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Overview

1. computing and text

2. unigram character models

3. Character n-gram models

4. n-gram word models

5. Speech Recognition – acoustic models

6. Context-free grammars

7. Word Embeddings
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The Jacquard loom

Patented in 1804

Mechanical pro-
cess lifts specific
threads for each
hole.
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Hollerith’s census tabulator
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IBM card

5 / 48



a phone bill with card punches

”Do not fold, spindle, or mutilate”
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IBM card code
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ASCII

In 1967, the American Standard Code for Information Interchange was published to solve
the problem of transferring information between different brands of computers. It took a
few more years before all the companies supported it; IBM dragged their feet the longest.
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Unicode rationale

• The advent of the internet makes it necessary to mix languages.

• Even as recently as 30 years ago, Arabic newspapers used to post their pages to the
web as images.

• But images of text take up much more space in memory than character codes. The
dot-matrix printer I had back then had a matrix of 35 dots for printing a single
character; that’s 35 bits/character instead of 7. And the readability of those dotty
characters is nothing special.

• A PDF image might store a block of 64 characters in a 90000 bit image – that’s over
1500 bits / character.
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Unicode
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utf8

• A problem with Unicode is that the codes are wider; the largest code value on the
previous slide is 9FFF, which is 16-bit hexadecimal number.

• For awhile it seemed like that might be enough. Last time I checked, Java stored a
character as sixteen bits,

• but there are new releases of Unicode every year, and as of last fall, the highest code
was something like 10 FFFF, which is 21 bits.

• We call that Unicode32, because it’s clear that it will keep growing.
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utf8
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Single character frequency language modeling

So here’s the scheme for a 1-character frequency model:

• Select a representative corpus.

• count the occurrences of each letter in the corpus. A python dictionary is a handy
data structure for this.

• Compute the probabilities of each character by dividing each count by the total
number of characters in the corpus.
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What can you do with a 1-character frequency model?

• Although you have only saved frequencies, they are good approximation of
probabilities – just as the individual character counts add up to the total number of
characters, the frequencies add up to 1.

• Although the individual character probability distributions are not really independent,
(for example, in English, a ’Q’ is almost always followed by a ’U’ or a ’u’) it’s a
usable approximation that the counts for text samples will follow the binomial
distribution. So the expected number of character ’s’ with probability ps in a text
with n characters will be

µs = nps (1)

the variance of the character count will be

σ2
s = nps(1− ps) (2)

• The binomial distribution approximates the Gaussian bell curve.
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What can you do with a 1-character frequency model?

1. We can estimate how well text samples are represented by the model.

2. We can generate samples of text which are represented by the model by using a
random number generator.

3. If we have several different models, we can see which is the best fit for a particular
sample.
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Estimating model fit

• First we need a model. I built one based on the Complete works of Shakespeare,
which I downloaded from Project Gutenberg.
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1-character language model

’T’ 0.007118869503443513
’h’ 0.044708508415567214
’e’ 0.08434568218904959
’ ’ 0.1547401277975586
.
.
.

this model has 107 keys,
including some funny
characters which are
part of the Gutenberg
preamble. The preamble
and postscript are in
English, so I left them
in, but it was probably a
mistake...

number of characters 5378663

17 / 48



language model run
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Some comments

• zscores are the number of standard deviations that measurements are from the
expected value. (Here mine are absolute values, so they could be too high, or too
low.) A zscore of 1 might happen 32% of trials. A zscore of 2 might happen 5% of
the time.
zscore How likely?

1 1/3
2 1/20
3 3/1000
4 1/16000
62 2/10837

• My code doesn’t estimate the zscore for letters which don’t occur in the original
model.

• It doesn’t combine the zscores to estimate the total likelihood of the test document
matching the training corpus.

But we can see a route to those elaborations.
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Generating some text from a model

For this program I used a novel A tale of two cities by Charles Dickens. (Less white-space
than Shakespeare.)

20 / 48



• This model can only generate what it knows about – and all it knows is character
frequency.

• So the words are about the right length, because it knows how often it should output
a space.

• And there are the right number of vowels, they just aren’t properly distributed.

• Punctuation is randomly scattered among the letters.

• So this is not a great model for generating English text. We need something more
exciting!
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Character n-gram models

• What we want is a model that pays attention to what it has already typed.

• We could imagine a model that looked all the way back to the beginning of its
output, but what I’m going to talk about is models which keep track of the
frequency of n-grams.

• A character n-gram is a series of n characters. (We’ll talk about word n-grams in a
few minutes.)

• A corpus with 100000 characters has 99999 2-grams in it ... they overlap. And of
course they repeat. So we can build a model of bigram frequencies.

• a 2-gram (or bigram) character model has quite a bit better idea of language
structure than a 1-gram model, which is what we have already seen.
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A character bigram model
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What about those little probabilities?

In the previous slide, there were some small probabilities. (once or twice in the corpus)
Should we trust those numbers?
Well, if they are not bogus, they are also not accurate:
Suppose that we had a bigram which really had a probability of occurring once in 5378663
trials, that is, once in my Shakespeare corpus. What would we expect to observe?
For starters, we might not see any occurrence at all. For the binomial distribution with
probability p and n trials, the probability of k events is the term in the binomial
expansion:

(n
k

)
pk(1− p)n−k

For p = 1/n and k = 0, we get: (1− 1
n )

n, which happens to be a well-known limit:
limn→∞(1 + a

n )
n = ea

So it turns out that the probability of seeing no instances of that item with probability
1/n is: e−1 ≈ 0.3679; of 1 instance: n 1

n (1− frac1n)n/(1− 1/n) ≈ 0.3679; of 2 instances:
n(n−1)

2n (1− 1
n )

n−2 ≈ e−1

2 , etc.
If the bigram probability were p = 1

2n the chance of seeing a single occurrence would be
1
2e

− 1
2 ≈ 0.3033; of 2, 0.1516, etc.
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Generating English with bigram character model
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character bigram commentary

• First off, we can see that the five lines I asked for included two blank ones; ’\n\n’
turns out to be one of the most common bigrams.

• Similarly, two of our three non-blank lines begin with a quotation mark. (The
training corpus has a lot of dialog.)

• The punctuation looks pretty good – quotation mark is followed with an upper-case
letter,

• Comma and semicolon are followed by a space.

• the syllables of the words sort of make sense; the vowels are well-placed, and there
are only a couple of run-on consonant sequences, like rssthh.

• It looks like we might complain about comparing files that have the right proportions
of letters, but different structure.

• But overall, we need a little more context to do nice generation.
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Character n-grams

we could get that context with character n-grams.

• The algorithms are pretty much like the bigram ones; the resulting model is bigger,
but the cost of finding the next character is about the same as in the bigram case.

• Of course there are more n-grams, and we have to store them all, but they are a
small fraction of the total possibilities.

• One issue we have to think (more) about is backoff. What do you do if there isn’t
any (n-1)-gram matching prefix in your table? (This always comes up at the
beginning of generation, because you don’t have n-1 characters of context yet.)
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Growth of n-gram model files

-rw-rw-r-- 1 staylor staylor 1221 dub 13 2024 English.1

-rw-rw-r-- 1 staylor staylor 24611 dub 13 2024 English.2

-rw-rw-r-- 1 staylor staylor 161331 dub 13 2024 English.3

-rw-rw-r-- 1 staylor staylor 617646 dub 13 2024 English.4

-rw-rw-r-- 1 staylor staylor 1618797 dub 2 22:19 English.5

-rw-rw-r-- 1 staylor staylor 3183189 dub 13 2024 English.6

-rw-rw-r-- 1 staylor staylor 5071400 dub 13 2024 English.7

-rw-rw-r-- 1 staylor staylor 7068310 dub 13 2024 English.8

-rw-rw-r-- 1 staylor staylor 8977779 dub 13 2024 English.9

-rw-rw-r-- 1 staylor staylor 10658908 dub 13 2024 English.10

-rw-rw-r-- 1 staylor staylor 12068210 dub 13 2024 English.11

-rw-rw-r-- 1 staylor staylor 13195099 dub 13 2024 English.12
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5-gram character model generation
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Commentary

• Wow! It’s nonsense, but it’s words!

• Some words longer than 5 letters are spelled correctly, but many are obviously
’hallucinated’.

• Five characters seems to be enough that successive words often go together.

• We can strengthen the connection between words with a little more context.
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A 9-gram character
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n-gram word models

1. Word models are a little more inconvenient to store.

2. It isn’t obvious whether we should include punctuation as complete words.

3. If we do imagine punctuation as complete words, we have to build spacing models for
punctuation into both our training scan and our generation code.

4. Although the word sentences get a little more coherent as we add context, the
improvement feels more gradual than with character models.

5. As the context gets longer, we are more nearly quoting the training data.
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word 3-grams
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word 6-gram Model generation
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Speech Recognition

Zpracování přirozeného
jazyka
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Speech Recognition

• I - possible utterance (the speech ’input’ is the output of ASR)

• O - acoustic signal – the sounds our program detects

• P(I ) - estimated by the language model

• P(O|I ) - estimated by the acoustic model

• P(O) - It happened so it must be possible. But we don’t need P(O) to find I.

Calculation to find best I :

I ∗ = argmax
I

P(I |O) = argmax
I

P(O|I )P(I )
P(O)

= argmax
I

P(O|I )P(I )
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Context-free Grammars

You’ll probably recognize these as common descriptors for programming languages. But
[Chomsky, 1956] developed them to describe natural languages. They need crutches to
handle Czech, but for less inflected languages like English and Chinese, they can be useful.

<sentence> := <declaration> | <question> | <imperative>

<declaration := <noun-phrase> <verb-phrase>

<noun-phrase> := <pronoun> | <determiner>? <adjective>* <noun> | <proper-noun>

<proper-noun> := <human name> | <organization name> | <place name>

I didn’t complete or debug these rules; it’s a frustrating task. But you can use this kind of
formalism for an outline of a text generation algorithm for English.
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Word Embedding

• Word embeddings are a scheme for representing the meaning of words as vectors of
floating point numbers.

• They were developed as a technique to simplify word inputs to neural networks.

• One scheme in use before word-embeddings was called ’1-of-n’, in which only one of
n inputs would be turned on to indicate that a particular word was being used as
input. This worked, but it made neural networks which dealt with words very wide.

• At the time, there were already descriptions of words as vectors, a scheme called
Latent Semantic Analysis, which was developed for information retrieval.

• It turns out that these two origins produce Semantic Spaces with very similar
properties.

• Transformers and LLMs use a sort of syllable/word-chunk embedding, so that they
have complete coverage of anything typed as input. Each word typed may be several
word-chunks, but they are already dealing with sequences, so the sequence just gets
longer.
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Word Embeddings

• [Deerwester et al., 1990] introduced LSA for Information Retrieval.

• Over the following decade, NLP folks noticed new uses for the vectors, including that
words with similar vectors often have related meanings.

• in 2000 [Bengio et al., 2000] introduced a new technique for training vectors from
corpora which was less computationally expensive – he produced a 30,000 word
embedding with 50-dimensional vectors in only a few weeks of computer time.

• [Collobert and Weston, 2008] published a paper in 2008 in which he made
state-of-the-art claims for several tasks using word-embeddings.

• In 2013, [Mikolov et al., 2013] et al, then working at Google, published a paper and
released code for an algorithm which could build a word embedding from a billion
word corpus overnight.

• Mikolov’s paper included the observation that the semantics seems to be additive:
The embedding for Volga is the sum of the embeddings for Russian and River.
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Word Embedding

• Today you can download embeddings for more than a hundred languages from
several different sites. I often use vectors.nlpl.eu/repository/

• In python, you can load an embedding into your program with
mx=gensim.models.KeyedVectors.load Word2Vec format(filename)

• Then you can retrieve a vector with V=mx[’mother’]

• Mikolov published a list of word analogies, that could be approximately solved with
vector arithmetic. The most famous is
mx[’man’]−mx[’woman’] = mx[’king’]−mx[’queen’]
or: man : woman :: king : queen
or: man : woman :: king : ?
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Vector arithmetic

• Most freestanding word embeddings today have a 100-300 dimensional vector for
each word.

• You can think of the m word vectors of n elements each as a m × n matrix, and in
fact we sometimes do matrix arithmetic on the whole embedding.

• Consider vectors A = (a1, a2, a3, ...) and B = (b1, b2, b3, ...)
vector addition X = A+ B is defined as: ∀xi : xi = ai + bi
vector subtraction X = A− B as: ∀xi : xi = ai − bi
scalar multiplication X = cA as: ∀xi : xi = cai
scalar division X = A/c as: ∀xi : xi = ai/c
dot product x = A · B as: x =

∑n
1 aibi

(similar arithmetic: x = A× BT since A and B are both 1× n matrices, but this
invites the quibble, would x be a scalar, or a 1× 1 matrix.)
matrix multiplication X = A× F where F is a n× k matrix, produces 1× k matrix,
that is a vector, as a result. Frequently used when k = n to rotate or scale A; when
k < n to project A, that is, provide a version with fewer elements, perhaps to graph
on paper. 41 / 48



Word Embedding Normalization

• Some embeddings you download are already normalized, and others are not. There
are several kinds of normalization:

Unit normalization This is dividing each embedding vector by
its own norm, which is defined as

norm(X ) = |X | =
√
X · X

Zero centering This is adding the mean of all the vectors
to each vector, so that the average of the
embedding is zero

Gaussian normalization (Which I’ve not done) Adjusts the size of the
elements so that each column of the embed-
ding matrix has a Gaussian distribution.

• normalization seems to compensate for word frequency, and gives cosine distance and
Euclidean distance clearer relationship to each other.
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distance in n-space

• There are two common measures for comparing word vectors: Euclidean distance,
and cosine similarity.

• Euclidean distance between vectors A and B is
√∑n

i=1(ai − bi )2, which looks about
like the 2-dimensional distance we learned in Geometry class. Equivalently, you can
write it as |A− B|

• Cosine similarity is defined to be the cosine of the angle between two vectors, or
equivalently, the projection of either vector on the other one, divided by each of their
norms, and written A·B

|A||B|
• Because cosine similarity has a maximum value of 1 when two vectors are identical,
and gets smaller as they diverge, we sometimes define cosine distance as
d(A,B) = 1− A·B

|A||B|
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distances diagram
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Word Embedding Applications

• Because the process of training embeddings is stochastic (it involves lots of
randomness) no two embeddings are the same.

• But, often two embeddings can be transformed into a common space with matrix
multiplication.

• This involves selecting a number of anchor pairs S’,T’ from embeddings S and T
that you want to end up identical, and

• Then training or computing a d d × d matrix M such that S ′ ×M = T ′

• Applying M to S, we have S ×M = U, where U is aligned with T so that not only
do the S’ embeddings have values similar the their counterparts in T’, but so do
most other vectors in S.
1. If S and T are embeddings for different languages, U can enable finding translations in

T for words in S , and vice-versa. (One problem with this approach is that many
common words have several different meanings. The sets of meaning in one language
overlap with the set in the other for the usual translation, but are seldom identical.)

2. if S and T are based on corpora in the same language, but from different historical
periods, we can surmise that words in U which do not match the same words in T have
different meanings. 45 / 48



Word Embedding Applications

Finding words with similar usages:
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The End
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