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What is Language Modelling?

Language Modelling is the task of predicting what word comes next

the students opened their (books, laptops, exams, minds)

More formally given context tokens x,, x,, ..., x, compute probability
distribution of the next token x, _;:

P(x, 11xq,.00,x,)

A system that solves this task is called a Language Model



Why care about Language Modelling?

* Language Modelling is a benchmark task to measure our progress on
predicting language use

* | anguage Modelling is a subcomponent of many NLP tasks, especially
those involving generating text or estimating the probability of text:

predictive typing

speech recognition
handwriting recognition
spelling/grammar correction
machine translation
summarization

® Everything else in NLP has been rebuilt upon Language Modelling
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Directly counting occurences

N(xq,...,x,)
N(xq, ... x,_1)

P(x,Ixq, .0, Xq) =



Directly counting occurences

N(xq,...,x,)
N(xq, ... x,_1)

P(x,Ixq, .0, Xq) =

To make computation robust we use Markov assumption for n-gram model:
P(x 1xq, .00 X) = P(X, I X piqs e > Xpq)

For instance,
* n=23: P(x,1xq,...,x,_1) = P(x,Ix,_5,X,_1)
*n=2 P(x,1xq,...,x,_1) = P(x,|x,_1)
*n=1: P(x,1xq,...,x,_1) = P(x,)



Backoff

N (building blocks of meaning)

P(meaning building blocks of) = —— e e blocks of)



Backoff

N (building blocks of meaning)
N (building blocks of)

If count in denominator is zero, try shorter context:

P(meaning|building blocks of) =

P(meaning| building blocks of) ~ P(meaning|blocks of)
or
P(meaning| building blocks of) ~ P(meaning| of)

or
P(meaning| building blocks of) ~ P(meaning)



Linear interpolation

P(meaning|building blocks of) ~ A,P(meaning|building blocks of)+
A, P(meaning| blocks of)+
A,P(meaning| of)+
A;P(meaning)

YA =1

i



Laplace smoothing

N (building blocks of meaning)

N (building blocks of)
8 + N (building blocks of meaning)

P(meaning|building blocks of) =

§ - V| + N (building blocks of)

Pretend we saw each n-gram at least § times



Generating text with n-gram model

when this option may be the worst day of amnesty
international delegations visited israel , and felt that
his sisters , that they are reserved for zyryanovsk
concentrating factory there is a member of the shire ,"
given as to damage the expansion of a meeting over a large
health maintenance organization g smoking o

airconditioning , designated smoking area . _eos
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NN pipeline

|V] tokens

l\

d-sized )
vector o) P(+|I saw a cat ona)
Linear| - | softmax
s vector layer |- O
representation 8
of context | )
(@)

saw acatona

Neural network

Input word embeddings

| saw a cat on a



NN pipeline

I N mat predict the
saw i Cai on d i next token
ol lo]| le] lo| o] [e] |o
ol o] .Jeol Jo| lo| |of o] ..
ol lol ol le| 1ol lol 1ol
ol o] lo] |o| o] o] |o
o Jol [ol [ [d [o
O @] (@] O O O
O (@] (@] O O (@)
o 19 [of l9f [ o]
condition on the
I saw a cat on a .
previous tokens



NN pipeline
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Diversity and coherence

Usually, we need texts to be:
® coherent — the generated text has to make sense,

e diversity — the model has to be able to produce very different
samples.



Sampling with temperature

exp(h'w)

exp(htTW)

T e EXPUEW)
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P(|I saw a cat on a)
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with output word
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[e]
Neural ° : vector representation of
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nput word embeddings
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High temperature

paradise sits farms started paint hollow almost
unprecedented decisions, care using withdrawal from
rebel cis ( , saying graphics mongolia official 1line,
greeted agenda victor is exploring anger :) draw
testify liberalization decay productive 2 went
exchanges of marketing drawing enabling challenging
systematic crisis influencing the executive arrangement

performs designs



Low temperature

the first time the two - year - old - old girl with a
new version of the new version of the new version of
the new version of the new version of the new version
of the new version of the new version of the new

version of the



Top-K sampling

Top-K for a flat distribution: not enough Top-K for a peaky distribution: too many
The dress color was The light was
P(* | The dress color was) P(* | The light was) | 9et probability
distribution
red 0.03[] on 0451 ]
white 0.03 ] off 0.441 ]
black 0.0201 [ Top-4 in 0,010 Top-4
pink 0.02 [0 at 0.011
blue 0.02 too 0.01
violet 0.02

olive 6_02



Top-p (nucleus) sampling

The dress color was

P( % | The dress color was)

red 0.03 1]
white 0.03 0]
black 0.020

pink 0.0211

blue 0.020

violet '(')"02 O

olive '(')‘,02 O]

The light was

P(*| The ||-9m. was) | get probability
distribution

on 0.451 N

off 0.441
in 0.01
at 0.01

too 0.01

Top-80%

2l
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Perplexity

Our loss (cross-entropy) is negative log-likelihood:
M

L(xy,...,xy) =—) log, P(x,|x_,)
t=1

Its exponentiation is called perplexity:

Perplexity (x4, ..., x,,) =

® The best perplexity is 1:
If the model is perfect and assigns probability 1 to correct tokens, then
the log-probabilities are zero

® The worst perplexity is |V |:
If the model knows nothing about the data, it assigns probability 1/ |V |
to all tokens, regardless of context

23
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LaTeX generation

Proof. Omitted. a
Lemma 0.1. Let C be a set of the construction.
Let C be a gerber covering. Let F be a quasi-coh t sheaves of O dules. We

have to show that

Ooy = O0x(£)

Proof. This is an algebraic space with the composition of sheaves F on Xyq. we
have

Ox(F) = {morphs xox (6.F)}
where G defines an isomorphism F — F of O-modules. o

Lemma 0.2. This is an integer Z is injective.
Proof. See Spaces, Lemma ??. u]

Lemma 0.3. Let S be a scheme. Let X be a scheme and X is an affine open
covering. Let U C X be a canonical and locally of finite type. Let X be a scheme.
Let X be a scheme which is equal to the formal complez.

The following to the construction of the lemma follows.
Let X be a scheme. Let X be a scheme covering. Let

b: XY 2Y Y Y xxY 5 X,
be a morphism of algebraic spaces over S and Y .

Proof. Let X be a nonzero schcmc of X. Let X be an algcl)rmc space. Let F be a
quasi-coherent sheaf of Ox: The following are eq
(1) F is an algebraic space over S.

(2) If X is an affine open covering.

Consider a common structure on X and X the functor Ox(U) which is locally of
finite type.

This since F € F and z € G the diagram

S—

|

€ Ox:

™

=a —

gor,

=o' —a X

Spec(Ky) Morsets  d(Oxy,,.6)
is a limit. Then G is a finite type and assume S is a flat and F and G is a finite
type fu. This is of finite type diagrams, and

o the composition of G is a regular sequence,

o O is & sheaf of rings.

[=]

Proof. We have see that X = Spec(R) and F is a finite type representable by
algebraic space. The property F is a finite morphism of algebraic stacks. Then the
of X is an open ne of U. o

Proof. This is clear that G is a finite presentation, see Lemmas ?7.
A reduced above we conclude that U is an open covering of C. The functor F is a
“field

Oxz—Fz -UOx ) — O,0x:(0%,)
s an isomorphism of covering of Oy, . If F is the unique element of F such that X
is an isomorphism.
The property F is a disjoint union of Proposition 22 and we can filtered set of
presentations of a scheme Ox-algebra with F are opens of finite type over S.
If F is a scheme theoretic image points. o

If F is a finite direct Ox, is a closed immersion, see Lemma ??. This is a
sequence of F is a similar morphism.

More hallucinated algebraic geometry. Nice try on the diagram (right).
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War and Peace

Sngocifthe Berezina lies in the fagt
proved the fallacy of all the plans for
r and the soundness of the only possible
Kutuzov and the general mass of the army
H ply to follow the enemy up. The French crowd
ing speed and all its energy was directed
led like a wounded animal and it was imposs
was shown not so much by the arrangements it
what took place at the bridges. When the bridges

eople from Moscow and women with children
IREN eSS clarr1ed on by vis inertiae-=
into the ice-covered water andidd
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C code (Linux kernel)

static int indicate_policy(void)
{

int error;

if (£d

MARN_EPT) {

if (ss->segment < mem_total)
unblock_graph_and_set_blocked();
else
ret = 1;
goto bail;
}
segaddr = in_SB(in.addr);
selector = seg / 16;
setup_works = true;
for (i = 0; i < blocks; i++) {
seq = buf[i++];
bpf = bd->bd.next + i * search;
if (fd) {
current = blocked;

}

rw->name = "Getjbbregs';

bprm_self_clearl(&iv->version);

regs->new = blocks[ (BPF_STATS << info->historidac)] | PFMR_CLOBATHINC_SECONDS << 12;
return segtable;

27



C code (Linux kernel)
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C code (Linux kernel)

#ifdef CONF
i

G_AUDITS
static inl e int au

tch_class_bits(int class,

!or !! = 9; ! < AUDIT_BITMASK_SIZE; i++)

u3lz

*mask)

29



C code (Linux kernel)
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Amazon reviews

This is one of Crichton's best

Seriously, the screenplay AND the directing were
horrendous and clearly done by people who_could not fathom what was good about the

novel. I can't fault the actors be

The movie is just d

3l



Conclusion

We reviewed following topics:
e definition and motivation of language modelling
* n-gram models obtained by counting frequences and smoothing them
* NN language models on top of RNNs
¢ sampling techniques
® evaluation
e visualization of char-level RNNs trained on different texts
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