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Astroinformatics in the Time Domain 
•  Time domain is perhaps the most vibrant and 

growing research arena of astronomy today, from 
the Solar system to cosmology 

•  Enabled by the new generation of synoptic sky 
surveys (PQ, PTF, CRTS, PS1, … LSST, SKA…) 
–  Themselves enabled by the continuing progress in 

computing and information technology 
•  Great scientific opportunities, but also challenges 

–  Time domain adds complexity and additional 
axes of the observable parameter space 

–  Some phenomena can be studied only in the time 
domain 

•  Exercises all aspects of the VO, and adds new 
ones, e.g., real-time data analysis and follow-up  



Real-Time Mining of Petascale Data Streams 
•  Synoptic digital sky surveys are becoming the dominant 

data provider in astronomy, leading towards the LSST 
–  A broad range of exciting astrophysics 

(some of it exclusive to the time domain) 
– New challenges: reliable real time 

processing and event detection, event 
classification, directed follow-up… 

–  Broader relevance, e.g., for any sensor 
networks where timely response is critical 

•  In addition to the huge data rates and 
volumes, this brings new challenges 
along with the great scientific 
opportunities: detecting and 
recognizing interesting events and 
phenomena in real time, and 
responding to them in some way 



Semantic Tree of Astronomical Variables 
and Transients AGN Subtypes 

SN Subtypes 

+ Unknown? 



•  Data from a search for near-
Earth asteroids at UA/LPL; we 
discover astrophysical  
transients in their data stream 

•  3 (now 2) telescopes in AZ, AU 

•  > 80% of the sky covered ~ 200 
– 500 times down to ~ 19 – 21 
mag, baselines 10 min to 10 yrs 

•  So far > 15,000 transients, 
including > 3,500 SNe, > 1,500 
CVs, ~ 4,500 AGN, etc. 

Open data policy: all data are made public; transients are 
published immediately on line, for the entire community  

Catalina Real-Time Transient Survey (CRTS) 
http://crts.caltech.edu 



A Variety of CRTS Transients 
SNe Blazars/AGN 

CVs Flare stars 

Eclipses and 
occultations 

GRB 
afterglows 



CRTS Transients Census 

Note:  the current numbers (early Sept. 2017) are ~ 15% higher 
See http://crts.caltech.edu  

Download data from:  http://catalinadata.org 
or http://crts.iucaa.in/crts/  



CRTS Supernova Discoveries 
•  More SNe published than any 

other survey (> 3,500) 

!  CSS 071218:120153-185822 = SN 
     2007sr:  Ia in the Antennae merger 

•  Extremely long time-scale 
SNe, e.g., 2008iy   

•  SNe associated with very 
faint host galaxies 

•  Supernova Hunt: citizen                
science SN discovery  

•  Extremely luminous and            
possible pair-production                       
SNe (e.g., SN 2007bi, 2009jh, …) 



CRTS Supernova Discoveries 
•  More SNe published in the last 

5 years than any other survey 
•  Extremely luminous and possible 

pair-production SNe 

•  Extremely long time-scale SNe 

Normal SN Ia 

SN2008iy took   
> 400 days to 
reach the peak 



Supernova Hunt: Citizen Science 
•  Automated image subtraction + human selection 

•  So far > 300 SNe, > 20 LBVs 

New Baseline Difference 



Luminous SNe in Underluminous Hosts 
•  A number of SNe discovered 

in extremely faint dwarf 
galaxy hosts (M ≈  –12 or –13)  
"  Huge specific SN rates    

(per unit stellar mass) 
•  Local Pop. III analogs?     

A New Kind of a Supernova? 
•  The first case of a SN 

from an AGN accretion 
disk?  (Predicted by 
theory, but never seen 
before) 

•  The most luminous SN ever seen  



GRB Afterglows 
•  A simple spatiotemporal search 

•  Every time we could have 
detected an afterglow, we did 

•  Fermi GBM bursts: a capability 
demo for the searches for EM 
counterparts of LIGO events     

Fermi GBM 
GRB120302A: 

Detected 90 min 
after the trigger; 
Swift detection 
1 day later  

GRB 060218 (= SN 2006aj)  



Cataclysmic Variables and Dwarf Novae 
> 1,500 detected so far, > 75% are new discoveries 

t = 0,  V=14.3 t+10min,c V=19.0 t+20min,  V=14.3

Eclipsing Polar  CSS081231:071126+440405



Fast Transients 

Most (but not all!) are flaring dwarf stars (UV 
Ceti) 

4 individual exposures, separated by 10 



Unsettled Stars 

Negative transients 
(dips):  a new                    
R Cor Bor star 

New FU Ori 
object 

Newborn 
stars 



Eclipsing White Dwarfs: Planets? 

(Drake et al. 
2009) 

Earth-like planets cause ~ 
10-4 eclipses for the main-
sequence stars… 

But it could be ~100% 
eclipses for the white 
dwarfs! 



>60,000 New Periodic Variables 
Simple data mining of the CRTS DR1 light curves archive: 

200 million light curves 
➭ 5.4 million variable star cand. 

➭ 61,000 new periodic var’s 

(Drake et al. 2014) 

Examples of eclipsing contact binaries 

! Sky distribution of various 
types of periodic variables 



~ 23,000 New RR Lyrae Stars 
Simple data mining of the CRTS 
light curves archive: 

500 million light curves 
➭ 13 million variable star cand. 

➭ 23,000 new RR Lyrae 

(Drake et al. 2012, 2013) 

Sgr dSph 

A new tidal stream reaching out to 100 kpc 



Automated Detection of Artifacts 

Automated classification and rejection of ~ 95% of artifacts 
masquerading as transient events in the PQ survey pipeline, 
using a Multi-Layer Perceptron ANN (Lead: C. Donalek) 



Automated Classification of Transients 
Flare star Dwarf Nova Blazar 

Vastly different physical phenomena, yet they look the same! 
Which ones are the most interesting and worthy of follow-up? 

Rapid, automated transient classification is a critical need! 
(And it will get orders of magnitude worse) 



The Follow-Up Crisis 
•  Follow-up observations are essential, especially spectroscopy.  

We are already limited by the available resources.  This is a key 
bottleneck now, and it will get much worse 
–  “Exciting” transients are no longer rare – the ToO era may be 

ending, we need dedicated follow-up facilities 
… and most of the existing spectrographs are not suitable for this 

– A hierarchical elimination of less interesting objects: iterative 
classification, photometric observations with smaller telescopes 

– Coordinated coverage by multi-wavelength surveys would 
produce a first order, mutual “follow-up” 

– We will always follow the brightest transients first (caveat LSST) 

•  Coordinated observations by surveys with different cadences 
can probe more of the observable parameter space 



Event Classification is a Hard Problem 

− Traditional DP pipelines do not capture a lot of the relevant 
contextual information, prior/expert knowledge, etc. 

•  Physical classification of transient events is essential 
for their astrophysical interpretation and uses 
− Must be done in real time and iterated dynamically 

•  Human classification is already unsustainable, and 
will not scale to the Petascale data streams 

•  This is hard: 
–  Data are sparse and heterogeneous: feature vector 

approaches are limited; Bayesian approaches work 
–  Completeness vs. contamination ☯ 
–  Follow-up resources are expensive and/or limited: 

follow only the most interesting objects 
   ⇒ Need automated decisions for follow-up 



Towards an Automated Event Classification 

•  Incorporation of the contextual information (archival, and 
from the data themselves) is essential 

•  Automated prioritization of follow-up observations, given 
the available resources and their cost 

•  A dynamical, iterative system 



•  Bayesian Networks 
–  Can incorporate heterogeneous and/or 

missing data 
–  Can incorporate contextual data, e.g., 

distance to the nearest star or galaxy 
•  Probabilistic Structure Functions 

–  A new method, based on 2D [Δt1, Δm] 
distributions 

–  Now expanding to data point triplets:  Δt12 , 
Δm12 , Δt23 , Δm23 , giving a 4D histogram 

•  Random Forests 
–  Ensembles of Decision Trees 

•  Feature Selection Strategies 
–  Optimizing classifiers 

•  Machine-Assisted Discovery 

A Variety of Methods 

etc., etc. 



A Hierarchical Approach to Classification 

We use some astrophysically 
motivated major features to 
separate different groups of 
classes 

Proceeding down the 
classification hierarchy            
every node uses those classifiers 
that  work best for that 
particular task 

Different types of classifiers perform better for some event 
classes than for the others  



Generating 
priors for 
various 
observables 
for different 
types of 
variables 

(Lead: A. Mahabal) 

Data are Sparse and Heterogeneous 
Bayesian ↵ 
approaches 



Bayesian Networks (BN) 

Bayesian methodology is desirable and attractive for this 
task, since it can deal with missing or heterogeneously 
sampled data.   

BN is a probabilistic graphical 
model represented through 
Directed acyclic graphs (DAG), 
whose nodes represent 
variables, and the 
missing arcs represent 
Conditional 
independence 
assumptions.  



Bayesian Networks: An Example 

# Rank light curve 
features in the order 
of the classification 
discrimination power 

Can incorporate contextual parameters, 
e.g., the normalized distances to the 
nearest star and the nearest galaxy as 
one of the BN variables  $   

(Lead: A. Mahabal) 



Bayesian Networks Implementation 

x = input measurements of individual kinds (e.g., mags, colors, etc.) 
y = classes of events, y = 1, … k.    Then: 

Initial results for Supernova vs. 
non-Supernova classification, 
using a 3 parameter network: 
Completness ~ 80 – 90 % 
Contamination ~ 10 – 20% 
Can be improved with the 
additional observables (Lead: A. Mahabal) 

•  Use the available measurements, missing data are not an issue 
•  Can use heterogeneous data, e.g., colors, flux changes, proximity to 

the nearest star or a galaxy (in projection) 



Gaussian Process Regression (GPR) 
A generalization of a Gaussian probability, specified by a 
mean function and a positive definite covariance function.  
Given two flux measurement points for a new transient we can 
then ask which of the different models it fits, and what stage of 
their period or phase. The more points you have, the better 
the estimate. 



2D Light Curve Priors 
•  For any pair of light curve 

measurements, compute the Δt and 
Δm, make a 2D histogram 
–  N independent measurements generate 

N2 correlated data points 

•  Compare with the priors for different 
types of transients 

•  Repeat as more measurements are 
obtained, for an evolving, constantly 
improving classification 

•  Now expanding to consecutive data 
point triplets:  Δt12 , Δm12 , Δt23 , 
Δm23 , giving a 4D histogram (Lead: B. 

Moghaddam) 

SN Ia 

RR Lyrae 

SN IIp 



Probabilistic Structure Functions 

•  Measure of a divergence between the unknown transient histogram 
and two prototype class histograms 

•  Now expanding to consecutive data point triplets:  Δt12 , Δm12 , Δt23 , 
Δm23 , giving a 4D histogram 

For all pairs of measurements 
compute 
Δ t and Δm  



Δm vs. Δt  Classifier Performance 

•  Performance measured using Leave-one-out cross-
validation (LOOCV) 

SN CVBlazarRRM
ira 

SN A0 = 96.5%           3.5% 
CVBlazarRRM
ira 

           2.1% A1 = 97.9% 
•  Optimize histogram parameters (binning, smoothing, 

Dirichlet prior parameters) using a genetic algorithm  

SN CVBlazar
RRMira 

SN 99.3% 0.7% 

CVBlazar
RRMira 

1.5% 98.5% 

•  A modest, but a consistent 
improvement over the human 
expert selected parameters 
(Y. Chen, C. Donalek) 



SN Classification Performance 



LC Feature Vectors 
•  Light curves have different numbers 

of points and different sampling 
•  Compute a set of parameters for any 

given light curve; they form feature 
vectors (Richards et al. 2011) 

•  Apply various classifiers: random 
forests, SVM, ANN, SOM… 
–  Also experimenting with Eureqa 

•  Optimize the feature selection 

Richards et al. (2011) 

… etc.  ~ 60 features total 



From Light Curves to Feature Vectors 
•  We compute ~ 70 parameters and statistical measures for each 

light curve: amplitudes, moments, periodicity, etc. 
•  This turns heterogeneous light curves into homogeneous 

feature vectors in the parameter space 
•  Apply a variety of automated classification methods 
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Automated Classification of Variable 
Stars Predicted Class 

True C
lass 

Dubath et al. (2011): 

Used random forests 
on a set of 14 light 
curve features to 
recover 26 classes of 
variable stars from the 
Hipparcos catalog 

Confusion matrix %  

Similar results by the 
Berkeley group 
(Richards et al. 2011) 



Light Curves Clustering in Feature Space 

•  Given a set of 
features, which ones 
are the most 
discriminating 
between different 
classes? 

•  Unsupervised Machine Learning 
•  Can be used to determine the number of 

classes and cluster the input data in 
classes on the basis of their statistical 
properties only 

•  Search for Outliers, Trajectories, etc. 
•  Methods:  SOM, K-means, Hierarchical 

Clustering, etc. 



Optimizing Feature Selection 

Eclipsing binary (W U Ma) RR Lyrae 

Rank features in the 
order of classification 
quality for a given 
classification problem, 
e.g., RR Lyrae vs. 
WUMa  

(Lead: C. Donalek) 



Optimizing Feature Selection 

Completene
ss 

Contaminatio
n 

Blazar 83% 13% 
CV 94% 6% 
RR 
Lyrae 

97% 4% 

Amplitude                          
beyond1std                         
flux_percentile_ratio_mid65        
max_slope                          
qso                                
std                                
lomb-scargle 

Completenes
s 

Contaminatio
n 

Blazar 81% 13% 
CV 96% 5% 
SN Ia 100% <1% 

Linear_trend 
Median_absolute_deviation                       
lomb-scargle 

Select a subset of features from the data matrix X that best predict 
the data in classes Y by sequentially selecting features until there is 
no improvement in prediction:  using Decision Trees with a 10-fold 
cross validation.  

(Lead: C. Donalek) 



Machine Discovery Using Eureqa  
http://creativemachines.cornell.edu/eureqa 

•  Employs symbolic regression to 
determine best-fitting functional 
form to data – fits both form of 
equation and its parameters 
simultaneously 

•  Specify building blocks to be used: 
algebraic operators, analytical 
functions, constants 

•  Uses numerical partial derivatives 
of each pair of variables 

•  Employs a genetic-type algorithm to explore pd-metric space 

•  Produces a small set of final candidate analytical expressions 
on accuracy-parsimony Pareto front (Lead: M. 

Graham) 

By Hod Lipman et al. (Cornell) 



Machine Discovery Using Eureqa  
Lipman et al., http://creativemachines.cornell.edu/eureqa 

•  Employs symbolic regression to determine best-fitting functional form 
to data and its parameters simultaneously 

•  Specify building blocks to be used: algebraic operators, analytical 
functions, constants 

•  See Graham et al. (2013) 

Fundamental plane 
rediscovery test 

Classification of variable stars 



Classifying Light Curves with Eureqa 
•  Light curves of two known stellar classes: 

•  Characterize with ~60 periodic/non-periodic features 
(Richards et al. 2011, Debosscher et al. 2007) 

•  Use Eureqa for binary classification:  class 1 vs. class 2 
•  Fit:   class = step[f(x1, x2, x3, …, x60)] 
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Eureqa:  Some Initial Results 
•  CRTS light curves for 2 types of variable stars: W U Ma (#) and 

RR Lyrae (#) 

•  Best fitting function: 
Class = step[cos(4.21x20 – x25) – x14] 

•  Test using independent features: 

W U Ma RR Lyrae 
W U Ma 89.6% 10.4% 

RR Lyrae 2.4% 97.6% 

ROC curve: 



Eureqa vs. DT:  Initial Results 

W U Ma RR Lyrae 
W U Ma 89.6% 10.4% 

RR Lyrae 2.4% 97.6% 



Contextual Information is Essential 

Radio Gamma Visible 

CV not SN 

Artifact SN 

•  Visual context contains valuable 
information about the reality and 
classification of transients 

•  So does the temporal context, 
from the archival light curves 

•  And the multi-λ context 
•  Initial detection data contain little 

information about the transient:     
α, δ, m, Δm, (tc).  Almost all of the 
initial information is archival or 
contextual; follow-up data    
trickle in slowly, if at all 



Human-annotated images (via SkyDiscovery.org)  
 & Semantic descriptors 
  & Machine processing 
   & Evolving novel algorithms  

… and 
iterate 

Challenges:  Optimizing for different levels of user expertise; 
optimal input averaging; encoding contextual information; etc.  

(Lead: M. Graham) 

Harvesting the Human Pattern Recognition 
(and Domain Expertise) 



Metaclassification: 

Markov Logic Networks, Diffusion Maps, Multi-Arm Bandit, 
Sleeping Expert… 

Exploring a variety of techniques for an optimal classification fusion: 

An optimal combining of classifiers 



Automating the Optimal Follow-Up 
For the potentially most interesting events, what type of follow-up 
observations has the greatest potential to discriminate among the 

competing event classes, given the available assets, and the 
potential scientific value? 



Automating the Optimal Follow-Up 
For the potentially most interesting events, what type of follow-up 
observations a x has the greatest potential to discriminate among the 
competing event classes y, 

Request the optimal 
follow-up observations 
from the available assets 
that maximize the     
entropy drop: 

given the available assets, 
and the potential scientific 
value? 



Conclusions 
•  Time domain astronomy is here now (CRTS, ZTF, PS1, SkyMapper,  

ASAS, ATLAS, Kepler, Radio, …), and it is a vibrant new frontier 
− Lots of exciting and diverse science already under way, from 

the Solar system to cosmology – something for everyone! 
− Surveys today are science and methodology precursors and 

testbeds for the LSST, and they are delivering science now 
− CRTS data stream is open – use it!  (and free ≠ bad) 

•  It is astronomy of telescope and computational systems, 
requiring a strong cyber-infrastructure (VO, astroinformatics) 
–  Automated classification is a core problem; it is critical for a 

proper scientific exploitation of synoptic sky surveys 
– Data mining of Petascale data streams both in real time and 

archival modes is  important well beyond astronomy  


