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From Wikipedia, The Free Encyclopedia

Text mining, also referred to as text data mining, similar to text
analytics, is the process of deriving high-quality information from
text. It involves "the discovery by computer of new, previously
unknown information, by automatically extracting information from
different written resources.” Written resources may include
websites, books, emails, reviews, and articles. High-quality
information is typically obtained by devising patterns and trends by
means such as statistical pattern learning.




Typical Text Mining Tasks

» Text categorization (by topic)

« Authorship analysis

* Native language identification, translationese
« Sentiment analysis, opinion mining

» Topic modeling

 Plagiarism detection



Text: Characters vs. Words
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Why at Character Level?

Using character level representation makes the corresponding learning
method completely language independent, because the texts will be
treated as sequences of symbols (strings). Methods working at the word
level or above very often restrict their feature space according to
theoretical or empirical principles. For instance, they select only features
that reflect various types of spelling errors or only some type of words,
such as function words. These features prove to be very effective for
specific tasks, but it is possible that other good features also exist.
Character level representation embed the texts in a very large feature
space, given by all the substrings in a specified length limits, and leave it
to the learning algorithm to select important features for the specific
task, by highly weighting these features.

Furthermore, a way to segment a text into words is not an easy task for
some languages, such as Chinese.



Advantages of Working at the Character Level

» Statistical Robustness
« Completely language independent
* Linguistic theory neutral



The Main Tools: Kernel Methods & String Kernels
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Overview of the 7th Author Profiling Task at PAN 2019:
Bots and Gender Profiling in Twitter

Francisco Rangel*?  Paolo Rosso?
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Abstract This overview presents the Author Profiling shared task at PAN 2019.
The focus of this year’s task is to determine whether the author of a Twitter feed
is a bot or a human. Furthermore, in case of human, to profile the gender of
the author. Two have been the main aims: i) to show the feasibility of automati-
cally identifying bots in Twitter; and ii) to show the difficulty of identifying them
when they do not limit themselves to just retweet domain-specific news. For this
purpose a corpus with Twitter data has been provided, covering the languages En-
glish, and Spanish. Altogether, the approaches of 56 participants are evaluated.




4.3 Classification Approaches

Regarding the classification approaches, most participants used traditional approaches,
mainly Support Vector Machines (SVM) [94, 15, 22, 69, 42, 35, 5, 34, 85, 57, 21, 63,
27, 74]. Some authors ensembled SVM with Logistic Regression [30, 62]. The last
authors also included in the ensemble SpaCy and Random Forest. The authors of [26]

used SVM only for the gender identification subtask, using Stochastic Gradient Descent
(SGD) for the bots vs. human discrimination. Participants also used other traditional
approaches such as Logistic Regression [90, 9, 72], SGD [11], Random Forest [43],
Decision Trees [81]. Multinomial BayesNet [81], Naive Bayes [25]. Adaboost together
with SVM [5], CatBoost [23]. KNN [40], and Mutilayer Perceptron [86].

v few participants approached the task with deep learning methods=The authors
of [19, 68] combined Convolutional Neural Networks (CNNs) with Recurrent Neural




Overview of the Cross-Domain Authorship Attribution
Task at PAN 2019
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Abstract. Authorship identification remains a highly topical research problem
in computational text analysis, with many relevant applications in contemporary
society and industry. In this edition of PAN, we focus on authorship attribution,
where the task is to attribute an unknown text to a previously seen candidate au-
thor. Like in the previous edition we continue to work with fanfiction texts (in
four Indo-European languages), written by non-professional authors in a cross-
domain setting: the unknown texts belong to a different domain than the train-
ing material that is available for the candidate authors. An important novelty of
this year’s setup is the focus on open-set attribution, meaning that the test texts
contain writing samples by previously unseen authors. For these, systems must
consequently refrain from an attribution. We received altogether 12 submissions
for this task, which we critically assess in this paper. We provide a detailed com-
parison of these approaches, including three generic baselines.




As concerns the classifiers, the most popular choices are SVMs and ensembles of
classifiers, usually exploiting SVM base models followed by Logistic Regression (LR)
models. In a few cases, the participants informally report that they have experimented
with alternative classification algorithms (random forests, k-nn, naive Bayes) and found
that SVM and LR are the most effective classifiers for this kind of task [27/30]. None
of the participant’s methods 1s based on deep learning algorithms, most probably due

to hardware limitations of TIRA or because of the discouraging reported results in the
corresponding task of PAN-2018 [21].




Kernel Methods




Kernel Methods - A First Attempt of Definition

Kernel methods are an approach to machine learning problems (all
kind, supervised, unsupervised, etc.)

The kernel methods combine the theoretically well-founded
approach specific to linear learning methods (like perceptron and
ridge regression), with the flexibility of nonlinear methods (like
neural networks) and with the rigour of statistical approach (like
regularisation from multidimensional statistics).



Kernel Methods Strategy




Kernel Methods Strategy

Kernel-based learnin% algorithms work by embedding the data into a
feature space (a Hilbert space), and searching for linear relations
in that space. The embedding is performed 1mplicitly, that is by
SReCIfymg the inner product between each pair of points rather
than by giving their coordinates explicitly.

Despite of looking for linear relations in the feature space, in the
original space can be discovered nonlinear relations because the
embedding process (kernel function) can be (and usually is) a
nonlinear one. In this way the nonlinear relation in the original
data are transformed in linear relations in the new space in which
the data are embedded



Kernel Methods Strategy

The main ingredients of kernel methods:

(i) Data items are embedded into a vector space called the feature space.

(i1) Linear relations are sought among the images of the data items in the feature
space.

(i) The algorithms are implemented in such a way that the coordinates of the
embedded points are not needed, only their pairwise inner products.

(iv) The pairwise inner products can be computed efficiently directly from the
original data items using a kernel function.



Kernels & Embedding

A kernel is a function k: X x X — SR for which there is
a mapping ¢: X — F from X to a Hilbert space F such that :

Vx,zeX, k(x2)=(¢(x),4(2)).

where (.,.)_ is the inner product in F

Theorem : k is a kernel if and only if k Is symmetric
and finitely positive semi - definite




Kernel Trick

k(X1’X1) k(X1’X2) k(Xl,Xn)

_ k(XZ’Xl) k(Xzixz) k(XZ,Xn)

Training: K =

k(xn.’xl) k(xn.’xz) k(Xn.’Xn)

Prediction: g(x)=>_ a;k(X;,x)
=1



Operations on Kernels

Some combining rules:
k(x,z) = k(x,2) + k) (x,2)

k(x,z)=ak,(x,z), aeR”

k(x,z) =k (X,2)k,(X,2)

Normalisation (correspording to ¢(x) — P(x) |
(0
k(X,Z)

k(X,2) > —————
| k(x,X)k(z,z)




Combining Kernels Using Kernel Alighment

Kernel Alignment :

<K1’K2>F
<K1’ K1>F <K2’ K2>F

A(KliKz) —

(M,N)_ =tr(M'N) Frobenius Norm



Combining Kernels Using Kernel Alighment

|deal kernel for a classification problem: YY"

a, ~ A(K,, YY"

a, ~ AK,,YY")




Kernel Methods

» Support Vector Machines (SVM)
» Kernel Ridge Regression (KRR)
Regularized Least-Squares Classification (RLSC)
» Kernel Fisher Discriminant (KFD)
» Kernel Partial Least Squares (KPLS)






p-Spectrum Kernel

Perhaps one of the most natural ways to measure the similarity of two strings is to
count how many substrings of length p the two strings have in common. This gives
rise to the p-spectrum kernel. Formally, for two strings over an alphabet X, 5,1 € X*,
the p-spectrum kernel is defined as:

ky(s,1) = Z num,(s) - num,(7),

vexpP

where num, (s) is the number of occurrences of string v as a substring in s." The
feature map defined by this kernel associates a vector of dimension |2 |7 containing
the histogram of frequencies of all its substrings of length p (p-grams) with each
string.




p-Grams Presence Bits Kernel

A variant of this kernel can be obtained if the embedding feature map is modified
to associate a vector of dimension |2 |7 containing the presence bits (instead of
frequencies) of all its substrings of length p with each string. Thus, the character
p-grams presence bits kernel 1s obtained:

K (s 1) = D ing(s) - iny (D).

veXx?l

where in, (s) is 1 if string v occurs as a substring in s, and 0 otherwise.




Intersection Kernel

In computer vision, the (histogram) intersection kernel has successftully been used
for object class recognition from images (Maji et al. 2008; Vedaldi and Zisserman
2010). In the work of Ionescu et al. (2014), the intersection kernel is used for the first
time as a kernel for strings. The intersection string kernel is defined as follows:

;\]fj (5. 1) = E min{num,(s), num,(7)},

=>4

where num, (s) 1S the number of occurrences of string v as a substring in .



Relation between the Three Kernels

For the p-spectrum kernel, the frequency of a p-gram has a very significant con-
tribution to the kernel, since it considers the product of such frequencies. On the
other hand, the frequency of a p-gram is completely disregarded in the p-grams pres-
ence bits kernel. The intersection kernel lies somewhere in the middle between the
p-grams presence bits kernel and p-spectrum kernel, in the sense that the frequency
of a p-gram has a moderate contribution to the intersection kernel. More precisely,
the following inequality that describes the relation between the three kernels holds:

k) (s, 1) < K)(s.1) < k(s D).




Blended Kernels

Taking into account p-grams of different length and summing up the

corresponding kernels, new kernels, termed blended kernels, can be
obtained.

Summing Kernels = Concatenating the corresponding embedding features

< [al, bl]’ [az, bz] >=< ai,0a- Z < bll bz >



Normalized Versions of the Kernels

To ensure a fair comparison of strings of different lengths, normalized versions of
the p-spectrum kernel, the p-grams presence bits kernel, and the intersection kernel
are being used:

]’E (S f) . kp(SE ZL)
T (s, 8) k(D)
. k) s, I
kg/l(s’”: 0/1 ; | 31 ’
\/kp/ (S, S) ’ kp/ (f, f)
k' (s, 1)

ks, 1) = .
" KOs 9 k0 )



Algorithm 1: Algorithm for Spectrum Kernel

Input:
x, vy — the input strings;
3 p —the length of the p-grams;

4 Notations:
5 h — the hash table;

, Computation:
forie{l,...|x|—p+1}do

Efficient Algorithms for String Kernels i AGLe: i+ p)) # O then
. L hix[i:i+ p]) < h(x[i

String Kernels Software Package:
i(xli s i+ pl) < 1

k « 0;
3forie{l,...|y|—-p+1}do
if h(y[i : i+ p]) # 0 then
L L ke k+h(yli:i+ pl:

, Output:
k - the p-spectrum kernel between x and y.



http://string-kernels.herokuapp.com/

String Kernels for Polarity Classification



String Kernels as a
Highly Accurate and
Readily Available
Intelligent Baseline

Available online at www.sciencedirect.com
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HASKER: An efficient algorithm for string kernels. Application to
polarity classification in various languages
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Abstract

String kernels have successfully been used for various NLP tasks, ranging from text categorization by topic to native language
identification. In this paper, we present a simple and efficient algorithm for computing various spectrum string kernels. When
comparing two strings, we store the p-grams in the first string into a hash table, and then we apply a hash table lookup for the
p-grams that occur in the second string. In terms of time, we show that our algorithm can outperform a state-of-the-art tool for
computing string similarity. In terms of accuracy, we show that our approach can reach state-of-the-art performance for polarity
classification in various languages. Our efficient implementation is provided online for free at http://string-kernels.herokuapp.com.
) 2017 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of KES International.

Keywords: string kernels, blended specturm kernel, intersection kernel, kernel methods, similarity-based learning, polarity classification,
opining mining, sentiment analysis, string kernels tool, open-source code.



English Language Polarity Classification

* Corpus: IMDB Review data set:
50,000 reviews from IMDB with
an even number of positive and
negative reviews. The data set is
evenly divided into 25,000
labeled reviews for training and
25,000 labeled samples for test.

Accuracy

« The best performance: 90.7%
with the blended intersection
kernel based on p-grams in the
range 8-10.
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Arabic Language Polarity Classification

e Corpus: Large-scale Arabic Book
Review (LABR) data  set:
balanced polarity -classification
task, for which there are 13,160
reviews in the training set and
another 3,288 in the test set.
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« The best performance: 86.5%
with the blended intersection
kernel based on p-grams in the
range 3-5.

Length of p—gram



Chinese Language Polarity Classification

 Corpus: PKU data set: 886
product reviews collected from a
popular Chinese IT product web
site. There are 451 positive
reviews and 435 negative
reviews in this data set.

The best performance: 94.2%
with the blended intersection
kernel based on p-grams in the
range 1-2.
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Results Summary on all Three Corpora

Release best State-of-the-art String kernels

Name Language | Method Accuracy | Method Accuracy | Kernel | Accuracy

IMDB Review | English 88.9%
LABR Arabic Nabil et al.*? 82.7%
PKU 56,17




String Kernels for Native Language ldentification



String Kernels for Native Language Identification

» Popescu, Marius, Radu Tudor lonescu. The Story of the Characters, the
DNA and the Native Language. Proceedings of the Eighth Workshop on
Innovative Use of NLP for Building Educational Applications NAACL/HLT.
2013.

 lonescu, Radu Tudor, Marius Popescu, and Aoife Cahill. Can characters
reveal your native language? A language-independent approach to native
language identification. Proceedings of the 2014 Conference on
Empirical Methods in Natural Language Processing (EMNLP). 2014.

 lonescu, Radu Tudor, Marius Popescu, and Aoife Cahill. String kernels for
native language identification: Insights from behind the curtains.
Computational Linguistics 42.3 (2016): 491-525.

 lonescu, Radu Tudor, and Marius Popescu. Can string kernels pass the test
of time in Native Language ldentification?. arXiv preprint BEA@EMNLP
224-234, 2017.
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Summary of corpora used in the experiments

L1 Languages

En glish

TOEFLI1 12,100

TOEFLIT B 57,502
ALCSubsel [ Amabic | 7|
ASK Corpus Subset _ 1400




NLI: TOEFL11 Corpus

» 12,100 essays from the ETS Test of English as a Foreign Language
(TOEFL)

11 L1s:
« Arabic, Chinese, French, German, Hindi, Italian, Japanese, Korean, Spanish,
Telugu, Turkish

e 900 train / 100 dev / 100 test

« Sampled for equal representation of L1s across topics as much as
possible

* Includes 3-tier proficiency level






Accuracy rates on TOEFL11 corpus (English L2) of various classification systems based on string
kernels compared with other state of the art approaches. The best accuracy rates on each set of
experiments are highlighted in bold. The weights a; and as from the weighted sums of kernels
are computed by kernel alignment.

Method Dev | 10-fold CV Test
Ensemble model (Tetreault et al. 2012) - 80.9% -
KRR and string kernels (Popescu and lonescu 2013) - 82.6% | 82.7%
SVM and word features (Jarvis, Bestgen, and Pepper 2013) - 84.5% | 83.6%
Ensemble model and CFG (Bykh and Meurers 2014) - - | 84.8%
KRR and ky/ 85.4% 82.5% | 82.0%
KRR and kL' 4 84.9% 82.2% | 82.6%
KRR and kLAP 78.7% T71% | 77.5%
KRR and ko/L + kLRD 85.7% 82.6% | 82.7%
KRR and k0 g + kERD 84.9% 82.2% | 82.0%
KRR and ke’ % + kD 85.5% 82.6% | 82.5%
KRR and a; ke’ § + askD g 85.5% 82.6% | 82.5%
KDA and /% 86.2% 83.6% | 83.6%
KDA and kL 85.2% 83.5% | 84.6%
KDA and kLEP 79.7% 78.5% | 79.2%
KDA and ko/% + kERD 87.1% 84.0% | 84.7%
KDA and kf_g + kL2P 85.8% 83.4% | 83.9%
KDA and kg’ % + kD _g 86.4% 84.1% | 85.0%
KDA and ai ke’ s + askD o 86.5% 84.1% | 85.3%
KDA and k2/% + kD o + EERD 87.0% 84.1% | 84.8%




Examples of discriminant overused character sequences with their ranks (left) according to the
KRR model based on blended spectrum presence bits kernel extracted from the TOEFL11 corpus

(English L2).
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Examples of discriminant underused character sequences (ranks omitted for readability)
according to the KRR model based on blended spectrum presence bits kernel extracted from the
TOEFL11 corpus (English L2).
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Can string kernels pass the test of time?

Rank Team
UnibucKernel
CEMI
ETRI-SLP
NRC
tubasfs
GadjahMada
L2F
7ZCD

Baseline: essay/transcript/i-vector

Baseline: Essay + Transcript
ut.dsp 0.7748
1tl 0.7346
Random Baseline 0.0910

0.9318
0.9255
0.9218
0.9191
0.9173

0.8409

Approach

Character-level string kernels and i-vector features

NN meta-classifier over lexical/syntactic/i-vector features
DNN ensemble with early fusion using LSA-LDA features
Voting ensemble w/ half sampling to choose the SVM models
Ensemble w/ word/char n-grams (essay/transcript) & i-vectors
FENN ftrained on essay character embeddings and i-vectors
BPE n-grams, NN fusion, i-vector post-processing

Ensemble of word/char. n-gram and i-vector SVM classifiers
SVM trained on word unigrams (essay/transcript) + i-vectors
Linear SVM trained on word unigrams (essays + transcripts)
n-gram language models over chars/words (essay+transcript)
No paper submitted.

Randomly select an L1

Table 3: Official results in the fusion track. The official metric is the macro-averaged F1-score. Accuracy
(Acc.) 1s also reported. Team rankings are determined by statistical significance testing (see §3.1).




Kernels Methods for Authorship Analysis



Kernel Methods for Authorship Analysis

* Marius Popescu, Liviu P. Dinu. Kernel Methods and String Kernels
for Authorship ldentification: The Federalist Papers Case.
Proceedings of the International Conference on Recent Advances in
Natural Language Processing (RANLP-07). Borovets, Bulgaria. 2007.

e Liviu Dinu, Marius Popescu, Anca Dinu. Authorship lIdentification of
Romanian Texts with Controversial Paternity. Proceedings of the
Sixth International Language Resources and Evaluation (LREC'08).
Marrakech, Morocco. 2008.

» Marius Popescu, Cristian Grozea. Kernel Methods and String
Kernels for Authorship Analysis. CLEF (Online Working
Notes/Labs/Workshop) 2012.



PAN 2012 Traditional Authorship Attribution Tasks

Authorship Attribution
» Three pairs of problems (A,B), (C,D), and (l,J)

« Each pair contains works by the same author, the difference being the
first problem is closed class while the second is open; task is to identify
author

Author Clustering
* Two problems E, and F

* They consist of a number of documents with joint authorship; task is
define what sections were written by different authors



PAN 2012 Traditional Authorship Attribution Tasks

 A/B - 3 authors, ~5000 words/sample, 6/10 test documents
« C/D - 8 authors, ~10000 words/sample, 8/17 test docs
* |[/J - 14 authors, ~100,000 words/sample, 14/16 test docs

« E - 3 30-paragraph “documents,” intermixed by paragraphs from
2/3/4 separate authors

* F - 4 20-paragraph “documents,” single intrusive section from
single other author (one document had no intrusion)



PAN 2012 Traditional Authorship Attribution Tasks

p-spectrum normalized kernel of length 5
Closed-Class Authorship Attribution - KPLS

Authorship Clustering - Spectral Clustering



PAN 2012 Traditional Authorship Attribution Tasks

Problem KPLS SVM (ova) SVM (ovo)
100.00% 100.00% 83.33%

100.00% 62.50% 50.00%

92.86% 78.57% 71.43%

Overall 97.62% 80.36% 68.25

The results obtained by kernel PLS regression, one-versus-all SVM
and one-versus-one SVYM for closed-class attribution sub-task problems



PAN 2012 Traditional Authorship Attribution Tasks

Per Problem Average Correct
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The Greatest Problem of Kernel Methods

» At inference time you have to compute the kernel between the
testing example and all training examples.

» Don’t scale for large training data sets



Can we distill knowledge obtain from feature
engineering into a neural network representation?



Pierderea fati de

Reprezentarea textului (embedding) Reprezentarea textului (embedding)

Qﬂﬂﬂﬂ ponderi comune
| [
Xa, Xa, Xa, Xa, Xa, Xb, Xb, Xb, Xb, Xb,

Doc a prezentat la nivel Doc b prezentat la nivel
de caracter de caracter

One possible solution very suited for kernels
induced knowledge



Under Investigation
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Casti de protecte echipate cu componente de amortizare din materiale
poroase imbibate cu nanofluide

Tehnoogie de inalti sensibilitate pentru diagnosticarea pacientiior cu
cancer colorectal cu risc de recidivi peritoneald post-rezectie; ghidarsa
terapiel personalizate

Tehnologie ecologica de obtinere a unor poliester-polioli pentru spume
pofiuretanice stropite din deseuri de PET si mater pime regenerabile

Identificarea autoruhs, corsland texte provenind din Web si DarkWeb, cu
seopul asigurarea securititi dhemetice

Pelicule detasabile pentru decontaminarea metalelor grele s
radionuclizior

Sistem Inteligent pentru Monitorizarea Calitati Aerului din Interior

Ciptimizarea tehnologiilor de crestere a biomasei piscicole si wegetale in
cadrul sisternelor multi-trofice de acvaculiura inbensiva prin utiizarea
tehnicilor ntefigente de recunoastere vizuala si loT

Platforma robotica versatda si economic-visbila pentru navigatie [a
interior in medi werate si cu obstacoke

Autosasiu hidroficat pentru actionarea cu eficientd enengeticd ridicats a
Echlpa'nerrt-#l:-rlntﬂ*—chln‘b:t-ie destinate realizini unor e de
utilitate publica.
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