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Language modeling

* Language Modeling is the task of predicting what word comes next

* Example: the students opened their
books
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Language modeling

* More formally, given a sequence of words X (1), X (2), e X (t) compute the
probability distribution of the next word x(t+1):;

P(x(t'l'l) | x(t)’...’x(l))

where x(*1D can be any word in the vocabulary V' = {Wl, "t W|v|}

* A system that does this 1s called a language model
* Assign a probability to a piece of text
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We use language models everyday!
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what is the |

what is the weather

what is the meaning of life
what is the dark web

what is the xfl

what is the doomsday clock
what is the weather today
what is the keto diet

what is the american dream
what is the speed of light
what is the bill of rights

Google Search I'm Feeling Lucky

ChatGPT

Examples Capabilities Limitations

*Explain quantum computing in Remembers what user said May occasionally generate
simple terms"” earlier in the conversation incorrect information

*Got any creative ideas for a 10 Allows user to provide follow- May occasionally produce
yeéar old's birthday?" up corrections harmful instructions or biased
content

*How do | make an HTTP Trained to decline inappropriate
request in Javascript?” requasts Limited knowledge of world and
events after 2021
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Language models

* A language model enables computers to understand, generate, and
interact with human language etfectively

* It evolves from simple probabilistic approaches to advanced transformer-

based models like GPT and BERT

Text: Input Evolution of Large Language Models
1967 1970 1988 1997 2017 2018
Eliza SHRDLU XCALIBU RNN LST™M Transformers BERT
GPT
Large Q Q . Q Q Q Q

Language

Model 2020

GPT-3.5
2023

LLaMa Falcon
GPT-4 LIMA
2022 PalM 2

PalLM BARD

Dolly 2

InstructGPT
ChatGPT Guanaco
Text: Output Numeric Representation of
text useful for other systems
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History of language models
* Stage 1: Early foundations, rule-based systems (1950s-1970s)

* Relied on manually crafted rules for syntax and grammar, lacking
statistical or probabilistic components

* Examples:

* Eliza (19606): A rule-based chatbot that simulates a psychotherapist using simple
pattern matching

 SHRDLU (1970s): A system that used logic-based rules to understand and

manipulate blocks in a simulated environment




History of language models
* Stage 2: Statistical language models (1980s-1990s)

* Probabilistic models to estimate the probability of word sequences based
on observed frequencies in text corpora

* Key techniques: n-grams, hidden Markov models (HMM)
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N-gram language models

* Example: the students opened their

* An n-gram is a chunk of n consecutive words

) ¢
b/

) <«
b

¢ Unigram (n = 1): “the”, “students”, “opened”, “their”

* Bigram (n = 2): “the students”, “students opened”, “opened their”
* Trigram (n = 3): “the students opened”, “students opened their”

* Pour-gram (n = 3): “the students opened their”

* Key idea: Collect statistics about how frequent different n-grams are and
use these to predict next word




N-gram language models

* First we assume x (1) only depends on the preceding n — 1 words

P(x@D | x® .o xW) = p(xE+D | O .. y(E-1+2))

* Question: How do we get these probabilities?

* Answer: We count them in some large corpus of text!
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N-gram language models

* Example: Suppose we are learning a 4-gram language model
* Count on “students opened their”

* Suppose in the corpus:

.CC

students opened their” occurred 1000 times
* “students opened their books” occurred 400 times
* P(books | students opened their) = 0.4

* “students opened their exams” occurred 100 times

e P(exams | students opened their) = 0.1
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Generating text with an n-gram language model

* We can use a language model to generate text

* Example of bigram model: today the

* Condition on “today the”, get the probability distribution
* company: 0.153
* bank: 0.153
* price: 0.055
* italian: 0.039
* emirate: 0.039
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Generating text with an n-gram language model

* We can use a language model to generate text

* Example of bigram model: today the price

* Condition on “the price”, get the probability distribution
* of: 0.308
* for: 0.050
* 1t: 0.046
* to: 0.046
* 15: 0.031
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Generating text with an n-gram language model

* We can use a language model to generate text

* Example of bigram model: today the price of

* Condition on “price of”’, get the probability distribution
* the: 0.072
* 18: 0.043
* oil: 0.043
* its: 0.036
* ¢oold: 0.018
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Generating text with an n-gram language model

* We can use a language model to generate text

* foday the price of gold per ton , while production of shoe lasts and shoe industry , the
bank intervened just after it considered and rejected an imf demand to rebuild
depleted enropean stocks , sept 30 end primary 76 cts a share .

* Limitation: It’s grammatical, but incoherent! We need to consider more
than three words at a time!
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History of language models
* Stage 3: Neural language models (NLMs) (2000s)

* Use neural networks to learn distributed representations of words,
known as word embeddings

* NLMs could generalize better by capturing semantic and syntactic
relationships

* Key innovations: Word2Vec (2013), Recurrent Neural Networks
(RNNs), Long Short-Term Memory (LSTM, 1997)
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Word2Vec

* A neural network-based model developed by Google in 2013 to generate
word embeddings

* Word2Vec maps each word to a fixed-size vector in a high-dimensional

space. Words with similar meanings or contexts are placed close together
in this space

* Example: “woman” and “man” will be closer than “king” and “woman”

Word2vec

Mikolov, Tomas. "Efficient estimation of word
representations in vector space." arXiw preprint

arX:1301.3781 3781 (2013).
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Recurrent Neural Network (RNN)

* A type of artificial neural network designed to handle sequential data by
maintaining a memory of past inputs

* Core idea: Apply the same weights repeatedly
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Recurrent Neural Network
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books
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Long Short-Term Memory (LSTM)

* LSTM 1s a type of RNN designed to maintain information over long
sequences

* LSTM has three gates to control the tlow of information
* Forget gate: Determines what information to discard
* Input gate: Determines what new information to store in memory

* Output gate: Determines what information to output

e [.STM also has hidden states % ~

Forget Input Output
gate gate gate

Hidden state
H
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History of language models

* Stage 4: Transformer revolution (2017-present)

* Transformer architecture in the paper “Attention is All You Need”
revolutionized language modeling

* Transformers use self-attention mechanisms to model long-range
dependencies etficiently

* Key Milestones: BERT (2018), GPT (2018-now)
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https://arxiv.org/abs/1706.03762

Transformer

* Key feature: Self-Attention Mechanism

* It allows the model to focus on particular parts of the input sequence,
regardless of their distance from the current token

* Example #1: “The cat chased the mouse, and it ran away.”
* “It” can refer to “mouse” or “cat”

* Self-attention helps the model focus on “mouse” based on semantic relationship

* Example #2: “The dog chased the ball, and it was happy.”
* “It” can refer to “dog” or “ball”

* Self-attention helps the model focus on “dog” based on semantic relationship




Attention behaves like “soft” lookups

Attention is just a weighted average — this is very powerful if the weights are learned!

In attention, the matches all softly, In a lookup table, we have a table of
to a weight between 0 and 1. The keys’ that map to . The matches
are multiplied by the weights and summed. one of the keys, returning its value.
keys values Weighted keys values
Sum
k1 vl ? ¢ vi
k2 v2 query ° v2
query output
d C v3
q k3 v3 ZH \ output
d 4 4
ké  v4 .
e vb
k5 v5
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Self-attention

* Input sequence: How are you doing?
* Output sequence: [ a2 good and

* Self-attention can capture the interactions between words within the
input sequence and within the output sequence

* Core idea: on each step of the decoder, use direct connection to the
encoder to focus on a particular part of the source sequence
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Self-attention mechanism

* First compute the keys, queries, and values vectors
* Next compute the matrix multiplication between the keys and queries

* After a softmax transformation, this matrix of interactions is called the
attention matrix

* Multiply attention matrix by values vector to obtain hidden states
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Bidirectional encoder representations from transtormers

* Bidirectional: understand the context of words in a sentence by
considering both the words before and after the target word

* BERT-base: 12 transformer layers (encoders), 768 hidden dimensions, 12
attention heads; Total parameters: ~110 million

* Two pre-training objectives:
* Masked language model (MLN): randomly mask some words in the input

sentence and trains the model to predict these words based on context
* Example: Input: “The cat eats [MLASK]’; Output: “fush”

* Next sentence prediction (NSP): trains the model to determine if a given
sentence follows another logically

* Example: Sentence A: “I love traveling.” Sentence B: “During the Thanksgiving break, I went o
Mianu.” (related) Sentence B: “We have final project presentations this week.” (unrelated)

Kenton, Jacob Devlin Ming-Wei Chang, and Lee Kristina Toutanova.
SORY "Bert: Pre-training of deep bidirectional transformers for language

understanding." Proceedings of naacl -HIL.T. Vol. 1. 2019.




Generative Pre-trained Transtormer (GPT)

* Generate human-like text and perform various natural language
processing (NLP) tasks

* Autoregressive model (unidirectional): predict the next word in a
sequence based on previous words

* Example: Input: “The sky is”; Output: “blue”

* Training objective: maximize the probability of next word given
preceding words

* Tokenization: Text is broken into small units called tokens (e.g., words,
subwords, characters)
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