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ChatGPT

Inspired by Tenenbaum’s 
talk @AAAI23



ChatGPT



https://www.fnnews.com/news/202306211854563663





Transformer in Biological Science



Fundamentals of GPT-x ?



Traditional(?) Learning Curves

https://arxiv.org/pdf/1812.11118.pdf



Large-scale Language Model Training Curve



Scaling Laws for Neural Language Models

• 2020.01.23, OpenAI

ND

C

a PF day = 3 A100 days
(8.6e19 FLOPs)



Scaling Laws for Neural Language Models

• Performance depends strongly on scale
weakly on model shape

• Performance has a power-law relationship 
with each of the three scale factors N, D, C

• Performance improves predictably 
as long as we scale up N and D

– 𝐷 ∝ 𝑁!.#$

– every time we increase the model size 8x, we only need to increas
e the data by roughly 5x to avoid a penalty



Scaling Laws for Neural Language Models



Learning at Scale

• If you read a long book (80k words) every day for 70 years
– Two billions words (2e9)

• GPT-3 is trained on
– 3e11 tokens (100x more)
• 1e15 Common Crawls (from internet)
• 1e12 Library of Congress
• 3e9 English Wikipedia 

– 1024 A100 GPUs on (at least) 34 days



Contents 
• Word Embedding
– One-hot embedding
– Word2Vec (Skip-gram, CBOW)
– GloVe

• Language Model
– n-gram
– Recurrent Neural Network

• Attention Methods
– Transformer

• Large-scale Language Models
• Applications
– Multimodal Learning



WORD EMBEDDING



Data Representation

image from “A new approach for LSB based image steganography using secret key”image from “https://web.stanford.edu/class/cs101/table-data.html”



Data Representation – Text

• Conventional Word Representations
–이미지, 음성과 달리 언어 데이터는 discrete
– One-hot encoding
• 데이터에 포함된 단어로 사전을 만들고, 이를 기반으로 one-hot encoding을

하여 단어를 표현
• Discrete, Sparse

• All vectors are orthogonal
– There are no natural notion of similarity for one-hot vectors



Word Embedding

• Assumption: Distributional semantics (hypothesis)
– Linguistic items with similar distributions have similar meanings
– Representing words by their context

image from https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1214/slides/cs224n-2021-lecture01-wordvecs1.pdf



Word Embedding

• Build a dense vector for each word
• similar to vectors of words that appear in similar contexts

image from https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1214/slides/cs224n-2021-lecture01-wordvecs1.pdf



Word2Vec

• Efficient Estimation of Word Representations in Vector Space
– T. Mikolov et al., ICLR Workshop, 2013

• Distributed Representations of Words and Phrases and their Compositionality
– T. Mikolov et al., 2013, NeurIPS



Word2Vec

• Key Idea
– Find word representations 

that are useful for 
predicting the surrounding 
words

– Use the similarity of the 
word vectors to calculate 
the probability



Word2Vec

The training objective of the Skip-gram model

𝑤! 𝑤!"#𝑤!$# 𝑤!"%𝑤!$%

center
word

context wordscontext words



Word2Vec

The training objective of the Skip-gram model

𝑤! 𝑤!"#𝑤!$# 𝑤!"%𝑤!$%

center
word

context wordscontext words

training objective function



Interesting Results of the Word2Vec

https://medium.com/analytics-vidhya/implementing-word2vec-in-tensorflow-44f93cf2665f



Another Word (Neural) Embedding

• Using co-occurrence information

Rohde et al., 2005



Co-occurrence based word vectors

• Singular Value Decomposition of co-occurrence matrix 𝑋
• Factorize 𝑋 into 𝑈Σ𝑉!

– U, V are orthogonal



GloVe

• Key idea
– Ratios of co-occurrence probabilities can encode meaning 

components

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1214/slides/cs224n-2021-lecture02-wordvecs2.pdf



GloVe

• Key idea
– Ratios of co-occurrence probabilities can encode meaning 

components

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1214/slides/cs224n-2021-lecture02-wordvecs2.pdf



GloVe

• Training Objective



GloVe



LANGUAGE MODELS



Language Models 

The training objective of the Skip-gram model



Language Models

• Language modeling is the task of predicting what word 
comes next.

𝑃 𝑥!"# 𝑥! , … , 𝑥#

𝑉 = {𝑤", 𝑤#, … , 𝑤 $ }

𝑃(𝑥%, … , 𝑥&) = 𝑃 𝑥% ×𝑃 𝑥' 𝑥% ×⋯×𝑃(𝑥&|𝑥&(%, … , 𝑥%)

P(This is a sentence) = P(This) x P(is | This) x P(a | This is ) x P(sentence| This is a )



n-gram Language Models

• Modeling with Markov assumption
– 𝑥& depends only on the preceding (n-1) words

• For example, if n=3

𝑃 𝑥!"# 𝑥! , … , 𝑥# = 𝑃(𝑥!"#|𝑥! , … , 𝑥!$%"&)

P(This is a sentence from AAA) = P(This)

x P(is | This) 
x P(a | This is ) 
x P(sentence| This is a )
x P(from | This is a sentence)
x P(AAA | This is a sentence from)

calculate by counting 
the phrases in large 
corpus of text



Neural Word Embedding

• Neural network의 hidden vector 값을 이용하여 단어의 의미
를 표현하는 기법

• Neural network language model (NNLM, 2003)



Recurrent Neural Network (RNN)



An illustrative example



Recurrent Neural Network (RNN)

𝑈



Process – Next word prediction
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Model

U
W

V



Learning



Automatic Text Generation

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

RNN Applications



SELF-ATTENTION
Attention is all you need

49





Background - RNN

• Sequence Modeling
• LSTM, GRU



Attention

52
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Self-attention

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑄, 𝐾, 𝑉 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥
𝑄𝐾*

𝑑+
𝑉

https://data-science-blog.com/blog/2021/04/07/multi-head-attention-mechanism/
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LARGE-SCALE LANGUAGE MODELS



GPT-3

57

● 175B parameters 
( 96 layers, 12,288 dimensions, 
96 heads)

● Train about 300B tokens
○ 60%: 2016-2019 C4
○ 22%: WebText2
○ 16%: books
○ 3%: Wikipedia



GPT-style Languagle Model



GPT-3  

OpenAI, GPT3



Pre-training, Fine-tuning, Zero-shot Learning

• Fine-tuning
• zero-shot
• one-shot
• Few-shot

60



GPT-3 성능
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Pre-training, Fine-tuning, Zero-shot Learning
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https://arxiv.org/abs/1906.05743



UniVL
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