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Arc Summarization of Tv Series
Pedro Cristóvão

Abstract—In this dissertation, we aim to create a system
capable of generating summaries of arcs of TV series. With
thousands of hours of video being uploaded and stored in videosharing websites and online streaming services, a need for video
summarization appears as a necessary tool to save time and
catch up with our beloved series. We propose a way to solve this
problem using just subtitles information. The presented solution
uses the framework of spectral graph theory to segment, find
story arcs and summarize those arcs.
Index Terms—Summarization, TV Series, Information Retrieval, Spectral Graph Theory

I. I NTRODUCTION
Every year lots of TV/Web series are made and uploaded
by professionals and amateurs through video-sharing websites
and online streaming services, thus need to summarize all of
this information is needed. Several application can be found
for video summarization of TV/Web series, [1] identified some
important ones such as catching up with a series, to save
time, to recall series, to choose what to watch and finally
to skip boring content. Instead of summarizing a series in a
abstract way, it is proposed to find and summarize relevant
topics/themes present in the series. These topics are called
arcs in the series context.
Automatic summarization is a process of reducing an
information source (text, video, multiple videos ...) to the
most important parts. There are two kinds of summarization
extractive and abstractive; Extractive summarization constructs
a summary which is a subset of the input information source
(phrases of a document, segments of video, ...) while abstractive summarization generates a new information source that
communicate the same as the input source, but in a reduced
way. A story arc is a subset of the story constrained to a
theme/topic, for instance the story of a character in the series
or the story of some important event. The goal of this thesis
is to find and summarize(extractive) relevant topics/themes
present in a series by producing a moving-image summaries
of a narrative content using text features. In order to fulfill
this goal we aim to create a system that is able to summarize
arcs of a TV series. For this our system will receive as input
subtitles of all the episodes of the series, then these subtitles
are processed in several steps and the final summaries are
made. These steps are represented in figure 1 and they are
subtitle parsing, stop word removal, episode segmentation,
segments clustering, clustered segments summarization and
finally video production. All these steps are described in this
thesis.
II. T HESIS S TRUCTURE
In the next sections we present related work on video
summarization (Section IV) and describe general document

Fig. 1. Fundamental steps of the arc summarizer described in this dissertation

summarization algorithms (Section IV). The proposed solution
is described as well as the necessary theory to understand it
(Section V). Experiments and results are presented in section
XI and finally we make conclusions and discuss future work
(Section XV).
III. N OTATION
Bold variables are vectors eg. x ∈ Rn . Upper case letters are
matrices eg. U T U = I. If U is a matrix, then Uij and uij are
the element of U that are in the ith row and j th column. If x ∈
Rn then xi is the ith coordinate of x. Rectangle parenthesis
operator [·]i is a function that takes a vector and outputs its ith
coordinate, eg. [x]i = xi . δi,j is the Kronecker delta function
where δi,j = 1 if i = j and 0 otherwise. ei is a vector of the
standard basis of the euclidean space, it is defined as [ei ]j =
δi,j . Single angle brackets represents the function h·, ·i : Rn ×
Rn 7→ R which is the euclidean inner product.
Let f : R 7→R,

T
if f is applied to a vector then f (x) = . . . f (xi ) . . . .
R+ is the set of positive
real numbers. Pn iso the n-simplex
n
Pn+1
defined as Pn = x ∈ Rn+1 : i=1 xi = 1 . The entropy
of the discrete probability distribution p ∈ Pn is H(p) =
− hp, log(p)i. The symbol 1 is a vector will all entries filled
with ones. The symbol 0 is a vector will all entries filled
with zeros. If φ(t) is a time varying quantity, then φ̇(t) is
it time derivative. If ψ(s) is a quantity that depends on s,
then ψ 0 (s) = ∂ψ
∂s . If L is a matrix then exp(Lt) is the matrix
exponential.
IV. S UMMARIZATION A LGORITHMS
A. Video Summarization
In this section we present some of related work on video
summarization, we will focus more on general unstructured
moving-image summarization approaches, since it is close to
what we want to solve. Most of the systems compute some
kind of ranking on segments of video and extract those to
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be part of the summary. Some techniques uses simple and
effective approach to solve this problem, [2] just skips frames
without sound using various heuristics, but as it succeed in
reducing the length of the video it lacks capturing the most
important parts of a story.
Other methods are a little more evolved such as [3], which
uses singular value decomposition(SVD) of a matrix A, where
its columns are feature vectors( they use color histograms of
the frames ) corresponding to samples frames of the video, svd
is used to construct a low rank approximation of A. Then they
construct clusters on this lower dimensional space generated
by the SVD. A frame that is close to its centroid is set to be
a key-frame, then the system either return a set of the most
important key-frames or returns a video summary by finding
the longest video shot for each cluster found.
[4] integrates various features using a user attention model,
a mathematical function that receive as an input video features
and return a real number related to user attention. There are
visual attention models (motion attention model, face attention
model, etc.), audio attention models (audio saliency attention
model, speech attention model, etc.) and linguistic models.
Once such attention values are calculated for each frame, this
values can be seen as a set of signals in time. This signals are
then combined using a function of such signals. This function
computes in a way a rank for each frame in time. This rank is
called Attention curve. The summary is done by taking shots
with high attention values.
[5] maps a video into a curve on a high dimensional feature
space, then summarization process follows a simplification of
that curve, using a recursive multidimensional curve splitting
algorithm, which approximates the original curve using a few
significant points. In a sense capturing the most important
frames.
For a more complete video summarization survey check [6].
The methods described above suffer from two main problems.
First the main purpose of those algorithms were to produce a
single video summary, hence failing to produce a summary of
a collection of videos. Also their focus are not in the semantic
part of the video and thus not capturing the main themes and
parts of the story.
[1] describes a video summarization algorithm in narrative
videos such as movies or series. Their solution was to first
make analysis (parsing) of subtitles and the script of a movie or
TV series episode, then compute a script-subtitles alignment,
using Needleman–Wunsch algorithm [7], in order to map
time with characters and scenes. With script-subtitle alignment
information, we can segment video into scenes and further into
sub-scenes, now a semantic index is constructed. Semantic
index is a data structure that stores information about the
scenes in the movie. Then features are computed from subscenes. These features are used to rank each sub-scene and
produce a summary.
[1] approach has good results, but it lacks to summarize the
content in a global way, that is it just summarizes each episode
independently of the others, which makes this method not so
useful to our problem since it does not find the main topics
of a series. Also other aspect which is relevant is the fact that
this method relies too much on the script, which is not always
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easy to find and it does not have a common format.
[8] uses general text summarization algorithms to segment
and summarize documentaries, again it focus essentially on
one document.
B. General Text Summarization
Since we want to produce video summaries that take into
account the story of a TV series, text features such as subtitles
convey much of this information, thus text summarization will
be very important in our paper. Next we will describe some
general summarization algorithms for text documents.
To simplify we will introduce some definitions that will
be useful throughout the paper. Some of these definitions are
taken from [9]. Text is a finite sequence of words with a finite
vocabulary.
y = (y1 , . . . , yN ) , yi ∈ V
Where V is a vocabulary, here it is assumed to be a set of
integers V = {1, . . . , |V |}. Note that we can retrieve the actual
words from V by construction a function (map) f : V 7→ V
where V is the set of the actual words. N is the number of
words in the text.
A simple model for text document is representing each word
with a vector x ∈ {0, 1}V , such that hx, 1i = 1, or simply
[xj ]i = δyj ,i . Then a document y is represented by a N × |V |
matrix
 
...
X = xTi 
...
Each row of X represent a bag of word model for a single
word. For a lack of word, this model will be called from now
on the categorical model. Note that this models capture all the
information of a document, since it is possible to reproduce
the document with this representation.
Other model for text is the bag of words model, this models
basically summarizes all information present in a document.
Each document is represented by a vector x ∈ R|V | whose
coordinates are given by
xj =

N −1
1 X
δy ,j
N i=0 i

Note that the bag of word represents each document as a
probability
distribution of words that appears in the text, since
P|V |
x
=
1. Other way of explaining this model is to
i
i=1
simply compute the average vector of the rows vectors in the
categorical model. In a sense the bag of words summarizes
information present in the categorical model.
Other used model is the [10] tf-idf model, similar to the
bag of word model, but it captures information about a set
of documents, ranking more words that better discriminate a
document. The tf-idf is defined as :


|D|
tfidfj = fd,j ∗ log
nj
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where tfidfj is the tf-idf score of the word j. fd,j is the
frequency of the word j in the document d ∈ D and nj is
the number of document where the term j appears. For more
about tf-idf see [10].
1) Centroid Summarization: Centroid summarization is
based on the work of [11] and it can be used for multidocument or single-document summarization. The basic principle of this approach its to model each document or segment
by the bag of words model or tf-idf model. Cluster each
document using some clustering algorithm. Compute a centroid for each cluster, this represents a pseudo-document that
summarizes information of a cluster. Then to form a summary
rank each document/segment according to its similarity with
the centroid and retrieve that segment/document to become
part of that summary. The rank is given by
rank(s) = similarity(s, scentroid )
Where s is a document/segment and similarity can be given,
for instance, using the cosine of the angle between two vector
in Euclidean space also known as cosine similarity.
s1 · s2
cos(θ) =
|s1 ||s2 |
For more details see [11] and [12].
2) Maximal Marginal Relevance: Maximal Marginal Relevance (MMR) proposed by [13] is a query based summarization approach. It splits a document in various segments
where each segment si is represent by a bag of words vector
or tf-idf vector. The algorithm is an iterative algorithm. At
each iteration the algorithm chooses a segment that is the most
similar to a query vector and the most different against already
chosen segments. This trade-off is parameterized by a variable
λ ∈ [0, 1]. This algorithm can be described by the following
expression:


arg max = λ (Sim1 (si , q)) − (1 − λ) max Sim2 (si , sj )
si

sj

Where Sim1 and Sim2 are possibly different similarity
metrics; si are the unselected sentences and sj are the previously selected ones; q is the query. The trade-off variable λ
interpolates between relevance, represented by the similarity of
a sentence to the query sentence; and diversity, represented by
the similarity of a sentence to its most similar already selected
sentence.
3) LexRank: LexRank [14] is a graph based algorithm
which computes relevance of a sentence by using the concept
of eigenvector centrality in a graph representation of sentences.
This algorithm is based in the famous PageRank algorithm
used at Google, see [15]. After construction a bag of word or
tf-idf vector scores of each sentence in the text, an undirected
graph of sentences is built by adding an edge every time cosine
similarity between two sentences is above a certain threshold.
Relevance of a sentence is then computed by iterating until
convergence the following equation:
pt+1 (u) =

X pt (u)
d
+ (1 − d)
|S|
deg(u)
v∈adj[u]

(1)

Where p(u) is the relevance of sentence u, deg(u) is the
number of adjacent nodes of u i.e. its degree, adj[u] is the
set of adjacent nodes of u and d is a “damping factor”. The
intuition for such a model is better understood in matrix form
as a random walk on a graph, which is described by the
following equation:
T

pt+1 = [dU + (1 − d)B] pt

(2)

Where pt is a |S| × 1 vector, U is |S| × |S| matrix with
1
and B is |S| × |S| such that
all elements being equal to |S|
B(i, j) = PA(i,j)
. Matrix B encodes a transition matrix of
k A(i,k)
the Markov chain process. B(i, j) describes the probability of
a random walker to go from vertex i to vertex j. If there is
the edge (i, j) in the graph then the random walker transits
1
. (2) computes pt
from i to j, with probability B(i, j) = deg(i)
which the probability distribution over the sentences of where
a random walker is at iteration t. A random walker described
by 2 on vertex i goes to a random vertex with probability
d or go with probability 1 − d to an adjacent vertex j with
probability B(i, j). The stationary distribution p is obtained
from the convergence of (2) and it can be show to be the
T
highest eigenvector of [dU + (1 − d)B] (more details see
Perron-Frobenius Theorem). Once again similarity could be
the cosine similarity.
4) Latent Semantic Analysis: Latent Semantic Analysis
(LSA) [16] creates a |V |×|S| (where S is the set of sentences)
matrix A where each column correspond to a sentence vector
si = ai where ai ∈ R|V | and corresponds to bag of words or
tf-idf score vectors. LSA computes a low rank representation
of matrix A corresponding to a dimensionality reduction of
each ai to a k dimensional space , where k is the number
of topics. This dimensionality reduction is made using the
singular value decomposition which decomposes matrix A in
three matrix
A = U ΣV T .
Where U is a |V | × |S| orthogonal matrix, V is a |S| × |S|
orthogonal matrix and Σ is a |S| × |S| diagonal matrix with
decreasing singular values. Then to compute the low rank
version of A it is selected a k ∈ {1, . . . , |S|} number of
topics. Rank k approximation is calculated by taking the first
k columns of U (Uk ), the k × k sub-matrix of Σ (Σk ) and
the first k rows of V T (VkT ). Let Σk VkT = . . . ψ i . . .
then the column vector ψ i corresponds to the coordinates
of the sentence i in the Uk basis. In semantic terms those
coordinates measures how a sentece belong to one of the latent
topics. Various methods were build to compute a rank for each
sentece and build the summary. [17] chooses k sentences,
each sentences is chosen to be the max value of a row of
VkT . [18] notice two problems: k must be the number of
sentences of the summary which, as the length of the summary
increases, promotes the inclusion of less significant passages;
and sentences with high index values in several dimensions,
but never the highest, will never be chosen to be part of the
summary. To solve this the author proposes a new ranking
function that solves the referred issues.
score(i) = |ψ i |
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Where score(i) is the rank of the ith sentence.

Let 0 ≤ ρ ≤ 1, then this system classifies a word as stop word
if

V. P ROPOSED S OLUTION
As described in the introduction, the focus of this thesis is
to build a system capable of finding and summarizing arcs
of TV series. The output of this system should be a moving
image summary, meaning a sequence of video segments that
summarizes a certain arc. Our proposed solution will have similar scheme as the general document summarization described
above. An additional step is added to the general framework,
where a selection and identification of arcs is made previous
to the summarization step. The general lines of the algorithms
are described below.
VI. M AIN A LGORITHM
The main algorithm is as follows: Read all subtitle files of
a series. Process data in order to construct a global vocabulary
of the series, this could be done by removing stop words, apply
stemming, etc. Then a sequential representation of a document
is computed for each document. Using this representation,
segments are build. Now the system has a set of segments.
A similarity graph is build from the segments, this represents
a global structure of the series. Arcs are found by clustering
using either the similarity graph or segments information. The
number of clusters can be chosen by the user. After the arc
determination process a summarization algorithm is applied to
each arc in order to select the most important segments. Each
segment determines a time interval in a certain episode. This
time interval is then used to cut the video in order to produce
moving-image summary. The output of the program is a set
of folders where each folder represents an arc. Every one of
these folders have a set of video segments representing the
most important segment of each arc. This set of videos for
each arc represents the arc summary. Some post processing of
these videos can be done, such as concatenation, etc.
VII. DATA PREPARATION
As explain above, the first step is to process the data. In this
system, the only pre-processing done is removing stop words.
Stop words can be defined as words that are uniform distributed across documents. It is important to remove this words
from the analysis since they do not contribute to identifying
what a document is all about. Two document could have lots
of stop words in common but with no similarity between them,
hence removing stop word will generally produce better results
when comparing documents [19]. We select two approaches
to remove stop words. Remove stop words from a list of stop
words and a method proposed by [20]. The method works by
computing the entropy of the distribution of documents given
a word. In a sense this description fits exactly the definition
above. A word that is distributed uniformly across all document will have maximum entropy. Let P be a matrix where
each row i defines a probability distribution pi ∈ P|D|−1 over
documents given the word i. Where [pi ]j = P (d = j|w = i)
represents the probability of document d = j have word w = i.

H(pi ) > (1 − ρ) max{H(x)}.

(3)

Using P (d = i|w = j) we compute its entropy and classify
each word as stop if it fulfills 3. Words with low entropy
were also removed, since these words tend to appear in few
document, therefore not useful when comparing documents.
Thus we remove any word that satisfies
H(pi ) > (1 − ρ) max{H(x)} or H(pi ) < ρ max{H(x)}.
(4)
VIII. S CALE S PACE S EGMENTATION AND L OCALLY
W EIGHTED BAG OF W ORDS
In this section a fundamental part of this work is presented,
the segmentation process. Segmentation is important since a
summary is based on these segments, this means that the basic
unit of a summary will be this segment. Mathematically we
define a segment as a set I = {t ∈ N : s1 ≤ t ≤ s2 } . We want
to partition a document to semantic cohesive segments with
low time complexity. [1] segments video using a script-subtitle
alignment, but in this project we restricted our approach to
use just subtitles information since they are more available.
[1] also used time between subtitles to further segment the
document, but this approach doesn’t have at least explicitly,
the purpose of doing a semantic segmentation. We propose
to segment the subtitle text document using a scale-space
segmentation approach similar to [9], [21] and [22]. Since they
minimizes a energy that relates in a sense to the semantics of
the text. In this section will introduce scale-space segmentation
and its relation to a semantic segmentation. We will see that
Locally Weighted Bag of Words (Lowbow) [9] and scale-space
segmentation are equivalent. Using spectral graph theory, the
scale-space representation can be compressed, thus reducing
time complexity of the segmentation. Finally in the end of this
section we describe the final algorithm
Scale-space methods is a technique developed by [23] for
segmentation of 1D signals, later it was generalized to vector
values 1D signals [24] and multivariate signals [25] and
[26]. Although not mentioning scale-space segmentation, [9]
used a similar approach to text segmentation using Lowbow
document representation.
It is simple to understand scale-space segmentation using
a problem, in this way we will explain the intuition behind
the method. Imagine that someone wanted to approximate a
noisy signal with a smooth one. This is a very old problem
and it appears in many different areas, signal processing
[27], machine learning [28] and functional data analysis [29]
to name a few. This problem can formalized as Tikhonov
regularization problem. Using a continuous notation for 1D
signals it can be defined as :
Z
min
u

a

b

(f (x) − u(x))2 dx + λ

Z

b

u0 (x)2 dx, λ ≥ 0

(5)

a

This cost function 5 tries to find a function that is smooth
and close to f in a square L2 norm way. This relates to our
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problem in the following sense. In a text document words
referring a certain topic appear more often in a close sequence
of words. Nevertheless lots of off topic words appear in
this sequence. These words could be regarded as noise in
the sequence. So if we consider a document as a signal we
can remove its noise by computing the solution to Tikhonov
regularization problem. Once the noise is removed from the
signal, large scale differences become easier to spot, turning
the segmentation task easier to perform. The solution to 5
approximates the original signal while removing local differences. The scale of the local differences are parameterized by
λ. So as the scale parameter rises the signal becomes smoother
and thus larger scale features will become available.
The scale-space method tries to solve Tikhonov regularization problem by starting off with the original signal and then
smooth it out until it reach the defined scale, parameterized
by t.
This approach can be formalized as a gradient descend flow
of :
Z b
u0 (x)2 dx
(6)
a

which is the heat equation flow :
∂2u
∂u(x, t)
=
∂t
∂x2
u(x, 0) = f (x).

word, phrase, etc.). Each row could represent a unit of text
in different ways. [22] represented a unit of text as a Latent
Semantic Index vector and [21] tried many methods such as the
simple bag of words and the Latent Dirichlet Allocation vector.
The scale-space segmentation is done similar to [23] but here
each column is a signal that is the result of a convolution with
a Gaussian filter. Matrix X can be though as a vector value
signal, where each row is a sample of this signal. In order to
segment the text they use as topic boundaries local maxima
of the signal derivative norm.
[9] introduces the Lowbow and one of its application is
text segmentation. Lowbow uses categorical model defined in
section IV-B with additive smoothing ( or Laplace smoothing
). A document is encoded as N × |V | matrix X where each
row is defined as
iT
h
δyi ,j +c
(8)
xi = . . . 1+|V
.
.
.
.
|c
Where c ≥ 0 and it is the additive smoothing parameter.
He defines x : {1, . . . , N } × |V | 7→ [0, 1] to be a function
such that x(i, j) = [xi ]j . Then a continuous representation is
defined to be a function φ : [0, 1] × |V | 7→ [0, 1], such that :
φ(s, j) = x(dN se, j).

(7)

Note that the cost function is convex since 6 is a squared L2
norm of u0 . From this we conclude that 6 has only one minima,
see [30]. Therefore it is proved that the family of functions
defined by 7 improves 6 as t → ∞ and it is reaching the
global minimum. For more about optimization of functions
and gradient flows check [31] and [32]. Note that with the 7
f will get smoother as the parameter t increases. In the limit
the solution to 6 is given by the Euler-Lagrange formula to
be u00 = 0, whose solutions are linear and constant functions.
A way to solve 7 is by convolution of f with the heat kernel
H(x, t) see [33]. The heat kernel in the Euclidean geometry
is given by
 2
1
−x
.
H(x, t) = √
exp
4t
4πt
However most of the times in literature, the authors tend to
use the Gaussian kernel
 2
1
−x
G(x, σ) = √
exp
2σ 2
2πσ 2
, which is closely related with the heat kernel. We get the
Gaussian kernel from the heat kernel by a simple change of
2
coordinates t = σ2 .
Having the intuition behind scale-space in mind, scale-space
segmentation segments a signal where the local differences
are higher,
formally this means cutting the segment whenever

∂u 2
is
maximum.
Smoothing f reduces local differences
∂x
while maintaining large scale differences, then the method cuts
f whenever it finds a large difference locally, see [23] for more
information.
[21] and [22] build a matrix X which represent a kind of
categorical model, where each row represents a unit of text (a

Now the Lowbow curve is defined as γ : [0, 1]×|V | 7→ [0, 1]
Z
γσ (µ, j) =

1

φ(s, j)Kµ,σ (s) ds.

(9)

0

We can see that γ is the convolution of the function φ(s, j)
with the kernel Kµ,σ (s) which can be the Gaussian kernel.
Segmentation of the Lowbow is also done by finding the
maximum of
∂γ σ (µ)
.
∂µ 2
Lowbow and scale-space are equivalent, since they are both
convolution of a text signal with a low-pass spatial filter. We
will use this method to find and segment topic boundaries to
obtain the basic unit in our system.
After we remove stop words in the prepossessing step,
it is constructed for each document a N × |V | matrix X
described above in 8. Now rather than define a discretization
of a continuous problem like 6 we use a discrete energy that
captures the same idea. This energy seems in a sense less
artificial since in a computer everything needs is discrete and
discretizations(which are approximations) are prune to errors.
Plus this way we can use ideas of [34] and [35], which are
frameworks that already solve our problem. Using this method
will produce an algorithm with lower time complexity than the
former scale-space segmentation.
Every row of X, xi is a point in P|V |−1 . Also there is a
implicit sequential structure in X since xi+1 represent a word
after xi . The sequential aspect of the text can be interpreted
as a graph, where word i is connected to word i − 1 and
i + 1. This document representation can be thought as an
graph embedding in the simplex. Then in order to reduce the
differences between adjacent vertices a discrete version of 5
or 6 should be defined.
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Let
|V |

X

min

f1 ,...,fN ∈P|V |−1

|fi − fj |2 =

X X

([fi ]k − [fj ]k )2

k=1 (i,j)∈E

(i,j)∈E

(10)
be such definition of the smoothing cost function. Note that
E is the set of edges. In a way fi − fj can be thought as
discrete derivative of the Lowbow curve. Now we will derive
a solution to this problem using the continuous problem as
guidance. So we need to find gradient flow to 10 with X as
the initial condition. It is useful to make a change of variable
to 10 oprimization problem. This transformation is :
min

2

([gk ]i − [gk ]j ) .

k=1 (i,j)∈E

Let A be the N × N adjacency matrix of the graph defined
above. Where Aij = 1 if there is an edge between i and j and
0 otherwise and D is a diagonal matrix with Dii = deg(i)
and zeros elsewhere. This cost function is re-written as :
2

|V |
X

t → ∞ , e−λi t → 0, ∀i > 1

(15)

e−λk+1 t < e−λk t , k ∈ {1, . . . , N }.

(16)

and

So we can approximate G(t) = X(t) by using just the first
k eigenvalues and eigenvectors,
X(t) ' Uk exp(−St)k X̂k (0).

|V |
X
X

g1 ,...,g|V | ∈RN

solution. This provides efficient calculation of eigenvectors
in O(N 2 ) time, see [37] and [38]. We can still improve
performance by noting that :

gkT (D − A)gk = 2

k=1

|V |
X

gkT Lgk .

(11)

k=1

Matrix L in literature is called the graph laplacian matrix.
Now with 11 a gradient flow can be found in a simpler manner.
Let L be discrete smoothing cost function, then :
1
tr(GT LG)
2
Where G is a N × |V | matrix where each columns is given
by gk . Note that the factor 21 does not alter the solution of
our problem (11), it is introduced just to simplify calculations.
Then the gradient descend is given by
L(g1 , . . . , g|V | ) =

Ġ = −LG, G(0) = X.

(12)

Now it can be understood the change of variables done in
the beginning. gk (t) are the columns of X after smoothing t
seconds. We are simply doing a spatial filter to the columns
of X.
The solution of 12 is,
G(t) = exp(−Lt)X.

(13)

T

It can be shown that L = U SU is a semi-positive definite
matrix with positive eigenvalues λ1 = 0 ≤ λ2 · · · ≤ λN and
orthonormal eigenvectors U [36]. Hence :
G(t) = U exp(−St)U T X
G(t) = U exp(−St)X̂.

(14)

Here S is a diagonal matrix with the eigenvalues of L,
exp(−St) is a diagonal matrix with entries exp(−St)ii =
e−λi t and X̂ = U T X is a graph spectral representation of X
[35], which is a kind of generalization of a Fourier transform
of a signal in a graph. Note also that our graph for sequential
representation of text is very simple, hence eigenvalues and
eigenvectors of the graph laplacian have a simple closed form

(17)

Where Uk is the first k columns of U , exp(−St)k is a
k × k sub matrix of exp(−St) and X̂k (0) are the first k rows
of X̂(0). Using 15 and 16 a good approximation of X(t) can
be given by finding a k such that it is the maximum value
that fulfills e−λk t > ε, ε > 0. Where ε is close to zero. In
practice our system works the way around, the system ask for
k and it computes the t parameter. t is calculated as follow :
t(k) = −

log(ε)
.
λk+1

More about how we select a good k for our summaries will
be discussed later in the text.
To perform segmentation we will use the same principle of
[9] and segment text where there is a local maximum of the
derivative norm at a scale t. Let derivative of the text signal
be defined as a function dX : {1, . . . , N − 1} 7→ R|V | equal
to :
dX (k) = xk+1 − xk .
This can be written in a succinct way in matrix form:


dX (1)

...
DN X = 
dX (N − 1)
Where DN is the tridiagonal matrix defined as (DN )i,i =
−1, (DN )i,i+1 = 1 and 0 otherwise, for all i ∈ {1, . . . , N −1}.
Then we compute
|dX(t) (k)|2 = dX(t) (k), dX(t) (k)

(18)

which is the norm of the derivative of the smoothed text
signal. Now segmentation of the text is done by segment text
in the local maxima of |dX(t) (k)|2 . In summary the algorithm
can be described using the following pseudo-code :
• 1. Compute dX(t) = DN X(t)
2
• 2. Compute |dX(t) (k)|
2
• 3. find and segment local maxima from |dX(t) (k)|
The time complexity of segmenting a document given k
eigenvectors and eigenvalues is O(N k|V |). One could argument that there is no speed improvement when comparing with
the convolution of text signal with the heat/gaussian kernel,
after all it only takes O(N b|V |), where b is the bandwidth
of the kernel. But there is something missing which is that
b and k are both functions of the scale t and as t → ∞,
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b(t) → N and k(t) → 1. Usually t will not be small hence
our method becomes faster than the convolution. Its is worth
noticing that Uk exp(−St)UkT is the discrete heat kernel [35]
and there are lots of benefits of using discrete objects instead
of discretizations of continuous objects, see [39].

Where dij is the distance between segments i and j using the
metrics above. An interpretation of the spectral clustering is
to find an graph embedding such that similar vertices become
close in the embedding. In this space it is easy to find clusters
using traditional methods such as K-means. This formalizes
in the following optimization problem:

IX. C LUSTERING FOR ARC / TOPIC FINDING
After the text segmentation process we get a set of text
segments per episode. These segments are the basic unit of this
summarization system. These segments were by construction
made to capture topic boundaries within each episode. Now
using these basic units we will find the relations between
them by clustering these segments. The partition formed by
the clustering process will be the arcs of the series. These
segments are represented by a bag of word model of the
words of a given segment. Mathematically this translates in
a operation that receives a document X (smoothed categorical
model described above) and a segment I = [i, j] as input and
produces a segment given by:
j

1 X
xk .
sI =
j−i

min

f1 ,...,fK

K
X
k=1

Where D
is a diagonal matrix where each entry is given
P|S|
by Dii = j=1 wij . L = (D − W ) is graph laplacian matrix
as we see on 11 but here W is used instead of the adjacency
matrix. Note that each row of F corresponds to the coordinates
of a vertex in the embedding. Also the constraint F T F = I
is given such that the solution of 20 is not the trivial solution
where all vertices have the same coordinate. With a few
changes to this algorithm it is possible not only to maximize
the dissimilarities between clusters ( the one explained is
performing just that ) but also maximize the similarities within
clusters( [36]). This changes the cost function to :

k=i

min tr(F T LF ), s.t F T DF = I

From now on the algorithm only works with segments
si , i ∈ S, where S is the set of all segments of a series.
To connect segments, a similarity graph is constructed. This
graph is a K-nearest neighbor graph, where each vertex i is
connected to vertex j if j is among the the k nearest neighbors
of i. Nearest in this context is defined with a metric. One
metric is used in this project:
• Simplex distance: defined in [40] to be the geodesics
distance between to points in PN −1 using the Fisher
information metric. end
!
N
X
√
d(x, y) = 2 arccos
xi yi
i=1

We define an arc of a series to be all segments related to
a certain topic. The way we found those arcs was to cluster
segments into T topics. We explore three methods to cluster
the data. Two of them use the similarity graph as the basis
of the cluster procedure while the third algorithm doesn’t.
The third algorithm uses a standard topic finding algorithm
in natural language processing which is the Latent Dirichlet
Allocation(LDA) [41], while the other are based in spectral
graph theory.
A. Spectral Clustering
Having a similarity graph of segments and K number of
topics, we want to partition the graph such similar segments
stay in the same cluster and dissimilar ones on a different
clusters. One framework of graph clustering algorithms is
the spectral clustering approach. Let G = (S, E, W ) be a
graph with vertex S(each vertex is a segment), edges E and
similarity matrix W where similarity between i and j is
computed as:
d2
ij

wij = e− 2σ2 .

fkT (D − W )fk = tr(F T LF ), s.t F T F = I (20)

(19)

F

(21)

Where the solution of the problem is given by the K lowest
generalized eigenvectors Lvk = λDvk . Typically this is the
cost function used for most of the problems. In order to solve
1
21 usually a change of variables is made, let H = D 2 F
1
(note that D 2 is easy to compute since D is diagonal) then
21 becomes :
1

1

min tr(H T D− 2 LD− 2 H), s.t H T H = I.
H

(22)

Using this transformation the solution becomes easier to
compute since optimization of 22 turns to a eigenvectors
1
1
problem. D− 2 LD− 2 is called the normalized laplacian, and
has nicer properties than the unnormalized version (see [36]
for discussion). After H is calculated F is discovered by
1
F = D− 2 H.
There is also the [42] approach to spectral clustering, which
is very similar to the normalized spectral clustering explained
above, that instead of computing F they use a normalized
version of H.
B. Diffusion Distance Clustering
Based on the diffusion distance of [43], we perform diffusion distance clustering algorithm to find the arcs of a series.
[20] already used this framework to compute topics in a
collection of documents with good results. Diffusion distance
framework basically creates an embedding of a graph using
similar theory as [44], but where laplacian eigenmaps fail
to give a explicit metric in its embedding, diffusion distance
defines a proper family of embeddings with a metric distances.
There are many similarities with spectral cluster algorithm,
although this one has a clear justification of K-means step.
The algorithm works similar to spectral clustering, it tries
to find an embedding of a graph such that similar vertex stay
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close in the embedding. In this embedding it will be easier
to use standard clustering algorithms such as K-means. The
difference between spectral clustering and diffusion clustering
is that instead of constraining the coordinates of the graph
to the space of orthogonal vectors it will do a gradient
descent on the spectral clustering energy and stop when a good
embedding is achieved. The energy that this method minimizes
is :
min tr(F T LF )
F

(23)

and the gradient descend equation is defined as :
Ḟ = −LF

While the last approaches treated the segments in a abstract
way as a similarity graph. This method removes this structure
but considers each segment as document generated by a probabilistic generative model, the latent Dirichlet allocation (LDA)
[41]. This method represents each document as a mixture of
k topics/arcs. Such topics are represented as a distribution
over words (P|V |−1 ). This method can be explained by the
following generative process:
• 1. Selects k topics. For i = 1 . . . k :
– (a) β i ∼ Dirichlet(η, |V |)
2. For each segment s ∈ S :
– (a) θ s ∼ Dirichlet(α, k)
– (b) For each word wj ∈ s:
∗ i. zj ∼ Categorical(θ s )
∗ ii. wj ∼ Categorical(β zj )
Where Dirichlet(η, M ) is the Dirichlet distribution with
probability density function given by
•

(24)

F (0) = I
By similar arguments as section VIII we find that the
solution is given in approximate way as :

P

M
M
Γ
α
Y
i
i=1
xiαi −1
x ∈ PM −1 , Dirichlet(x; α, M ) = QM
i=1 Γ(αi ) i=1

F (t) = Uk exp(−St)k UkT
Diffusion clustering does not take F as the answer, instead uses a reduce dimensional representation of F given
by exp(−St)k UkT . This representation has the property that
the euclidean distance between two vertices is the diffusion
distance. The diffusion distance can be written (check [45]) in
continuous setting as:
Z
2
2
Dt (x, z) =
(Ht (x, y) − Ht (z, y)) dz.
M

Where Ht (x, y) is the continuous heat kernel on a manifold.
In the discrete setting it translates to :
Dt2 (x, z) = |H(t)ex − H(t)ez |2

C. Latent Dirichlet Allocation Clustering

(25)

Which can be approximated with just k eigenvectors as
demonstrated in equation 17

Dt2 (x, z) ≈ | exp(−St)k UkT ex − exp(−St)k UkT ez |2 . (26)
As one can see this is just the euclidean distance between
two points in the embedding space. Hence by applying Kmeans a graph partition is obtained. When using this algorithm
there is a need to choose a good parameter t, since low values
of t will capture only information about its closest neighbors
while large values t will collapse the embedding to just one
point turning all segments equal by the diffusion distance.
Similar issue appeared in section VIII. Such selection of t
will be further discussed later in the text. This relation of the
heat equation and computation of distances was also explored
by [46] who also uses the heat kernel to compute geodesic
distances of surfaces.

where Γ(x) is the gamma function. The LDA algorithm
infers θ s ∈ Pk−1 for each segment. There are various ways in
literature to infer the parameters of the LDA model from data,
there are the variational methods [41] and Markov chain Monte
Carlo algorithms [47] and [48]. θ s provides a probability
distribution over k topics that measures the probability of a
word in the segment s to belong to topic k. Using θ i as a
low dimensional representation of si that capture how much a
segment belongs to a certain topic we devise a clustering step.
Since θ i ∈ Pk−1 there is no simple way to cluster these points,
K-means is only appropriate to data in the euclidean space, so
we decided to cluster each segment i based on the mode of
θ i . The justification of this clustering procedure is to assign
segment s its most probable topic which is the mode of θ s .
To perform Markov chain Monte Carlo version of LDA, [49]
library was used. This library implements [47] method, the
collapsed Gibbs sampling and uses 3 hyper-parameters, which
are the prior’s η and α, and the number of iterations/samples
of the Markov chain Monte Carlo.
X. S UMMARIZATION AND V IDEO F ORMATION
After finding the arcs from clustering of segments, we need
to select for each arc a set of segments that summarizes this
arc. This summarization process have a time constraint which
limits the time of the summary. In the limit case when there is
no time constraint, all of the segments of an arc will be part
of the summary. In order to solve this problem it was used
the LexRank approach described in IV-B3 using the clustered
similarity graph as input of the method. Other approaches
could be used such as [50] that also improves diversity in the
summary. This could be done in future work. The segmentation
of video was done by mapping each word, represented by the
rows of X, to the time interval that this word appeared in
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subtitle text file. This mapping is a function h(k) : N 7→ I
where I is the set of positive intervals R2+ . Having this map
and a segment si , that defines a interval in the rows of X, we
can compute a cut in the video. As an example suppose sI is
a segment that defines the interval [i, j], i, j ∈ N, then using
the map h, we compute correspondent video interval by:
SegmentInterval({i, . . . , j}) =

j
[

h(k).

k=i

> 0.1 its
From figure 2 we see that when r(ρ) = #StopWords
|V |
growth rate increases very fast. Based just on this experiment
we could say that ρ should be about 0 < ρ < 0.3, since for
ρ > 0.3 more than 40% of the words are stop words. The
other experiment was to compute the average Jaccard Index
of the set of stop words from different series as ρ is varying.
The result can be visualized in 3, it is clear that most of the
common stop words happens when ρ < 0.1. Based on this
simple experiments we used values of ρ < 0.1.

After computing this time interval FFMPEG [51] is used to
segment the video file. We present the summary of each arc
by retrieving a set of segments corresponding to that arc, or
a single video is produced for each arc/topic where this video
is the result of concatenation of all segments in a cluster.
XI. R ESULTS
In this section we will discuss results of our system. First
we discuss an empiric parameter selection. Next segmentation
results are presented. Topic/arc finding results are shown and
finally summarization of arcs is discussed.
XII. PARAMETERS SELECTION
An important topic is the tuning of the various parameters
of the summarizing model. This system has the following
parameters:
• ρ : which is the parameter responsible for identifying stop
words as described in section VII.
• t(k) : which is the time X(t) is diffused/smoothed. We
saw that this parameters is dependent of the number of
eigenvectors k used in the spectral representation (see
section VIII).
• d : P|V |−1 × P|V |−1 → R : is the distance function that
measures distance between histograms, this function is
used to construct the similarity graph (see IX).
• κ : number of neighbors that is select when construction
the similarity graph in IX.
• σ : parameter responsible for computing similarity between nodes, in the κ-nearest-neighbor graph (check
equation 19).
• T : number of topics/arcs of the series.
• Diffusion Clustering parameters:
– τ (k) : similar to t(k), τ is used to diffused the heat
kernel in a sense measure the range of neighbors the
method takes into account. τ (k) is also dependent
of the number of eigenvectors k used in the spectral
representation of the graph(check IX-B).
• LDA parameters:
– η : the prior parameter of the β i ∼ Dirichlet(η, |V |).
– α: the prior parameter of the θ s ∼ Dirichlet(α, T ).
– # Samples : number of samples of Markov chain
Monte Carlo algorithm.
Starting with ρ, we devised two simple experiments that
gives an intuition about how to choose this parameter. The first
thing we did was to change ρ from zero to one and compute the
average ratio between number of stop words and the size of the
vocabulary. From 4 we know that for ρ ≥ 0.5 this ratio is one.

Fig. 2.

#StopWords
|V |

by ρ of four different series.

Fig. 3. Average Jaccard Index of stop words sets of different series by ρ.

The parameters κ and σ were chosen according to [36],
where κ = log(|S|) and σ is mean distance of a point to its
k-th nearest neighbor.
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The number of topics T will be a user defined parameter.
The LDA parameters are the default according to [49] with
twice the samples of the default.
The distance function used by default will be the simplex
distance [40]( see IX). We use this distance function as default
because it is a metric (unlike the cosine distance) made for
histogram data (unlike the euclidean metric).
The selection of parameters τ (k) and t(k) will be discussed
in the next sections.
XIII. S EGMENTATION E VALUATION
To evaluate our segmentation method we will first study
some properties of this method in comparison with a trivial
method. This preliminary study will build us an intuition for
the value k in t(k). Then we use our method in a benchmark
segmentation data set and compared with the results of [52].
In order to understand our method and choose a good values
of k we device two basic experiments. As described above
k ∈ {1, . . . , N }, in our experiments we sample 50 values of
k for 8 episodes in 4 series(32 episodes). We want segments
that have a good topic cohesion, that is neighbor segments
should have high distance otherwise should be in the same
segment. Other aspect is the number of words in each segment,
a segment shouldn’t have all words in a document or just one
word. In the first experiment the number of segments |S| was
computed, from this we can check percentage of words in each
segment. Assuming that each segment has the same number
of words ( this assumption is in general false, but is used to
simplify the analysis ) we compute the percentage of words in
a segment ( number of words in segment divided by N ). This
percentage of words is easy to compute from our assumption,
which is that |S|#wordsInSegment = N , from simple algebra
1
. The second
the percentage of words in a segment is |S|
experiment we compute distances between adjacent segments
for a number of samples of k. With this we found a distribution
of distances as k is varying. From 4a and 4b we verify a
trade of between the difference between the neighbor segments
and the percentage of words in each segment. As k increases
the difference between neighbor segments increases rapidly
where the percentage of words in each segment decreases in
a fast rate. We want some kind of equilibrium between the
two, good amount of words per segment and good difference
between neighbor segment, but what good means ? From
k
some experiments the value N
= 0.04, gave good visual
results. This value validates in a way our results, since we
have 10% of words per segment and a average cosine distance
between neighbor segments of 0.2 with some variance when
k/N = 0.04. For comparison we made the same experiment
with a simple segmentation function. This function segments
a document with equal sizes parameterized by p, where the
size of the segment is equal to (1 − p)N . From 5a and 5b we
notice that the results are worst than the scale space methods
since at 10% words per segment the average cosine distance
between neighbor segments is less than 0.1 with less variance.
To demonstrate the validity of the segmentation process we
used a benchmark segmentation data set C99 presented in [53]
and the segmentation evaluation metric Pk defined in [54]. To

(a)

(b)
Fig. 4. (a)Percentage of words in each segment as function o k/N , blue curve
is the average value while the red curves represent the min and max values.
(b) Neighbor segment distance distribution using the scale space method as a
function of k/N .
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avoid misunderstandings we will use Pq as Pk . We compared
results with the paper [52]. The Pq metric is simply described
in [52] as : ”The Pq metric, captures the probability for a probe
composed of a pair of nearby elements (at constant distance
positions (i, i + q)) to be placed in the same segment by both
reference and hypothesized segmentation. In particular, the
Pq metric counts the number of disagreements on the probe
elements”. Mathematically it its computed as :
Pq =

N −q
1 X
[δref (i, i + q) 6= δhyp (i, i + q)]
N − q i=1

Where δref (i, i+q) = 1 if word in i and i+q belong to the same
segment and 0 otherwise. Also [true] = 1 and 0 otherwise.
Note that smaller Pq value indicate better segmentation. In
order to compare our results with [52] we decided to use the
same value of q as in [52], which is :
1 #elements
−1
(27)
2 #segments
After selecting a value for q we computed Pq using the
system segmentation method described in section VIII using
various values of k/N ( stop words were removed using a
list of stop words ). We computed the average value of Pq
for the whole C99 data set for each k/N . Since we already
know from the first experiments that for high values of k/N
the segmentation performs poorly, we just sample values from
0 to 0.1, as shown in figure 6.
q=

(a)

Fig. 6. Average Pq of C99 data set for various values of k/N .
(b)
Fig. 5. (a)Percentage of words in each segment as function o p, blue curve
is the average value while the red curves represent the min and max values.
(b) Neighbor segment distance distribution using the equal size segmentation
method as a function of p.

By comparing the best average Pq value of 0.1486 (with
k/N = 0.032) with the average Pq value of 0.1339 of the
OC99 method in [52], we see that even though our method
performs worst than the OC99 its value is very close (with
relative error |0.1339−0.1486|
' 0.11). It is worth noticing that
0.1339
OC99 method is a supervised technique since it uses word
embeddings trained from [55] and our method is unsupervised.
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XIV. C LUSTER E VALUATION
In order to compare the different ways of clustering the
segments into arcs/topics, few experiments were made. Those
experiments include measuring intra and inter cluster distance
distribution and the number of segments per cluster. The
experiments were made for each clustering method in section
IX with four series. The number of episodes for each series
are presented in table I.

entropy. Spectral norm method have great inter-cluster distance
with high average entropy.

TABLE I
S ERIES DATA SET
Series
Over The Garden Wall
Mr Robot
Breaking Bad
Battle Star Galactica

Number of episodes
10
10
62
73

Average length (min)
11
45
45
42

We choose these experiments because in a sense good
arcs/topics have similar segments in the same cluster and
dissimilar segments between different clusters. Therefore a
good partition of segment should have low intra-cluster distance and high inter-cluster distance. It is important to note
that these variables are dependent of the number of segments
in each cluster. Consider the following scenario where a
clustering algorithm creates two cluster, one of them has just
one segment while the other has the remainder of segments,
then the intra/inter-cluster distance would be biased in a sense
there isn’t enough data to compute inter-cluster distance. A
good clustering algorithm in this setting should be able to
distribute segments between clusters/topics such that number
of segments per topic isn’t ”too uneven”. There are a lot of
ways one could measure if the number of segments per topic is
uniform, one of these ways is to compute the probability of a
ni
segment to be part of topic/arc i, let it be called pi = |S|
,
where ni is the number of segments in topic i. Then we
propose the entropy of the pi as the measure of how much
uniform is the distribution of segments between topics, note
that the uniform distribution has maximum entropy.
To study the clustering process cluster intra and inter
distanceP
distributions were calculated in the following way :
T
All the i=1 ni (n2i −1) intra-clusters distances were sampled,
PT
while only 3 i=1 ni inter-cluster distances samples were
taken, due to a more complex sampling problem
and higher
PT −1 PT
number of samples( there are
n
inter
i
i=1
j=i+1 nj
cluster distances).
The parameters of the first experiment were the default with
t = − λlog(0.1)
, τ = − λlog(0.1)
(note that the first lambda
b0.04N c
b0.04|S|c
corresponds to eigenvalues mentioned in section VIII, while
the second lambda corresponds to the eigenvalues of section
IX) and a stop words list were used to remove stop words
instead of the entropy algorithm (VII). The number of topics
T = 6.
To evaluate this in an approximate way we compute the
mean(expected value) of the inter and intra cluster distance
distribution.
From images 7a and 8b we see that spectral non-normalized
and diffusion have high inter-cluster distance but have low

(a)

(b)
Fig. 7. (a)Average entropy of the second experiment. (b) Mean cosine distance
plot of the first experiment, line represents function y = x.

In the second experiment we removed stop words using
algorithm in VII with ρ = 0.05. Figures 8a and 8b shows
very similar results to the the first experiment with a slight
improvement in the Lda method.
We noticed that the κnn-graphs build for the spectral and
diffusion clustering methods with the default parameters were
creating highly connected graphs. In order to build graphs
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(a)
(a)

(b)
Fig. 8. (a)Average entropy of the second experiment. (b) Mean cosine distance
plot of the second experiment, line represents function y = x.

with more structure we decided to set κ = 1 and set the
other parameters to the same as the first experiment. The Lda
method didn’t change with these new parameters, as expected.
Diffusion, spectral non-normalized and [42] have very close
distance distributions means with [42] still having highest
average entropy although there was a great improvement in
the average entropy of the diffusion method (see 9a and 9b).
We also tried the previous experiment with ρ = 0.05.
Average entropy of every method have increased with diffu-

(b)
Fig. 9. (a)Average entropy of the third experiment. (b) Mean cosine distance
plot of the third experiment, line represents function y = x.

sion and Lda methods having the highest inter-cluster mean
distance(check 10a and 10b).
We notice that segment in the summary were very large
so we decreased t to t = − λlog(0.1)
. Also τ was increased
b0.05N c
log(0.1)
to τ = − λb0.033|S|c
. In the fifth experiment Lda method
performed better when looking to both average segment distribution entropy and mean cosine inter-cluster distance. All
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(a)

(a)

(b)

(b)

Fig. 10. (a)Average entropy of the fourth experiment. (b) Mean cosine
distance plot of the fourth experiment, line represents function y = x.

Fig. 11. (a)Average entropy of the fifth experiment. (b) Mean cosine distance
plot of the fifth experiment, line represents function y = x.

the other methods improve on their mean inter-cluster distance
but degrade in their average entropy ( see 10a and 10b).

those arcs based on just subtitle information. This method
creates arc summaries that take in to account the story of the
series namely because it uses textual information of the whole
series instead of just using information of one episode like
[1] or just using visual and audio cues of general purpose
video summarization (IV-A) without semantic context. We
reviewed several text summarization in section IV-B, since
these methods are at the core of our summarization method.

XV. C ONCLUSION
A. Conclusions and Future Work
In this thesis, we designed and implemented a system
capable of segment, cluster arcs of the series and summarize
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In order to cluster all episodes of a series to arcs, a good
semantic episode segmentation is needed. We address this
problem by using well established theory, namely scale-space
segmentation and Lowbow curves. We showed that those two
methods were equivalent and reformulated this methods using
spectral graph theory improving its time complexity (section
VIII). This reformulation creates a compressed sequential
text model (in part responsible for the decrease in time
complexity) that should be further studied in future work,
one improvement could be a dimensionality reduction of the
word space while using this model. We tested this method
on benchmark segmentation task with good results (XIII). We
studied several clustering methods for topic/arc finding in a
certain detail and conducted several intrinsic experiments to
evaluate its performance (IX and XIV respectively). For future
work there should be a user study to assess the output of
this algorithm, since it was made for human consumption. We
focus mainly on spectral clustering algorithms for topic/arc
finding mainly because intuitively they connect segments to
each under a geometrical graph structure called knn-graph(
able to capture curved data manifolds) then this graph is
embedded in a space such that similar segments to stay
together, while Lda method( which was also studied) creates
topics by embedding segments in a low dimensional linear
space that may not capture curvature of the data. Some of our
results favor spectral clustering methods since they produce
close to uniform distribution of the segments per topic, with
still high inter-cluster mean distance and low intra-cluster
mean distance. The focus on this thesis on spectral graph
methods comes because of the applicability of this theory in
all phases of the process, such as random walks ( [56]) for the
summarization, spectral clustering(and diffusion clustering)
for the arc/topic finding and segmentation process with scalespace segmentation. This suggest for future work to unify all
of these similar but different methods based on spectral graph
theory to produce better models of text and documents. Finally
while building the knn-graph of the segments some segments
made connections to other segments that weren’t similar but
their distance was small, this implies that there is an issue
on the documents distance functions. Future work on distance
functions for document should be address, perhaps using other
language models such as [57].
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