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Abstract

Retrieval models are one of the essential concepts in IR system. In this work, we will present
some basic retrieval models that are used to find the top-k answers to a given user query. It is
not a trivial task to select the most important/relevant results from huge amount of
documents. One of the most important models used in IR systems is statistical model which
includes the vector space model that was first proposed by Salton and McGill (1983). This
model represents documents and queries as vectors in multidimensional space and computes
the similarity between queries and documents. Then, documents are ranked according to this
similarity score. Another popular model used to represent documents and queries is language
modeling. This model was first proposed by Ponte and Croft (1998). It is a statistical language
model such that each document is viewed as a language model. Statistical language model is a
probability distribution over all possible words in a language. Finally we will also present
learning to rank strategy which becomes very popular in recent years. This strategy learns a
ranking function using implicit or explicit relevance data. In the following subsections, we give

the details of each different approach.

Vector Space Model

Vector space model (VSM) represents documents and user queries by vectors in a
multidimensional  space. For instance: di = (Wyj ,Waj, e, Wej) q=
(Wllq s W2 gy s .,Wn,q). Each dimension corresponds to a term vocabulary that is used to build a
list (index) of terms. Morphological analysis reduces different word forms to be indexed. In the
VSM, a collection of documents can be represented in the VSM by term document matrix. Each
cell in the matrix corresponds to the weight of a term in the document, if a term (word) appears
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in the document than its value in the vector is none-zero, which means similarity does exist,
and zero otherwise. “The performance of the VSM depends on the term weights scheme, that
is, the functions that determine the components of the vectors” [10]. TF-IDF weighting scheme
is the product of two statistics, term frequency (tf) and inverse document frequency (idf) to
compute the weight of a term for a document, where tf is the number of times a term occurs in a
document, Therefore, the tf weights for the terms can be defined as:
fi;

maxi;
Where fjthe number of is times term i appears in document j, and max;; denotes the
maximum frequency of a term in document j.
idf is measure of what portion of the document collection contains the term.

tfl] =

Therefore, the idf values for the terms can be defined as:
: N
idf; = log(5-)
1
Where N is the total number of documents and i is term in collection, df; the number of
documents that contains the term i.

In general, the VSM is used to determine whether the document are relevant/matched or not
relevant/not matched to the user’s query. This task can be done by computing their cosine of
the angle between two vectors (document and query vectors). If these vectors are related, the
cosine of their angle will be one. If the vectors are orthogonal (unrelated), the cosine of their
angle will be zero, which is defined as follows:

da.q

cos(6) =z al

Where d is a document vector, q is a query vector, 8 is the angle between two vectors, ||d]]| is
the norm of vector d, and ||q|| is the norm of vector q. The norm of a vector is defined as
following:

lall = | X af

The resulting scores can then be used to select the top-scoring documents for a query.

In the VSM for retrieval:

e Preprocessing which converts documents and query to a vector of all distinct terms.

e Construct document term matrix.

e Computing TF-IDF weights.

e Convert each document to a weighted vector and also construct the query vector and
compute similarity scores between document and query vectors.

e Ranking the documents based on the similarity score, in descending order and return
the top-k documents as the query results.
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An example of the vector space retrieval model

dl: slew a8 () “land moon sky”

d2: sLad s saiclew “space stars sky”
d3: pd =)l @aw “sun land cloud”

Q: i g2l =)l “sun land land”

There are three documents each of them contain terms, some appear only in one document
and other appear in two documents, the similarity between each document and query can be
computed as following steps:
Stepl: We count the number of times of all distinct terms (word) appears in a document by
calculate the tf scores for each word and their frequency on each of the document. We suppose
the words in the vectors are ordered alphabetically.

eliiad
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D1 1 0 1 0 0 1 0
D2 0 0 1 0 1 0 1
D3 1 1 0 1 0 0 0

Table (2): Term Frequency

Step 2: We compute the term appears across the index by calculate idf for terms occurring in all
the documents. The total number of documents is N=3.

Term Idf
ua)) log, (3/2) =0.58
Gla log, (3/1) =1.58
e log, (3/2) = 0.58
s log, (3/1) = 1.58
sliad log, (3/1) =1.58
=l log, (3/1) =1.58
pox log, (3/1) =1.58

Table (3): Inverse Document Frequency

Step 3: The weight of a term (wyj;) is the product of both tfj; and idf; which measure of the
defined as step [1, 2]: wy; = tfy; * idf; , we obtained the following matrix of documents as

following:
u'a)\ L.lb.m e Lo u.m..i eliad ‘)Aﬁ e).;_'\
D1 0.58 0 0.58 0 0 1.58 0
D2 0 0 0.58 0 1.58 0 1.58
D3 0.58 1.58 0 1.58 0 0 0

Table (4): tf.idf weights



Step 4: We calculate tf-idf vector for the query term. Therefore, we divide the frequency by the
maximum frequency (2) than multiply with the idf values.

ua) ol elau e eliad )A§ psnd

Ql | (2/2*058=058| 0 0 | (W2*158=029] 0 0 0

Table (5) query weight
Step 5: We calculate the length of document vectors and query vector.

Step 6: Compute the cosine similarity values between the query vector and each document
vector by calculating the cosine of the angle between two vectors.

The similarity value between d1 and query is:

cos(dl,q) = (0.58*0.58 + 0*0 + 0.58*0 + 0*0.29 + 0*0 + 1.58*0 + 0*0) / (1.78*0.71) = 0.15
The similarity value between d2 and query is:

cos(d2,q) = (0*0.58 + 0*0 + 0.58*0 + 0*0.29 + 1.58*0 + 0*0 + 1.58*0) /(2.31*0.71) =0

The similarity value between d2 and query is:

cos(d3,q) = (0.58*0.58 + 1.58*0 + 0*0 + 1.58*0.29 + 0*0 + 0*0 + 0*0) / (2.31*0.71) = .49

Ranking search results with respect to the query amongst three documents according to the
similarity values. The ranking of documents based on decreasing cosine similarity will be: d3,
di, d2.

Language Model

Language model (LM) is a statistical model in the natural language process that is used to
compute the probability of any context such as sentence or sequence of words. Typically,
models that assign probabilities to sequences of words are called language model. “The
language modeling approach to information retrieval has been successfully applied to many
different applications because of its flexibility and theoretically solid background” [7]. Most of
LMs approaches rank the documents by the probability of the query which is defined as: P
(Q|Mq). Each sentence or word sequences can gives different probabilities. Therefore,
documents are ranked according to the highest probability to the query.
On the other hand, LMs are compute the probability of a sentence or sequence of word of
length n, it assigns a probability P (w) =P (w1, w2,...., wp).

For instance: Given an Arabic sentence as follows:

P(“le 2as) jac”) (“Ali Ahmed Omer”)
P(“ sl jee 424ln”)  (“OMAR AL-MUKHTAR University”)

In the LM shown above, the former phrase “lc sl jse” can has a higher probability than to
“ A4l jee 4xala”, because the words in the phrase “ e sl jse” occur more frequently in the
guery than the words in the others.

The LM steps can be defined as below:
e Estimate a document LM by estimating the probability of each word.
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e Computing the query likelihood.
e Rank documents based on likelihood probability which is relevant of user’s query.

N-grams

N-gram models are widely used in statistical natural language processing. They are basically
a set of N items such as sentence or sequence of words.

N-grams are used for predict the previous words (N-1) in a sequence to predict the next word
(N). An n-gram of size is one (N=1), this is called “unigrams” and this is essentially the individual
words in a sentence, when (N=2) this is called “bigrams”, when N=3 this is called “trigrams”,
and when N>3 this is sometimes referred to as four grams or five grams and so on. These
known as LMs type which can be defined as following formula:

Unigram: P(wy ;) = P(wy)P(w;) ....P(wy) (1)
Bigram: P(wy ) = P(wq)P(wy|wy) ... P(wy|wp_y) (2)
Trigram: P(w ) = P(wq)P(w;|wq)P(W3|wy,) ... P(Wp|Wh_on-1) (3)

For instance, the sentence "Welcome to OMAR AL-MUKHTAR University Al-Bayda"
If N=2 (bigrams) Thus, we have five n-grams in this case as following:

Welcome to

to OMAR

OMAR AL-MUKHTAR
AL-MUKHTAR University
University Al-Bayda

If N=3 (trigrams) Thus, we have four n-grams in this case as following:

Welcome to OMAR

to OMAR AL-MUKHTAR

OMAR AL-MUKHTAR University
AL-MUKHTAR University Al-Bayda


https://en.wikipedia.org/wiki/Natural_language_processing

1 Unigram LM

Unigram LM (which also known as the bag of words model) is a probability distribution over
individual words included in the text, it means it does not depend on any of its previous words.
Unigram computes as: Probability of word i = Frequency of word (i) / total number of words.

Example 1:

The probability of the sentence “Sea River Lake Ocean”

By reference to the formula No.1 we compute probability of “Sea River Lake Ocean” as below:
P (Sea, River, Lake, Ocean) = P(Sea) P(River|Sea) P(Lake|Sea, River) P(Ocean|Sea, River, Lake).
Example 2:

Document “university university university of Al-Bayda Al-Bayda Al-Bayda Al-Bayda”

Above document contain eight words, the probability of each word independent as below:

P(university) = 3/8
P(of) = 1/8
P(Al-Bayda) = 4/8

P(university of Al-Bayda) = P(university) x P(of) x P(Al-Bayda) = 3/8 x 1/8 x 4/8 =0.023
P(Al-Bayda university) = P(Al-Bayda) x P(university) = 4/8 x 3/8 =0.019

On the other hand, if a term in a query does not appear in a document then the probability
value become zero. In this case, smoothing methods should be applied to avoid zero probability
problem.

2 Bigram LM
Bigram, also called Markov assumption, assumes that we can predict the probability of the
next word by only looking at the previous word. In other words, instead of computing the
probability.
P(Welcome| to OMAR AL-MUKHTAR university Al-Bayda)
We approximate it with the probability
P(Welcome| Al-Bayda)

In general, a bigram is an n-gram for N=2, this model use to predict the conditional
probability of the next word. The simplest way to estimate bigram probability by using
Maximum Likelihood Estimation (MLE), based on taking counts from the corpus and
normalizing them. The general equation for estimating probability for a MLE Bigram can be
defined as below:

Count(Wj_q ,Wj)

P(W; |Wi—1) = Count(Wj_; )

Where Count(W;_; ,W; ) is the count of the occurrence of the word W;_; followed by word
W;, and Count(W;_; ,W; ) is the count of the occurrence of the words in corpora.
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3 Trigram LM

Trigram is an n-gram for N=3, as in bigram model, Trigram model computes the probability of
the next word depends only on the previous two words, such as P(W; | Wy, W,), which is
defined as the formula No.3.

For example:
Document “Sky is blue”.
To compute the probability of the word blue following the words Sky is. The MLE of this trigram
probability is:
Count(SKky is blue )
Count(Sky is)

P(blue |Sky is) =

Therefore, we need to count of the occurrence of the trigram Sky is blue in the document as
well as the count of the bigram history Sky is. When building smoothed trigram LM's, we also
need to compute bigram and unigram probabilities.

Query likelihood LM

The query likelihood model is a basic method for using LM in an IR system. It constructs
query likelihood from each document in the collection. Documents are then ranked based on
the highest probability to the query in the document's LM P(q | Myg). Typically, the unigram LM
is used in this case. The query likelihood model can be defined as following:

_ P(qld)P(d)
P(q)

Where P(q), probability of the query, is the same for all documents and P(d) is probability of the
document.

P(q |d)

Smoothing

There are several ways of avoiding zero probabilities and making the estimates for n-grams,
these are known as smoothing methods. Smoothing is a technique to give some probability
massing (unseen) words to n-grams that have not occurred in the corpus. Therefore, probability
mass has to be taken from n-grams that occur in the corpus.

Learning to Rank

With the fast development of the Web and the difficulties in finding needs information. The
search engine has become the most important tools for many people. The ranking problem is a
central component (Components such as TF, TF-IDF, Lengths, IDF, and Document's PageRank
are called features) in every search engine, its goal to produce a ranked list of documents
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according to the relevance between processed queries and indexed documents. | recent
decade, different machine learning technologies have been used to train the ranking model,
and a new research area named (Learning to rank). It has become one of the most technique
used in IR systems to solve the problem of ranking methods. Learning to rank combines various
features based on document weighting models included documents represented by feature
vectors and discriminative training which an automatic learning process. In addition to that,
learning to rank is the ability to use multiple features in a uniform way during ranking and learn
an appropriate method to combine those features.

Conclusion

Retrieval models play a fundamental role in influence extends to how textual data is
represented, matched, and ranked, making them critical components in the design of efficient
retrieval systems. The ongoing development and evaluation of these models are essential for
advancing IR capabilities, especially in the face of growing and increasingly complex data
environments. This study explored the impact of three prominent retrieval models—Vector
Space Model, Language Model, and N-gram Model—on IR performance. Our findings highlight
the strengths and limitations of each approach, emphasizing the importance of selecting the
appropriate model based on the nature of the data and the retrieval context. Future research
should continue to investigate hybrid approaches and model optimizations to further improve

accuracy, relevance, and efficiency in IR systems
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