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P(the | its water is so transparent that) =

Count(its water is so transparent that the)
Count(its water is so transparent that)

antoniomastropaolo.com

aura-se-lab.github.io



Probabilistic Language Models

€ 

P(the | its water is so transparent that) =

Count(its water is so transparent that the)
Count(its water is so transparent that)

antoniomastropaolo.com

aura-se-lab.github.io



Probabilistic Language Models

antoniomastropaolo.com

aura-se-lab.github.io

The joint probability of a sentence like “its water is so transparent that” means 
we want to know how likely it is for this exact sequence of words to appear 
together in that specific order. To compute we need to: 
1. Count how many times this exact sentence ("its water is so transparent that")   
    appears in a large text collection (corpus). 
 
2. Divide that number by the total number of possible five-word sequences in the 
    corpus. 
The problem is that this approach requires a huge amount of data because there 
are so many possible five-word combinations. That’s why it’s not practical, and 
we use simpler methods such as N-GRAMS.
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1. Count how many times this exact sentence ("its water is so transparent that")   
    appears in a large text collection (corpus). 
 
2. Divide that number by the total number of possible five-word sequences in the 
    corpus. 

https://discrete.openmathbooks.org/dmoi3/sec_counting-combperm.html
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VOCABULARY SIZE = 1K unique words

Count all the combinations of 5 words

𝐶(𝑛,𝑟)=? 
𝐶(𝑛,𝑟)=𝐶(1000,5) 

= 
1000! 

(5!(1000−5)!) 
= 

1000! 
5!×995! 

=8.25029125𝐸+12 



Probabilistic Language Models

Markov Assumption

€ 

P(the | its water is so transparent that) ≈ P(the | that)

antoniomastropaolo.com

aura-se-lab.github.io



Probabilistic Language Models

Markov Assumption

€ 

P(the | its water is so transparent that) ≈ P(the | that)

€ 

P(the | its water is so transparent that) ≈ P(the | transparent that)

  

€ 

P(wi |w1w2…wi−1) ≈ P(wi |wi−k…wi−1)
N = Context or Window

N
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Markov Assumption

  

€ 

P(w1w2…wn) ≈ P(wi )
i
∏

UNIGRAM
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Markov Assumption

BIGRAM
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Probabilistic Language Models

Markov Assumption

BIGRAM
  

€ 

P(wi |w1w2…wi−1) ≈ P(wi |wi−1)

We can extend to 3-grams, 4-grams, 5-grams
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Zipf’s law: the long tail

- A small number words occur 
with high frequency 

- A large number of words occur 
with very low frequency

@AntonioMastro2
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Abstract—Natural languages like English are rich, complex,

and powerful. The highly creative and graceful use of languages

like English and Tamil, by masters like Shakespeare and

Avvaiyar, can certainly delight and inspire. But in practice,

given cognitive constraints and the exigencies of daily life, most

human utterances are far simpler and much more repetitive

and predictable. In fact, these utterances can be very usefully

modeled using modern statistical methods. This fact has led

to the phenomenal success of statistical approaches to speech

recognition, natural language translation, question-answering,

and text mining and comprehension.

We begin with the conjecture that most software is also

natural, in the sense that it is created by humans at work,

with all the attendant constraints and limitations—and thus,

like natural language, it is also likely to be repetitive and

predictable. We then proceed to ask whether a) code can

be usefully modeled by statistical language models and b)

such models can be leveraged to support software engineers.

Using the widely adopted n-gram model, we provide empirical

evidence supportive of a positive answer to both these questions.

We show that code is also very repetitive, and in fact even more

so than natural languages. As an example use of the model,

we have developed a simple code completion engine for Java

that, despite its simplicity, already improves Eclipse’s built-in

completion capability. We conclude the paper by laying out a

vision for future research in this area.

Keywords-language models; n-gram; natural language pro-

cessing; code completion; and code suggestion

I. INTRODUCTION

The word “natural” in the title of this paper refers to the
fact that code, despite being written in an artificial language
(like C or Java) is a natural product of human effort. This use
of the word natural derives from the field of natural language
processing, where the goal is to automatically process texts in
natural languages, such as English and Tamil, for tasks such
as translation (to other natural languages), summarization,
understanding, and speech recognition.

The field of natural language processing (“NLP”, see
Sparck-Jones [1] for a brief history) went through several
decades of rather slow and painstaking progress, beginning
with early struggles with dictionary and grammar-based

Abram Hindle is now with University of Alberta, Edmonton.
Mark Gabel was at UC Davis when this work was done.

efforts in the 1960s. In the ’70s and ’80s, the field was re-
animated with ideas from logic and formal semantics, which
still proved too cumbersome to perform practical tasks at
scale. Both these approaches essentially dealt with NLP from
first principles—addressing language, in all its rich theoretical
glory, rather than examining corpora of actual utterances, i.e.,
what people actually write or say. In the 1980s, a fundamental
shift to corpus-based, statistically rigorous methods occurred.
The availability of large, on-line corpora of natural language
text, including “aligned” text with translations in multiple
languages,1 along with the computational muscle (CPU speed,
primary and secondary storage) to estimate robust statistical
models over very large data sets has led to stunning progress
and widely-available practical applications, such as statistical
translation used by translate.google.com.2 We argue that
an essential fact underlying this modern, exciting phase of
NLP is natural language may be complex and admit a great
wealth of expression, but what people write and say is largely
regular and predictable.

Our central hypothesis is that the same argument applies
to software:

Programming languages, in theory, are complex,
flexible and powerful, but the programs that real people
actually write are mostly simple and rather repetitive,
and thus they have usefully predictable statistical proper-
ties that can be captured in statistical language models
and leveraged for software engineering tasks.

We believe that this is a general, useful and practical notion
that, together with the very large publicly available corpora
of open-source code, will enable a new, rigorous, statistical
approach to a wide range of applications, in program analysis,
error checking, software mining, program summarization, and
code searching. This paper is the first step in what we hope

1This included the Canadian Hansard (parliamentary proceedings), and
similar outputs from the European parliament.

2Indeed, a renowned pioneer of the statistical approach, Fred Jelenik, is
reputed to have exclaimed: “Every time a linguist leaves our group, the
performance of our speech recognition goes up!!!” See http://en.wikiquote.
org/wiki/Fred_Jelinek.

978-1-4673-1067-3/12/$31.00 c� 2012 IEEE ICSE 2012, Zurich, Switzerland837

Authorized licensed use limited to: Univ Sannio. Downloaded on March 21,2023 at 16:49:29 UTC from IEEE Xplore.  Restrictions apply. 
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“Programming languages, in theory, are complex, flexible and powerful, but the 
programs that real people actually write are mostly simple and rather repetitive, and 

thus they have usefully predictable statistical properties that can be captured in 
statistical language models and leveraged for software engineering tasks.”
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Training
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(70%)

Probabilistic Language Models

1,200

300
Held-Out 
Corpus

Training 
Corpus
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public static Inet4Address getEmbeddedIPv4CA         
                (Inet6Address ip) {  
     ip1 = New IP(“127.0.0.1”)      
     if (isCompatIPv4Address(ip)) {

public static Inet4Ad..

public 0 1800 1

static 0 10 0

Inet4Ad.. … 15 0

getEmb.. … … 15
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public static Inet4Address getEmbeddedIPv4CA         
                (Inet6Address ip) {  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public static Inet4Address getEmbeddedIPv4CA         
                (Inet6Address ip) {  
     ip1 = New IP(“127.0.0.1”)      
     if (isCompatIPv4Address(ip)) {

public static Inet4Ad..

public 0 1800 1

static 0 10 0

Inet4Ad.. … 15 0

getEmb.. … … 15

P(getEmbeddedIPv4CA|Inet4Address) = 
Count(Inet4Address,getEmbeddedIPv4CA) /             
                            Count(Inet4Address) = 15 / 300 = 0.05
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Probabilistic Language Models

PROS

CONS

- No need for a specialized hardware

- CPU-based computation

- Easy to implement -  Long distance relationship 
  cannot be captured properly
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Long-Range Dependencies

public static Inet4Address getEmbeddedIPv4ClientAddress         
                (Inet6Address ip) {  
     ip1 = New IP(“127.0.0.1”)      
     if (isCompatIPv4Address(ip)) {
         return getCompatIPv4Address(ip);
     }if (is6to4Address(ip)) {
         return get6to4IPv4Address(ip);
     }  
     if (isTeredoAddress(ip)) {
         return getTeredoInfo(ip).getClient();
     }
     return ip1.getDefault();
}

Probabilistic Language Models
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NNs can easily handle 
longer context/windows 



Long-Range Dependencies
Probabilistic Language Models

Model Evaluation: How good is our model?

We test the model’s performance on data we haven’t seen. 
     -A test set is an unseen dataset that is different from our training set, totally unused. 

An evaluation metric tells us how well our model does on the test set.
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Long-Range Dependencies
Probabilistic Language Models

Model Evaluation: Extrinsic Evaluation
Best evaluation for comparing models A and B 

Test each model on a given a task e.g., code completion 

Run the task, get an accuracy for A and for B 

How many (mis)-predicted tokens? 

How many tokens have been correctly predicted? 
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Probabilistic Language Models

Model Evaluation: Extrinsic Evaluation
Best evaluation for comparing models A and B 

Test each model on a given a task e.g., code generation 

Run the task, get an accuracy for A and for B 

How many (mis)-predicted tokens? 

How many tokens have been correctly predicted? 

Time-consuming 

Can take weeks
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Long-Range Dependencies
Probabilistic Language Models

Model Evaluation: Intrinsic Evaluation

We use a metric that measures the quality of a model independent of 
any application
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Model Evaluation: Intrinsic Evaluation

We use a metric that measures the quality of a model independent of 
any application

Perplexity
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Model Evaluation: Intrinsic Evaluation

We use a metric that measures the quality of a model independent of 
any application

Perplexity
PP(W) = P(w1w2...wN )

−
1
N

           =
1

P(w1w2...wN )
N
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Long-Range Dependencies
Probabilistic Language Models

@AntonioMastro2

Model Evaluation: Intrinsic Evaluation

We use a metric that measures the quality of a model independent of 
any application

Perplexity
- Unfortunately, provides a bad approximation 
unless the test data looks just like the training 
data. 

- So generally only useful in pilot experiments

Perplexity can be thought of as a measure of the confidence of 

the model when predicting the next word. A lower perplexity 

score indicates that the model is more confident in its predictions 

and better at capturing the patterns in the data. If model A has 

perplexity of 20 and model B 5, the number of choices the 
model B has to make at each step in predicting the 
next word is considerably less
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Long-Range Dependencies

Model Evaluation: Perplexity and zero prob. n-grams

Probabilistic Language Models

N-grams with 0 prob are not 
allowed, otherwise by construction 
we reach an absurd dividing by 0
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Long-Range Dependencies

Smoothing and Interpolation Techniques

Probabilistic Language Models

Laplace Smoothing 

Simple as add 1 to all n-gram counts
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Long-Range Dependencies

Smoothing and Interpolation Techniques

Probabilistic Language Models

Add-k Smoothing 
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Long-Range Dependencies

Smoothing and Interpolation Techniques

Probabilistic Language Models

Add-k Smoothing k is an hyper-parameter
that has to be optimized
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Long-Range Dependencies

Smoothing and Interpolation Techniques

Probabilistic Language Models

λ values that maximize the 
likelihood of the held-out 
corpus. In other words, we 
fix the n-gram probabilities 
and then search for the λ 
values that, when applied, 
yield the highest 
probability for the held-out 
dataset.
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Stupid Backoff

Probabilistic Language Models

- In an N-gram backoff model, if the n-gram we aim to compute is 0, what we  
can do is approximate this computation, by “backing off” to the (n-1)-gram
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Long-Range Dependencies

Stupid Backoff

Probabilistic Language Models

- In an N-gram backoff model, if the n-gram we aim to compute is 0, what we  
can do is approximate this computation, by “backing off” to the (n-1)-gram

- Because we are backing off if we do not adjust the higher orders n-gram,  
our n-gram model will not be following strictly speaking a probability distribution 
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Stupid Backoff

Probabilistic Language Models

- In an N-gram backoff model, if the n-gram we aim to compute is 0, what we  
can do is approximate this computation, by “backing off” to the (n-1)-gram
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Visualizing Knowledge Through Sampling

Probabilistic Language Models

- In statistic, sampling from a distribution means to choose random  
points according to their likelihood
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Long-Range Dependencies

Visualizing Knowledge Through Sampling

Probabilistic Language Models

- In statistic, sampling from a distribution means to choose random  
points according to their likelihood

- When sampling from a language model, we generate sentences based on their 
likelihood as determined by the model's probability distribution.
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Long-Range Dependencies

Visualizing Knowledge Through Sampling

Probabilistic Language Models

- In statistic, sampling from a distribution means to choose random  
points according to their likelihood

- When sampling from a language model, we generate sentences based on their 
likelihood as determined by the model's probability distribution.

- We are more likely to generate sentences that the model thinks have a  
high probability and less likely to generate sentences that the model thinks  
have a low probability.
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Long-Range Dependencies

Large Language Models and N-Grams

Probabilistic Language Models

Large Language Models (LLMs) are built on neural networks 
rather than n-grams, allowing them to address two significant 
issues associated with n-grams 
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Large Language Models and N-Grams

Probabilistic Language Models

Large Language Models (LLMs) are built on neural networks 
rather than n-grams, allowing them to address two significant 
issues associated with n-grams 

   1) the number of parameters grows exponentially as the n-gram order  
       increases 
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Long-Range Dependencies

Large Language Models and N-Grams

Probabilistic Language Models

Large Language Models (LLMs) are built on neural networks 
rather than n-grams, allowing them to address two significant 
issues associated with n-grams 

   1) the number of parameters grows exponentially as the n-gram order  
       increases 
   2) n-grams cannot generalize from training examples to test examples  
       unless the exact same words are used
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Long-Range Dependencies
Probabilistic Language Models

Language Models (LM) present an easy way to assign probabilities to words 
and sequence of words/tokens 

N-gram models are LMs that make use of the Markov’s property to estimate 
words probabilities from a fixed window

N-gram models can be evaluated via Perplexity (Intrinsic Evaluation) or by 
using an Extrinsic Evaluation
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Long-Range Dependencies
Probabilistic Language Models
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0 count N-grams can be addressed using smoothing and interpolation

N-gram models are only as effective as the training corpus, leading  
to limited generalization capability.

Large Language Models, are LM that rely on Deep Learning models  
to learn the distribution of sequence of words



Long-Range Dependencies
Probabilistic Language Models
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Hindle et al

https://dl.acm.org/doi/pdf/10.1145/2902362
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Recommending code tokens via N-gram models

Probabilistic Language Models
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