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Abstract. In this paper an extension of tf -idf weighting on annotated
suffix tree (AST) structure is described. The new weighting scheme can
be used for computing similarity between texts, which can further serve
as in input to clustering algorithm. We present preliminary tests of using AST for computing similarity of Russian texts and show slight improvement in comparison to the baseline cosine similarity after applying
spectral clustering algorithm.
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1

Introduction

The text clustering applications exploit two major different clustering approaches:
either a text is represented as a vector of features, and distance-based algorithms
(such as k-Means) are used, or the similarity between texts are computed and the
similarity-based algorithms (such k-Medoids or Normalized cuts) are used. While
the former requires to extract features from texts, the latter requires the definition of similarity measure. The other algorithms, such as Suffix Tree Clustering
[8] explore internal features for the text collection and find clusters straightforward. We will concentrate of the preliminary step of applying distance-based
algorithms, i.e. computing similarity between texts. According to [2], there are
several approaches to computing text similarity: there are string-based (which
include character-based and term-based), corpus-based and knowledge-based approaches. This project belongs to the characters-based approach, which means,
we do not take corpora data or semantics into account. We describe a new similarity measure, which is based on the notion of an annotated suffix tree and
present an example of using this measure.

2

Annotated suffix tree

The suffix tree is a data structure used for storing of and searching for strings
of characters and their fragments [3]. An annotated suffix tree (AST) is a suffix
tree whose nodes are annotated by the frequencies of the strings fragments.
An algorithm for the construction and the usage of AST for spam-filtering is
described in [6]. Some other applications are described in [4, 5].
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2.1

Definition of AST

According to the annotated suffix tree model [4–6], a text document is a set of
words or word n-grams, which we will address as strings. An annotated suffix
tree is a data structure used for computing and storing all fragments of the
strings and their frequencies (see Fig. 1 for an example of the AST for the string
“mining”). It is a rooted tree in which:
– Every node corresponds to one character
– Every node is labeled by the frequency of the text fragment encoded by the
path from the root to the node.
.

Fig. 1. AST for string “mining”

The AST has two important proprieties: the frequency of a parent node is
equal to:
1. the sum of the frequencies of children nodes;
2. the sum of the frequencies of underlying leaves.
According to these properties we can calculate the frequency of the root: it
is equal to the sum of the frequencies on the first level of the AST. For example,
the frequency of the root of the AST in Fig. 1 is equal to 2+2+1+1 = 6.
2.2

Similarity measure

To estimate the similarity between two texts we find the common subtree of
the corresponding ASTs. We do the depth-first search for the common chains of
nodes that start from the root of the both ASTs. After the common subtree is
constructed we need to annotate and score it.
We annotate the common subtree in the following way. A new node of a
common subtree is annotated by two numbers:the minimum and the maximum
frequencies of the corresponding nodes of original ASTs.
Let us provide an example of common subtree construction and annotation.
Given two ASTs:
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– for two strings “mining” and “dining” in Fig. 2
– for one string “dinner” in Fig. 3
we construct the common subtree for them. There are three common chains,
which start from the roots: “D I N”, “I N”, “N”. All the nodes of the chain “D
I N” have frequencies equal to unity in both ASTs, so in the common subtree
the minimum and the maximum frequencies of all three nodes coincide and are
equal to unity. The chain “I N” occurs once in the AST in Fig. 3 and four times
in the AST in Fig. 2, hence the minimum frequencies are equal to unity and
the maximum frequencies are equal to four. The node “N” is annotated by four
in the AST in Fig. 2 and by two in the AST in Fig. 3. So its minimum and
maximum frequencies are equal to two and four, respectively.

Fig. 2. AST for strings “mining” and “dining”

Fig. 3. AST for string “dinner”

Fig. 4. Common subtree of ASTs in Fig. 2 and Fig. 3

Following the general principle of the AST-based string to text scoring we
suggest to score the common subtree in several steps:
1. weighting each node by computing the mean between two frequencies. At this
step we can use different type of means, such as geometric mean or harmonic
mean. For the sake of simplicity we use further the arithmetic mean;
2. scoring every chain of the common subtree;
3. summing up all chain scores and standardizing them by dividing by the
number of chains;
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To score the chain we compute the sum of the node frequencies divided by
their parents frequencies, which is again divided by the length of the chain:
f node
node∈chain f parent

node
node
(fmin
+fmax
)/2
parent
node∈chain (f parent +fmax
)/2
min

P

P
score(chain) =

|chain|

=

|chain|

For example, the scoring of the common subtree in Fig. 4 is computed as:
score(‘‘D I N’’) + score(‘‘I N’’) + score(‘‘N’’)
,
3
where
score(‘‘D I N’’) =

(1+1)/2
(4+9)/2

score(‘‘I N’’) =

+

(1+1)/2
(1+1)/2

+

(1+1)/2
(1+1)/2

3
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+

(1+4)/2
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2

score(‘‘N’’) =

(2+4)/2
(4+9)/2

1

=

=

=
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13
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13

+1+1
= 0.718
3

+1
= 0.6538
2

6
= 0.4615
13

and the final scoring is:
0.718 + 0.6538 + 0.4615
= 0.6111
3
At this point the scoring of the common subtree is based on using only the
frequencies of the strings and their fragments. To make the scoring analogous to
computing tf -idf we can introduce the idf -like component to the scoring.
Let us think about a collection of texts. As a source for idf values we can
construct a global AST from the whole text collection. To construct the global
AST we split every text in strings and exclude from further computations repeating strings and construct the AST then from these unique strings. This way
we calculate not the frequencies of the strings, but the number of texts where
every string and their fragments occur, that is exactly the df ’s of all the possible
fragments of the texts.
To combine common subtrees and the global tree, we update the chain scoring
step:
f node
node∈chain f parent

P
score(chain) =

|chain|

where df are extracted from the global tree.

×

df node
df parent

,
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Construction of AST

It is possible to construct an AST straightforward form a set of tokens using quite
an obvious iterative algorithm, which requires splitting each token in suffixes and
adding them consecutively to the AST [5]. However, is is shown in [1], that it
is more time- and space-efficient to construct a suffix tree, using one of the
well-known algorithms and than annotate the tree with the frequencies.

3

Evaluation

We manually created the text collection for further testing of the proposed algorithm. The collection consists of 50 documents in Russian, every 10 text devoted
to different definitions of the word “jaguar”: an animal, a car, a beverage, a film
or a sewing machine. We supposed, that the clusters we would achieve should
coincide with the predefined text classes, i.e. we should get five clusters, every
cluster corresponding to the initial class. We used the Shi-Malik algorithm [7]
with the default parameters to cluster the similarity matrices. Two approaches
to the similarity matrix construction:
1. the tf -idf transformation and the cosine similarity
2. the AST technique, presented above.
To compare these approaches we computed the number of errors in the
achieved clusters. Given a cluster we found the mode value of the class and
calculated how many documents do not belong to this class. The higher this
number is, the worse is the result of clustering. Using the cosine similarity and
Shi-Malik algorithm for finding five clusters, we achieved four perfect cluster and
one cluster, that contained six errors. Hence 44 texts were clustered correctly
and 6 were not. Using the AST technique, we got only 2 errors, which means
that 48 texts were clustered correctly. The results of clustering are presented in
Table 1.
Fig. 5 and Fig. 6 present the heat maps of both similarity measures and
reveal some issues of the suggested AST technique. First of all, when the AST
technique is applied to compute the similarity of a text to itself, the result is
not equal to unity. What is more, for different texts it results in different values.
Second, all the similarity values are more or less the same, there is no drastic
difference at all between the inside or outside classes values. These are the issues
to be solved in the future.
Table 1. Clustering quality
Accuracy # of errors
cosine similarity 0.88
6
AST similarity 0.96
2
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Fig. 5. Heat map of the cosine similarity Fig. 6. Heat map of the AST similarity
matrix
matrix

4

Conclusion

We suggest a new text similarity measure, which is based on annotated suffix
trees. To estimate the similarity between text A and text B, one should construct
two annotated suffix trees, find the common subtree and score it. The scoring
can be extended by document frequencies, if a text collection is given. The preliminary experiments show, that although the proposed similarity measure has
some clear advantages in comparison to the baseline cosine similarity, because
of being more robust, some formal aspects should be improved. For example,
currently the similarity of a text to itself is not equal to unity, which affects the
visualisation. Obviously, more experiments should be conducted to find other
limitations and possible improvements.
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