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भारत ने 1952 में मद्रास में इंग्लैंड के खिलाफ अपने 24वें मैच में 
अपनी पहली टेस्ट जीत दर्ज की। बाद में उसी वर्ष, उन्होंने अपनी 
पहली टेस्ट श्रृंखला जीती, जो पाकिस्तान के खिलाफ थी।

"India recorded their first Test victory, in their 24th 
match, against England at Madras in 1952. Later in the 
same year, they won their first Test series, which was 
against Pakistan."

Machine Translation

1952"When did India win 
their first test match?"

Question answering 

"Lots of epic shows feel a little underpopulated 
towards the end but there's really no excuse for 
something as mythic, huge and mesmerizing to end as 
disappointingly as this."

Text Classification

Negative
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Impact of  Language Technologies
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Language Models

• I am sorry for the inconvenience ___ 

• Let me get back to you sometime ___ 

• I work at IISc, I live in ___ 

• The Prime Minister of  India is ___

Models that assign probabilities to a sequence of  words 
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Recent Performance Trends
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https://arxiv.org/pdf/2502.18864
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Conceptual Illustration of  the "AI Scientist"
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Evaluation Philosophy
• Prior work: Experts assess shuffled LLM/human documents for 

novelty, feasibility, interestingness, etc.  

• Our work: Experts actively search for plagiarism  
• Different situational logic (Popper, 2013) 

• Presume plagiarism 

• Actively search for overlap in methodology in existing work
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Dataset
• 50 LLM-generated research documents 

• 36 fresh proposals generated from Si et al. (2024)  

• 4 exemplar proposals from Si et al. (2024) 

• 10 exemplar papers from “The AI Scientist” paper (Lu et al. (2024)) 

• 12 NLP research topics 
• Long context capabilities, abstention techniques, bias evaluation 

• Hallucination reduction, interpretability, speech processing 

• Formal proof  generation, human evaluation, machine translation 

• Scaling laws, inference optimization, persona development
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Expert-led Evaluation 

• 13 experts from 5 universities, 2 industrial labs 



14

Key result

• Large number of  proposals (> 24%) are plagiarized
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The nature of  plagiarism is sophisticated 

• Models learn to disguise existing work as novel 

• Re-invent terminologies 
• "Resonance graph" instead of  "weighted adjacency matrix" 

• Several other case studies in the paper
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• We create a synthetic dataset of  plagiarized ideas

Can plagiarism be automatically detected?

GPT 4o

Plagiarized 
Research Article 
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Can plagiarism be automatically detected?

• Can detectors identify deliberately plagiarized articles?
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• Regurgitate old ideas, without any attribution 
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• Sow distrust about other legitimate AI capabilities 
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Broader Implications of  AI Scientists 

• Regurgitate old ideas, without any attribution 

• Overwhelm conferences  

• Fracture scientific discourse 

• Sow distrust about other legitimate AI capabilities 

All That Glitters is Not Novel: Plagiarism in AI Generated Research 

By Tarun Gupta, Danish Pruthi 

ACL 2025
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Impact of  the work

• Paper received the outstanding paper award at ACL 
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Broadly: Detecting AI Slop
AI Slop: low-quality, often nonsensical or misleading, 
content generated by artificial intelligence.

AI-generated ‘slop’ is slowly killing the internet 
By Arwa Mahdawi in the Guardian  

With ‘AI slop’ distorting our reality, the world is sleepwalking into disaster 
By Nesrine Malik in the Guardian 

https://www.theguardian.com/global/commentisfree/2025/jan/08/ai-generated-slop-slowly-killing-internet-nobody-trying-to-stop-it
https://www.theguardian.com/commentisfree/2025/apr/21/ai-slop-artificial-intelligence-social-media
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Increasing Reports of  Plagiarism
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Increasing Concerns of  Targeted Misinformation 



24

Need to Distinguish LLM Outputs from Human Text

• Detect plagiarism  

• Combat targeted large-scale misinformation/spam/abuse 

• Avoid re-training on LLM outputs
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Possible Approaches

• Model developers could store all the responses generated 
 

• Wouldn't work for open-source models

• Privacy concerns
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Possible Approaches: Watermarking
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ICML 2023 (Best Paper Award)
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Watermarking Language Models

Approach from Kirchenbauer et al.
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How does detection work

• If  all words are from green list, then we know it's from a model 

Approach from Kirchenbauer et al.
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How does detection work

• If  all words are from green list, then we know it's from a model 

Approach from Kirchenbauer et al.

large fraction  
(than what we would expect randomly)

suspect    
(we can run a statistical test)
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Useful Properties 

• Can be applied to any language model 

• Knobs to play around with the watermarking strength  

• Watermarking is conceptually simple & computationally cheap  

• Detection does not depend on the model probabilities



35

Efficacy of  watermarking

False positive rate is 3 x 10−5

From Kirchenbauer et al.

z = ( |xG | − γT)/ Tγ(1 − γ)

z ∝ rG T
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Efficacy of  watermarking

False positive rate is 3 x 10−5

Often, about 30 tokens suffice

From Kirchenbauer et al.

z = ( |xG | − γT)/ Tγ(1 − γ)

z ∝ rG T
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Our Work

• Downstream effects of  watermarking (Findings of  EMNLP, 2024) 

• By Anirudh Ajith, Sameer Singh, Danish Pruthi 

• https://arxiv.org/abs/2311.09816 

• Undoing (or reverse-engineering) watermarking (EMNLP 2024)  

• By Saksham Rastogi, Danish Pruthi 

• https://arxiv.org/abs/2411.05277 

• Watermarking your own content (ICML 2025) 

• By Saksham Rastogi, Pratyush Maini, Danish Pruthi 

• https://arxiv.org/abs/2504.13416

https://arxiv.org/abs/2311.09816
https://arxiv.org/abs/2411.05277
https://arxiv.org/abs/2504.13416
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In Practice: Almost No Adoption

• Corporations are (allegedly) worried that they'll lose customers  

• Requires all developers to watermark 
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In Practice

• Hundreds of  available detectors:  

• Originality,  

• GPTZero, 

• DetectGPT, 

• Pangram, etc.  

• Which work with varying effectiveness



Thank you
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Danish Pruthi 
Webpage:  https://danishpruthi.com/  

Papers:      http://bit.ly/danish037 

Email:         danishp@iisc.ac.in

https://danishpruthi.com/
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