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Summary	
  
•  Time	
  Domain	
  Astronomy	
  
– Transient	
  and	
  Variable	
  
Source	
  Classifica0on	
  

•  Ensemble	
  of	
  Ensembles	
  
– Our	
  data:	
  CRTS,	
  archival	
  
– Dimensionality	
  Reduc0on	
  
– DT,	
  NN,	
  kNN,	
  “Sup”	
  SOM,	
  
dm/dt	
  histograms,	
  BN	
  

– how	
  to	
  combine	
  different	
  
models?	
  

•  Results	
  and	
  Conclusions	
  
J.	
  Gray,	
  2004	
  



Why	
  we	
  need	
  Data	
  Mining	
  in	
  Science	
  
•  BeXer	
  and	
  faster	
  technology	
  is	
  
increasing	
  the	
  amount	
  of	
  collected	
  
data	
  in	
  many	
  scien0fic	
  fields.	
  
–  billions	
  of	
  G	
  C	
  A	
  T	
  in	
  the	
  genome	
  
–  synop0c	
  sky	
  surveys	
  
–  climate	
  data	
  
–  path	
  that	
  millions	
  of	
  users	
  take	
  
through	
  a	
  website	
  

–  changing	
  in	
  nature	
  
•  Goal:	
  Extract	
  Knowledge	
  
–  as	
  rapidly	
  and	
  efficiently	
  as	
  possible	
  
–  classifica0on,	
  clustering,	
  regression,	
  
path	
  analysis,	
  visualiza0om	
  

•  The	
  main	
  reason	
  why	
  we	
  need	
  
data	
  mining	
  tools	
  is...	
  



...to	
  have	
  a	
  future	
  beXer	
  than	
  this!	
  
Wish	
  I	
  had	
  some	
  	
  
DATA	
  MINING	
  

tools!	
  

Young	
  Scien@sts	
  



Time	
  Domain	
  Astronomy	
  
•  Has	
  rapidly	
  become	
  one	
  of	
  the	
  
most	
  exci0ng	
  new	
  research	
  
fron0ers	
  in	
  Astronomy.	
  

•  Enabled	
  by	
  Telescope	
  Systems	
  
dedicated	
  to	
  discovery	
  of	
  
moving	
  objects,	
  transient	
  or	
  
explosive	
  astrophysical	
  
phenomena,	
  GRBs,	
  detec0on	
  of	
  
extrasolar	
  planets	
  	
  

•  Each	
  of	
  them	
  requiring	
  rapid	
  
alerts	
  and	
  follow-­‐up	
  
observa0ons.	
  	
  

Catalina	
  Sky	
  Survey	
  0.7m	
  Schmidt	
  



TDA:	
  Classifica0on	
  Challenges	
  
•  From	
  a	
  CS	
  perspec0ve,	
  Synop0c	
  

Sky	
  Surveys	
  are	
  also	
  posing	
  several	
  
new	
  objects	
  classifica0on	
  
challenges:	
  
–  Real-­‐Time	
  ar0fact	
  removal	
  
–  Real-­‐Time	
  transient	
  classifica0on	
  
–  Next-­‐Day	
  transient	
  classifica0on	
  
–  Decision	
  Making	
  

•  choose	
  the	
  objects	
  worthy	
  of	
  	
  follow-­‐
ups	
  with	
  expensive	
  facili0es	
  

•  resources	
  alloca0on	
  
•  Most	
  systems	
  today	
  rely	
  on	
  a	
  

delayed	
  human	
  judgment.	
  	
  This	
  
“manual”	
  approach	
  will	
  simply	
  not	
  
scale	
  to	
  the	
  next	
  genera0on	
  of	
  
surveys.	
  	
  



Discovering	
  Transients	
  

Top row show objects which appear much brighter that night, relative to 
the baseline images obtained earlier (bottom row).  	


On this basis alone, the three transients are physically indistinguishable.	





Discovering	
  Transients	
  

Top row show objects which appear much brighter that night, relative to 
the baseline images obtained earlier (bottom row).  	


On this basis alone, the three transients are physically indistinguishable. 
Subsequent follow-ups show them to be three vastly different types 
of phenomena. 
	





From	
  a	
  CS	
  perspec0ve...	
  

Give	
  me	
  
500	
  SNs!	
  

Where	
  are	
  
the	
  Blazars?	
  

Need	
  
CV...	
  

Many	
  people	
  interested	
  in	
  
different	
  classes/shares	
  
	
  
On	
  Demand	
  =>	
  op0mize	
  the	
  
classifiers	
  for	
  a	
  given	
  class	
  
	
  
High	
  Completeness	
  =>	
  
Maximizie	
  Gain	
  
	
  
Low	
  Contamina0on	
  =>	
  
Minimize	
  Losses	
  



Challenges	
  

•  Massive	
  mul0parametric	
  dataset	
  
–  Petascale	
  ready	
  
–  Sparse	
  and	
  Heterogeneous	
  Data	
  
–  High	
  number	
  of	
  Features	
  and	
  Classes	
  

•  Classifica0on	
  
–  Real	
  Time	
  
–  Reliable	
  
–  High	
  completeness	
  	
  
–  Low	
  contamina0on	
  	
  
–  Use	
  minimum	
  amount	
  of	
  points	
  
–  Learn	
  from	
  the	
  past	
  experience	
  
–  As	
  automated	
  as	
  possible	
  

•  Include	
  External	
  Knowledge	
  



Our	
  Data:	
  transients	
  from	
  CRTS	
  
•  Parameters	
  
– Discovery	
  

•  mag,	
  delta-­‐mag	
  
–  Contextual	
  

•  distance	
  from	
  the	
  nearest	
  star	
  and	
  
galaxy,	
  distance	
  to	
  nearest	
  radio	
  
source,	
  gb,	
  etc.	
  

–  Follow	
  up	
  Colors	
  
–  Lightcurve	
  Characteriza0on	
  

•  Class	
  
•  Data	
  
– Heterogeneous	
  
– Unbalanced	
  
–  Sparse	
  
– Missing	
  Data	
  

CRTS:	
  	
  (a)	
  Supernova;	
  (b)	
  	
  Blazar;	
  (c)	
  
Pulsa0ng	
  Variable	
  Star;	
  (d)	
  CV.	
  



Lightcurve	
  Characteriza0on	
  
•  Data:	
  lightcurves	
  from	
  Catalina	
  Real	
  Time	
  Sky	
  Survey.	
  
–  CV,	
  Blazars,	
  SN,	
  AGN,	
  RR	
  Lyrae,	
  Mira,	
  WUMa,	
  Flare	
  Stars,	
  ...	
  

•  Caltech	
  Time	
  Series	
  Characteriza0on	
  Service	
  (Graham	
  M.,	
  
2011),	
  ~60	
  periodic	
  and	
  non-­‐periodic	
  features	
  can	
  be	
  extracted.	
  



The	
  Catalina	
  Surveys	
  DR1	
  
•  The	
  CRTS	
  survey	
  searches	
  ¾	
  of	
  sky	
  for	
  highly	
  varying	
  astronomical	
  sources	
  

(“op0cal	
  transients”).	
  
•  Transients	
  are	
  mainly	
  found	
  based	
  on	
  catalog	
  comparisons	
  

–  CSS	
  coadds,	
  USNO-­‐B,	
  PQ,	
  SDSS.	
  
–  Remove	
  ar0facts	
  and	
  asteroids	
  by	
  detec0on	
  coincidence	
  and	
  mo0on.	
  

•  All	
  data	
  is	
  fully	
  processed	
  within	
  minutes	
  of	
  observa0on.	
  
•  All	
  discoveries	
  are	
  made	
  public	
  instantly	
  to	
  enable	
  rapid	
  follow-­‐up.	
  
•  CSDR1	
  consists	
  of	
  all	
  photometry	
  from	
  seven	
  years	
  of	
  photometry	
  taken	
  with	
  the	
  

CSS	
  Schmidt	
  telescope.	
  This	
  data	
  release	
  encompasses	
  the	
  photometry	
  for	
  198	
  
million	
  objects	
  with	
  V	
  magnitudes	
  between	
  12	
  and	
  20	
  from	
  an	
  area	
  of	
  24,000	
  
square	
  degrees.	
  

The	
  colour	
  key	
  gives	
  the	
  
number	
  of	
  epochs	
  at	
  each	
  
loca0on.	
  
	
  
hZp://crts.caltech.edu/	
  



Problems	
  AXacked	
  
•  Classifica0on	
  

–  different	
  types	
  of	
  classifiers	
  perform	
  beXer	
  for	
  some	
  	
  
event	
  classes	
  than	
  for	
  the	
  others.	
  

–  some	
  astrophysically	
  mo0vated	
  major	
  features	
  are	
  used	
  to	
  
separate	
  different	
  groups	
  of	
  classes	
  

•  Systema0c	
  Search	
  for	
  CV	
  
–  help	
  us	
  to	
  know	
  the	
  forma0on	
  and	
  distribu0on	
  of	
  

the	
  cataclysmic	
  variables	
  
•  RR	
  Lyrae	
  vs	
  Eclipsing	
  Binaries	
  

–  W	
  U	
  Ma	
  are	
  the	
  main	
  contaminant	
  in	
  studies	
  using	
  RR	
  Lyrae	
  
as	
  tracers	
  of	
  Galac0c	
  structures	
  



Classifica0on	
  Schema	
  

Ensemble	
  of	
  
kNNs	
  

Ensembles	
  of	
  
Decision	
  Trees	
  

Bayesian	
  
Network	
  

Neural	
  
Network	
  

Input	
  Data	
  

“Supervised”	
  
SOM	
  

Combiner	
  

Final	
  Classifica0on	
  

Lightcurves	
  
Features	
  
Archival	
  Data	
  

Ext.	
  
Kn.	
  

Model	
  
BoK,	
  CV,	
  feature	
  
selec0on,	
  etc	
  



Experiments	
  Framework	
  
•  Construct	
  the	
  BoK	
  (preprocessing)	
  
•  Ensemble	
  Algorithms:	
  Gentle	
  
AdaBoost	
  (2	
  classes),	
  AdaBoost	
  (3	
  
or	
  more	
  classes),	
  Bag	
  

•  Test	
  Ensemble	
  Quality	
  
–  Stra0fied	
  10	
  fold	
  Cross	
  	
  
Valida0on	
  

–  Set	
  the	
  appropriate	
  number	
  	
  
of	
  Ensemble	
  Members	
  

–  Compute	
  Completeness	
  and	
  
Contamina0on	
  

•  Derive	
  “classifier	
  weights”	
  	
  



Pre-­‐Processing:	
  Feature	
  Selec0on	
  
•  Over	
  100	
  features	
  
– address	
  the	
  curse	
  of	
  dimensionality	
  selec0ng	
  only	
  a	
  
subset	
  of	
  features;	
  

– some	
  features	
  may	
  be	
  misleading;	
  
– preferable	
  to	
  PCA	
  when	
  the	
  meaning	
  of	
  features	
  are	
  
important	
  and	
  one	
  of	
  the	
  goal	
  is	
  to	
  iden0fy	
  an	
  influen0al	
  
subset	
  

•  Interested	
  in	
  finding	
  k	
  of	
  the	
  d	
  dimensions	
  that	
  give	
  
us	
  the	
  most	
  informa0on	
  

•  Analyze	
  these	
  sets	
  with	
  the	
  domain	
  scien0st.	
  



Es0ma0ng	
  Feature	
  Importance	
  
•  Model	
  Dependent	
  Approaches	
  
–  Sequen0al	
  Feature	
  Selec0on	
  

•  start	
  with	
  no	
  variables	
  and	
  add	
  at	
  each	
  step	
  the	
  one	
  that	
  decreases	
  
the	
  error	
  the	
  most,	
  un0l	
  any	
  further	
  addi0on	
  does	
  not	
  significantly	
  
decrease	
  the	
  error.	
  

–  Backward	
  Feature	
  Selec0on	
  
•  AXribute	
  es0mators	
  
–  detect	
  condi0onal	
  dependencies	
  between	
  aXributes	
  in	
  order	
  
to	
  provide	
  a	
  unified	
  view	
  on	
  the	
  aXribute	
  es0ma0on	
  in	
  
regression	
  and	
  classifica0on	
  (eg,	
  relief,	
  t-­‐test)	
  

•  	
  Correla0on	
  Hun0ng	
  
–  scaXerplots	
  
–  Self	
  Organizing	
  Maps	
  



rank	
  features	
  -­‐	
  Xest	
  
RR	
  Lyrae	
  vs	
  W	
  U	
  Ma	
  Dataset	
  
-­‐  60	
  parameters	
  
-­‐  List	
  of	
  features	
  selected:	
  
-­‐  ...	
  

f0	
  

mad	
  

pdf	
  



Rank	
  features	
  -­‐	
  relieff	
  
RR	
  Lyrae	
  vs	
  W	
  U	
  Ma	
  Dataset	
  
-­‐	
  60	
  parameters	
  
-­‐	
  ques0on:	
  select	
  the	
  k	
  most	
  significant	
  
features	
  

f0	
  	
  	
  	
  	
  	
  	
  	
  mad	
  	
  	
  	
  	
  pdf	
  	
  	
  	
  	
  	
  	
  	
  magr	
  	
  	
  	
  	
  skew	
  	
  	
  	
  	
  a01	
  	
  	
  	
  	
  ampl.	
  

W	
  U	
  Ma	
  
RR	
  Lyrae	
  f0	
  

mad	
  

pdf	
  



Self-­‐Organizing	
  Maps	
  



Results:	
  W	
  U	
  Ma	
  vs	
  RR	
  Lyrae	
  

Completeness	
  
kNN	
  

Contamina0on	
  
kNN	
  

WUMa	
  (463)	
   96%	
   4%	
  

RR	
  Lyrae	
  (482)	
   95%	
   5%	
  

TTEST:	
  f0,	
  pdf,	
  mad,	
  stetson	
  j,	
  std,	
  magra0o,	
  vf1v	
  

Completeness	
  
kNN	
  

Contamina0on	
  
kNN	
  

Completeness	
  
DT	
  

Contamina0on	
  
DT	
  

WUMa	
  (463)	
   92%	
   8%	
   93%	
   5%	
  

RR	
  Lyrae	
  (482)	
   93%	
   7%	
   95%	
   6%	
  

RRELIEF	
  
f0,	
  vf1v,	
  magra0o,	
  
a02,	
  skew,	
  a01	
  
amplitude	
  

Completeness	
  
DT	
  

Contamina0on	
  
DT	
  

WUMa	
  (463)	
   97%	
   3%	
  

RR	
  Lyrae	
  (482)	
   96%	
   4%	
  

BACKWARD	
  FS:	
  f0,	
  mad,	
  beyond1st,	
  fpr_mid50,	
  	
  
...20	
  more	
  (out	
  of	
  ~60)	
  

Completeness	
  
MLP	
  

Contamina0on	
  
MLP	
  

WUMa	
  (463)	
   	
  94%	
   	
  7%	
  

RR	
  Lyrae	
  (482)	
   	
  97%	
   	
  3%	
  

SEQ:	
  max	
  slope,	
  pair	
  slope	
  trend,	
  skew,	
  small	
  
kurtosis,	
  stetsonj	
  

RR	
  Lyrae	
  vs	
  Eclipsing	
  Binaries	
  
•  W	
  U	
  Ma	
  are	
  the	
  main	
  contaminant	
  in	
  

studies	
  using	
  RR	
  Lyrae	
  as	
  tracers	
  of	
  
Galac0c	
  structures	
  

•  ~60	
  periodic/non	
  periodic	
  features	
  
extracted	
  from	
  CRTS	
  lightcurves	
  

•  “IRIS”	
  for	
  Astronomy	
  



Results:	
  CV	
  vs	
  (Blazars,	
  all)	
  
Compl.	
  	
  
DT	
  

Cont.	
  
DT	
  

Compl.	
  
kNN	
  

Cont.	
  
KNN	
  

Blazar	
  
(100)	
  

83%	
   13%	
   52%	
   35%	
  

CV	
  
(376)	
  

92%	
   8%	
   91%	
   12%	
  

Compl.	
  
DT	
  

Cont.	
  
DT	
  

Compl.	
  
Som	
  

Cont.	
  
Som	
  

Other
(264)	
  

90%	
   8%	
   84%	
   14%	
  

CV	
  
(376)	
  

93%	
   5%	
   89%	
   11%	
  

Systema@c	
  Search	
  for	
  CV	
  (with	
  M.	
  Yang)	
  
•  systema0c	
  study	
  will	
  help	
  us	
  to	
  know	
  

the	
  forma0on	
  and	
  distribu0on	
  of	
  the	
  
cataclysmic	
  variables	
  (CVs)	
  

•  CRTS	
  provide	
  observa0ons	
  with	
  ∼	
  7	
  
years	
  baseline,	
  which	
  is	
  good	
  for	
  the	
  
cataclysmic	
  variable	
  search	
  

•  Light	
  curve	
  features	
  are	
  calculated	
  
•  Cataclysmic	
  variable	
  candidates	
  are	
  

classified	
  using	
  ML	
  
•  Spectroscopic	
  follow-­‐up	
  



kNN	
  -­‐	
  Distances	
  
•  W	
  uma	
  vs	
  RR	
  Lyrae	
  

Overall	
  
Classifica0on	
  
Rate	
  

Cityblock	
   96%	
  

Chebychev	
   95%	
  

Cosine	
   95%	
  

Euclidean	
   96%	
  

Hamming	
   71%	
  

Jaccard	
   71%	
  

Mahalanobis	
   93%	
  

Minkowski	
   96%	
  

Spearman	
   92%	
  



Future	
  Work 	
  	
  
•  BeXer	
  way	
  to	
  combine	
  
outputs	
  from	
  the	
  single	
  
classifiers	
  (crispy	
  and	
  
probabilis0c	
  classifica0on)	
  

•  Gather	
  more	
  data	
  
•  Refine	
  exis0ng	
  models	
  
and	
  strategies	
  

•  Add/inves0gate	
  more	
  
models	
  

•  Any	
  sugges0on	
  is	
  
appreciated!	
  

EXTREME	
  DATA	
  
MINING!	
  


