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• Community	  forums	  where	  user	  post	  quesXons	  and	  
answers	  are	  becoming	  increasingly	  popular	  
• Arabic	  community	  quesXon	  answering	  (cQA)	  received	  
li[le	  a[enXon	  in	  the	  past	  
•  The	  SemEval-‐2016	  Task	  3	  offered	  a	  cQA	  Arabic	  dataset	  in	  
the	  medical	  domain,	  where:	  
o  Given	  a	  quesXon	  and	  30	  related	  quesXon-‐answer	  

pairs,	  rank	  the	  pairs	  with	  respect	  to	  the	  original	  
quesXon	  

o  QA	  pairs	  annotated	  as	  Direct,	  Relevant,	  or	  Irrelevant	  
• Challenges:	  long	  texts,	  user-‐generated	  content,	  medical	  
terminology,	  mixed	  standard	  and	  colloquial	  language	  
•  Example:	  

o  Q’:	  	ما هي اعراض الاصابة بمتلازمة القولون المتهيج العصبي  
o  Q:		ما هي أعراض القولون العصبي    
o  A:	 تتباين علامات وأعراض الاصابة بمتلازمة القولون العصبي بين الأشخاص  
 [...] كالتالي : - ألم أو تشنج البطن . - الشعور بالانتفاخ . - امتلاء
[...] البطن بالغازات . - الاسهال أو الامساك

Background 

Feature Representation 

Preprocessing with Keyword Extraction 

Tree Kernels 

Experiments 

References 

•  Text	  preprocessing	  in	  order	  to	  deal	  with	  several	  challenges:	  
o  Long	  texts:	  average	  quesXon/answer	  length	  is	  50/120	  words	  
o  Rich	  morphology:	  mulXple	  surface	  forms	  per	  lemma	  

o  LaXn	  terminology	  in	  the	  medical	  domain	  

• Keyword	  extrac2on	  with	  TextRank	  
o  Treat	  every	  thread	  as	  a	  document	  

o  Form	  a	  graph	  where	  nodes	  are	  word	  types	  and	  edges	  represent	  co-‐
occurrence	  in	  N-‐sized	  	  window	  

o  Compute	  importance	  weight	  iteraXvely	  and	  keep	  top	  P%	  of	  words	  

•  Lemma2za2on:	  we	  apply	  MADA	  for	  finding	  lemmas	  and	  part-‐of-‐speech	  
tags	  

•  Stop-‐word	  removal:	  we	  keep	  only	  content	  words,	  LaXn	  words,	  and	  
words	  with	  no	  morphological	  analysis.	  

•  Sentence	  Spli@ng:	  We	  use	  the	  spli[er	  from	  Stanford’s	  core	  NLP	  toolkit.	  	  

•  Syntac2c	  parsing:	  We	  use	  the	  Berkeley	  parser	  to	  get	  the	  syntacXc	  tree	  
for	  each	  each	  sentence.	  	  

• Preprocessing	  se@ngs	  
i.  No	  preprocessing	  
ii.  Only	  keeping	  content	  lemmas	  
iii.  Only	  content	  lemmas	  and	  keyword	  

extracXon	  with	  TextRank	  params	  N=3,	  P=5	  
iv.  Same,	  with	  TextRank	  params	  N=4,	  P=1	  

• Given	  a	  quesXon	  q’	  and	  a	  related	  quesXon-‐answer	  pair	  q-‐
a,	  compute	  features	  between	  the	  pairs	  q’-‐q	  and	  q’-‐a	  

•  Text-‐based	  features	  
o  Various	  text-‐similarity	  metrics	  such	  as	  Longest	  

Common	  Substring,	  Longest	  Common	  Subsequence,	  
Greedy	  String	  Tiling,	  etc.	  (Belinkov	  et	  al.	  2015)	  

• Vector-‐based	  features	  	  
o  Vector	  representaXons	  of	  closest	  pairs	  of	  words	  or	  

sentences	  in	  q’-‐q	  and	  q’-‐a	  

o  Word	  vectors	  computed	  from	  Arabic	  Gigaword	  and	  
medical	  domain	  raw	  data	  using	  Word2Vec	  

o  Sentence	  representaXon	  is	  average	  of	  word	  vectors	  
• Machine	  transla2on	  evalua2on	  features	  	  

o  BlEU,	  TER,	  Meteor	  

Syntac2c	  
Tree	  Kernels	  	  
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Future Work 
• Combine	  keyword	  extracXon	  with	  tree	  kernels	  
• How	  do	  deal	  with	  grammaXcal	  structure	  aher	  keyword	  	  	  
	  extracXon?	  

• AutomaXcally	  detecXng	  the	  most	  important	  sentences	  to	  be	  
	  matched	  with	  the	  tree	  kernels	  

•  Tree	  kernels	  se@ngs	  
a.  ConvKN-‐contrasXve1:	  only	  basic	  features	  
b.  ConvKN-‐contrasXve2:	  MT	  features	  
c.  ConvKN-primary: basic features + tree kernels 

MAP	   AvgRec	   MRR	   P	   R	   F1	   ACC	  

Rand	   29.79	   31.00	   33.71	   19.53	   20.66	   20.08	   68.35	  

a	   38.33	   42.09	   43.75	   20.38	   96.95	   33.68	   26.58	  

b	   39.98	   43.68	   46.41	   26.26	   68.39	   37.95	   57.00	  

c	   45.50	   50.13	   52.55	   28.55	   64.53	   39.58	   62.10	  

i	   44.94	   49.72	   51.58	   62.96	   2.40	   4.62	   80.95	  

iii	   42.95	   47.61	   49.55	   27.20	   74.40	   39.84	   56.76	  

i-‐iv	   45.83	   51.01	   53.66	   34.45	   52.33	   41.55	   71.67	  

Cons2tuency	  Trees	  with	  
rela2onal	  labels	  

in the thread, or what forum category the thread be-
longs to. Therefore, we consider a set of features
that try to describe a comment in the context of the
entire thread. Other Boolean context features char-
acterize different situations including the identifica-
tion of potential dialogues, which usually represent
a bunch of bad comments, or the position of the
comment in the thread. We also considered the cate-
gories of the questions in the forum (as some of them
tend to include more open-ended questions and even
invite discussion on ambiguous topics), as well as
the occurrence of specific strings or the length of a
comment.

In-depth descriptions of these features are avail-
able in (Nicosia et al., 2015).

3.2 Rank Feature
The meta-information in the English corpus includes
the Google-search-engine-provided position of the
forum threads with respect to the new questions. We
exploit this information in tasks B and C. We employ
the inverse of such position as a feature and refer to
it as rank feature.

3.3 Tree Kernels
Tree kernels are similarity functions which mea-
sure the similarity between tree structures. We con-
structed a syntactic tree for each comment/question.
Each task involves a pair of trees, Related Question
- Comment (tasks A, C and D) and User and Re-
lated Questions (Task B). Replicating the approach
in (Severyn and Moschitti, 2012), we link the two
trees by connecting nodes such as NP, PP, VP, when
there is at least lexical match between the phrases of
the trees. Such links are marked with the presence of
a specific tag. We then apply the partial tree kernel
(TK) or the syntactic tree kernels (also called SST)
both defined in (Moschitti, 2006) on the pairs as:

K((t1, t2), (u1, u2)) = TK(t1, u1) + TK(t2, u2).
(1)

4 Submissions and Results

We describe our primary submissions for the four
subtasks in Section 4.1. The contrastive submissions
are discussed in Section 4.2. Table 1 shows our of-
ficial competition results for both primary and con-
trastive submissions.

In all submissions we employed a Support Vector
Machines (SVM) (Joachims, 1999) using either the
KeLP toolkit5, SVMlight (Joachims, 1999) or SVM-
light-TK6 (Moschitti, 2006) when using tree kernels.

4.1 Primary Submissions

Task A. The submission consists in an SVM op-
erating on two kernels: (i) a tree kernel described
in Section 3.3 applied to the structures described in
(Tymoshenko and Moschitti, 2015b) without ques-
tion and focus classification; (ii) a polynomial
kernel of degree 3 applied to the feature vector that
is a concatenation of the feature vector described
in Section 3.2 and question and answer embed-
dings learned by the Convolutional Neural Network
(CNN) described in (Severyn and Moschitti, 2015).

Task B. The submission consists in a SVM oper-
ating on three kernels: (i) an RBF kernel applied
on the features described in Section 3.1, (ii) an
RBF kernel applied on the features described in Sec-
tion 3.2; and (iii) the tree kernel described in
Section 3.3. The C parameter of the SVM was set
to 1. Both the tree and the RBF kernels use default
values for the parameters. The SVM was trained on
the union of the training and development sets.

Task C. The submission consists in a SVM oper-
ating on two RBF kernels (with default parameter
values): the first one is on the features described in
Section 3.1. The second one is on the features de-
scribed in Section 3.2 plus the score obtained from
the prediction of a comment according to a classifier
built for task A. The SVM is trained on the union of
the training part 2 and development sets.

Task D. The submission consists in an SVM op-
erating on two kernels: (i) the syntactic tree ker-
nel (SST) (Moschitti, 2006) applied, as described in
Section 3.3, to the constituency trees with decay fac-
tor L set to 0.1; (ii) a linear kernel applied to the
features in (Barrón-Cedeño et al., 2015). We note
that in tasks A and B we used PTK, which is slower
but more accurate. However, the trees of the Arabic
data were rather large and very noisy. Thus we used
SST, which is faster and use less features. The the

5
https://github.com/SAG-KeLP

6
http://disi.unitn.it/moschitti/Tree-Kernel.
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