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Enrollment

3

We have (finally!) finalized the enrollment

• Reading assignments for Lecture 2, 3 and 4 will not count
• We will be officially grading your reading responses starting next week
• Team up! (Each project should be <= 4 students in general)



Goal of This Course

4

Use Machine Learning to Build Intelligent Agents



Abstract View of An Agent: Multimodal AI

5

𝜋: observations → action

Notation: 𝑡 – time. 𝑜<𝑡  - all observations before 𝑡. 𝑎𝑡  - action at 𝑡.
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Goal of This Lecture

7

Use Machine Learning to Model Language



Today’s Agenda

Part 1: Principles for (Language) Tokenization: BPE

Part 2: Principles for Language Modeling
• The attention mechanism and its caveats

Part 3: Principles for Large Language Models
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• We need to represent texts as discrete indices
• The simplest idea: 
    [word2index[w] for w in text.split()]
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• We need to represent texts as a discrete indices
• The simplest idea: 
    [word2index[w] for w in text.split()]

• How about different languages? How about punctuations?

Tokenization



• Previous approach: human-defined rules to handle punctuations, 
hyphenation, numbers, special characters, and rare words

• BPE Solution: Just start from the basic vocab (e.g., all ASCII), and use the 
greedy algorithm to construct a vocabulary

Byte-Pair Encoding



• BPE is actually a general “compression algorithm”
• BPE makes frequent strings cheaper to decode
• The model “sees” shorter sequences and denser token statistics

The Entropy Intuition behind Byte-Pair Encoding



• The “efficiency” of the tokenization process
• Intuitively, what’s the entropy after rewriting the inputs with the vocabulary

• is correlated with the task performance
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• The “efficiency” of the tokenization process
• Intuitively, what’s the entropy after rewriting the inputs with the vocabulary

• is correlated with the task performance
• Note: This is not generally true for arbitrary modality data

The Entropy Intuition behind Byte-Pair Encoding



• To model every possible Unicode code (e.g., emojis) directly, the base 
vocabulary would be very large

• Solution: Start from 256 UTF-8 byte values, then learn BPE merges on byte 
sequences

• Used by GPT-2

Byte-Level BPE in Modern LLMs



• Since the construction is statistical, it will assign less vocabulary for 
underrepresented languages

• For example, handling of space is different
• Cross-Lingual fairness is an active research area

Fairness in BPE



Principles of Language Tokenization
• Improved from human-defined language-specific heuristics to general 

algorithms: byte-level BPE
• However! Still based on human-defined text encodings (e.g., UTF-8.txt)
• Extension to arbitrary binary files is still unclear

• Compression and removing easy-to-predict learning objectives is helpful



Today’s Agenda

Part 1: Principles for (Language) Tokenization: BPE

Part 2: Principles for Language Modeling
• The attention mechanism and its caveats
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• Attention has a long history of applications in CV/NLP/Speech/Robotics
• This is a famous paper of applying attention+RNN for NLP

The Attention Mechanism



• Motivation: Sequence-to-Sequence models
• The middle state becomes a “bottleneck”

The Attention Mechanism

Figure adapted from: https://adeveloperdiary.com/data-science/deep-learning/nlp/machine-translation-recurrent-neural-network-pytorch/



• Intuition: Align the words in translation

The Attention Mechanism

Figure adapted from: https://adeveloperdiary.com/data-science/deep-learning/nlp/machine-translation-recurrent-neural-network-pytorch/



• Intuition: Align the words in translation
• It automatically discovered the “word alignment”

The Attention Mechanism



Remove the RNN: Attention is All You Need



Remove the RNN: Attention is All You Need

• Why 𝑑𝑘? For 𝑑 IID Gaussian variables 𝑥𝑖  ~ 𝑁(0, 1), σ 𝑥𝑖 ~ 𝑁 0, 𝑑 .
• Since we use Gaussian to initialize neural network weights, we usually 

assume the activations follow Gaussian distributions too
• Very common assumption / trick!



The Attention Layer May Not Attend to What You Expected



The Attention Layer May Not Attend to What You Expected

• In general contexts, the attention may not be interpretable
• True for multi-modal models too: e.g., image-text attention



And... Many Attention Heads May Not Be Useful at All



And... Many Attention Heads May Not Be Useful at All

• Removing ~40% of the attention heads do not hurt the performance
• But this might be important for optimization purposes
• Intuition: if we have only 1 head, it must learn (through SGD) a “good” 

attention; if we have more, we are good as long as one of them works



Attention Sink: Attention in Autoregressive Models

Xiao et al. Efficient Streaming Language Models with Attention Sinks (2024)

• Attention is heavily biased towards “local” and “first N” tokens
• We can leverage this to mechanically restrict the attention window to 

speed up inference



Principles of Language Modeling: Attention
• Originated from the “word alignment” problem
• Became a general computational building block
• Attention may not work as you (may have) expected
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• GPT-2: Language Models are Unsupervised Multitask Learners
• GPT-3: Language Models are Few-Shot Learners
• GPT-4+: With thinking, with tool use, etc.

• Today we will cover some important ideas

The Evolution of LLMs



• The classical ML pipeline: model = feature extractor + predictor

• GPT-2: at the end, we just need a model that can “complete” a sequence

From Encoder-Decoder and Decoder-Only LLMs
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• The classical ML pipeline: model = feature extractor + predictor
• GPT-2: at the end, we just need a model that can “complete” a sequence
• And there are naturally occurring data!
• The performance were not good at the time, but we saw “scale laws”

From Encoder-Decoder and Decoder-Only LLMs



• Then we have a new problem: how to set the prefix if we want the LLM to 
finish a particular task?

• This is generally very hard (for all domains): the specification problem!
• One idea: add input-output examples

From Task Prompt to In-Context Learning
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From Task Prompt to In-Context Learning
• Another important contribution: 

the scaling law

• As we scale up the parameter size 
and compute (accordingly!), we 
can get lower validation loss



Chain-of-Thought Reasoning: Motivation
• Fine-tune GPT-3 on GSM8K (arithmetic): 

(Cobbe et al. 2021)
• Conjecture: to achieve > 80%, needs 100 

times more fine-tuning data for 175B model
• Scaling up language model size does not 

efficiently achieve high performances for 
certain tasks



Chain-of-Thought Reasoning: Motivation



Chain-of-Thought Reasoning: Examples



Chain-of-Thought Reasoning: Results



Sometimes Called the “Emergence” or “Grokking”
• Grokking: a “capability” emerges only when the 

model size is bigger than a threshold
• Many papers tried to explain this, for example:

• It’s a metric-misalignment problem!
• Training: σ𝑖 log 𝑝(𝑤𝑖)

• Eval:min
𝑖

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑤𝑖



Chain-of-Thought Reasoning: “Out-Of-Domain”
• Motivating Task: “A coin is heads up. Phoebe flips the coin. Osvaldo does 

not flip the coin. Is the coin still heads up?”

• In-context examples: at most two steps
• Test: 4 steps

• Intuition: leverage the locality of reasoning steps
• Each “primitive” (counting, even number classification) might have been 

learned by the model

A: The coin was flipped by Phoebe and Osvaldo. So the coin was flipped 2 times, which is an even number. The coin 
started heads up, so after an even number of flips, it will still be heads up. So the answer is yes.



From CoT to CoT Consistency

Wang, Xuezhi, et al. Self-consistency improves chain of thought reasoning in language models. (2022)

• Another important idea in AI/ML, in code generation, in 3D, etc.
• This partially motivated the “multi-agent” debate approach as well



Principles of Large Language Modeling
• GPT-2: Unify the task interface, and leverage naturally occurring data
• GPT-3: Use example-based interface
• GPT-4+: Use thinking to decompose the learning problem
• Agent: Use multi-agent ensemble to further improve



Questions for Discussion
• In your research field, what would be a good way to “specify” a task?

• GPT-2 uses text: “translate from English to French”
• GPT-3 uses examples

• In your research field, what is a good way to define “basic” elements?
• ViT uses pixel patches
• PointNet uses point clouds
• GPT-3 uses byte-level BPE tokens

• In your research field, is there any natural supervision for tasks?
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