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Via Machinae
Discovering Stellar Streams using Machine Learning



Machine Learning out of the Colliders
• Phenomenology/high-energy experiment has 

been an early adopter of machine learning. 
• We have vast, complicated datasets, within 

which is buried some small signal. 
• Forced us to innovate to find new ways to 

classify events, identify anomalies, and 
generate simulated data. 

• Astrophysics is also in an era of Big Data 
• Facing similar issues as pheno, but with some 

new twists. 
• What techniques can we transfer over to this 

related field?  
• What can we learn from solving astrophysical 

problems?

SciPost Physics Submission

Figure 5: ROC curves for all algorithms evaluated on the same test sample, shown as the
AUC ensemble median of multiple trainings. More precise numbers as well as uncertainty
bands given by the ensemble analysis are given in Tab. 1.

Instead of extracting these performance measures from single models we can use ensembles.
For this purpose we train nine models for each tagger and define 84 ensemble taggers, each time
combining six of them. They allow us to evaluate the spread of the ensemble taggers and define
mean-of-ensemble and median-of-ensemble results. We find that ensembles leads to a 5 ... 15%
improvement in performance, depending on the algorithm. For the uncertainty estimate of the
background rejection we remove the outliers. In Tab. 1 we see that the background rejection
varies from around 1/600 to better than 1/1000. For the ensemble tagger the ParticleNet,
ResNeXt, TreeNiN, and PFN approaches again lead to the best results. Phrased in terms
of the improvement in the signal-to-background ratio they give factors ✏S/✏B > 300, vastly
exceeding the current top tagging performance in ATLAS and CMS.

Altogether, in Fig. 5 and Tab. 1 we see that some of the physics-motivated setups remain
competitive with the technically much more advanced ResNeXt and ParticleNet networks.
This suggests that even for a straightforward task like top tagging in fat jets we can develop
e�cient physics-specific tools. While their performance does not quite match the state-of-
the-art standard networks, it is close enough to test both approaches on key requirements in
particle physics, like treatment of uncertainties, stability with respect to detector e↵ects, etc.

The obvious question in any deep-learning analysis is if the tagger captures all relevant
information. At this point we have checked that including full or partial information on
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Classification (1902.09914)

Figure 51. Results of unblinding the first black box. Shown are the predicted resonance mass
(top left), the number of signal events (top right), the mass of the first daughter particle (bottom
left), and the mass of the second daughter particle (bottom right). Horizontal bars indicate the
uncertainty (only if provided by the submitting groups). In a smaller panel the pull (answer-
true)/uncertainty is given. Descriptions of the tested models are provided in the text.

signal, these results highlight a possible vulnerability of anomaly detection methods in the

tail of statistical distributions.

For Black Box 3 a resonance decaying to hadrons and invisible particles (PCA), a

resonance with a mass between 5.4 and 6.4 TeV (LDA), at 3.1 TeV (embedding clustering),

and between 5 and 5.5 TeV (QUAK) was reported. No signal was observed by one approach

(VRNN). The true injected resonance with a mass of 4.2 TeV and two competing decay

modes was not detected by any approach.

After unveiling the black boxes, further submissions and improvements to the anomaly

detectors were made. The VRNN and BuHuLaSpa (Sec. 3.3) approaches now report an

enhancement at an invariant mass below 4 TeV for black box 1, while no signal is observed

for the other two black boxes. With deep ensemble anomaly detection (Sec. 5.1) a resonance

at 3.5 TeV is seen for the first black box and for Latent Dirichlet Allocation a resonance

not incompatible with 3.8 TeV is observed. Another new submission was Particle Graph

Autoencoders (Sec 3.7) which detected a resonance at 3.9 TeV for the first black box.

Finally, a resonance at 3.5 TeV was seen using CWoLa hunting (Sec. 4.1). For Black Box

two and three, no additional observations of a signal were reported after unblinding.

6.2 Overall Lessons Learned

This large and diverse number of submissions on the blinded and unblinded datasets is very

encouraging. Even better, the resonance in the first black box was successfully detected
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Figure 8. 5 randomly selected � events of Geant4 and their nearest neighbors in the CaloFlow

samples.
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…and many more…



Stellar Streams
• The Milky Way is built from the merger of smaller objects. 
• Compact collections of stars (dwarf galaxies & globular 

clusters) get tidally stripped during infall and form stellar 
streams before becoming well-mixed with the halo. 
• Provide a probe into the Galactic potential through the 

stream’s orbit. 
• Give a glimpse into the Galaxy’s merger history. 
• Can reveal dark matter substructure through 

gravitational interactions with the stream itself.

MilkyWay@Home
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Gaia 
• Gaia satellite measures the positions and proper 

motions of ~billion stars in the Galaxy. 
• Provides photometry (color and magnitude) but not 

spectroscopy 
• Accurate parallax distances for ~150 million stars 
• Line-of-sight motion for ~7 million stars 

• A huge mine of data for the study of Galactic 
substructure: including stream-finding.

GAIA



Previous Approaches
• Some streams can be found by eye, or through 

other surveys (DES, SDSS) and reconfirmed in Gaia. 
• Automated algorithms for Gaia data exist (e.g. 

STREAMFINDER Malhan et al 2018). Makes assumptions 
about the composition of stream stars and the 
Galactic potential. 

• Our goal: a stream-finding algorithm that: 
• Uses only Gaia data 
• Does not assume a Galactic potential                   

or orbit 
• Does not assume stream stars lie on a         

particular isochrone. 
• Use the fact that streams are compact in      

proper motion space.

github.com/cmateu/galstreams

6 Malhan, Ibata & Martin

Figure 4. Properties of a sample of previously-discovered streams, as recovered by the STREAMFINDER. The first, second, third and fourth
rows show the properties of the GD-1, Jhelum, Indus and Orphan streams, respectively. The columns reproduce, from left to right, the
equatorial coordinates of the structures, the distance solutions found by the algorithm (for representative metallicity values), the proper
motion distribution (with observations in red, model solutions in blue, and the full DR2 sample in grey), and the colour-magnitude
distribution of the stars (with observations in red and template model in blue) selected by STREAMFINDER. The distance solutions found
by the algorithm match closely the distance values that have been previously derived for these streams: D� ⇠ 8 kpc for GD-1 (Grillmair
& Dionatos 2006), D� ⇠ 13.2 kpc and ⇠ 16.6 kpc for Jhelum and Indus, respectively (Shipp et al. 2018) and D� = [33 � 38] kpc for
Orphan (Newberg et al. 2010). The CMD template models, shown in blue in the last column, have been plotted at the appropriate
distance for the respective streams. The colour-magnitude diagram of the Orphan stream might seem peculiar, but here we only see the
red-giant branch due to the trimming of the data sample below G = 19.5.

the stream-like structures recovered by the algorithm are not
associated with the extinction correction. In Figures 7 and
8, we present our summary plots made by combining the dis-
tance and metallicity samples for the north and south hemi-
spheres, respectively. The top panels of these diagrams show
the estimate of the distances of these structures (provided
by the algorithm), while the bottom panels show an esti-
mate of the magnitude of the tangential velocity calculated
using the measured Gaia proper motions combined with the
distance estimates. Many structures are beautifully resolved
in this multi-parameter space.

Our aim in this contribution is not to present a thorough
or complete census of halo streams (since it would require

considerable more processing time to examine the necessary
parameter space), but rather to present a preview of the
large-scale stream structure of our Galaxy. Nevertheless, we
have selected by hand a small number of structures that
appear clearly in our maps, with kinematic properties that
distinguish them from the contaminating Galactic popula-
tion, and that are clearly not artefacts produced by Gaia’s
scanning law. A large number of other stream candidates
have a clearly-defined stream-like morphology, but possess
proper motions distributions that are similar to that of the
halo, and we deem that they require further follow-up to be
confident of their nature.

The locations of the five structures we selected are
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Anomaly Detection
• The problem: we have data, drawn from some probability distribution 

• The signal and background probability distributions are different: 

• The optimal parameter for distinguishing signal from background is the ratio 

• Signal dominates wherever                    .  
• The problem: How do we determine both              and                 ?  Especially in something as 

complicated as the Galaxy.

“features” 
(position, velocity, color, etc)

one “feature” 
to condition on



ANODE
• Unsupervised Deep Learning offering new approaches to modeling 

probability distributions. 
• Normalizing flows: transform from a known distribution 

(multivariate Gaussians) to the target distribution (the data) 
through invertible functions. 

• ANODE (Nachman and Shih, 2020)  uses Masked Autoregressive Flows (MAF), 
which learns a target distribution conditioned on one feature 
dimension. 
• Learn the probability distribution with                          in two ways: 

• 1st by training directly on the data in the region 
• 2nd by training outside this region, then interpolating in 

• Allows direct estimation of the ratio R inside this region.



Gaia Data
• We restrict ourselves to distant stars: 
• Available features: 2 angular positions, 2 proper motions, magnitude    , color 
• ANODE training times grow with number of stars, so we select patches of stars within 15o of 

centers that tile the sky, every star within 7o of a center. 
• Discontinuities in probability densities cause errors in                                                         

the MAF density estimate. We train on the full patch                                                          
and use fiducial region of inner 10o and 

• Recenter the angular positions on patch center:

°10 0 10
¡ (±)

°10

0

10

∏
(±

)

°20 0
µ§

¡ (mas/yr)

°20

0

µ
∏

(m
as

/y
r)

0 1 2 3
b ° r

10

15

20

g



• GD-1 is a bright stream with stellar catalogues of stream membership (Price-Whelan and Bonaca, 2018) 
• Provides a good worked example for our technique. 

• Streams are concentrated in both       and      , with a width of a few mas/yr. 
• We will pick       as the feature      to define our overlapping search regions (SRs) 
• Width 6 mas/yr for each SR, neighboring SRs separated by 1 mas/yr  
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Stars identified as likely GD-1 members by Price-Whelan & Bonaca

An example SR



GD-1 Example
• For each SR within each patch, we train ANODE on the stars in the SR, using the 

complement of the SR as the control region. 
• For each star, we now have
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Via Machinae: An Overview
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Via Machinae: Regions of Interest
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• For known streams less distinct than GD-1, we 
need further subdivide the search regions 
(which were defined using      ). 

• Each SR divided into overlapping Regions of 
Interest using  
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Via Machinae: Regions of Interest
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• For known streams less distinct than GD-1, we 
need further subdivide the search regions 
(which were defined using      ). 

• Each SR divided into overlapping Regions of 
Interest using  
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Via Machinae: Regions of Interest
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• For known streams less distinct than GD-1, we 
need further subdivide the search regions 
(which were defined using      ). 

• Each SR divided into overlapping Regions of 
Interest using  
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Via Machinae: Line Finding
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• Need to automate line-finding within the 
140,000 ROIs. 

• Use the Hough transform to convert line-finding 
to over-density finding. 

• Allows us to define a figure of merit for stream:
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Via Machinae: Combining Results
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• Combine line-candidates which appear in 
adjacent ROIs. 

• Number of SRs and combined line-significance 
allow us to select high-confidence stream 
candidates.
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Results
• Via Machinae reproduces the GD-1 

stream and identifies several non-trivial 
and astrophysically important structures. 
• SRs defined by       have difficulty with 

streams near               , due to larger 
number of background stars. 

• Many post-ANODE hyperparameters 
determine the sensitivity to other 
streams — Hough width,       , 
• First pass: “narrow” streams with high 

significance in SRs defined by either      
or  

• How can we improve our density 
estimator?
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