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Semantic Tree of Astronomical Variables and Transients 
AGN	  Subtypes	  

SN	  Subtypes	  Mostly	  op(cal	  	  
viewpoint	  



Sample	  Light	  Curves	  

Blazar	  PKS0823+033	  

Variables	  and	  transients	  –	  the	  dis(nc(on	  is	  one	  of	  percep(on,	  
and	  your	  aims	  

CV	  111545+425822	  

Supernova	  

9/7/11	   Ashish	  Mahabal	  



Towards	  Automated	  
Event	  Classifica(on	  

Event	  
parameters:	  
m1(t),	  m2(t),…	  
α,	  δ,	  µ,	  …	  
image	  shape…	  

colors	   lightcurves	  

etc.	  

Expert	  and	  ML	  generated	  priors	  

contextual	  
informa(on	  

Event	  
Classifica2on	  

Engine	  

P(SN	  Ia)	  =	  …	  
P(SN	  II)	  =	  …	  
P(AGN)	  =	  …	  
P(CV)	  =	  …	  
P(dM)	  =	  …	  

….	  

A	  necessity	  for	  large	  synop(c	  surveys	  

Classifica(on	  
probabili(es	  
(evolving,	  
iterated)	  

IVOA	  

With	  M	  Turmon	  and	  
B	  Moghaddam,	  JPL	  
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Making	  op(mal	  use	  of	  sparse	  data	  sets	  
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• 	  sparse	  light	  curves	  
• 	  analysis	  of	  different	  types	  

• 	  few	  colors/sparse	  SEDs	  
• 	  any	  contextual	  informa(on	  
• 	  priors	  for	  different	  kinds	  of	  objects	  

Holis(c	  approach	  



Catalina	  Sky	  Survey(s):	  
CRTS uses the 
data from all three 
Catalina NEO 
surveys, with a 
coverage of up to 
2,500 deg2 / night, 
and the total area 
coverage of  
~ 32,000 deg2  

We are processing the Catalina data streams in real time 
to look for astrophysical transients 

NEO survey Co-PI’s: 
E. Beshore & S. Larson (LPL) 
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CSS	  coverage	  
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Follow-‐Up	  Observa(ons:	  

22	  Apr	  09	  UT	   13	  May	  09	  UT	  

CSS090421:174806+340401	  	  A	  blazar,	  
also	  monitored	  at	  OVRO	  in	  radio	  

P60	  

CRTS	  

• 	  	  Photometry	  (P60,	  NMSU,	  DAO,	  HTN,	  India,	  Mexico,	  etc.)	  

• 	  	  Spectroscopy	  (Gemini	  N+S,	  Keck,	  P200,	  SMARTS,	  IGO,	  MDM)	  
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CRTS	  Event	  Detec(ons	  

•  Threshold	  set	  deliberately	  very	  high	  –	  only	  the	  most	  drama(c	  
transients	  are	  pulled	  out	  in	  the	  real	  (me	  

•  About	  1	  strong	  transient	  per	  106	  source	  detec(ons	  
•  The	  rate	  of	  significant	  transients/variables	  is	  at	  least	  an	  order	  of	  

magnitude	  higher	  

•  Many	  events	  are	  re-‐detected	  repeatedly	  (not	  counted	  above)	  

Dis(nct	  Events	  Detec(on	  Sta(s(cs	  as	  of	  5	  Jun	  2011	  UT:	  

SNe Ast/Flr 

Tel	   All	  
OTs	  

SNe	   CVs	   Blazars	   Ast/
flares	  

CV/
SN	  

AGN	   Other	  

CSS	   2033	   596	   501	   113	   184	   275	   229	   195	  

MLS	   1560	   183	   38	   12	   122	   374	   744	   214	  

SSS	   227	   24	   93	   7	   5	   43	   16	   42	  

Total	   3820	   803	   632	   132	   311	   692	   989	   451	  

A	  Drake	  
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SSS	  and	  CSS	  transients	  



Sample	  data	  input	  to	  BN	  

The	  output	  is	  BN	  class	  which	  is	  fed	  
to	  skyalert	  as	  an	  annota2on	  to	  the	  
original	  event	  

Radio,	  for	  instance	  

CV/SN	  classifica(on	  ~80%	  with	  single	  epoch	  

C	  Donalek,	  	  
N	  Sharma	  
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Naïve	  Bayes	  

•  x:	  feature	  vector	  of	  event	  parameters	  
•  y:	  object	  class	  that	  gives	  rise	  to	  x	  (1<y<k)	  
•  Certain	  features	  of	  x	  known:	  (posi(on,	  flux)	  
•  Others	  will	  be	  unknown:	  (color,	  delta-‐mag)	  
•  Assump(on:	  based	  on	  y,	  x	  is	  decomposable	  into	  B	  

dis(nct	  independent	  classes	  (labeled	  xb)	  
•  This	  helps	  with	  the	  curse	  of	  dimensionality	  
•  Also	  allows	  us	  to	  deal	  with	  missing	  values	  
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The	  importance	  of	  context	  
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Which	  galaxy	  does	  a	  
supernova	  belong	  to?	  

The	  need	  to	  see	  the	  big	  picture	  



Characteriza(on	  Vs.	  Classifica(on	  

•  Early	  focus	  on	  the	  extrac(on	  and	  dissemina(on	  of	  (me	  
series	  	  

•  Characteriza(ons	  is	  important	  
–  dm/dt	  

–  change	  of	  direc(on	  per	  unit	  (me	  
–  change	  in	  periodici(es	  	  	  (e.g,.	  wavelet	  or	  fourier	  decomposi(on);	  

–  varia(on	  in	  dm/dt	  

–  accelera(on	  in	  dm/dt	  
Most	  SNe	  will	  
not	  become	  
fainter	  and	  then	  
brighten	  up	  
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Aspects	  of	  dm/dt	  processing	  

•  dm/dt	  features	  capture	  sparse	  or	  irregular	  LCs	  

•  The	  features,	  and	  thus	  the	  underlying	  density	  models,	  are	  
invariant	  to	  absolute	  magnitude	  and	  (me	  shiss	  

•  Features	  &	  densi(es	  allow	  bound-‐only	  flux	  observa(ons	  
–  Under	  poor	  seeing,	  we	  obtain	  only	  bounds	  like	  m	  >	  18	  

Light	  Curve	  

Corresponding	  dm/dt	  Histogram	  

Δt	  

Δm	  

B	  Moghaddam,	  Y	  Chen	  9/7/11	   Ashish	  Mahabal	  



SN	  Ia	  

RR	  Lyrae	  

By	  taking	  subsec2ons	  of	  dt/dm	  
space	  determine	  which	  area	  is	  
characteris2c	  for	  which	  kind	  of	  
variable	  

SN	  IIP	  
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Classifier	  Architecture	  	  

	  	  	  SN	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  not	  SN	  

	  	  	  SN	  Ia	  	  	  	  	  	  	  	  	  	  	  SN	  II	  	  

	  	  	  CV	  /	  Blz	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  RR	  /	  Mira	  

	  	  	  CV	  	  	  	  	  	  	  	  	  	  	  	  	  	  Blazar	  	  	  	  	  	  RR	  Lyrae	  	  	  	  	  	  	  Mira	  

Decision	  Tree	  decomposes	  this	  	  
mul(-‐class	  classifier	  into	  a	  series	  of	  	  
binary	  discrimina(on	  tasks.	  

This	  specific	  DT	  follows	  	  
the	  stra(fica(on	  that	  seems	  
natural	  to	  astronomers.	  

All	  nodes	  shown	  were	  
Implemented	  via	  	  
dm/dt	  histogram	  
binary	  classifiers.	  

Cataclysmic	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Periodic	  	  

	  Collapsing	  	  
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98%	  

87%	   93%	  

73%	  



>>	  prep_Blazar_CV	  
>>	  RUNME_prototype_classifier	  

Blazar	  accuracy	  	  	  	   	  	  =	  	  83.33	  %	  	  
	  CV	  	  accuracy	  	  	  	   	  	  =	  	  58.85	  %	  	  
Total	  accuracy	  	   	  	  =	  	  64.31	  %	  	  
Average	  accuracy 	  	  =	  	  71.09	  %	  	  

For	  a	  specific	  dm/dt	  region	  
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Using	  GAs	  to	  determine	  intervals	  
•  dmagbins	  	  

–  generate	  array	  elements	  (intervals)	  based	  on	  a	  normal	  distribu(on	  around	  0	  
–  remove	  nega(ve	  elements	  in	  array	  
–  sort	  in	  ascending	  order	  
–  bin	  marks	  determined	  by	  cumula(ve	  sum	  of	  array	  elements	  
–  reflect	  over	  0	  to	  build	  symmetric	  dmagbins	  

•  dtbins	  	  
–  1-‐day	  interval	  for	  first	  25-‐35	  days	  (chosen	  uniformly	  at	  random)	  
–  5-‐day	  interval	  for	  next	  30	  days	  
–  10-‐day	  interval	  for	  next	  60	  days	  
–  20-‐day	  interval	  for	  next	  240	  days	  
–  365-‐day	  interval	  un(l	  end	  

•  σdm:	  chosen	  uniformly	  at	  random	  from	  [0.2,	  1.5]	  
•  σdt:	  chosen	  uniformly	  at	  random	  from	  [0.2,	  1.5]	  
•  SymDir:	  0	  or	  1	  
•  Alpha:	  chosen	  log-‐uniformly	  at	  random	  from	  [10-‐3,	  102]	  
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dm/dt	  bins	  as	  selected	  by	  GA	  
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Automa(ng	  the	  Op(mal	  Follow-‐Up	  
What type of follow-up data has the greatest potential to 
discriminate among the competing models (event classes)?	

Request follow-up 
observations from 
the optimal 
available facility	


Collaboration with 
B. Moghaddam,       
M. Turmon (JPL) 9/7/11	   Ashish	  Mahabal	  



Event	  Publishing	  /	  Dissemina(on	  
skyalert.org	  

•  Real	  (me:	  	  	  
– VOEvents,	  TwiLer,	  iApp	  (thousands	  of	  events)	  
– Also	  on	  SkyAlert.org,	  feeds	  to	  the	  WWT,	  GoogleSky	  

•  Next	  day:	  	  annotated	  tables	  on	  the	  CRTS	  website	  

PI:	  	  R.	  Williams	  
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Transient	  classifica(on	  mantra	  

•  Obtain	  a	  couple	  of	  epochs	  in	  one	  or	  more	  filters	  

•  Assigns	  probabili(es	  for	  different	  classes	  
•  Choose	  observa(ons	  (filters,	  wavelengths)	  for	  best	  
discrimina(on	  

•  Feed	  the	  new	  observa(ons	  back	  in	  
•  Revise	  probabili(es,	  choose	  observa(ons,	  …	  
•  Based	  on	  confirmed	  class	  revise	  priors	  

Bayesian	  network,	  dm/dt	  processing,	  (DAME,	  VOStat,	  VO),	  
Skyalert	  
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Bayesian	  Network/fusion	  modules	  	  are	  
no	  Cartesian	  theatre	  

•  Different	  parameters,	  methods	  are	  separate	  (though	  
perhaps	  not	  independent)	  probes	  

(non-‐)Cartesian	  theatre	  
One	  observa2on	  can	  
drive	  the	  direc2on	  given	  
the	  large	  number	  of	  
possible	  candidates	  
Not	  much	  scope	  for	  error	  
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