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Weirdos in Astronomy

❖ Quasars were weird stars, pulsars weird radio 
sources.

❖ Supernovae, clusters, nebulae.

❖ Within a class, weirdos stretch the limits  of our 
understanding.

❖ Also - rare could be common but short lived. 



How to find them?

❖ Eyeball everything.

❖ Fit model, look at:

❖ Extremes in parameter space.

❖ Bad fit.

❖ Learn empirical similarity metric from the data.



Example: RF-based method

❖ Using Random-Forest.

❖ We learn what constitutes a ‘normal’ object.

❖ By comparing the real sample to a synthetic sample.

❖ derive from that a similarity/distance metric 
between the objects.

❖ Outliers = farthest from most.

Baron & Poznanski 2017



Galaxy Spectra
❖ ~2.5M galaxy spectra from SDSS.
❖ Most were published and studied years ago. 
❖ Great benchmark.
❖ Flux(λ) are the features (so ~ 15,000 features). 

Baron & Poznanski 2017



Galaxies Results

❖ Manually examined 400 
farthest from others.

The weirdest SDSS galaxies 5
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Figure 4. Histogram of the weirdness score for every object in our
sample. One can see that the distribution is smooth and decreases
as one approaches large values. We study in this paper the 400
objects that lie to the right of the dashed blue line.

3 OUTLIER DETECTION ALGORITHM

The algorithm we discuss is general and can be implemented
on images, time-series (such as light curves), and photom-
etry, similarly to our current application to spectroscopic
data. The input to the algorithm is a matrix in which the
rows represent the objects in the sample (galaxy spectra
in our case) and the columns represent the features of the
data. In our case, the features are simply the flux values at
each wavelength, thus we have 2 355 926 objects with 15 700
features each (i.e., 15 700 interpolated flux values).

In order to detect outliers one can define a distance mea-
sure between every two objects in the sample, we achieve this
task by using RF. An RF refers to the general technique of
random decision forests, an ensemble learning method that
is used for regression and classification. RF operates by con-
structing a set of decision trees during training. Every such
tree splits the training data into the known classes by using
rules learned from the data features. Each tree in the ensem-
ble is built from a sample drawn with replacement from the
objects in the sample and only a randomly selected subset
of the features is used as a splitting criterion. Then, the RF
averages the predictions of the decision trees, and due to
this randomness the resulting model is general and has low
variance (Breiman et al. 1984; Breiman 2001). Constructing
each decision tree with a subset of the objects and a subset
of the features makes the RF naturally parallelisable and
extremely fit for usage in the framework of Distributed File
Systems (DFS).

Since the objects in our sample are not labeled and

Figure 5. Histogram of the signal to noise ratio (SNR) of the
galaxies in our sample. We define the SNR as the median SNR per
pixel, as given by the SDSS pipeline. One can see that apart from
a prominent peak in the distribution at SNR⇠2.5, the number of
galaxies decreases smoothly for increasing SNR.

there is no external information input to the algorithm from
the user, we perform unsupervised learning with RF, as de-
scribed in Shi & Horvath (2006) though with some key mod-
ifications. We construct a synthetic data matrix with the
same dimensions as our sample data (2 355 926 X 15 700):
each feature (column) in the synthetic data is built by sam-
pling from the marginal distribution of the same feature in
the original data. The process of creating the synthetic data
is illustrated in figure 2 in a simplified example, where each
object has only two features, distributed as seen in the left
panel. The synthetic data is shown in the right panel, where
one can see that the marginal distributions of the original
and synthetic data match, while the covariance between the
features remains only in the original data.

Once we have the synthetic data, we can translate the
problem to the language of supervised learning – we label
the original data as real and the synthetic data as synthetic.
The total labeled data which consists of both the real and
synthetic samples is the input to the traditional RF classi-
fication algorithm. We note that there is no need to divide
the sample into training, validation, and test sets as typ-
ically done when performing supervised learning, since we
do not use the trained forest as a predictor for new, un-
labelled, measurements. We train the forest to distinguish
between real and synthetic, and since the di↵erence between
the classes is the lack of covariance in the synthetic data,
the forest identifies features which show strong covariance
and rates them higher in its features importance scheme. In
this framework, spectral lines will show as correlations on
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So…
❖ All top 400 were indeed outliers. 
❖ Outliers of many different kinds (emission, 

absorption, continuum, line ratios).
❖ Many previously reported (benchmark - ✔), 

most new (new science - ✔). 
❖ Found multiple new things.
❖ Can do more than just find weirdos.



Given a Metric
❖ With 2.5M objects, we (in principle) have a 

2.5M2 distance matrix. 
❖ It is embedded in too many (~15,000) 

dimensions…
❖ Let’s reduce them to 2D. 



APOGEE + t-SNE

Reis+ 2018a

❖ ~200,000 near-IR stellar spectra from APOGEE. 

Ahn+ 2014



APOGEE + t-SNE
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Figure 3. t-SNE map of our distance matrix. Each point on the map represents a star, where spectrally similar objects cluster on
small scales. The axes do not have any physical significance. In the di↵erent panels, di↵erent coloring schemes are presented. Panel
(a): e↵ective temperature, panel (b): surface gravity, panel (c): metallicity, panel (d): highlighted M-type stars. The values used for the
di↵erent coloring are taken from ASPCAP. Stars with no available value for a parameter do not appear on the map. For example, many
dwarf stars do not have log g values, so the clusters containing dwarfs disappear from the log g map. The complex structure of the sample
is apparent. In panels (e) and (f) we color the map by the weirdness score. Wall is in panel (e), and W250 is in panel (f). We see that
when using W250, low Te↵ stars no longer dominate the high weirdness score population, and we get a more diverse outlier population
that is spread on the t-SNE map.

Reis+ 2018a

❖ RF-based distances.
❖ Reduced with t-SNE.
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Object retrieval

Hall+ 2013, Reis+ 2018b

❖ Find more objects like “this one”:

❖ Tripled known sample of redshifted BAL QSOs. 

new RSBALs from similarity search 7

Figure 4. Comparison between the two di↵erent methods we used for object retrieval, using the same similarity matrix (Extremely
Randomized Trees). Each entry in this plot shows, for a specific original sample object (horizontal axis) and object retrieval method
(vertical axis), the number of objects one would need to visually inspect in order to recover the object with the given method. We can
see that (after deciding on the number of object to visually inspect) some objects would be found only by one of the methods.

Figure 5. SDSS spectrum of SDSSJ12290, the only quasar in our sample which is not a point source. Red arrows mark the redshifted
absorption.

to include results from other measures and use an ensemble
of methods. In other words, it is better to look as the top
ranked objects from each method, than to dig into lower
ranked objects of a single method.

It is important to note that none of the similarity mea-
sures we used was tailored for this specific problem, and
as such are directly applicable for searching other types of
quasars. We publish the 100 nearest neighbors, from the
ERT similarity measure, of all 164,798 objects in our sam-
ple. In addition we produce a Jupyter Notebook ¶ which
can be used to retrieve similar objects. Note that for this
work we used the redshift from the SDSS pipeline in order
to measure similarities in the rest frame of the spectra. We
used only objects with rest frame wavelength coverage of
1120Å > � > 2000Å. In future work we plan to produce an
exhaustive similarity matrix for SDSS quasar spectra.

We emphasize that the reason for not using a larger
fraction of SDSS quasars in this work is that the similarities
measures we used, except cross-correlation and DTW, re-
quire the objects features to be aligned. For this we need all

¶ github.com/ireis/SDSS-quasars-similarity

objects in our sample to contain flux values on a pre-defined
wavelength grid. This allows us to use objects of only a lim-
ited redshift range. In addition, this alignment requirement
compels us to rely on the SDSS pipeline redshift in our pre-
processing stage. This will lead to meaningless similarity
values for objects with wrong pipeline redshift. The objects
with wrong redshift are the ones that are not well described
by the pipeline, and as such are of high interest for inves-
tigations such as the one performed in this work. For this
reason calculating similarities that are invariant to shifts in
features is an important goal for future work.
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Caveat
❖ There are many good 

algorithms. 
❖ They can each find 

something. 
❖ Change their hyper-

parameters and they will find 
something else. 

❖ Unsupervised tasks are 
ambiguous by construction.

❖ Notion of distance is 
ambiguous. Reis+ 2019



Caveat
❖ In fact, overlap between methods is < 10%

Reis+ 2019



Solution
❖ Building an 

interactive tool 
to scan multiple 
“views”. 

❖ How to interact 
with thousands 
of points? 

❖ Can select, stack, 
color, etc. 

Reis+ 2019



Solution

❖ Quickly vet outliers.

❖ Try it:  https://galaxyportal.space Reis+ 2019

https://galaxyportal.space


Machine Enabled Discovery 
❖ We are developing an unsupervised ML toolset that works well 

for spectra. 
❖ We are evolving to work also with time series. 
❖ There are endless applications with either, and many interesting 

problems worth solving. 



But wait:

Monday

Tuesday



But wait:

 Thanks!      dovi@tau.ac.il
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