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What is a Language Model?
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- wikipedia



What is A Large Language Model?

1. It is a model of machine learning (deep learning).
2. It is trained on massive textual datasets.
3. It has a large number of parameters.
4. It runs on expensive GPUs.
5. It speaks human language (and potentially all languages.)
6. It is a form of general AI and has human level intelligence.
7. It is an emergence phenomenon and is not fully understood.
8. It made its debut to the general public in Nov 2022 as ChatGPT
9. … and since then the growth has been explosive.
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4source

https://aleixperez.substack.com/p/llm-infrastructure-stack-market-landscape


Syllabus

● Basic concepts of LLM
○ Model characteristics
○ Life cycle of an LLM
○ Basic generation API

● Lab Session
● Evaluation benchmarks
● Deployment and monetary concerns
● Prompt engineering
● Lab Session
● Internals of Llama3
● Other Topics
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LLM Resources

● Major providers: openAI, meta, google, Cloud.ai
● Huggingface Model Repository
● Kaggle.com
● github.com  – search “awesome …” on Google
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https://huggingface.co/models
http://kaggle.com
http://github.com


LLM Jargons and Characteristics
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Key Characteristics of LLM Models

8



Key Characteristics of LLM Models
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Model License & Restrictions – Please Seek Legal Advice

Open Source Models
● Training code
● Training data

Open Weights Models
● No/little restrictions

Restricted Open Weights Models
● Architecture
● Weights
● Various licence restrictions

Proprietary Models
● Web API GPT, Gemini, Claude

Llama 2, Llama 3
Codestral

Llama 3.1
Mistral

MAP-NEO

This category is less practically interesting due to high training cost and the overall 
lower model quality of this tier.

https://github.com/multimodal-art-projection/MAP-NEO


LLM Life Cycles

11



LLM Life Cycle
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Learning by reading a 
lot of books.

Learning by taking exams. Apply your knowledge.

Predict next token.
General knowledge.

Follow instructions.
Special knowledge. and in-context learning.



Training: Pre-Training

● Input:  huge amount of text
● Output: model
● Task: predict next token

(Causal training)
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– https://ai.meta.com/blog/meta-llama-3-1/

Llama 3.1 Pre-Train Data 



Training Data Makeup of Various Early LLMs
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https://arxiv.org/pdf/2303.18223


Fine-Tuning or Post-Training

● Finetune in upstream – behavior and ability
○ Instruction following
○ Tool usage
○ Coding and reasoning
○ Safety mitigation

● Finetune in downstream – domain and behavior adaptation
○ Domain-specific knowledge
○ Domain-specific behavior
○ Might limit to specific components of model
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Fine-Tune Level 1: Instruct Finetune
Human: 0.002 = 1000 1 = x? Assistant:

To find the value of x, we can set up a proportion using the given information:

0.002/1000 = 1/x

To solve for x, we can cross multiply:

0.002 * x = 1000 * 1

0.002x = 1000

Dividing both sides by 0.002:

x = 1000 / 0.002

x = 500,000

Therefore, 1 is equal to 500,000 in this proportion.

16Source: Berkeley-next/Nectar

https://huggingface.co/datasets/berkeley-nest/Nectar/viewer/default/train?row=0


Finetune-Level 2: RLHF

● Reinforcement Learning from Human Feedback (RLHF)
○ DPO training by TRL

● Alignment: tweak model behavior towards intended objectives
● Usually trained with paired examples
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Examples of misalignment.

https://huggingface.co/docs/trl/main/en/dpo_trainer
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Deepseek Coder

Deepseek Math

Numina 1st Place Solution

Case Study: Kaggle 2024 AI Math Olympiad

7b model



DeepSeek Coder

● Trained from scratch
● 2T tokens, ~800 GB text (why?)
● 87% code + 13% linguistic
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Benchmark: Multilingual HumanEval
https://huggingface.co/datasets/nuprl/MultiPL-E



DeepSeek Math

● From DeepSeek-Coder-Base
● 500 billion math-related tokens

○ Subset of Common-Crawl
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Numina 1st Place Model

● 2-Stage Fine-tune of DeepSeek-Math-Base
● Stage 1

○ 860k math problems
○ Solved 8/50 – below average
○ https://huggingface.co/datasets/AI-MO/NuminaMath-CoT

● Stage 2
○ 70K problems
○ Use GPT-4 to generate training samples with analytical reasoning and code
○ https://huggingface.co/datasets/AI-MO/NuminaMath-TIR

https://huggingface.co/datasets/AI-MO/NuminaMath-CoT


Beginning generation …
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The Causal Language Model
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● A causal language model is a model that
● … takes in a sequence of tokens as input
● … and predicts (the probability distribution of the) next token

GPT token codec demo: https://alonsosilva-tokenizer.hf.space/

?

-

https://alonsosilva-tokenizer.hf.space/
https://gpt-tokenizer.dev/


Detail 1: Tokenizers and Byte Pair Encoding (BPE)
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● Limited model vocabulary size.  GPT4o ~ 200K.
● Long tail distribution of natural languages.   How to deal with rare words?
● Byte pair encoding (also known as digram coding) is an algorithm, first described 

in 1994 by Philip Gage for encoding strings of text into tabular form for use in 
downstream modeling.

Alternative: Google’s sentencepiece, GITHUB

https://github.com/google/sentencepiece


More on BPE

● Starting by breaking down text into individual letters
● Iteratively merge the most frequent pair of consecutive symbols
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Demo code: repo of this course. 
Read more: https://huggingface.co/learn/nlp-course/en/chapter6/5
Image: https://ar5iv.labs.arxiv.org/html/1910.13267

Llama 3.1 decoding, see how spaces are handled.

https://github.com/aaalgo/AI_training_2024/blob/main/01-generation/05-transformers/bpe_demo.py
https://ar5iv.labs.arxiv.org/html/1910.13267


Detail 2.  Logits Probabilities and Softmax

● The model predicts N scores (Llama 3.1, N = 128256).
● We want the N scores to form a probability distribution. 
● Softmax converts any pool of numbers into probabilities.

● We call the input to softmax “logits”.
● When needed we manipulate the logits.

25



Detail 3.  Temperature for Tuning Diversity
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T=0.5

T=1

T=2 T=10



Detail 4. Generation Strategies

● Greedy decoding
● Sampling
● Beam search for more coherent output



Detail 4. Generation Strategies: Beam Search
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Comparison
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Greedy Sampling


