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Text	  Mining	  -‐	  Where?	  

•  Web	  search	  engines	  	  
! Understand	  the	  user	  query	  (i.e.	  Jaguar…)	  
! Find	  matching	  documents	  (ranking)	  
! Group	  similar	  results	  together	  (clustering)	  
! etc.	  

•  Product	  recommendaPon	  	  
! Understand	  product	  descripPons	  
! Understand	  product	  reviews	  
! etc.	  
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Text	  Mining	  	  

•  Analogy	  with	  the	  petroleum	  industry:	  
Explore,	  extract,	  refine	  &	  use	  

•  Here	  the	  oil	  is	  the	  informa4on	  contained	  in	  
textual	  documents	  

•  Text	  mining	  involves:	  
! Data	  Mining	  &	  Machine	  Learning	  (ML)	  
! InformaPon	  Retrieval	  (IR)	  
! Natural	  Language	  Processing	  (NLP)	  
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Text	  Mining	  –	  Terminology	  

•  You	  apply	  text	  mining	  on	  a	  collecPon	  of	  
documents:	  
! the	  collecPon	  is	  the	  data	  set	  
! the	  documents	  are	  the	  data	  points	  

•  Because	  text	  is	  unstructured,	  a	  document	  is	  
usually	  converted	  in	  a	  common	  representa4on	  
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Text	  Mining	  –	  Pipeline	  

•  Input:	  raw	  text	  
•  Output:	  some	  informaPon	  (applicaPon-‐dependent)	  
•  In-‐between:	  

1)  document	  representaPon	  
2)  feature	  extracPon	  –	  bag	  of	  words	  
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Bag	  of	  Words	  -‐	  issues	  

•  term	  independence	  
assumpPon	  	  

•  term	  frequency	  
weighPng	  
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information retrieval is the activity of obtaining 

information resources relevant to an information need 

from a collection of information resources

Bag	  of	  words:	  ((acPvity,1),	  (collecPon,1)	  	  
	   	   	  	  (informaPon,4),	  (relevant,1),	  	  
	   	   	  	  (resources,	  2),	  (retrieval,	  1)..)	  
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Graph	  of	  Words	  –	  a	  novel	  approach	  for	  text	  
mining	  

	  
•  Challenge	  “term	  independence”	  and	  “term	  
frequency	  weighPng”	  assumpPons	  taking	  into	  
account	  word	  dependence,	  order	  and	  distance	  

•  Employ	  a	  graph-‐based	  document	  
representaPon	  capturing	  the	  above	  

•  Graphs	  	  successfully	  used	  in	  IR	  to	  encompass	  
relaPons	  and	  propose	  meaningful	  weights	  
(e.g.	  PageRank)	  
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Graph	  of	  Words	  (GoW)	  

M.	  Vazirgiannis	   9	  

information retrieval is the activity of obtaining 

information resources relevant to an information need 

from a collection of information resources

Bag	  of	  words:	  ((acPvity,1),	  (collecPon,1)	  	  
	   	   	  	  (informaPon,4),	  (relevant,1),	  	  
	   	   	  	  (resources,	  2),	  (retrieval,	  1)..)	  

Captures:	  frequency,	  order	  	  
and	  distance,	  …	  

09/09/15	  



GoW	  for	  text	  mining	  
•  1.	  Ad	  Hoc	  InformaPon	  Retrieval	  
•  2.	  Single-‐Document	  Keyword	  ExtracPon	  	  
– Elect	  representa4ve	  words	  for	  a	  document	  that	  best	  
describe	  it.	  	  

– Sub-‐event	  DetecPon	  in	  Textual	  Streams	  (twi2er)	  
– keyword	  extracPon	  Chrome	  extension	  

•  3.	  Text	  CategorizaPon	  	  	  
– as	  a	  Graph	  ClassificaPon	  Problem	  
– Sentence	  based	  Kernels	  for	  short	  text	  categorizaPon	  
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Graph-‐based	  Ad	  Hoc	  IR	  [CIDKM2013]	  
Ad	  Hoc	  InformaPon	  Retrieval	  [1,2]	  
•  Unweighted	  directed	  graph	  
•  word	  weighPng	  in	  the	  document:	  
number	  of	  neighbors	  	  in	  the	  graph	  
•  	  =>	  favor	  words	  that	  co-‐occur	  with	  many	  
different	  other	  words	  

•  Robust	  to	  varying	  document	  length:	  
•  weight	  of	  a	  word	  increases	  only	  with	  
new	  context	  of	  co-‐occurrences	  as	  opposed	  to	  
the	  word	  frequency	  that	  increases	  with	  any	  new	  co-‐
occurrence.	  
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Other	  efforts	  involving	  graphs	  	  

•  Graph	  representaPons	  of	  text	  [Blanco	  and	  Lioma,	  2012]:	  
-‐	  To	  challenge	  the	  tradiPonal	  bag-‐of-‐words	  document	  
representaPon	  	  

•  take	  into	  account	  some	  term	  dependence	  and	  term	  
order	  	  

•  node	  as	  	  linguisPc	  unit	  (i.e.,	  sentence,	  word	  or	  a	  
character)	  	  

•  edge	  as	  linguisPc	  relaPonship	  (syntacPc	  or	  semanPc)	  	  
•  syntacPc	  graph-‐of-‐words	  with	  edges	  represenPng	  co-‐
occurrences	  in	  a	  small	  sliding	  window.	  	  
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Indegree-‐BASED	  TW	  

13/22	  

•  The	  weight	  of	  a	  term	  in	  a	  document	  is	  its	  indegree	  (numbers	  of	  incoming	  edges)	  
in	  the	  graph-‐of-‐word	  

•  It	  represents	  the	  number	  of	  dis/nct	  contexts	  of	  occurrence	  

•  We	  store	  the	  document	  as	  a	  vector	  of	  weights	  in	  the	  direct	  
index	  and	  similarly	  in	  the	  inverted	  index	  

•  Example:	  

•  informaPon 	  5	  
retrieval 	  1	  
is	   	  2	  
the 	  2	  
acPvity 	  2	  
of 	  3	  
obtaining 	  2	  
resources 	  3	  
relevant 	  2	  
to 	  2	  
an 	  2	  
need 	  2	  
from 	  2	  
a	   	  2	  
collecPon 	  2	  
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TF-‐IDF	  and	  BM25	  

Term	  t,	  document	  d,	  collecPon	  of	  size	  N,	  term	  frequency	  6(t,	  d),	  document	  
frequency	   df(t),	   document	   length	   |d|,	   average	   document	   length	   avdl,	  
asymptoPcal	  marginal	  gain	  k1	  (1.2),	  slope	  parameter	  b	  
TF-‐IDF[Singhal	  et	  al.,	  TREC-‐7]	  
	  

	  	  	  	   	  TF-‐IDF(t,	  d)	  =	  
	  

BM25[Lv	  and	  Zhai,	  CIKM	  ’11]	  
	  

	  BM25(t,	  d)	  =	  
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TW-‐IDF	  
•  tw:	  indegree	  of	  the	  vertex	  represenPng	  the	  term	  in	  the	  graph	  	  
	  
	  	  	  	  	  TW-‐IDF(t,	  d)	  =	  	  
	  
•  Term	  t,	  document	  d,	  collecPon	  of	  size	  N,	  term	  weight	  tw(t, d),	  
document	  frequency	  df(t),	  document	  length	  |d|,	  average	  
document	  length	  avdl,	  slope	  parameter	  b	
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Experiments	  -‐	  Datasets	  

•  Disks	  1	  &	  2	  (TREC)	  
741,856	   news	   arPcles	   from	   Wall	   Street	   Journal	   (1987-‐1992),	   Federal	   Register	  
(1988-‐1989),	   Associated	   Press	   (1988-‐1989	   and	   InformaPon	   from	   the	   Computer	  
Select	  disks	  (1989-‐1990)	  	  

•  Disks	   4	   &	   5	   (TREC,	   minus	   the	   Congressional	  
Record)	  
528,155	  news	  releases	  from	  Federal	  Register	  (1994),	  Financial	  Times	  (1991-‐1994),	  
Foreign	  Broadcast	  InformaPon	  Service	  (1996)	  and	  Los	  Angeles	  Times	  (1989-‐1990)	  	  

•  WT10G	  (TREC)	  
1,692,096	  crawled	  pages	  from	  a	  snapshot	  of	  the	  Web	  in	  1997	  	  

•  .GOV2	  (TREC)	  
25,205,179	  crawled	  Web	  pages	  from	  .gov	  sites	  in	  early	  2004	  
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Datasets	  (cont.)	  

Dataset	  
Sta/s/c	  

Disks	  1	  &	  2	   Disks	  4	  &	  5	   WT10G	   .GOV2	  

#	  of	  documents	   741,856	   528,155	   1,692,096	   25,205,179	  

#	  of	  unique	  terms	   535,001	   520,423	   3,135,780	   15,324,292	  

average	  #	  of	  terms	  (avdl)	   237	   272	   398	   645	  

average	  #	  of	  verPces	   125	   157	   165	   185	  

average	  #	  of	  edges	   608	   734	   901	   1,185	  
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Table	  1:	  StaPsPcs	  on	  the	  four	  TREC	  datasets	  used;	  Disks	  4&5	  excludes	  the	  Congressional	  Record.	  
The	  average	  values	  are	  computed	  per	  document.	  	  



EVALUATION	  

•  Mean	  Average	  Precision	  (MAP)	  and	  Precision	  at	  
10	  (P@10)	  
considering	  only	  the	  top-‐ranked	  1000	  documents	  for	  each	  run	  

•  StaPsPcal	  significance	  of	  improvement	  was	  
assessed	  using	  the	  Student’s	  paired	  t-‐test	  
•  Two-‐sided	  p-‐values	  less	  than	  0.05	  and	  0.01	  to	  reject	  the	  null	  hypothesis	  	  

•  Likelihood	  of	  relevance	  vs.	  likelihood	  of	  retrieval	  
[Singhal	  et	  al.,	  SIGIR	  ’96]	  

•  4	  baseline	  models:	  TF-‐IDF,	  BM25,	  Piv+	  and	  
BM25+	  
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Graph-‐based	  Ad	  Hoc	  IR	  II	  
•  EvaluaPon	  in	  terms	  of:	  

! Mean	  Average	  Precision	  
! Precision@10	  
! Probability	  of	  relevance	  
vs.	  probability	  of	  retrieval	  
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Likelihood	  of	  relevance	  vs.	  likelihood	  
of	  retrieval	  

100 1000 10000

0.00

0.01

0.02

0.03

0.04

Relevance
TF−IDF
Piv+
BM25
BM25+
TW−IDF
TW−IDF [b = 0]

Probability of relevance/retrieval vs. document length on WT10G

Document length

Pr
ob

ab
ilit

y 
of

 re
le

va
nc

e/
re

tri
ev

al

09/09/15	   20/22	  

Probability	  of	  relevance	  
(ground	  truth)	  

Probability	  of	  retrieval	  
(TW-‐IDF)	  

Probability	  of	  retrieval	  
(TW-‐IDF,	  b	  =	  0)	  
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GoW	  for	  text	  mining	  
•  1.	  Ad	  Hoc	  InformaPon	  Retrieval	  
•  2.	  Single-‐Document	  Keyword	  ExtracPon	  	  
– Elect	  representa4ve	  words	  for	  a	  document	  that	  best	  
describe	  it.	  	  

– Sub-‐event	  DetecPon	  in	  Textual	  Streams	  (twi2er)	  
– keyword	  extracPon	  Chrome	  extension	  

•  3.	  Text	  CategorizaPon	  	  	  
– as	  a	  Graph	  ClassificaPon	  Problem	  
– Sentence	  based	  Kernels	  for	  short	  text	  categorizaPon	  
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Single	  Document	  Keyword	  ExtracPon	  
[ECIR	  2015]	  

Keywords	  are	  used	  everywhere:	  
•  looking	  up	  informaPon	  on	  the	  Web	  (e.	  g.,	  via	  a	  search	  engine	  bar)	  
•  finding	  similar	  posts	  on	  a	  blog	  (e.	  g.,	  tag	  cloud)	  
•  for	  ads	  matching	  (e.	  g.,	  AdWords’	  keyword	  planner)	  
•  for	  research	  paper	  indexing	  and	  retrieval	  (e.	  g.,	  SpringerLink)	  
•  for	  research	  paper	  reviewer	  assignment	  	  	  
	  
ApplicaPons	  are	  numerous:	  
•  summariza/on	  (to	  get	  a	  gist	  of	  the	  content	  of	  a	  document)	  	  
•  informa/on	  filtering	  (to	  select	  specific	  documents	  of	  interest)	  	  
•  indexing	  (to	  answer	  keyword-‐based	  queries)	  
•  query	  expansion	  (using	  addiPonal	  keywords	  from	  top	  results)	  	  
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Graph	  degeneracy	  –	  k-‐core	  
•  Let	  k	  be	  an	  integer.	  	  
•  A	  subgraph	  Hk = (V′, E′),	  induced	  by	  the	  

subset	   of	   verPces	   V′⊆  V  (and	   the	  
subset	  of	  edges	  E′  ⊆  E),	  is	  called	  a	  k-
core or	  	  core	  of	  order	  k	  iff:	  	  
–  ∀v∈V′, degHk(v)≥k and	  	  
–  Hk	   is	   the	   maximal	   subgraph	   with	   this	  

property,	   i.e.	   it	   cannot	   be	   augmented	  
without	  losing	  this	  property.	  	  

•  k-core of	  a	  graph:	  maximal	  connected	  
subgraph	  whose	  each	  verPce	  has	  at	  least	  
degree	  k	  within	  the	  subgraph.	  	  

•  The	  core	  of	  maximum	  order	  is	  called	  the	  
main core. 	
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Graph-‐based	  keyword	  extracPon	  	  

09/09/15	   M.	  Vazirgiannis	   24	  

K-‐core	  decomposiPon	  of	  the	  graph	  	  

ExisPng	  graph-‐based	  keyword	  
extractors:	  	  	  

-‐  PageRank	  [Mihalcea	  and	  Tarau,	  2004]	  	  

-‐  HITS	  [Litvak	  and	  Last,	  2008]	  

-‐  assign	  a	  centrality	  based	  
influence	  score	  to	  a	  node	  	  

-‐  top	  ones	  	  	  the	  most	  
representaPve	  

	  
⇒	  we	  propose	  to	  retain	  the	  main	  
core	  of	  the	  graph	  to	  extract	  the	  
nodes	  based	  on	  their	  centrality	  and	  
cohesiveness.	  



Graph-‐based	  Keyword	  ExtracPon	  
•  Single-‐Document	  
Keyword	  ExtracPon	  	  	  
!  Elect	  the	  most	  cohesive	  sets	  of	  

words	  
in	  the	  graph	  as	  keywords	  

! Use	  k-‐core	  decomposiPon	  to	  
extract	  
the	  main	  core	  of	  the	  graph	  

! Weighted	  edges	  as	  opposed	  to	  Ad	  
Hoc	  IR	  
(single-‐document	  =>	  no	  
normalizaPon)	  
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Pagerank	  vs.	  main	  core	  
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Keywords	  are	  not	  unigrams	  
•  500	  abstracts	  from	  the	  Inspec	  database	  used	  in	  our	  
experiments,	  	  

•  4,913	  keywords	  manually	  assigned	  by	  human	  
annotators	  	  

•  only	  662	  	  are	  unigrams	  (13%).	  	  
•  Bigrams	  (2,587	  –	  52%)	  …	  	  7-‐grams	  (5).	  	  
⇒	  keywords	  are	  bigrams,	  if	  not	  higher	  order	  n-‐grams.	  	  
⇒	  the	  interacPons	  within	  keywords	  need	  to	  be	  captured	  
in	  the	  first	  place	  –	  i.e.	  in	  the	  graph.	  	  
⇒	  we	  can	  consider	  a	  k-‐core	  to	  form	  a	  “long-‐distance	  (k
+1)-‐gram”	  [Bassiou	  and	  Kotropoulos,	  2010]	  	  
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K-‐cores	  are	  adapPve	  	  

•  Most	  techniques	  in	  keyword	  extracPon	  assign	  a	  
score	  to	  each	  feature	  and	  then	  take	  the	  top	  ones.	  	  

•  But	  how	  many?	  Absolute	  number	  (top	  X)	  or	  
relaPve	  number	  (top	  X%)?	  	  

•  Besides,	  at	  fixed	  document	  length,	  humans	  may	  
assign	  more	  keywords	  for	  a	  document	  than	  for	  
another	  one.	  	  
⇒	  X	  be	  decided	  at	  document-‐level	  (size	  of	  the	  main	  
core).	  	  
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Data	  sets	  

-‐	  Hulth2003	  –	  500	  abstracts	  from	  the	  Inspec	  
database	  [Hulth,	  2003]	  	  
	  -‐	  Krapi2009	  –	  2,304	  ACM	  full	  papers	  in	  Computer	  
Science	  (references	  and	  capPons	  excluded)	  [Krapivin	  et	  
al.,	  2009]	  	  

	  	  
All	  approaches	  are	  unsupervised	  and	  single-‐
document	  
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Models	  
Graph-‐of-‐words:	  	  
•  undirected	  edges	  	  
•  forward	  edges	  (natural	  flow	  of	  the	  text	  –	  an	  edge	  term1	  →	  

term2	  meaning	  that	  term1	  precedes	  term2	  in	  a	  sliding	  
window)	  	  

•  backward	  edges	  	  	  
	  
Keyword	  extractors:	  
•  PageRank	  
•  HITS	  (authority	  scores	  only)	  	  
•  K-‐core	  
•  Weighted	  K-‐core	  	  
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Top	  33%	  or	  top	  15%	  keywords	  

Main	  core	  



EvaluaPon	  metrics	  	  	  

•  Each	  document	  has	  a	  set	  of	  golden	  keywords	  
assigned	  by	  humans.	  	  

•  ⇒	  precision,	  recall	  and	  F1-‐score	  per	  
document	  	  

•  ⇒	  macro-‐average	  each	  metric	  at	  the	  
collecPon	  level	  
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EvaluaPon	  metrics	  2/2	  

•  Given	  a	  golden	  bigram	  to	  extract,	  how	  do	  you	  
penalize	  a	  system	  that	  retrieves	  part	  of	  it	  
(unigram)	  or	  more	  than	  it	  (trigram)?	  	  

•  ⇒	  golden	  keywords	  are	  transformed	  into	  
unigrams	  for	  standard	  precision	  and	  recall	  
definiPons.	  	  

•  ⇒	  “reconciliaPon”	  step	  considered	  as	  a	  post-‐
processing	  step.	  	  

09/09/15	   M.	  Vazirgiannis	   32	  



Graph-‐based	  Keyword	  ExtracPon	  –	  
Experimental	  results	  

•  EvaluaPon	  in	  terms	  of:	  
!  Precision	  
!  Recall	  
!  F1-‐score	  
!  Precision/recall	  
!  #	  of	  keywords	  
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Conclusions	  –	  lessons	  learned	  

•  Explored	  single-‐document	  keyword	  extracPon	  
using	  k-‐core	  on	  graph-‐of-‐words:	  	  	  
– Capitalized	  on	  graph	  representaPons	  of	  text	  to	  
extract	  central	  terms.	  	  

– Captured	  more	  cohesive	  subgraphs	  of	  words	  
central	  and	  densely	  connected.	  	  

– Extracted	  keywords	  are	  more	  likely	  to	  form	  higher	  
order	  n-‐grams	  and	  their	  number	  adapts	  to	  the	  
graph	  structure.	  	  
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Eventual	  example	  

•  Stemmed	  unigrams	  of	  the	  main	  core	  of	  the	  
graph-‐	  of-‐words	  of	  the	  paper	  document:	  
{keyword,	  extract,	  graph,	  represent,	  text,	  weight,	  
graph-‐of-‐word,	  k-‐core,	  degeneraci,	  edg,	  ver4c,	  
number,	  document}.	  	  

•  Using	  PageRank,	  “work”	  appears	  in	  the	  top	  5,	  
“term”	  and	  “pagerank”	  in	  the	  top	  10,	  and	  “case”	  
and	  “order”	  in	  the	  top	  15.	  Central	  words	  but	  not	  
in	  cohesion	  with	  the	  rest	  and	  probably	  not	  
relevant.	  	  

09/09/15	   M.	  Vazirgiannis	   35	  



GoW	  for	  text	  mining	  
•  1.	  Ad	  Hoc	  InformaPon	  Retrieval	  
•  2.	  Single-‐Document	  Keyword	  ExtracPon	  	  
– Elect	  representa4ve	  words	  for	  a	  document	  that	  best	  
describe	  it.	  	  

– Sub-‐event	  DetecPon	  in	  Textual	  Streams	  (twi2er)	  
– keyword	  extracPon	  Chrome	  extension	  

•  3.	  Text	  CategorizaPon	  	  	  
– as	  a	  Graph	  ClassificaPon	  Problem	  
– Sentence	  based	  Kernels	  for	  short	  text	  categorizaPon	  
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Sub-‐event	  DetecPon	  in	  Textual	  Streams	  (twi2er)	  
	  [AAAI/ICWSM	  2015]	  

1. Large	  volume	  of	  documents	  in	  social	  media	  
2. Events	  are	  not	  covered	  by	  tradiPonal	  media	  
3. News	  appear	  fast	  in	  Twi2er	  
4.  Is	  Tweet	  Rate	  suited	  for	  sub-‐event	  DetecPon?	  

Tweet	  Rate	  histogram	  of	  a	  football	  
match	  

True	  Events	  Falsely	  esPmated	  events	  
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ContribuPon	  
A	  novel	  real-‐4me	  detec4on	  
mechanism	  that	  accurately	  detects	  
sub-‐events	  in	  an	  unsupervised	  and	  
out-‐of-‐the-‐box	  manner.	  	  



System	  Architecture	  

System	  Architecture	  

➢ Steps	  are	  repeated	  every	  60	  
seconds	  
➢ The	  summary	  of	  the	  whole	  event	  
is	  constructed	  by	  aggregaPng	  the	  
individual	  sub-‐event	  descripPons	  

Real	  Time	  Event	  SummarizaPon	  
	  
1. Feature	  ExtracPon:	  Extracts	  the	  
terms	  that	  best	  describe	  the	  current	  
state	  of	  the	  event	  

	  
2. Sub-‐Event	  DetecPon:	  Decides	  
whether	  a	  sub-‐event	  has	  occurred	  

	  
3. Tweet	  SelecPon:	  Ranks	  all	  the	  
tweets	  and	  selects	  the	  first	  one.	  
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Graph-‐of-‐Words	  from	  Twi2er	  Streams	  
	  

➢ Represents	  all	  the	  input	  tweets	  	  
	  	  [Rousseau	  and	  Vazirgiannis,	  CIKM	  2013]	  

➢ node	  	  	  	  	  	  	  	  	  	  unique	  term	  	  
➢ edge	  	  	  	  	  	  	  	  	  	  #co-‐occurrences	  
within	  a	  tweet	  (normalized)	  

	  
Example	  Graph:	  
1)	  Good	  goal	  by	  Neymar	  
2)	  Goal!	  Neymar	  scores	  for	  brazil	  
3)	  Goal!!	  Neymar	  scores	  again	  
4)	  Watching	  the	  game	  tonight	  

A	  graph-‐of-‐words	  built	  from	  4	  tweets	  
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Graph	  Degeneracy	  for	  Feature	  
ExtracPon	  	  

➢ Each	  term	  is	  given	  a	  score	  
corresponding	  to	  its	  core	  
number	  
➢ The	  k-‐core	  of	  a	  graph	  is	  the	  
maximal	  subgraph	  whose	  
verPces	  are	  at	  least	  of	  
degree	  k	  within	  the	  
subgraph.	  
➢ A	  vertex	  has	  index	  k	  if	  it	  
belongs	  to	  the	  k-‐core	  but	  
not	  to	  the	  k+1	  core	  
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k-‐core	  decomposiPon	  of	  the	  Graph-‐of-‐Words	  



Sub-‐event	  DetecPon	  

Core	  number	  of	  term	  	  	  	  at	  Pme	  slot	  	  
Number	  of	  terms	  selected	  
Decision	  Threshold	  
Number	  of	  previous	  Pme	  slots	  
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Sub-‐event	  DetecPon	  steps:	  
(Every	  60	  seconds)	  
	  
1)  Extract	  the	  top	  	  	  	  	  terms	  with	  highest	  

weights	  

2)  Sum	  the	  term	  weights	  
3)  If	  it	  exceeds	  the	  threshold	  a	  sub-‐event	  is	  

detected	  
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Snapshot	  of	  the	  four	  highest	  cores	  of	  the	  graph	  
generated	  a�er	  Germany’s	  goal	  in	  the	  2014	  FIFA	  World	  
Cup	  final	  

Germany’s	  goal,	  2014	  World	  Cup:	  Graph-‐of-‐Words	  	  



Tweet	  SelecPon	  as	  Sub-‐event	  SummarizaPon	  

➢ AcPvated	  only	  if	  a	  sub-‐event	  has	  been	  detected	  

➢ Tweets	  are	  scored	  based	  on	  the	  sum	  of	  their	  term	  
weights	  

➢ Selects	  the	  most	  informaPve	  tweet	  of	  the	  sub-‐event	  
➢ The	  tweet	  with	  the	  highest	  score	  is	  chosen	  
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Experimental	  Setup	  

Baselines-‐Approaches	  
(DetecPon	  -‐Term	  Weight)	  
➢ Rate–Freq:	  the	  common	  baseline	  
➢ Rate–Core	  
➢ Weight–Core:	  Our	  approach	  
➢ Weight–Freq	  
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Sub-‐Event	  DetecPon	  

Tweet	  Rate	   	  Term	  Weights	  

Sub-‐Event	  SummarizaPon	  

Frequency	  of	  terms	   Core	  number	  of	  terms	  



Dataset	  
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Match	   #sub-‐events	   #tweets	  
Germany	  -‐	  ArgenPna	  	   8	   1,907,999	  
ArgenPna	  -‐	  Belgium	  	   7	   1,355,472	  
France	  -‐	  Germany	  	   6	   1,321,781	  
Honduras-‐Switzerland	   7	   168,519	  
Greece	  -‐	  Ivory	  Coast	  	   10	   251,420	  
CroaPa	  -‐	  Mexico	  	   11	   600,776	  
Cameroon	  -‐	  Brazil	  	   11	   532,756	  
Netherlands	  -‐	  Chile	  	   7	   301,067	  
Australia	  -‐	  Spain	  	   9	   252,086	  
Germany	  -‐	  Ghana	  	   8	   718,709	  
Australia	  -‐	  Netherlands	  	   11	   126,971	  

All	  Matches	   95	   7,537,556	  

FIFA	  2014	  World	  Cup	  Dataset	  



Average	  DET	  curves	  over	  11	  matches	  for	  the	  4	  
considered	  approaches.	   46	  
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Average	  micro	  and	  macro	  F1-‐
score	  over	  11	  matches	  for	  the	  4	  
considered	  approaches.	  

Number	  of	  sub-‐events	  Detected	  

Method	   Micro	  
F1-‐score	  

Macro	  
F1-‐score	  

Weight-‐Core	  	   0.68	   0.72	  

Rate-‐Core	  	   0.61	   0.63	  

Weight-‐Freq	   0.61	   0.64	  

Rate-‐Freq	  	   0.54	   0.60	  

Event	  type	   #actual	  
Events	  

#detected	  
Events	  

Goal	  	  	  	  	  	  	  	  	  	  	   32	   30	  

Penalty	  	  	  	  	   2	   2	  

Red	  Card	   1	   0	  

Yellow	  Card	  	   27	   14	  

Match	  Start	  	   11	   8	  

Match	  End	  	   11	   11	  

Half	  Time	  	   11	   10	  



Summary	  of	  the	  ArgenPna	  vs.	  Belgium	  match	  generated	  automaPcally	  
using	  Weight–Core	  and	  manually	  by	  ESPN.	  
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Time	   Our	  Summary	   ESPN	  FC	  

8’	  
Goal!!!!ArgenPna!!	  A�er	  eight	  minutes	  
ArgenPna	  lead	  Belgium	  by	  1-‐0	  scored	  by	  
Higuain	  

Goal!	  ArgenPna	  1,	  Belgium	  0.	  Gonzalo	  Higuain	  
(ArgenPna)	  right	  footed	  shot	  from	  the	  centre	  of	  the	  
box	  to	  the	  bo2om	  le�	  corner.	  

45’+2’	  
HT:	  ArgenPna	  1-‐0	  Belgium.	  FantasPc	  goal	  
by	  Higuain	  gives	  ArgenPna	  the	  slight	  lead	  
over	  the	  red	  devils.	  

First	  Half	  ends,	  ArgenPna	  1,	  Belgium	  0.	  

52’	   52m	  -‐	  Belgium's	  Eden	  Hazard	  with	  the	  
first	  yellow	  card	  of	  the	  game	  

Eden	  Hazard	  (Belgium)	  is	  shown	  the	  yellow	  card	  for	  
a	  bad	  foul.	  

75’	  
ArgenPna	  1	  -‐	  0	  Belgium	  |	  Biglia	  booked	  a	  
yellow	  card.	  Meanwhile,	  Chadli	  on	  for	  
Eden	  Hazard.	  

Lucas	  Biglia	  (ArgenPna)	  is	  shown	  the	  yellow	  card	  for	  
a	  bad	  foul.	  	  

90+5'	  	  

Well	  at	  least	  that	  goal	  makes	  them	  
advance	  to	  the	  semi	  finals.	  ArgenPna	  gets	  
the	  Pcket	  to	  advance	  and	  Belgium	  goes	  
home.	  

Match	  ends,	  ArgenPna	  1,	  Belgium	  0.	  

Tweet	  SummarizaPon	  performance	  



Conclusion	  

•  We	  proposed	  a	  sub-‐event	  detecPon	  approach	  
based	  on	  the	  k-‐core	  decomposiPon	  on	  graph-‐of-‐
words	  

•  The	  algorithm	  exploits	  the	  fact	  that	  the	  
vocabulary	  of	  tweets	  gets	  more	  specific	  when	  a	  
sub-‐event	  occurs	  

•  Our	  detecPon	  mechanism	  is	  able	  to	  accurately	  
detect	  important	  moments	  as	  they	  occur	  

•  The	  tweets	  selected	  by	  our	  system	  give	  an	  
overview	  of	  the	  event	  
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GoW	  for	  text	  mining	  
•  1.	  Ad	  Hoc	  InformaPon	  Retrieval	  
•  2.	  Single-‐Document	  Keyword	  ExtracPon	  	  
– Elect	  representa4ve	  words	  for	  a	  document	  that	  best	  
describe	  it.	  	  

– Sub-‐event	  DetecPon	  in	  Textual	  Streams	  (twi2er)	  
– keyword	  extracPon	  Chrome	  extension	  

•  3.	  Text	  CategorizaPon	  	  	  
– as	  a	  Graph	  ClassificaPon	  Problem	  
– Sentence	  based	  Kernels	  for	  short	  text	  categorizaPon	  
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Chrome	  addon	  for	  keyword	  extracPon	  

•  Based	  on	  the	  main	  core	  of	  the	  document	  [ECIR	  
2015]	  

•  See	  demo	  

51	  



GoW	  for	  text	  mining	  
•  1.	  Ad	  Hoc	  InformaPon	  Retrieval	  
•  2.	  Single-‐Document	  Keyword	  ExtracPon	  	  
– Elect	  representa4ve	  words	  for	  a	  document	  that	  best	  
describe	  it.	  	  

– Sub-‐event	  DetecPon	  in	  Textual	  Streams	  (twi2er)	  
– keyword	  extracPon	  Chrome	  extension	  

•  3.	  Text	  CategorizaPon	  	  	  
– as	  a	  Graph	  ClassificaPon	  Problem	  
– Sentence	  based	  Kernels	  for	  short	  text	  categorizaPon	  
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Text	  CategorizaPon	  as	  a	  Graph	  
ClassificaPon	  Problem	  [ACL2015]	  

•  Single-‐label	  mulP-‐class	  text	  categorizaPon	  	  
•  Graph-‐of-‐words	  representaPon	  of	  textual	  
documents	  

•  Mining	  of	  frequent	  subgraphs	  as	  features	  for	  
classificaPon	  

•  Main	  core	  retenPon	  to	  reduce	  the	  graph’s	  sizes	  	  
•  Long-‐distance	  n-‐grams	  more	  discriminaPve	  than	  
standard	  n-‐grams	  	  
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Context	  	  
ApplicaPons	  of	  text	  classificaPon	  are	  numerous:	  	  	  	  

	  -‐	  news	  filtering	  
	  -‐	  document	  organizaPon	  
	  -‐	  spam	  detecPon	  
	  -‐	  opinion	  mining	  	  

Text	  documents	  classificaPon	  compared	  to	  other	  domains:	  	  	  	  	  
	  -‐	  high	  number	  of	  features	  
	  -‐	  sparse	  feature	  vectors	  
	  -‐	  mulP-‐class	  scenario	  	  
	  -‐	  skewed	  class	  distribuPon	  	  
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Background	  

Text	  categorizaPon	  [SebasPani,	  2002,	  Aggarwal	  and	  Zhai,	  
2012]	  	  
– Standard	  baseline:	  unsupervised	  n-‐gram	  feature	  
mining	  +	  supervised	  linear	  SVM	  learning	  	  	  

– Common	  approach	  for	  spam	  detecPon:	  same	  with	  
Naive	  Bayes	  	  

⇒	  n-‐grams	  to	  take	  into	  account	  some	  word	  
order	  and	  some	  word	  dependence	  as	  opposed	  
to	  unigrams	  	  
⇒	  word	  inversion?	  subset	  matching?	  	  
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Background	  	  
•  Graph	  classificaPon	  
–  subgraphs	  as	  features	  
–  graph	  kernels	  [Vishwanathan	  et	  al.,	  2010]	  	  

•  Frequent	  subgraph	  feature	  mining	  	  
–  gSpan	  [Yan	  and	  Han,	  2002]	  
–  FFSM	  [Huan	  et	  al.,	  2003]	  
– Gaston	  [Nijssen	  and	  Kok,	  2004]	  	  

•  	  	  expensive	  to	  mine	  all	  subgraphs,	  especially	  for	  
“large”	  collecPons	  of	  “large”	  graphs	  	  
⇒	  unsupervised	  discriminaPve	  feature	  selecPon?	  	  
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Subgraph-‐of-‐words	  	  
•  A	  subgraph	  of	  size	  n	  corresponds	  to	  a	  long-‐distance	  n-‐gram	  
⇒	  takes	  into	  account	  word	  inversion	  and	  subset	  matching	  	  

•  For	  instance,	  on	  the	  R8	  dataset,	  {bank,	  base,	  rate}	  was	  a	  
discriminaPve	  (top	  5%	  SVM	  features)	  long-‐distance	  3-‐gram	  
for	  the	  category	  “interest”	  	  
	  -‐	  “barclays	  bank	  cut	  its	  base	  lending	  rate”	  
	  -‐	  “midland	  bank	  matches	  its	  base	  rate”	  
	  -‐	  “base	  rate	  of	  natwest	  bank	  dropped”	  	  

	  
!!	  pa2erns	  hard	  to	  capture	  with	  tradiPonal	  n-‐gram	  bag-‐of-‐
words.	  	  
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Graph	  of	  Words	  ClassificaPon	  
Unsupervised	  feature	  mining	  and	  support	  selec/on	  	  
•  gSpan	  mines	  the	  most	  frequent	  “subgraph-‐of-‐words”	  in	  the	  

collecPon	  of	  graph-‐of-‐words	  	  
•  subgraph	  frequency	  ==	  long-‐distance	  n-‐gram	  document	  

frequency	  	  
•  minimum	  document	  frequency	  controlled	  via	  a	  support	  

parameter	  	  
•  the	  lower	  the	  support,	  the	  more	  features	  but	  the	  longer	  

the	  mining,	  the	  feature	  vector	  generaPon	  and	  the	  learning	  	  
•  ⇒	  unsupervised	  support	  selecPon	  using	  the	  elbow	  method	  

(inspired	  from	  selecPng	  the	  number	  of	  clusters	  in	  k-‐means)	  	  
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MulPclass	  Scenario	  

•  Text	  categorizaPon	  ==	  	  
mulPple	  classes	  +	  skewed	  class	  distribuPon	  +	  single	  
overall	  support	  value	  (local	  frequency)	  

•  100k	  features	  for	  majority	  classes	  vs.	  100	  
features	  for	  minority	  ones	  	  

•  ⇒	  mining	  per	  class	  with	  same	  relaPve	  support	  
value	  	  
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Main	  core	  mining	  and	  n-‐gram	  feature	  
selecPon	  	  

•  Complexity	  to	  extract	  all	  features!	  ⇒	  reduce	  
the	  size	  of	  the	  graphs	  

•  Maintain	  word	  dependence	  and	  subset	  
matching	  ⇒	  keep	  the	  densest	  subgraphs	  	  
⇒	  retain	  the	  main	  core	  of	  each	  graph-‐of-‐words	  
	  use	  gSpan	  to	  mine	  frequent	  subgraphs	  in	  main	  
cores	  	  
⇒	  extract	  n-‐gram	  features	  on	  remaining	  text	  
(terms	  in	  main	  cores)	  	  
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Experimental	  evaluaPon	  
Standard	  datasets:	  	  
•  WebKB:	  4	  most	  frequent	  categories	  among	  labeled	  webpages	  from	  

various	  CS	  departments	  –	  split	  into	  2,803	  for	  training	  and	  1,396	  for	  
test	  [Cardoso-‐Cachopo,	  2007].	  	  

•  R8:	  8	  most	  frequent	  categories	  of	  Reuters-‐21578,	  a	  set	  of	  labeled	  
news	  arPcles	  from	  the	  1987	  Reuters	  newswire	  –	  split	  into	  5,485	  for	  
training	  and	  2,189	  for	  test	  [Debole	  and	  SebasPani,	  2005].	  	  

•  LingSpam:	  2,893	  emails	  classified	  as	  spam	  or	  legiPmate	  messages	  –	  
split	  into	  10	  sets	  for	  10-‐fold	  cross	  validaPon	  [Androutsopoulos	  et	  
al.,	  2000].	  	  

•  Amazon:	  8,000	  product	  reviews	  over	  four	  different	  sub-‐collecPons	  
(books,	  DVDs,	  electronics	  and	  kitchen	  appliances)	  classified	  as	  posi-‐	  
Pve	  or	  negaPve	  –	  split	  into	  1,600	  for	  training	  and	  400	  for	  test	  each	  
[Blitzer	  et	  al.,	  2007].	  	  
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Models	  
•  3	  baseline	  models	  (n-‐gram	  features)	  
-‐	  kNN	  (k=5)	  
-‐	  MulPnomial	  Naive	  Bayes	  (similar	  results	  with	  	  

	  	  	  	  	  	  Bernoulli)	  
	  	  	  	  -‐	  linear	  SVM	  	  
•  3	  proposed	  approaches	  
-‐	  gSpan	  +	  SVM	  (long-‐distance	  n-‐gram	  features)	  
-‐	  MC	  +	  gSpan	  +	  SVM	  (long-‐distance	  n-‐gram	  	  	  

	  	  	  	  	  	  features)	  	  
	  	  	  	  -‐	  MC	  +	  SVM	  (n-‐gram	  features)	  	  
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EvaluaPon	  metrics	  	  

•  Micro-‐averaged	  F1-‐score	  (accuracy,	  overall	  
effecPveness)	  	  

•  Macro-‐averaged	  F1-‐score	  (weight	  each	  class	  
uniformly)	  	  

•  StaPsPcal	  significance	  of	  improvement	  in	  
accuracy	  over	  the	  n-‐gram	  SVM	  baseline	  assessed	  
using	  the	  micro	  sign	  test	  (p	  <	  0.05)	  	  

•  For	  the	  Amazon	  dataset,	  we	  report	  the	  average	  
of	  each	  metric	  over	  the	  four	  sub-‐collecPons	  	  
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EffecPveness	  results	  (1/2)	  	  
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EffecPveness	  results	  (2/2)	  	  
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Dimension	  reducPon	  –	  main	  core	  
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Unsupervised	  support	  selecPon	  
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DistribuPon	  of	  mined	  n-‐grams	  

09/09/15	   M.	  Vazirgiannis	   68	  



ContribuPon	  

•  we	  explored	  a	  graph-‐of-‐words,	  to	  challenge	  the	  
tradiPonal	  bag-‐of-‐words	  for	  text	  classificaPon.	  

•  first	  trained	  a	  classifier	  using	  frequent	  sub-‐	  
graphs	  as	  features	  for	  increased	  effecPveness.	  

•  reduced	  each	  graph-‐of-‐words	  to	  its	  main	  core	  
before	  mining	  the	  features	  for	  increased	  
efficiency.	  	  

•  reduced	  the	  total	  number	  of	  n-‐gram	  features	  
considered	  in	  the	  baselines	  for	  li2le	  to	  no	  loss	  in	  
predicPon	  performances.	  	  
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GoW	  for	  text	  mining	  
•  1.	  Ad	  Hoc	  InformaPon	  Retrieval	  
•  2.	  Single-‐Document	  Keyword	  ExtracPon	  	  
– Elect	  representa4ve	  words	  for	  a	  document	  that	  best	  
describe	  it.	  	  

– Sub-‐event	  DetecPon	  in	  Textual	  Streams	  (twi2er)	  
– keyword	  extracPon	  Chrome	  extension	  

•  3.	  Text	  CategorizaPon	  	  	  
– as	  a	  Graph	  ClassificaPon	  Problem	  
– Sentence	  based	  Kernels	  for	  short	  text	  categorizaPon	  
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Sentence	  based	  Kernels	  for	  short	  text	  
categorizaPon	  [EMNLP	  2015]	  

Short	  text	  categoriza4on	  
Assume	  the	  sentences:	  	  
•  ‘John	  likes	  hot	  beverages’	  	  
•  ‘John	  loves	  warm	  drinks’	  	  

Their	  semanPc	  similarity	  is	  obvious	  …	  
Challenge:	  devise	  a	  similarity	  funcPon	  that	  finds	  
adequate	  similarity	  in	  these	  cases	  
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Dependency	  trees	  

72	  



Context	  
•  Word	  embeddings	  	  
–  Embed	  words	  in	  a	  Low-‐dimension	  
Euclidean	  vector	  space,	  suited	  for	  
word	  similarity	  	  

–  Similar	  words	  are	  projects	  to	  near	  
by	  places	  

– word2vec:	  300	  dimensional	  
representaPon	  of	  3	  million	  English	  
words	  trained	  over	  a	  Google	  News	  
dataset	  of	  100	  billion	  words	  using	  
the	  Skip-‐gram	  model	  and	  a	  context	  
size	  of	  5	  	  

•  Google	  word2vec	  [1]:	  query	  ‘France',	  distance	  
will	  display	  the	  most	  similar	  words	  and	  their	  
distances	  to	  'france’	  
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MathemaPcal	  framework	  (i)	  
•  Word	  Kernel	  (WK)	  	  
We	  define	  a	  kernel	  between	  two	  words	  as	  a	  polynomial	  kernel	  -‐	  cosine	  
similarity	  in	  the	  word	  embedding	  space,	  where	  α	  is	  a	  scaling	  factor:	  
	  
•  Phrase	  Kernel	  (PhK)	  
We	  considered	  two	  types	  of	  phrases:	  
-‐	  co-‐occurrence	  phrases:	  conPguous	  sequences	  of	  words	  in	  the	  original	  
sentence	  	  
-‐	  syntac4c	  phrases:	  downward	  paths	  in	  the	  dependency	  tree	  representaPon	  	  
-‐	  Product	  Kernel	  (PK)	  	  
wij	  i-‐th	  word	  in	  phrase	  pj	  of	  length	  i	  	  	  
-‐	  Composi/on	  Kernel	  (CK)	  
(in	  case	  of	  different	  sentence	  length)	  embedding	  pj	  of	  the	  phrase	  pj	  
obtained	  either	  by	  	  

	  -‐	  addiPon:	  	  
	  -‐	  or	  element	  wise	  mulPplicaPon	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  i.e.	  	  

	  
	  
	  

74	  
i.e.	  ‘Berlin’	  with	  ‘capital	  of	  Germany’	  



MathemaPcal	  framework	  II	  
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Experiments	  (i)	  

76	  



Experiments	  (ii)	  
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Results	  (i)	  
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Results	  (ii)	  
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Related	  efforts	  
Kernels	  
•  seman4c	  kernels	  for	  text	  categorizaPon,	  capitalizing	  on	  WordNet:	  conPnuous	  word	  

kernels	  based	  on	  the	  inverse	  of	  the	  path	  lengths	  in	  the	  tree	  rather	  than	  the	  
common	  delta	  word	  kernel	  used	  so	  far,	  i.e.	  exact	  matching	  between	  unigrams	  
[Siolas,	  d’Alché	  Buc.	  2000]	  

•  extensions	  to	  tree	  similarity	  measures	  [Bloehdorn	  et	  al.	  2006]	  
•  GVSM	  kernels	  [Mavroeidis,	  Vazirgiannis	  et.al	  2005]	  
•  tree	  kernels	  to	  compare	  trees	  based	  on	  their	  topology	  (e.g.,	  shared	  subtrees)	  

rather	  than	  the	  similarity	  between	  their	  nodes	  [Collins,	  Duffy	  2001]	  
•  Dependency	  Tree	  Kernels	  (DTK)	  to	  capture	  syntacPc	  similariPes	  [Culo2a	  and	  

Sorensen	  2004]	  
•  addiPonal	  semanPc	  meta-‐features	  based	  on	  word	  embeddings	  to	  enhance	  

classificaPon	  for	  short	  text	  similarity	  [Song	  and	  Roth	  (2015)[Kenter,	  Rijke	  (2015)]	  

Word	  Embeddings	  
•  Wordnet	  [Miller1995],	  	  
•  SENNA[Collobert	  et	  al.,	  2011]	  
•  Word2vec	  [Mikolov	  et	  al.2013]	  	  
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Conclusions	  

•  sparsity	  issue	  	  classifying	  short	  documents	  or	  
when	  li2le	  training	  data	  is	  available	  

•  we	  proposed	  a	  novel	  convoluPonal	  sentence	  
kernel	  based	  on	  word	  embeddings	  that	  tackles	  
sparsity	  issue.	  	  

•  achieved	  significant	  improvements	  over	  the	  base-‐	  
lines	  across	  all	  datasets	  when	  taking	  into	  account	  
the	  addiPonal	  informaPon	  from	  the	  latent	  word	  
similarity	  (word	  embeddings)	  and	  the	  syntacPc	  
structure	  (dependency	  tree).	  	  
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Graph	  of	  Words	  -‐	  ContribuPons	  
•  ExtracPon	  –	  GoW	  for	  term	  weighPng	  for	  IR,	  keyword	  extracPon	  and	  

classificaPon	  
•  Learning	  @	  document	  level	  

–  new	  features	  -‐	  subgraphs	  of	  word	  for	  classificaPon	  
•  RegularizaPon	  @	  collecPon	  level	  

–  GoW	  -‐	  regularizaPon	  as	  feature	  similarity	  (similar	  features	  should	  have	  
similar	  weights	  

Future	  direc/ons	  
•  GoW	  as	  features	  to	  ML	  algorithms	  
•  GoW	  for	  Document	  and	  CollecPon	  visualizaPon	  
•  Move	  from	  tw-‐idf	  to	  tw-‐icw	  and	  tw-‐idw	  …	  
•  Future	  work	  	  
•  designing	  new	  kernels	  for	  syntacPc	  parse	  trees	  –	  similarity	  between	  

non-‐terminal	  nodes	  	  
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Novel	  models	  needed	  –	  Thought	  vectors	  
	  
•  thought	  vectors”:	  Google	  is	  working	  on	  a	  new	  
type	  of	  algorithm	  designed	  to	  encode	  thoughts	  as	  
sequences	  of	  numbers	  

•  Geoff	  Hinton	  –	  Google:	  “If	  you	  take	  the	  vector	  for	  
Paris	  and	  subtract	  the	  vector	  for	  France	  and	  add	  
Italy,	  you	  get	  Rome,”	  he	  said.	  “It’s	  quite	  
remarkable.”	  @Guardian	  

	  
h2ps://wtvox.com/roboPcs/google-‐is-‐working-‐on-‐
a-‐new-‐algorithm-‐thought-‐vectors	  
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