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Abstract. This paper presents an extensive evaluation, on artifi@gsgts, of
EDY, an unsupervised algorithm for automatically synthiegi a Structured Hid-
den Markov Model (S-HMM) from a database of sequences. Tl @oEDY is
capturing the stochastic process by which the observedntetayenerated. The S-
HMM is a sub-class of Hidden Markov Model that exhibits a gqdim@ar computa-
tional complexity and is well suited to real-time problenfipmcess/user profiling.
The datasets used for the evaluation are available on thé \ilétey are a proposal
benchmark for the deep-testing and comparing of tools dpeel for analysis of
temporal (spatial) sequences in which the objective is¢onstruct the generative
model from which the sequences originated.
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1. Introduction

Since many years, temporal sequences have been the subjeetsiigation in many
fields, such as signal processing, pattern recognition n@tadork monitoring. In real
world, most systems are dynamic and are naturally desctilyettmporal features,
whose values change significantly during an observatiologen the general case, a
temporal sequence is the observable manifestation (tbe)tod a process, or of a set of
processes, which evolve during time. This is, for instatiee case of sequential signals
[1,2] coming from sensors or logs of system usage [3,4].

Stochastigenerative modelsave been largely proposed as a suitable tool for ana-
lyzing temporal sequences. Probability theory offers enfraork for modeling the evo-
lution of processes characterized by inherent randomrreggarating in environments
too complex for a precise analysis. In this framework th&éstteal distributions govern-
ing the evolution of a system can be estimated from a leasengf traces describing its
past history. The statistical approach tends to producedehuapturing only the regu-
larities occurring in the sequences (referred tonadifs in the following ), while infre-
quent patterns are considered as noise (we will call thepy. This approach allows to
infer a model from a relatively small set of strings.

Hidden Markov Models (HMMs) [5] are a natural choice whenrtiedeling process
is discrete and the system depends only on the current dttite system itself. HMMs
describe the underlying dynamic processes that goverersybtehavior and they are
perhaps the simplest models of a random evolution withowg-ierm memory.



Despite the advantages of this framework, developing thetstre of an HMM is
not trivial and most works proposed in the past only deal withproblem of inferring
the distribution of probabilities governing that strueuin [6] has been presented EDY,
an algorithm which explicitly addresses this problem. EB¥mn unsupervised algorithm
that models complex profiles from traces by means of Stradthiidden Markov Models
(S-HMMs) [7]. A S-HMM benefits from interesting compositanproperties, which
allow for its incremental construction. It is a variant ofdden Markov Models which
inherits the major advantages of Hierarchical Hidden Marktodels [8] but exhibits
a tractable complexity. In [7] has been shown how computiregrhaximum likelihood
path on a sentence 1000 characters long with a model of 83 stéll take less than 2
seconds on a Intel CoreDuo @ 2,16Ghz.

Aim of this paper is to provide an extensive evaluation of EB¥¥hg artificial traces.
In order to understand why we use artificial traces to test pBMormances, we must
put in evidence that goal of EDY is to reconstruct the gemerahodel of a process,
and not a classification model as it is done by most existiagniag algorithms as, for
instance, SVMs [9]. In Machine Learning literature a largenber of datasets, related
to temporal or spatial learning, have been proposed. Matlyswh are also available on
the WEB. Typically they originate from real-world processe.g. traces of the activity
of a process, DNA sequences, etc. They can be used for dassifi analysis. But it
is difficult to have a precise knowledge of the generativecess which originated the
sequences, making these datasets unuseful for the kincuofigtal analysis that is our
goal.

Artificial data are a suitable tool to evaluate learning éatpons, because they can be
constructed on purpose to put in evidence both strong anll p@ats. In order to fully
analyze the real potentiality of the algorithm we need toites) sequences in which the
patterns hidden inside are known. We have designed diffkhed of datasets of growing
difficulty, aimed at testing different aspect of the algamit These datasets are available,
for the Machine Learning community, dritp://www.edygroup.di.unipmn.it

In the following sections we will provide a brief overview 8HMM and EDY
algorithm in order to help the reader to better understardatialysis provided in the
rest of paper. For a deeper analysis or for an applicatioheframework to real-world
applications, an interested reader can consult [6,7].

2. The Structured Hidden Markov Model

The basic assumption underlying an S-HMM is that a sequéne€O1, O3, O3, ..., O;}
of observations could be segmented into a set of subsequ@fideO? ... OV)  each
one generated by a sub-process with only weak interactigthsits neighbors [10]. S-
HMMs are represented as directed graphs, structured ibt@maphs flocky, each one
modeling a specific kind of sub-sequences. A block consistsset of states, only two
of which (theinitial and theendstate) are allowed to be connected to other blocks. As
an S-HMM is itself a block, a nesting mechanism is immediatgdfine.

For providing a formal definition of S-HMM we need to recalatta generic HMM
is a stochastic automaton characterized by a set of states alphabel’, and a triple
A = (A, B,1I), being:



Figure 1. Example of Structured Hidden Markov Model composed of tlinéerconnected blocks, plus two
null blocks Ao and )4, providing the start and end states. Distributidris non-null only for explicitly repre-
sented arcs.

e A:S5 xS —|0,1] aprobability distributiong;;, governing the transition from
statesS; to stateS;;

e B:SxV —|0,1] a probability distributiond;(V},), governing the emission of
symbols in each statg;, € S;

e II: S — [0,1] a distribution assigning to each staie € S the probability of
being the start state.

A stateS; will be said asilentstate ifvV, € V' : b;(V}) = 0, i.e., S; does not emit any
symbol. When entering a silent state, the time counter mtsb@incremented.

Definition 1 A basic blockof an S-HMM is a 4-tuple. = (A, B, I, E), wherel, E € Q
are silent states such that(I) = 1,VS; € S : a;; = 0,andVvs; € S : ag; = 0.

In other words,/ and E are the input and the output states, respectively. Thexgéor
composite block can be defined by connecting, through aitremsetwork, the input
and output states of a set of blocks.

Definition 2 Given an ordered set of blocks= {);|1 < i < N}, acomposite blochs
ad-tuplex = (A;, Ag, I, E), where:

e A;:ExI—[0,1], Ag : I x E — [0, 1] are probability distributions governing
the transitions from the output stat&sto the input state$, and from the input
stated to the output stateB of the component blocks, respectively.

e For all pairs (E;, I;) the transition probability:z, 7, = 0if j < i.

e | = [, and E = Ey are the input and output states of the composite block,
respectively.

According to Definition 2 the components of a composite bicank be either basic blocks
or, in turn, composite blocks. In other words, compositekéocan be arbitrarily nested.
As a special case, a block can degenerate tatitidlock which consists of the start and
end states only, connected by an edge with probalility= 1. An example of S-HMM
structured into three blocks;, A2, A3, and twonull blocks )\, A4, providing the start
and the end states, is described in Figure 1.



3. Edy’s discovery strategy

The EDY algorithm exploits co-occurrence of regularitiesbounded regions of a se-
quence in order to detect short motifs. The S-HMNMf a sparse pattern is constructed
incrementally, starting from a learning 468 of sequences, going through a learning cy-
cle in which a model is progressively extended and refinedepgatedly incorporating
new motifs and gaps. The rational behind this architecwithat regularities due to the
presence of motifs may be difficult (or impossible) to digtirsh from randomness when
considered in isolation, but may become evident in the corstablished by a partial
model. Therefore the algorithm tries to discover first thaifepwhich are evidentin ab-
sence of any a priori information. Then using such motifsiitds up a first model which
is augmented cycle after cycles by adding new motifs as Isrtbey become detectable.

The cycle may initiate with ampty modebr with a model supplied by an expert of
the domain, and terminates when there is no more evidenawmuotifs to incorporate.
The basic step for extendingencompasses the following actions:

1. Find a not yet analyzed basic blokk encoding a gap.

2. For each sequenae € LS determine the most likely subsequence encoded
by A\x, using the viterbi algorithm [5]. If such a subsequencetsiis. the path
passes throughy, insert the observed subsequence into a temporary leageing
LS.

3. Search for regularities (motifs) occurring in the sequsraccumulated ih.S.

If no new motifs are discovered, then exit, otherwise buitaposite block\}
containing the new motifs and replasg with \}..

4. Locally train);, using the Baum-Welch algorithm, and validate the final model
according to some test. If the test is successful, then moatiotherwise restore
model)\;, and exit.

The above procedure is iterated untilgepblock remains unexplored. At every step the
algorithm can use a set of refinement operators in order toerefotif andgap blocks.
An overview of these operators is presented in [6]

4. Artificial Datasets

We test EDY with traces generated by meang&mfwnS-HMMs constructed by means
of a semi-automatic procedure. The task for EDY is then tomstruct, as closely as
possible, the original model starting from the traces. Asttrget model is a S-HMM,
the task should be solvable with very good approximatiorerifhhe only sources of
inaccuracy can be due to weaknesses of the algorithm dSeategto a dataset size
insufficient to detect all existing regularities.

Two groups of artificial benchmarks have been constructépl:tie sequential
datasets and (2) thetructureddatasets. Each group aims at testing a different aspect of
the algorithm. The first group investigates how the behavidhe algorithm is affected
by the size of the alphabet encoding the sequences, and Isntifta of the motifs hid-
den in the sequences. The second group aims at checking ittty afbthe algorithm
at learning models structured as graphs of motifs, i.e.aliikity at learning disjunctive
expressions.



Table 1. Average value of parameterand of the sequence lengtin datasets A3, A4, and B3.

NO N1 N2 N3
7 1 7 1 7 1 7 1
A3 | 0.078 755 | 0.186 414| 0.235 388| 0.256 385
A4 | 0.082 1081| 0.219 524| 0.281 485| 0.307 480
B3 | 0.073 547 | 0.156 330| 0.194 318| 0.209 318
C3 | 0.076 773 | 0.184 414| 0.230 390 0.248 389
D3 | 0.158 328 | 0.231 291| 0.265 300| 0.280 306

4.1. "Sequential" Datasets

This benchmark includes 960 learning problems generated 8-HMMs belonging to
3 different groups ( A3, A4 and B3), characterized by a gragxdomplexity from A3 to
B3. All S-HMMs have been constructed according a two levetdnichy. All models of
the benchmark generate a chain of motifs separated by gamsyhg length plus an
initial and final random gap. The main difference betweesd¢haodels it is constituted
by the number of motifs composing the chain. Model A3 consamrmotifs and model
A4 is formed by nine motifs. The last group, B3, also geneaatequence of motifs but
it is composed by a chain with forward jumps that allow getiegasequences with a
varying number of motifs (from two to six).

Using a semi-automated procedure, 48 template S-HMMs (f1€éch group) have
been constructed; they differ in the nominal length of thetifad5, 8, 11, 15 sym-
bols) and in the cardinality of the alphabet (4, 7, 14, 25 sgisib From each tem-
plate four different S-HMMs have been obtained, with an éasing level of pertur-
bation on the probability distributions governing the sitions from state to state and
the observations generated inside states. Consideringvrage edit distancé; be-
tween the maximum likelihood sequences generated by thenthgel without per-
turbations, and the maximum likelihood sequences gertetatethe perturbed mod-
els the following average values have been obtained forahedlass of distributions:

Class: NO N1 N2 N3

0p: 0.0 0.11 0.19 0.28
Notice that also the gap length spread is strongly affecygtidincrease in the dis-

tribution spread, even if it is not accounted for in the measueported above. For every
setting of the above parameters we have generated fiveddiffenodels\> (wheren
range from 1 to 5 ané correspond to a specific combination of parameters). Kirfall
every modelZ, a learning seL.S)= and atest sef'S,=, each containing 100 sequences,
have been generated. '

The length of each sequence ranges from 800 to 1500 depewwlithge models. It
is worth noticing that, considering the quite short motiidéh, the coding part is much
smaller than the non coding part making the task of discagetiquite difficult. Table 1
reports the average percentagef the coding part over the total length of the sequences
for all the datasets.

Globally 960 different datasets, 320 for each kind of stitehave been generated.
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Figure 2. The structured datasets: (a) template model for C3 dat&setenposed by a sequence of constant
and alternative motifs, separated by gaps; (b) the temptatdel for D3 datasets is a complex model with
alternative motif (that could also be optionals), alteedatvith gaps
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4.2. "Structured" Datasets

The procedure used to construct the learning problems @bmchmark is identical to
the one used in the previous case. Here, target S-HMMs hanaga tike structure at the
abstract level. In this way, each S-HMM encodes disjunatglar expressions.

Two groups of S-HMMs have been defined. The first group, C3ristired as two
crossing chains of motifs separated by gaps. Some motitsyalaccur in all sequences,
whereas others can occur randomly in one or another posdltarnatively. The high-
level structure of C3 is described in figure 2(a). The secand D3, is similar to C3,
with the difference that motifs may occur consecutivelyheiit any separation gap. The
template of this model is described in figure 2(b).

According to the procedure described in section 4.1, 32 lat®s-HMMs (16 for
each group) have been generated, which differ in the norténgth of the motifs (5, 8,
11, 15 symbols), in the cardinality of the alphabet (4, 7,2B5symbols), and in the level
of noise affecting their emissions (NO, N1, N2, N3).

For every setting of the above parameters five different risotdg have been gen-
erated, each one used for generating a learning problemlehiggh of generated se-
guences ranges from 800 to 1500 depending on models, anith étgs case the portion
of string containing motifs is a small fraction of the entiteing (see Table 1). A set of
640 different datasets, 320 for each kind of structure has lgenerated.

5. Comparing HMMs

The target for EDY is to reconstruct the original model frommaanple of the sequences
it generates. Therefore, EDY’s performances can be evallst comparing the original
model to the learned one. We choose to compare HMMs on thedbése sequence dis-
tribution they generate. Under this assumption two modsmtshe consideredquivalent
when the corresponding distributions are identical.

Several measures can be found in the literature [5,11], wbén be used for this
purpose. We selected the one proposed by Rabiner in [5]n@ive models\p and\p
and a strings generated by modelp (denoted withsp), the distance betweexy and
Ao Wwith respect tas is measured as:

1

d(50,Ap; o) = T[ZOQ(P(SO|/\D)) —log(p(solro))] 1)



beingT the length of string . We measured the distance betwegnand\p by com-
puting the average value and the standard deviation of #tardie measure (1) on all se-
guences belonging to the distributions to compare. Thezdfeo models are equivalent
when the average distané@\p, \o) = 0 and the standard deviatiotid(Ap, \o)) = 0.

Distance (1) holds for any kind of HMM and then also for a S-HMNH can be used
for assessing the validity of learned models in all the ajgpidbns which can be set as
classification tasks or as prediction tasks. In other kiridgplication, the model is used
in order to provide an explanation for the patterns obseirvagsequence. Usually, this is
done by applying Viterbi algorithm in order to find the maximilikelihood path on the
model, which can generate the observed string. In this ¢hsestructure of the model
becomes really important, because the explanation wilNa@ngn terms of a sequence of
transitions on the model. Then we introduced a distanceuneasmed at testing EDY’s
ability at discovering the macro structure of the geneeatiodel. More specifically, the
measure(so, Ap, Ao) accounts for EDY’s ability at segmenting a stringnto motifs
and gaps corresponding to the ones defined by the originatimod

Let sy, sa, denote the segmentations obtained fram (the discovered model)
and o (the original model), respectively; ,, s», are aligned by putting into corre-
spondence the pair of segments tagged as motifs, which steogréatest similarity be-
tween them. Finallyp(so, Ap, Ao) is computed as the ratio:

A(SAD ) SAO)

‘C(Sko) @)

p(s0,Ap,Ao) =

In (2) A(sxp, Sao ) IS the sum of the the edit distance computed for all segmerg,pa
which have been aligned. Possible segments on both sidésh Wave not found any
correspondence are accounted by computing the edit desfamm thenull string. The
denominatoi’(s,,, ), is the sum of the length of all motifs occurring in the segtatan
SXo-

A second measuigs, Ap, A\o) has also been introduced, which simply accounts for
EDY'’s ability at correctly distinguishing the meaningfaformation in the learning set
from the non meaningful one inside the gaps. The algorithmadmputing is a obtained
as a simplification of the previous one. Again segmentasion, s, are computed.
Then, two substringsuy ,, m», are extracted from, ,, s»,, by collecting all motifs
defined byAp, Mo, respectively. Finallye(so, Ap, Ao ) is computed as the ratio:

D(m)\D ) on)

‘C(Sko ) )

€(s0,Ap,Ao) =

beingD(m, ,, m», ) the edit distance between, ,, andm,,, .

6. Discovering Sequential S-HMMs

In this section we report the results obtained running ED¥atasets A3, A4, and B3
we described in Section 4.1. For every learning problenresponding to a specifity,
alearning set of 100 sequences has been generated. Tharenda$as been evaluated
using 2000 sequences different from the ones in the leasghg



Table 2. Values for the distance measuté\o, Ap) in dependency of the alphabet cardinality (AC) and the
motif length (ML), obtained for datasets A3, A4 and B3

A3 AC ML

4 7 14 25 5 8 11 15
d | -0.011 | -0.023 | -0.021 | -0.017 || -0.012 | -0.015 | -0.021 | -0.025

NO o4 | 0.017 | 0.036 | 0.042 | 0.033 || 0.020 | 0.026 | 0.036 | 0.046
d | -0.044 | -0.023 | -0.028 | -0.032 || -0.023 | -0.032 | -0.028 | -0.043

N1 o4 | 0013 | 0.026 | 0.033 | 0.033 || 0.019 | 0.027 | 0.029 | 0.030
d | -0.050 | -0.028 | -0.030 | -0.025 || -0.023 | -0.028 | -0.037 | -0.045

N2 o4 | 0.014 | 0.038 | 0.031 | 0.023 || 0.015 | 0.016 | 0.030 | 0.043
d | -0.048 | -0.022 | -1.362 | -0.028 || -0.022 | -0.033 | -0.032 | -1.373

N3 o4 | 0.014 | 0.026 | 4.829 | 0.032 0.016 | 0.024 | 0.023 | 4.838

A4 AC ML

d | -0.022 | -0.020 | -0.019 | -0.029 || -0.020 | -0.018 | -0.022 | -0.030
NO o4 | 0.012 | 0.026 | 0.030 | 0.044 || 0.016 | 0.024 | 0.030 | 0.043
d | -0.066 | -0.052 | -0.043 | -0.051 || -0.041 | -0.054 | -0.054 | -0.062
N1 o4 | 0.012 | 0.024 | 0.032 | 0.053 || 0.017 | 0.029 | 0.031 | 0.043
d | -0.090 | -0.046 | -0.036 | -0.071 || -0.032 | -0.058 | -0.058 | -0.095
N2 o4 | 0015 | 0.018 | 0.039 | 0.075 || 0.018 | 0.022 | 0.025 | 0.081
d | -0.110 | -0.053 | -0.079 | -0.049 || -0.044 | -0.055 | -0.067 | -0.125
N3 o4 | 0.017 | 0.016 | 0.058 | 0.055 || 0.019 | 0.019 | 0.027 | 0.082

B3 AC ML
4 7 14 25 5 8 11 15
d | -0.019 | -0.018 | -0.016 | -0.019 || -0.011 | -0.015 | -0.021 | -0.026
NO o4 | 0.014 | 0.022 | 0.028 | 0.034 || 0.012 | 0.022 | 0.029 | 0.036
d | -0.041 | -0.026 | -0.027 | -0.030 || -0.021 | -0.026 | -0.034 | -0.043
N1 o4 | 0.027 | 0.029 | 0.030 | 0.034 || 0.020 | 0.028 | 0.032 | 0.039
d | -0.061 | -0.029 | -0.033 | -0.035 || -0.022 | -0.033 | -0.044 | -0.060

N2 o4 | 0.035 | 0.033 | 0.034 | 0.039 0.021 | 0.029 | 0.038 | 0.053
d | -0.056 | -0.023 | -0.025 | -0.192 || -0.020 | -0.029 | -0.036 | -0.210
N3 o4 | 0.037 | 0.022 | 0.034 | 2.273 0.020 | 0.025 | 0.033 | 2.287

The results obtained for measuteare reported in table 2. As the results depends
on two parameters: the alphabet cardinality, and the menith, the tables have been
compressed by marginalizing on the motif length and on tpbaallet cardinality, re-
spectively. In the tables two parameters are reporeaind the standard deviation of
d(so,Ap, A\o). It appears that the probability distribution generatedh®y discovered
model closely resembles to the original one. However, wenesthat the value af is
always negative that means that the probability assignedbig systematically slightly
larger that the one assigned by. This is due to the fact, thatp has been learned from
a sequence sample quite small comparing to the entirdsetan generate. Implicitly,
the learning algorithm tends to assign small, or null, philitg to the sequences not
occurring in the learning set, and, consequently, the athes will have a probability
higher than the original one.



Table 3. Values for the distance measugeande in dependency of the alphabet cardinality and motif length,
obtained for datasets A3, A4, and B3

Alphabet Cardinality
4 7 14 25

DS
A3

0.4053 | 0.3346 | 0.1578 | 0.0776 | 0.1452 | 0.0650 | 0.1391 | 0.0509
0.5184 | 0.3899 | 0.2434 | 0.0819 | 0.1472| 0.0380 | 0.0938 | 0.0186
0.5335| 0.3702 | 0.2014 | 0.0615| 0.1798 | 0.0397 | 0.1332 | 0.0174
0.3593 | 0.0592 | 0.0928 | 0.0502 | 0.0288 | 0.0291 | 0.0244 | 0.0217
0.1017 | 0.0372| 0.1248 | 0.0632 | 0.0419 | 0.0341 | 0.0503 | 0.0350
0.5875 | 0.5147| 0.2707 | 0.1788 | 0.1363 | 0.0894 | 0.1267 | 0.0561
0.6308 | 0.5333 | 0.2954 | 0.1327 | 0.1318 | 0.0426 | 0.1379 | 0.0474
0.6566 | 0.5361 | 0.3102 | 0.1299 | 0.2243 | 0.1054 | 0.1434 | 0.0276
0.2460 | 0.1914 | 0.2118 | 0.1253 | 0.0852 | 0.0735| 0.0737 | 0.0583
0.6199 | 0.4835| 0.2026 | 0.1492 | 0.2113 | 0.1017 | 0.1833 | 0.0784
0.6259 | 0.5521 | 0.3175| 0.1491| 0.2179 | 0.0812 | 0.2257 | 0.0586
0.5397 | 0.4222| 0.3239 | 0.1205| 0.1737 | 0.0543 | 0.2153 | 0.0382

Motif Length

A4

B3

W NP OlWNRFROlwNPEFR o2

DS
A3

0.2870 | 0.2703 | 0.1951 | 0.1762 | 0.0577 | 0.0449 | 0.3076 | 0.0366
0.2466 | 0.2301 | 0.1617 | 0.1505| 0.1220 | 0.0508 | 0.4724 | 0.0972
0.2348 | 0.1839 | 0.1678 | 0.1531 | 0.1558 | 0.1120 | 0.4894 | 0.0398
0.0554 | 0.0447 | 0.0480 | 0.0392 | 0.1211 | 0.0415| 0.2049 | 0.0312
0.0856 | 0.0723 | 0.0609 | 0.0496 | 0.0611 | 0.0277 | 0.1071 | 0.0287
0.3528 | 0.3225| 0.2328 | 0.2165| 0.2254 | 0.1746 | 0.3101 | 0.1253
0.2634 | 0.2275| 0.2585| 0.2378 | 0.2661 | 0.1614 | 0.4079 | 0.1293
0.3182 | 0.2762 | 0.1963 | 0.1659 | 0.2649 | 0.1662 | 0.5552 | 0.1907
0.1127 | 0.1023 | 0.1486 | 0.1370 | 0.1721 | 0.1168 | 0.1500 | 0.0701
0.3715| 0.3158 | 0.2138 | 0.1817 | 0.2133 | 0.1757 | 0.4185 | 0.1396
0.3104 | 0.2614 | 0.2388 | 0.2185| 0.3236 | 0.1948 | 0.5143 | 0.1663
0.1824 | 0.1276 | 0.2006 | 0.1580 | 0.2637 | 0.1538 | 0.5166 | 0.1222

A4

B3
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The results of the analysis made with respect to megsumed ¢ are reported in
Table 3. For the estimate of measuyreande a test set of 100 sequences, has shown
to be enough. Also in this case marginalization has beenetpph the complementary
parameter, in order to have a more compact representation.

As one may expect, the algorithm always finds an error-fredahwhen motifs are
not affected by noise (gaps are always filled with randomeajois presence of noise,
it appear that both(A\o, A\p) ande(Ao, Ap) increase when the alphabet cardinality and
the motif length decrease. In fact, when the alphabet islsine more difficult to dis-
tinguish real motifs from apparent regularities due to randess. For the same reason,
short motifs are more difficult to detect. Then, the perfanceadegradation is due, in
general, to the failure of the algorithm, which searchesi&ar motifs without finding the
correct ones. However, in some cases, the accuracy desiagasa when motifs become



Table 4. Values for the distance measuté\o, Ap) in dependency of the alphabet cardinality (AC) and the
motif length (ML), obtained for datasets C3 and D3

C3 AC ML
4 7 14 25 5 8 11 15
d | -0.018 | -0.024 | -0.028 | -0.028 || -0.014 | -0.024 | -0.027 | -0.032
NO o4 | 0.015 | 0.030 | 0.045 | 0.052 0.022 | 0.033 | 0.039 | 0.049
d | -0.049 | -0.035 | -0.033 | -0.043 || -0.030 | -0.033 | -0.044 | -0.053
N1 o4 | 0.016 | 0.032 | 0.039 | 0.048 || 0.020 | 0.034 | 0.038 | 0.042
d | -0.044 | -0.036 | -0.037 | -0.040 || -0.031 | -0.032 | -0.044 | -0.049
N2 o4 | 0.015| 0.038 | 0.035 | 0.045 || 0.021 | 0.025 | 0.036 | 0.050
d | -0.067 | -0.036 | -0.039 | -0.036 || -0.039 | -0.033 | -0.037 | -0.069
N3 o4 | 0.017 | 0.031 | 0.046 | 0.029 0.024 | 0.026 | 0.039 | 0.035

D3 AC ML

d | -0.067 | -0.076 | -0.074 | -0.086 || -0.051 | -0.070 | -0.081 | -0.102
NO o4 | 0.029 | 0.048 | 0.087 | 0.116 || 0.043 | 0.060 | 0.078 | 0.097
d | -0.084 | -0.088 | -0.093 | -0.083 || -0.064 | -0.093 | -0.082 | -0.108
N1 o4 | 0.027 | 0.052 | 0.051 | 0.063 || 0.032 | 0.045 | 0.042 | 0.073
d | -0.080 | -0.073 | -0.085 | -0.081 || -0.073 | -0.073 | -0.092 | -0.081
N2 o4 | 0.025 | 0.038 | 0.045 | 0.052 0.035 | 0.034 | 0.043 | 0.049
d | -0.088 | -0.086 | -0.094 | -0.107 || -0.076 | -0.084 | -0.098 | -0.117
N3 o4 | 0.028 | 0.050 | 0.051 | 0.061 0.039 | 0.041 | 0.054 | 0.056

longer than 11 symbols. An explanation for this behaviour né discussed in section
8. Nevertheless, it is interesting that the error rate remabmparable to the level of
noise of the dataset. Finally, the system always convemadtable model in a number
of steps ranging from 11 to 35. The computational compldwitysolving a single prob-

lem of the second group corresponds to a cpu time ranging 3@to 40 minutes on a
Opteron.

7. Discovering graph structured patterns

Aims of this case study is to check the ability of the algaritat reconstructing patterns
described by disjunctive expressions. We usedsthegctureddatasets (C3 and D3) in
order to perform this analysis. As discussed in sectionti2group of datasets is very
similar to thesequentiabatasets but characterized by a more complex graph steuctur

The results are described by means of a set of tables, negadi values obtained
for measurel (Table 4), and for measurgsande (Table 5).

Also in this case, we obtain performances, which, even ifsiirat in the previous
one, are good for what concerdsinde measures. Instead, paramegieshows that the
learned structure tends to be significantly different frowa driginal one.

It is important to evidence how the performances improvenwte cardinality of
alphabet grow up. As stated in previous section when therity of alphabet grows
apparent regularities due to randomness are more rare.ctheagy in some cases, de-
creases again when motif length increases. This phenonieparticularly evident when



Table 5. Values for the distance measugeande in dependency of the alphabet cardinality and motif length,
obtained for datasets C3 and D3

Alphabet Cardinality
4 7 14 25
DS | N P € P € p € p €
C3 | 0 | 0.3694| 0.2608 | 0.1923 | 0.1168 | 0.1573 | 0.0768 | 0.1510 | 0.0711
1 | 0.6157| 0.3738 | 0.2542 | 0.1060 | 0.2303 | 0.0663 | 0.1447 | 0.0400
2 | 0.5626 | 0.2794 | 0.3698 | 0.1069 | 0.2026 | 0.0469 | 0.1812 | 0.0482
3 | 0.4471| 0.2737 | 0.1125| 0.0596 | 0.0483 | 0.0303 | 0.0322 | 0.0193
D3 | O | 0.6692| 0.2434 | 0.4604 | 0.1832 | 0.2300 | 0.0888 | 0.2118 | 0.0779
1 | 0.7789 | 0.3645 | 0.5491 | 0.2252 | 0.3980 | 0.1446 | 0.3102 | 0.0925
2 | 0.6618 | 0.3236 | 0.5388 | 0.1403 | 0.4034| 0.1164 | 0.3653 | 0.0774
3 | 0.7231| 0.3625 | 0.5370 | 0.1775| 0.3789 | 0.1266 | 0.4161 | 0.1072
Motif Length
4 7 14 25
DS | N P € P € p € p €
C3 | 0 | 0.3416| 0.1995| 0.1549 | 0.1579 | 0.1192| 0.1117 | 0.2543 | 0.1242
1 | 0.3209 | 0.2562 | 0.1506 | 0.2416 | 0.2687 | 0.1926 | 0.5047 | 0.1364
2 | 0.3280 | 0.2513 | 0.1545| 0.1624 | 0.2978 | 0.14979| 0.5360 | 0.0943
3 | 0.0658 | 0.0549 | 0.0703 | 0.0601 | 0.1572| 0.0421 | 0.2516 | 0.1711
D3 | O | 0.4678| 0.1995| 0.4065 | 0.1579 | 0.3287 | 0.1117 | 0.3685 | 0.1242
1 | 0.6045 | 0.2562 | 0.3852 | 0.2416 | 0.3852 | 0.1926 | 0.5079 | 0.1364
2 | 0.5907 | 0.2513 | 0.4324 | 0.1624 | 0.406 0.1497 | 0.5401 | 0.0943
3 | 0.6031| 0.2564 | 0.3882 | 0.2013 | 0.4239| 0.1596 | 0.6399 | 0.1565

motifs are characterized by a low alphabet cardinality afmga noise level. We ob-
served this behavior also in the test reported in the prevseation and we will provide
an explanation in the final discussion in section 8.

Despite the complexity of the task the algorithm reachetesyatically performance
comparable to the level of noise of the dataset and the syalemays converged to a
stable model in a number of steps not greater than 40. Fittelyverage time for per-
forming each one of those task was about 1 hour on an Opteron.

8. Conclusions

The analysis reported in this paper investigates the chipeddf EDY of reconstructing
a generative model starting from a sample of sequencesétrgtsd.

The first feature emerging from the tables reported in thgipos sections, is the
strong influence of the alphabet cardinality on the algarigrerformances. With small
alphabets, the performances remarkably decay. Moredwgeffect is amplified by the
presence of noise. The phenomenon depends on the propabfinding apparent reg-
ularities, due to randomness, which increases as long aalhabet becomes small.
Consequently, on the one hand, apparent motifs are confusiethe real ones making
harder the task for the discovery procedure. On the othat liha statistical test we use



for selecting the motifs to include in the model, tends teceplso good motifs, because
they have a high probability of occurring also in a randonusege.

The second feature, which emerges, is the divergence betwaad ¢ in many
learning problems, which appears to depend upon both thié leregth and the alphabet
cardinality. The cause of this divergence is due to the fedtsome of the original motifs
are segmented into several smaller ones.

If motifs are short, this fragmentation happens when thdinality of the alphabet
is small. True motifs can be confused with false motifs areddiscovery procedure can
distinguish only one part of a motif, i.e. the one which by mt@appears to be more
stable in the learning set. However, a similar problem it thagpen also with alphabet
of large cardinality when the motifs are very long and higbérturbed. When a long
motif is corrupted in the central part it may be split into tavomore fragments that the
refinement procedures are no more able to recover. In bo#scdsnay happens that
in a later step, searching inside a gap the missed part iewdtised and included in the
model as an independent motif. The problem of fragmentationotifs could be solved
using a algorithm for merging contiguous motifs. Unforttetg at the moment such an
algorithm has not yet been implemented.

In conclusion, the motif fragmentation effect feinde exhibit quite different values
in several learning problems. In these cases most relevfmtmation has been discov-
ered, while the macro-structures of the original S-HMMséhawt been preserved with
good accuracy. Then, the discovered models are suitabi#assification or for predic-
tion tasks (as confirmed hydistance measure), but they are not suitable for interpreta
tion (segmentation) tasks.

Despite the mentioned drawbacks EDY demonstrated to be gowerful. It is able
to perform fast analysis on huge datasets and can operally imisupervised being of
great help in such tasks in which there is not a backgroundiletge of the domain.
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