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Traditional Learning Paradigm

Source: https://nocomplexity.com/documents/fossml/whatisml.html 

https://nocomplexity.com/documents/fossml/whatisml.html


Modern Learning Paradigm 

Pre-training + supervised training/fine-tuning 

https://www.linkedin.com/pulse/
role-pretraining-fine-tuning-larg
e-language-models-nikitha-r-9a
qdf/
 

https://www.linkedin.com/pulse/role-pretraining-fine-tuning-large-language-models-nikitha-r-9aqdf/
https://www.linkedin.com/pulse/role-pretraining-fine-tuning-large-language-models-nikitha-r-9aqdf/
https://www.linkedin.com/pulse/role-pretraining-fine-tuning-large-language-models-nikitha-r-9aqdf/
https://www.linkedin.com/pulse/role-pretraining-fine-tuning-large-language-models-nikitha-r-9aqdf/


Pre-Training Objective

what labels or objectives used to train the vanilla Transformers? 
During pre training, we have a large text corpus (no task labels) 

1) Masked token prediction (BERT)
2) Next token prediction (GPT)



Pre-training architectures 

https://blog.gopenai.com/exploring-different-types-of-large-language-m
odels-llms-encoder-only-encoder-decoder-and-7796ac663efa
 

https://blog.gopenai.com/exploring-different-types-of-large-language-models-llms-encoder-only-encoder-decoder-and-7796ac663efa
https://blog.gopenai.com/exploring-different-types-of-large-language-models-llms-encoder-only-encoder-decoder-and-7796ac663efa


BERT

Idea. Keep only encoders + leverage encoded embeddings to make predictions.

Source: https://arxiv.org/pdf/1810.04805 

https://arxiv.org/pdf/1810.04805


Pre-training Overview

Goal: Learn pattern of text corpus

Objective function: Predict next token 

Data mixtures: (data: trillions of tokens)
● Web-scraped (e.g. Wikipedia) 
● Code (GitHub, StackOverflow) 

Why coding tasks performs so well compared to 
other tasks?



Scaling Law

why do industries like scaling law?

https://arxiv.org/pdf/2001.08361 

https://arxiv.org/pdf/2001.08361


Scaling Law

Sample efficiency 
Chinchilla Law: D (#token) ≈20N (#para) 



Pre-Training summary

● How does Pre-Training work. 
● Pre-Training objectives and architectures.
● Understand Scaling law.

Why pre-training won?

What are the downsides of pre-training?
(hint: knowledge is learnt once in training, cost…)



Data and Model Parallelism

https://pub.towardsai.net/understanding-data-and-model-parallelism-in-larg
e-scale-ai-training-2d7d79110e80
 

what might be the cost of parallelism? 

https://pub.towardsai.net/understanding-data-and-model-parallelism-in-large-scale-ai-training-2d7d79110e80
https://pub.towardsai.net/understanding-data-and-model-parallelism-in-large-scale-ai-training-2d7d79110e80


Supervised Fine Tuning 

Change the model behavior by 
tuning its weights 

Strategy. 
● Collect pairs of input/outputs with 
desired behavior (aka SFT data) 
● Train using next word prediction 
objective given the input 



Instruction Tuning

SFT on instruction-following data: "Instruction tuning" 
Model is expected to be a assistant rather than a text completion machine

Data: human written data, synthetic data

Size: thousands to millions of examples

Pros and cons of instruction tuning?



Parameter-efficient finetuning 
(LoRA)
hands on guide: https://huggingface.co/learn/llm-course/en/chapter11/4 

https://magazine.sebastianraschka.com/p/practical-tips-for-finetuning-llms 

https://huggingface.co/learn/llm-course/en/chapter11/4
https://magazine.sebastianraschka.com/p/practical-tips-for-finetuning-llms


QLoRA

https://watercrawl.dev/blog/LoRA-and-QLoRA 

https://watercrawl.dev/blog/LoRA-and-QLoRA


What if prompt is unclear? 

https://jie-jw-wu.github.io/blog/does-ai-ask.html 

https://jie-jw-wu.github.io/blog/does-ai-ask.html


Fine-Tuning Case Study

 

Problem: Code Models should increase the ability to ask clarifying questions for coding tasks​, 
but how?

Key Observation: 
Only {coding question, code} pairs exist in training data, causing LLMs to generate code 
regardless

● Such instruction tuning methods in Code LLMs force the models to generate code, 
regardless of any issues in the problem description.

Our Vision: 
At the model level, LLMs themselves should have the ability to ask clarifying questions when 
needed​
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Example #1
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Example #2
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Clarification-Aware Fine-Tuning​

 

Goal: alignment for clarification-aware code generation.

We propose ClarifyCoder that fine-tunes the Code LLMs with
● Synthetic Data Construction​
● Clarification-Aware Instruction Tuning
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Clarification-Aware Data Synthesis Process

 

Goal: produce ambiguous problem statements and their corresponding clarifying 
questions, thereby creating a robust dataset for training ClarifyCoder.
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Clarification-Aware Data Synthesis Process

- Modify problems into the three categories 
- Ask the model to generate a question to clarify the problem description 
- Using APPS data, ~30 K new data are generated 
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Clarification-Aware Fine-Tuning

 

We create a unified dataset       by merging           
and     ::

We then perform instruction tuning on        by 
minimizing the combined loss function        :

Example result:
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Performance Analysis (1 / 2) 

25



Performance Analysis  (2 / 2) 
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Ratio r of standard and synthetic data.

● We changed the ratio r from 20% to 100%, with downsampling.
● Even with a modest 20% ratio, utilizing just 2,191 clarify-aware samples, we observed a 

notable improvement in clarify-awareness performance
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Comparison with Training-Free Methods
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Compare with other LLM agents
Results of different methods on HumanEval benchmark (well-specified coding tasks). Pass@1 and 
Test PR measure code generated in the first (only) round. The top two results are bolded. Pass rates 
are considered unavailable for methods where user interaction to perform clarification is enforced.
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Pretraining & fine-tuning in 
code
Pretraining:
https://github.com/rasbt/LLMs-from-scratch/blob/main/ch05/01_main-chapter-cod
e/ch05.ipynb
 

https://github.com/rasbt/LLMs-from-scratch/blob/main/ch05/01_main-chapter-code/ch05.ipynb
https://github.com/rasbt/LLMs-from-scratch/blob/main/ch05/01_main-chapter-code/ch05.ipynb


NanoGPT in notebook

GPT (Zero to Hero), by AK: 
https://colab.research.google.com/drive/1JMLa53HDuA-i7ZBmqV7ZnA3c_fvtXnx-  
(Strongly recommend to watch the video and the code)

https://colab.research.google.com/drive/1JMLa53HDuA-i7ZBmqV7ZnA3c_fvtXnx-
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