0.69 0.60 0.56 0.61 0.48 0.54
LLM → Human 0.58 0.61 0.64 0.69 0.60 0.56 0.61 0.48 0.58

Table 6: Comparison of KL and JS divergence between
human-written and LLM-generated texts across Indian
languages.

texts exhibit higher lexical diversity than LLM-
generated texts across most languages, as reflected
by TTR, MTLD, and HD-D scores, (ii) LLM-
generated texts exhibit lexical repetition and lower
variation, reflected by substantially lower MTLD
and HD-D values. (iii) TTR values are generally
lower for LLMs, suggesting a more limited and
repetitive vocabulary use. (vi) Human texts demon-
strate greater richness and balance in vocabulary,
especially evident in languages like Hi, Ta, and
Bn. The gap is most evident in Hi and Be, where
human texts achieve much higher MTLD and HD-
D values. In Gujarati, the slightly higher TTR
in LLM outputs likely reflects shorter or simpler
sentences rather than genuine diversity. Malay-
alam and Tamil show reduced lexical variety in
LLM text, with Tamil displaying the sharpest con-
trast. Human-authored text has more than twice
the MTLD of LLM outputs. Telugu LLM-authored
texts are longer but less diverse, suggesting ver-
bosity without richness. Odia, and Kannada human
texts record the highest MTLD and HD-D scores,
highlighting natural lexical depth and stylistic flex-
ibility. While LLMs produce grammatically coher-
ent text, it still fall short of capturing the nuanced
lexical diversity characteristic of human writing.

Information Theoretic Divergence Met-
rics: We use Kullback–Leibler (KL) and
Jensen–Shannon (JS) divergences to quantify
distributional differences between human and
LLM-generated text via token frequency distribu-

Metric Type Hi Bn Gu Ml Ta Te As Or Kn

Flesch Human 78.16 72.53 80.48 75.83 82.53 80.92 81.12 73.12 79.34
LLM 65.60 68.31 70.47 69.22 73.13 77.49 74.12 70.72 72.16

Fog Human 9.74 11.12 8.53 10.08 7.85 8.41 8.07 10.82 8.94
LLM 12.71 13.60 10.71 11.40 9.54 9.66 9.41 11.46 10.23

SMOG Human 7.35 8.69 6.25 7.71 6.13 6.91 6.44 8.30 6.87
LLM 9.05 9.41 7.67 8.84 7.28 7.44 7.14 8.98 7.92

Dale-Chall Human 6.77 6.36 5.67 6.12 5.55 5.92 5.62 6.52 5.84
LLM 7.91 7.38 6.93 6.84 6.72 6.23 6.25 6.89 6.48

Table 7: Readability metrics comparison between hu-
man and LLM-generated texts across Indian languages.

tions. Lower divergence indicates closer lexical
and stylistic alignment, while higher values reflect
greater deviation, JS capturing overall dissimilar-
ity and KL emphasizing directional divergence
from human writing patterns.(Detail mention in
Appendix Section C)

Table 6 reveals that LLM-generated texts exhibit
moderate divergence from human-authored ones
across all languages. Odia and Kannada show the
lowest KL and JS values, suggesting that LLMs
closely approximate human lexical distributions in
these languages. Telugu, Tamil, and Hindi demon-
strate moderate divergence, implying partial simi-
larity in vocabulary and stylistic patterns. In con-
trast, Malayalam, Gujarati, Bengali, and Assamese
display higher divergence scores, revealing that
LLMs struggle to replicate the lexical richness and
balanced word distributions found in human writ-
ing, particularly in morphologically complex lan-
guages. Accordingly, BHAID dataset, is diverse
and well-balanced, making it suitable for develop-
ing robust multilingual LLM-generated text detec-
tion models in Indic languages.

Readability Metrics: Assess text compre-
hensibility based on sentence length, word com-
plexity, and syntax; higher readability indicates
simpler, more accessible text, while greater sen-
tence complexity reflects richer grammatical struc-
ture and denser information. We consider the fol-
lowing readability and sentence complexity fea-
tures: (i) Flesch Reading Ease (Fleiss, 1971): A
readability metric with higher scores indicating
easier-to-read text. (ii) Fog Index: Estimates the
years of formal education required to understand
the text. A higher Fog Index implies more com-
plex sentence structures and vocabulary, typical in
academic or machine-generated text. (iii) SMOG
Index (Mc Laughlin, 1969): A readability met-
ric based on polysyllabic words that estimates
the education level required to understand a text,
enabling comparison of text complexity between
LLM-generated and human-written content. (iv)
Dale-Chall: Measures readability using the propor-
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Figure 2: Proposed method Dual-CLF a Dual Contrastive Learning framework with contrastive learning loss.

tion of unfamiliar words, with higher scores indicat-
ing more complex vocabulary and higher reading
grade levels. Table 7 shows that human-written
texts are more readable and more straightforward
than LLM-generated texts.

Across languages, human-written texts are con-
sistently more readable than LLM-generated ones,
with higher Flesch Reading Ease and lower Fog,
SMOG, and Dale–Chall scores. LLM outputs tend
to use longer sentences and denser vocabulary, re-
ducing readability. The gap is largest in Hindi, Ben-
gali, and Gujarati, while Telugu, Assamese, and
Tamil show closer alignment, indicating compara-
tively better LLM performance in these languages.
Overall, while LLMs maintain grammatical correct-
ness, they tend to generate more lexically rich and
stylistically dense text that is slightly less reader-
friendly than human-authored content.

4 Proposed Methodology

Given a batch B = {(Si,Yi)}Ni=1, where Si de-
notes the input text and Yi is the author label, the
objective is to predict Yi for each (Si ∈ B. while N
denotes the batch size. Considering a batch B, we
first obtain the encoded representations hiNi=1 of
the input texts SiNi=1 using the multilingual text
encoder XLM-RoBERTa7. Subsequently, these
representations are fed into the dual-hierarchical
contrastive learning framework and the focal loss
function for author classification.

4.1 Dual-Hierarchical Contrastive Learning
The Dual-Hierarchical Contrastive Learning mod-
ule maximizes mutual information between rep-

7huggingface.co/FacebookAI/xlm-roberta-base

resentations and class labels by combining self-
supervised learning, which enforces invariance
across augmented views, with supervised learn-
ing that clusters same-class samples and separates
different classes. These objectives are jointly opti-
mized with focal loss to enhance LLM-generated
text detection, as shown in Fig. 2.

4.1.1 Self-Supervised Contrastive
We adopt self-supervised contrastive learning to
enable effective data augmentation and richer se-
mantic representations, capturing span-level and
contextual features beyond token semantics to bet-
ter distinguish human-written from LLM-generated
text. This study considers the positive and negative
sampling strategy SimCSE (Gao et al., 2021) and
the stochastic dropout method (Srivastava et al.,
2014) to generate semantically consistent aug-
mented views of human text for self-supervised
contrastive learning. Given the encoded represen-
tation hi ∈ Rd of each input sentence Si, we gen-
erate two augmented views, (zi, z+i ), from hi fol-
lowing Equation 1:

zi = σ (W2 Dropout1(W1hi + b1) + b2) ,

z+i = σ (W2 Dropout2(W1hi + b1) + b2) ,
(1)

where {W1,b1,W2,b2} are learnable parameters.
The independent stochastic dropout operations,
Dropout1 and Dropout2, are applied over the en-
coded representation hi using independent binary
masks drawn from m1,m2 ∼ Bernoulli(1− p):

Dropout1(hi) = hi ⊙m1, m1 ∼ Bernoulli(1− p),

Dropout2(hi) = hi ⊙m2, m2 ∼ Bernoulli(1− p),
(2)

where p is the dropout probability and ⊙ denotes
element-wise multiplication. Both zi and z+i are
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derived from the same representation hi, differ-
ing only due to independently sampled dropout
masks, while a shared projection head enforces
view-invariant semantic representations. Subse-
quently, we define self-supervised contrastive loss:

Lself = − 1

2N

N∑︂

i=1

log
exp(sim(zi, z

+
i )/τ)∑︁2N

k=1 1[k ̸=i] exp(sim(zi, zk)/τ)
,

(3)

where N denotes the batch size before augmen-
tation, τ represents the temperature, and sim(·)
computes the cosine similarity between two em-
beddings. Intuitively, the self-supervised objective
drives the model to maximize agreement between
dropout-induced views of the same sentence,
promoting the retention of semantic information
and improving representation robustness and
generalization in LLM-generated text detection.

4.1.2 Supervised Contrastive Learning
We integrate supervised signals to refine
the embedding by leveraging author labels
Yi ∈ {human,GPT,Grok,Gemini,Aya} to en-
hance inter-class separability and intra-class
compactness, thereby improving the discriminative
capability of the learned representations across text
samples. For a batch of N samples, the supervised
contrastive loss is defined in Equation 4:

Lsup = −
N∑︂

i=1

1

|P (i)|
N∑︂

j=1

1[i̸=j] · 1[yi=yj ]

·log exp
(︁
sim(zi, zj)/τ

)︁
∑︁N

k=1 1[k ̸=i] exp
(︁
sim(zi, zk)/τ

)︁ .
(4)

Here for each anchor sample i within a batch of
size N , the set P (i) contains all other samples j
sharing the same author label yi = yj . The indi-
cator function 1[yi=yj ] equals 1 if samples i and j
share the same label i.e., form a positive pair, and
zero otherwise. Similarly, 1[i̸=j] ensures that self-
comparisons are excluded from the summation. To-
gether, these indicator functions guarantee that only
distinct positive pairs, i.e., embeddings belonging
to the same author class, contribute to the numera-
tor of the loss. The numerator exp(sim(zi, zj)/τ)
measures the similarity between the anchor em-
bedding zi and a positive embedding zj , while the
denominator aggregates similarities between the an-
chor zi and all other samples zk in the batch. The
temperature hyperparameter τ controls the sharp-
ness of the similarity distribution. Intuitively, the
supervised contrastive objective Lsup maximizes

the agreement between embeddings of the same
author (promoting intra-class compactness) and
minimizes the similarity between embeddings of
different authors (inter-class separability), to en-
hance the discriminative capability of the learned
representation space for text author detection. The
self-supervised contrastive objective encourages
two stochastic projections of the same encoder rep-
resentation hi to remain close while separating rep-
resentations originating from different instances,
thereby promoting dropout-invariant and instance-
discriminative encoder representations.

4.2 Final Training Objective
We jointly optimize classification and representa-
tion learning using a dual-contrastive framework
with focal loss (Lin et al., 2017). The objective
combines focal loss for author classification, self-
supervised contrastive loss for semantic robustness,
and supervised contrastive loss for author-level dis-
criminability, as defined in Equation 5.

Ltotal = LFL + λ
(︁
Lself + Lsup

)︁
. (5)

where λ is a weighting coefficient that balances the
contributions of the self-supervised and supervised
contrastive objectives relative to the focal loss. We
consider two settings: binary Human vs. AI classifi-
cation and multi-class author detection, with labels
Yi ∈ human,GPT,Grok,Gemini,Aya.

For each input text Si, the multilingual encoder
produces a sentence-level representation hi ∈ Rd,
which is shared by the contrastive and classification
branches. In the contrastive branch, hi is passed
through the projection head to obtain the represen-
tations used by the self-supervised and supervised
contrastive objectives, whereas the classification
branch operates directly on hi. During joint train-
ing, gradients from both branches fine-tune the
multilingual encoder, such that hi is learned under
both contrastive and classification supervision. In
particular, the supervised contrastive objective en-
courages representations from the same author to
become more similar while separating those from
different authors, whereas the focal-loss objective
promotes author-discriminative classification. The
classification head maps this shared encoder repre-
sentation into class logits through a linear transfor-
mation, as defined in Equation 6:

oi = Wclshi + bcls, (6)

where Wcls ∈ Rn×d and bcls ∈ Rn are learnable
parameters, and n denotes the number of author
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Based Model BHAID M4 (Wang et al., 2023) COLING (Wang et al., 2025)

Acc F1-H F1-AI Acc F1-H F1-AI Acc F1-H F1-AI

Baselines

Log-Likelihood (Gehrmann et al., 2019) 0.35 0.28 0.33 0.38 0.29 0.38 0.38 0.33 0.44
Rank (Gehrmann et al., 2019) 0.44 0.41 0.45 0.46 0.44 0.46 0.45 0.43 0.45
Log-Rank (Gehrmann et al., 2019) 0.47 0.44 0.47 0.49 0.46 0.49 0.48 0.46 0.48
Entropy (Gehrmann et al., 2019) 0.50 0.48 0.50 0.52 0.49 0.52 0.51 0.49 0.51
NPR (Su et al., 2023) 0.61 0.59 0.61 0.74 0.62 0.74 0.65 0.60 0.72
DetectGPT (Mitchell et al., 2023) 0.67 0.65 0.67 0.70 0.67 0.69 0.69 0.66 0.68
Fast-DetectGPT (Bao et al., 2023) 0.72 0.70 0.73 0.75 0.73 0.75 0.74 0.71 0.73
J-Guard (Kumarage et al., 2023) 0.78 0.76 0.78 0.80 0.79 0.80 0.81 0.78 0.80
RAIDAR (Mao et al., 2024) 0.83 0.82 0.83 0.85 0.84 0.86 0.84 0.83 0.85
BISCOPE (Guo et al., 2024) 0.86 0.84 0.87 0.88 0.86 0.89 0.87 0.85 0.88

Ablation
Self-Supervised Lself 0.81 0.74 0.82 0.82 0.85 0.83 0.82 0.74 0.82
Supervised Lsup 0.88 0.87 0.89 0.89 0.88 0.90 0.87 0.86 0.89
Dual Contrastive (w/o Focal) 0.93 0.91 0.94 0.90 0.91 0.90 0.92 0.89 0.91

Proposed DualCLF (Dual + Focal) 0.96 0.95 0.97 0.92 0.93 0.94 0.94 0.92 0.93

Table 8: Performance comparison of the proposed DualCLF model and baselines across multilingual datasets. Acc
denotes accuracy; F1-H and F1-AI represent F1-scores for human and LLM-generated texts.

classes. The dimensionality of oi depends on the
specific classification setting. For binary classifica-
tion (Human vs. AI), the output layer consists of
n = 2 units, yielding the class probabilities

pΘ(xi) = (pi,human, pi,AI) (7)

In contrast, for the multi-class author detection set-
ting, the classifier output layer consists of n =
5 units, corresponding to the author categories
Human,GPT,Grok,Gemini,Aya.

pΘ(xi) = (pi1, pi2, . . . , pin) (8)

represents the predicted confidence distribution
over the author classes. Based on pΘ(xi), the focal
loss is formulated as defined in Equation 9:

LFL = − 1

B

B∑︂

i=1

αyi (1− pi,yi)
γ log(pi,yi), (9)

where γ ≥ 0 is the focusing parameter controlling
the emphasis on hard examples, and αyi ∈ (0, 1]
denotes the class-specific weight. To address class
imbalance, we compute the weighting coefficients
α = (α1, . . . , αn) through inverse-frequency nor-
malization, as defined in equation 10

: αc ∝
1

πc
,

n∑︂

c=1

αc = 1, (10)

where πc is the empirical prior of class c in the train-
ing set. This joint optimization enables Lself to en-
hance robustness and semantic consistency, Lsup

Metric Human GPT Grok Gemini Aya Macro Avg.

Acc 0.94 0.95 0.91 0.90 0.88 0.92
F1 0.93 0.94 0.90 0.89 0.87 0.91

Table 9: Multi-class author detection performance of
the Dual Contrastive Learning (DualCLF) model.

to enforce author-level clustering and inter-class
separation, and LFL to fine-tune the encoder for
classification. Together, the dual contrastive regu-
larization mechanisms encourage a noise-invariant
latent space, thereby improving classification accu-
racy and stability. Further methodological details
are provided in Appendix Section D.

5 Experimental Setup

We conduct our experiments on proposed BHAID
dataset, as well as multilingual M4 (Wang et al.,
2023) which includes seven languages and rep-
resents a strong multilingual benchmark, and the
COLING Task 1 dataset (Wang et al., 2025) which
aggregate multiple existing benchmarks (e.g., HC3,
MAGE, MULTITuDE), collectively covering up to
15 languages. We consider class-wise F1-score and
accuracy as our performance metrics. Appendix
Table 14 presents the details of the hyperparameter.

Baselines: This study considers Log-Likelihood,
Rank, Log-Rank, Entropy, DetectGPT (Mitchell
et al., 2023), RAIDAR (Mao et al., 2024), Fast-
DetectGPT (Bao et al., 2023), J-Guard (Kumarage
et al., 2023), and BISCOPE (Guo et al., 2024) as
baseline models to evaluate and compare the per-
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formance of the DualCLF. Details of the train, val-
idation, and test splits of the dataset in Appendix
Table 13 for reference.

6 Result and Discussion

Table 8 compares the performance of baseline
methods and our proposed approach, showing
that traditional statistical methods, Log-Likelihood
(Gehrmann et al., 2019), Rank (Gehrmann et al.,
2019), Log-Rank (Gehrmann et al., 2019), Entropy
(Gehrmann et al., 2019), NPR (Su et al., 2023)
are weak, while recent neural baselines DetectGPT
(Mitchell et al., 2023), Fast-DetectGPT (Bao et al.,
2023), J-Guard (Kumarage et al., 2023), RAIDAR
(Mao et al., 2024), BISCOPE (Guo et al., 2024)
demonstrate competitive performance across In-
dian languages and multilingual settings.

Table 8 shows that the proposed method con-
sistently outperforms all baselines, demonstrating
stronger robustness and better generalization across
multilingual and cross-domain LLM-generated text
detection tasks. Ablation results show that all
DualCLF components contribute to performance,
with the full model consistently outperforming self-
supervised and supervised variants, confirming im-
proved robustness and LLM-generated text detec-
tion. In particular, incorporating dual contrastive
learning substantially improves the discriminative
capability of the learned representations across dif-
ferent evaluation settings. The focal loss further
improves classification, highlighting the comple-
mentary benefits of class-aware optimization.

Table 8 reports binary classification results (hu-
man vs. LLM), while Table 9 presents multi-class
author detection. The proposed method performs
best on GPT and human texts, indicating reliable
discrimination, and remains competitive for Grok,
Gemini, and Aya, demonstrating balanced general-
ization across LLM authors. Overall, these results
confirm the robustness of DualCLF for both AI-
generated text and author detection. Fig 3 evaluates
the cross-lingual generalization of our model across
Indian languages. Strong diagonal dominance indi-
cates robust in-language performance, while consis-
tently high F1-scores among Indo-Aryan languages
(e.g., Hindi, Bengali, Gujarati, and Urdu) demon-
strate effective cross-lingual transfer. Cross-family
transfer between Indo-Aryan and Dravidian lan-
guages (Tamil and Kannada) shows a moderate
performance drop due to script and syntactic differ-
ences, whereas strong transfer within the Dravidian

Figure 3: Heatmap visualization of cross-lingual gener-
alization performance across Indian languages. Rows
denote the training language and columns denote the
testing language. Darker shades indicate stronger cross-
lingual transfer performance.

family highlights the model’s ability to capture
shared structural and semantic patterns. Overall,
these results confirm the multilingual robustness of
the DualCLF framework for LLM-generated text
detection and fine-grained author attribution across
diverse languages and scripts. Appendix Section E
and Table 12 present the feature-driven error anal-
ysis of DualCLF. Appendix Table 15 reports the
cross-language error analysis across languages.

7 Conclusion and Future Work

This study proposes BHAID datasets, the first
large-scale, linguistically diverse benchmark for
detecting AI-generated text across major Indian
languages and DualCLF, a novel dual contrastive
learning framework for multilingual AI-authorship
detection. Our human annotation evaluations con-
firm that the proposed dataset is non-trivial to
distinguish between human-authored and LLM-
generated texts, making it challenging for learn-
ing algorithms, classifiers, and detection models.
We further study the differences between LLM-
generated and human-written texts across nine In-
dian languages- languages in terms of linguistic
and stylistic features. Observations from our ex-
periments on the proposed BHAID and bench-
mark multilingual datasets reveal that our proposed
method consistently outperforms recent state-of-
the-art baseline approaches from the literature in
detecting AI-generated text. This study identifies
AI-generated text detection in code-mixed, translit-
erated, and social media data as a promising direc-
tion for future work.
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Limitation

While BHAID marks a significant advancement
in LLM-generated detection across two domains,
several limitations persist. The current dataset is
restricted to only nine Indian language, Extending
BHAID to more languages and domains (e.g., so-
cial media, educational, and conversational data)
is essential for enhancing cross-domain and cross-
lingual generalization. . Additionally, adversar-
ial examples, while diverse, may not fully repre-
sent real-world manipulations. Although the Du-
alCLF framework is evaluated on existing bench-
mark datasets, it may exhibit reduced generaliza-
tion to unseen LLMs, low-resource languages, and
complex adversarial or code-mixed inputs, along
with higher computational overhead from dual con-
trastive optimization.

Ethical Considerations

All human-authored text is collected from publicly
available, licensed sources (Wikipedia, AI4Bharat
IndicNLP corpus) to ensure compliance with data
usage and copyright norms. The dataset is intended
solely for academic and research purposes, partic-
ularly for advancing responsible AI and misinfor-
mation detection. To prevent misuse, BHAID does
not include any personally identifiable information
or sensitive content. Finally, while the goal is to de-
tect AI-generated text, care must be taken to avoid
bias or over-reliance on automated detectors, as
false positives may unfairly impact genuine human
authors.
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A Additional Details of the Proposed
BHAID Dataset

This appendix provides supplementary details re-
garding dataset domains, annotator roles, qual-
ity control procedures, comparisons with exist-
ing datasets, and representative prompt examples.
These details are omitted from the main paper due
to space constraints.

A.1 Details of Domains Present in the
Proposed Dataset

The BHAID dataset spans two high-impact infor-
mational domains: News and Wikipedia. These
domains are chosen to capture both time-sensitive
reporting and encyclopedic knowledge, ensuring
diversity in writing style, discourse structure, and
lexical usage.

News Domain. The news domain consists of pro-
fessionally written articles covering topics such as
politics, economics, health, sports, science, and
regional affairs. News articles typically exhibit
concise sentence structures, factual reporting, and
domain-specific terminology. This domain is par-
ticularly challenging for LLM-generated text detec-
tion due to the relatively standardized and formal
writing style.

Wikipedia Domain. Wikipedia articles represent
long-form, encyclopedic content with neutral tone,
structured sections, and higher lexical diversity. Ar-
ticles span a wide range of topics, including history,
geography, biographies, science, and culture. The
Wikipedia domain is crucial for evaluating the abil-
ity of detection models to differentiate between
factual, well-structured human-authored text and
LLM-generated content that mimics encyclopedic
style.

Together, these domains ensure coverage of both
short-to-medium length informational writing and
longer, structured expository text across nine Indian
languages.

A.2 Details of Annotators and Defined Tasks
for Quality Control

For the purpose of dataset quality evaluation, a
structured human annotation protocol was designed
with the explicit goal of assessing linguistic and
semantic quality rather than validating ground-truth
labels. The annotation process was intended to
capture how naturally and coherently the generated
text reads to human evaluators, as well as how

Metric Labels

Fluency 3 – No grammatical errors; meaning is clear.
2 – Some grammatical errors; still understandable.
1 – Many errors; difficult to understand.

Origin 1 – Looks like human-written text.
0 – Looks like LLM-generated text.

Coherence 1 – Logically consistent; ideas flow smoothly.
0 – Lacks consistency; ideas are disjointed.

Factuality 5 – Completely accurate and truthful.
4 – Mostly accurate; minor details missing.
3 – Somewhat accurate; some vague statements.
2 – Noticeable inaccuracies or misleading parts.
1 – Mostly incorrect or irrelevant.

Table 10: Annotation scheme for human evaluation
metrics.

Language Fluency (1–3) Origin (0–1) Coherence (0–1) Factuality (1–5)

Hindi (hi) 2.78 0.48 0.89 4.32
Bengali (bn) 2.74 0.46 0.87 4.21
Gujarati (gu) 2.69 0.44 0.85 4.08
Malayalam (ml) 2.72 0.43 0.88 4.15
Tamil (ta) 2.81 0.49 0.91 4.36
Telugu (te) 2.79 0.47 0.90 4.28
Assamese (as) 2.70 0.42 0.86 4.10
Odia (or) 2.76 0.45 0.88 4.19
Kannada (kn) 2.73 0.44 0.87 4.17

Macro Avg. 2.75 0.45 0.88 4.21

Table 11: Human evaluation results across Indian lan-
guages.

closely it aligns with factual knowledge, thereby
providing an external quality assessment of the
LLM-generated content included in the dataset.

For each language covered in the dataset, four
annotators were recruited, all of whom were na-
tive speakers of the respective language. To ensure
diversity in evaluative perspectives, the annotator
pool for each language was deliberately balanced
across disciplinary backgrounds. Specifically, two
annotators possessed training or professional ex-
perience in engineering or computer science, con-
tributing familiarity with technical writing styles
and machine-generated text patterns, while the re-
maining two annotators had backgrounds in lin-
guistics or language studies, contributing expertise
in grammatical structure, stylistic variation, and
discourse-level coherence. This balanced composi-
tion was designed to reduce individual bias and to
ensure comprehensive assessment across grammat-
ical, stylistic, and semantic dimensions.

Annotators were tasked with evaluating only
LLM-generated samples and were instructed to
independently assess each sample across four pre-
defined dimensions, as summarized in Table 10.
Fluency was defined as the degree of grammatical
correctness and naturalness of expression in the
text. Origin captured the annotator’s perception of
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whether the text appeared to be human-written or
machine-generated, based solely on stylistic and
linguistic cues. Coherence measured the logical
consistency of the content and the smoothness of
idea progression across sentences. Factuality evalu-
ated the plausibility, correctness, and alignment of
statements with real-world knowledge, allowing an-
notators to penalize vague, misleading, or incorrect
information. All scores were assigned indepen-
dently to avoid influence from other dimensions or
annotators.

To minimize expectation and confirmation bias,
annotators were not informed that all evaluated
samples were generated by large language models.
Instead, they were instructed to treat each sample
as potentially human- or machine-authored and
to rely solely on their linguistic judgment when
assigning scores. This design choice ensured that
the origin judgments reflected genuine perceptual
cues rather than prior assumptions about the dataset
composition.

Several quality control measures were incorpo-
rated into the annotation process to ensure reli-
ability and consistency of judgments. Samples
were randomly shuffled independently for each
annotator to mitigate ordering effects and reduce
contextual bias. Annotators were not provided
with any metadata related to model names, genera-
tion prompts, decoding strategies, or source texts,
thereby preventing external information from in-
fluencing their evaluations. Furthermore, no ex-
plicit time constraints were imposed on the anno-
tation task, allowing annotators sufficient time to
carefully read and evaluate each sample without
pressure, which is particularly important for low-
resource and morphologically rich languages.

Finally, inter-annotator agreement was computed
separately for each language to capture language-
specific consistency patterns and was subsequently
macro-averaged to obtain an overall agreement
score. These agreement results serve as an indi-
cator of annotation reliability and are reported in
the main paper. Collectively, this annotation pro-
tocol provides a robust and unbiased assessment
of linguistic quality, supporting the validity of the
dataset and the conclusions drawn from subsequent
experiments.

A.3 Comparison of Existing Datasets with the
Proposed Dataset

Table 2 summarizes key differences between
BHAID and representative existing datasets for

LLM-generated text detection.
BHAID is the first large-scale multilingual

benchmark for AI-generated text detection cover-
ing nine underrepresented Indic languages. How-
ever, our contribution extends beyond introducing
new languages.

• Metadata-Grounded Wikipedia Genera-
tion: Unlike prior work that primarily re-
lies on generic prompts, we extract structured
metadata such as article title, original word
count, reference links, category information,
and language. These metadata attributes are
incorporated into prompts to ensure structural
and contextual consistency between human-
written and LLM-generated articles.

• Metadata-Controlled News Generation:
For news articles, we include attributes such
as headline, city, publication date, source
URL, language, and target word count, en-
abling more realistic and journalistically
grounded text generation.

• Standardized Cross-Model Generation Pro-
tocol: We employ consistent prompting strate-
gies and fixed word ranges across multiple
LLMs (GPT, Grok, Gemini, and Aya), allow-
ing fair and controlled cross-model evalua-
tion.

• Systematic Adversarial Robustness Evalu-
ation: BHAID additionally incorporates
rewrite, style-transfer, and synonym-
replacement attacks as part of the dataset
construction pipeline, enabling robustness
evaluation under adversarial settings.

These design choices make BHAID more con-
trolled, structured, and robustness-oriented com-
pared to existing multilingual datasets, going be-
yond simple language expansion.

B Additional Details on Human
Annotation and Quality Evaluation

This appendix provides supplementary details on
the human annotation protocol, quality control
mechanisms, and agreement computation proce-
dures that are omitted from the main paper due to
space constraints.

B.1 Annotation Protocol and Instructions
Annotators were provided with detailed written
guidelines describing each evaluation dimension
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(Fluency, Origin, Coherence, and Factuality), along
with language-specific examples illustrating com-
mon edge cases (e.g., fluent but factually incorrect
text, coherent yet machine-like phrasing). No gold
labels or reference answers were shared with anno-
tators at any stage.

To minimize anchoring and order bias, samples
were randomly shuffled for each annotator, and no
information regarding the source LLM, prompt, or
generation strategy was revealed. Annotators were
instructed to rely solely on linguistic cues present
in the text.

B.2 Annotator Training and Calibration
Before formal annotation, annotators participated
in a calibration phase consisting of:

• A short briefing session explaining annotation
objectives.

• Pilot annotation of a small practice set (not
included in the final evaluation).

• Group discussion to resolve ambiguities and
align interpretations of the scoring criteria.

This process helped reduce subjective variance
while preserving independent judgment during the
main annotation phase.

B.3 Annotation Aggregation Strategy
Each sample was independently annotated by four
annotators. For ordinal metrics (Fluency and Fac-
tuality), we use the mean score across annotators
as the final label. For binary metrics (Origin and
Coherence), majority voting is applied. In cases of
ties, the sample is retained without forced resolu-
tion to avoid introducing artificial bias.

B.4 Inter-Annotator Agreement Computation
Inter-annotator agreement is computed separately
for each language to account for language-specific
linguistic phenomena. We employ:

• Krippendorff’s Alpha (α): chosen for its
robustness to missing data and suitability for
both ordinal and nominal scales.

• Fleiss’ Kappa (κ): used to quantify agree-
ment among multiple annotators for categori-
cal judgments.

For each metric, agreement scores are first
computed at the language level and then macro-
averaged across all nine languages to obtain a
global reliability estimate, as reported in Table 4.

B.5 Bias Mitigation and Quality Control
Several measures were adopted to reduce annota-
tion bias:

• Balanced annotator backgrounds (engineering
and linguistics) for each language.

• Equal exposure of annotators to samples from
different LLMs.

• Absence of time constraints to avoid rushed
judgments.

Additionally, random spot checks were con-
ducted to identify inconsistent annotators. No anno-
tator was excluded, as agreement levels remained
within acceptable bounds.

B.6 Interpretation of Low Origin Agreement
The relatively low agreement observed for the Ori-
gin metric reflects the inherent difficulty of dis-
tinguishing human-written text from high-quality
LLM-generated content based solely on linguistic
cues. Importantly, annotators were not informed
that all evaluated samples were LLM-generated,
ensuring an unbiased assessment.

This result indicates that the BHAID dataset con-
tains LLM-generated text that closely mimics hu-
man writing styles, validating its suitability for de-
veloping and benchmarking robust LLM-generated
text detection models.

C Detailed Linguistic Features Definitions

This appendix formally defines the linguistic and
stylistic features used to compare human-written
and LLM-generated texts across nine Indian lan-
guages.

C.1 Lexical and Structural Features
Let a document D consist of S sentences and W
word tokens.

Number of Sentences (#Sent.) Total number of
sentences in the document:

#Sent.(D) = S (11)

Average Words per Sentence Measures sen-
tence length and syntactic density:

AvgWordsPerSentence =
W

S
(12)

Number of Unique Words Counts distinct word
types in the document:

UniqueWords(D) = |{wi | wi ∈ D}| (13)
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Figure 4: Example of proposed datasets in different language.

Type–Token Ratio (TTR) Measures lexical di-
versity as the ratio of unique words to total words:

TTR =
|Types|
|Tokens| (14)

Measure of Textual Lexical Diversity (MTLD)
A length-independent lexical diversity metric that
computes the average length of word sequences
required for the TTR to fall below a fixed threshold
(0.72):

MTLD =
1

N

N∑︂

i=1

Li (15)

where Li denotes the length of the i-th word se-
quence.

Hypergeometric Distribution Diversity (HD-D)
A probabilistic lexical diversity measure computed
over random samples of size n (typically n = 42):

HD-D =
1

V

V∑︂

i=1

(︄
1−

(︁
N−fi

n

)︁
(︁
N
n

)︁
)︄

(16)

where V is vocabulary size, N is total tokens, and
fi is the frequency of word i.

C.2 Information-Theoretic Divergence
Metrics

Let P and Q denote normalized token distributions
of human-written and LLM-generated texts, respec-
tively.

Kullback-Leibler (KL) Divergence Measures
directional divergence between distributions:

DKL(P ∥ Q) =
∑︂

i

P (i) log
P (i)

Q(i)
(17)

Jensen–Shannon (JS) Divergence A symmetric
and smoothed divergence metric:

DJS(P ∥ Q) =
1

2
DKL(P ∥ M) +

1

2
DKL(Q ∥ M)

(18)
where M = 1

2(P +Q).

C.3 Readability Metrics

Flesch Reading Ease Higher values indicate eas-
ier readability:

Flesch = 206.835− 1.015× ASL − 84.6× ASW (19)

where ASL is average sentence length and ASW is
average syllables per word.

Gunning Fog Index Estimates years of formal
education required:

Fog = 0.4× (ASL + ComplexWordPercentage) (20)

SMOG Index Focuses on polysyllabic word us-
age:

SMOG = 1.043

√︃
30× Polysyllabic Words

Sentences
+3.1291 (21)
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Category Subgroup Error
Rate (%)

Observation

Misclassifications
AI → Human 1.18 AI-generated texts are rarely misclassified.
Human → AI 3.55 Slightly higher confusion occurs for complex human-written texts.

Length

Short 2.18 Error decreases slightly with longer texts, suggesting richer con-
textual information improves detection robustness.

Medium 2.04 Same trend observed.
Long 1.79 Lowest error rate observed.
Very Long 1.81 Stable performance for longer documents.

Lexical Diversity
Low TTR 2.08 Misclassified samples show marginally higher lexical diversity,

though the effect size remains small.
High TTR 2.19 Slight increase in error for lexically diverse texts.

Entropy
Low Entropy 1.96 Lower uncertainty corresponds to lower error rate.
High Entropy 2.31 Higher entropy correlates more strongly with misclassifications,

indicating linguistic unpredictability is a stronger error factor than
lexical diversity.

Table 12: Error analysis across different linguistic and structural factors.

Dale–Chall Readability Score Measures vocab-
ulary difficulty:

Dale–Chall = 0.1579×(%Difficult Words)+0.0496×ASL
(22)

These features collectively capture lexical di-
versity, distributional divergence, and readability
differences between human-authored and LLM-
generated texts across Indian languages.

D Additional Methodological Details

This appendix provides implementation, optimiza-
tion, and inference details that are omitted from the
main paper for clarity and space considerations.

D.1 Baseline Implementations

Regarding baselines, we intentionally selected
methods representing diverse detection paradigms
to ensure comprehensive evaluation across multi-
lingual Indian languages.

Statistical Methods: We include likelihood-
and probability-based approaches such as Log-
Likelihood, Rank, Log-Rank, Entropy, DetectGPT,
and Fast-DetectGPT. These methods rely on token
probability statistics and do not require supervised
training. Since Indian languages are morphologi-
cally rich and use multiple scripts, we employ mT5
as the multilingual scoring model. All statistical
metrics are computed at the sub word level using
the native SentencePiece tokenizer of mT5. Deci-
sion thresholds are calibrated only on the validation

split (10%), while the test set remains strictly un-
seen.

Zero-shot Perturbation-based Methods: De-
tectGPT and Fast-DetectGPT are zero-shot ap-
proaches that require no training on the BHAID
dataset. To adapt them for multilingual Indic lan-
guages, we use mT5 as both the multilingual scor-
ing model and the multilingual mask-filling model
for generating semantic-preserving perturbations.
Fast-DetectGPT similarly uses mT5 to compute
conditional token probabilities and sample alterna-
tive contextual tokens. No parameters are trained
on BHAID; evaluation is performed directly on the
unseen test split.

Supervised Methods: We include super-
vised baselines such as J-Guard, BISCOPE, and
RAIDAR. These models are trained using the 70%
training split and validated on the 10% validation
split. Since the original implementations primar-
ily rely on English-specific pretrained language
models, we replace them with XLM-RoBERTa to
enable multilingual modeling across Indian lan-
guages. Unless otherwise specified, all supervised
models are trained in a multilingual setting. The
test split remains completely unseen during training
and validation.

Overall, this setup enables evaluation across sta-
tistical, perturbation-based, rewrite-based, and su-
pervised detection paradigms. As no prior baseline
was specifically designed for multilingual Indic AI-
generated text detection, we adapt existing meth-
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Type Total Train Validation Test

Human 30,000 21,000 3,000 6,000
LLM 120,000 84,000 12,000 24,000

Table 13: Dataset statistics for human-written and LLM-
generated samples across train, validation, and test
splits.

Hyperparameter Value / Setting

Optimizer AdamW
Learning Rate 2× 10−5

Batch Size 32
Warmup Ratio 0.1
Training Epochs 10
Dropout (p) 0.3
Contrastive Temperature (τ ) 0.07
Focal Loss Parameters γ = 2, α = [0.75, 0.25]

Table 14: Hyperparameter configuration for the Dual
Contrastive Learning framework. All values are opti-
mized via grid search on the validation set.

ods to operate effectively in a multilingual setting.
For fairness and reproducibility, all baseline imple-
mentations strictly follow the configurations and
experimental settings reported in their respective
source papers.

D.2 Training Procedure
Training is performed in a mini-batch manner. For
each batch B, the multilingual encoder and projec-
tion heads are jointly optimized using the total loss
defined in Eq. 5. Gradients from the focal loss and
contrastive losses are backpropagated simultane-
ously.

The training procedure follows these steps:

1. Encode input texts using XLM-RoBERTa to
obtain sentence-level embeddings.

2. Generate two stochastic views per sample via
dropout-based augmentation.

3. Compute self-supervised contrastive loss us-
ing augmented views.

4. Compute supervised contrastive loss using au-
thor labels.

5. Compute focal loss using classification logits.

6. Update all model parameters using AdamW
optimization.

All components are trained end-to-end without
freezing the encoder.

D.3 Inference Strategy

At inference time, only the encoder and classifica-
tion head are used. The contrastive projection head
and contrastive losses are disabled.

Given a test input S, the model computes:

h = Encθ(S), p = softmax(Wclsh)

The predicted author label is obtained via:

ŷ = argmax
c

pc

No data augmentation or contrastive pairing is
applied during inference, ensuring computational
efficiency.

D.4 Computational Complexity

The computational overhead introduced by Dual-
CLF arises only during training. For a batch of size
N , the contrastive losses require O(N2) similarity
computations within a batch.

At inference time, the model complexity is iden-
tical to a standard fine-tuned transformer classifier:

O(L · d2)

where L is the sequence length and d is the hidden
dimension.

D.5 Why Language Labels Are Not Used at
Inference

Although language labels are available during
training, they are not required during inference.
The multilingual encoder implicitly captures lan-
guage information, while the contrastive objec-
tives encourage class-discriminative representa-
tions that generalize across languages. This de-
sign enables zero-shot cross-lingual generalization
without modifying the architecture or requiring
language-specific routing.

D.6 Implementation Details

The model is implemented in PyTorch using the
HuggingFace Transformers library. All experi-
ments are conducted on a single NVIDIA GPU.
To ensure reproducibility, we fix random seeds and
use deterministic training where supported.

Mixed-precision training is employed to reduce
memory usage and accelerate training. Gradient
clipping with a maximum norm of 1.0 is applied to
stabilize optimization.
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E Detail Analysis of Error Analysis

Table 12 presents the Feature-Driven Error Anal-
ysis of DualCLF on the test set. We grouped all
prediction outcomes along four linguistic and struc-
tural dimensions class confusion, text-length buck-
ets, lexical diversity (TTR), and entropy levels
and computed the corresponding error rate, false
negatives (AI→Human), and false positives (Hu-
man→AI). The results show that Human→AI mis-
classification is higher than AI→Human, indicat-
ing that stylistically complex human text causes
more confusion. Error rates decrease with longer
documents, demonstrating that additional context
improves detection robustness. Lexically diverse
samples show a slight increase in error, while high-
entropy texts exhibit the strongest correlation with
misclassification, confirming that linguistic unpre-
dictability is the primary driver of model errors.
Table 15 reports the Cross-language Error Anal-
ysis, where we train the model on one language
and evaluate it on other target languages ( We only
include 4 language Be, Gu, Ka, Te). Table 16 sum-
marises the adversarial attack–specific error pat-
terns across Rewrite, Style-Transfer, and Synonym-
Replacement attacks. We compute macro-averaged
error, false negatives, and false positives across all
languages. Style-Transfer emerges as the strongest
adversarial threat, producing the highest error
(18.46%) and false-negative rate, indicating that
stylistic transformations effectively mask machine-
generated signatures. Rewrite attacks cause mod-
erate degradation, while Synonym Replacement
has the lowest impact, showing that DualCLF re-
lies on deeper structural cues rather than surface-
level token substitution. Overall, our error analysis
demonstrates that DualCLF errors are systematic
rather than random, arising from linguistic unpre-
dictability, cross-lingual structural mismatch, and
transformation-based adversarial perturbations.

E.1 Prompt Examples
This section presents the detailed prompt tem-
plates used for generating LLM-authored text and
adversarial variants in BHAID. The placehold-
ers [LANGUAGE], [TITLE], [HEADLINE], [CITY],
[DATE], [WORD COUNT], and [TEXT] are replaced
with the corresponding metadata or input text dur-
ing generation.

Train Test Error (%) FN FP

Be

Be 0.66 0.66 0.00
Te 2.00 1.81 0.19
Hi 14.06 13.11 0.96
Ka 3.16 2.93 0.22
Gu 2.40 2.33 0.07
Ta 25.15 25.05 0.10
Ur 3.00 2.00 1.00

Gu

Be 5.38 0.47 4.91
Te 1.06 0.15 0.92
HI 48.81 0.00 48.81
Ka 0.38 0.02 0.36
Gu 0.00 0.00 0.00
Ta 4.39 3.73 0.66
Ur 48.00 0.00 48.00

Ka

Be 15.62 0.00 15.62
Te 3.62 0.02 3.60
HI 44.72 0.04 44.68
Ka 0.02 0.00 0.02
Gu 8.88 0.00 8.88
Ta 4.63 0.37 4.27
Ur 33.00 0.00 33.00

Te

Be 13.11 5.87 7.23
Te 0.04 0.02 0.02
HI 38.00 21.70 16.30
Ka 7.87 2.47 5.40
Gu 11.35 4.51 6.84
Ta 21.90 2.17 19.73
Ur 25.50 4.00 21.50

Table 15: Cross-lingual error analysis.

Attack Type Error (%) FN FP

Rewrite 8.73 7.94 0.79
Style Transfer 18.46 16.21 2.25
Synonym Replacement 5.12 4.38 0.74

Table 16: Attack-wise macro-averaged error analysis
across languages. FN denotes AI-generated texts mis-
classified as human, while FP denotes human-written
texts misclassified as AI-generated.
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Wikipedia Generation Prompt

You are an expert multilingual content writer.
Write a Wikipedia-style article in [LANGUAGE] on the following topic:
Title: [TITLE]
Instructions:
1. Write the article entirely in [LANGUAGE].
2. Maintain a neutral, objective, and encyclopedic tone.
3. Provide factual and coherent information about the given topic.
4. Organize the content into well-structured paragraphs.
5. Avoid personal opinions, informal expressions, or conversational language.
6. Maintain consistency in terminology throughout the article.
7. Do not mention that the article was generated by an AI system.
8. Target approximately [WORD COUNT] words.
Generate only the article text.

News Article Generation Prompt

You are an experienced multilingual news writer.
Generate a news article in [LANGUAGE] based on the following information:
Headline: [HEADLINE] Location: [CITY] Date: [DATE] Target Length: Approximately [WORD COUNT] words
Instructions:
1. Write the complete article in [LANGUAGE].
2. Use a professional and journalistic writing style.
3. Present the information clearly and coherently.
4. Maintain an objective and formal tone.
5. Include relevant details consistent with the given headline, location, and date.
6. Avoid personal opinions, speculation, or conversational expressions.
7. Maintain logical organization and smooth transitions between paragraphs.
8. Do not mention that the article was generated by an AI system.
Generate only the news article.

Rewrite Attack Prompt

You are an expert multilingual editor.
Rewrite the following text in [LANGUAGE]:
[TEXT]
Instructions: 1. Preserve the original meaning and all essential information.
2. Rewrite the text using substantially different sentence structures.
3. Avoid copying sentences or phrases verbatim from the original text.
4. Improve grammatical fluency and readability where appropriate.
5. Preserve the original facts, entities, and key information.
6. Maintain a natural writing style in [LANGUAGE].
7. Do not add information that is not present in the original text.
8. Do not mention that the text has been rewritten or generated by an AI.
Output only the rewritten text.

Style Transfer Attack Prompt

You are an expert multilingual writing assistant.
Rewrite the following text in [LANGUAGE] using a different writing style:
[TEXT]
Target style: [STYLE]
Instructions:
1. Preserve the original semantic content and factual information.
2. Modify the linguistic and stylistic characteristics of the text.
3. Adapt the sentence structure and vocabulary to the target style.
4. Maintain grammatical correctness and natural fluency.
5. Do not introduce new facts or remove important information.
6. Preserve the overall meaning of the original text.
7. Do not mention the original or target style explicitly in the output.
Output only the transformed text.
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Synonym Replacement Attack Prompt

You are an expert multilingual paraphrasing assistant.
Paraphrase the following text in [LANGUAGE]:
[TEXT]
Instructions:
1. Preserve the original meaning and factual content.
2. Replace suitable words and phrases with appropriate synonyms.
3. Maintain the original tone and overall writing style.
4. Ensure that the resulting text remains grammatically correct and natural.
5. Do not change names, entities, numbers, or essential factual information.
6. Avoid unnecessary changes to the sentence structure.
7. Do not introduce new information or remove important information.
8. Do not mention that synonym replacement or paraphrasing was performed.
Output only the paraphrased text.

1871


