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1. Introduction to NLP
¹

1.1. General
• Graham uses Cursor editor.
• We should start tackling problems with the simplest system.
• Another way to interact with copilot is comments.

  # find the most common word in the text (t1, t2)
  # t1 = "hello world"
  # t2 = "hello world"
  def most_common_word(t1, t2):
    ...

1.2. Technical
• Error analysis is the most important.

‣ We see many errors on low-frequency words.
‣ We think that those words need more help.
‣ We use Bag of Words to help with that.

• Learning algorithm is how algorithms or models adapt.
‣ Moving the classifier in the direction of the training batch when they’re predicted wrong

is a learning algorithm.

2. Representing Words
²

2.1. General
• Algorithms get outdated all the time. It’s important to know the current state-of-the-art.
• “I should have an answer for that, but I don’t” is a good way to respond rather than “I

don’t know”.

2.2. Technical
• Having sense of how many words exist in English (or other languages) can help designing

right algorithms.
• When things aren’t clear to have a winner, sample them so they can tie?
• t-SNE can be misleading! [1]

‣ Be careful with their parameters (perplexity).

¹https://www.youtube.com/watch?v=MM48kc5Zq8A
²https://www.youtube.com/watch?v=F4ww_V6tA-w
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Figure 1: Misleading example of t-SNE

3. Language and Sequence Modeling
3.1. Reading
• Sparse vs dense embedding

‣ Dense embedding can help with data imbalance
– A lot of dogs, but not many cats.
– We hope that the model can infer that cat is similar to dog (as animal)
– The model then can share statistics on them without needing the same amount of data

on cat.
• Word dropout as unknown token is a clever idea.

3.2. General
• “People speak from past to future.”
• Does copilot use masked language model?

3.3. Technical
• What is the technical difference in term of a neural modelling on joint probability vs

conditional probability?
• The most common way to deal with unknown word is to break it down to character/

subword.
• Likelihood is more appropriate in the context of training.

‣ It has subtle difference with probability.

4. Attention and Transformers
4.1. General
• Visualization helps you to understand easier.
• BUT don’t stop at just visualization.
• We can always dive deeper into the math to understand the exact mechanics once we have

the mental model.

5



4.2. Technical
• https://github.com/jessevig/bertviz
• Why is positional encoding added not concatenated?

‣ Both are mathematically equivalent when doing the matrix multiplication (with con-
straints that parameters are equal).

• RMSNorm is a more simplified version of LayerNorm.
‣ Exclude mean and bias.

RMS(𝐱) = √1
𝑛
∑
𝑛

𝑖=1
𝑥2𝑖 (1)

RMSNorm(𝐱) = 𝐱
RMS(𝐱)

⋅ 𝑔 (2)

‣ Is there a loss of information in LayerNorm?
– Yes, an example would be two spread with different magnitude.
– Basically it is not a bijective function.

• Pre-layernorm is better because gradients can flow more easilythrough the residual connec-
tions.

• LLaMA uses Swish/SiLU
‣ ReLU (Vaswani et al.)

ReLU(𝑥) = max(0, 𝑥) (3)

‣ Swish/SiLU (Hendricks and Gimpel 2016)

Swish(𝐱; 𝛽) = 𝐱 ⊙ 𝜎(𝛽𝑥) (4)
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• https://github.com/facebookresearch/metaseq/blob/main/projects/OPT/chronicles/OPT175
B_Logbook.pdf

• bfloat16
‣
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5. Pre-training and Pre-trained Models
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5.1. Multi-node training

• there are many ad-hoc solutions that are applied to llm training
‣ rollback when gradient looks weird and shuffle data to avoid that
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• https://pile.eleuther.ai/
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6. Instruction Tuning
• we can think of instruction or prompt as textualized task.
• instruction tuning aligns the model to the task with humans.

6.1. Instruction Tuning Dataset
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• FLAN (v2)
‣ diverse task increase generalization

• Self-Instruct

INSTRUCTION TUNING 15



7. Prompting and Complex Reasoning

• chain-of-thought prompting gives the model adaptability to adjust based on complexity of
a problem

• five digits multiplication is difficult for strong llm without code tool
• emergent abilities are somewhat an artifact of how we measure accuracy (Schaeffer et al.

2023)
‣ reasoning need to get like 40 tokens correct in a row, but the model is trained to predict

the “next” token
‣ so it seems like an “emergent” ability

8. Reinforcement Learning and Human Feedback
• lmarena.ai

‣ ELO score
• LM is bad at judging where they are bad at generating.
• Argmax is non-differentiable
• risk is differentiable, but sum of it is intractable
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‣ sampling for tractability
• Reinforcement Learning

‣ KL regularization
– improve reward
– keep model similar
– so KL is differentiable?
– Schulman et al. 2017

‣ proximal policy optimization (PPO)
– clipping term to not reward large jumps

‣ direct preference optimization (DPO)
– probability ratio of winning output vs losing output
– contrasting pairwise (human) preferences
– Rafailov et al. 2023

9. Experimental Design and Data Annotation

Observation

Research

Hypothesis

Experiment

Analysis

Conclusion

• Why do research?
‣ application-driven
‣ curiosity-driven
‣ ratio is like 95-5 in ACL

In many times, benchmarks shape a field

• people usually don’t get practice to form hypotheses
‣ yes/no question, not “how to”

– falsifiable
‣ beware

– “does x make y better”
• workshop i can’t believe it’s not better³

‣ negative results can turn to positive results if you try hard enough
• data annotation

‣ Power analysis (Card et al. 2020) can be used to estimate the sample size needed for a
given effect size and significance threshold

³https://i-cant-believe-its-not-better.github.io/
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– expected accuracy difference between tested methods
– given effect size, significance threshold -> determine data size
– easy fisher exact test⁴

‣ Penn Treebank POS annotation guidelines (santorini 1990) is a very good example
‣ double-annotate some data (one is gold standard)

– accuracy/bleu/rouge
‣ Kappa Statistic

• cloud like AWS is 2-3x more expensive
• cheaper alternative: modal, runpod, netmind, lambda
• how to write a great research paper⁵ – Simon peyton jones

‣ timeless piece

10. Retrieval and RAG
• there are problems with LLM:

‣ knowledge cutoff
‣ private data
‣ learning failure

• Retrieval-augmented Generation (RAG, Chen et al. 2017) is a solution
• Retrieval Methods

‣ Sparse retrieval
‣ Document-level
‣ Token-level
‣ Cross-encoder reranking
‣ Black-box

10.1. Sparse Retrieval
• document -> BoW -> cosine similarity
• Term weighting (Manning et al. 2009)

‣ some terms are more important
‣ upweight low-frequency word
‣ TF-IDF (Term frequency - in-document frequency)
‣ BM25
‣ Apache Lucene implements Inverted Index

10.2. Dense Retrieval
• state-of-the-art (November 2024)
• encode and find nearest neighbor

‣ more common to take last token than pooling all tokens
• Bidirectional vs unidirectional attention for embeddings

‣ Echo Embeddings (Springer et al 2024)
– repeat string just so that the beginning tokens can encode context from later tokens

‣ Retrieval-oriented Embeddings

⁴socscistatistics.com
⁵https://www.microsoft.com/en-us/research/academic-program/write-great-research-paper/
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– use contrastive loss
• how to get negative examples?

‣ in-batch negatives
‣ weaker retrievers

• Approximate Nearest Neighbor Search
‣ aim sub-linear time
‣ locality sensitive hashing

– hash by zone, use lines to encode

• graph-based
‣ create “hubs”

• (can we train a network to do this)
• cross-encoder reranking

‣ encode “query” and “document” jointly
• Token-level Dense Retrieval

‣ jointly but one vector per token instead of document
• Instructable Embeddings
• hypothetical document embeddings

‣ out-of-domain embeddings

10.3. Evaluate retrieval
• humans and machines are different
• cumulative gain (Hegde 22)

‣ sum of relevance score for top 5
‣ discounted version 1

log2(𝑖+1)

10.4. Retriever-Reader Model
• simplest: google + chatgpt
• Lewis et al. 2020 trains retriever and generator end-to-end

10.5. Tool use
• Toolformer (Schick et al. 2023)

‣ generates tokens that trigger retrieval
‣ if tool usage increases performance (likelihood) then keep that training data

RETRIEVAL AND RAG 19



PAQ: 65 Million Queries
• hypothetical queries

Token-level Approximate Attention
• Unlimiformer (Bertsch et al. 2023)

11. Distillation, Quantization, and Pruning
• How to get the cost down?

‣ Distillation: make small model imitate large model
‣ Quantization: reduce number of bits
‣ Pruning: remove unnecessary parts

11.1. Quantization
11.1.1. Post-training

• int8 quantization
‣ scale to [−127, 127]

• Model-Aware Quantization: GOBO (Zadeh et al. 2020)
‣ 99.9% of weights are in predictable distribution
‣ quantize only those
‣ keep 0.01% un-quantized for performance

• Hardware Concerns (Shen et al. 2019)
‣ ex. not all hardware support Int3

11.1.2. Training

• discretized backprop
• need tricks to differentiate some constraints ex. integers
• Binarized Neural Networks
• Layer-by-Layer Quantization-Aware Distillation (Yao et al. 2022)
• Q-LORA (Dettmers et al. 2023)

‣ 65B model on 48gb gpu

11.2. Pruning
• remove parameters – set to zero
• Magnitude Pruning (Han et al. 2015, See et al. 2016)

‣ zero out x% of params with least magnitude
• Wanda (Sun et al. 2023)

‣ Weight and activations
• Structured Pruning (Xia et al. 2022)

‣ remove entire components
– attention head, layer

• Pruning w/ Forward Passes (Dery et al. 2024)
‣ mask modules to assess its impact
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11.3. Distillation
11.3.1. Pre-LLM Distillation

• teacher as “labeler”
• pseudo-labels

‣ hard vs soft targets (Hinton et al 2015)
• Sequence-Level Distillation (Kim and Rush 2016)

‣ Word-level
‣ Sequence-level

• Born Again Neural Networks (Furlanello, Lipton, et al 2018)

11.3.2. Post-LLM Distillation

• Process Supervision (Lightman et al 2023)
• Distilling Step-by-Step
• teacher can generate inputs and/or outputs
• Exploiting Task Asymmetry (Josifoski et al 2023)

‣ output might be hard to generate by input
‣ inverse: generating input from output

• Self-Instruct (Wang et al 2022)
‣ distillation vanilla LM to follow instructions by itself

• Prompt2Model (Viswanathan et al 2023)
• Retrieval-Augmented Distillation (Gandhi et al 2024, Ge et al 2024, Divekar and Durrett 2024)
• Pretraining on Synthetic Data
• AI models collapse when trained on recursively generated data (Shumailov et al 2024)

11.3.3. Open Questions in Distillation

• How can you learn to be better than your teacher?
• How can AI and human “teachers” collaborate optimally?
• How to avoid negative feedback loops (like model collapse) ?

12. Domain Specific Modeling: Code and Math
12.1. Code
• CodeBERT

‣ Masked tokens
‣ Replaced Token (by weaker LM)
‣ CodeXGLUE

– mined from GitHub
– collections of tasks
– 4x code/text to code/text

‣ joint train code & documentation > code alone
‣ init with text-only (RoBERTa) helps

• T5: Text-to-Text Transfer Transformer (Raffel et al. 2019)
‣ denoising scheme to BART
‣ seq-to-seq
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• CodeT5
‣ seq-to-seq denoising/masked span prediction
‣ + identifier-specific for code semantics

• CodeT5+ (Wang et al 2023)
‣ seq-to-seq + progession of objectives

• Fill-in-the-Middle
• InCoder
• Codex (Chen et al. 2021)

‣ OpenAI
‣ HumanEval

• DeepSeek Coder
‣ FIM loss
‣ High-quality data

– mixture is important
• MBPP: Mostly Basic Python Programs, similar to HumanEval
• SWE-Bench leaderboard

12.2. Math
• Chain-of-Thought (CoT)
• GSM8k
• MATH (Hendricks et al. 2021)
• Minerva & Dataset
• LLEMMA

‣ Open LM for Math
‣ Proof-Pile-2

• DeepSeek Math & Corpus
• Training on Code Improves Math
• Program-aided Language models
• MAmmoTH: Hybrid Thoughts Instruction Tuning

13. Long Sequence Models
• transformer models scale quadratically in memory and computation

13.1. Tools & Benchmark
• Long-Range Benchmark
• “lost-in-the-middle”
• “needle in a haystack”
• RULER

13.2. Research
Memory-efficient Computation (Jang 2019, Rabe and Staats 2021)

13.3. State-of-the-art (November 2024)
• RoPE Scaling first then finetuning on long context
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13.4. Structured State Space Models
• similar to RNN but doesn’t have non-linearities
• Selective State Space Models - Mamba

14. Ensembling and Mixture of Experts
• is mixture of models based on assumption that architectures are more important than data
• There is multiple way to mix models:

‣ result-level
‣ parameter-level

14.1. Emsembling
• Linear: “Logical OR”
• Log Linear: “Logical AND”

15. Tool Use and LLM Agent Basics
• Environment representation and understanding are a big part to develop an agent
• Tool Use Scenarios Survey paper in reference
• Multi-agent Systems

‣ Planning
‣ Execution
‣ Think of roles in a team within a company

16. Agents
• Letting LLMs interact with given environment

‣ Coding Agents: CLI, Compiler, IDE, Git
‣ Web Browsing Agents: Browser, HTML

• Claude has a product that clicks on your screens
‣ It’s not difficult to train since there’s a lot of data

17. Evaluation and Multimodal
• WMT (Workshop on Machine Translation)
• Chatbot Arena, MMLU, SuperGLUE, MTBench
• CLIP, LLaVA, Chameleon, Diffusion

18. Linguistics
• Sound and Gesture

‣ Phonetics: Individual speech sounds and signed gestures
‣ Phonology: How languages organize sounds and gestures

• (Sub)words Constrituents
‣ Morphology: How words are formed
‣ Syntax: How phrases and sentences are formed

• Meaning & Intent
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‣ Semantics: What does an utterance mean
‣ Pragmatics: How do we use language in context

19. Learning From/For Knowledge Bases
• knowledge bases are structured data

‣ entities
‣ relations

• WordNet, WikiData
• Consistency in Embeddings
• Tensor Decomposition

20. Multilingual
• Paucity of data

‣ used wikipedia as proxy
• tokenization disparity
• LLMs as-is for translation is good for high-resource language (Robinson et al. 2023)
• mT5 (Xue et al 2020)
• Aya 23 (Aryabumi et al. 2024)
• Tower (Alves et al. 2024)
• Active Learning for Multiple Languages (Khanuja et al. 2023)
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