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Generative Artificial Intelligence (GenAI)

• Language and GenAI
• NLP-driven advancements in the field of Artificial Intelligence

• “Transformers” leading innovation in Computer Vision and Speech, alike.

• Commonalities
• Input (text, image, video, speech) is always converted to mathematical 

representation of the input

• Language Modelling - build a general world view for concepts within 
a language, inside a computational model, which can perform certain 
tasks.



Natural Language Processing (NLP)

"Understand” Human 
Language

A key goal of NLP research is to 
ensure that machines 
understand human language.
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Analyse Human 
Language

Textual analytics, 
extraction, and retrieval to 

analyze the information 
present in human 

language.

2

Generate Human 
Language
Generation of understandable 
human language to interface 
with people.
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Natural Language Processing vs. Computational Linguistics
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How it started?

R, Firth J. (1957). "A synopsis of linguistic theory, 1930-1955". Studies in Linguistic Analysis.

The ‘context’ of a word is important to decipher its meaning or its sense.

Inspired generations of research on Word Sense Disambiguation, Language 
Modeling, and Machine Translation. 

Many approaches from statistical modeling of language are grounded on 
this principle.

https://cir.nii.ac.jp/crid/1570854175539816192
https://cir.nii.ac.jp/crid/1570854175539816192
https://cir.nii.ac.jp/crid/1570854175539816192
https://cir.nii.ac.jp/crid/1570854175539816192
https://cir.nii.ac.jp/crid/1570854175539816192


Language Modeling: The core of ChatGPT

Task: iterative next word prediction



From ElMo to BERT: Leap in Language Modeling

• Attention is all you need (Vaswani et. al., 2017) proposed the use of 
self-attention in language encoding and decoding processes.



Encoder vs. Decoder

I need some coffee

मुझ ेकुछ कॉफ़ी चाहिए
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Engineering the backbone of NLP: Pre-train

•A novel ‘pre-training’ objective 
for language modeling
• Fill in the [MASK] given a sentence like:

• I love making slides at 11 PM in the 
[MASK]

• Why would I schedule a [MASK] 
during a busy semester? 



Engineering the backbone of NLP: Transfer Learn

• Transfer learning enabled advancements in NLP

• Use of labelled data to perform fine-tuning



Language ‘Understanding’ within NLP

Improved performance in Information Extraction, Retrieval, & 
Classification

Entity Recognition - Identify entities, given a piece of text (name, location, 
abbreviation, longform)

Retrieval – given a search query, finding products on an e-commerce 
platform (galaxy s24)

Classification
Identification of Spam, Sentiment, Emotion, Sarcasm, Aggression, Toxicity [Social NLP]

Evaluation
Estimation of translation quality, given source sentence and output of Machine 
Translation (MT) Output

Source: I need some coffee.
MT Output: ‘मुझे कुछ कॉफ़ी चाहिए’ (mujhe kuchh coffee chahiye)
Quality: 65
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Language ‘Understanding’ within NLP

• A novel ‘training’ objective for language modeling
• Fill in the [MASK] given a sentence like:

• I love making slides at 11 PM in the [MASK]
• Why would I schedule a [MASK] during a busy semester? 

• Leading to 
• Improved performance in Information Extraction, Retrieval, & Classification

• Entity Recognition - Identify entities, given a piece of text (name, location, abbreviation, longform)

• Retrieval – given a search query, finding products on an e-commerce platform (galaxy s24)

• Classification
• Identification of Sentiment, Emotion, Sarcasm, Aggression, Toxicity [Social NLP]

• Evaluation
• Estimation of translation quality, given source sentence and output of Machine Translation 

(MT) Output
• Source: I need some coffee.

• MT Output: ‘मझेु कुछ कॉफ़ी चाहिए’ (mujhe kuchh coffee chahiye)
• Quality: 65



Visualizing Language Modeling Evolution

• From 2017 to 2024, 100+ new 
language models engineered to 
different,

• Sizes (100 million -  170+ Billion parameters) 

• Domains (Healthcare, Finance, Biomedical, …)

• Language-specific (Hindi – Airavata, OdiaGPT, …)

• Task-oriented (Dialogue, Translation, eCommerce 

product relevance,…)



Language Generation within NLP

• Machine Translation, Text Summarization, or Dialogue Generation, …

• Synthetic Data Generation

• Given an example of hate speech on social media, generate a counter narrative

• Data Labelling

• Given a piece of text, provide a label the for text

• Positive, negative, neutral, sarcastic, non-sarcastic, hateful, non-hateful

• Generating creative text like poetry



InstructGPT (steppingstone to ChatGPT)



ChatGPT's Penetration: Research & Layman

• GPT-2 and GPT-3’s early research deployments
• State-of-the-art performance on many benchmark datasets.

• GPT-3.5-Turbo to ChatGPT
• Fine-tuned on instructions like “Translate this sentence for me…”

• Engineering challenges in scaling
• OpenAI faced challenges in deployment in early stages.

• Collaboration with Microsoft led to deployment of ‘Copilots’.

• Accessibility and impact on non-experts

Publicly available large language models grow in size and in number
• How do we adapt given infrastructure?



Synergy of Engineering and Research

• Low rank adaption

• Parameter efficient fine tuning

• Fusion approaches

• Retrieval Augmented Generation



Language Modeling: Scalable to Infrastructure

Low-rank Adaptation & Parameter efficient fine tuning

➔Language Models are matrices

H: Lower rank matrices may contain sufficient information for task/domain

➔Downgrade the matrix built inside the language model

➔Fine tune ‘significantly lower number of parameters’ to obtain an adapter.

➔Reportedly up to 95% efficiency, compared to a model 10 times in size. 



Efficient Language Modeling

SPIN, based on a self-play mechanism, generates its own training data and 
refines its language generation policy by discerning its own output against 
human annotated data. 

The model trains itself to perform better at various NLP tasks.



Fusion of Language Models



Applications Across Domains - Healthcare



Applications Across Domains - eCommerce



Challenges, Risks and a 
People-Centred perspective



Challenges for Academia

• Coping with AI-generated text

• Authorship Attribution for Neural 
Text Generation



Misuse of AI



Misuse of AI



Misuse of AI



Risks of Generative AI

• Data curation – Primary issue
• Training at scale requires large amounts of clean data. 
• Data for training language models comprises of anything on the web – from 

Wikipedia articles to Reddit posts to GitHub code.

• Deepfakes- Textual and Video

• Generation of Hateful and Toxic content

• Safety and Content Moderation
• Safety evaluation

• LLM Alignment



Risks of Generative AI

• Data curation – Primary issue
• Training at scale requires large amounts of clean data. 

• Data for training language models comprises of anything on the web – from 
Wikipedia articles to Reddit posts to GitHub code.

• Deepfakes- 

• Hateful and Toxic content

•   Safety and Content Moderation
• Safety evaluation

• LLM Alignment



Example: Llama-v2 Data

Pretraining data toxicity

“To allow for better 
downstream generalization, 
we chose not to scrub toxic 
data from pretraining”



People-Centred AI Initiatives

• Low resource and endangered languages. 

• Efficient and Scalable Language Modeling 

• Large Language Model evaluation for bias, toxicity, and 
misinformation.

• Detection of Aggression and Offense on social media, including 
political aggression



On Efficient Information Extraction 

Character level language models, (almost) as good as Transformer encoders.

Cost effective solution (computational, storage, time)



On Efficient Quality Estimation

• ‘Language family’ dependent models for evaluation of MT models.



Efficient Retrieval and Ranking (eBay Inc.)



Prioritizing Toxicity and Truthfulness

• Non-toxic Data for pre-training

• Generation of verifiable factual information – trustworthiness in AI

• Non-toxic generation (even if prompted to do so)





Collaboration with SWLEOC

South West London Elective Orthopaedic Centre (SWLEOC)

Using Large Language Models to derive insights towards personalized 
healthcare

Derive insights from various data sources such as pre-operative 
assessments, reports, and anonymized patient data. 



Closing Thoughts

• Generative AI is as much engineering, as it is research.

• Recent advancements can help engineer solutions to problems across 
domains 

• Generative AI and growth of language models poses new challenges and 
risks to education, social fabric, and mental health.

• Need for people-centred approach to language modeling

• We are doing our part! ☺



Acknowledgements
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Thank you for listening

• Let us discuss!


	Slide 1: Generative AI and Natural Language Processing (A People-centred Perspective)
	Slide 2: Agenda
	Slide 3: Generative Artificial Intelligence (GenAI)
	Slide 4: Natural Language Processing (NLP)
	Slide 5: Natural Language Processing vs. Computational Linguistics
	Slide 6: How it started?
	Slide 7: Language Modeling: The core of ChatGPT
	Slide 8: From ElMo to BERT: Leap in Language Modeling
	Slide 9: Encoder vs. Decoder
	Slide 10: Natural Language Processing (NLP)
	Slide 11: Engineering the backbone of NLP: Pre-train
	Slide 12: Engineering the backbone of NLP: Transfer Learn
	Slide 13: Language ‘Understanding’ within NLP
	Slide 14: Language ‘Understanding’ within NLP
	Slide 15: Language ‘Understanding’ within NLP
	Slide 16: Language ‘Understanding’ within NLP
	Slide 17: Visualizing Language Modeling Evolution
	Slide 18: Language Generation within NLP
	Slide 19: InstructGPT (steppingstone to ChatGPT)
	Slide 20: ChatGPT's Penetration: Research & Layman
	Slide 21: Synergy of Engineering and Research
	Slide 22: Language Modeling: Scalable to Infrastructure
	Slide 23: Efficient Language Modeling
	Slide 24: Fusion of Language Models
	Slide 25: Applications Across Domains - Healthcare
	Slide 26: Applications Across Domains - eCommerce
	Slide 27: Challenges, Risks and a People-Centred perspective
	Slide 28: Challenges for Academia
	Slide 29: Misuse of AI
	Slide 30: Misuse of AI
	Slide 31: Misuse of AI
	Slide 32: Risks of Generative AI
	Slide 33: Risks of Generative AI
	Slide 34: Example: Llama-v2 Data
	Slide 35: People-Centred AI Initiatives
	Slide 36: On Efficient Information Extraction 
	Slide 37: On Efficient Quality Estimation
	Slide 38: Efficient Retrieval and Ranking (eBay Inc.)
	Slide 39: Prioritizing Toxicity and Truthfulness
	Slide 40
	Slide 41: Collaboration with SWLEOC
	Slide 42: Closing Thoughts
	Slide 43: Acknowledgements
	Slide 44: Thank you for listening

