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ABSTRACT
RR Lyrae variable stars have long been reliable standard candles used to discern structure in the Local Group. With
this in mind, we present a routine to identify groupings containing a statistically significant number of RR Lyrae
variables in the Milky Way environment. RR Lyrae variable groupings, or substructures, with potential Galactic
archaeology applications are found using a forest of agglomerative, hierarchical clustering trees, whose leaves are
Milky Way RR Lyrae variables. Each grouping is validated by ensuring that the internal RR Lyrae variable proper
motions are sufficiently correlated. Photometric information was collected from the Gaia second data release and
proper motions from the (early) third data release. After applying this routine to the catalogue of 91234 variables,
we are able to report sixteen unique RR Lyrae substructures with physical sizes of less than 1 kpc. Five of these
substructures are in close proximity to Milky Way globular clusters with previously known tidal tails and/or a
potential connection to Galactic merger events. One candidate substructure is in the neighbourhood of the Large
Magellanic Cloud but is more distant (and older) than known satellites of the dwarf galaxy. Our study ends with a
discussion of ways in which future surveys could be applied to the discovery of Milky Way stellar streams.

Key words: Stars: Variables: RR Lyrae – Galaxy: Halo, Stellar Content, Structure – Astronomical Databases:
Surveys

1 INTRODUCTION

The Milky Way’s stellar population is laced with substruc-
tures from which dwarf galaxy merger events and star forma-
tion histories can be inferred across cosmic time. The hierar-
chical galaxy formation picture suggests that galaxies like our
own grow with time as orbiting dwarves are accreted (e.g.,
Press & Schechter 1974; Bullock & Johnston 2005). Tidal
shocking and subsequent stripping occurs during these merg-
ers (see Binney & Tremaine 2008, for a review); however, dis-
rupted clusters have been successfully identified using stellar
configurations in the Milky Way’s phase space (e.g., Portegies
Zwart 2009; Malhan et al. 2019).
Many Galactic archaeological artifacts can be analyzed us-

ing RR Lyrae variable stars, a standard candle popular in
Local Group studies (see Preston 1964, for a review). Glob-
ular Clusters (GCs), structures of Population II stars that
formed very early in a galaxy’s lifetime (Searle & Zinn 1978),
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are especially critical. The age and metallicity distributions of
GCs, for example, can be used to trace the star formation of
their host galaxy (Kissler-Patig 1999). Globular clusters can
also be helpful in determining the Milky Way’s merger his-
tory (e.g. Kruijssen et al. 2020; Bonaca et al. 2021). RR Lyrae
variables are most frequently associated with GCs (e.g., Zinn
1985; Clement et al. 2001), but their utility has been demon-
strated in a variety of Milky Way satellite studies as well.
The so-called Pisces Overdensity, a metal-poor satellite re-
lated to the infall of the Large Magellanic Cloud, has been
successfully analyzed using an RR Lyrae variable catalogue
(e.g., Watkins et al. 2009; Belokurov et al. 2019).

RR Lyrae variables have also been found in stellar streams
(e.g., Duffau et al. 2006; Vivas et al. 2016), showing that
this variable star class populates Galactic substructure in the
form of tidal debris. This property is useful even after the
progenitor object has undergone serious tidal distortion. The
kinematic space morphology of debris from infalling dwarves
can, in turn, be used to make inferences about the Galactic
merger history. There are three general tidal debris morphol-
ogy classes, with early merger events manifesting primarily as
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“cloudy" and “great circle" debris (Johnston et al. 2008), the
former comprised mostly of stars on highly eccentric orbits.
A recent study of RR Lyrae variables classified using Gaia
DR2 (Iorio & Belokurov 2019) does not use this classification
system, but confirms that RR Lyrae variables in the inner
Galactic halo can be classified as “cloudy" debris that were
primarily sourced by a single ancient merger event.
Thus, we are motivated to find substructures in the Milky

Way environment comprised of RR Lyrae variable stars, and
there is a suite of clustering methodologies to be considered.
The easiest set of objects to cluster would have obvious cat-
egorical features; if twenty people were distributed between
New York, Tokyo, and Buenos Aires, for example, then there
would be three clusters found within a data structure tab-
ulating personal separation distances, and we would prob-
ably not need to write a computer program to determine
the clusters. The distribution of Milky Way RR Lyrae vari-
ables, however, is remarkably more complex, so we must rely
upon an automated clustering algorithm to glean RR Lyrae
substructures. One of our primary goals is to determine an
optimal clustering method such that rich structure can be
found without overfitting to the data. One potential method
is a Gaussian Mixture Model that incorporates an overfitting
penalty (such as the AIC, see Akaike 1998), but this would
be built upon the assumption that the variable stars are or-
ganized into subpopulations that are independently normally
distributed. Choosing a number of clusters or nearest neigh-
bours a priori and then iteratively optimizing a cost function
is another option, but this would provide no information as
to what extent neighbouring clusters are related.
An agglomerative, hierarchical clustering algorithm, when

applied to a catalogue of RR Lyrae variables, mitigates both
of these concerns. Agglomerative, hierarchical clustering is
the process by which n clusters each containing one object
(in our case, an RR Lyrae variable “leaf") accumulate in a
branch-like fashion into a single “root" cluster populated by
n objects (Gower & Ross 1969; Gordon 1987; Everitt et al.
2011). Hierarchical clustering has been applied in other as-
tronomical contexts, including galaxy distributions (Peebles
1974) and analyses of the SDSS “Great Wall” (Ivezić et al.
2014). Analyses of hierarchical structures of this kind are
demonstrably a powerful method of interpreting a variety of
complex networks (Clauset et al. 2008). It is worth noting,
however, that using the term “clusters" here is an unfortunate
coincidence, as we do not want to unintentionally conflate our
findings with open and globular clusters. Confirming a single
merger via analyses of the tree’s root (i.e., RR Lyrae distri-
bution on the largest scales) is also beyond the scope of this
study, as we will discuss in §2. It is encouraging, nonethe-
less, that hierarchical clustering trees might help connect the
Milky Way’s RR Lyrae population to Galactic merger events
in a variety of ways.
This study’s contributions to the Galactic archaeology lit-

erature is two-fold: we present a new way of identifying sub-
structures in the Milky Way using RR Lyrae hierarchical clus-
tering trees (described in §2.3) whose coverage includes the
entire sky plane, as well as substructure candidates suitable
for future studies, including a previously unknown mid-halo
substructure and potential Large Magellanic Cloud (LMC)
satellite. The standardization of photometric and proper mo-
tion information, as well as our clustering algorithm, is de-
scribed and tested in §2. Each RR Lyrae variable is placed

in a five-dimensional phase space (distance modulus + 2D
sky plane coordinates + 2D sky plane proper motions) used
for clustering and validation. We explore a small portion of
the stellar stream parameter space to test our algorithm’s
effectiveness, and confirm its utility by identifying a known
stream of RR Lyrae variables. Our method of identifying RR
Lyrae variable substructures and the subsequent results are
presented in §3. A discussion in §4 focuses on the relationship
between forest groupings and the Milky Way globular clus-
ter population, as well as potential future studies in which
kinematic and spectroscopic information could be leveraged
to identify Galactic stellar streams.

2 METHODS

2.1 RR Lyrae Variables as standard candles

A well-worn rung on the cosmic distance ladder, as mentioned
in §1, is the RR Lyrae variable star. The variability of the RR
Lyrae is due to changes in the stellar opacity, which causes a
periodic ebb and flow of the star’s luminosity (Maeder 2009).
The period of the RR Lyrae variable directly relates to its
absolute magnitude, allowing astronomers to calculate abso-
lute distances to stars of this type. Once the absolute magni-
tude has been computed from the variable’s pulsation period,
the luminosity can be inferred using the solar luminosity and
bolometric flux:

L? = L� 100.4
[
Mbol,�−(MV+BC)

]
, (1)

where BC is the bolometric correction applied to the ab-
solute magnitude of the RR Lyrae variable in the Johnson
V band; see Sandage & Cacciari (1990) for a table of RR
Lyrae bolometric corrections. The luminosity distance can
then be computed with an observed (mean) brightness b?.
However, absolute magnitudes can only be inferred from the
period in infrared bands (Catelan et al. 2004); consequently,
we must rely upon other information to determine a par-
ticular variable’s absolute magnitude when considering vis-
ible wavelength data. Chaboyer (1999) provides a relation
between the absolute magnitude of RRab variables and the
metallicity ([Fe/H]):

MV = (0.23± 0.04) [Fe/H] + (0.93± 0.12). (2)

RR Lyrae variables belong to one of three classes based
on the shape of their light curve (Smith 1995); RRab vari-
ables are the most common, and we restrict our catalogue of
RR Lyrae variables to those of type RRab. The terms RR
and RRab Lyrae variable stars will be used interchangeably
throughout this paper.
The distance modulus µRRL ≡ mV −MV −AV, wheremV,

MV are the apparent and absolute magnitudes in the Johnson
V band, and AV is the associated extinction, i.e. reddening
due to dust and other intermediate material, provides a well-
established logarithmic scale for stellar distances:

µRRL = 10 + 5
(

log10

dRRL

[1 kpc]

)
. (3)

The normalized RR Lyrae distance modulus uncertainty
can be determined using error propagation:

MNRAS 000, 1–14 (2022)
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δµRRL =
√
δm2

V + δM2
V +A2

V, (4)

εµRRL ≡
1

µRRL
δµRRL, (5)

where the uncertainty of a measured value x is denoted δx.
Equation (4) establishes the relationship between the mea-
sured distance modulus uncertainty and absolute magnitude
uncertainty. We proceed with using the distance modulus as
a proxy for physical distance, as the associated uncertainty
is typically an order-of-magnitude smaller. In order to ensure
that we avoid identifying specious structures at large distance
moduli, we set an upper limit on substructure size in physical
space and then translate to an appropriate distance moduli
spread ∆µRRL.

2.2 RRab variable data from the Gaia mission

RR Lyrae variable stars have been identified using the Gaia
mission’s Specific Object Study (SOS) pipeline (Clementini
et al. 2019). The SOS pipeline ingested DR2 time-series pho-
tometry from the second data release (DR2) in the Gaia
multi-bands (G, GBP , and GRP ). Processing was predicated
upon the period-amplitude and period-luminosity relations
found within each variable star’s G-band light curve, as well
as colour-magnitude relations reported in DR2. Each variable
star’s best classification was then reported as part of DR2;
for this study, we retained variables of type RRab for further
analysis.
The translation between the Johnson V-band and Gaia

multi-bands can be approximated in the following way:

mV = G−
2∑

n=0

an(GBP −GRP )n, (6)

δmV =
√
δG2 + (a1 + 2a2(GBP −GRP ))2(δG2

BP + δG2
RP ),

(7)

where {an} are polynomial coefficients fit to Gaia DR2 data1.
In cases where the (GBP −GRP ) colours or blue/red-band
uncertainties were unavailable in the Gaia DR2 catalogue,
we used, if available in the Gaia EDR3 catalogue, error prop-
agation from the mean fluxes in each band with their as-
sociated uncertainties to compute GBP −GRP , δGBP , and
δGRP . The reported (or inferred) Gaia magnitudes, and their
uncertainties, could be used to compute (mV, δmV). If there
was insufficient data available to make such inferences, the
RRab variable datum was discarded.
The absolute magnitude and its associated uncertainty can

be determined using Equation (2):

δMV = 0.23 (δ[Fe/H]) + 0.04
∣∣[Fe/H]

∣∣+ 0.12, (8)

where δ[Fe/H] is the reported metallicity uncertainty. RRab
variables without a known metallicity were assigned the me-
dian value of the well-defined RRab variable sample, with

1 https://gea.esac.esa.int/archive/documentation/GDR2/
Data_processing/chap_cu5pho/sec_cu5pho_calibr/ssec_
cu5pho_PhotTransf.html

an associated uncertainty equal to half the total metallicity
domain, δ[Fe/H] = 1

2
[max([Fe/H])−min([Fe/H])].

The extinction due to intermediate dust was computed us-
ing a publicly available data cube containing a 3D map of
Milky Way dust; see Green (2018); Green et al. (2019) for
more details, as well as Schlafly & Finkbeiner (2011) to see
how reddening translates to extinction. This mapping pro-
vides an extinction vector along each sightline given as input,
where each vector element symbolizes the extinction value
AV(µ) at that particular distance modulus along the sight-
line. Each (AV, δAV) pair was computed using the following
scheme for each RR Lyrae variable star; if the distance modu-
lus was within the range of support, the median and standard
deviation of the five nearest vector elements were collected.
In the event the unreddened distance modulus of the star
was beyond the reported range of support of a well-defined
extinction vector, the extinction value took on the maximum
(far-field) vector value and the uncertainty was left equal to
zero. This choice was motivated by Figures 1-5 in (Green et al.
2019), where it is shown that the total extinction integrated
to infinity is of the same order as the integrated extinction in
the domain of the extinction vector µ ∈ (0, µmax ∼ 15], i.e.

∫ ∞
0

dAV

dµ
dµ '

∫ µmax

0

dAV

dµ
dµ. (9)

RR Lyrae variable stars whose corresponding extinction
vector contained NaN values were assigned the following or-
dered pair values: (ÃV,

1
2
[max(AV)−min(AV)]), where x̃

represents the median of a collection of x values.
In order to render out false positive stellar stream identi-

fications from the hierarchical clustering trees we construct
later on (see §2.3), we turn to the Gaia EDR3 catalogue (Gaia
Collaboration et al. 2020; Lindegren et al. 2020) for RR Lyrae
variable star proper motions on the sky plane. The newest
data release from the Gaia mission contains full astrome-
try for ∼ 1.5 billion sources, including parallaxes and proper
motions. The Gaia cross-matching step is achieved using an
ADQL query2, in which matches are returned if the source
ID is in agreement between the DR2 and EDR3 catalogs.
There are few radial velocities available from the Gaia DR2
catalogue available for these stars, so we restrict ourselves
to only considering motion on the sky plane. We retained
91234 RRab variables from the Gaia DR2 variable catalogue
after the entire data collection and refinement routine, dis-
carding data with missing or ill-defined values critical to the
computation of the distance modulus. Figure 1 shows that
the majority of the RRab variables have an inferred distance
modulus uncertainty . 5% of the distance modulus itself,
thus providing support for the usage of RR Lyrae variables
in finding Milky Way substructures.

2.3 Particle-based, agglomerative, hierarchical
clustering

A hierarchical clustering algorithm needs an Rn×n matrix
to encode the separation distances between the n objects
that will populate the tree. Choosing the metric with which
to calculate the distances depends on the nature of the ob-
jects; the standard metric is Euclidean, although distances

2 https://gea.esac.esa.int/archive/
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Figure 1. The distance modulus uncertainty εµRRL and distance modulus µRRL of each RRab variable, where each data point is colour-
coded by its reported or estimated metallicity. Dashed lines show the galactocentric distance (8 kpc) translated into distance modulus
units, as well as the distance modulus uncertainty threshold consistent with 5% of the computed distance modulus. A large number of
RR Lyrae variables in the data set have a reported Gaia G-band value G ' 19, which explains the collection of variables with a distance
modulus µRRL ' 19 that appears independent of the major log10 εµRRL trends.

in phase space and nonphysical spaces that incorporate stel-
lar attributes such as metallicity have been used to iden-
tify potential clusters in a variety of astronomical contexts
(e.g., Maciejewski et al. 2009; De Silva et al. 2015). Using the
catalogue data, we can construct three-dimensional vectors
x ≡ (x, y, z) to get the distance between two variable stars
with the Euclidean metric:

D(x,x′) =
√

(x− x′)2 + (y − y′)2 + (z − z′)2, (10)
x ≡ µRRL cosα cos δ, (11)
y ≡ µRRL sinα cos δ, (12)
z ≡ µRRL sin δ. (13)

where µRRL is the distance modulus. Each RR Lyrae vari-
able’s angular coordinates are expressed by its right ascen-
sion (φ = α) and declination (θ = δ). The distance between
RR Lyrae variables in this metric have units of magnitude,
which can be directly translated into a physical distance.
There are a number of choices in how to quantify the sep-

aration between two clusters, and for this analysis we have
focused on the average linkage. The average linkage distance
between clusters p and q is

L(p, q) =
1

npnq

np∑
i=1

nq∑
j=1

D(xp,i, xq,j), (14)

where D(xp,i, xq,j) is the distance (as defined in Equation
(10)) between the ith and jth variables in clusters p and q,
respectively. This linkage method is a compromise between
single linkage (minimum distance between points in compared
clusters, susceptible to imbalances and “chaining”) and com-
plete linkage (maximum distance between points in compared
clusters, tends to generate clusters that are roughly uniform
in size and shape).
The algorithm proceeds as follows: if we have n clusters

c1, . . . , cn, the n(n− 1)/2 unique linkage distances are com-
puted. Let us say that the minimum linkage distance is be-
tween clusters ci, cj . The sets of RR Lyrae variables de-
scribing these two clusters are then combined into a single
cluster cij , and at the next step there are n− 1 clusters:
c1, . . . , cij , . . . , cn−1. Once there is only a single cluster re-
maining, the algorithm terminates.
Agglomerative clustering does not provide a straightfor-

ward method for determining the optimal set of clusters, as
the initial and final number of clusters are fixed. Intermedi-
ate steps can be analyzed by “cutting” the tree constructed
from the condensed distance matrix at a specific height such
that all identified clusters have an average linkage distance
greater than or equal to that height. Langfelder et al. (2007)
provides a general method of tree-cutting that determines the
best choice of clusters. If we cut the tree at a large number
of heights and count the corresponding number of identified
clusters at each height, we can identify a particular config-

MNRAS 000, 1–14 (2022)
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RR Lyrae Variable Distribution (Galactic Coordinates, NRRL = 91234)

0 3.21405log10(NRRL + 1)

Figure 2. A HEALPix number density map (Npixels = 12288, see §3) of the RR Lyrae variables (type RRab) from the Gaia DR2
catalogue retained for this study. Notable regions with an overdensity of RR Lyrae variables include the Galactic center and Magellanic
Clouds. The projection is in Galactic coordinates (`, b), where the grid is in thirty degree intervals.

uration that is resistant to further clustering. For example,
if the minimum average linkage distance between n clusters
is h0 and the same minimum distance between m − 1 clus-
ters is h1, it stands to reason that the variables are neatly
classified into n clusters if |h1 − h0| � ∆h, where ∆h is a
tree-cutting height interval. Quantifying this height separa-
tion can be done by setting up an array of heights at which
the tree is cut (separated by ∆h), populating a corresponding
array with the number of branches (clusters) at each height,
and then computing the mode of that array to determine the
optimal number of clusters. However, this procedure would
then obscure interesting phenomena at the scales of globular
clusters and stellar streams.
With agglomerative clustering, there is a suitable alterna-

tive; we can determine scales at which there are compara-
tively many clusters populated by a statistically significant
number of RR Lyrae variables. Using the tree-cutting pro-
cess, we compute the mean and standard deviation of cluster
populations at each height. The heights at which the tree are
cut are evenly spaced in log space between hmin = 0.1 mag
and hmax = 10 mag; the motivation for this scheme is that
we are interested in a deeper analysis of the stellar halo’s
substructure than in structures at Galactic scales.
Figure 3 shows that at intermediate distance scales, the cri-

terion for being categorized as a significantly populated clus-
ter becomes more stringent. When the variables first begin to
agglomerate (min{L} ∼ 0.1 mag, where {L} is the set of link-
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Figure 3. The mean number of RR Lyrae variables per cluster
as a function of clustering scale, where the requisite hierarchical
clustering tree was constructed from the catalogue subsample dis-
played in Figure 4). Each cluster contains, on average,m RR Lyrae
variables with a standard deviation s at each of the listed clustering
scales. Clusters whose variable population exceeded m+ 3s were
regarded as statistically significant.

age distances), there may be two or three variable stars that
are considerably close; the mean number of variables per clus-
ter is very close to 1 and the standard deviation is small in this
regime, so this would be regarded as a cluster of interest. Such

MNRAS 000, 1–14 (2022)
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clusters should be approached with skepticism, given that the
computed distance uncertainties are larger than these sep-
aration distances. On the largest scales (min{L} & 10), the
standard deviation is considerably higher than the mean, so a
cluster with a variable population ≈ NRRL,total would be the
only significant cluster. If there are only two or three clusters
remaining, however, then this would yield a high significant-
to-insignificant-cluster ratio.
We collected all of the statistically significant clusters (i.e.,

N? ≥ m+ 3s, wherem is the mean number of RR Lyrae vari-
ables per cluster and s is the associated standard deviation)
at clustering scales (Ncuts = 80 evenly separated in log space
between hmin and hmax defined above) where the ratio of sta-
tistically significant to total clusters was maximized. Figure
4 shows the results of clustering stars within a subregion of
the sky plane, where stars belonging to statistically signifi-
cant groupings are colour-coded by a grouping ID at a small
clustering scale; we should expect to find groupings of RR
Lyrae variables consistent with stellar streams at a variety
of clustering scales, and the logarithmic spacing of our cuts
ensures sampling of the trees’ variety of branch sizes with a
preference towards clustering scales where min{L} . 2 mag.
Collecting every cluster identified across all significant clus-
tering scales would admit redundant groupings; from these
redundancies, one was retained from each for further analy-
sis while potential redundancies are listed in the Appendix
(§B).
The relevance of the identified groupings can be tested us-

ing Gaia EDR3 proper motions. Stellar streams moving on
non-chaotic orbits through the Galactic tidal field will have
well-correlated configurations in velocity space. This instructs
our usage of velocity information in the form of sky plane
proper motions. To start, we determine each grouping’s me-
dian proper motion direction v̂, written as a two-dimensional
vector on the sky plane:

v̂ ≡ 〈µ̃∗α, µ̃δ〉√
µ̃∗2α + µ̃2

δ

, (15)

where µ∗α ≡ µα cos δ. These proper motion components are
not to be confused with the distance modulus µRRL. We can
determine the alignment of the ith star of the grouping by
taking the dot product between its proper motion and the
grouping’s median proper motion:

cos θi = v̂ · v̂i =
(µ̃∗α µ

∗
α,i + µ̃δ µδ,i)√(

µ̃∗2α + µ̃2
δ

) (
µ∗

2

α,i + µ2
δ,i

) . (16)

The set

Xθ ≡ {cos θ1, . . . , cos θN}, (17)

which is a measure of how well each of the N stellar proper
motions within the grouping are aligned with the median
proper motion, will thus contain values ranging from -1 (an-
tiparallel) to 1 (parallel). If the median of this set is below
X̃θ,min = 0.98, the grouping is discarded.
The proper motion validation layer is dependent on the

following assumptions: the median proper motion vector is
appropriate for comparison with all grouping members, and

that the data within a grouping is only mildly heteroscedas-
tic, i.e., that the statistical deviations from the median proper
motion do not vary from one part of the grouping to the next.
The first assumption breaks down for groupings distributed
across large regions of the sky plane, and the second assump-
tion breaks down for systems that have been disturbed by ex-
ternal objects like the Galactic Bar. The Pal 5 stellar stream
has both of these qualities (Pearson et al. 2017), which ex-
plains why our routine can only identify the stream’s core
(see §2.4).
We only retain groupings with parameters similar to Sesar

et al. (2013): 15 ≤ NRRL ≤ 40 and Rgrouping ≤ Rmax = 1 kpc;
see Appendix A for motivation of the chosen X̃θ,min, Rmax

values. The grouping size R translates to a (positive) dis-
tance modulus spread ∆µ that is dependent on how far away
the grouping is from the observer (i.e., distance modulus µ,
Equation (3)):

R

[1 kpc]
= 10(µ+∆µ/2)/5−2 − 10(µ−∆µ/2)/5−2, (18)

∆µ(µ,R = Rmax) = 10 log10

(
1

2

[
102−µ/5 +

√
102(2−µ/5) + 4

])
.

(19)

We collect all potentially relevant groupings, regardless of
size, but then discard potentially spurious groupings whose
radius in distance modulus units indicates a physical size
greater than R = Rmax.
Once the RR Lyrae streams candidates were properly iden-

tified, we applied an ellipsoid fitting algorithm (Bazhin 2019)
such that the principal axis vectors {ek} of the best-fit el-
lipsoid are provided. Given our interest in globular clus-
ters and stellar streams, we applied the following scheme
to the set of principal axis lengths {ek}: if the eccentric-
ity e ≡

√
1−min({ek})/max({ek}) was ≤ 0.2, the grouping

was classified as a globular cluster-like grouping (see Harris
& Racine (1979); Staneva et al. (1996) for justification), and
if e ≥ 0.7 it was identified as a stellar stream-like group-
ing (Martin & Jin 2010). Groupings with eccentricities in the
intermediate range could in principle be admitted, but clas-
sified with the designation “other”; in all cases, the grouping
radius is defined as Rgrouping ≡ max{ek}.
Most of the identified groupings are classified as stellar

streams within this paradigm. If there are outliers (which are
permissible but unlikely with average linkage) or the number
of grouped RR Lyraes is small, this eccentricity calculation
would be susceptible to unacceptably high variations if new
RR Lyraes were included. In such cases, this eccentricity com-
putation should be thought of as a first-order estimate. It is
beyond the scope of this study, but in instances where the
internal structure of a grouping is important, ellipsoid fitting
is ill-advised. A minimum spanning tree (Kruskal 1956), for
example, could be used to further analyze the integrity of the
grouping instead.

2.4 Finding Palomar 5 with Gaia RR Lyrae variables

A collection of RR Lyraes from the Gaia DR2 and Pan-
STARRS1 (Sesar et al. 2017) catalogues were recently used
to analyze the kinematic properties of the Palomar 5 stellar
stream (Price-Whelan et al. 2019), a system whose proper-
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Figure 4. Hierarchical clustering at a scale (min{L} ' 0.24 mag) that contains many RR Lyrae variables belonging to statistically
significant groupings with correlated proper motions (X̃θ ≥ 0.98, see Equation (17)). Variables colour-coded by their identified grouping
are indicated by bigger markers to distinguish from field variables at this scale, and (normalized) arrows indicate Gaia proper motion
directions. The hierarchical clustering tree used to generate this figure contains all RR Lyrae variables in the displayed RA/DEC window,
where subsequent figures use HEALPix subregions. The displayed region includes both the Galactic bulge (mostly blue and red groupings)
and the Sagittarius Dwarf Spheroidal Galaxy (mostly green groupings), both of which contain many RR Lyrae variables and are, as a
result, suitable for this illustration. Some of the groupings shown could be omitted from later figures, e.g. if their collective distance
modulus spread indicates a separation distance in physical space of greater than Rmax = 1 kpc.

ties make it suitable for analyses of the Galactic potential
(e.g., Bovy et al. 2016; Starkman et al. 2020). The publicly
available dataset included the 3300 RR Lyrae variables found
in the appropriate section of the sky plane, but in our pre-
processing we only retained the 2348 variables of type RRab.
A set of stellar stream model parameters were inferred with
Markov chain Monte Carlo posterior sampling, and each of
the catalogue variables were given a posterior membership
probability.

Figure 5 shows the one grouping identified in the refined
Gaia catalogue via hierarchical clustering, and it is consis-
tent with the Palomar 5 globular cluster. This grouping con-
tained fifteen RRab variables, eight of which were within the
globular cluster’s reported Jacobi radius. We used the re-
ported physical distances (in kiloparsecs) to infer each vari-
able’s distance modulus via Equation (3). While the grouping
has an eccentricity egrouping ' 0.9, which qualifies as a stellar
stream in our paradigm, this is attributable to the external
variables included in the grouping and the general nature of
average linkage. The grouping has a median distance modu-
lus of µgrouping ' 16.6 mag, which is roughly consistent with

Palomar 5. Thirteen of the fifteen variables identified by our
algorithm were awarded an MCMC membership probability
of P & 0.5; this, along with the absence of false positives,
provides a reliable cross-check of our cluster identification
routine against a known substructure.

3 RESULTS

In order to find archaeologically relevant substructures from
the Gaia data via hierarchical clustering, we must make an in-
formed decision of how to allocate the variables appropriately
(e.g., consider employing random subsampling (Khoperskov
et al. 2020) or breaking up the catalogue into smaller trees.)
If there is a substructure of N? RR Lyrae variables found in a
catalogue of size Ncatalogue (assuming the described grouping
cultivation routine is guaranteed to find it), then the prob-
ability that it is found within a randomly selected subset of
size Nsubset is

MNRAS 000, 1–14 (2022)



8 B. T. Cook et al.

226 228 230 232 234
RA (degrees)

4

2

0

2

4
DE

C 
(de

gre
es)

Field RRLs
Pal 5 cluster (Price-Whelan et al., 2019)

Figure 5. An RR Lyrae grouping identified by the clustering al-
gorithm described in §2.3 that is consistent with the Palomar 5
globular cluster. In comparing with a map of nearby RR Lyrae
variables colour-coded by membership probability (Price-Whelan
et al. 2019, Figure 3), we see that the inset RR Lyrae variables are
within Pal 5’s Jacobi radius (see Appendix A for a definition).

P (N?) '
Nsubset!

Ncatalogue!

(Ncatalogue −N?)!
(Nsubset −N?)!

. (20)

The detection probability P (N?) decreases dramatically
as Nsubset decreases, which is a quantitative motivation for
choosing as large a catalogue of RR Lyrae variables as possi-
ble. However, the tree cutting process is not guaranteed to be
well-suited for an all sky plane catalogue; indeed, the results
shown in Figures 4 and 5 were determined using hierarchi-
cal clustering trees comprised of RR Lyrae variables from a
comparatively small patch of the sky plane.
These conflicting attributes of hierarchical clustering trees

motivate the following choice: we created forty-eight hierar-
chical clustering trees covering distinct HEALPix3 subregions
of equal sizes (Asubregion ' 859 deg2) on the sky plane, fol-
lowing the RING ordering convention. The union of each
tree’s subpopulations is the entire catalogue of 91234 vari-
ables shown in Figure 2. We iterate through each of the forty-
eight trees, collecting substructures with the desired proper
motion and physical size attributes into a database.
The resulting database contained thirty-two candidate sub-

structures, broken up into Tables 1 and B1, with a preference
towards deeper analyses of the first group of substructures
(shown in Figure 6). The separation of substructure candi-
dates took the following attributes into consideration: num-
ber of RR Lyrae variables, physical size, eccentricity, and
proximity to the nearest globular cluster. If a substructure
candidate had a larger physical size, it likely means that the
constituent RR Lyrae variables are less likely to be associ-
ated with any parent globular cluster system. Substructures
with IDs 2-4, for example, are RR Lyrae variable sets with,
presumably, large intersections. Our stated preference for an-

3 https://healpix.jpl.nasa.gov/

alyzing the substructures in Table 1 is, admittedly, a subjec-
tive one.
Upon inspection, there are three substructure classes in

Table 1: substructures within a kiloparsec of a Milky Way
globular cluster (IDs 3, 13, 15, 17, 22), substructures whose
connections to any particular globular cluster warrants fur-
ther investigation (0, 9, 15, 16, 19, 24, 25, 27, 29, 30), and
substructures that may be independent of the Milky Way
globular cluster population (28, 31). Globular clusters with a
first class substructure less than 1 kiloparsec away are high-
lighted in Table 2. Substructures 3 and 17 are likely related
to the Fimbulthul (Ibata et al. 2019a) and Fjörm (Ibata et al.
2019b) streams, while substructures 13, 15, and 22 are in the
vicinity of known globular cluster tidal tails (e.g., Piatti &
Carballo-Bello 2020; Ibata et al. 2021).
The second class of substructures have less straightfor-

ward connections to neighboring globular clusters, and this
is, in part, due to increasingly unforgiving distance mod-
ulus spreads. Substructures 0, 9, 15, 16, 25, and 27 are
likely part of their listed nearest globular cluster systems,
but the more distant substructure members causing high
substructure eccentricities (or distance modulus uncertain-
ties) likely caused an identified substructure center separa-
tion dsubstruct→GC & ∆µ(µ̃, R = 1 kpc).
Substructures 19 and 24 (µ̃19 = 15.13, µ̃24 = 15.62) are

closest to NGC 6266 (µ ' 14.2) and NGC 6316 (µ ' 15.09),
respectively, despite appearing to be virtually identical in
Figure 6. The high number density of RR Lyrae variables in
this region, as well as the number of nearby Milky Way glob-
ular clusters, makes the attribution of these substructures to
any particular globular custer of stellar stream beyond the
scope of this study. Substructures 29/30 are nearly redun-
dant and consistent with the IC 4499 globular cluster, a GC
with a robust RR Lyrae population of type ab (Ferraro et al.
1995) and large tidal radius (Walker et al. 2011). While the
sky plane configuration of substructures 29/30 are encourag-
ing for making connections to IC 4499, their distance moduli
(µ̃29 = 17.03, µ̃30 = 17.14) are larger than available estimates
for the distance to IC 4499 (e.g., µ ' 16.5, Storm 2004).
Substructure 28 (µ̃ = 16.58) is closest to IC 1257 (µ ' 17.0,

Harris et al. 1997), a small globular cluster in the mid-halo
region of the Milky Way. The presence of the NGC 6402
and NGC 6366 globular clusters, whose distance moduli are
µ ' 15, introduces confusion. This substructure’s association
with any of these three globular clusters is dubious, as the
distances are inconsistent by several kiloparsecs. Addition-
ally, none of these globular clusters have known tidal tails
(Piatti & Carballo-Bello 2020; Ibata et al. 2021). Therefore,
this substructure is an appealing candidate for future studies.
The substructure with the largest distance modulus, sub-

structure 31 (µ̃31 = 18.71), is only separated from the Large
Magellanic Cloud by a few degrees on the sky plane and
not likely to be associated with the E 3 globular clus-
ter (as suggested in Table 2). With a physical distance of
d�→substruct ' 55.2 kpc, substructure 31 is very likely a mem-
ber of the Magellanic system. There is evidence that the Mag-
ellanic system was previously a triplet of dwarf galaxies be-
fore the LMC accreted one of its siblings (e.g. Armstrong &
Bekki 2018; Mucciarelli et al. 2021), and two kinematically
distinct globular cluster populations (Piatti et al. 2019b) sug-
gests that the Magellanic system is a good place to search for
artifacts of the hierarchical galaxy formation process. A run-
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Table 1. Bulk attributes (e.g., median declination) of RR Lyrae substructures identified using the methods delineated in §2 and displayed
in Figure 6, sorted by distance modulus. The reported radius is converted into physical units using Equation (18). The eccentricities of the
identified substructures suggest pronounced elongation consistent with stellar streams. Substructures whose distance modulus separation
from the nearest Milky Way globular cluster (Harris 2010) is less than ∆µ(µ̃, R = Rmax) (see Equation (19)) are more likely to be
associated with said globular clusters, while the others warrant further investigation.

ID µ̃ [mag] α̃ [deg] δ̃ [deg] R [pc] N? Eccentricity Nearest GC dsubstruct→GC [mag] ∆µ(µ̃, R = 1 kpc) [mag]
0 12.64 245.9 -26.5 225.11 29 0.996877 NGC 6121 0.93 0.64
3 13.81 201.6 -47.4 749.46 16 0.983881 NGC 5139 0.23 0.38
9 14.25 154.4 -46.4 401.87 22 0.998333 NGC 3201 0.80 0.31
13 14.39 229.6 2.1 818.17 27 0.998918 NGC 5904 0.02 0.29
15 14.58 263.0 -67.1 922.35 22 0.915398 NGC 6362 0.18 0.26
16 14.78 248.1 -13.1 160.32 20 0.967803 NGC 6171 0.75 0.24
17 15.00 189.9 -26.7 484.83 18 0.968888 NGC 4590 0.06 0.22
19 15.13 255.3 -30.1 274.61 26 0.942493 NGC 6266 0.97 0.20
22 15.39 78.5 -40.1 228.64 15 0.997036 NGC 1851 0.03 0.18
24 15.62 255.3 -30.1 454.92 20 0.997226 NGC 6316 1.17 0.16
25 16.30 313.4 -12.5 526.09 26 0.995423 NGC 6981 0.15 0.12
27 16.32 308.6 7.4 382.78 26 0.981308 NGC 6934 0.35 0.12
28 16.58 264.4 -3.2 221.74 15 0.981297 IC 1257 1.43 0.10
29 17.03 225.1 -82.2 737.69 21 0.998445 IC 4499 0.66 0.09
30 17.14 225.1 -82.2 955.57 21 0.987165 IC 4499 0.77 0.08
31 18.71 96.8 -70.1 741.74 15 0.937961 E 3 5.73 0.04

away star cluster east of the LMC was recently discovered in
a series of recent deep imaging surveys (Piatti et al. 2019a;
Piatti 2021) near substructure 31; the reported age of the
star cluster (0.89+0.11

−0.10 Gyr), however, is inconsistent with a
substructure of Population II stars. An analysis of tile 5-9
in the VMC survey’s RR Lyrae variable catalogue (Cusano
et al. 2021) is likely needed to confirm the existence of this
substructure and its properties.

4 DISCUSSION

Fourteen RR Lyrae variable streams have been identified
from the Catalina survey at > 3.5σ confidence (Mateu et al.
2018), several of which are located near Milky Way globular
clusters. We do not claim that the groupings shown in Fig-
ure 6 rise to this level of precision, as there is evidence that
spectroscopy is required to confirm Galactic stellar stream
candidates even in the Gaia era (Jean-Baptiste et al. 2017).
Instead, we will proceed with a discussion of the identified
substructures, and their local environments, knowing that
further investigation is needed. Follow-up studies would not
only need to confirm each candidate grouping’s legitimacy
(likely through chemical abundance matching and an explo-
ration of the entire phase space), but also to determine the
entire scope of the candidate substructure beyond its popu-
lation of RR Lyrae variables.
We determined each candidate grouping’s nearest GC

neighbour in the (x, y, z) space defined in §2.3; the results are
shown in Table 2. Eight of the fifteen GCs listed in this ta-
ble were accreted during merger events (Kruijssen et al. 2020)
and seven have been noted in the literature as having extrati-
dal features in their outermost regions (Piatti & Carballo-
Bello (2020); Ibata et al. (2021) and references therein). Ad-
ditionally, Gaia EDR3 RR Lyrae variables have escaped from
two of the fifteen globular clusters (NGC 5904 and NGC
1851) according to a recent study of proper motions and
colour-magnitude diagrams (Abbas et al. 2021). If there are
new connections to be made between Milky Way GCs and

the galaxy’s RR Lyrae population via substructure identi-
fication, we suggest focusing on the following substructures
where there is no previously known tidal tail despite being a
potential progenitor traced back to a Galactic merger event:
0, 25, 29, 30. The Via Machinae algorithm (Shih et al. 2021),
for example, is an unsupervised machine learning routine de-
signed to detect stellar streams, and would likely be a suitable
method for carrying out such a follow-up study.
The nuclear star clusters that remain from four of these

merger events were recently identified using chemo-kinematic
information (Pfeffer et al. 2021), and our routine identified
RR Lyrae substructures near two of them: NGC 5139 (ω Cen-
tauri), reportedly the remnant of the Gaia-Enceladus merger,
and NGC 6934, the reported remnant of the Helmi streams
merger (although NGC 6934’s status as the merger remnant
is less certain). Categorizing accreted globular clusters by
their parent merger events, and even compartmentalizing the
merger events themselves, is an ongoing area of research. A
recent study of 23 known Galactic stellar streams, for exam-
ple, demonstrated that clustering in orbital phase space is
a fruitful method of identifying their sources (Bonaca et al.
2021). Many of these streams are extended for & 100◦ on the
sky; our routine’s inability to identify structures of this kind
further motivates our focus on RR Lyrae substructures that
may be components of stream cores in the neighbourhood of
Milky Way GCs.
One of the benefits of employing hierarchical clustering is

that we can select a context-dependent distance metric be-
tween objects. While it is possible that the intersection of the
Gaia DR2 RR Lyrae variable catalogue and the APOGEE-
2 survey’s collection of absorption spectra4 is prohibitively

4 From the Sloan Digital Sky Survey website (https://www.sdss.
org/surveys/apogee-2/): “The second generation of the Apache
Point Observatory Galaxy Evolution Experiment (APOGEE-2)
observes the ‘archaeological’ record embedded in hundreds of thou-
sands of stars to explore the assembly history and evolution of the
Milky Way Galaxy.” This data set contains information derived
from spectroscopic measurements in the near-infrared.
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Figure 6. Substructures listed in Table 1, colour-coded by substructure class as defined in §3. Field RR Lyrae variables from the cultivated
catalogue and local globular clusters on the sky plane are included. A 2◦ × 2◦ inset in each panel provides a zoomed-in view of each of
the substructure cores, most of which are consistent with Milky Way globular clusters.

small, a more sophisticated metric that incorporates stel-
lar motions and chemical abundances is worth considering
in future work. A potential improvement to this methodol-
ogy would include a Milky Way phase space and metallicity
vector χ = (x,v, [Fe/H]), as well as a metric Dmodified in a
chemo-kinematic space dependent on the Galactic integrals
of motion Etot and L:

Dmodified(χ,χ′)2 ≡ β0(Etot − E′tot)
2 (21)

+ β1(Lz − L′z)2

+ β2(L⊥ − L′⊥)2

+ β3([Fe/H]− [Fe/H]′)2,

where the total energy is Etot = (v ·v)/2+Φ(x), the angular
momentum is L = x×v, and {βi} are scaling factors that en-
sure each term has the appropriate units and weighted impor-
tance. Further investigation is needed to determine if this is a
suitable metric or if different vector components should be in-
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Table 2. Milky Way globular clusters (with reported distance moduli and Milky Way coordinates, Harris 2010) near an identified
RR Lyrae substructure presented in §3. Each GC’s potential association with a progenitor merger event (Kruijssen et al. 2020), known
extratidal features (Piatti & Carballo-Bello 2020) and well-studied Galactic stellar streams (Bonaca et al. 2021), if applicable, are provided.
(G1 denotes a symmetric tidal tail, G2 a feature outside of the Jacobi radius that is not necessarily a tidal tail, G3 no signature of
extended structure, and SF a long tidal tail discovered using the STREAMFINDER algorithm on Gaia DR2/EDR3 data (Ibata et al. 2021).
This classification scheme is only applied to previously known substructures and is independent of the results presented in this paper.)
Highlighted globular cluster IDs indicate an instance where an RR Lyrae substructure was identified at a physical distance of less than 1
kpc.

GC ID Substructure ID µGC [mag] α [deg] δ [deg] Potential Progenitor Tidal Tail Stream Name
NGC 6121 0 11.71 245.90 -25.47 Kraken
NGC 3201 9 13.45 154.40 -45.59 Sequoia/Gaia-Enceladus G2/SF
NGC 5139 3 13.58 201.70 -46.52 Gaia-Enceladus/Sequoia G1/SF Fimbulthul
NGC 6171 16 14.03 248.13 -12.95
NGC 6266 19 14.16 255.30 -29.89 G2
NGC 5904 13 14.38 229.64 2.08 Helmi streams/Gaia-Enceladus G1/SF
NGC 6362 15 14.40 262.98 -66.95 G2

E 3 31 14.54 140.24 -76.72
NGC 4590 17 15.06 189.87 -25.26 Helmi streams G1/SF Fjörm
NGC 6316 24 15.09 259.16 -28.14
NGC 1851 22 15.41 78.53 -39.95 Gaia-Enceladus G1/SF
NGC 6934 27 15.97 308.55 7.40
NGC 6981 25 16.15 313.37 -11.46 Helmi streams
IC 4499 29, 30 16.37 225.08 -81.79 Sequoia
IC 1257 28 16.99 261.79 -6.91

troduced. Additionally, it is entirely possible that a large RR
Lyrae dataset suitable for this modified metric on a Galactic
scale is not yet available. In the future, infrared data col-
lected by the Nancy Grace Roman Space Telescope could be
ideal for this type of analysis. The period-luminosity rela-
tion is, strictly speaking, only valid in the infrared (see §1),
and this relation is what makes RR Lyrae variable stars such
reliable standard candles. Roman Telescope IR photometry
and spectroscopic surveys could in principle be combined for
more accurate RR Lyrae distance moduli (Equation (2)). Ad-
ditionally, this would provide enough chemo-kinematic infor-
mation such that the modified metric (Equation (21)) might
be tested and applied. The existence of a Galactic archaeol-
ogy consortium and data analysis pipeline, as presented in
Ness et al. (2019), would certainly help make a study of this
kind possible.

An agglomerative, hierarchical clustering algorithm utiliz-
ing average linkage has time complexity O(n2 log2 n) (Man-
ning et al. 2008), so applying particle-based clustering of this
kind is probably ill-advised for samples bigger than this one.
Density-based hierarchical clustering, with time complexity
O(n[log2 n]3) , has been successfully employed in astronomi-
cal contexts (Sharma & Johnston 2009; Elahi 2013; Sanderson
et al. 2015, 2017). Future work could be devoted to applying
such an algorithm to a larger catalogue such that the rele-
vant instrument’s selection function might be mitigated via
random sampling.

Clustering algorithms are some of the most popular unsu-
pervised learning processes; given the nature of astronomical
data sets (namely, RR Lyrae variables do not have name tags
declaring to which globular cluster or dwarf galaxy progeni-
tor it belongs) it is natural to employ such processes. How-
ever, it may be possible to identify structures of interest using
supervised learning once a sufficient number of training ex-
amples become available via observations or simulations. For
example, a random forest classifier (Breiman 2001) could be
employed, where labeled inputs (i.e., list of RR Lyraes known

to belong to a particular globular cluster) pass through a for-
est of decision trees whose parameters are randomly chosen
from the input’s data. The advantage of a random forest in
this context is the incorporation of quantities not captured
by an image, like metallicities or phase space coordinates. In
the event such a random forest regimen is insufficiently accu-
rate, implementing gradient boosting via XGBoost (Chen &
Guestrin 2016) would be a possible improvement.

5 CONCLUSION

We have presented an analysis of the Gaia mission’s RR Lyrae
variable catalogue; the basis for this study was the repeated
application of an agglomerative, hierarchical clustering algo-
rithm to subsets of the variable star catalogue. The uncer-
tainty in computed distance as a function of measurement
errors in absolute/apparent magnitude and associated extinc-
tion is considered, and we determined that the largest driver
of distance modulus uncertainties results from large values
of δmV . Once each RR Lyrae variable’s 3D spherical coor-
dinates were compiled (with the distance modulus used as a
proxy for physical distance), we computed the condensed dis-
tance matrices for forty-eight catalogue subsets partitioned
by HEALPix subregion. These matrices were used to create
hierarchical clustering trees (with average linkage) contain-
ing archaeologically relevant substructures of RR Lyrae vari-
ables. The hierarchical clustering trees contain many nearly
redundant groupings at neighbouring clustering scales, so we
proceeded in analyzing select scales where with a local max-
imum of statistically significant groupings. The potentially
interesting groupings were then compiled and analyzed.
Our results suggest that hierarchical clustering trees that

use average linkage contain primarily stream extensions
around globular clusters in a variety of Galactic environ-
ments. Substructures 0, 25, 29, and 30 are good candidates
for making new connections to globular clusters important to
the formation of the Milky Way; substructure 28 lies along
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the sightline near several known globular clusters, but has
a distance modulus that suggests it is independent of these
systems; substructure 31 is a possibly previously unknown
satellite of the Large Magellanic Cloud. Follow-up studies
would benefit from an exploration of the entire phase space
(e.g. Gaia EDR3 and DR3, Gaia Collaboration et al. 2020),
as well as a sufficiently comprehensive mapping of the Milky
Way that fills in any coverage gaps (as the Rubin Observa-
tory is expected to provide in the coming years, Najita et al.
2016). Applying hierarchical clustering to three-dimensional
data and validating with proper motions, however, is indeed
effective in identifying groupings of RR Lyrae variable stars,
one of the undoubtedly reliable tracers of Galactic structure
available in the cosmos.
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APPENDIX A: MOCK RR LYRAE STREAMS
FROM AMUSE SIMULATION

In order to refine our RR Lyrae stream identification routine
via an informed choice of X̃θ,min, Rmax, (defined in §2.3), we
must create a labelled dataset reflective of realistic Galactic
dynamics and stellar populations. We select globular clusters
NGC 362, NGC 2419, NGC 5466, Pal 5, and Pal 12 for further
analysis using Baumgardt & Hilker (2018); Vasiliev (2019)5.
Each of these GCs have reported extratidal features and asso-
ciations with with massive merger events in the Milky Way’s
formation history. This set has a diverse sampling of masses
and galactocentric distances as well.
Globular clusters are notoriously difficult to model compu-

tationally, as the collisional nature of the internal dynamics
necessitates using specialized gravity solvers. These N -body
codes often carry time complexities on the order of O(n2);
for n ∼ 106, this can get prohibitively expensive. It is be-
yond the scope of this study to simulate the tidal stripping
of globular clusters, so we propose the following simplified
model of RR Lyrae stream creation. At each spatial location
of the ith globular cluster, we create a particle of massMGC, i

and calculate the relevant Jacobi radius (Binney & Tremaine
2008):

rJ, i = |ri|
(

MGC, i

3MMW(ri)

)1/3

, (A1)

where ri is the position vector of the ith globular cluster
at the present epoch and MMW(ri) is the enclosed Galac-
tic mass at this location. This is approximately the bound-
ary at which the globular cluster and Galactic gravitational
fields have equal influence. We then initialize 40 particles with
an appropriate mass for RR Lyrae variables, M = 0.65M�
(Kolenberg et al. 2010), and give them randomly distributed
circular orbits about the globular cluster particle with a semi-
major axis equal to the Jacobi radius at initialization time.
If these RR Lyrae-like particles maintain orbits consistent
with their natal GC, we should still be able to identify the
remnant core using the max(NRRL) value from Sesar et al.
(2013). We initialize each GC in velocity space using repre-
sentative Milky Way orbits from the galpy package (Bovy
2015).
A natural runtime choice for this simulation is the glob-

ular cluster crossing time, tcross,i ' |ri|/|vi|. An order-of-
magnitude estimate for the crossing time can be found us-

5 https://github.com/GalacticDynamics-Oxford/GaiaTools/
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ing the enclosed Milky Way mass and assuming that the de-
scribed model is virialized6:

tcross,i =

√
|ri|3

GMMW(ri)
. (A2)

In order to ensure that the stream gravity solvers
adequately conserve energy (i.e., a fractional error
ε . 10−7 throughout the simulation), we use the timestep
∆t = 0.01 Myr and a simulation timescale tend = 35 Myr
that is approximately the shortest crossing time (Pal 5).
We simulate this system of massive particles with the afore-
mentioned specifications using the AMUSE Python API
(Portegies Zwart & McMillan 2018; Portegies Zwart et al.
2013; Pelupessy et al. 2013; Portegies Zwart et al. 2009); each
stream is evolved forward in time using a symplectic (i.e.,
phase space conserving) integrator Huayno (Pelupessy et al.
2012; Jänes et al. 2014) and bridged with a Milky Way-like
(bar, disk, and bulge components) potential (Bovy 2015).
Gravitational forces between streams are not considered, as
they are negligible in comparison to background tidal forces.
Figure A1 shows the values of X̃θ and the Jacobi radius

as a function of simulation time for each of the five streams,
as well as our stream parameter choice: (X̃θ,min, Rmax) =
(0.98, 1 kpc). We approximated the proper motion vectors
(µ∗α, µδ) using (vy, vz) from the simulation data, where y,
z are part of the Galactic coordinate system defined in §2.
The physical meaning of X̃θ,min = 0.98 is that at least half
of all stars in a retained grouping have proper motion vec-
tors that deviate from the median grouping proper motion by
11.48◦. This is a conservative threshold, as X̃θ is very nearly
equal to unity (i.e., proper motion deviations on the order
of arcminutes rather than degrees) for all of the GC models
during the simulation. Our choice of Rmax ensures that two
classes of substructure are retained: stellar streams extend-
ing an order-of-magnitude beyond the Jacobi radii of typical
GCs, and atypical GCs like NGC 2419 that are more massive
and further removed from the Galactic Center.

APPENDIX B: POTENTIALLY EXTRANEOUS
SUBSTRUCTURE CANDIDATES

Substructures identified in the hierarchical clustering forest
described in §2, §3 were partitioned into two groups, where
the attributes of the second group are provided in Table B1.
These substructures are related to those listed Table 1, but
for the sake of brevity we focused our analysis on the ones
listed there and include the remainder in this appendix.
An illustrative example of this organization is the retention

of substructure 3 for Table 1, while listing substructures 2
and 4 are in Table B1. All three substructures have sky plane
coordinates consistent to within 0.1◦ in both right ascension
and declination with a similar number of RR Lyrae variables
(15, 16, and 20, respectively). Each substructure is in the
neighbourhood of the ω Centauri globular cluster, a known
remnant of a dwarf galaxy merger whose tidal stream, Fim-
bulthul, was recently discovered using Gaia DR2 data. The

6 Some of the GCs we are analyzing are extragalactic in nature,
so this assumption should be used sparingly.

Fimbulthul stream is separated from its progenitor by nearly
twenty degrees on the sky plane and 1.5 kpc closer to Earth
than ω Cen, thus making these candidate substructures un-
likely members of the stream. Substructure 3 has the largest
eccentricity, which means that if there is any connection to
be made between ω Cen and the Fimbulthul stream via in-
termediate RR Lyrae variables (N -body simulations suggest
a stream of stars connecting the two should be present, Ibata
et al. 2019a), substructure 3 is the most promising candidate.

This paper has been typeset from a TEX/LATEX file prepared by
the author.
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(a) The Jacobi radius (as defined in Equation (A1)) for each
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Figure A1. Motivation for the choice of (X̃θ,min, Rmax) stream parameters in the substructure identification routine presented in §2.3.

Table B1. Identified substructures where the constituent RR Lyrae variable sets are similar to the substructures listed in Table 1.
The hierarchical clustering process, and the substructure identification routine described in §2, do not strictly prohibit nearly redundant
groupings.

ID µ̃ [mag] α̃ [deg] δ̃ [deg] R [pc] N? Eccentricity Nearest GC dsubstruct→GC [mag] ∆µ(µ̃, R = 1 kpc) [mag]
1 12.77 245.9 -26.5 138.48 19 0.994871 NGC 6121 1.06 0.60
2 13.81 201.6 -47.4 274.07 15 0.979803 NGC 5139 0.23 0.38
4 13.84 201.6 -47.4 264.15 20 0.887820 NGC 5139 0.26 0.37
5 13.99 154.4 -46.4 388.76 29 0.977655 NGC 3201 0.54 0.35
6 14.00 154.3 -46.4 239.44 23 0.985767 NGC 3201 0.56 0.34
7 14.01 154.4 -46.4 160.30 17 0.978757 NGC 3201 0.56 0.34
8 14.11 154.4 -46.4 126.51 19 0.946207 NGC 3201 0.66 0.33
10 14.38 229.6 2.1 779.15 26 0.998827 NGC 5904 0.01 0.29
11 14.38 229.6 2.1 779.15 26 0.998827 NGC 5904 0.01 0.29
12 14.39 229.6 2.1 276.70 23 0.986319 NGC 5904 0.02 0.29
14 14.58 263.0 -67.0 490.72 19 0.999308 NGC 6362 0.18 0.26
18 15.01 189.9 -26.7 240.83 16 0.992554 NGC 4590 0.06 0.22
20 15.13 255.3 -30.1 442.13 30 0.923307 NGC 6266 0.97 0.20
21 15.13 255.3 -30.1 258.84 27 0.948400 NGC 6266 0.97 0.20
23 15.44 255.3 -30.1 262.99 19 0.997485 NGC 6316 1.10 0.18
26 16.30 313.4 -12.5 278.98 32 0.932833 NGC 6981 0.15 0.12
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