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Recap
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• Sequence to Sequence learning

• Attention

• Transformers

• BERT
• Word-piece tokenization Algorithm

• Domain-specific BERT

• Implementation of BERT



Word-piece tokenization Algorithm

https://huggingface.co/learn/nlp-
course/chapter6/6?fw=pt%E2%80%8B

https://huggingface.co/learn/nlp-course/chapter6/6?fw=pt%E2%80%8B
https://huggingface.co/learn/nlp-course/chapter6/6?fw=pt%E2%80%8B


Clinical BERT embeddings

Look at the Dataset 
https://aclanthology.org/W19-1909.pdf

https://aclanthology.org/W19-1909.pdf


Masked Language Modeling

Masked Language Modeling (MLM) (Devlin et al., 2019).
MLM uses unannotated text from a large corpus. Here, the model is 
presented with a series of sentences from the training corpus where 
a random sample of tokens from each training sequence is selected 
for use in the learning task.
Once chosen, a token is used in one of three ways:

• It is replaced with the unique vocabulary token [MASK].
• It is replaced with another token from the vocabulary, 
randomly sampled based on token unigram probabilities.
• It is left unchanged.

https://web.stanford.edu/~jurafsky/slp3/11.pdf 5



Masked Language Models

BERT:
• This model is trained via masked language modeling, where 

instead of predicting the following word, we mask a word in the 
middle and ask the model to guess the word given the words on 
both sides.

• Sometimes called encoder-only, because they produce an 
encoding for each input token but generally aren’t used to 
produce running text by decoding/sampling.

• Masked language models are not used for generation
• They are generally instead used for interpretative tasks



MLM Objective



MLM Objective



Why MLM is useful

• Contextualized Representations: By predicting masked words based 
on their surrounding words, the model learns rich, context-sensitive 
representations of words. This helps the model understand nuanced 
meanings and word relationships, making it more effective at tasks like 
question answering, sentiment analysis, and text classification.

• Pretraining for Transfer Learning: MLM is often used as a pretraining 
objective in models like BERT. After pretraining on a large corpus 
using MLM, the model can be fine-tuned for specific downstream tasks 
(like text classification or named entity recognition) with a relatively 
smaller amount of task-specific data.



Pretraining and Fine-tuning
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https://arxiv.org/pdf/1810.04805

• Details of BERT Architecture in the below Research Paper 
[Must Read!!]

https://arxiv.org/pdf/1810.04805


Transfer Learning

This aspect of the pretrain-finetune paradigm is an instance of what 
is called transfer learning in machine learning: the method of 
acquiring knowledge from one task or domain, and then applying it 
(transferring it) to solve a new task.



Limitations of BERT

• Devlin et al. (2019:§5): admirably detailed but still partial ablation 
studies and optimization studies. 

• 2. Devlin et al. (2019): “The first [downside] is that we are creating 
a mismatch between pre-training and fine-tuning, since the 
[MASK] token is never seen during fine-tuning.” 

• 3. Devlin et al. (2019): “The second downside of using an MLM is 
that only 15% of tokens are predicted in each batch” 

• 4. Yang et al. (2019): “BERT assumes the predicted tokens are 
independent of each other given the unmasked tokens, which is 
oversimplified as high-order, long-range dependency is prevalent 
in natural language”



Domain-specific use-cases for Fine-tuned LLMs

• Support issue prioritization
• Fraud detection
• Blog writing
• Lead qualification
• Text classification
• Question answering
• NER

13



Recent Large Language Models
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Leaderboard performance: SuperGlue

Super glue is the leaderboard over the range of challenging NLP tasks 
suchh as question answering, machine translation, CoRef, etc.

https://super.gluebenchmark.com/leaderboard/
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https://super.gluebenchmark.com/leaderboard/


History from BERT to ChatGPT

16https://arxiv.org/pdf/2302.09419

https://arxiv.org/pdf/2302.09419


Large Language models are on Hype!!!!!

17https://arxiv.org/abs/2303.18223

https://arxiv.org/abs/2303.18223


Example of fine-tuning a LLaMA-based model

Example of fine-tuning a LLaMA-based model



Relative Response Quality Assessed by GPT-4

Relative Response Quality Assessed by GPT-4



Pre-train a Pythia based model

Example of further pre-train a Pythia based model



Acknowledgments

• These slides were adapted from the book SPEECH and 
LANGUAGE PROCESSING: An Introduction to Natural Language 
Processing, Computational Linguistics, and Speech Recognition

• Some modifications from CS224N presentations and resources 
found in the WEB by several scholars.
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Reference materials

• https://lab.vlanc.co.in/teachings/fall2
024-AI-schedule.html

• Lecture notes

• (A) Speech and Language Processing 
by Daniel Jurafsky and James H. Martin
• (B) Natural Language Processing with 
Python. (updated edition based on 
Python 3 and NLTK 3) Steven Bird et al. 
O’Reilly Media
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https://lab.vlanc.co.in/teachings/fall2024-AI-schedule.html
https://lab.vlanc.co.in/teachings/fall2024-AI-schedule.html
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