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What is a language model (LM)?

A language model is a model that approximates the joint probability
distribution of a sequence of words (tokens) for a given language
(usually trained on a tokenized corpus):
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LM Applications: Speech Recognition

Example: Speech Recognition
”artiﬂcial ...........

|II

Find most probable next word given “artificial” and the audio for second word.

Which second word gives the Break down problem
highest probability’? n-gram probability)* audio probability
P(limb | artificial, audio) P(limb | artificial) * P(audio | limb)
P(intelligence| artificial, audio) P(intelligence| artificial) *P(audio | intelligence)

P(flavoring | artificial, audio) P(flavoring | artificial) *P(audio | flavoring)



LM Applications: Text Generation

Given a LM that can model the joint distribution any 10-token
sequence in the vocabulary, p(w{, w,, ..., W), how can we get the

probability of a 6th token, given 5 prewous tokens
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Language Models

N-grams
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What is the probability of p(mouse | with, a)y

https://www.cs.cmu.edu/~pvirtu ngrams/find-ngrams.htmi

Search for N-grams

Type tokens (words and/or punctuation) in the search box to find them in the text and see which word
comes after them.

( ™
iamsam.iamsam.samiam .thatsam-i-am . that sam-i-am ! i do not like that sam-i-am do you like green eggs and n with a
ham i do not like them , sam-i-am . i do not like green eggs and ham . would you like them here or there ? i would not L )
like them here or there . i would not like them anywhere . i do not like green eggs and ham . i do not like them , sam-
i-am . would you like them in a house ? would you like them ?ido not like them in a house . i do not ( )
like them .1 do not like them here or there . i do not like them anywhere . i do not like green eggs and FIND N-GRAMS

ham . i do not like them , sam-i-am . would you eat them in a box ? would you eat them @ ? notin a box . not

.notin a house. not. i would not eat them here or there . i would not eat them anywhere . N =3

i would not eat green eggs and ham . i do not like them , sam-i-am . would you, could you , in a car ? eat them ! eat

them ! here they are . i would not, could not, in a car . you may like them . you will see . you may like themin a tree ? .

i would not, could not in a tree . not in a car ! you let me be . i do not like them in a box . i do not like them 19 results for E
i do not like them in a house i do not like them m i do not like them here or there . i do not like them



https://www.cs.cmu.edu/~pvirtue/AIS/ngrams/find-ngrams.html
https://www.cs.cmu.edu/~pvirtue/AIS/ngrams/find-ngrams.html
https://www.cs.cmu.edu/~pvirtue/AIS/ngrams/find-ngrams.html
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N-gram Language Model
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n-Gram Language Model

Question: How can we define a probability distribution over a

sequence of length T?

W, W, A w, W, W

T
n-Gram Model (n=2) p(wi, wa, ..., wr) = Hp(wt | wt—1)>< X
t=1

p(w,, w,, W3y ooy W)= €

The p(W1)
p(W,
p(w,
p(w,

p(w,

o(w,
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n-Gram Language Model

Question: How can we define a probability distribution over a
sequence of length T?

w, w, A W, W W

T
n-Gram Model (n=3) p(wy,wa, ..., wr) = [ [ plw: | wi—1, wi2)
t=1
p(w,, w,, W3y ooy W) =
The p(W1)
p(w, | w,)
p(ws | w,, w))
p(w, | W, w,)
p(w, | w,, w,)

p(w, | W, W,)

5)



The Chain Rule of Probability

Question: How can we define a probability distribution over a
sequence of length T?

w w w w w w

o assumplion

v~

p(w,, w,, W3y ooy W) =

The p(W1)
p(w, w1)

p(w, w,)

p(w Wy, Wy, W,)

p(Ws | w,, wy, wy, w,)
p(w6 W5,W Wy, Wy, W,)
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Markov Chains

N-gram Markov assumption E'i"ﬁ'ﬂ' Ofa)éf\
MarKov  chain Marko v Cha N
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LM Training Data



N-gram Training

Where do the n-gram probabilities come from?
Google n-grams demo



https://books.google.com/ngrams/graph?content=Albert+Einstein%2CSherlock+Holmes%2CFrankenstein&year_start=2010&year_end=2019&corpus=26&smoothing=3
https://books.google.com/ngrams/graph?content=Albert+Einstein%2CSherlock+Holmes%2CFrankenstein&year_start=2010&year_end=2019&corpus=26&smoothing=3
https://books.google.com/ngrams/graph?content=Albert+Einstein%2CSherlock+Holmes%2CFrankenstein&year_start=2010&year_end=2019&corpus=26&smoothing=3

N-gram Training Data Jnsapey \/'\569

Self-supervised learning (auto-regressive)

S

Example: Jane Austen, Pride and Prejudice

Vanity and pride are different things, though the words are often used
synonymously. A person may be proud without being vain. Pride relates
more to our opinion of ourselves, vanity to what we would have others

think of us.



N-gram Training Data

Self-supervised learning (auto-regressive)

Example: Jane Austen, Pride and Prejudice

Vanity and pride are different



Sampling from a Language Model



Sampling from a Language Model

How do we sample from a language model?

Treat each probability distribution like a (50k-sided) weighted die
Pick the die corresponding to p(w; | wq, ..., Ws_1)

Roll that die and generate whichever word w, lands face up

1.

2
3.
4

Repeat

& A
§ & &SP
N A o & /ob '{”Q/
X N N il S &
QIS T O O G
Q Q Q Q Q Q
@ ® 2 @ @
The ] [ bat M made }[ noise J[ at ]{ night ]




N-gram Examples

Random samples from language model trained on Shakespeare:

Nn=1: *in as , stands gods revenge ! france pitch good in fair hoist an what

fair shallow-rooted , . that with wherefore it what a as your . , powers
course which thee dalliance all”

N=2: “1look you may 1 have given them to the dank here to the jaws of tune

of great difference of ladies . o that did contemn what of ear i1s shorter
time ; yet seems to”

N=3: “believe , they all confess that you withhold his levied host , having

brought the fatal bowels of the pope ! ' and that this distemper'd
messenger of heaven , since thou deniest the gentle desdemona ,”

n=7:+so express'd : but what of that ? '"twere good you do so much for

charity . 1 cannot find it ; 'tis not in the bond . you , merchant , have
you any thing to say ? but little”

This is starting to look a lot like Shakespeare... because it is Shakespeare



N-gram LM Issues

What are the downsides of N-grams for language models?



Sampling from a Language Model

Variations

= Greedy (argmax) versus sampling

= Top-K

= Temperature

[




Sampling from a Language Model Z- Z] "5‘*5

. A
Temperature sampling O (\»),Wr "°'\*?:7E
Allows us to adjust the level randomness during samplmg V|a R
hyperparameter T (Temperature): — ;} = soffrax (Z
= T=1.0: Use the original probabilities (default) ?‘f‘(ﬂf = 64‘(* M X (Z/T>

= T>1.0:"Softer" distribution - more random, diverse outputs
" T<1.0:"Sharper" distribution - more predictable, focused outputs

= T - 0: Effectively becomes greedy (always pick the most likely token)

J

elog P(w;)/T

Adjusted probability:

Ptremperature (w;) = Y . elog Pwy)/T
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