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Abstract
In previous work, we developed a deep neural network classiﬁer that only relies on phase-space information to
obtain a catalog of accreted stars based on the second data release of Gaia (DR2). In this paper, we apply two
clustering algorithms to identify velocity substructure within this catalog. We focus on the subset of stars with lineof-sight velocity measurements that fall in the range of Galactocentric radii r Î [6.5, 9.5] kpc and vertical
distances ∣z∣ < 3 kpc. Known structures such as Gaia Enceladus and the Helmi stream are identiﬁed. The largest
previously unknown structure, Nyx, is a vast stream consisting of at least 200 stars in the region of interest. This
study displays the power of the machine-learning approach by not only successfully identifying known features but
also discovering new kinematic structures that may shed light on the merger history of the Milky Way.
Uniﬁed Astronomy Thesaurus concepts: Milky Way dynamics (1051); Galaxy dynamics (591); Astrometry (80);
Neural networks (1933); Star clusters (1567)
associated with disrupting globular clusters, have also been
discovered; see Newberg & Carlin (2016) for a review. These
include the GD-1 (Grillmair & Dionatos 2006), Pal-5
(Odenkirchen et al. 2001), and Ophiuchus (Bernard et al.
2014) streams. In the case of older mergers, velocity coherence
is still preserved although spatial coherence may be lost (Helmi
& White 1999; Lisanti & Spergel 2012; Lisanti et al. 2015). A
plethora of such kinematic substructure has been found
throughout the stellar halo, e.g., ECHOS (Schlaufman et al.
2009, 2011, 2012).
The advent of data from the Gaia satellite (Brown et al. 2018)
has already revolutionized our ability to reconstruct the Milky
Way’s history, given the unprecedented number of 5D and even
6D stellar phase-space measurements. To date, several additional
stellar streams and clumps have been discovered using Gaia data
(Koppelman et al. 2018, 2019; Malhan & Ibata 2018; Myeong
et al. 2018a, 2019; Ibata et al. 2019a, 2019b; Meingast et al.
2019). Gaia Enceladus (also referred to as the Gaia Sausage) is
the largest of these new structures (Belokurov et al. 2018; Helmi
et al. 2018) and is believed to be the remnant of a signiﬁcant
merger that occurred at an estimated redshift of ∼1–3 (Myeong
et al. 2018b). Today, Enceladus’ stellar debris is highly radial and
more metal rich than the rest of the stellar halo; additionally, it
constitutes the majority of the accreted stellar fraction in the inner
Milky Way (Deason et al. 2018; Lancaster et al. 2019; Necib
et al. 2019a; Vincenzo et al. 2019).
The focus of this paper is on searching for kinematic
substructures in the subset of Gaia data that includes radial
velocities. In particular, we deﬁne the region of interest (ROI)
to be within spherical Galactocentric radii r Î [6.5, 9.5] kpc
and vertical distances ∣z∣ < 3 kpc. In this region, nearly 99% of
all stars belong to the Milky Way’s disk, while the remaining
1% belong to the halo and may have been accreted from
mergers (Jurić et al. 2008). Identifying this small fraction of
accreted stars is a daunting task given the considerable size of

1. Introduction
The paradigm of hierarchical structure formation describes
how galaxies grow in a Lambda Cold Dark Matter universe
(White & Rees 1978). During this process, large galaxies like
our Milky Way gain the majority of their mass by capturing
and absorbing smaller satellites. As a satellite galaxy falls onto
a host, it is torn apart by violent tidal forces that strip both its
dark matter halo and stars. Debris from this process is left
scattered about the host galaxy as a fossil remnant of the
accretion events. Assuming that not enough time has passed for
these objects to fully virialize, such remnants manifest as
distinctive features in phase space: stellar clumps, streams, and
clouds of tidal debris (Johnston et al. 1996; Johnston 1998;
Bullock & Johnston 2005; Robertson et al. 2005; Font et al.
2006, 2011). If such signatures can be identiﬁed, one can use
their properties to reconstruct aspects of the host galaxy’s
evolution.
The study of spatial and kinematic substructure in the Milky
Way’s stellar halo has a long history. Various works have
focused on modeling its large-scale components, discovering
that the stellar halo can be separated into (at least) an inner and
an outer component based on kinematics based on distinctions
in spatial density proﬁles, stellar orbits, and spectroscopic
metallicities (Carollo et al. 2007, 2010; Beers et al. 2012),
photometry (Hess diagrams) in combination with spatial
density distributions (de Jong et al. 2010), and photometric
metallicity estimates in combination with kinematics inferred
from proper motions alone (An et al. 2013, 2015). These works
targeted the overall structure of the stellar halo. In parallel,
other studies focused on identifying the substructures that built
the accreted halo. The Sagittarius Stream provides the most
stunning example of an ongoing merger (Johnston et al. 1995;
Ivezic et al. 2000; Yanny et al. 2000; Ibata et al. 2001), as it
traces several orbits of the infalling Sagittarius dwarf (Ibata
et al. 1994). Numerous tidal streams, some of which may be
1
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the stellar disk background population. A variety of strategies have
been explored to achieve this goal, which include looking for
structures in action-angle (Yuksel et al. 2009), energy–momentum
(Helmi & de Zeeuw 2000), apocenter–pericenter–angular-momentum (Helmi et al. 2006), and/or chemodynamic(e.g., Nissen &
Schuster 2010; Helmi et al. 2017; Posti et al. 2018; An &
Beers 2020) space.
The Helmi stream provided the ﬁrst proof of principle that
such techniques can be applied successfully (Helmi et al.
1999). First discovered as an overdensity of 13 stars in angularmomentum space, the Helmi stream has since been conﬁrmed
by a variety of other observations (Chiba & Beers 2000; Re
Fiorentin et al. 2005; Klement et al. 2009; Smith et al. 2009;
Beers et al. 2017). Most recently, it has been studied in
GaiaDR2 (Gaia Collaboration et al. 2018b; Koppelman et al.
2018) and nearly 600 more potential members were identiﬁed
using cross-matches with spectroscopic surveys (Koppelman
et al. 2019). Comparisons with simulations strongly suggest
that it is associated with the disruption of a satellite galaxy
(Kepley et al. 2007).
The selection criteria typically used to identify accreted stars
are conservative and usually reduce potential disk contamination at the expense of excluding a large fraction of stars.
Ideally, one would want to reﬁne the selection process to yield
a high-purity sample of accreted stars without sacriﬁcing the
overall statistics. Attempts in this direction have been made
using traditional regression and classiﬁcation techniques
(Malhan & Ibata 2018; Veljanoski et al. 2019). Our focus
here is on the application of deep neural networks to this
problem. In Ostdiek et al. (2020), we developed a scheme for
using neural networks to successfully distinguish accreted stars
from those born in the Milky Way. We validated this approach
through extensive testing on simulated Gaia mock catalogs
(Sanderson et al. 2020) based on the Latte suite (Wetzel et al.
2016) of the FIRE simulations (Hopkins 2015; Hopkins et al.
2018). Our method is applied to the subset of Gaia stars with
small parallax errors dv v < 0.10 and yields a catalog of
likely accreted stars (publicly available in Ostdiek et al. 2019).
This work presents the ﬁrst analysis of a subset of this catalog,
focusing on the 4.8 million stars that additionally have radial
velocity measurements.
We use several different clustering algorithms to identify
velocity structures in this new catalog. We recover known
structures such as the Helmi stream and Gaia Enceladus, clearly
showing that the latter extends down to the Galactic midplane.
In addition, we identify several new stream candidates in the
ROI. One of these candidates, which we call Nyx, is a
signiﬁcant contributor in the region studied (Necib et al. 2020).
The other two stream candidates, which may be associated with
overdensities in Koppelman et al. (2018), comprise  (10) stars.
This paper is organized as follows. In Section 2, we review
the methodology underlying the catalog obtained by Ostdiek
et al. (2020) and explicitly demonstrate how neural network
scores correlate with different stellar populations (e.g., thin/
thick disk and halo). In Section 3, we perform a Gaussian
mixture model analysis to characterize the three most
signiﬁcant structures in the sample: Gaia Enceladus, Nyx,
and the remaining constituents of the stellar halo, which for the
remainder of this paper we will refer to as “Halo.” We further
analyze the data for non-Gaussian structures in Section 4,
which is where we recover the Helmi stream, as well as two

other stream candidates. The Appendix includes additional
ﬁgures that validate the analysis procedure.
2. A New Catalog of Accreted Stars
In this section, we take a ﬁrst look at the catalog of accreted
stars. After brieﬂy summarizing the methodology that underlies
the catalog, we provide a number of distributions of the basic
properties of the stars identiﬁed as accreted and in situ by the
neural network. Intriguingly, one can already see hints of novel
structures by looking at these distributions. We will explore
these structures more quantitatively in Section 3.
2.1. Characterizing the Catalog
To take maximum advantage of the richness contained
within Gaia DR2, we developed a novel approach utilizing
deep neural networks to derive a catalog of accreted stars.
Details and extensive cross-checks of the methodology are
presented in Ostdiek et al. (2020); we brieﬂy summarize the
main points here. We train the neural network on a combination
of simulated mock Gaia surveys and real measurements of
Milky Way stars. The simulated data is from the Ananke mock
surveys (Sanderson et al. 2020), based on the Latte simulation
suite (Wetzel et al. 2016; Hopkins et al. 2018). As we have the
full merger history for each simulated galaxy, we can identify
stars that are truly accreted, which can be leveraged to both
train and validate the networks. The ﬁnal network is pretrained
on mock catalogs from three solar positions of the m12i
simulated galaxy, using only 5D heliocentric kinematics as
inputs (the line-of-sight velocity is not provided to the
networks). We then perform transfer learning on stars within
the RAVEDR5–GaiaDR2 cross-matched data (Kunder et al.
2017) that are identiﬁed as accreted with high conﬁdence, i.e.,
if they are metal poor [Fe/H] < -1.5 and have ∣z∣ > 1.5 kpc.
Retraining the last layer of the neural network allows it to learn
characteristics speciﬁc to the Milky Way.
The ﬁnal network is applied to the subset of GaiaDR2 stars
with parallax v > 0 and fractional error dv v < 0.10 . In this
work, we further restrict our analysis to only include those stars
in the resulting catalog that have measured Gaia line-of-sight
velocities (Katz et al. 2019) and fall within spherical
Galactocentric radii of r Î [6.5, 9.5] kpc and vertical distances
∣z∣ < 3 kpc of the Galactic midplane. This results in a ﬁnal
sample size of 4,820,164 stars. Figure 1 shows the spatial
extent of the sample analyzed here. Note that GaiaDR2
is essentially complete in the optical magnitude range G Î
[7, 17] (Gaia Collaboration et al. 2018a). For G Î [4, 12], the
radial velocity subset of Gaia is about 60%–80% complete as
compared to the total data set. Therefore, we do not expect our
sample to be spatially complete, and this is evident from close
inspection of Figure 1. For example, the distribution peaks at
the solar circle, and there are rays originating from the solar
position (x, y, z ) = (-8, 0, 0) kpc in the x–y plane. There is
also an asymmetry in the y–z plane where the distribution looks
almost diagonal, probably due to projection effects (see Katz
et al. 2019 for the completeness of the radial velocity subset
of Gaia DR2). Although the stellar sample is not spatially
complete, we do expect it to be kinematically unbiased
because no selection cuts have been made on velocity. This
is particularly important for the study presented here, as the
techniques we use for identifying stellar substructure are based
on features in velocity space alone.
2
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Figure 1. Spatial distribution of all Gaia DR2 stars with parallax v > 0 , fractional error dv v < 0.10 , and line-of-sight velocities, falling within the region
r Î [6.5, 9.5] kpc and ∣z∣ < 3 kpc . Coordinates are in the Galactocentric Cartesian frame, with z=0 the Galactic midplane, y > 0 pointing in the direction of the
Sun’s motion, and x=0 at the Galactic Center. The Sun is located at (x, y, z ) = (-8, 0, 0) kpc .

The neural network gives each star a score that reﬂects
its probability of being accreted, with S=0 indicating a
maximum-conﬁdence in situ star and S=1 a maximumconﬁdence accreted star. Figure 2 shows the Toomre plot in
Galactocentric coordinates of the stars in Gaia DR2 that pass all
the selection cuts discussed above. A gradient of scores is
evident, ranging from stars associated with the thin disk
(S ~ 0 ) to stars associated with the stellar halo (S ~ 1). For
context, we additionally overlay the best-ﬁt 3σ contours for the
thin disk, thick disk, and halo stars derived from the model of
Bensby et al. (2003).
Figure 2 clearly shows that the network scores are highly
correlated with the expected behavior of these three populations: the lowest scores are associated with the thin disk, while
the larger scores are associated with halo stars. For the most
part, thin-disk stars have network scores S  0.05, while
thick-disk stars have scores extending up to S ~ 0.59—see
Figure A1 for Toomre plots of stars with scores S < 0.05
and S Î [0.3, 0.5]. For values of vy > 200 km s-1 and

Figure 2. Toomre plot of all stars in the subset of GaiaDR2 with line-of-sight
velocities, dv v < 0.10 , and v > 0 in the region deﬁned by r Î [6.5,
9.5] kpc and ∣z∣ < 3 kpc . Here, positive vy points in the same direction as the
disk rotation. The colors of the points indicate their network score. Overlaid are
the 3σ velocity contours of the thin disk(D), thick disk(TD), and halo stars,
obtained using the model of Bensby et al. (2003). The network scores are
clearly correlated with the different stellar populations.

vx2 + vz2 ~ 100 –200 km s-1, stars that appear to belong to
the thick disk according to the Bensby et al. (2003) model have
very low network scores, close to 0. These stars are easily
identiﬁed by the network as being in situ because their vy
velocities are large and positive. Note that due to the focus of
the training regimen, the network score reﬂects the probability
that a star is accreted, and as such, it does not have any
information on the different components of the disk.10 It is
therefore rather remarkable that the network scores do correlate
with known stellar populations.
To create a concrete data set of accreted stars to work with,
we must choose a cut on the network scores. In Ostdiek et al.
(2020), we developed a principled way of identifying this cut
by analyzing the network performance on mock catalogs,
where truth information is available. Our criterion was to
minimize the difference between velocity distributions of
the stars that are selected and the distributions of all of the

truth-level accreted stars. In particular, we found that a cut of
S  0.75 least biased the distributions of the accreted stars.11
Here, we will use more restrictive cuts on the score to improve
the purity of the sample and facilitate the Gaussian
Mixture Model analysis described in Section 3.1. Our
canonical sample will be deﬁned with S > 0.85; it contains
22,296 stars total. We additionally explore the impact of
placing a much more restrictive cut of S > 0.95 to create a
high-purity sample (9379 stars total). The high-purity sample
minimizes disk contamination at the expense of biasing the
velocity distributions, while the canonical sample reduces the
purity by introducing some disk stars but should produce less
biased distributions.

9

Running the neural network on the Galaxia (Sharma et al. 2011)
simulation demonstrated that the thick-disk component is the hardest one to
score as accreted or in situ. In actuality, the Milky Way’s thick disk might be a
combination of the two; see Rix & Bovy (2013) and references therein.
10
It is in principle possible to use multi-class classiﬁcation to identify different
stellar populations, but that is outside the scope of this work.

11

All stars in Gaia with a score greater than 0.75 are made available upon
request from the corresponding authors.
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Figure 3. The top row shows the spherical Galactocentric velocity distributions of the stars in the Gaia DR2 data set that pass the cuts described in Section 2.1. Here,
vf rotates with the disk of the Milky Way and positive vr points toward the Galactic Center. Distributions are provided for the in situ (S < 0.75), canonical (S > 0.85),
and high-purity (S > 0.95) samples. The second row provides vr - vf correlation plots for these three samples. The in situ sample is clearly peaked at the disk rotation
(vf ~ 220 km s-1). Gaia Enceladus is apparent in the canonical and high-purity samples as the radial overdensity at vf ~ 0 km s-1. As we will demonstrate, the stellar
overdensity at vr ~ 130 km s-1 and vf ~ 130 km s-1, which is most apparent in the high-purity sample (but also present in the canonical sample), corresponds to a
new stream, which we call Nyx.

implement the canonical cut, we ﬁnd that the network carves
out a nearly circular region in this parameter space, because any
star that falls within this region is very likely to be in situ. It
does, however, leave a distinct half-moon structure in this
plane, particularly apparent in the middle panel of Figure 3,
second row. If we increase the cut to S > 0.95, so that we
only plot the stars that the network labels as accreted with
high conﬁdence, we ﬁnd that the half-moon structure dissolves
into a localized overdensity at vr ~ 150 km s-1 and vf ~
140 km s-1. We call this new structure Nyx, and will describe it
in more detail in Section 3.2. It is important to note that Nyx is
present in the canonical sample as well, but is much easier to
identify in the high-purity sample.
Figure 4 provides the Toomre plots for the canonical and
high-purity cuts. The black dashed lines are centered around
v lsr = 220 km s-1 and extend to ∣v - v lsr∣ > 100–220 km s-1.
As with the vr - vf distributions shown in Figure 3, the
network cuts out the region within the inner dashed circle. A
common selection criterion for identifying accreted stars is to
require that ∣v - v lsr∣ > 180 –220 km s-1 (see Posti et al. 2018
for a review). By default, such a cut ignores stars that fall
within (approximately) the outermost dashed circle in Figure 4,
biasing the resulting distribution of stars in velocity space. This
consequently ignores any substructure that corotates with the
disk. Our deep-learning-based catalog has been constructed to

2.2. Accreted versus In Situ Stars
We now explore the kinematic distributions of the canonical
and high-purity samples. The top row of Figure 3 shows the
velocity distributions in spherical Galactocentric coordinates
(vr, vf, vθ) for three different cuts on the network score:
S < 0.75 (in situ), S > 0.85 (canonical accreted), and S > 0.95
(high-purity accreted). The narrow peak near vf ~ 200 km s-1
for the stars with S < 0.75 shows that the network clearly
classiﬁes stars whose rotations are consistent with the disk as
in situ. The vr and vf distributions differ between the canonical
and high-purity sample. While both are roughly bimodal in vr,
the canonical sample has a smaller dispersion. The canonical
sample has a stronger peak at vf ~ 150 km s-1, which may due
to some disk contamination.
To further explore the differences between the canonical and
the high-purity cuts, we provide the vr - vf distributions of the
resultant data sets in the bottom row of Figure 3. The in situ
sample (S < 0.75) is dominated by the stars at vr ~ 0 km s-1
and vf ~ 200 km s-1 as expected, although it also includes
some accreted stars that happen to be scored below S=0.75
by the network. Both the high-purity and canonical samples
show an elongated structure in the radial direction that spans
vr Î [-400, 400] km s-1, with vf ~ 0 km s-1. This is Gaia
Enceladus, further discussed in Section 3.2. When we
4
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Figure 4. Toomre plots for the stars in the accreted catalog with the canonical (left) and high-purity (right) samples. The black, dashed lines show velocities within 100
and 220 km s−1 of the local frame. The network does not classify any stars that are within the inner dashed circle as accreted, and it has higher conﬁdence that stars
that are farther away from the local standard of rest are accreted.

minimize such a bias, thereby enabling us to look for prograde
structures. Several structures stand out in both the canonical
and high-purity samples. The vertically extended overdensity
centered at vy ~ 0 km s-1 is Gaia Enceladus. Second, the

emphasize that these three components taken together comprise
the totality of the accreted stellar halo in our model.12 In other
words, the component labeled as “Halo” is comprised of
accreted stars in the stellar halo (some of which might be in
coherent structures) that are not resolved by the mixture
modeling.
The simple mixture analysis that yielded the BICs on the
high-purity sample is efﬁcient but does not account for the
uncertainties in the measured parameters of the stars. The
preliminary analysis informs the number of Gaussian distributions we include moving forward. To properly account for the
errors, we perform our own dedicated study to derive the bestﬁt parameters of the velocity distributions of these separate
components. We deﬁne the likelihood that a star i belongs to
either the Halo or Nyx by

overdensity centered at vy ~ 130 km s-1 and vx2 + vz2 ~
130 km s-1 is Nyx. Nyx becomes more evident in the highpurity sample where the disk contamination is reduced.
We emphasize that the kinematic distribution of the stars that
are easiest to label as accreted are not guaranteed to be
representative of the distribution for all accreted stars. Therefore, moving forward, we will present results for both the
canonical and high-purity samples, although we emphasize the
possibility of biases in the distributions, especially as the cut on
S becomes more restrictive (Ostdiek et al. 2020).

pk (Oi ∣ q ) = (vi ∣ mk , Sik ) ,

3. Dominant Kinematic Structures
In this section, we focus on characterizing the largest (in
terms of overall star count) kinematic structures present in the
sample of accreted stars. We will use a Gaussian mixture model
approach to extract three distinct features, including the new
stream Nyx.

(1 )

where k=h (Halo) or n (Nyx), Oi = {vr, i, vq, i, vf, i} are the
velocities of star i in spherical Galactocentric coordinates, and θ
is the set of free model parameters.  denotes the multivariate
normal distribution with mean m = (mr , mq , mf ) and covariance
Strue , which is a function of the dispersions sr, q, f and the
correlation coefﬁcients rrq, rf, qf . The measurement errors are

3.1. A Structure-ﬁnding Algorithm

taken into account as Sik = Sktrue + Serr, i , where Serr, i varies
from star to star but does not depend on the model parameters.
The likelihood for Enceladus is the sum of two Gaussians with
opposite means in the radial direction:

To obtain a quantitative estimate for the number of
components in the high-purity accreted data set (deﬁned by
the sample of Section 2.1 with S > 0.95), we run a Gaussian
mixture model using scikit-learn (Pedregosa et al. 2011)
on the selected stars in Galactocentric velocity space. This ﬁrst
pass ignores the impact of ﬁnite measurement errors on the
stellar velocities. We allow for up to nine Gaussian distributions and evaluate how many are necessary using the Bayesian
Information Criterion (BIC). The BIC decreases rapidly as the
number of Gaussians is increased to four, after which it
stabilizes. Note that Gaia Enceladus is best characterized by
two Gaussians with nearly identical means and dispersions in
vf and vθ that are centered at equal but opposite values of vr
(Necib et al. 2019a). Hence, the fact that four Gaussians are
required to minimize the BIC tells us that the data set contains
three dominant kinematic structures. We will refer to these
three structures as Enceladus, Nyx, and the Halo. We

pe (Oi ∣ q ) =

1
[ (vi ∣ me , Sie ) + (vi ∣ me˜ , Sie ) ] ,
2

(2 )

where me˜ = (-mr , mq , mf )e . The total likelihood is therefore
deﬁned as
p ({i}∣q ) =

N

 å

i = 1 j = h, n, e
12

Qj pj (Oi ∣ q ) ,

(3 )

There is possible disk contamination even in the high-purity sample.
However, these stars are usually not representative of the in situ sample, and
therefore, we do not expect them to form a distribution that can be picked up by
the Gaussian mixture model.

5
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Additionally, as shown in Figure A10, we ﬁnd that stars with a
high probability of being associated with Enceladus clearly
extend down to the Galactic midplane. This corroborates the
hypothesis that the Enceladus merger contributes to the local
dark matter distribution (Necib et al. 2019a, 2019b).
Nyx is the prograde group of stars characterized by its
signiﬁcant radial velocity (Figure 5, green line). In particular,
Nyx moves in the same direction as the Galactic disk, but its
rotational velocity lags by ~90 km s-1. Its radial velocity
distribution has a mean value of 134 km s-1 and dispersion of
~67 km s-1. In the canonical sample, we ﬁnd a corresponding
structure, which we call Nyx-2, that has an average vf of
94 km s-1, compared to the Nyx value (in the same sample) of
125 km s-1, but an equal and opposite vr of -79 km s-1
compared to 98 km s-1 for Nyx.
The fraction of Nyx stars is 9% and 30% in the high-purity
and canonical samples, respectively. Nyx-2 corresponds to
22% of the canonical sample. Enceladus is the dominant
structure in both samples, comprising 77% (42%) of the highpurity (canonical) set. The relative fraction of Enceladus is
reduced in the canonical sample primarily because of the
presence of Nyx-2.
A complete discussion of the properties of Nyx and Nyx-2,
and their potential origin, is presented in Necib et al. (2020).
Brieﬂy summarizing what is detailed there, Nyx is a coherent
stellar stream on an eccentric orbit (e ~ 0.6) whose distribution
is highly unlikely to be drawn from the expected smooth
distribution of the thick disk. Its behavior is consistent with
prograde streams observed in simulations, which are created
when a massive satellite is dragged into the disk plane by
increased tidal friction (Quinn & Goodman 1986; Lake 1989;
Walker et al. 1996; Abadi et al. 2003; Read et al. 2008, 2009;
Purcell et al. 2009; Ling et al. 2010; Pillepich et al. 2014). The
kinematics of Nyx-2 suggest that it is related to Nyx and may
be tidal debris from a separate passage of the same satellite. We
approach this conclusion cautiously only because the network
scores for Nyx-2 stars are generally lower than those for Nyx,
and its detection is thus not as robust.
To study the chemical abundances of each component, we
use the cross-match of stars provided by Sanders & Das (2018),
covering the spectroscopic catalogs APOGEE (Majewski et al.
2017), LAMOST (Deng et al. 2012), RAVE (Steinmetz et al.
2006), GALAH (de Silva et al. 2015), Gaia-ESO (Gilmore
et al. 2012), and SEGUE (Yanny et al. 2009). Out of the 9379
(22,296) stars in the high-purity (canonical) sample, we ﬁnd
cross-matches for 4255 (10,309). We histogram each star’s
metallicity Z in Figure 7. A star is associated with a given
component if the mixture analysis ﬁnds that it has a probability
greater than 95% (75%) of belonging to the high-purity
(canonical) sample.14 The Halo has a mean at Z ~ -1.1 in the
high-purity sample, with a large dispersion and a long tail
toward more metal-poor stars. Fewer stars are associated with
the Halo in the canonical sample as compared to the highpurity sample (less than 3% versus 10%), but the metallicities
are largely consistent between the two. Enceladus also has a
large dispersion in Z and peaks at Z ~ -0.9 in the high-purity
sample and Z ~ -1.0 in the canonical sample. Nyx stars,
however, have a much narrower Z distribution, peaking at
Z ~ -0.6 (Z ~ -0.4) in the high-purity (canonical) sample. In

Table 1
Parameters and Associated Prior Ranges for the Halo, Gaia Enceladus, Nyx,
and Nyx-2
Priors
μr
μθ
μf
σr,θ,f
ρrθ,rf,θf
Q

Halo

Enceladus

Nyx

Nyx-2

[−70, 70]
[−70, 70]
[−70, 70]
[0, 400]
[−1, 1]
L

[0, 250]
[−200, 200]
[−200, 200]
[0, 400]
[−1, 1]
[0, 1]

[−70, 200]
[−70,70]
[0, 300]
[0, 400]
[−1, 1]
[0, 1]

[−300, 200]
[−70, 70]
[0, 300]
[0, 400]
[−1, 1]
[0, 1]

Note.All priors are taken to be linear. Note that the Nyx-2 component is only
included when analyzing the canonical (S > 0.85) sample.

where Qj is the fractional contribution of each component
(constrained to add up to 1 over all j). This type of likelihood
analysis is very similar to what was performed in Necib et al.
(2019a), except that here we only cluster in kinematic space
and do not include metallicity information in the likelihood.
We also present results using the S > 0.85 sample. In this
case, the total likelihood in Equation (3) includes an additional
Gaussian, modeled following Equation (1), intended to capture
a second component of Nyx at negative radial velocity, which
we refer to as Nyx-2.13
We run emcee (Foreman-Mackey et al. 2013) to ﬁnd the
posterior distributions for the free parameters of the separate
components. With 9 free parameters for each population and 2
additional parameters to quantify the relative fractions, this is a
29 parameter ﬁt for the S > 0.95 sample study. With 4
components and 3 relative fractions, the S > 0.85 sample
requires 39 free parameters. The priors are linear, and their
ranges are listed in Table 1. We use 200 walkers, 8000 steps for
the burn-in stage, and 1000 steps for the analysis of the highpurity (canonical) samples. The relevant corner plots are
provided in the Appendix as Figures A2–A8.
3.2. Properties of Enceladus and Nyx
In this section, we investigate the properties of the dominant
kinematic structures in the catalog. The top (bottom) row of
Figure 5 provides the 2D kinematic distributions of the stars
in the S > 0.95 (0.85) catalog in Galactocentric spherical
coordinates. The lines show the 68% contours of the posterior
distributions for the separate stellar components, modeled
using the likelihood in Equation (3). The corresponding 1D
distributions for the posteriors are shown in Figure 6.
Gaia Enceladus is the radial bimodal population in Figure 5
(blue line). By construction, the lobes of Enceladus have the
same mean and dispersion in vθ and vf and are located at equal,
but opposite, values of the radial velocity; see Equation (2).
The general properties of the Enceladus distribution are largely
consistent with results from a previous study using the SDSS–
Gaia cross-match (Necib et al. 2019a). From the radial
distributions shown in Figure 6, we see that the peaks are
located closer together in the canonical sample than in the highpurity sample. These differences may be a result of kinematic
biases that are introduced as the score cut is increased.
13

Using the same technique of evaluating the BICs, we ﬁnd that the number of
preferred Gaussians stabilizes after six. We choose to include ﬁve Gaussians
(two of which correspond to Gaia Enceladus). Adding a sixth Gaussian leads to
two overlapping distributions in velocity space, roughly at the location of Nyx.

14

We lower the cut for the canonical sample because fewer stars are
exclusively associated to a single Gaussian with a probability higher than 95%
as a result of the lager number of components.
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Figure 5. Kinematic distributions of stars in the GaiaDR2 catalog that have measured radial velocities and fall within Galactocentric radii r Î [6.5, 9.5] kpc and
vertical distances ∣z∣ < 3 kpc of the midplane. These stars have been identiﬁed as accreted by the neural network developed in Ostdiek et al. (2020); the top row shows
the distributions for the high-purity sample (S > 0.95) while the bottom row shows the distributions for the canonical sample (S > 0.85). The two-dimensional
distributions are shown for the Galactocentric velocity coordinates vr, vθ, and vf. In the high-purity sample, a Gaussian mixture study recovers a Halo component with
large dispersion (pink), Gaia Enceladus (blue), and Nyx (green). These same components are also identiﬁed in the canonical sample, which additionally includes a
separate prograde stream, which we refer to as Nyx-2 (purple). Note that “Halo” refers to the remaining accreted stars in the stellar halo that are not individually
resolved by the mixture analysis.

larger eccentricities (Figures A12 and A13). Nyx stars extend
to zmax ~ 0.2–4 kpc above the plane at eccentricities
e∼0.4–0.8—the latter are higher than what is expected of
thick-disk stars (Li & Zhao 2017).

both the canonical and high-purity samples, the distributions of
the different components are consistent. Interestingly, the
distribution of Nyx-2 in the canonical sample matches that of
Nyx, strengthening the argument that they are debris from the
same progenitor. Spectroscopic follow-ups will be crucial to
more deeply understand the origin of Nyx and Nyx-2.
In Figure 8, we provide a scatter plot of the maximum
vertical distance from the midplane, zmax , versus the eccentricity, e, of the different components as obtained from a simple
calculation of their orbits. These parameters are evaluated when
running the stellar orbits back in time 1 Gyr over 1000 steps,
using the package gala (Price-Whelan 2017). To take the
measurement errors into account, we resample each star 100
times from the position and velocity Gaussians, and average
their eccentricities and zmax . Figure 8 only shows 100 random
stars from each component to not overwhelm the plot. Full
distributions of the eccentricities, zmax , apocenters, and
pericenters of each component are provided in the Appendix,
Figures A11–A13.
Enceladus stars have largely eccentric orbits (e > 0.8),
conﬁrming that the satellite progenitor was on a highly radial
orbit (Deason et al. 2018). Similarly, Halo stars have large
eccentricities and extend up to ~10 kpc above the plane, on
average higher than Enceladus. The 1D histograms of the
eccentricities show that Enceladus stars are peaked toward

4. More Subtle Kinematic Structures
In Section 3, we discussed the three most dominant
structures found in the high-purity and canonical catalogs. To
see if there is any evidence for non-Gaussian structures, we
now use the algorithm DBSCAN15 (Pedregosa et al. 2011). This
clustering algorithm is designed to identify connected overdensities; we will apply it to the 3D velocities in Galactocentric
cylindrical coordinates, not spherical as in Section 3, which
will allow for easier comparison with previous studies. Note
that DBSCAN does not require any assumptions regarding the
shape of the underlying distributions and therefore can identify
non-Gaussian structures. This is particularly important when
hunting for small stream-like features. DBSCAN depends on
the minimum number of stars in a group, n min , and the
compactness parameter, ò.
It is important to take into account the errors on the positions
and velocities of the stars while using DBSCAN. To do so, we
15
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Figure 6. Best-ﬁt velocity distributions for all stars with network scores S > 0.95 (top row) and S > 0.85 (bottom row), which have measured radial velocities and fall
within Galactocentric radii r Î [6.5, 9.5] kpc and vertical distances ∣z∣ < 3 kpc of the midplane. The distributions are shown for the Halo (red dashed), Enceladus
(blue dotted), and Nyx (green solid) components. The total distribution of the model is shown in solid black and can be compared to the data (gray histogram). In the
canonical sample (S > 0.85), we also identify a second prograde stream, called Nyx-2. A plot of the model residuals for the high-purity sample is provided in
Figure A9.

Figure 7. The metallicity Z distributions for the Halo, Nyx, and Enceladus components in the canonical (left) and high-purity (right) samples. The use of Z here should
not be confused with z, the vertical distance above the plane of the Milky Way. We also show the distribution for Nyx-2, which is only identiﬁed in the canonical
sample. A star is associated with any one of these populations if it has a >95% (>85%) probability of belonging to the respective Gaussian component for the highpurity (canonical) sample. All distributions are normalized to unity. Note that the relative normalizations between components reﬂect the fractions within our sample.
Metallicities are taken from Sanders & Das (2018).

Each realization of DBSCAN is prone to statistical ﬂuctuations as we vary the stars within their measurement errors. To
ﬁnd the most robust structures, we save the centers of each of
the groups identiﬁed in each of the 100 resamplings and then
run DBSCAN over these 100 realizations to ﬁnd clusters of
group centers that are present in more than 70 realizations, with
ò=0.3 and n min = 50 . We ﬁnd four stream candidates that

resample the stars over their errors and run DBSCAN 100 times,
identifying the groups for each independent run. In Figure 9,
we show the resulting groups for n min = 5 and ò=0.4 for one
such realization, which returned nine groups. Note that one of
these groups (shown in pale orange) is attributed to the
combination of Gaia Enceladus and Nyx, as their distributions
overlap, and they are thus not separated by this algorithm.
8
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This approach requires distinguishing the population of
accreted stars from their in situ counterparts, a task that
becomes increasingly challenging near the Galactic midplane
where disk stars comprise ∼99% of all stars. This motivated
the work of Ostdiek et al. (2020), where we developed a deep
neural-network-based approach that allows us to build a catalog
of accreted stars from Gaia DR2 data. Although the network
provides a catalog of all well-measured Gaia stars, regardless of
whether or not they have a line-of-sight velocity measurement,
this paper provides the ﬁrst analysis of the 4.8 million star
subset that includes the full 6D information and that fall within
r Î [6.5, 9.5] kpc and ∣z∣ < 3 kpc.
Our primary goal is to identify and analyze structures in 3D
velocity space. As a ﬁrst step, we perform a Gaussian mixture
analysis to break down the high-purity sample (S > 0.95) into
its most signiﬁcant contributions: Gaia Enceladus, Nyx, and the
Halo. We ﬁnd that Enceladus is highly radial and comprises
the vast majority of accreted stars in this region of the sky.
These results are consistent with previous studies of Enceladus,
which characterized its properties farther from the disk plane
(Belokurov et al. 2018; Deason et al. 2018; Helmi et al. 2018;
Lancaster et al. 2019; Necib et al. 2019a). Nyx is a new stream
identiﬁed by this analysis. It is prograde and comprises nearly
9% of the high-purity sample, making it one of the most
signiﬁcant streams to be discovered to date near the Sun.
Properties and a discussion of the potential origin of Nyx as a
merging dwarf galaxy are explored in greater detail in Necib
et al. (2020). The “Halo” is essentially the remaining group of
accreted stars that cannot be further subdivided by the mixture
analysis.
We also repeated the analysis on all accreted stars with
network scores S > 0.85. This canonical sample is considerably larger in size than the high-purity one, but likely has more
contamination from disk stars. We again recover Enceladus and
Nyx in this sample. Additionally, we ﬁnd evidence for another
prograde stream, Nyx-2, with roughly the same rotational speed
as Nyx and equal—but opposite—radial velocity. Nyx-2
comprises ~22% of the canonical sample, comparable to the
Nyx fraction in this sample. Similarities in the kinematics and
metallicities between Nyx and Nyx-2 suggest that they may be
related to the same progenitor.
We also attempt to reconstruct non-Gaussian velocity
structures using the DBSCAN algorithm. We locate four
additional streams using this method, one of which coincides
with the well-studied Helmi stream (Helmi et al. 1999). The
Helmi stream is by far the most robust of the four, consisting of
∼20 stars and identiﬁed over all repeated iterations that account
for uncertainties in the stellar velocity measurements. The other
three candidate streams consist of fewer stars and are recovered
~70% of the time over repeated iterations of DBSCAN. These
streams are all retrograde and may be associated with
overdensities identiﬁed in Koppelman et al. (2018).
The analysis presented here demonstrates the power derived
from combining advancements in data quality, numerical
simulations, and data analysis techniques. The fact that the
catalog reproduces known structures such as Gaia Enceladus
and the Helmi stream validates the utility of this approach.
However, the science case extends much further than simple
validation. Indeed, the new catalog greatly improves our
understanding of the stellar distribution in the ROI studied.
In particular, it clearly demonstrates that Enceladus extends
down into the Galactic plane. It also unearths evidence for a

Figure 8. Scatter plot of the maximum vertical distance versus eccentricity for
Nyx, Halo, and Gaia Enceladus stars in the high-purity sample. We only show
a random selection of 100 stars for each component. Nyx stars are typically
concentrated in the disk plane. However, their eccentricities are larger than
expected for thick-disk stars (Li & Zhao 2017).

pass these cuts for the high-purity sample; see Table 2.
Interestingly, when running the same algorithm on the
canonical sample, the same three groups pass these
requirements.
The stream that is the most robust—in that it is found by all
100 realizations—is an overdensity at (vR, vf, vz ) = (21, 141,
-286) km s−1, shown in the realization of Figure 9 as the stars
in yellow (labeled as Group I). This overdensity can be
matched to the Helmi stream (Helmi et al. 1999),16 which has
been reported in GaiaDR2 by several studies, including Gaia
Collaboration et al. (2018b; Koppelman et al. 2018). We
identify ∼20 stars as belonging to this overdensity, all with
vz < 0 km s-1. We test the IDs of the core Helmi stream stars
provided in Koppelman et al. (2019) against our framework to
ﬁnd their associated network scores. Of the 40 IDs given, 37
pass our parallax error cut. Of these, 10 have S < 0.5 and 27
have high scores of S > 0.5, with 22 having scores S > 0.9,
meaning that the neural network is conﬁdent they are accreted.
We do not reconstruct the second (smaller) known cluster of
the Helmi stream at vz > 0 km s-1.
The other three robust streams are located at (vR, vf, vz ) =
(-154, -377, -63) km s-1, (vR, vf, vz ) = ( -195, -237, 164)
km s-1, and (212, -229, 161) km s-1 with small dispersions,17
as listed in Table 2. These structures fall near several velocity
clusters identiﬁed in Koppelman et al. (2018) and may be
related.
5. Conclusions
Stars in the Milky Way galaxy can be divided into two
components: those that were born within the Galaxy and those
that were accreted. The phase-space distribution of accreted
stars provides a crucial handle for understanding how the
Galaxy evolved by revealing the imprints of satellite mergers.
16

It also overlaps the S2 stream in Myeong et al. (2018a), which is believed to
be related to the Helmi stream.
For Groups II and III, we only provide the maximum dispersions. In some
cases, the group has only two stars, making it difﬁcult to deﬁne a meaningful
velocity dispersion.

17
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Figure 9. Results of running the DBSCAN clustering algorithm on the high-purity (S > 0.95) accreted stars in the catalog for a single realization. The clusters are
shown in Galactocentric cylindrical coordinates (vR, vf, vz). The colored stars indicate groups of stars that are associated kinematically; the gray dots are outliers
identiﬁed by the method. The large pale orange cluster of points corresponds to the Enceladus and Nyx structures, which DBSCAN associates together. We repeat this
procedure 100 times, sampling over the errors in stellar position and velocity. Groups I–IV are the most robust as they are identiﬁed in over 70 of the 100 iterations.
The green star without an associated number is an example of a cluster that is not present through more than 70 iterations.

Table 2
Centers of the Velocity Clusters Identiﬁed by DBSCAN after 100 Iterations Scanning over Position and Velocity Errors of the Stars
ID

vR(km s−1)

vf(km s−1)

vz(km s−1)

sR (km s−1)

sf (km s−1)

sz (km s−1)

Nstars

Frequency

I
II
III
IV

21
−154
−195
212

141
−377
−237
−229

−286
−63
164
161

40–77
63
41
9–35

8–26
34
24
7–25

8–24
18
24
1–37

10–20
3–19
3–17
7–17

100%
95%
78%
74%

Note. For each cluster, we provide the following: ID number, mean velocities in Galactocentric cylindrical coordinates, range of dispersions of stars that belong in the
group through error resampling, number of stars, and its frequency across 100 reruns. We only list groups that have occurred more then 70% of the time. The velocities
of GroupI overlap with those of the Helmi stream (Helmi et al. 1999), while Groups II, III, and IV may be related to streams identiﬁed in Koppelman et al. (2018).
The same groups appear when analyzing either the high-purity or the canonical sample.

signiﬁcant new stellar stream (Nyx), a potentially related
counterpart (Nyx-2), and three other smaller candidate streams.
We have improved over previous approaches as a result of
two main factors. The ﬁrst is due to the statistical beneﬁt of an
increased overall size of the accreted stellar sample. Additionally, having used a deep network that is only trained on phase
space allows us to derive a high-purity sample of accreted stars
without imposing strong cuts on circular velocity or metallicity,
as is typically done. This reduces the intrinsic bias that results
from such cuts. We note that this paper has only scratched the
surface, and in particular it will be very interesting to
investigate what structures can be identiﬁed in the rest of our
Gaia DR2 catalog that does not include line-of-sight velocities.
Understanding the mergers that contributed stellar debris in
our neighborhood of the Milky Way has the potential to
provide an empirical determination of the local dark matter
distribution, which is also built up from mergers (HerzogArbeitman et al. 2018; Necib et al. 2019b), and as such, is
expected to include remnant structures. The recent discovery of
Enceladus, for example, motivates extending the Standard Halo
Model of dark matter to (at least) a two-component model that
includes both an isotropic halo and debris ﬂow (Necib et al.
2019a). By clearly demonstrating that Enceladus extends into
the disk plane, the results of this work conﬁrm that dark matter
debris from this merger likely contributes in the solar

neighborhood. The discovery of Nyx near the solar position
may suggest the presence of a corresponding dark matter
stream or disk. Coupling this catalog with cosmological
simulations will be essential in reﬁning our understanding of
the local dark matter phase-space distribution, and its
implications for direct detection experiments.
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Scikit-Learn (Pedregosa et al. 2011). The neural network
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Appendix
In this Appendix, we show two-dimensional histograms of
stars in vy– vx2 + vz2 space with S < 0.05 and S Î [0.3, 0.5] in
Figure A1. We ﬁnd that the scores roughly track the different
components of the sample, with S < 0.05 largely identifying
the thin disk, and S Î [0.3, 0.5] largely identifying the thick
disk. Thick-disk stars are harder to discern from the thin disk
and the (largely accreted) halo and thus receive midrange
scores. Remember that the neutral network is only identifying
in situ and accreted stars—the fact that the network scores
roughly correlate with physical components of the Galaxy is an
added bonus. In Figures A2 and A3, we provide the corner
plots of the fractions of each component in the Gaussian
mixture model analysis for the high-purity and canonical
samples, respectively. In Figures A4 and A5, we show the bestﬁt parameters of Nyx in the high-purity (canonical) sample.
The best-ﬁt parameters of Nyx-2 in the canonical sample are
shown in Figure A6. Similar treatment of Enceladus is shown
in Figures A7 and A8 for the high-purity and canonical
samples, respectively. The residual of the Gaussian mixture
analysis of the high-purity sample is shown in Figure A9. In
Figure A10, we provide the spatial distribution of Enceladus
stars and focus particularly on how they extend down to the
Galactic midplane. In Figures A11–A15, we provide the orbital
properties of Nyx, Enceladus, and Halo for the high-purity
sample, as well as stars with scores S < 0.05 and S Î [0.3, 0.5]
for reference.

Note Added
As this work was being completed, the paper by Borsato
et al. (2020) became available. Using DBSCAN applied to the
integrals of motion, Borsato et al. (2020) found the groups of
stars we also identify in Table 2, along with four more that do
not pass our selection criteria.
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Figure A1. Toomre plots for stars with scores S < 0.05 (left) and S Î [0.3, 0.5] (right) along with the 3σ velocity contours for the thin disk (D), thick disk (TD), and
stellar halo (Halo), following Bensby et al. (2003).

Figure A2. Corner plot of the emcee run for the fractions of the different components in the high-purity sample.
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Figure A3. Corner plot of the emcee run for the fractions of the different components in the canonical sample.
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Figure A4. Corner plot of the emcee run for Nyx in the high-purity sample.
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Figure A5. Corner plot of the emcee run for Nyx in the canonical sample.
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Figure A6. Corner plot of the emcee run for Nyx-2 in the canonical sample.
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Figure A7. Corner plot of the emcee run for Enceladus in the high-purity sample.
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Figure A8. Corner plot of the emcee run for Enceladus in the canonical sample.
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Figure A9. Residuals for the high-purity sample. The top-left panel shows the data in the vr - vf plane. The bottom left panel shows the model prediction. The right
panels show the residuals (Data‐Model ); these are normalized to the data count in the top panel.

Figure A10. Spatial distribution of the velocity vectors for the stars associated with Gaia Enceladus in the high-purity sample. The Sun is located at
(x, y, z ) = (-8, 0, 0) kpc , and the black arrow indicates its velocity. The sample of Enceladus stars has been subsampled by a factor of 5 for ease of viewing.
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Figure A11. Orbital properties of stars associated with Nyx, calculated as described in the main text. We show distributions for the eccentricities (top left), pericenters
(top right), apocenters (bottom left), and zmax (bottom right). The orbits were evolved back 1 Gyr over 1000 steps using gala (Price-Whelan 2017), assuming the
default Milky Way potential in Bovy (2015).
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Figure A12. Same as Figure A11, except for the halo stars.
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Figure A13. Same as Figure A11, except for the Enceladus stars.
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Figure A14. Same as Figure A11, except for stars with network scores S < 0.05.
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Figure A15. Same as Figure A11, except for stars with network scores S Î [0.3, 0.5].
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