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Abstract

The widespread adoption of Large Language
Models (LLMs) and awareness around multi-
lingual LLMs have raised concerns regarding
the potential risks and repercussions linked to
the misapplication of AI-generated text, ne-
cessitating increased vigilance. While these
models are primarily trained for English, their
extensive training on vast datasets covering
almost the entire web, equips them with capa-
bilities to perform well in numerous other lan-
guages. AI-Generated Text Detection (AGTD)
has emerged as a topic that has already re-
ceived immediate attention in research, with
some initial methods having been proposed,
soon followed by the emergence of techniques
to bypass detection. In this paper, we re-
port our investigation on AGTD for an in-
dic language Hindi. Our major contributions
are in four folds: i) examined 26 LLMs to
evaluate their proficiency in generating Hindi
text, ii) introducing the AI-generated news
article in Hindi (AGhi) dataset, iii) evalu-
ated the effectiveness of five recently pro-
posed AGTD techniques: ConDA, J-Guard,
RADAR, RAIDAR and Intrinsic Dimension
Estimation for detecting AI-generated Hindi
text, iv) proposed Hindi AI Detectability In-
dex (ADIhi) which shows a spectrum to un-
derstand the evolving landscape of eloquence
of AI-generated text in Hindi. The code and
dataset is available at https://github.com/
ishank31/Counter_Turing_Test

†Work was done when the author was at the AI Institute,
University of South Carolina.

1 AGTD - The Necessity

With the rise in the number of LLMs capable
of generating text across languages, the risks as-
sociated with it have increased. AI-generated
text could result in misinformation and fake news
(Kreps et al., 2022), online manipulation can be
used to create fake reviews and social media posts
(Chernyaeva et al., 2022), Phishing and scams
where malicious actors may use AI-generated text
to generate phishing emails (Basit et al., 2021), etc.

In summary, as generative models grow, we need
comparable detection techniques. AI text detec-
tion is necessary to safeguard individuals, orga-
nizations, and society from the potential negative
consequences of malicious or misleading content
generated by AI systems. It plays a crucial role in
maintaining the integrity of online communication
and upholding ethical standards in the use of AI
technologies. We are the first to conduct exper-
iments for AI-generated news article generation
and detection techniques for the Hindi language.
Hindi is the fourth most spoken first language in
the world after Mandarin, Spanish, and English
(Wikipedia, 2023). Taking inspiration from re-
cent works of AI-generated text detection for En-
glish (Chakraborty et al., 2023a) where they dis-
cussed 6 detection techniques namely watermark-
ing, perplexity estimation, burstiness estimation,
negative log curvature, stylometric variation and
classification-based approach. We extend it to re-
gional languages like Hindi and cover five new
detection techniques to assess AI-generated text
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detection for Hindi.

OUR CONTRIBUTIONS: A Counter Turing Test

(CT2) and AI Detectability Index for Hindi (ADIhi)

➠ Introducing the Counter Turing Test (CT2) for Hindi,
a benchmark that incorporates methods designed to
provide a thorough assessment of the resilience of
existing AGTD techniques in Hindi.

➠ Conducting a thorough examination of 26 LLMs
to generate an AI-generated news article in Hindi.
(AGhi) dataset

➠ Presenting the AI Detectability Index for Hindi (ADIhi)
as a metric for Language Models to assess whether
their outputs can be identified as generated by artifi-
cial intelligence or not.

➠ Curated datasets and models is made available for
open-source research and commercial use.

2 Multilingual LLMs

In this paper, we investigate the effectiveness of
AGTD techniques on the Hindi language. This sec-
tion discusses our selected LLMs and elaborates
on our data generation methods.

2.1 LLMs: Rationale and Coverage
We chose a wide gamut of 26 LLMs that have
exhibited exceptional results on a wide range of
NLP tasks. They are: (i) GPT-4 (OpenAI et al.,
2024); (ii) GPT-3.5 (Chen et al., 2023); (iii) GPT-
2 (Base, Medium, Large, XL) (Radford et al.,
2019); (iv) BARD (now Gemini) (Bard, 2023);
(v) Bloom (560M, 3B, 7B) (BigScience, 2022)
(vi) Bloomz (560M, 1B, 3B, 7B) (Muennighoff
et al., 2022); (vii) mGPT (1.3B) (Shliazhko et al.,
2023); (viii) Mistral Instruct 7B (Jiang et al., 2023);
(ix) Gemma-1.1 (2B, 7B) (Team et al., 2024); (x)
mT0 (Small, Base, Large, XL) (Muennighoff et al.,
2022); (xi) mT5 (Small, Base, Large, XL) (Xue
et al., 2021) .

As the field is in a constant state of evolution,
we acknowledge that this process will never reach
its finality but instead will persist in its expan-
sion. Therefore, we intend to maintain the Hindi
leaderboard benchmark as an open platform for

researchers, facilitating ongoing updates and con-
tributions.

2.2 Criteria of selection for Hindi LLM

We experimented with a total of 26 LLMs includ-
ing variation in their parameter size. We reject a
model if it generates no output, produces gibber-
ish, engages in code-switching or generates output
solely in English. Table 1 summarizes the rejection
criteria for these dismissed models. Additional de-
tails about the selection criteria are provided in
Appendix A.1.

Model No output Gibberish output English output Code-switching
Bloom-560M ✓ – ✓ ✓

Bloom-3B ✓ – – ✓
Bloom-7B ✓ – ✓ ✓

Bloomz-560M ✓ – – –
Bloomz-1B ✓ ✓ – –
Bloomz-3B ✓ – – ✓
Bloomz-7B ✓ – – –
GPT-2 Base – ✓ ✓ ✓

GPT-2 Medium – ✓ ✓ ✓
GPT-2 Large – ✓ ✓ ✓
GPT-2 XL – ✓ ✓ ✓

mGPT-1.3B – ✓ – –
Mistral-7B – ✓ – –

mT0 models ✓ ✓ – –
mT5 models ✓ ✓ – –

Table 1: Criteria used for rejecting the dismissed mod-
els. Bloom and Bloomz models fail to generate outputs
for most Hindi prompts. GPT-2 models produce gib-
berish or English outputs, with occasional instances of
code-switching. Encoder-decoder models, mT5 and
mT0 either produce no output or generate gibberish.

Through our experimentation and observation
of the generated outputs, we rejected 21 models.
Some of the outputs from these models are present
in Appendix A.2. We have retained the responses
for 100 data points from BBC Hindi for the re-
jected models, thereby providing a valuable re-
source for future research endeavors. This dataset
exemplifies why certain models were deemed un-
fit for inclusion due to their inability to generate
coherent and meaningful text. In summary, out
of all the 26 LLMs tested for AI-generated news
articles in Hindi, we have considered 5 models
(BARD, GPT-3.5 Turbo, GPT-4, Gemma-1.1-2B-
it, Gemma-1.1-7B-it).
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AI-Generated Text
Detection Techniques

Watermakring (Kirchenbauer et al., 2023); (Kuditipudi et al., 2023)

Salient features of
AI-Generated Text RAIDAR (Mao et al., 2024); Intrinsic Dimension Estimation (Tulchinskii et al., 2023)

Classification Methods J-Guard (Kumarage et al., 2023); ConDA (Bhattacharjee et al., 2023); RADAR (Hu et al., 2023)

Statistical Methods Perplexity (Tian and Cui, 2023); Burstiness (Tian and Cui, 2023); Negative Log Curvature (Mitchell et al., 2023)

Figure 1: Taxonomy of AI-Generated Text Detection techniques, showcasing various watermarking, feature-related,
statistical, and classification-based techniques for detecting AI-generated text.

2.3 Hindi AGTD (AGhi) dataset

In this section, we detail the methodology em-
ployed for generating our AGhi dataset.
Human Written Articles: The human-written arti-
cles dataset is derived from BBC and NDTV news
platforms, encompassing various categories, in-
cluding India, international affairs, sports, Bolly-
wood, lifestyle, health, and more.
AI-Generated Articles: To obtain AI-generated
responses, we employed state-of-the-art 5 LLMs.
The headlines collected from the human-written
articles were presented as prompts to these LLMs,
which generated text responses. The five selected
models for the curation of AI-generated articles,
resulted in a total of 29,627 AI-generated news
articles in Hindi from two Hindi news sources BBC
and NDTV as shown in Table 2. The details of
the prompts and the hyperparameters used while
producing the dataset are detailed in Appendix A.4.

Data Sources Human Written
News Articles

AI Generated
News Articles

BBC 1762 7390
NDTV 5281 22237

Total 7043 29627

Table 2: Statistics of human-written and AI-generated
news articles in Hindi. The dataset comprises a total of
36,670 news articles.

3 Related Works - SoTA methods

The current AGTD methods can be broadly
grouped into four categories: (i) Watermarking,
(ii) Methods based on features of AI-generated text
(iii) Classification based methods and (iv) Statisti-

cal methods, as illustrated in Figure 1.
Watermarking has long been an established

method in computer vision to identify the source
and ownership of content. Kirchenbauer et al.
(2023) were the first to present watermarking mod-
els for LLMs, though their initial proposal faced
criticism. Studies by Sadasivan et al. (2024) and
Krishna et al. (2023) demonstrated that paraphras-
ing can effectively eliminate the watermark, render-
ing this method ineffective. In response, Kirchen-
bauer et al. (2024) introduced a more resilient
method, which was more robust to paraphrasing.
However, this method can be circumvented by a
combination of replacing high entropy words and
paraphrasing (Chakraborty et al., 2023a). In this
paper, we are the first to discuss the balance be-
tween the distortion and detectability of the water-
mark in Section 4.

Recent studies suggest that salient features of
AI-generated text and operational characteristics
of the LLMs can be utilized to effectively detect
AI-generated content. In Section 5, we explore two
methods that leverage these features: (i) Intrinsic
Dimension Estimation (Tulchinskii et al., 2023)
and (ii) RAIDAR (Mao et al., 2024)

Classification methods address the problem of
AI-generated text detection by framing it as a bi-
nary classification task. Present studies utilize the
texts generated from LLMs to train the classifiers
(Li et al., 2023; Mao et al., 2024). We discuss three
such methods: (i) RADAR (Hu et al., 2023); (ii)
J-Guard (Kumarage et al., 2023) and (iii) ConDA
(Bhattacharjee et al., 2023) in Section 6.

Statistical methods leverage the discrepancies
in statistical characteristics of texts. They as-
sess the deviations in measures such as perplex-
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(a) Edit Distance (b) BLEU Score (c) BERTScore

Figure 2: Distortion of text vs detectability of watermark. We observe that the p-value increases even when
the percentage of watermarked tokens increases. (a) We see variation in p-values for edit distances below 2000.
However, for distances above 2000, p-values become constant and are not influenced by the percentage of tokens
watermarked (b) Higher similarity to the original text, indicated by a high BLEU score, correlates with lower
p-values (c) Semantic similarity does not influence p-values. However, p-values increase after 30% watermarked
tokens, reducing watermark detection reliability.

ity, burstiness (Tian and Cui, 2023), entropy and
n-gram frequency to differentiate between human
and AI-generated texts. DetectGPT (Mitchell et al.,
2023) makes use of the observation that the AI-
generated text lies in the negative curvature region
of an LLM’s log probability space to differenti-
ate between human and AI-generated text. Recent
studies, however, have criticized these methods
for their unreliability (Chakraborty et al., 2023a).
Therefore, we do not investigate them further.

There has been significant exploration of ways
to circumvent the detection techniques. Krishna
et al. (2023) and Sadasivan et al. (2024) have
shown that the watermarking technique is vulner-
able to paraphrasing attacks. Lu et al. (2024)
proposed a Substitution-based In-Context exam-
ple Optimization (SICO) method which can evade
AI detectors without relying on an external para-
phraser.

4 Testing the tradeoffs of distortion vs.
detectability in watermarking

To embed a watermark in text, targeted alterations
of specific text units are required. While it is in-
tuitive that increasing the number of alterations

enhances the strength of the watermark, excessive
changes can significantly distort the original text.
Therefore, an effective watermarking method re-
quires a delicate balance between distortion and
detectability. To our knowledge, no prior work has
addressed this issue comprehensively. Although
Kuditipudi et al. (2023) discussed distortion in the
watermarked text at a high level, they refrained
from quantifying this phenomenon. In this paper,
we empirically study the balance between distor-
tion and detectability based on the watermarking
methods proposed by Kirchenbauer et al. (2023).
We propose using Minimum Edit Distance to calcu-
late lexical distortion, BLEU score (Papineni et al.,
2002) for syntactic distortion, and BERTScore
(Zhang et al., 2019) for semantic distortion. For
detectability, we utilize z-score and p-value as pro-
posed by Kirchenbauer et al. (2023).

In our evaluation, we employ the Gemma-2B
model for paraphrasing responses by Gemma-7B.
We observe that after paraphrasing, the water-
mark present in the text becomes undetectable,
evidenced by p-values greater than 0.01 in Fig-
ure 2. Intuitively, one would expect that a higher
number of watermarked tokens would result in
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AGTD
Technique Performance Pros Cons

Intrinsic Dimension
Estimation

- Different LLMs exhibit distinct MLE and PHD values.
- GPT-4, GPT-3 and BARD showcase intrinsic dimension

similar to human text.
- Difference in intrinsic dimension of Gemma outputs and

human text make the responses more discernible.

- Invariant property of text
- Language agnostic technique
- No training required

- Models producing human-like responses share similar
intrinsic dimension as human text, making their outputs
harder to detect.

RAIDAR
- Responses of Gemma models are highly detectable
- The method fails to detect GPT-4, GPT-3, and BARD

responses, with a significant performance drop of 24-32%.

- Language agnostic technique
- No training required

- Computational resources vary depending on the LLM
used for text rewriting.

- Performance is sensitive to both the model chosen for
rewriting and the prompt provided.

RADAR

- Detection accuracy of GPT responses drops below 50%,
performing worse than a random classifier.

- Higher precision than recall suggests the model classifies
human-written text well but struggles to detect
AI-generated text.

- Consistently low accuracy and F1-scores indicate RADAR’s
difficulty in accurately identifying AI-generated text.

- Identifies human text with great
precision

- Trained on paraphrased data along
with training data

- Not trainable

J-Guard

- Outperforms other methods, likely due to its focus
on journalistic features and news article data.

- Cross-model analysis shows a 10-27% performance dip
when trained on the BBC dataset and tested on NDTV.

- The model is less efficient when trained on data from
Gemma models compared to GPT or BARD data.

- Computationally easy to train
- Performs better than other models

considered in the study

- Specifically designed to detect AI-generated news articles.
- Performance is sensitive to the training data.

ConDA

- ConDA’s performance metrics, all below 50%, highlight
its difficulty in handling the task effectively.

- Low precision and recall indicate frequent misclassification
of AI-generated and human-written text.

- Utilizes unsupervised domain
adaptation and self-supervised
contrastive learning to leverage labeled
data from the source domain and unlabeled
data from the target domain effectively.

- Significantly low performance on Hindi text

Table 3: A brief description of performance, pros and cons of each AGTD technique.

paraphrasing having a lower impact on the water-
mark. However, our observations indicate that sam-
ples with the highest percentage of watermarked
tokens (50%) still exhibit high p-values, indicat-
ing almost complete elimination of the watermark.
The semantic distortion of the text, as quantified
by BERTScore, does not significantly affect water-
mark detectability. Additionally, we noticed that as
the BLEU score increases, indicating that the para-
phrased text is syntactically similar to the original,
the p-value decreases, suggesting more reliable wa-
termark detection compared to samples with lower
BLEU scores.

5 Methods based on salient properties of
AI-generated texts

This section discusses the methods which leverage
the distinct features of the AI-generated text for
detection.

5.1 Intrinsic Dimension Estimation

Intrinsic Dimension estimation (Tulchinskii et al.,
2023) introduces an invariant property for human-
written text—namely, the intrinsic dimension of
the underlying embedding manifold. The authors

focus on the Persistence Homology Dimension
(PHD) which belongs to the class of fractal dimen-
sion approaches. They chose PHD due to its ability
to capture both local and global dataset properties
efficiently and robustly against noise. The hypoth-
esis is that the human-texts exhibit higher PHD
than that of AI-generated texts enabling a clear
differentiation between the two. Tulchinskii et al.
(2023) show that the PHD of most European lan-
guages is approximated to be 9±1. However, our
experiments reveal that Hindi texts have a lower
PHD, ranging from 6 to 7. Moreover, the maxi-
mum likelihood estimation (MLE) values lie in the
range of 9 to 10.

5.2 RAIDAR
Generative AI Detection via Rewriting (RAIDAR)
(Mao et al., 2024) method suggests that text gen-
erated by auto-regressive generative models typi-
cally maintains a consistent structure, often leading
other such models to perceive this AI-generated
text as high quality. RAIDAR observes that gener-
ative models alter AI-generated text less frequently
compared to human-written text during rewriting.
RAIDAR focuses on the symbolic word outputs
of large language models (LLMs) over other fea-
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tures, leveraging the minimal character edit dis-
tance between original and rewritten text. In our
experiments, we utilized six prompts and applied
Gemma-2B to rewrite samples from the dataset.
Additional details on the prompts are available in
Appendix B.4.

6 Classification Based Methods

This section discusses classification-based meth-
ods for detecting AI-generated text. These meth-
ods utilize a range of techniques such as adver-
sarial learning, self-supervised learning, and sty-
lometry while training on both human-written and
AI-generated text.

6.1 RADAR
Robust AI-text detector via adversarial learning
(RADAR) (Hu et al., 2023) is a novel frame-
work that employs adversarial training to enhance
AGTD. RADAR presents a paraphraser and a de-
tector as two opposing agents inspired by adversar-
ial machine learning techniques. The paraphraser
aims to generate realistic content that can bypass
AI-text detection, whereas the detector is trained
to enhance the detectability of the AI-generated
text. The paraphraser rewrites the text generated
by the LLMs to evade detection as AI-generated.
Conversely, the detector learns to distinguish be-
tween human and AI-generated text using both the
training data and the paraphraser’s output.

6.2 J-Guard
Journalism Guided Adversarially Robust Detec-
tion of AI-generated News (J-Guard) (Kumarage
et al., 2023) is a framework designed to tackle
the growing issue of AI-generated news. J-Guard
leverages stylistic cues derived from journalistic
features to distinguish human-written articles from
AI-generated news articles. The premise is that
deviation from the Associated Press (AP) Style-
book standards can indicate that an article is AI-
generated. The framework extracts various journal-
istic features to quantify these deviations including,
organization and grammar standards such as mean

(a) J-Guard cross-model F1 scores

(b) ConDA (c) RAIDAR (d) RADAR

Figure 3: (a) Models trained on BBC dataset and tested
on NDTV dataset show a significant drop of 10-15%
in F1 score. ConDA and RAIDAR (b, c) misclassi-
fies AI-generated text as human-written and vice versa,
leading to high number of false positives and false neg-
atives. RADAR (d) frequently classifies a given text as
human-written, leading to misclassification of majority
AI-generated text.

word count, word count of leading paragraph, punc-
tuation use and standard formatting violations such
as date, time and number formats.

6.3 ConDA

The Contrastive domain adaptation framework
(ConDA) (Bhattacharjee et al., 2023) addresses the
problem of AI-generated text detection by framing
it as an unsupervised domain adaptation task where
the domains are different LLMs. The framework
assumes access to labeled source data and unla-
beled target data. This framework blends standard
domain adaptation techniques with the representa-
tion power of contrastive learning to learn domain
invariant representations that are effective for the fi-
nal unsupervised detection task. ConDA leverages
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(a) GPT-4 (b) GPT-3.5 (c) BARD (d) Gemma-2B (e) Gemma-7B

Figure 4: Perplexity estimation for models. The perplexities of the responses generated by these LLMs are nearly
identical to those of human texts. This similarity in perplexity makes it an unreliable factor for distinguishing
between human and AI-generated text.

the power of both, unsupervised domain adaptation
and self-supervised representation learning.

7 Overall Analysis
Table 4 provides a summary of the results for the
AGTD techniques. Our experiments highlight the
fragility of existing AGTD methods. RADAR and
ConDA exhibit poor performance in effectively
detecting AI-generated text. While intrinsic di-
mension estimation can effectively differentiate
the responses of certain models as AI-generated,
its performance is not consistent across models.
This is evident from the variation in intrinsic di-
mensions across models. J-Guard outperforms the
other techniques, but struggles in cross-model sce-
narios, revealing its limitations, as seen in Figure
3. Additional results are provided in Appendix B.

We found that responses generated by black-
box LLMs such as GPT-4, GPT-3.5 and BARD
are particularly challenging to detect, possibly due
to their large parameter sizes. In contrast, outputs
from open-source models like Gemma are easier to
identify. Interestingly, we did not observe a signifi-
cant difference in detectability across open-source
models with varying parameter sizes. As the LLMs
increasingly generate human-like text, detection
becomes more difficult, since most techniques rely
on comparing AI-generated text to human-written
content.

8 AI Detectability Index for Hindi (ADIhi)

Given the rapid advancements in LLMs, the exist-
ing AGTD techniques may prove to be ineffective

for the newer models. We propose AI Detectability
Index for Hindi (ADIhi) as a benchmark to assess
and rank LLMs according to the detectability of
the model’s responses.
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Figure 5: Right: ADI Spectrum of a diverse set of
LLMs based on their detectability. Left: Bars represent
AI-generated text detectability by a specific method.
Blue indicates fully detectable, orange indicates unreli-
able detection, and red indicates not detectable.

8.1 Limitations of ADI proposed by
Chakraborty et al. (2023a)

Previous work by Chakraborty et al. (2023a) fo-
cuses on perplexity and burstiness as the factors to
quantify the detectability of the model responses.
However, the text generated by the newer LLMs
is indistinguishable from human-written text. Fur-
thermore, the perplexity and burstiness of larger
models like GPT-4, GPT-3.5 and BARD resem-
ble human-written text with a small variance, as
illustrated in Figure 4. Liang et al. (2023) and
Chakraborty et al. (2023b) have shown that per-
plexity and burstiness are not reliable detectors
of human writing. To overcome this, we assess
the divergence between the AI-generated text and
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Detection
Techniques Models

News Source 1
[BBC Data]

News Source 2
[NDTV Data]

Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score

RADAR

GPT-4 37.486 2.985 0.795 1.255 49.205 25.862 0.852 1.650
GPT-3.5 37.089 0.000 0.000 0.000 48.959 12.838 0.360 0.699
BARD 72.211 14.634 50.000 22.642 53.380 79.024 9.203 16.486

Gemma-2B 50.748 52.448 16.026 24.55 53.557 61.423 19.125 29.169
Gemma-7B 62.103 71.616 40.098 51.411 64.415 80.287 38.213 51.781

J-Guard

GPT-4 98.440 99.718 97.245 98.466 99.242 99.229 99.229 99.229
GPT-3.5 99.291 99.128 99.417 99.272 98.958 99.606 98.249 98.923
BARD 99.007 99.709 98.281 98.990 99.290 99.505 99.016 99.260

Gemma-2B 99.467 99.454 99.454 99.454 99.344 98.996 99.711 99.352
Gemma-7B 99.237 99.246 99.246 99.246 99.733 99.529 99.947 99.738

ConDA

GPT-4 43.445 42.212 35.528 38.582 51.856 52.736 35.770 42.627
GPT-3.5 45.658 45.099 39.955 42.371 50.587 50.899 33.232 40.211
BARD 47.645 47.456 43.927 45.623 55.245 57.030 42.548 48.736

Gemma-2B 53.739 53.700 54.274 53.985 59.679 63.607 45.248 52.879
Gemma-7B 52.353 52.323 52.995 52.657 57.491 59.537 46.762 52.382

RAIDAR

GPT-4 66.147 65.833 67.134 66.48 69.584 67.814 74.551 71.023
GPT-3.5 64.589 64.345 65.439 64.888 60.549 60.43 61.116 60.771
BARD 74.22 74.085 74.504 74.294 89.64 88.582 91.012 89.781

Gemma-2B 98.404 98.925 97.872 98.396 96.939 96.532 97.376 96.952
Gemma-7B 98.476 99.688 97.256 98.457 94.712 95.146 94.231 94.686

MLE PHD MLE PHD

Intrinsic
Dimension

Human
written

10.016 6.967 9.592 6.781

GPT-4 9.541 7.002 9.416 6.900
GPT-3.5 9.796 6.882 9.549 6.720
BARD 7.272 3.120 7.061 3.105

Gemma-2B 4.368 3.004 4.537 3.118
Gemma-7B 5.354 3.597 5.577 3.744

Table 4: Results showcasing the efficacy of various AI-Generated Text Detection (AGTD) methods. Results
compare performance metrics across different techniques, highlighting their effectiveness in accurately identifying
AI-generated text versus human-written text

human-written text to quantify the detectability of
the model.

8.2 ADI - Proposed by us

For every pair of human-written article and AI-
generated article in our AGhi dataset, we identify
the common set of words between them, denoted
as V . For each word wi in V , we extract the sen-
tences Sh and Sai from the human-written and AI-
generated text respectively, containing wi. Using
these sentences, we generate the co-occurrence
vectors Ch and Cai.

This helps us capture the semantic, syntac-

tic, and lexical features of the text. These co-
occurrence vectors are then transformed into prob-
ability distributions by normalizing the frequency
counts. A detailed explanation of this can be found
in Appendix C.1 To quantify the divergence be-
tween these distributions we initially employed
KL-divergence (KLD) (Csiszár, 1975). However,
KLD lacks the capability to handle zero values
in the probability distribution. This results in the
divergence values escalating to infinity, causing
the models to cluster closely together and overlap,
rendering the spectrum discernible. To address
this we adopt Jenson-Shannon divergence (JSD)
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Figure 6: Comparison of Divergence values using KL-Divergence and Jenson-Shannon Divergence. When
employing KL-divergence, all the divergence values cluster around a point. In contrast, using JS-Divergence reveals
a more distributed spectrum of values. Note: The divergence values of 1000 in the KL-divergence case are merely
indicative; the actual value approaches infinity.

(Jenson-Shannon-Divergence), a more robust and
symmetric version of KL-divergence. Figure 6 il-
lustrates the comparison between the performance
of KLD and JSD. To assess overall divergence,
summation has been taken over all the data points
U as depicted in Equation 1. After calculating
the mean divergence of all 26 models initially, we
adopt Yeo-Johnson power transformation (Yeo and
Johnson, 2000) to make the data more normally
distributed. This is crucial for balanced and unbi-
ased scaling. Finally, the values are scaled between
0-100 using the min-max normalization (Normal-
ization) for better readability and interpretability.
The resulting ADIs are then ranked and scaled
providing a comparative spectrum as presented in
Figure 5. A higher value of ADIhi corresponds
to greater difficulty in detecting the model’s re-
sponses as AI-generated.

ADIx =
1
U

∗
U

∑
j=1

[
{
|V |
∑
i=1

JSD j(Pi
h || Pi

ai)}∗
1
|V |

]
(1)

Three groups of models can be observed from
the ADI spectrum, namely: easy-to-detect, de-
tectable and difficult-to-detect. The mT0 and mT5
models are situated in the realm of easy-to-detect
range while models like Bloom, Bloomz and GPT-
2 are detectable. The remaining models are re-

garded as nearly undetectable using the existing
SoTA AGTD techniques.

From the methods we considered, it is unlikely
that any of them would be effective for models
with high ADI, as shown by our experiments and
results. With advancements in LLM technology,
the current AGTD methods would become more
ineffective. Recognizing this, the ADI spectrum
will serve as a crucial tool for assessing the de-
tectability of LLMs.

9 Conclusion

Our research contends that SoTA AGTD tech-
niques are susceptible to fragility. These tech-
niques, while effective in English often struggle or
perform poorly when applied to Hindi, highlight-
ing the need for language-specific considerations
in AI-generated text detection. We experimented
with 26 distinct LLMs to create the AGhi dataset
and support the assertion. We introduce the AI
Detectability Index for Hindi (ADIhi), and present
a means to assess and rank LLMs based on their
detectability levels. The excitement and success of
LLMs have resulted in their extensive proliferation,
and this trend is anticipated to persist regardless of
the future course it takes. In light of this, the CT2

benchmark and the ADIhi will continue to play a
vital role in catering to the scientific community.
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10 Discussion And Limitations

In this paper, we address the critical issue of AI-
generated text detection in the context of the Hindi
language. Despite the valuable contributions, there
are certain limitations inherent in this work as dis-
cussed in the following points.

• Exploring the temperature hyperparameter: We
experiment with temperature hyperparameters
while selecting the LLMs. However, we gener-
ate AGhi considering a constant temperature. In-
vestigating the influence of temperature on the
detectability of the generated text would provide
valuable insights.

• Text consistency in experiments: We generate only
a single response per headline while forming the
dataset. However, future work can involve gen-
erating multiple responses for each headline and
evaluating the detectability of these responses.

• Temporal Limitations: Due to the absence of an
archive feature on the BBC and NDTV websites,
we opted to compile a varied set of headlines with-
out being bound by temporal limitations. How-
ever, our selection criteria for LLMs focuses on
the quality of the text generated. Furthermore,
none of the AGTD techniques evaluated in the
study assess the text based on its factuality. There-
fore, this decision does not affect the validity of
our results.

• Generalization to other languages: The study pri-
marily focuses on the Hindi language, and the
findings may not be directly applicable to other
languages with distinct linguistic characteristics.
Future research could explore the extension of
these insights to a broader range of languages.

• Evolution of LLMs: The rapidly evolving nature
of LLMs raises the possibility that newer models,
not included in the study, may exhibit different
behaviors. As such, the generalizability of the
findings to future LLMs may be limited.

• Dynamic AI-generated text detection landscape:
The research evaluates AGTD techniques based
on the current state of detection methods. How-
ever, the dynamic nature of the AI-generated text
detection methods suggests that new strategies
may emerge, potentially impacting the long-term
efficacy of the proposed techniques.

11 Ethical Considerations

Our experiments reveal the constraints of AGTD
methods in Hindi. It is crucial to note that while
we envision ADIhi as a tool for constructive pur-
poses, there exists the potential for misuse by
malicious entities, especially in generating AI-
generated text like fake news that is indistinguish-
able from human-written content. We strongly
caution against any such misuse of our findings.
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Appendix

This section provides supplementary material in the form of additional examples, implementation details,
etc. to bolster the reader’s understanding of the concepts presented in this work.

A Model Selection and Data Generation

In this section we provide additional information about criteria for model selection, methods used for
data generation and hyperparameters applied in generating the dataset.

A.1 Acceptance and Rejection criteria
The criteria used to determine acceptance or rejection of a model are as follows:
Language Consistency: If the response is only in English, the model is rejected.
Code-Switching: If the response starts in Hindi but later switches to English, the model is rejected.
Gibberish Output: Models that produce unintelligible or gibberish responses are rejected.
No Output: Models producing no output are trivially rejected.

The news headline along with an instruction is prompted to the LLM. We assess a hundred responses from
the LLM manually and reject a sample if it produces only English responses, engages in code-switching,
generates gibberish output, or fails to produce any output. Besides these criteria, the model must generate
five unique Hindi sentences. Therefore, responses that repeat sentences are excluded. If over 70 out of
100 responses meet these rejection criteria, the model is rejected.

A.2 Examples from AGhi dataset
We present articles generated by both accepted and dismissed models in Fig 14, 14, 15 and Fig 16,
showcasing various types of rejection criteria along with specific examples.

A.3 Prompts for Data Generation
For better responses we add an instruction along with the headlines while prompting the LLMs. We
experimented with various prompts for generating news articles in Hindi. Some examples include:

1. Expand this headline into a Hindi news article.

2. Write a Hindi news article for the headline.

3. Consider the given headline and write a news article for it in Hindi.

4. Generate a Hindi news article from the given headline.

We also experiment with Hindi instructions but observe that while larger models like GPT-4, GPT3.5 and
BARD were able to generate the desired responses, other models either failed to generate any response
or produced responses falling mainly in the rejection criteria mentioned in Section 2.2. The use of
Hindi instructions increased the number of responses falling under the aforementioned rejection criteria,
therefore, we chose to use English instructions exclusively for our experiments.
Although GPT-4, GPT-3.5 and BARD were able to generate all responses in Hindi, Gemma models could
not. Hence, we only consider Hindi responses from these models in our experiments. Table 5 summarizes
the statistics for each model’s responses included in AGhi dataset.
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Data source
Model BBC NDTV
GPT-4 1762 5280

GPT-3.5 1762 5280
BARD 1762 5280

Gemma-2B 468 1715
Gemma-7B 1636 4679

Total 7390 22234

Table 5: Data samples statistics for individual models. The combined BBC and NDTV datasets contain a total of
29,624 AI-generated data points, providing a substantial basis for evaluating the performance and generalization
capabilities of the models.

A.4 Hyperparameters for models

We list the hyperparameters employed during text generation for the included models. Various hyper-
parameters were tested to evaluate the rejected models, but their outcomes did not meet our criteria,
resulting in exclusion from further consideration. Table 6 provides a comprehensive overview of all the
hyperparameters for the models.

Model Hyperparameters

GPT-4
temperature: 1

max_tokens: 500
frequency_penalty: 0

GPT-3.5 Turbo
temperature: 1

max_tokens: 500
frequency_penalty: 0

BARD -

Gemma-2B
temperature: 1

max_tokens: 500

Gemma-7B
temperature: 1

max_tokens: 500

Table 6: Hyperparameters used to generate text from different models. No hyperparameters are available for BARD
as the data was collected directly from the website.

B Results

In this section, we discuss additional results from the aforementioned AI-Generated Text Detection
techniques.

B.1 Main Results

The confusion matrices of all the methods can be found in Fig 9, Fig 10, Fig 11 and Fig 12.

B.2 Results from Intrinsic Dimension Estimation

The results from intrinsic dimension estimation are presented as box plots in Fig 7 and 8. We present the
distribution of MLE and PHD estimations across datasets.
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(a) BBC dataset

(b) NDTV dataset

Figure 7: Maximum Likelihood estimation (MLE) of various models across datasets. MLE values of GPT models
align closely with human MLE values, while BARD responses are slightly lower. In contrast, MLE values of
Gemma models significantly differ from human values, facilitating easier identification of Gemma responses as
AI-generated by MLE estimation.

B.3 Results from J-Guard

We present the cross-domain performance metrics like accuracy, precision, recall and F1 score for the
J-Guard framework in Fig 7, Fig 8, Fig 9 and Fig 10 respectively. In this evaluation, the model undergoes
training on a specific dataset and is subsequently tested on each distinct dataset. This method provides
insights across various domains, exhibiting the model’s ability to generalize to a dataset not encountered
during the training phase.

B.4 Results from RAIDAR

We experiment with the prompts used by (Mao et al., 2024) for rewriting the text samples from the
dataset. We employ Gemma-2B for this purpose. To rewrite the articles in Hindi itself, we modify the
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(a) BBC dataset

(b) NDTV dataset

Figure 8: Persistence Homology Dimension (PHD) estimation of various models across datasets. Two distinct
clusters can be observed: one comprising GPT-4, GPT-3.5, and human-written PHD values, and the other comprising
BARD, Gemma-2B, and Gemma-7B. The stark difference between these two groups, making the second group
easily distinguishable from human text.

prompts accordingly. We observe that the prompts used significantly affect the output language of the
rewritten text. We add an instruction along with the text while prompting it to the LLM. The following
instructions were effective in generating rewritten articles in Hindi:

1. Concise this for me in Hindi only and keep all the information.

2. Help me polish this in Hindi only.

3. Make this fluent in Hindi only while making minimal changes.

4. Refine the following paragraph for me in Hindi only.

5. Revise this in Hindi only with your best efforts.
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Testing Dataset
BBC Dataset NDTV Dataset

GPT-4 GPT-3.5 BARD Gemma-2B Gemma-7B GPT-4 GPT-3.5 BARD Gemma-2B Gemma-7B

Training
Dataset

BBC
Dataset

GPT-4 98.44 97.731 88.963 97.333 96.87 81.013 81.297 73.674 81.341 83.44
GPT-3.5 99.149 99.291 98.44 96.8 97.023 70.403 79.64 76.752 84.475 87.42
BARD 99.574 98.156 99.007 98.667 98.168 81.013 80.919 79.072 85.714 86.699

Gemma-2B 97.73 96.312 97.73 99.467 99.237 83.807 84.706 90.009 88.12 91.587
Gemma-7B 96.879 95.603 98.014 99.733 99.237 83.617 85.369 93.466 88.557 88.916

NDTV
Dataset

GPT-4 99.574 99.433 99.574 97.6 98.55 99.242 98.438 99.006 91.327 90.598
GPT-3.5 99.574 99.574 99.433 98.4 98.626 99.432 98.958 99.006 92.128 91.159
BARD 98.156 97.589 99.291 98.933 98.626 94.366 94.602 99.29 90.743 88.622

Gemma-2B 99.007 99.007 99.433 100 99.237 86.127 86.127 84.991 99.344 98.985
Gemma-7B 99.149 99.574 99.433 100 99.771 85.227 86.08 85.038 99.781 99.733

Table 7: J-Guard Cross-model accuracy. J-Guard trained on GPT-3.5 data demonstrates high accuracies when
testing on text generated by other models and slightly outperforms the J-Guard model trained on GPT-4 data.

Testing Dataset
BBC Dataset NDTV Dataset

GPT-4 GPT-3.5 BARD Gemma-2B Gemma-7B GPT-4 GPT-3.5 BARD Gemma-2B Gemma-7B
GPT-4 99.718 99.696 100 100 98.594 74.557 75.099 69.726 76.847 78.413

GPT-3.5 98.904 99.128 99.706 100 99.057 71.069 71.296 69.259 80.126 82.656
BARD 99.724 97.96 99.709 100 98.336 72.701 73.063 71.165 81.633 82.113

Gemma-2B 97.796 96.755 97.983 99.454 99.545 84.8 85.215 86.961 86.183 90.547

BBC
Dataset

Gemma-7B 97.23 96.988 97.994 100 99.246 88.616 88.949 92.293 90.347 94.548
GPT-4 100 100 100 100 99.538 99.229 99.404 99.9 99.312 98.865

GPT-3.5 100 100 100 100 99.692 99.613 99.606 99.8 98.829 98.759
BARD 100 99.695 100 100 99.087 99.462 99.566 99.505 97.32 97.552

Gemma-2B 98.901 99.123 99.712 100 99.545 78.37 78.96 77.283 98.996 98.745

Training
Dataset

NDTV
Dataset

Gemma-7B 98.904 99.133 99.145 100 100 76.969 78.318 76.677 99.568 99.529

Table 8: J-Guard Cross-model Precision. Models trained on the NDTV dataset and tested on the BBC dataset
consistently demonstrate high precision, with many achieving 100%. This indicates a low rate of misclassifying
human text as AI-generated.

6. Rewrite this in Hindi only.

C AI Detectability Index for Hindi (ADIhi)

C.1 Probability Distribution Generation
In this section, we outline the process to calculate the probability distributions essential to calculate the
JSD.
For each word wi in V , we extract sentences Sh and Sai from the human-written and AI-generated texts,
respectively, containing wi. To evaluate the contextual similarity of these words, we create Vcomb by
taking the union of the word sets from Sh and Sai, which helps assess the surrounding context of wi in both
types of texts. We then generate co-occurrence vectors Ch and Cai, which record the frequency of words
from Vcomb in their respective sentences. These vectors are normalized to form probability distributions
Ph and Pai, and we calculate the Jensen-Shannon Divergence (JSD) between the two distributions. The
detailed algorithm for calculating ADIhi can be found in Algorithm 1.

Vcomb =V (Sh)∪V (Sai) (2)

Ch(w) = frequency of w in Sh ∀w ∈Vcomb (3)

Cai(w) = frequency of w in Sai ∀w ∈Vcomb (4)
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Testing Dataset
BBC Dataset NDTV Dataset

GPT-4 GPT-3.5 BARD Gemma-2B Gemma-7B GPT-4 GPT-3.5 BARD Gemma-2B Gemma-7B
GPT-4 97.245 95.627 77.65 94.536 95.173 93.16 92.121 80.02 90.173 93.007

GPT-3.5 99.449 99.417 97.135 93.443 95.023 97.977 97.374 92.913 92.052 95.216
BARD 99.449 98.251 98.281 97.268 98.039 98.266 96.304 94.98 92.486 94.374

Gemma-2B 97.796 95.627 97.421 99.454 98.944 81.696 82.977 93.209 91.04 93.165

BBC
Dataset

Gemma-7B 96.694 93.878 97.994 99.454 99.246 76.493 79.864 94.291 86.561 82.965
GPT-4 99.174 98.834 99.14 95.082 97.587 99.229 97.374 98.032 83.382 82.44

GPT-3.5 99.176 99.125 98.854 96.721 97.587 99.229 98.249 98.13 85.405 83.649
BARD 96.419 95.335 98.567 97.814 98.19 89.017 89.3 99.016 83.96 79.6

Gemma-2B 99.174 98.834 99.14 100 98.944 99.133 97.471 97.441 99.711 99.264

Training
Dataset

NDTV
Dataset

Gemma-7B 99.449 100 99.713 100 99.548 99.807 98.735 99.016 100 99.947

Table 9: J-Guard Cross-model Recall. We observe consistently high recall values across training and testing on
both BBC and NDTV datasets, with only a few exceptions. This indicates that the model effectively minimizes
missed detections of AI-generated text, irrespective of the dataset used. This robust performance suggests that the
model’s ability to accurately identify AI-generated text.

Testing Dataset
BBC Dataset NDTV Dataset

GPT-4 GPT-3.5 BARD Gemma-2B Gemma-7B GPT-4 GPT-3.5 BARD Gemma-2B Gemma-7B
GPT-4 98.466 97.619 87.419 97.191 96.853 82.827 82.744 74.519 82.979 85.089

GPT-3.5 99.176 99.272 98.403 96.61 96.998 82.382 82.319 79.361 85.676 88.493
BARD 99.586 98.108 98.99 98.615 98.187 83.572 83.089 81.366 86.721 87.818

Gemma-2B 97.796 96.188 97.701 99.454 99.244 83.219 84.081 89.976 88.545 91.837

BBC
Dataset

Gemma-7B 96.961 95.407 97.994 99.726 99.246 82.11 84.162 93.281 88.413 88.379
GPT-4 99.585 99.413 99.568 97.479 98.553 99.299 98.378 98.957 90.652 89.908

GPT-3.5 99.585 99.561 99.424 98.333 98.628 99.421 98.923 98.958 91.628 90.578
BARD 98.177 97.466 99.279 98.895 98.636 93.95 94.154 99.26 90.147 87.666

Gemma-2B 99.037 98.978 99.425 100 99.244 87.537 87.244 86.199 99.352 99.004

Training
Dataset

NDTV
Dataset

Gemma-7B 99.176 99.565 99.429 100 99.773 86.913 87.349 86.426 99.784 99.738

Table 10: J-Guard Cross-model F1 score. We observe that models trained on the BBC dataset and tested on the
NDTV dataset exhibit lower performance compared to other combinations. Futhermore, models trained on Gemma
responses struggle in detecting responses from GPT models and BARD.

Ph(w) =
Ch(w)

∑w′∈Vcomb
Ch(w′)

∀w ∈Vcomb (5)

Pai(w) =
Cai(w)

∑w′∈Vcomb
Cai(w′)

∀w ∈Vcomb (6)
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(a) BBC GPT-4 (b) BBC GPT-3.5 (c) BBC BARD (d) BBC Gemma-2B (e) BBC Gemma-7B

(f) NDTV GPT-4 (g) NDTV GPT-3.5 (h) NDTV BARD (i) NDTV Gemma-2B (j) NDTV Gemma-7B

Figure 9: RAIDAR Confusion Matrices. GPT models exhibit higher misclassification rates compared to other
models. Similar numbers of false positives (FP) and false negatives (FN) across models and datasets indicate a
trade-off-aware approach of the model.

(a) BBC GPT-4 (b) BBC GPT-3.5 (c) BBC BARD (d) BBC Gemma-2B (e) BBC Gemma-7B

(f) NDTV GPT-4 (g) NDTV GPT-3.5 (h) NDTV BARD (i) NDTV Gemma-2B (j) NDTV Gemma-7B

Figure 10: RADAR Confusion Matrices. A significant disparity can be observed in predictions between AI-
generated and human-written classes, with AI-generated classes being predicted much less frequently. This
suggests that the model exhibits a bias towards identifying text as human-written rather than AI-generated,
reflecting a potential challenge in accurately distinguishing between the two classes.
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(a) BBC GPT-4 (b) BBC GPT-3.5 (c) BBC BARD (d) BBC Gemma-2B (e) BBC Gemma-7B

(f) NDTV GPT-4 (g) NDTV GPT-3.5 (h) NDTV BARD (i) NDTV Gemma-2B (j) NDTV Gemma-7B

Figure 11: J-Guard Confusion Matrices. The models trained and tested on the same model responses are able to
distinguish AI-generated text from human-written text with a few exceptions. Instances of false positives and false
negatives are minimal.

(a) BBC GPT-4 (b) BBC GPT-3.5 (c) BBC BARD (d) BBC Gemma-2B (e) BBC Gemma-7B

(f) NDTV GPT-4 (g) NDTV GPT-3.5 (h) NDTV BARD (i) NDTV Gemma-2B (j) NDTV Gemma-7B

Figure 12: ConDA Confusion Matrices. The confusion matrices reveal various misclassifications of text. Notably,
Gemma model responses are slightly more detectable compared to those generated by GPT models and BARD.
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Algorithm 1 ADIhi Calculation
Require: Human-written text Th, AI-generated text Tai

Ensure: ADIhi spectrum
1: Extract vocabularies Vh from Th and Vai from Tai

2: Compute word intersection V =Vh ∩Vai

3: Extract sentences Sh from Th and Sai from Tai containing wi

4: Compute Vcomb =V (Sh)∪V (Sai)
5: Create co-occurrence vector Ch for Sh and Cai for Sai with respect to Vcomb
6: Normalize Ch and Cai to create probability distributions Ph and Pai

7: Compute the Jensen-Shannon Divergence:

JSD(Ph,Pai) =
1
2

DKL(Ph∥M)+
1
2

DKL(Pai∥M)

where M = 1
2(Ph +Pai)

8: Repeat steps 3-7 for each word wi in V
9: Compute average JSD across all words in V :

10: Apply Yeo-Johnson power transformation to ensure normal distribution
11: Perform min-max normalization to scale values between 0 and 100
12: Output the ADIhi spectrum
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Field Content

Headline पीएम मोदी के ग्रीस दौरे के बाद अदानी के नाम कɃ चचार् क्यों?

Human-written
article

कांग्रेस पाटɁ ने एक बार िफर पीएम मोदी पर अदानी समूह को फ़ायदा पहँुचाने के Ǻलए िवदेश यात्रा पर जाने
का आरोप लगाया ह.ै बीजेपी के प्रवक्ता ने इन आरोपों को बेबुिनयाद बताया है जबिक अदानी समूह ने इसे
कयासबाज़ी बताया ह.ै पीएम मोदी िपछले हफ़्ते ग्रीस दौरे पर गए थे. िपछले 40 सालों में िकसी भारतीय
प्रधानमतं्री का ये पहला दौरा था. इससे पहले साल 1983 में भारत कɃ तत्कालीन प्रधानमतं्री इिंदरा गांधी
ग्रीस पहुचंी थीं जो भूमध्य सागर के्षत्र में भारत के Ǻलए रणनी˃तक रूप से काफ़Ƀ अहम ह.ै पीएम मोदी ने ग्रीस
पहँुचकर कहा था, "चालीस सालों बाद भारत के िकसी प्रधानमतं्री का ग्रीस आना हुआ ह.ै िफर भी, ना तो
हमारे संबधंों कɃ गहराई कम हुई ह,ै ना ही ȼरश्तों कɃ गमर्जोशी में कोई कमी आई ह.ै" इिंदरा गांधी 23 ʹसतबंर
को ग्रीस में स्थानीय नेताओं के साथ लेिकन इसके बाद भी पीएम मोदी ने ग्रीस में ʹसफ़र् कुछ घटें ही गुज़ार.े
पीएम मोदी द˃क्षण अफ़र् ीका में आयोʹजत हुए िब्रक्स सम्मेलन से लौटते हुए ग्रीस पहुचें थे. और इसके तुरतं
बाद उन्हें बेंगलुरू पहुचंकर इसरो के वजै्ञािनकों से मुलाक़ात करनी थी. लेिकन इतने सं˃क्षप्त दौरे और व्यस्त
कायर्क्रम के बावजूद भारत में काम कर रही कई कंपिनयों के शीषर् अ˃धकारी ग्रीस पहुचंकर पीएम मोदी के
साथ उस िबज़नेस लचं में शािमल हुए ʹजसे ग्रीक पीएम ने आयोʹजत िकया था.इस मौके पर ग्रीस के
व्यापाȼरक जगत के शीषर् अ˃धकाȼरयों ने भारतीय व्यापाȼरक हȥस्तयों से मुलाक़ात कɃ.

GPT-4

प्रधानमतं्री नरेंद्र मोदी के हाǺलया ग्रीस दौरे के बाद व्यापाȼरक जगत में अदानी समूह के नाम कɃ खूब चचार्एँ
हो रही हैं। इस दौरे का मुख्य आकषर्ण था िद्वपक्षीय संबधंों कɃ मजबूती और व्यापाȼरक सहयोग के नए
आयामों का िवस्तार। ग्रीस के साथ भारत के संबधं पारपंȼरक रूप से मजबूत रहे हैं, और इस दौरे के द्वारा
उन्होंने नई ऊजार् का संचार िकया। प्रधानमतं्री मोदी ने ग्रीस के राजनी˃तक नेतृत्व और व्यापाȼरक प्र˃तिन˃धयों
के साथ गहन वातार् कɃ, ʹजसमें कई रणनी˃तक साझेदाȼरयां और समझौते सामने आए। लेिकन इन सबके बीच
जो मुख्य मुद्दा उभर कर आया, वह था अदानी समूह कɃ व्यापाȼरक िवस्तार योजनाएँ। अदानी समूह, जो िक
भारत के प्रमुख उद्योगप˃तयों में से एक ह,ै वह ग्लोबल इफं्रास्टर्क्चर, लॉʹजȥस्टक्स, ऊजार् सेक्टर में अपनी
पहुचं बढ़ाने कɃ तलाश में ह।ै इस दौरे के दौरान, ग्रीस के साथ हुए समझौतों में अदानी समूह को कुछ महत्वपूणर्
पȼरयोजनाओं के Ǻलए िवचार-िवमशर् के अवसर प्राप्त हुए। जानकारी के अनुसार, अदानी समूह ग्रीस में नवीन
ऊजार्, पोटर् डेवलपमेंट और अन्य बुिनयादी ढांचे कɃ पȼरयोजनाओं में िनवेश करने का इच्छुक है

22

Figure 13: Samples of articles generated by accepted models (GPT-4, GPT-3.5, BARD, Gemma-2B and Gemma-
7B).

4923



Field Content

Headline पीएम मोदी के ग्रीस दौरे के बाद अदानी के नाम कɃ चचार् क्यों?

GPT-3.5

प्रधानमतं्री नरेंद्र मोदी के सम्राटी ग्रीस दौरे सफलतापूवर्क समाप्त हो चुके हैं। इस दौरे ने उपनगरीयों के िदलों में
एक तरगं उठाई है ʹजसके कारण देश भर में यह सवाल उठ रहा है िक पीएम मोदी के इस ग्रीस दौरे के बाद क्यों
अदानी के नाम कɃ चचार् हो रही ह।ै भारतीय व्यापारी और उद्योगप˃त मुकेश अिनल अम्बानी, ʹजन्हें देशभर में
व्यापार का सवर्शे्रष्ठ ध्येय बताया जाता ह,ै अपनी बदौलत एक आदशर् नागȼरक के रूप में मान्यता प्राप्त कर चुके
हैं। उनकɃ सफलता कɃ कहािनयाँ बच्चों और यवुाओं के बीच मोिटवेशनल कहािनयों के रूप में फैल चुकɃ हैं। इन
नागȼरकों के Ǻलए, प्रधानमतं्री मोदी और मुकेश अम्बानी के नाम समानरूप से जुड़े हुए हैं। इस ध्यासी और सतत
कामकाज के बीच पीएम मोदी ने हाल ही में एक अत्याधुिनक और नवीनतम ग्रीस यात्रा कɃ ह,ै ʹजसने लोगों के
आंदोलन साधाȼरत हो िदए हैं। इस यात्रा के कारण, अखबारों, मी˃डया में एक नई पȼरचचार् पर चचार् हो रही ह।ै
पीएम मोदी के इस ग्रीस दौरे से होते हुए उनके बड़े और प्रमुख समथर्क, मुकेश अम्बानी का नाम जुड़ा हुआ आया
ह।ै िवपक्षी दलों ने प्रमुख व्यापारी और उद्योगप˃त मुकेश अम्बानी के नाम से योग्यानुयोग प्रस्ताव रखने का आरोप
लगाया ह।ै वे दावा करते हैं िक प्रधानमतं्री ने यात्रा के दौरान अदानी के साथ व् यापाȼरक उद्योगों को बढ़ावा िदया ह।ै
इसके अलावा, अदानी के कुछ सौभाग्यशाली व् यापाȼरक उद्योगों के मध्य कई समझौतों कɃ खबरें भी आ रही हैं।
प्रधानमतं्री नरेंद्र मोदी ने इस आरोप का कड़ी िंनदा करते हुए कहा है िक ये एक गलत आरोप है और जो भी समझौते
हुए हैं, वे अमनचंद्र अदानी तथा उनके व्यापाȼरक उघारों के खा˃तर हुए हैं, िबना िकसी राजनी˃तक दबाव के। इन
सारे कायर्क्रमों, समारोहों और सम्मेलनों के बावजूद, प्रधानमतं्री िवदेश में जाते ही पयर्टन, वाʺणज्य, उभरने वाली
ʺशक्षा, िवत्तीय खातों का मामला, उद्योग जगत को िमल रहे लाभ, बेरोजगारी दरू करने के बारे में सवाल उठाया गया
ह।ै अदानी के नाम कɃ चचार् होने से पता चलता है िक नागȼरक समाज में कई राजनी˃तक और आʻथक मुद्दों पर चचार्
हो रही ह।ै प्रधानमतं्री मोदी के ग्रीस दौरे कɃ सफलता और अदानी के नाम से जुड़े तकʢ को ध्यान में रखते हुए, देशभर
में यह भी मान्यता प्राप्त हो रहा है िक अदानी भारतीय उद्योग में एक बड़ी िंकवदतंी हैं। इसǺलए, प्रधानमतं्री के नाम से
जुड़े ग्रीस दौरे के बाद अदानी के नाम कɃ चचार् स्वाभािवक रूप से बढ़ी ह।ै संके्षप में कहें तो, पीएम मोदी के ग्रीस यात्रा
के बाद क्यों अदानी के नाम कɃ चचार् हो रही ह,ै इसका मुख्य कारण उनके द्वारा संचाǺलत व्यापाȼरक उद्योगों में भारी
सफलता होने से ह।ै इसके अलावा, प्रधानमतं्री और उद्योगप˃त मुकेश अम्बानी के बीच के गहरे ȼरश्ते ने इस चचार् को
और भी तेजी से बढ़ाया ह।ै

23

Figure 14: Samples of articles generated by accepted models (GPT-4, GPT-3.5, BARD, Gemma-2B and Gemma-
7B).
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Field Content

Headline पीएम मोदी के ग्रीस दौरे के बाद अदानी के नाम कɃ चचार् क्यों?

BARD

भारत के प्रधानमतं्री नरेंद्र मोदी ने 20 जुलाई, 2023 को ग्रीस कɃ यात्रा कɃ। इस यात्रा के दौरान, उन्होंने ग्रीस
के राष्टर्प˃त काकǺलस और प्रधानमतं्री िमत्सोटािकस से मुलाकात कɃ। इन मुलाकातों के दौरान, दोनों देशों ने
कई के्षत्रों में सहयोग बढ़ाने पर सहम˃त व्यक्त कɃ।इन सहम˃तयों में से एक अदानी समूह कɃ ग्रीस में िनवेश करने
कɃ संभावना पर चचार् शािमल थी। अदानी समूह एक भारतीय बहुराष्टर् ीय समूह है जो बुिनयादी ढांचा, ऊजार्,
पȼरवहन, और अन्य के्षत्रों में काम करता ह।ै अदानी समूह के ग्रीसमें िनवेश करने कɃ संभावना पर चचार् होने के
बाद, अदानी के नाम कɃ चचार् िफर से शुरू हो गई। यह चचार् कई कारणों से हो रही ह।ै एक कारण यह है िक
अदानी समूह भारतका सबसे बड़ा िनजी िनवेशक ह।ै समूह कɃ कुल संपǺत्त लगभग 150 अरब डॉलर ह।ै अदानी
समूह ने िपछले कुछ वषʢ में भारत में कई बड़ी पȼरयोजनाओं में िनवेश िकया ह,ैʹजसमें बदंरगाह, हवाई अड्डे, और
िबजली स्टेशन शािमल हैं। दसूरा कारण यह है िक अदानी समूह पर कुछ िववादों का सामना करना पड़ रहा ह।ै
इन िववादों में अदानी समूह के पȼरयोजनाओं के Ǻलए सरकार से अनु˃चत लाभ प्राप्त करने के आरोप शािमल हैं।
पीएम मोदी के ग्रीस दौरे के बाद अदानी के नाम कɃ चचार् के कुछ संभािवत कारण इस प्रकार हैं:
अदानी समूह के ग्रीस में िनवेश करने कɃ संभावना पर चचार् होने से, अदानी समूह को भारत के बाहर एक बड़ी
भूिमका िनभाने के अवसर िमल सकते हैं। अदानी समूह पर िववादों के बीच, अदानी के नाम कɃ चचार् से िववादों
को और बढ़ाने का खतरा ह।ै अदानी समूह के ग्रीस में िनवेश करने कɃ संभावना पर चचार् होने से, भारत और ग्रीस
के बीच संबधंों को मजबूत करने में मदद िमल सकती ह।ै अदानी समूह के ग्रीस में िनवेश करने कɃ संभावना का
भारत और ग्रीस दोनों देशों के Ǻलए महत्वपूणर् आʻथक और राजनी˃तक िनिहताथर् हो सकते हैं।

Gemma-2B

पीएम मोदी के ग्रीस दौरे के बाद अदानी के नाम कɃ चचार् क्यों?
देश में पीएम मोदी के ग्रीस दौरे के बाद अदानी नाम कɃ चचार् में कमी आ रही ह।ै इस दौरे में, अदानी को भारत
में ग्रीस के Ǻखलाड़ी के रूप में मानने का आरोप लगाया गया ह।ै इस दौरे के बाद अदानी के नाम को कई लोगों
में आकȺषत िकया ह।ै हमें से कुछ लोग अदानी को एक स्वच्छ और ʺश˃क्षत व्यिक्त के रूप में मानते हैं, जबिक
अन्य लोग अदानी को एक अिवताम और शक्त व्यिक्त के रूप में मानते हैं। इस दौरे के बाद अदानी के नाम को
आकȺषत करने में सहायक में शािमल हैं: अदानी का पारस्पȼरक संबधं पीएम मोदी से, अदानी का ʺशक्षा और
अनुभव, अदानी का मान्यता और िवश्वास, अदानी का आत्मिवश्वास और स्वच्छता इस दौरे के बाद अदानी को
भारत में ग्रीस के Ǻखलाड़ी के रूप में मानने का आरोप लगाया गया ह।ै हमें से कुछ लोग अदानी को एक स्वच्छ
और ʺश˃क्षत व्यिक्त के रूपमें मानते हैं, जबिक अन्य लोग अदानी को एक अिवताम और शक्त व्यिक्त के रूप में
मानते हैं।

Gemma-7B

पीएम मोदी के ग्रीस दौरे के बाद अदानी के नाम कɃ चचार् क्यों?
अनकंडा, 10 नवंबर - प्रधानिमन मोदी के ग्रीस दौरे के बाद अदानी समूह के नाम कɃ चचार् शुरू हुई ह।ै दौरे के
दौरान, मोदी और ग्रीस के प्रधानिमन के बीच अदानी समूह के Ǻलए एक समझौदा हुआ था। दौरे के बाद, अदानी
समूह के शेयरों में उछौल देख गया ह।ै कुछ िवशेषजों का मानना है िक अदानी समूह के Ǻलए ग्रीस दौरे के बाद के
अवसरों में सुधार लाए हैं। अदानी समूह के Ǻलए ग्रीस दौरे के बाद के अवसरों में सुधार लाए हैं। प्रधानिमन मोदी के
ग्रीस दौरे के बाद अदानी के नाम कɃ चचार् के कुछ कारण हैं: अदानी और ग्रीस के बीच समझौदा: दौरे के दौरान,
मोदी और ग्रीस के प्रधानिमन के बीच अदानी समूह के Ǻलए एक समझौदा हुआ था। समझौदा के अनुसार, अदानी
समूह ग्रीस में एक बड़े प्रौद्योिगकɃ के Ǻलए संयतं्र स्थािपत करगेा। अदानी के शेयरों में उछौल: दौरे के बाद, अदानी
समूह के शेयरों में उछौल देख गया ह।ै िवशेषजों का मानना: कुछ िवशेषजों का मानना है िक अदानी समूह के Ǻलए
ग्रीस दौरे के बाद के अवसरों में सुधार लाए हैं। अदानी समूह के Ǻलए ग्रीस दौरे के बाद के अवसरों में सुधार लाए हैं।
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Figure 15: Samples of articles generated by accepted models (GPT-4, GPT-3.5, BARD, Gemma-2B and Gemma-
7B).
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Field Content

Headline मधुिमता शुक्ला हत्याकांड: अमरमʺण ित्रपाठी और उनकɃ पत्नी के जेल जाने कɃ कहानी.

Human-written
article

अगस्त 2023 नौ मई, 2003 को लखनऊ के तक़रीबन सभी वȼरष्ठ पुǺलस अ˃धकारी एक ख़ास
बठैक में व्यस्त थे. शाम के चार बजे से चल रही इस बठैक में अगले िदन यानी 10 मई को शहर
में होने वाले चुप तािज़या के जुलूस कɃ तयैाȼरयों पर चचार् हो रही थी. मोहरर्म के दौरान िनकलने
वाले हज़ारों लोगों के इस जुलूस कɃ सुरक्षा व्यवस्था लखनऊ पुǺलस के Ǻलए हमेशा से चुनौती
रही थी.

GPT-2
(English output)

May 15, 2017 The article was written by a journalist who was not a journalist.
The article was published on May 15 and was published in the Hindustan Times.
In the article, the journalist said that the BJP government has been trying to get
the Congress to give the Congress a platform to run the country.
@jamesharan_nagar @jameshaan_nao

GPT-2 XL
(Code-switching)

मधुिमता शुक्ला हत्याकांड: अमरमʺण ित्रपाठी और उनकɃ पत्नी के जेल जाने कɃ कहानीं का क क
। क सर्।ि◌।◌ी।\n\nThe article is written in Hindi and the headline is written as

: In the above example, the Hindi word is used to
indicate the noun . The word is used for the adjective . The adjective is
also used for . The noun is used in the article to indicate a noun.

Mistral-7B
instruct

(Gibberish output)

मधुिमता शुक्ला हत्याकांड: अमरमʺण ित्रपाठी और उनकɃ पत्नी के जेल जाने कɃ कहानी मधुमाता
शुक्ला हत्याकांड वालों कɃ उनको जेल जाने कɃ कहानी ह।ै उनकें नहीं उनको शु˃चती हमारी पुरानों
कɃ संस्करण पहले अवश्यक होता ह।ै उनको जेल जाने कɃ कहानी बहुती ह।ै आजकल समस्यों को
अलग उनको जेल जाने को अलग नहीं िकया जाता ह।ै
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Figure 16: Examples illustrating outputs corresponding to different rejection criteria. We show outputs from GPT-2,
GPT-2 XL and Mistral-7B instruct.

4926


