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Abstract

Measuring the similarity of texts is a com-

mon task in detection of co-derivatives,

plagiarism and information flow. In gen-

eral the objective is to locate those frag-
ments of a document that are derived from
another text.

We have carried out an exhaustive compar-
ison of similarity estimation models in or-
der to determine which one performs bet-
ter on different levels of granularity and
languages (English, German, Spanish, and
Hindi). In connection with the comparison
we introduce a publicly available corpus
specially suited for this task. Furthermore
we introduce some modifications to well
known algorithms in order to demonstrate
their applicability to this task.

Amongst others, our experiments show the
strengths and weaknesses of the different
models with respect to the granularity of
the processed texts.

Introduction
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Special interest is given to the analysis of co-
derivatives. A co-derivative is defined as a pair
of documents which are revisions or plagiarism of
each other (Hoad and Zobel, 2003). We address
the problem by analyzing the textual content of the
implied texts (other methods perform the analy-
sis by considering the document structure (Buttler,
2004)). Our main interest is the selection of good
techniques for automatic plagiarism detection.

In this paper we present a comparison of differ-
ent methods for the measurement of similarity be-
tween texts. The remainder is laid out as follows.
Section 2 gives an overview of 8 methods for text
similarity measurement covering vector space, fin-
gerprinting, and probabilistic models. Section 3
describes the construction of a corpus for detection
of monolingual derivatives. The corpus, derived
from Wikipedia, is freely available and includes
numerous texts in English, German, Spanish and
Hindi. Section 4 describes the experiments car-
ried out, which have been conducted at document-
as well as section-level. The obtained results are
discussed in the same section. Finally, in Section 5
we draw some conclusions and give an overview
of our current work.

In Information Retrieval (IR) the selection of rel-
evant documents from a set of documentss a
basic but important task. A query is often com-
posed of a short set of keywords without furtherin order to measure the similarity valsgén(d, d,)
structure. Nevertheless a query may even considietween two textd andd,, different types of ap-
of an entire document,. In this case each docu- proaches have been proposed. In general, we con-
mentd € D is ranked by its relevance in terms of sider a similarity thresholD, 1. sim(d,d,) = 0
its similarity tod,. implies that the documentkandd,, are not similar
Measuring the similarity or difference among aat all, whereasim(d, d,) = 1 reflects the equal-
set of texts is relevant in different tasks such asty of d andd,. In those cases where the calcula-
information flow tracking (Metzler et al., 2005), tion of similarity may return results higher than
document clustering and categorization (Bigi,1, the values are normalized to fit the expected
2003), multi-document summarization (Goldsteinrange (Sections 2.1.3 and 2.3.1-2.3.3). The meth-
et al., 2000), version control (Hoad and Zobel,ods presented are just outlined. A detailed descrip-
2003), text reuse analysis (Clough et al., 2002) antion may be found in the included references. The
plagiarism detection (Maurer et al., 2006). common notation is summarized in Table 1.
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Table 1: Description of the notation used

Elements _ Ztedndq (tfra-tfra,)
d Document sim(d, dq) = > - O
dq Query document \/Zted (tfea)” Y ieu, (tfeay)
t Term .
DID,  Setofdocuments/ d, 2.1.3 Word Chunking Overlap
Mi?SUfemegS e This is another weighted VSM model (Shiv-
t.d requency of in . . .
idf, Inverse document frequency akumar and Garua—Mqllna, 1995) and a classic
df; Number of documents containirtg method for copy-detection based on the so called
(z) Absolute value oft i i
] Cardinality of X (tokens) asymmetric §ubse_t meas.ufmr document pairs.
X s Cardinality of X (types) Such subset is defined as:

sim(a,b)  Similarity betweeru andb

ZtiEc(d,d’) tfea - tfiar
Ztied tfiwd 7
2.1 Vector Space Models wherec(d, d,) is a closeness set containing those
In Vector Space Models (VSM) a document is rep-termst € d N d, matching the conditionf; 4 ~
resented as a vector of index terms. The two comt/t.d,- A term¢ belongs to the closeness set if the
mon representation schemes for the vectors arégllowmg condition is accomplished:
(1) binary, in which the existence/non-existence of o <tft,d tft,d/> “o. ©)
a term is indicated by 1/0 (Section 2.1.1) and (2) tha  tfea
weighted, in which each term is weighted by val- The parameter defines how close the fre-
ues betweert) and 1 (Sections 2.1.2 and 2.1.3). quency oft in both documents must be in order
The idea behind the VSMs is to carry out a com-to be included in the closeness set. In agreement
parison between vectors in order to define howwith Shivakumar and Garcia-Molina (1995), we
close the represented texts are. considere = 2.5. This value has offered a good
balance between Precision and Recall in previous

2.1.1 Jaccard Coefficient . .
o _ ~ experiments over netnews articles.
The Jaccard coefficient (Jaccard, 1901) is a binary Thedprellmmary similarity between documents
q

VSM in which a document is represented by its ? ar:jd ~based on word chunking overlap is de-
vocabularyv,. Due to its simplicity and quality, " &>
it is one of the most widely used boolean models s (d;dq) = maz {subset(d, dy), subset(dq, d)} . (6)

in IR. The similarity between two documents is The value ofsim’(d, d,) may be higher that.

computed as: Due to this reason, the similarity between a query
dq and all the document$ € D must be normal-

B ized in order to fit the similarity rang, 1]:

sim/(d, dg)
maxy e p sim/(d’, dq)

subset(d,d') = (4)

. |’Udﬂ1]d |
sim(d,dy) = J(d,d;) = —————% .
( CI) ( CI) |'UdUqu|

sim(d,dq) = @)

The model simply considers the amount of
shared terms betweehandd, with respecttothe 2.2 Fingerprint Models

humber of terms in the entire vocabulary. Document fingerprinting is a family of models de-

2.1.2 Cosine Similarity signed to efficiently compare texts by using a set of
vicharacteristics instead of its entire content. These
characteristics are compiled to a so called finger-
print that represents the text. The following de-
scribed algorithms use hashes to represent texts.
The set of hashes selected from a docurdeam-

The cosine similarity measure is a weighted VS
model extensively used in IR. It calculates the
similarity by using the Euclidean cosine rule:

cos(d,dy) = DT ) 2y Poses its fingerprinf{;. The comparison of{;
\/Zted (@ea)® Y0 ca, (w,f_ydq)2 a_nd_H;;g allows an approximate calculation of the
similarity between documentsandd,,.
wherew, 4 is the weight of ternt in documentd. In this research we have considered two fin-

In order to weight the terms we have used the wellgerprinting models.  The first one is based
known term-frequency (Manning and Schitze,on character-level chunks while the second one
1999). In this way, the similarity between two doc-is based on word-level chunks (Sections 2.2.1
uments is estimated as: and 2.2.2).



Algorithm 1: Given the documentd: coefficient (Eq. 1).

d' = clean(d) )
G = {sequence of-grams ind'} 2.2.2 SPEXalgorithm
}g'rt':géﬁq"éram o The idea behindSPEX is that ‘if any sub-chunk
append(H, hash(g-gram)) of any chunk can be shown to be unique, then the
/‘;va\flin:ngcveiﬁte—wmdows(f{ ) chunk in its entirety must be unique” (Bernstein
Initialize H*g /] The selected hashes and Zobel, 2004). This means that if a chunk ’
for eachw € Wy to’ is unique, the chunkt) t, t3’ is unique as well.
h* < min;msh(v) . . .
insert(H" . (h, pos(h*)) Applying this to a collection of documents means
fingerprint(d) = H* that all hashes of word n-grams that occur only in

one document could be discarded as they are not
Figure 1: Winnowing fingerprinting  pro- relevant.
cess. clean() removes spaces and punctuation Gijyen a collection of document®, the task is

marks; insert(S,z) inserts x to the sequencesS; identifv th hunk . . h
create_windows(H) generates a sequence of overlap-t0 identify those chunks appearing in more than

ping hash windowsw, |w| = ¢t — ¢ + 1; minnsn(v) — ONe documend € D. The first step is to generate
gives the hash with minimum value i if more than one da list by of 1-grams overD and to count in how

hash contains the minimum value, the rightmost is selecte
pos(h*) is the absolute position of the hash value in theMany documents each of them occur. In the next

entire text (the first position i8). stepsh,, is built by selecting only those-gramsg
fulfilling the condition thath,,—, containsgyg ,, 1
2.2.1 Winnowing Fingerprinting andgp; ,,) and both are counted two times. This

step is repeated until reaches a given threshald

In agreement with Bernstein and Zobel (2004), we
);onsideri = 8. The similarity between documents
d andd, is computed as:

Winnowing is a fingerprinting algorithm that uses
character-level-grams ofd and d, from which
spaces and punctuation marks are preliminaril
discarded (Schleimer et al., 2003).
The method is based on the selection of chunks
obtained by a sliding window passing over the sim(d, dg) = I S Z 1, )
text. In order to select those chunks, which will mean(|d], |dq|) cednocdy
be hashed to compose the fingerpdjt, two pa- _
rameters must be carefully defined: (1) the nois&Vheremean(|d|,|d,|) is the mean length of the
thresholdg, which defines the level of thegrams ~ documents/ andd,,.
(the largerg is, the more sensible the method be- A weakness of the SPEX method is tiamust
comes with respect to modifications betweén be a closed set of doc_uments. In order to add a
andd,); and (2) the guarantee threshaldwhich ~ Néw o!ocument td the index of hashes; has to
is used in order to define the length of the slidingP® Puilt up from scratch.
window. The fingerprinting process is described _—
in Fig. 1. We decided to usg = 50 andt = 100 2.3 Probabilistic Models
as these values have previous|y given good rel.n this case a document is characterized by the
sults (Schleimer et al., 2003). probability associated to its tokens/words. In this
Two things have to be noted in this processWay. the similarity between two documents can
(1) given the sequence of hashes ... h, each be approached by calculating the probability of
position1 < i < n — w + 1 defines a win- their relation. We have considered three pseudo-
dowh; . .. hisw_1; (2) it is expected that different Probabilistic methods (their output is not ranged
windows select the same hash value,|B6| <IN [0,1]). Due to this deviant behavior further cal-
Wl culations must be carried out in order to normalize
The similarity is then approximated on the basisthe values.
of theresemblanceneasure (Broder, 1997), which
is defined as:

2.3.1 Machine Translation

In statistical Machine Translation (MT), the task

is: given a texte written in a languagel, to
(8) find the most likely translatiory, in a language

L’. One of the most well-known models in MT
Note that this is in fact the well-known Jaccardis the IBM Model 1 (M1) (Brown et al., 1993).

|HinHj|

Sim(d,dq) = T(H;,H;q) = m .
d dq



In this approach we adapt it to estimate the simiimeasures how close two probability distributions
larity between monolingual texts. By considering P and(@ are.
L = L' the application of M1 has reached promis-
ing results in monolingual IR (Berger and Lafferty,
1999). In fact, adaptations of the M1 have been
already applied to monolingual measures of simi-
larity between sentences (Metzler et al., 2005) and Fa, and Q4 are probability distributions com-
even to cross-language plagiarism analysis (Pintgosed of a set of features (terms) characteriz-
et al., 2009). ing d and d,. The probability distributionqu

In the cross-language case the estimation of composed of the top 20% of the termsdp
translation probability and similarity may be ranked by the standarftidf. The probability as-
joined into a single process (Barron-Cedefio et alSociated to the selected terms it | d;) =
2008). The same could be applied for the “monoZ ft,d,/ >vea, tfv.d,- In order to comparel, to
lingual” translation. On the basis of the M1, we d. the probability distributionl); must be com-

define the similarity measure between two docufPosed of the same terms &f;,. Due to the fact
ments as: that there will be terms such that P, \ Qq, the

probabilities associated to the termsjp must be
sim(d,dq) = o(d) w(dq | d) - (10)  smoothed with respect to theif value (Barron-
Cedefio et al., 2009).
KL measures the distance instead of the similar-

P(z)
Qx) -

KLs(Pa, || Qa) =Y _(P(z) — Q(x))log

TEX

(13)

o(d) is alength model probabilitghat depends
th ted length of the t lati fe L
onthe expected length of the translation/pic ity. A value of K'Ls(Py, || Q4) = 0 implies that

tod € L' (asin this casd. = L/, o(d) = 1). da :
w(d, | d) is a tailored version of the known as Pa, = Qq and the implied documents are quite

translation model probabilityBrown et al., 1993). similar. In this case t_he_ final _S|m|Iar|ty petweégp
Itis defined as: and the documents iy is estimated as:

w(dq | d) — H Zp(zyy) s (ll) sim(d7 dq) _ ( KLé(qu || Qd) ) _ 1) . (14)

z€dg yed mamd/KL(qu || Qd

wherep(z, y) is a dictionary containing the proba- 2 3 3 Okapi BM25

bility that wordx is a translation of worg. As we The BM25 weighting scheme extends the ap-

are not performing an actual translation, it is as'proach ofidf by additionally considering f and

surr:_]led thap(x’ﬁ) =lifz= ylan_dor(l)therwise._ document length (Sparck Jones et al., 2000). In-
While Eq. 11 shows good results in the processing,,jing newer variants such as BM25F (Zaragoza

ofdsenter;cez,l I ha_s todbe adapted as in Eq. 12 ig, al., 2004), it represents one of the state-of-the-
order to handle entire documents. art approaches in query based document retrieval.

It can be formalized as:

widg |d) =" plx,y) . (12)

vedq yed BM25(d,dy) = idfi - ava-Bea, ,  (15)
t€dg
For each wordr € d, \ d, a penalizatiore is where
applied tow(d, | d). We considek = —0.1. As
the obtained result may exceed the rajtge], the Gy = (k1 + 1D tfia . (8
same normalization as for the word chunking over- ok ((1 —b)+b- %) +tfia

lap method is applied (EqQ. 7).

ki > 0and0 < b < 1 are used in order to
2.3.2 Kullback-Leibler Distance calibrate the document term frequency and doc-
The Kullback-Leibler distanceH Ls) is a sym- ument length scaling.k; = 0 corresponds to a
metric version of the Kullback-Leibler Diver- binary model (term frequency is not considered).
gence (Kullback and Leibler, 1951). This measureConsideringh = 0 corresponds to no length nor-
has been applied to text clustering (Bigi, 2003) agnalization wherea$ = 1 corresponds to a full
well as plagiarism analysis (Barron-Cedefio et al.scaling of the term weight to the document length.
2009). Given an event spach,L; is defined as In agreement with Sparck Jones et al., (2000) we
in Eq. 13 (Bigi, 2003). Over a feature vectd it  considerk; = 1.2 andb = 0.75. Finally, L.,



is the average document length in the CO”eCtlonTabIe 2: Corpus statistics (per document), —

Bt.d, is defined as: collection of query-documentd) — collection of document
(ks + 1) tf revisions Og, C D), |davg|t — average number of types per
W3 ) Mtde (17) documentjd,.4| — average number of tokens per document;
ks +tfe.a, |D|; — types inD
3 is used to normalize thef of the terms in Lan | [Dg] _IDI |davgle |davel _ |D:

) - Before stopwords elimination
dq. Due to the fact that the queries in our exper- —ge 500 5,000 1,812 5,229 261,370
iments consist of full-text, we consider a value of en | 500 5,000 2,243 8,552 183,414

_ P hi 500 5,000 302 672 78,673
ks = 2. The values; of o andks of § are calibra es | 500 5000 1,216 4,116 133 505

Boa, =

tors of thet f. Okapi BM25 is a ranking method After stopwords elimination

(the estimated values are not in the ran@el]). de | 500 5,000 1,707 3,474 261,146
: : en | 500 5,000 2,149 6,008 183,288

The values obtained by the functidh\/25(d, d,,) hi | 500 5000 970 495 78577

must be normalized asin Eq. 7 inorder to estimate es | 500 5,000 1,142 2,415 133,339
similarity.

3 Corpus Construction is not the case. Previous experiments have shown
Th has b d he basi that in these tasks stemming does not improve the
e corpus has been generated on the basis Pésults and can even deteriorate them (Hoad and

Wikipedia articles. Wi!(ipedia has been fre- Zobel, 2003; Barron-Cedefio and Rosso, 2009).
guently used as source in other related research,

for example in near-duplicates detection (Potthasg 2 Corpus Composition
and Stein, 2008). In Section 3.1 we describeln order to compose an experimental framework
how we have acquired the Wikipedia documents, P b

. . . we have defined a text collectio® for each
Section 3.2 describes the construction and prel_anguage that consists of Wikipedia articlds
processing of the corptis '

Each article A,, is represented by 10 revisions
3.1 Documents Acquisition {dn1,...,dn10}. Furthermore we defind, as

The corpus was composed on the basis of the foP® set g query—_docm;]r;;anté_dl,:{ <y dm,1} With
lowing three rules: (1) the languages considerequ C D assuming that,, , Is the most recent re-

are English, German, Spanish and Hindi (en devision of the articled,, andm is the total number

es, hi); (2) the set of documents consists of theof articles in the corpus. By defining, c D, we

500 most frequently accessed articles in each |aﬁe_um_to consider samples of co—derlvatlve§ V_Vh'Ch
are in fact exact copies. Some corpus statistics are

guage; and (3) for each article we obtained 10 re- luded | bl
visions that were, as far as possible, equally dis'—nCl_J ed in Table 2.
Figure 2 shows, for each language, the average

tributed over the 500 most recent revisions. . el - ;
Wikipedia articles are often affected by Van_evolutlon of similarity among the different articles
revisions with respect td,, the newest one. It

dalism (Potthast et al., 2008), which particularly o
can be observed that the similarity decreases for

describes the deletion or modification with mali- ) . i
cious intention. In order to avoid the considermionm_ore d|s_ta_1nt re_V|S|ons. The evolutlon_ of the En-
8|ISh revisions is clearly slighter than in the other

of such content, revisions that have been rejecte ) )
by reviewers were not included into the Corpusllanguages, whereas the evolution of Spanish and

The same applies for revisions with only minimal German seems quite similar. On the opposite the

changes to assure that each revision has a diffeF?\_’iSionS ?n Hindi Sh_OW an obviously §tronger evo-
ent level of similarity with respect to the newestluuon' This factor will be relevant during the anal-

revision of the article (such characteristics are speySiS of the experimer_ﬂs _res_ults (Section 4.3). The
cially tagged in Wikipedia). tendency of the similarity in the four languages

The corpus pre-processing includes whitespac@ight_be explained by the maturity of the articles
normalization, sentence detection, tokenization(a topic for further research).
and case folding. In numerous IR applications .

s . 4 Experiments

stemming is used to improve the results. How-
ever, in plagiarism and co-derivative detection thiSn order to evaluate the different similarity mea-

The corpus is available at Sures, we carried out experiments considering dif-
http://users.dsic.upv.es/grupos/nle/downloads.htm| ferent languages, text lengths and similarity levels.



order with respect to the similarity betwedrand

Lr By 1 d,. Hence, itis expected thdj is co-derived from
S 0.9% LS N+ — 1 the documents on top of, with high probability.
g 0.8 E“*g,\ T ] 4 1S the input for the following stage.
<>E 0.7} || BB E
> 06| u . 'E~~~E_ | Section level analysis
E 05} [ | . 1 The sections corresponding to the top 50 docu-
E 04} m | mentsinr, are considered in order to compose
n 0.3 _32 ,,,,,,,, m- the setD’ of co-derivative candidate sections. Fur-
02lh a | thermoreD/ is composed of sections ify € D,
1 2 3 45086 7 8 9 10 In ord.er to |c/>e_rform an objective evaluation of_thls
Revision stage: (@)D, is composed only of those sections

of d, which have been equally named in the cor-

Figure 2: Evolution of the similarity betweef), ~ responding 10 revisions; and (b) the sections of

and its preceding revisions. Similarities estimatecfll revisions ofd, have to be included i)’ even
by the Jaccard Coefficient. if the corresponding revisions were not under the

top 50 documents in the ranking. Statistics of the
sections inD can be found in Table 3.

For each sectiod], € D;, the sections iD’ are
ranked with respect to their similarigjm(d’, dy,).
The ranking is defined as a ligf of sectionsd’

Table 3: Corpus statistics (per sectiom), — col-
lection of query-sections)* — sections of all documents in
D; |d3. 4|t — average number of types per sectiif;, | —
average number of tokens per sectiph; |; — types inD*

Lan |D(l]| |D*| |d(§1/g|t |d(§1/g| |D*|t H H H

Before stopwords elimination that are s.or.ted. in descendlng or_dgr with respect
de | 7726 133,171 124 198 261,370 to their similarity tod;. Again, it is expected
in 8332 1;;, %g 1% 513;2 1?27 g% that those sections in the top of are actual co-

i , , I ,

es | 4696 86,092 126 241 133,595 derivatives ofd,.

After stopwords elimination . .
de | 7726 133,171 98 132 261,146 4.2 Evaluation Metrics
en | 8043 114,196 159 266 183,288 , . . .
hi | 345 27195 64 99 78577 A text d is considered relevant @, if d, is a co-
es | 4696 86,076 103 142 133,339 derivative text ofd. In order to estimate how well

the models retrieve the relevant documentsdfor
. our evaluations are based on tiecision and

The following two sect|0n§ describe the EXPET pecall metrics, defined as in Egs. 18 and 19 (Man-
ments as well as the metrics used for evaluation,
In order to calculate

) . . ning and Schitze, 1999).
Section 4.3 discuses the obtained results. 9 ) . .
them, an amount of, documents is retrieved from

top of r,. For Precision,m is set to 10(P@10)

_ _ as 10 is the amount of relevant texts for each
The approached problem is the detection of Coyyery. Recall (Ram) is measured by considering
derivatives given a query text. Such detection pro; , _ {10,20,50}. Note that in this cas@@10

cess requires the analysis of the similarity between 4 ra10 are equal as the number of relevant and
texts of different lengths. Therefore, the experi- otrieved documents from, is the same.

ments have been divided into two independently

4.1 Experiments Description

evaluated stages: (1) document level analysis and . |Tel€7§mt documents ?"e”éeve‘” T
(2) section level analysis Following, we describe |documents retrieved|
both parts of the experiment. R— |relevant documents retrieved| (19)

[relevant documents|

Document level analysis " .
Additionally, two measures specifically de-

For each document, € D, the documents gjoneq tq evaluate methods for co-derivatives anal-

m D are rankeq with respect Fo t_helr s_lmllarlty ysis are considered (Hoad and Zobel, 2003):

sim(d, d,) (Section 2). The ranking is defined as aHighest False Match {FM) and Separation

list r, of documents, which is sorted in descending(sep)_ Such measures have been designed to es-

timate the distance of the correctly retrieved doc-

’We take advantage of the Wikipedia articles structure, k ) i
uments inr, with respect to those incorrectly re-

where the different sections are explicitly tagged.



trieved and are only significant if they are consid-implied parameters, the results are not comparable
ered together. In order to estimdter" M andsep,  to those obtained by the other methods.

all relevant documents faf, have to be included By comparing the results of all four languages it
among the retrieved documents, ife@50 = 1.0.  mjght be erroneously considered that the retrieval

Given a ranking of documents, for the query : . oo
of documents in Spanish and Hindi is more com-

documentd,, the maximum similarity value* is .
defined as:* = maxgep sim(d € 1, d,). It rep- plicated. However, the reason for the worse re-
. q>q)"

resents a similarity percentage of 100% with re-sults is in fact justified by Fig. 2. While the actual
spect tod,. We defined™ as the highest ranked similarity between documents is decremented, the
document which is not relevant concerniag. retrieval task becomes more complicated. The fig-
HF M is the similarity percentage assignedito  ure shows that for instance the difference between
and is computed as: the first and the last revision in the English arti-
100 - sim(d—, dy) clesis in average 0.23._ Hi_ndi gt the other extreme
- (20)  shows an average similarity distance of 0.72. We
advocate that further investigation should be done

On the other hand, we defing” as the lowest on the process of discriminating derivatives from
ranked document which is relevant Concernﬂag documents on the same topiC.

LTM, the Lowest True Match, is computed as
LTM = 100 - sim(d*,d,)/s*. The separation
is defined asep = LTM — HFM and can be
simply computed as :

HFM =

As we have established, different methods ob-
tain similar results in terms of Recall. In order
to determine which one is better, it is necessary
to consider theH FM and sep of the rankings
(Fig. 3(c)). It is clear that at document level the

sep = 00 (sim(d*,dg) — sim(d™,d,)) " best approaches are those based on fingerprinting.
s* For Winnowing the value assigned to theF"' M is
Note thatsep > 0 implies that the highest rated " average only 2.8%. In the caseSiEX the val-
documents i, are all those related td,. A ues are quite S|m|Iar._ Addltlpnally, the separanon_
values are also the highest in these methods. This

value ofsep < 0 means that other documents were i
ranked before those relevantdg means that there is a clear border between relevant
and irrelevant documents.

By considering theR@m, we measure how
many relevant documents have been ranked under With respect to the second experiment, carried
the topm documents im,. By consideringdd F M/ out at section level (Fig. 3(b)), the supremacy of
andsep we additionally estimate how good the rel- the fingerprinting models is not maintained any
evant and irrelevant documents are differentiatednore. The reason is that if two entire documents

in the final ranking. have a fingerprint collision, it is highly proba-
ble that they are related and, in some cases, co-
4.3 Results Discussion derived. However, at section level shorter texts are

The obtained results for the four languages aréepresented by few hashes. Over such conditions
summarized in Fig. 3. In order to analyze thesdhe probability of a fingerprint collision decreases.
results, they have to be interpreted taking into acPDue to this reason, some co-derived sections are
count the statistics shown in Fig. 2. The first ob-not retrieved properly. It must also be considered
servation that could be made is that the values ofhat the input to this stage is a set of documents
R@10 are in the majority of cases nearly equal tothat are already highly related to the query. Due
R@20 and R@50. This means that the relevant to this optimal conditions, the quality of the final
documents fotl, (the query text) are concentrated OUtput is much better than in the first step.
in the top-10 of the ranking. In this case Okapi BM25, that in the previous
For the experiments on document levelexperiment performed worst, now obtained com-
(Fig. 3(a)) the results obtained for English, parable results to the other vector and probabilistic
German, and Spanish by the different methodsnodels in terms ofzecall. It is again necessary to
are quite similar. The only exception appearslook at theH F'M andsep values in order to fig-
in the case of Okapi BM25. The reason of thisure out which methods perform better. Jaccard,
behavior is that this method is actually designedCosine and MT have practically the same quality
for keyword based retrieval. Even by tuning thein terms of Recall, H F'M and sep. Due to the
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Figure 3: Obtained resultsn (a) we show the results of the comparison at document;lewrereas in (b) we show
the results of the comparison at section-level (botliétall terms). In (c) we show theparation andH F'M together. For
each square the first and third row shows Sep/HFM at docuteeeli-whereas the second and fourth row shows Sep/HFM at
section-level.



. . uations have been included in termsidcall and
Table 4: Stopword removal anfl F'M experi- - .
ments. SW R shows if the best results have been ob- Precm_on as well _aS_H'gheStFalse Match and _
tained by previously applying the stop word removal or not. separation. Combining such measures makes it

%FEmra represents the percentage of experiments for whic ; ; ; _
it was possible to estimathl A and sep for documents / rbossmle to estimate not only if all the relevant doc

sections. uments have been retrieved, but also the distance
Model SWR on %EHFM o . between the similarity values calculated for rel-
Jaccard YES 9698 9197 8898 60/76 €vant and irrelevant documents. By (_:on_sidering
Cosine YES 97/98 96/97 95/98 63/76 these three factors more comprehensive informa-
KL NO  98/98 93/94 93/95 56/73 tinn i i i
MIT YES 94/97 77/95 6596 37/74 tion is available to select the most suitable method.

Okapi BM25 | YES  79/98 79/97 69/98 62/77 We have carried out experiments at document
W.C.overlap| YES 94/97 93/95 89/96 56/75 and section level over a corpus composed of re-
\é\/";g';w'ng Hg ggfgé ggjg; gg;gg igjgi visions of Wikipedia articles. The obtained re-
sults show that, as it is expected, at document
level Winnowing andSPEX have the best results.
simplicity, the Jaccard coefficient seems to be th&'he advantage of Winnowing is that the genera-
best option in open retrieval environments (whertion of a fingerprint for a given document is inde-
the collection of document® is not predefined). pendent from the others. However it must be con-
Reducing the;-grams and window levels of Win- sidered that if derivation or plagiarism implies fur-
nowing might be a good option for closed retrievalther modifications, Winnowing does not seems to
environments (when the collection of documentsbe the better option. This is reflected in the exper-
D is closed and predefined). iment carried out at section level. In this case the
Both experiments have been carried out beforetatistical and vector space models (Jaccard coef-
and after applying stopword removal (Fig. 3 onlyficient, cosine measure, Kullback-Leibler distance
includes the best obtained results). Table 4 showand Machine Translation outperform those based
in which cases the best results have been obtainezh fingerprints.
before or after stopword removal. In fact, the dif- In our current work we are designing a method
ference between applying a stopword removal ofor the automatic alignment of derived sentences
not is minimal inRecall terms. However, in terms in documents. With this information, it will be
of HF M andsep, which represent the quality that possible to carry out further experiments at sen-
we could expect from the compared models, thaéence level. Additionally, in order to accurately
difference becomes larger. compare the difference in the retrieval complex-
A different way of comparing the models is pre- ity for different languages, further experiments
sented in Table 4. The percentage of comparmust be carried out by considering documents
isons in which it was possible to calculateF’ A/ with closer similarity thresholds.
and sep specifies in how many cases all the rel-
evant documents for a query have been includedcknowledgements
among the top-50 documents if). For entire
documents cosine similarity and Kullback-Leibler
perform better. At section level Okapi BM25, Jac-
card and cosine are the best options.
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