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This talk
• Motivation :  

• The exploration approach 

•  The upcoming golden age of large astronomical datasets 

• What is an outlier? - Feature extraction with and without Deep Learning 

• Methods: Unsupervised Random Forest, t-SNE, Persistent Homology 

• Applications 1: Time domain  

• Applications 2: High Energy Astrophysics 

• Results: the weirdest Kepler/TESS light curves and Chandra sources



1. Motivation



Well defined, pre-established research questions, e.g.: 

• What is the nature of gravitational wave sources 
progenitors? 

• What is the value of Ω0 to a precision below 1% percent? 

• How common are terrestrial planets around main-sequence 
stars? 

Known unknowns. Based on present knowledge 

Design targeted observations/surveys. Model specific objects

The question-driven approach



The exploration approach
Gain the capability to pose new questions 

• This is a way to deal with the unknown unknowns 

• Particularly pressing in astronomy, a science which is mostly 
exploratory 

• Paradigm shifts in astronomy have come when discovery 
space is increased 

.  

Design large surveys. Open new discovery windows (e.g. 
multi-messenger). Data mining. 



Making serendipitous  
discoveries systematic

Outlier (anomaly) detection 
algorithms offer a natural way to find 
the weirdest objects in large datasets 
for which only a fraction of the object 
has been assigned a class. 

• Unsupervised Random Forest (URF) 
applied to SDSS spectra: complex 
velocity structures, extremely strong 
or rare absorption lines (Baron & 
Poznanski, 2017). 

• Proximity clustering + dimensionality 
reduction applied to Kepler light 
curves: cataclysmic variables. (Giles 
& Walkowicz, 2019).



What is an outlier?
"An outlier is an observation that differs so much from other observations as to 

arouse suspicion that it was generated by a different mechanism"  
-- Hawkins (1980)

• Outliers/anomalies are hard to define/find. 

• That is because “weirdness” is hard to define (and because datasets are huge) 

• Weirdness of an object depends both on the features used to define it, and 
on the specific algorithm used. 

• Nevertheless, anomalies are scientifically interesting objects: they are 
often not explained by current models, and could lead to new 
discoveries.

Andreas C Mueller



Finding “weird” objects
• We need a metric to measure similarity (or dissimilarity) 

between them. Not so easy in multidimensional parameter 
spaces. 

• We also need a set of features to characterize each 
example in the dataset. These features can be defined by 
the scientist, or found through deep learning. 

• We then rank all objects in our dataset according to their 
dissimilarity from other objects. 

• Do science! What does “weirdness” mean in each case?
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The variable universe

Variability is relevant to a wide range of fields of astrophysics, from understanding the 
internal composition of the stars and detection of extrasolar planets, to revealing the 
structure of galaxies and detecting invisible matter.



Datasets for discovery
LSST Kepler/TESS CSC2

Unexplored discovery space. Majority of 
sources have not been classified, or in some 

cases even detected before.



LSST is coming
• The Large Synoptic Survey 

Telescope is a 8.4m reflector 
currently under construction in 
Chile (first light expected in 2021). 

• Design concept: a survey that will 
take an image of every part of the 
entire visible sky every few nights, 
in six bands, for 10 years. 

• Transients and variable stars: 
periodic and non-periodic variable 
sources will be studied in detail, 
and new types are expected at very 
short and very long timescales.



The (un)known transient universe
• New types of transients 

expected from last 
generation surveys. 

• Fast and luminous 
transients of particular 
interest for gravitational 
wave astronomy. 

• How do we identify 
those weirdos so that 
we can follow them up?

Kasliwal 2012
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From Kepler to TESS
• Monitoring 200,000 stars 

• Cadence: 2 minutes, 30 minutes 

• Nearby stars of spectral type F5 to M5, at 
distances < ~60 pc.  

• Search area 400 times larger than Kepler’s 

• Science: stellar astrophysics, exoplanets.



Exo-comets

Exo-comets provide clues to the early stages of planet 
formation in extrasolar systems.



The Chandra Source Catalog 2.0
Source and detection positions, multi-
band X-ray photometry, images,
spectra, light-curves, and calibrated
data products

315,875 number of sources
374,349 number of detections
10,382 individual observations

1999–2014 observation public release
~610 square deg sky coverage

245.8 Ms total exposure
5.8 Ms longest effective exposure

~5 limiting counts on-axis



High energy outliers
• Novae are runaway 

thermonuclear explosions at the 
surface of a white dwarf in a 
binary system (accretion). 

• V679 Car is a rare case go γ-ray 
emitting novae. Reason for this 
is not well understood.  

• Massive white dwarf: potential 
progenitor of type Ia 
supernovae. 

• Type Ia supernovae are 
important for cosmology, as they 
are used as standard candles.

V679 Car



2. Feature engineering



Feature engineering for light curves 

Combination of the LC magnitude measurements 
and the power values of the periodogram as the 
features to perform our analysis. The latter are the 
minimum X2 values of fits to the light curve using 
sinusoidal curves of a given frequency.

J. Vanderplas,. 2017

Kepler’s beating frequency



+	ReLU +	ReLU

Deep Learning



DMDT mappings + Deep Learning

dt

dm

• For each pair of points, dm and dt measured. 
• Resulting points binned in a semi-logarithmic bins to preserve frequency structure. 
• Resulting unequal area bins transformed in equal area pixels.

Mahabal et al. 2017



Autoencoders



Recurrent Neural Networks

• RNNs back propagate information in time to update the 
network’s weights. 

• They have memory. They can remember information in a 
sequence. 

• Two inputs for each node: Current own state and previous nodes.



3. Methods



Unsupervised Random Forest
1. Generate synthetic dataset from 

Baron & Poznanski , 2017

3. Propagate the real data 

2. Train RF classifier with  
real+synthetic data

4. Compute weirdness 



t-SNE

Courtesy StatQuest

Outliers: euclidean distance 
in lower dimensionality space
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t-SNE

Minimize KL-divergence  
between two distributions 

(with gradient descent, 
for example)

Courtesy StatQuest

Outliers: euclidean distance 
in lower dimensionality space



Minimum Spanning Persistence

lmin

lmax

• lmax: length scale above which all nodes are connected 
• lmin: length scale below which all nodes are separated 
• In this case, persistence can be estimated as the fraction of lmax-lmin for which 
the node is isolated.



4. Results



Training set: 
• ~8000 light curves in 6 bands, 

with LSST-like cadences. 
• 14+ different classes, both 

galactic and extragalactic, 
both transients and variable 
sources. 

• Feature extraction: multi-band 
periodogram

Hlozek et al. 2018

Dataset 2





Outliers have an uncorrelated power spectrum.
They are fast transients (KN mergers, M-dwarf flares).

Normal Outliers

URF: the meaning of weirdness
Outliers in LSST-like survey: 
• Weirdest objects are fast transients. 
• URF quite efficient at picking certain 

classes that are poorly represented in 
the training set. 

• “Normal” objects, on the other hand, 
are fairly well distributed across 
classes.

Poorly  
represented 

class

KN mergers, flaring M-dwarf







AT2018cow

• Fast, luminous transient, first one observed live. 

• Reached its peak brightness in days, not weeks. 

• 10-100 times brighter than a normal supernova. 

• Spectral variability does not match any know type 
of supernova (Perley et al. 2019). 

• TDE by an intermediate-mass black hole?

Marguitti et al. 2018



RAPID

Muthukrishna et al. 2019



Real-time classification
• Classification of astronomical 

transients as a function of time. 

• No user-defined features 
needed. LC points used 
directly. 

• Early classification (within 
days) possible with good 
accuracy. 

• Extremely important to prioritize 
spectroscopy follow ups.

Muthukrishna et al. 2019



Dataset: Kepler Q16 light curves

Exploratory analysis on Kepler light 
curves. 
• 160,000 detrended light curves, as 
delivered by STScI’s MAST archive. 

• Light curves cover a time span of ~90 
days, with a cadence of 30 minutes. 

• Detrended using Kepler’s pipeline.

This dataset is representative of Kepler light curves. It was randomly 
selected from Kepler Quarter 16 observations, taken between January 12 

and April 8, 2013: 

Roughly 60% are G-type main sequence stars, ~8% are giants, ~2% M-type 
dwarfs, <0.2% O and B-type stars, ~2% eclipsing binaries. 



URF Outliers in the HR Diagram
(Constructed from GAIA data)



URF Outliers in the HR Diagram
(Constructed from GAIA data)

Top 1% outliers 
• Contact binaries 
• Rotational variables  
• Cataclysmic variables 
• Flaring brown dwarfs 
• Dwarf novae 
• X-ray binaries 
• Main sequence stars with deeps



URF Outliers in the HR Diagram
(Constructed from GAIA data)

Top 1% outliers 
• Contact binaries 
• Rotational variables  
• Cataclysmic variables 
• Flaring brown dwarfs 
• Dwarf novae 
• X-ray binaries 
• Main sequence stars with deeps

We are currently designing an 
observational program to follow up these 

interesting unclassified objects



Light curves of outliers



Outliers with t-SNE

Features: flattened 
DMDT maps 

Weirdness dominated by 
smooth variability, with 
sudden deeps or flares 



URF X-ray Outliers

s m h



URF X-ray Outliers

s m h
Top 2% outliers 
• Gamma-ray emitting novae (V679 
Car) 

• Super-Eddington ULX accretors 
(e.g. NGC 7793 P13). 

• Black hole-WD binaries. 
• Some T-tauri stars 
• Large majority still unclassified  



Take away messages
• Outlier detection is an excellent way to do “exploration approach” 

science. 

• Astronomical outliers (anomalies) represent extreme stages in the 
evolutionary history of astrophysical objects - they used to be 
hard to find. 

• Thanks to deep learning, feature engineering becoming obsolete. 

• Flexibility of algorithms allows to find anomalies of different nature. 

• Early classification of light curves now possible.  

• Excellent synergy of recent algorithms with upcoming surveys 
such as LSST, etc.



“Normality” score affected by artifacts

30 light curves, with three 
different pre-processing 
approaches

Preprocessing does have an impact on our ability to 
find outliers, and on what kind of outliers we find! 

Need to make sure that “normality” or “weirdness”  
not dictated by systematic data artifacts!

Normalized vs. LPF Normalized vs. clean LPF vs clean

Isolation forest normality scores

Martínez-Galarza et al. 2019 (in prep.)



X-ray features in CSC2
1. Aperture photometry

Joint posterior for source fluxes and background:

2. Hardness ratios 
Define the Hxy for bands x, y as the ratio: (Fx-Fy)/(Fx+Fy).  
Then:

Hardness ratios hard_ms, hard_hm, hard_hs are 
those values that maximize the PDF above. 

Used for spectral characterization when fitting is 
limited  by few counts

s m h



Distribution of hardness ratios 
Subset of CSC2 sources



Outliers with MSP

Tabby’s star, rotationally variable stars, seismic red giants  
Mostly amplitude weirdos



Preliminary results on public TESS data

More coming soon!



Minimum Spanning Persistence

Outliers using MST persistence 
• Significant outliers should be persistent components with minimal 
connectivity 

• Lifetime of outlier is the range of filtration steps over which it remains 
unconnected.

•  Persistent homology aims at determining how 
stable (persistent) data structures are over a 
range of scales.  

• Minimal spanning trees are unique constructs 
that encode all the information about connected 
components at all resolutions.



RNNs, autoencoders 

Latent  space used as feature vector.  

Naul et al. 2018


