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ABSTRACT OF THE DISSERTATION

Planets and their Hidden Companions:

Expanding Detection Methods with Machine Learning

by

Isabel Nora Angelo

Doctor of Philosophy in Astronomy and Astrophysics

University of California, Los Angeles, 2025

Professor Erik A. Petigura, Chair

In this thesis, I expand on existing methodologies for identifying distant planetary and stellar

companions to known planet hosts. First, I outline my discovery of a distant planetary

companion to Kepler-1656b, a highly eccentric sub-Saturn. To make this discovery, I used a

combination of traditional radial velocity detection methods and dynamical modeling of the

system to resolve the properties of an outer planetary companion. In doing so, I characterized

the dynamical environment of the Kepler-1656 system and found that, surprisingly, the outer

planet is exciting the inner planet eccentricity in situ, i.e. without inducing inward migration

of the inner planet. I also identified signatures of similar companions, which I call “gentle

giants”, in the broader sub-Saturn and giant planet populations.

The second portion of my thesis explores more experimental methods of detecting stel-

lar companions to known planet hosts using data-driven spectroscopy. Recent advances in

data-driven spectroscopy have enabled more modeling of stellar spectra, which may in turn

allow us to detect signatures of stellar companions to planet hosts that are missed by more

traditional binary detection methods. I trained data-driven models on spectra from the Gaia

mission and Keck-I telescope, and in doing so, developed a novel wavelet-based method for

removing non-astrophysical contamination in stellar spectra. I found that while our models

ii



are excellent at label transfer– a standard application of data-driven spectroscopy– they are

limited in their ability to accurately model stellar spectra and identify hidden stellar com-

panions. I also comment on the state of the field of data-driven spectroscopy and outline

possible paths towards more accurate spectroscopic models and surveys for planet-hosting

binaries.
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star and binary show ≈2-5% disagreement with the HIRES spectra, limiting

our ability to detect signatures spectral binaries at sufficiently high significance.122
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Chapter 1

Introduction

Where is everybody?

— Enrico Fermi, Fermi’s paradox

In the past three decades, we have seen the emergence of a new field of astronomy: the study

of exoplanets, or planets beyond our solar system. Since the discovery of the first known

exoplanet in 1995 (51 Pegasi b, Mayor and Queloz, 1995), thousands of planets have been

discovered, with over 5,000 known exoplanets at the time of this dissertation’s publication.

This is due in large part to space-based transit missions like NASA’s Kepler mission, which

has confirmed nearly 3,000 planets1 since its launch in 2009. This mission was the first of its

kind, and discovered the largest sample of exoplanets to date by monitoring the brightness

of hundreds of thousands of stars in a patch of sky covering 115.6 square degrees- about the

size of a human’s hand extended at arm’s length.

Kepler’s legacy extends far beyond the sheer number of planets in its sample. It revealed

classes of planets unlike any in our own solar system (e.g., hot Jupiters; Dawson and Johnson

2018, Super-Earths; Mayor et al. 2011; and Sub-Saturns; Petigura et al. 2017c), alluding to
1from from http://exoplanetarchive.ipac.caltech.edu/

1



a diversity of planet properties and origins. Its large sample size also enabled unprecedented

demographic studies of exoplanets. In particular, spectroscopic follow-up efforts to classify

Kepler planet hosts illuminated key trends that have informed our understanding of planet

formation. For example, features like the ‘Radius Valley’ and ‘Hot Neptune Desert’ encode

information about core accretion, mass loss, and migration processes (Fulton and Petigura,

2018; Petigura, 2020).

Still, the Kepler sample is far from complete. Small planets are lost to noise, and the

mission’s four-year baseline and bias towards edge-on systems means that we are less sensitive

to planets beyond ∼1AU (Petigura et al., 2018b). Indeed, if we were to observe the solar

system with Kepler, the probability of observing Earth transit even once is only ≈0.5%, and

this value is nearly an order of magnitude for Jupiter (≈0.08%). This means that if we were

to observe the solar system with just Kepler, we would miss more distant planets and our

picture of the system would be incomplete. So too are the pictures of planetary systems

we’ve observed with Kepler, which may host distant, non-transiting companions that play

an important role in the systems’ architectures and formation histories.

Beyond this, Kepler targets are subject to flux dilution, where spatially unresolved stellar

binaries are mis-classified as single stars, leading to underestimated planet radii. This is

particularly a problem for studying demographic trends like the ‘Radius Valley‘ which de-

pend sensitively on stellar radii from which the planet radii are inferred (see for example

Fulton and Petigura, 2018; Berger et al., 2018). Beyond this, our insensitivity to unresolved

stellar binaries in Kepler has led to competing estimates of the prevalence of close binaries

among planet hosts. While some studies have shown that both disks and planets are sup-

pressed for close binaries (e.g., Wang et al., 2014; Cieza et al., 2009), others have found

no evidence of such a suppression (e.g., Horch et al., 2014; Matson et al., 2018). Addition-

ally, the role binaries play in sculpting the orbital architectures of planets is unclear. For

example, although binaries are thought to be responsible for phenomena such as retrograde
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hot Jupiters, tidally locked and eccentric planets (Naoz et al., 2011; Storch et al., 2014),

correlations between binary companions and these planet classes are conflicted and limited

by small number statistics (Wang et al., 2014; Ngo et al., 2015, 2016). Thus, constraining

the prevalence of close binaries in Kepler is necessary to understand the occurrence, radius

distribution, system architecture, and dynamical environments of the exoplanet population.

1.1 Signatures of Planetary and Stellar Companions to

Exoplanets

Though Kepler is less sensitive to distant planetary and stellar companions, these objects

leave signatures of their presence on the known planet population nonetheless. For example,

the presence of hot Jupiters suggest that planets can form far from their host star and

migrate inward, possibly due to gravitational perturbations of a companion (Dawson and

Johnson, 2018). Gaps in resonance structures of multi-planet systems are thought to indicate

the presence of “missing pea” planets orbiting between consecutive known planets, either too

small or too inclined to produce a detectable transit signal (see Thomas et al., 2025, and

references therein). Beyond this, several planets on highly eccentric, inclined, and even

retrograde orbits have been observed, and may be imprints of a past stellar flyby or the

presence of a third body in the system (see for example Naoz, 2016; Rasio and Ford, 1996,

, etc.). These signatures of hidden planets offer opportunities for us to search for planetary

and stellar companions missed by Kepler to paint a more complete picture of the exoplanet

population as a whole.

Identifying these companions and understanding their prevalence is necessary to understand-

ing how companions sculpt the exoplanet population more broadly. A sample of planets

known to have or lack companions will allow us to test theories about whether and how
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planets form with companions. For example, a lack of close companions in the planet census

would suggest that companions suppress planet formation (Kraus et al., 2016; Ziegler et al.,

2018; Hirsch et al., 2021). Fewer or smaller planets in systems with companions would in-

dicate that companions deplete planet formation reservoirs, as suggested by Quintana et al.

(2007) and Jang-Condell (2015). Finally, correlations between companions and dynamically

rich orbits or anomalous interior structures would confirm theories that these scenarios are

the byproduct of perturbations from an outer companion (see for example Naoz, 2016; Li

et al., 2014c; Stephan et al., 2019, etc.).

One of the main findings of this dissertation is the discovery of Kepler-1656c (Chapter 2,

which paints a more complete picture of the Kepler-1656 system as one that is sculpted by

the presence of a companion that was originally missed by Kepler. The prime Kepler mission

detected a planet around Kepler-1656 whose size placed it firmly in the sparely populated

sub-Saturn regime (Borucki et al., 2010). Radial velocity follow-up of the host star revealed

a dense interior structure and a highly eccentric orbit for this planet, suggesting a possible

history of gravitational perturbations, planet-planet scattering, and tidal migration (Brady

et al., 2018; Millholland et al., 2020). I investigated this system using a combination of

radial velocity observations and dynamical simulations to show that surprisingly, while there

is indeed a planetary companion that sculpts the inner planet’s eccentric orbit, it does so

gently, i.e. without inducing tidal migration.

1.2 Searches for Stellar Companions to Known Planet

Hosts

Kepler’s insensitivity to unresolved binaries is due to it’s large ≈4” pixels and considerable

distance (∼1 kpc) to most targets in its field of view, which causes binaries with ≲ 100 au
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separations to appear as single stars. These unresolved binaries can produce transit-like

lightcurves and cause false positive planet detections. Alternatively, even when a transit sig-

nal is indeed due to a planet, an unresolved companion star can still dilute the transit signal,

which leads to overestimated stellar and derived planet radii (Ciardi et al., 2015) as well as

systematic errors in the inferred stellar properties (El-Badry et al., 2018a). Constraining the

prevalence of binaries among Kepler hosts is thus critical to the precision and purity of the

sample, which is the backbone of most exoplanet demographic studies to date.

One of the major challenges facing previous searches for binaries in the Kepler sample is their

limited sensitivity to close (≲50 au) binaries. A majority of binary searches were conducted

via direct imaging surveys, which have limited sensitivity at the separations smaller than 50

au and are thus blind to 50% of the parameter space where binaries reside. While a number

of studies have employed advanced imaging techniques such as non-redundant masking (e.g.,

Kraus et al., 2016; Wang et al., 2014; Horch et al., 2014; Matson et al., 2018), these studies

are still only able to probe down to separations of 20-30 au, and reach different conclusions

about planet suppression in binaries. Separately, Hirsch et al. (2021) collected imaging and

RV observations of a volume-limited sample of binary and single stars to search for planets

in both populations. This study detected suppressed planet occurrences in close binaries,

but their sample was insensitive to lower mass planets (< 50M⊕) and suffered from small

number statistics due to the small total number of detected planets ∼ 30). Additional

searches for double-lined spectroscopic companions (SB2, see Kolbl et al., 2015) showed that

close binaries do exist among planet hosts, but limited sensitivity to wider binaries left open

questions about their overall occurrence.

Binaries are typically identified using direct imaging or searching for offset sets of spectral

features. These methods are expensive, making it difficult to systematically search many

stars at once, rendering previous surveys incomplete. Additionally, these methods often

miss close (∼1-100 au) binaries that make up a significant fraction of the underlying star
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Figure 1.1: Points show simulated companions to field stars based on Raghavan et al. (2010).
The separation distribution is log-normal and peaks at 40 au. Shaded regions show sensitives
of previous imaging (blue) and spectroscopic (yellow) for binaries. There is broad consensus
that the prevalence and properties of stellar companions to transiting planets is indistin-
guishable from that of field stars beyond 100 au. However, there are large uncertainties
within 100 au, where dynamical effects are strongest. This dissertation aims to address ma-
jor uncertainties in prevalence and properties of companions to planets hosts within 100 au
by leveraging data-driven models to search for binaries at 1-200 au separations.

population (Figure 1.1). Binaries within this separation range are not typical spectroscopic

binaries in that they do not possess two sets of spectral features with a detectable velocity

shift. Instead, these binaries produce two sets of overlapping spectral features and can be

identified via Bayesian model comparison of a single-star spectrum with a binary spectrum–

that is, a linear combination of two single-star spectra (e.g., El-Badry et al., 2018b, etc.).

They key to success for these methods is developing spectroscopic models that are accurate

enough to resolve subtle deviations from single star spectra that overlapping spectra pos-

sess. Historically, spectroscopic models of stars have come from synthetic models and are

limited by issues with computational efficiency, incomplete line lists, and radiative transfer
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calculations associated with physical stellar models. Fortunately, recent advances in data-

driven spectroscopy offer increased accuracy in their predictions of stellar flux and may be

a promising avenue for searches for planet-hosting binaries.

1.3 A Brief History of Data-Driven Spectroscopy

The origins of data-driven spectroscopy date as far back as Annie Jump Cannon, who worked

as a Harvard computer to characterize thousands of stars by eye and create a renowned

spectral classification system still used today (Cannon and Pickering, 1918, 1924). This

classification was based on relative depths of spectral features that, at that time, could only

be discerned by the well-trained eye. Today, it is understood that the spectral classes are

in fact tracers of star properties like surface temperature, radius, and elemental abundances

that imprint distinct markers into stellar spectra. In practice, this implies that spectra can

be used to determine stellar properties, and vice versa.

More recently, data-driven models have sought out to accomplish with algorithms what Annie

Jump Cannon achieved by eye in her catalogs– that is, to efficiently determine star properties

based on observations of their spectra. In particular, The Cannon, named fondly after Annie

Jump Cannon, is a supervised classification algorithm that learns the relationship between

stellar labels (i.e., stellar properties like Teff , logg, Fe/H, etc.) and per-pixel flx of stellar

spectra (see Ness et al., 2015; Casey et al., 2016). Models trained by The Cannon are

capable of deriving star properties from stellar spectra and predicting spectra of a star given

its known labels. It is particularly successful at label transfer processes, whereby models are

trained on samples of stars with pre-determined labels to infer properties of newly observed

stars with high fidelity. The Cannonhas been trained on a numerous datasets and has

been used to derive accurate labels for 55,000 stars in APOGEE DR10 (Ness et al., 2015),

determine masses and ages for 230,000 LAMOST Giants (Ho et al., 2017), and model spectra
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and abundances for 17,000 M Dwarfs in SDSS-V (Behmard et al., 2025), among many other

applications.

There are other methodologies within spectroscopy that leverage data-driven and/or machine

learning to model stellar spectra. These methodologies span a wide range of applications

and degrees of complexity. For example, SpecMatch-Emp characterizes stars observed with

Keck/HIRES by comparing their spectra to a library of well-characterized “touchstone” stars

with known properties (Yee et al., 2017). Starfish (Czekala et al., 2015) emulates stellar

spectra by computing a probability distribution over several probable spectra in a grid of

high-resolution synthetic spectra. More recently, The Payne leveraged the computational

efficiency and complexity of neural networks to train spectroscopic models on synthetic

data from APOGEE (Ting et al., 2019). The Data-Driven Payne builds on these methods,

and supplements a neural network trained on real spectra with differential (i.e., gradient)

synthetic spectra from physical stellar atmospheric models (Ting et al., 2017; Xiang et al.,

2019).

In Chapters 3 and 4 of this thesis, I outline two projects where I utilized The Cannon to train

data-driven models on spectral from the Gaia Data Release 3 Radial Velocity Spectrometer

(RVS) and Keck High Resolution Echelle Spectrometer (HIRES; Vogt et al., 1994). I found

that these models are excellent at label transfer, however, more demanding applications like

binary detection are limited by the models’ ability to accurately emulate stellar spectra. I

also describe my open-source model of Gaia DR3 spectra (gaiaspec) and present a novel

wavelet-based method for removing non-astrophysical variations in stellar spectra. Finally, I

comment on the applications and limitations of data-driven models more broadly, and offer

insights into the prospects of data-driven searches for planet-hosting binaries.
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Chapter 2

Kepler-1656b’s Extreme Eccentricity:

Signature of a Gentle Giant

A version of this chapter was previously published in The Astronomical Journal (Isabel

Angelo et al., 2022, AJ, 163, 227).

Abstract

Highly eccentric orbits are one of the major surprises of exoplanets relative to the Solar

System and indicate rich and tumultuous dynamical histories. One system of particular

interest is Kepler-1656, which hosts a sub-Jovian planet with an eccentricity of 0.8. Suffi-

ciently eccentric orbits will shrink in semi-major axis due to tidal dissipation of orbital energy

during periastron passage. Here our goal was to assess whether Kepler-1656b is currently

undergoing such high-eccentricity migration, and to further understand the system’s origins

and architecture. We confirm a second planet in the system with Mc =0.40± 0.09Mjup and

Pc =1919 ± 27days. We simulated the dynamical evolution of planet b in the presence of
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planet c and find a variety of possible outcomes for the system, such as tidal migration and

engulfment. The system is consistent with an in situ dynamical origin of planet b followed

by subsequent Eccentric Kozai Lidov (EKL) perturbations that excite Kepler-1656b’s ec-

centricity gently, i.e. without initiating tidal migration. Thus, despite its high eccentricity,

we find no evidence that planet b is or has migrated through the high-eccentricity channel.

Finally, we predict the outer orbit to be mutually inclined in a nearly perpendicular con-

figuration with respect to the inner planet orbit based on the outcomes of our simulations,

and make observable predictions for the inner planet’s spin-orbit angle. Our methodology

can be applied to other eccentric or tidally locked planets to constrain their origins, orbital

configurations and properties of a potential companion.

2.1 Introduction

Despite their absence in our own solar system, highly eccentric planets have been discovered

in a number of exoplanet systems. In contrast to the low-eccentricity orbits of planets in

our own solar system, with mean eccentricity ⟨e⟩ = 0.06, giant planets in radial velocity

surveys have been found to span the full possible range of 0 ≤ e < 1 for bound orbits,

with eccentricities as high as e = 0.9 in some cases (e.g., Masuda, 2017; Blunt et al., 2019;

Schlecker et al., 2020). This range of eccentricities points to a diverse variety of formation

scenarios (see Winn and Fabrycky, 2015, for a review).

Adding to this picture, a subset of these eccentric planets are giants orbiting much closer to

their host star than the solar system Jovians. Roughly 1% of stars possess “Hot Jupiters"

(giant planets with P = 1 − 10 days, see Udry and Santos, 2007; Cumming et al., 2008;

Howard et al., 2010c). This number is even larger for for giant planets with P < 200 days

(10.5%, see Wittenmyer et al., 2016). This class of close-orbiting giant planets must be

corroborated by theories of planet formation, which originally predicted giant planets to
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form and accrete material further out beyond their host star’s “ice line" (e.g., Boss, 1997;

Rubie et al., 2015; Morbidelli et al., 2015).

Eccentric orbits are a relic of planet formation processes and/or the influence of another

body— either a planet, brown-dwarf or star— in the system. Because giant planets possess

significant envelopes, they must form in early disk phases when some gas is still present (t <

10Myr, see Wyatt, 2008). Since the presence of this gas tends to dampen eccentricity (e.g.,

Artymowicz et al., 1991; Ward, 1988; Lee and Chiang, 2016), some post-nebular eccentricity

excitation mechanism is required to explain their eccentric orbits. For example, a planet can

be perturbed into an eccentric orbit via disk migration, planet-planet scattering, or an outer

perturber (e.g., Rasio and Ford, 1996; Fabrycky and Tremaine, 2007; Wu et al., 2007; Shara

et al., 2016; Naoz et al., 2011, 2012; Dawson and Johnson, 2018). At this point, the planet

may undergo high eccentricity migration, where it is subject to strong tidal forces at closest

approach that dissipate energy and shrink the planet’s orbit over time.

In this paper, we focus on Kepler-1656b (a.k.a KOI-367, KIC-4815520), a warm, highly

eccentric sub-Saturn orbiting a Sun-like host star (Brady et al., 2018). Kepler-1656b’s orbital

configuration makes it a strong candidate for high eccentricity migration, and is likely a relic

of aforementioned post-nebular eccentricity excitation1. Moreover, Sub-Saturns like Kepler-

1656b lie in the sparsely populated regime of planets between the size of Neptune and Saturn,

with densities spanning over an order of magnitude for a fixed size (Petigura et al., 2017c,

2018a). Planets of these sizes pose a challenge to standard core nucleated accretion theory,

which predicts planets with similar-mass cores to have undergone runaway accretion and

accumulate much larger gas envelopes than observed (Pollack et al., 1996). For example, a

10M⊕ core at 5 au initiates runaway gas accretion in just 106 years. While there are a number
1While it’s possible that the planet opened a gap during the disk phase and reduced the eccentricity

damping, even then the eccentricity is not readily increased to ∼ 0.8 values (Ward, 1988; Goldreich and Sari,
2003; Teyssandier and Ogilvie, 2016, 2017; Ragusa et al., 2018), and the expectation is that a more massive
planet than Kepler-1656b is needed to open a gap (depending on the disk’s viscosity, e.g., Armitage, 2007;
Crida and Morbidelli, 2007; Edgar et al., 2007; Duffell and MacFadyen, 2013).
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of theories that explain the envelope fractions seen in some sub-Saturns, (see for example

Lee and Chiang, 2016; Millholland et al., 2020; Lee et al., 2014; Lee and Chiang, 2015), the

detailed origin scenarios for these planets remains a mystery. Specifically, a tension exists

between theories that sub-Saturns and giant planets more generally form in situ, or accrete

material further out from their host star and migrate inwards later on (e.g, Batygin et al.,

2016). This tension extends to Kepler-1656b, whose birth scenario (i.e., in situ versus inward

migration) should corroborate its eccentric orbit and high reported core mass fraction (see

Millholland et al., 2020).

Here we use Kepler-1656b as a case study of combining observational data and dynamical

analysis to constrain a system’s detailed architecture and dynamical history. Originally,

Brady et al. (2018) predicted an upper limit of γ̇ <1.4 ms−1yr−1on the long-term stellar

radial velocity (RV) trend, with observations disfavoring— but not ruling out— a planetary

or stellar companion in the system. In this study, more recent RV observations suggest

underlying periodic RV behavior with period P ≫ 100 days. We identify a giant planetary

companion to Kepler-1656b and find that perturbations from said companion is driving

Kepler-1656b into its eccentric orbit gently, i.e. without inducing high eccentricity migration.

In doing so, we identify two classes of outer companions to sub-Saturns and giant planets

based on their signature on the inner planet. The first class, “gentle companions", nudge the

inner planet into an eccentric orbit in situ, without inducing migration. The second class,

“strong companions" have a more dramatic effect on the inner planet, causing it to migrate

inwards and settle in a close-in, tidally locked orbit. These classes of companions produce

observable signatures on their inner companion’s orbital configuration, and can potentially

sculpt large-scale trends in exoplanet system architectures.

We begin by confirming the existence and planetary nature of the outer companion Kepler-

1656c in Section 2.2. We then describe the physical setup and initial conditions we used

to simulate the dynamical evolution of Kepler-1656b in the presence of this companion in
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Figure 2.1: We consider regions of mass-separation parameter space in which a companion to
Kepler-1656b can reside. Regions ruled out by Gaia (blue), AO (tan), and Speckle imaging
(red) are shown. The explored region encapsulating Kepler-1656c is outlined, and both
Kepler-1656b and Kepler-1656c are overplotted for reference.

Sections 2.3.1 and 2.3.2 respectively. In Section 2.4, we predict observable properties of

the system’s orbital configuration and discuss the dynamical origins of Kepler-1656b and

eccentric and tidally locked planets more generally. Finally, in Section 2.5 we discuss how

our proposed origin scenarios fit into our understanding of planet formation and the current

exoplanet population at large.

2.2 Observational Signatures of a Planetary Companion

2.2.1 High-Resolution Imaging

We searched for companions to Kepler-1656b in imaging data and did not find evidence for

a stellar companion in any of our images. To start, we used the Gaia database to search

for nearby, co-moving companions to Kepler-1656. We found no targets within 105 au of the

host star. The Gaia DR2 catalogue is complete to magnitudes as high as G∼ 12− 18 (Gaia
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Figure 2.2: Left : Residual RV time series of Kepler-1656 shows a long-term trend with
P ≫ 100days. Right : Residual RVs are plotted versus SHK. A Pearson r statistic of 0.51
and median activity signal of SHK=0.15 indicate that stellar activity is not sufficient at
explaining the variability in our RV time series.

.

Collaboration et al., 2018), which conservatively rules out M> 0.1M⊙ companions beyond

Gaia’s 1” detection limit. This is illustrated by the blue region in Figure 2.1.

We also searched for companions to Kepler-1656b using speckle and adaptive optics (AO) im-

ages of the host star. These images provide sensitivity to companion magnitudes as a function

of radial distance from the host star. Following a similar process to that outlined in Furlan

et al. (2017a), we converted to these sensitivities to corresponding companion masses using

an interpolated magnitude-mass relationship from Pecaut and Mamajek (2013a). Speckle

images taken by the Gemini-N telescope with a 692nm-center wavelength filter effectively

rule out companions residing in the red region of parameter space in Figure 2.1, and AO

images from the Exoplanet Follow-up Observing Program (ExoFOP) archive 2 taken by the

Keck-2 telescope Ks filter rule out the tan region. As can be seen in Figure 2.1, imaging

observations of Kepler-1656 effectively rule out stellar-mass companions. Thus, the dynam-

ical picture we consider for the remainder of our analysis is a 2-planet system in which

Kepler-1656b is accompanied by a second planet in the system.
2https://exofop.ipac.caltech.edu/
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2.2.2 Radial Velocities

Observations of Kepler-1656 were obtained through the California Planet Search (CPS;

Howard et al., 2010a) using the High Resolution Echelle Spectrometer on the Keck-1 10m

telescope (HIRES; Vogt et al., 1994). We collected 50 spectra between 07-11-2017 and 10-

24-2020. These spectra were used along with 100 spectra reported in (Brady et al., 2018)

to compute RV time series data for Kepler-1656 using standard CPS methodology. For all

observations, spectra were observed through an iodine cell mounted in front of the spectrom-

eter for wavelength calibration, with an SNR of 110 per pixel at 500nm. Our RVs are listed

in Table 2.1.

Table 2.1: Radial Velocity and Activity Measurements

Time RV σ(RV) SHK

2457942.954 13.892 1.922 0.152

2457943.009 0.213 1.966 0.149

2457944.956 16.476 1.819 0.154

2457945.004 11.981 2.275 0.148

2457945.994 17.432 2.066 0.149

Table Comments: A portion of the dataset is shown here. SHK errors are all set to 0.001,

and RV uncertainties are photon-limited.

Our RV observations reveal a long-term trend in addition to the short-period signal produced

by Kepler-1656b that is suggestive of underlying periodic RV behavior with period P ≫ 100

days. This behavior can be seen in the residual RVs after the inner planet signal has been

subtracted (Figure 2.2, left panel).

We first considered the possibility that this observed trend was due to stellar activity. Vari-

ability in magnetic field over the star’s activity cycle can lead to apparent RV variability
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on multi-year timescales. In some cases, this variability can be mistaken for a planet signal

(Robertson et al., 2014; Haywood et al., 2014). Using formalism outlined in Isaacson and

Fischer (2010), we monitored stellar activity through Kepler-1656’s SHK index, which traces

the CaII H&K emission lines as an indicator of chromospheric activity (e.g. Wilson, 1968;

Duncan et al., 1991; Baliunas et al., 1995). Our results are shown in Table 2.1.

In the event that the observed trend is due to stellar activity, we should detect a strong

correlation between the residual (i.e., inner planet subtracted) RV time series and the SHK

index, with SHK ∼> 0.2, consistent with significant activity for stars of similar color to Kepler-

1656 (Isaacson and Fischer, 2010, Figure 9). We show the residual RV data as a function

of SHK in the right panel of Figure 2.2. We computed a Pearson r coefficient of 0.51 for

this data set, suggesting a modest correlation; however, this is not uncommon for stars of

this type and does not necessarily imply an activity-induced RV trend (Wright et al., 2008).

Moreover, the data have a median SHK of 0.15, similar to low-activity stars of similar color.

SHK values within this range are consistent with jitter σj ≈ 2ms−1, which cannot account

for the full ≈ 7ms−1 variability we see in our RVs. Thus, our observed RV trend is most

likely due to an undetected companion–either a star, brown dwarf, or second planet– in the

system.

2.2.3 Periodogram

We conducted a periodogram search for an outer planet in our RV data using RVSearch,

an algorithm that iteratively searches for periodic signals in RV time series data (Rosenthal

et al., 2021). We finely sampled a grid of outer planet periods (Pc) with 31 < Pc < 10, 000

days. For each Pc, RVSearch compares the maximum likelihood 2-planet model to the

single-planet model by evaluating the change in the BIC (see Schwarz, 1978). Peaks in

the periodogram thus correspond to the most plausible periods for the outer planet. A
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Figure 2.3: Top: Change in Bayesian Information Criterion (BIC) comparing 2-planet models
and single-planet models. The trial period of the 2-planet model is shown on the horizontal
axis. The BIC favors Pc ∼ 1920days, corresponding to a second planet in the system.
The BIC associated with eFAP=0.001, above which peaks are considered true planets, is
over-plotted in red. Bottom: The same as the top panel, but comparing 3-planet models
to 2-planet models. No peaks lie above the eFAP=0.001 threshold, indicating no additional
periodic signals are detected.

periodogram search for 2-planet signals is shown in the top panel of Figure 2.3. We also plot

the ∆BIC threshold for false detections, corresponding to an empirical false alarm probability

(eFAP) of 0.1%.

As can be see in the top panel of Figure 2.3, the BIC strongly favors the long-period candidate

peak over the single-planet model with ∆BIC = 79. This model is also favored over other

potential 2-planet models (i.e., other peaks in the periodogram) with ∆BIC ∼> 30, and lies

above the false detection threshold. We find no additional periodic signals after subtracting

the 2-planet signal from our RVs (i.e., considering the 3- versus 2-planet case), as shown in

the bottom panel of Figure 2.3. Thus, we conclude that the long-term trend in our RVs is
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due to a second planet in the system, Kepler-1656c, whose orbital parameters correspond to

the Pc ∼ 1920day peak in the periodogram.

Figure 2.4 shows the best-fit 2-planet Keplerian model of the system, including both Kepler-

1656b and Kepler-1656c.3 We summarize our adopted system parameters from this model

in Table 2.2. We find that Kepler-1656c is a giant planet with Mc = 0.43 ± 0.10Mjup,

semi-major axis ac = 3.057+0.059
−0.052 au, and eccentricity ec = 0.53+0.064

−0.08 . For the remainder of

our analysis, we explore a parameter space in the vicinity Kepler-1656c (see Figure 2.1) to

to uncover the origins of Kepler-1656b’s high eccentricity and to understand the dynamical

evolution of sub-Saturns with outer companions more generally.

Table 2.2: Kepler-1656 System Parameters

Parameter Value Notes

Stellar

M⋆ (M⊙) 1.03± 0.04 A

R⋆ (R⊙) 1.10± 0.13 A

age (Gyr) 6.31+2.1
−2.9 A

vsini (km s−1) 2.8± 1.0 B

Planet b

Pb (days) 31.562± 0.011 C

Tc,b (days) 2455011.47± 0.90 C

eb 0.838+0.045
−0.029 C

ωb 0.922+0.073
−0.095 C

Kb (m s−1) 17.1+5.3
−1.6 C

ab (au) 0.1974± 0.0026 D

3We note that there is an outlier in our RV data that do not fit the model. We examined the pipeline
reduction and spectrum associated with this RV point, but do not find any anomalies. Thus, we include the
outlier in our analysis.
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Table 2.2 Continued

Parameter Value Notes

Mbsini (M⊕) 47.8+6.2
−3.3 D

Mbsini (Mjup) 0.150+0.019
−0.010 D

Mb (M⊕) 47.8+6.2
−3.3 D,E

Mb (Mjup) 0.15± 0.02 D,E

Planet c

Pc (days) 1919+27
−24 C

Tc,c (days) 2459461+24
−26 C

ec 0.527+0.050
−0.054 C

ωc 1.53+0.24
−0.28 C

Kc (m s−1) 6.35+0.56
−0.52 C

ac (au) 3.053± 0.049 D

Mcsini (M⊕) 107.2± 10.2 D

Mcsini (Mjup) 0.337± 0.032 D

Mc (M⊕) 126.4± 28.9 D,F

Mc (Mjup) 0.40± 0.09 D,F

Table Comments: A: Johnson et al. (2017a), B: Petigura et al. (2017a), C: This work,

adopted Keplerian model, D: This work, derived, E: Gaussian priors imposed on Mbsini

based on our RV analysis and i = 89.31± 0.51 reported in Brady et al. (2018), F: Gaussian

prior imposed on Mcsini based on our RV analysis, and uniform prior imposed on cos(i).

19



7750 8000 8250 8500 8750 9000 9250 9500

20

10

0

10

20

30

40

RV
 (

m
 s

1 )

2018 2020
Year

a)

7750 8000 8250 8500 8750 9000 9250 9500
JD - 2450000

10

0

10

20

Re
si

du
al

s

b)

0.4 0.2 0.0 0.2 0.4
Phase

10

0

10

20

RV
 (

m
 s

1 )

c) Pb = 31.56 ± 0.01 days
Kb = 17.1 ± 3.4 m s 1

eb = 0.838 ± 0.037 

0.4 0.2 0.0 0.2 0.4
Phase

10

0

10

20

RV
 (

m
 s

1 )

d) Pc = 1919 ± 25 days
Kc = 6.35 ± 0.54 m s 1

ec = 0.527 ± 0.052 

Figure 2.4: Adopted 2-planet Keplerian model for the Kepler-1656 system. a) Black points
are RVs and the blue line shows our maximum a posteriori model. b) Model residuals
are shown in black. c) Observations are phase-folded over the inner planet period and the
phase-folded Keplerian model is over-plotted. RVs binned in 0.08 units of orbital phase are
shown in red. d) Observations are phase-folded over the outer planet period, phase-folded
Keplerian model is over-plotted.
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Figure 2.5: Schematic of a hierarchical triple system containing Kepler-1656b (Mb) on a
tight inner orbit and a companion (Mc) on a distant, possibly inclined outer orbit around
their host star (M⋆). Note that the sizes of the planets and their orbits are not drawn to
scale.

2.3 Dynamical Model

Our observations in Section 2.2 revealed an outer planetary companion to Kepler-1656b.

Gravitational perturbations from this companion should have a clear signature on the evo-

lution and orbit of the inner planet. Thus, we can simulate the dynamical evolution of the

Kepler-1656 system from an array of initial configurations to investigate formation scenarios

that are consistent with the present-day properties.

An outer companion can excite a planet’s eccentricity via dynamics that arise from a hierar-

chical three-body configuration- that is, a tight inner orbit of two bodies and a long-period

outer orbit of a third body around the inner orbit’s center of mass (see Figure 2.5 for visual

depiction). In this case, the inner and outer orbits torque eachother and exchange angular

momentum over timescales much longer than the planets’ orbital periods. This exchange

produces long-term eccentricity and inclination oscillations known as the the Eccentric Kozai-

Lidov (EKL) mechanism (Kozai, 1962; Lidov, 1962; Naoz, 2016). In this regime, the secular

(i.e. long-term, orbit-averaged) evolution of the system is chaotic and the planet can undergo

extreme eccentricity oscillations (e.g., Li et al., 2014a). This evolution can lead to interest-

ing dynamics, such as engulfment of the inner planet, retrograde orbits or high eccentricity
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migration (e.g., Naoz et al., 2011, 2012; Lai et al., 2018; Vick et al., 2019). For example,

hot Jupiters on orbits that are misaligned with their host star’s spin can be attributed to

this mechanism (Albrecht et al., 2012; Naoz et al., 2011, 2012; Anderson et al., 2016; Storch

et al., 2017; Stephan et al., 2018).

In this section, we outline the physical setup and relevant dynamical processes at play for

the Kepler-1656 system - that is, a 2-planet system with a hierarchical orbital configuration

subject to EKL behavior and other dynamical effects which we outline below. We then

describe the underlying physics and initial conditions of our dynamical simulations.

2.3.1 Physical Setup & Relevant Timescales

Kepler-1656b’s orbit together with the distant companion form a hierarchical triple system

in which Kepler-1656b orbits on a tight inner orbit with respect to the companion. In this

section, we examine the general dynamical landscape of hierarchical 2-planet systems like

Kepler-1656 by comparing timescales associated with various physical processes that are

at play. In particular, we consider hierarchical triple systems consisting of inner planets

with outer companions in the vicinity of parameter space where Kepler-1656c resides (i.e.,

the outlined region of Figure 2.1) to capture a dynamical picture of Kepler-1656b and and

similar sub-Saturns with distant companions.

For an inner companion of mass Mb and outer planet of mass Mc orbiting a host star of mass

M⋆ the EKL-induced eccentricity oscillations occur on a characteristic timescale, hereafter
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tEKL (e.g., Antognini, 2015):

tEKL =
16

30π

M⋆ +Mb +Mc

Mc

P 2
c

Pb(1− e2c)
3/2

(2.1)

∼ 8.3× 104yr

(
M⋆

M⊙

)(
Mc

Mjup

)−1

×
(

Pb

30 days

)−1(
Pc

5yrs

)2 [
1−

( ec
0.5

)2
]−3/2

,

where Pb and Pc are the inner and outer orbital periods and ec is the eccentricity of the

outer planet. Here we consider the lowest order level of secular approximation, namely the

quadrupole-level, which describes the shortest timescale over which the eccentricity oscillates

(e.g., Naoz et al., 2013a). We plot tEKL versus inner planet semi-major axis (ab) for outer

companions consistent with our observations as a blue shaded band in Figure 2.6. In our

simulations, we also account for the fact that these oscillations may be modulated by the

octupole-level order of the secular approximation, which can lead to more chaotic evolution

and larger amplitudes (Naoz, 2016).

In addition to the EKL mechanism, there are several potentially relevant effects that may

contribute to the evolution of the systems we consider. In particular, General Relativity

(GR) precession, as well as tidal effects like circularization and shrinking, all contribute

to the secular dynamical evolution of the Kepler-1656 system. While the EKL mechanism

excites eccentricity, the aforementioned processes tend to suppress it (e.g., Fabrycky and

Tremaine, 2007; Ford et al., 2000; Naoz et al., 2013b). For instance, the GR precession of

the inner planet orbit occurs on a typical timescale of

tGR = 2π
a
5/2
b c2(1− e2b)

3G3/2(M⋆ +Mb)3/2
(2.2)

∼ 2.2× 105yr

(
M⋆

M⊙

)−3/2 ( ab
0.2 au

)5/2

×
[
1−

( eb
0.8

)2
]
,
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where G is the gravitational constant and c is the speed of light. This precession suppresses

EKL eccentricity excitations if tGR is shorter than tEKL (i.e., the upper left region of Figure

2.6).4

Given Kepler-1656b’s high eccentricity it is also important to compare tEKL to the shrinking

and circularization timescales (tshrink, and tcirc, respectively) of the inner orbit due to tides.

We estimate these timescales for inner planet orbit due to equilibrium tides (e.g., Eggleton

et al., 1998; Eggleton and Kiseleva-Eggleton, 2001), which for eb ∼ 0.8 can be approximated

as:

tshrink ∼ tv,ba
8
bM

2
b(1− e2b)

15/2fT (eb)

162(1 + 2ks,b)2R8
bM⋆(M⋆ +Mb)e2b

(2.3)

∼ 4.1× 1010yr

(
M⋆

M⊙

)−2 ( ab
0.2 au

)8
(

Mb

50M⊕

)2

×
(

Rb

5R⊕

)−8 [
1−

( eb
0.8

)2
]15/2 ( eb

0.8

)−2

× f(eb)

and

tcirc ∼ tv,ba
8
bM

2
b(1− e2b)

13/2fT (eb)

81(1 + 2ks,b)2R8
bM⋆(M⋆ +Mb)

(2.4)

∼ 1.5× 1011yr

(
M⋆

M⊙

)−2 ( ab
0.2 au

)8
(

Mb

50M⊕

)2

×
(

Rb

5R⊕

)−8 [
1−

( eb
0.8

)2
]13/2

× f(eb),

where Rb is the radius of the inner planet, tv,b is the viscous timescale of the inner planet,

ks,b is the classical apsidal motion constant, and we define f(e) ≡ 1/(1 + 15/4e2 + 15/8e4 +

5/64e6). Note that these are approximate scalings for the Kepler-1656 system in its cur-
4Although, in some cases, when the GR precession timescale is of the order of the quadrupole timescale, it

can destabilize the resonance and potentially re-trigger high eccentricity excitations (e.g., Naoz et al., 2013b;
Hansen and Naoz, 2020).
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rent configuration–for our simulations, we use the full equations derived from Eggleton and

Kiseleva-Eggleton (2001) which also depend on Ωs,b, the spin rate of the inner planet (see

Naoz, 2016, eq. 86-90). We adopt nominal values of ks,b = 0.25 and tv,b = 1.5 yr in these

equations. Our nominal tv,b corresponds to a tidal quality factor of Qb ≈ 1.8 × 106 for the

planet, where tv,b is related to Qb by following the equilibrium tide formalism from Naoz

et al. (2016):

Qb =
4

3

ks,b
(1 + 2ks,b)2

GMb

R3
b

Pbtv,b
2π

. (2.5)

Figure 2.6: Relevant dynamical timescales for Kepler-1656b in the presence of companions
similar to Kepler-1656c are plotted as a function of the inner planet orbital separation, ab.
The shaded blue band represents the range of eccentricity oscillation timescale tEKL for outer
companions in the parameter space surrounding Kepler-1656c, with 0.1Mb < Mc < 2Mjup,
P2 = 600 − 4000days (ac = 1.4 − 5 au), and ec = 0 − 0.9. For the tidal shrinking and
circularization timescales, we consider a range of planet and star spin periods from 1-30
days. The upper boundary of the blue region is set by ac=5, Mc=0.1Mb, ec=0 and the lower
boundary is set by ac=1.4, Mc=2Mjup, ec=0.9.

We show tshrink and tcirc timescales for a range of ab in Figure 2.6, where we consider both

tides due to the planet and due to the star (see label). For the purpose of this figure we spin

periods between 1− 30 days for both the planet and star (i.e., Ωs,b=0.03-1 days−1, shown as
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shaded bands). As can be seen, both the shrinking and circularization timescales are longer

than the system’s age for the planet’s observed semi-major axis5.

We see from Figure 2.6 that Kepler-1656b’s current orbit (vertical dashed line) lies in the

regime where EKL and GR precession timescales are shortest, indicating these timescales

will compete to dominate the overall system behavior. Additionally, for some companions

(i.e., in the left-hand region of the blue band in Figure 2.6), tshrink and tcirc are similar in

magnitude to tEKL. Accordingly, for initial configurations where Kepler-1656b orbits closer

to the host star, tides may play a role in suppressing eccentricity excitations (note that these

timescales are plotted for Kepler-1656b’s current orbit with eb ≈ 0.8, however, inner planets

with higher eccentricities may have shorter tidal timescales). All this is to say that different

companions will either induce or suppress eccentricity oscillations for Kepler-1656b.

We model the secular evolution of the system (up to the octupole-level of approximation)

taking all of the aforementioned physical processes into account, i.e., EKL, GR, and tidal

circularization and shrinking. We also include stellar evolution, which traces the host star’s

spin. Stellar evolution can play an important role in the dynamics of the planet. For example,

an expanding star can engulf or circularize the inner planet, while a star undergoing mass

loss can widen its orbit (e.g., Dobbs-Dixon et al., 2004; Stephan et al., 2017, 2018, 2020b,a).

Our simulations compute the secular evolution of the inner and outer orbits over time from

a suite of initial configurations which we describe in the next section.

2.3.2 Initial Conditions

In all of our simulations, we fix the host star and inner planet parameters to values reported

in Table 2.2 and sample from the parameter space surrounding our best-fit values for planet c.
5We note that equilibrium tides tend to underestimate the efficiency of the tides compared to chaotic

dynamical tides for sufficiently large eccentricity (Vick et al., 2019). Thus, for Kepler-1656b’s eccentricity,
the chaotic dynamical tides may result in more close-in, tidally locked systems than predicted by equilibrium
tides, as we discuss in more detail in Section 2.4.1
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We set the mass and radius for the host star and inner planet to Mb = 48.6M⊕, Rb = 5.02R⊕,

M⋆ = 1.03M⊙, and R⋆ = 1.10R⊙. We considered candidate outer planets in the vicinity

of Kepler-1656c with Pc = 600 − 4, 000days, corresponding to a uniform distribution of

ac = 1.4− 5 au, and Mc from a log-uniform distribution within the planetary-mass regime of

0.1Mb < Mc < 2Mjup. We sample the mutual inclination from an isotropic distribution (i.e.,

uniform distribution for cos ibc) and ec from a uniform distribution of (0, 1). These initial

conditions are depicted in Table 2.3. To explore the origins of Kepler-1656b’s eccentricity,

we place Kepler-1656b at an near-circular orbit initially (e = 0.01).

We fix the viscous timescale of the star and planet to tv,⋆ = tv,b =1.5 yr in our simulations.

We note that while a more detailed modeling of tidal effects is valuable for this system, it is

beyond the scope of this paper. We model the secular evolution of the Kepler-1656 system by

numerically solving the octupole-level Hamiltonian for the hierarchical triple following Naoz

et al. (2013a), folding in GR effects for the inner and outer orbit (Naoz et al., 2013b) and tidal

effects (following Eggleton and Kiseleva-Eggleton, 2001). We account for the star’s stellar

evolution using SSE evolution code (Hurley et al., 2000), which is important particularly

in accounting for the stellar spin’s evolution (this combined code was tested and apply to

various range of astrophysical systems, see for example Naoz et al., 2016; Stephan et al.,

2016, 2018). To account for the mentioned uncertainty in the tidal timescale as well as the

large uncertainty of the system’s age, we focus on timestamps within ±20% of the system age,

tsys = 6.31 Gyr. This window is conservative compared to the system errorbars (∆t ≈ 3Gyr,

see Johnson et al., 2017a).

We ran two sets simulations under the aforementioned initial conditions: one where we

sample ab = 0.1− 10 au to allow for the possibility of migration, and one in which begins in

situ at ab=0.197 au (see Table 2.3). The first set of 800 simulations (hereafter Set 1) samples

ab from a log-uniform distribution between 0.1 au and a maximum value set by the following
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stability criterion:

ab ≤ ϵmaxac
1− e2c
ec

, (2.6)

where we fix ϵmax = 0.1 to be the maximum relative amplitudes of the octupole and

quadrupole terms in the Hamiltonian. This criterion verifies that the system is hierarchical

and that the secular approximation is valid (Naoz, 2016)6.

We ran two sets simulations under the aforementioned initial conditions: one where we

sample ab = 0.1− 10 au to allow for the possibility of migration, and one in which begins in

situ at ab=0.197 au (see Table 2.3). The first set of 800 simulations (hereafter Set 1) samples

ab from a log-uniform distribution between 0.1 au and a maximum value set by eq. 2.6.

Following the results of Set 1, we find that only the systems that began in situ (i.e., with

ab = 0.197 au initially) ended up in the regime that matches Kepler-1656b’s observational

constrains (see Section 2.4.1 for more details). This motivated us to run a second set of

simulations that only considers systems beginning in situ with ab = 0.197 au, hereafter Set

2. For Set 2, we draw from the same distributions as Set 1 for all parameters except ab and

apply the aforementioned stability criterion by rejecting initial conditions for which ϵ > 0.1

(see eq. 2.6). We run 1000 of these systems, as summarized in Table 2.3.

Table 2.3: Simulation Overview

Parameter Set 1 Set 2 Distribution

Nsim 800 1000 –

ab 0.1-10 au 0.197 au log-uniform (1), fixed (2)

ac 1.4-5 au ”a uniform

Mb 48.6 M⊕ ” fixed

6To verify our stability condition, we calculated the timescale for the Kepler-1656 system to become
unstable independently using stability metric from Zhang et al., in prep. We find that systems with ϵ > 0.1
become unstable in timescales much smaller than the EKL timescale (eq. 17) by this metric, confirming that
our stability criterion is reasonable.
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Table 2.3 Continued

Parameter Set 1 Set 2 Distribution

Mc 0.1 Mb-2Mjup ” log-uniform

eb 0.01b ” fixed

ec 0-1 ” uniform

ibc 0-180◦ ” uniform in cos(ibc)

Table Comments:

a denotes same values as in Set 1.

b not fixed at eb = 0 exactly to avoid errors in our numerical calculations.

2.4 Dynamical analysis

2.4.1 Kepler-1656b Has Not Migrated

Results from Set 1 of our simulations (i.e., models in which Kepler-1656b was sampled at a

range of initial semi-major axes) are plotted as a function of the planet’s eccentricity and

semi-major axis in the top panel of Figure 2.7. We overplot the region of eccentricity versus

semi-major axes (hereafter “e-a") space that is consistent with our observations as a black

rectangle. Here we define consistent as having a ab = 0.16 − 0.24 au, eb = 0.67 − 1 (note

however that in some cases in the rectangle where eb ≈ 1, the planet plunges into the host

star and is thus inconsistent with our observations, as discussed further in the following

section). For these simulations, only 2.0%ended up in the observed configuration at some

point within 20% (1.2Gyr) of the system’s age. As seen in Figure 2.7, all of these models

were in situ initially, providing early evidence that Kepler-1656b began its dynamical lifetime

in situ.
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The upper envelope of e-a space overplotted in Figure 2.7 shows the constant angular mo-

mentum track that planets undergoing high eccentricity migration follow. For these planets,

scattering, EKL, or secular chaos (Rasio and Ford, 1996; Chatterjee et al., 2008; Naoz et al.,

2011; Lithwick and Wu, 2014, see) can cause tidal effects to dominate over perturbations from

the outer companions. These tidal effects cause the inner planet to circularize and migrate

inward. The initial angular momentum for these eccentric systems, with initial eccentricity

eb,i and semi-major axis ab,i, can be written as:

J2 ∝ ab,i(1− e2b,i) ≈ 2ab,i(1− eb,i) , (2.7)

since eb,i → 1 for an initially eccentric planet. Similarly, the final angular momentum can

be written as:

J2 ∝ ab,f(1− e2b,f) ≈ ab,f , (2.8)

since eb,i → 0 as the planet circularizes. The planet’s orbit can continue to shrink without

being tidally disrupted as long as its closest approach rperi = ab(1−eb) is larger than its Roche

limit, so the lowest possible periastron the planet can shrink to is ab,f(1−eb,f) ≈ ab,f ≈ RRoche.

Angular momentum is conserved in this process; thus, we can combine eq. 2.7 and 2.8 to

get:

ab,i(1− e2b,i) ≈ ab,f = RRoche. (2.9)

We show this envelope as solid black line in Figure 2.7 for afinal = 0.01 au. The shaded region

around this line shows the same upper envelope for a range of ab,f within a factor of 2. As

we can see, Kepler-1656b does not migrate from its initial semi-major axis in any of our

simulations prior to reaching this upper envelope.

We also consider a second e-a upper envelope for Kepler-1656b set by chaotic tides between

the planet’s orbital energy and fundamental modes (i.e., “f-modes", e.g., Wu, 2018; Vick

et al., 2019). For close, eccentric orbits, a planet’s orbital energy may be converted into

30



internal fluid energy (a.k.a. “f-mode oscillations") via tidal stretching and compression at

periastron passage, thereby causing the orbit to circularize over time. Wu (2018) describes

the quantitative criterion for this chaotic tidal evolution to occur:

ab(1− eb) ≤ 0.02 au

(
Rb

1.1Rjup

)2/21 ( ab,i
1 au

)5/42

×
(
Q

′

nl

0.5

)2/21(
P

1.04× 104s

)11/21

, (2.10)

where ab,i is Kepler-1656b’s initial separation, (i.e., 0.197 for the in situ case), Q
′

nl is a

dimensionless form of the tidal integral (set to 0.5 for f-modes), and P is the period of the

prograde mode (P = 3.4× 104 sec for a spin period 10 days).

We overplot this criterion as a dashed upper envelope to the e-a in Figure 2.7. We see

here that our simulations do not reside in the regime where chaotic tides play a large role

in the evolution of Kepler-1656b (i.e., the e-a region between the dashed and solid lines).

Furthermore, we see from this figure that our simulations do not migrate prior to reaching

the upper envelope set constant angular momentum. Thus, only systems that began in

situ can reach the high eccentricity we observe. Motivated by these results, Set 2 requires

Kepler-1656b to be in situ at the start of our simulations.

Set 2 produces results that are significantly more consistent with our observations, with

3.3%ending up in the observed configuration within 20% of the system’s age (compared to

2.0%in Set 1). The absence of pre-envelope migration in both sets of simulations and the

increased likelihood of matching our observations in for Set 2 both suggest that the planet

began its dynamical lifetime in situ. We stress, however, that this does not require the planet

to have originally formed in situ– there are a number of different paths for Kepler-1656b to

reach this configuration prior to its in situ EKL onset, which we discuss in Section 2.5.
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2.4.2 Fate of Sub-Saturns with Distant Giant Companions

Figure 2.7 shows the the evolution of all models in Set 1 (top row) and Set 2 (bottom row)

of our simulations in e-a space, color-coded according to the final outcome for that system.

In both rows, the left panel shows only the initial and final timestamps of each simulation,

and the right panel shows all timestamps within 20% of the system’s age. We overplot the

constant angular momentum envelope in each panel, as well as the aforementioned diffusive

tides criterion from Wu (2018) (see eq. 2.9 and 2.10, respectively).

In general, there are four possible outcomes for our simulations:

• Inner planet crosses the star’s Roche limit: If the eccentricity of the inner planet

is extremely high, as can be the case for the EKL mechanism (e.g., Li et al., 2014b),

the orbit can fall within the star’s Roche lobe at closest approach, causing the planet

to plunge into its host star. We find that 0.8%(8.0%) of systems are plunge into their

host in Set 2 (1) of our simulations. We mark these systems in red in Figure 2.7, and

as is depicted, they are confined to the upper part of the angular momentum envelope.

Crossing the host star’s Roche limit is a typical outcome of the EKL mechanism (Naoz

et al., 2012), and can have ramifications on the star’s spin (e.g., Soker and Harpaz,

2000; Metzger et al., 2012; Qureshi et al., 2018a; Stephan et al., 2020b) and Lithium

abundance (Aguilera-Gómez et al., 2016; Bharat Kumar et al., 2018). We see evi-

dence for this in pre-engulfment hot Jupiters and ultra-short period planets (USPs) as

well as post-engulfment white dwarfs (see Jura et al., 2009; Zuckerman et al., 2010;

Maciejewski et al., 2016; Stephan et al., 2018).

The orbits of the systems highlighted in Figure 2.7 are short-lived. They also tend to

have closer and more eccentric companions (e ≈0.5) and slightly misaligned mutual in-

clinations (ibc ∼ 40o), which are generally less stable than their retrograde counterparts

(e.g., Innanen et al., 1997). This is evident in Figure 2.9 which shows the distribution
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Figure 2.7: Eccentricity and semi-major axis of simulated planet b’s with planet c parameters
drawn according to the distributions described in Table 2.3. The top row shows selected
timestamps from simulations Set 1, with just initial and final timestamps at t = 0 and
t = 7.5Gyr connected by grey lines on the left, and all timestamps within 20% of the
system’s age (i.e. t = 5.4 − 7.5Gyr) on the right. The bottom row shows the same for
simulations Set 2. In all panels, the points are colored according to the simulation outcome.
The upper envelope set by constant angular momentum (eq. 2.9) is plotted in black for a
range of ab,f within a factor of 2 of 0.01 au (shaded region), as well the upper envelope set
by chaotic tides (see Wu, 2018, Equation 20). The region of the diagram that lies within
20% of the observed semi-major axis and eccentricity values reported in Brady et al. (2018)
is outlined in black.
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Figure 2.8: Evolution of three simulations with qualitatively different outcomes. Left: For a
system with Mc = 1.52Mjup, ac = 2.52 au, ec = 0.64, ibc = 112.96◦ initially, the inner planet
becomes tidally locked after 1.2 × 106 years. Middle: For a system with Mc=1.28Mjup,
ac = 1.88 au, ec = 0.51, ibc = 76.93◦ initially, the inner planet crosses the host star’s Roche
limit after 5× 106 years. Right: For Mc = 1.09Mjup, ac = 2.09 au, ec = 0.014, ibc = 121.65◦

initially, we reproduce our observations for a sustained, eccentric orbit for the inner planet
past 6.3× 109 years.
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of companion parameters for the subset of simulations that plunge into their host star,

as well as subsets for the other three simulations outcomes (as also highlighted in the

density maps in Appendix B, Figure 13). Additionally, these systems are consistent

with more massive outer companions (Figure 2.9, middle panel of row 2) which will

tend to simultaneously perturb the inner planet and resist torque induced by it. An

example of the evolution for such a system is shown in Figure 2.8. These outcomes sug-

gest that sub-Saturns engulfed by their star’s Roche lobe are more likely to arise from

slightly misaligned (ibc ∼ 40o) 2-planet systems with eccentric, massive (M ≥1Mjup)

outer companions.

• Inner planet is tidally locked: When the eccentricity is excited to high values

but the planet remains outside the star’s Roche limit, tidal effects start to dominate

and the planet’s semi-major axis shrinks and circularizes, settling in a tidally locked

configuration for the inner orbit. For our simulations, we found that 10.3%(15.3%) of

systems in Set 2 (1) were tidally locked within the 7.5Gyr of our simulations. They

are marked in grey in Figure 2.7, and are connected to their initial e-a configurations

in the left panel. We also show the evolution for one of these tidally locked systems in

the left panel of Figure 2.8.

The process of tidal locking has been discussed extensively in the literature (e.g., Fab-

rycky and Tremaine, 2007; Wu et al., 2007; Naoz et al., 2012; Petrovich, 2015). Along

with stellar binary companions, planetary companions can also torque the inner planet

and induce tidal migration and locking (Naoz et al., 2011; Teyssandier et al., 2013;

Petrovich and Tremaine, 2016). It has been shown that mutual inclination between

nominal Kozai angles of ∼ 40◦ and ∼ 140◦ are required to reach the high eccentricity

needed for tides to shrink and circularized the orbit. We see here (top row, left panel)

that initially large inclinations, along with moderate outer orbit eccentricity, are in-

deed needed to produce tidally locked orbits (see also Appendix B, Figure 13). These

results imply that warm, tidally locked sub-Saturns in 2-planet systems are born out
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of configurations in which the outer companion is eccentric and mutually inclined with

respect to the inner orbit. We classify outer companions that cause their inner planet

to tidally lock as “strong companions", since they have drastic effects on the system’s

orbital architecture (see Section 2.5 for a detailed discussion).

• Planet-planet scattering: For configurations in which the inner and outer orbits are

tightly packed, the system can become dynamically unstable or only marginally hier-

archical (e.g., Bhaskar et al., 2021). For our simulations, this instability can arise from

one of two possible outcomes: (1) the orbital configuration becomes non-hierarchical

(i.e., ab,apo/ac,peri ≤ (Mb/Mc)
1/3), in which case the secular approximation breaks down

and the inner planet is gravitationally captured by the outer planet (Naoz and Silk,

2014), or (2) the planets orbit within a factor of 5 of their mutual Hill radius, thus

becoming dynamically unstable over timescales of ∼ 109 years (Chatterjee et al., 2008).

These scenarios cause the hierarchical approximation in our simulations to break down,

thus we do not model the dynamical evolution beyond this point. Instead, we classify

both of these events as planet-planet scattering outcomes, whereby the gravitational in-

teractions between the two planets lead to dynamical instability and possible collisions

or ejections (e.g., Rasio and Ford, 1996; Chatterjee et al., 2008). For our simulations,

we find that 0.1%(6.0%) of systems in Set 2 (1) produce this outcome. As shown in

Figure 2.7, simulations in which Kepler-1656b starts further out (i.e., simulations in

Set 1) are more likely to scatter because the inner planet is closer, on average, to the

companion from the start7.

Planet-planet scattering has been suggested to explain both individual planetary sys-

tems and population-level trends. For example, the misaligned orbits of KOI-13.01, HD

147506b, and HAT-P-7b, as well as multiple eccentric orbits in the upsilon-Andromedae

system, are thought to be the outcome of planet-planet scattering events (Barnes et al.,
7We do not include these systems in Figure 2.9 because only 1 simulation from Set 2 has this outcome.

This system had an outer companion with Mc = 0.04Mjup, ac = 2 au, ec = 0.42, ibc = 105◦ initially.
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2011; Winn et al., 2007; Ford et al., 2005; Narita et al., 2009). Beyond this, demo-

graphic trends such as the observed distribution of planet eccentricities, correlations

between host star metallicity and orbital period, and orbital properties of hot Jupiters

can be explained at least in part by planet-planet scattering (Ford and Rasio, 2008;

Petigura et al., 2018c; Dawson and Johnson, 2018). We also speculate that perhaps

a planet-planet scattering event resulted in the in situ configuration we propose for

the onset of EKL effects in the Kepler-1656 system (see Section 2.5 for details). This

speculation is consistent with the recent study of the HR 5183b system (Mustill et al.,

2021).

• Inner planet survives and matches our observations: In some cases, the ec-

centricity of the inner planet is excited via the EKL mechanism to values that are

just below the upper envelope of the e-a diagram. The result of this evolution is a

significantly eccentric inner orbit (eb ≥ 0.67, within 20% of the observed value for

Kepler-1656b)8, but still low enough to be stable over ∼ 109 -year timescales with-

out being subject to the aforementioned tidal effects. Orbits like this are consistent

with our observations of Kepler-1656b, and are the outcome for 3.3%(2.0%) of our

simulations in Set 2 (1) (see Figure 2.8 for an example).

Stable, eccentric orbits like Kepler-1656b’s are a predicted outcome for systems subject

to EKL-dominated evolution (e.g., Naoz et al., 2011, 2012; Li et al., 2014b; Petrovich,

2015; Petrovich and Tremaine, 2016). In these cases, torque exchanged by the inner

and outer orbits causes the inner planet’s eccentricity to oscillate with brief excursions

to high values (see Figure 2.8 for detailed evolution). For simulations that remain

below the upper e-a envelope, these oscillations are sustained over timescales up to

and past t = 6.3Gyr, thus reproducing our observations at the system’s reported age.

It is also important to note that even for systems that match our observations, Kepler-
8Note that this 20% is larger than the reported errorbars in Table 2.2. This relaxed constraint is to

account for both the finite time sampling in our simulations and the choatic nature of the EKL mechanism
(e.g., Naoz et al., 2016)
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1656b spends a large fraction its lifetime in much less eccentric orbits due to the nature

of its eccentricity oscillations, as can be illustrated in the upper right panel of Figure 2.8.

As such, it is possible that several other known, less eccentric exoplanets are undergoing

similar high-amplitude eccentricity oscillations induced by outer companions, but are

observed during a period of lower eccentricity. We classify companions that induce

these in situ eccentricity oscillations as “gentle companions", because they are relatively

well-behaved compared to their more disruptive “strong companion" counterparts, as

discussed further in Section 2.5. Kepler-1656cis an example of one such companion, and

drives Kepler-1656b to oscillate between low and high values throughout it’s lifetime.

• Inner planet survives, but does not match our observations: The majority

of our simulations (68.7%and 85.5%for Set 1 and 2, respectively) do not fall in any

of the categories described above, and instead simply retain less eccentric (eb < 0.67)

orbits for the duration of our simulations (see Figure 2.7). Still, these systems are

valuable to our analysis because their initial conditions can be ruled out as possible

origins scenarios to Kepler-1656b, since they are unable to reproduce our observations.

Additionally, their low-to-moderate eccentricities and large distance from the upper

envelope place them in a distinct region of e-a space compared to their more eccentric

counterparts described above. Thus, planets in this region of parameter space may be

signatures of distant companions that are exciting their eccentricities to values lower

than that of Kepler-1656b. We discuss this possibility in more detail in Section 2.5.

The fact that a subset of our EKL simulations are consistent with our observations of Kepler-

1656b indicates that the EKL mechanism is a plausible origin scenario for Kepler-1656b’s

eccentric orbit. Moreover, the range of possible outcomes in our simulations suggests a

diverse set of dynamical histories for sub-Saturns with distant giant companions. We discuss

these histories and their potential signatures on the e-a distribution of exoplanets in Section

2.5.
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Figure 2.9: Normalized distributions are plotted for various orbital outer planet parameters
in Set 2 our simulations. The models are divided into the following subsets: models in which
the inner planet becomes tidally locked (left), models in which the inner planet plunges
into its host star (middle), and models in which the inner planet is consistent with our
observations (right). For all panels, the initial distribution of our entire set of models is
shown in grey. Initial and final distributions of different subsets are over-plotted in red and
blue, respectively.

2.4.3 Properties and Influence of the Outer Planet

Our simulations reveal that a subset of our sampled companions can reproduce the observed

orbital configuration. Thus, we can search for commonalities in this subset to constrain

both the evolution and observable properties of Kepler-1656c. Since Set 2 is more consistent

with our observations, we focus on just this set for the remainder of our analysis of Kepler-

1656 and return to our discussion of Set 1 in Section 2.5 to make generalizations about the
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sub-Saturn population.

The simulations that reproduce Kepler-1656b’s orbit evolve from a unique set of orbital

configurations (see Figure 2.9, right column), allowing us to uncover possible origin scenarios

for the system. In particular, models that match our observations have identical initial and

final distributions for the companion semi-major axis (ac). This suggests that ac does not

change over time, and much like its inner companion, Kepler-1656c likely began its dynamical

lifetime in situ.

Figure 2.9 also shows that although Kepler-1656b and Kepler-1656c can end up with any

mutual inclination within ibc = 40 − 150◦, they are born out of a slightly more narrow

distribution of ibc = 60− 130◦. We also see that Kepler-1656c can be anywhere from 0− 0.8

initially. These initial conditions are consistent with predictions conditions required for EKL

onset– that is, an eccentric outer orbit and significant mutual inclination between the inner

and outer orbits (Naoz, 2016). In fact, our simulations show that Kepler-1656b’s dynamical

behavior is driven by quadrupole-level EKL oscillations (see Appendix A, eq. 17). These

oscillations perturb the inner orbit just enough to excite it to its high eccentricity, but

not enough to induce high eccentricity migration. We note that these are not test-particle

quadrupole-level as the inner orbit’s angular momentum is not conserved Naoz et al. (2011,

2013a). Further discussion on this dynamical behavior can be found in Appendix A.

Beyond this, commonalities in the simulations that reproduce our observations inform us

about the companion’s current orbital configuration. This is evident in Figure 2.10, which

shows 2D distributions of the companion properties in our simulations, both initially (in

tan) and today (i.e., when t is within 20% of tsys, in blue). We also overlay Kepler-1656c

for comparison based on orbital properties derived in Section 2.2. We see from the leftmost

panel in this figure that Kepler-1656b and Kepler-1656c must orbit with a nearly polar

mutual inclination (ibc ≈ 90◦) in order to be consistent with our observed ac =3.05 au and

ec =0.53. We also see that for all panels, Kepler-1656c’s orbital properties are consistent
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with models that reproduce Kepler-1656b’s high eccentricity. Thus, EKL oscillations induced

by gravitational perturbations from Kepler-1656c is a promising origin scenario for Kepler-

1656b.

2.4.4 Predictions for Inner Planet Obliquity

One of the parameters of planet b that is traced in our simulations is the orbital obliquity,

λb, which defines the angle between the host star’s spin axis and the planet’s orbital an-

gular momentum vector. In our analysis, we found that the subset of simulations that are

consistent with our observations produce a wide range of values for Kepler-1656b’s current

spin-orbit angle, or obliquity λb, with values ranging from prograde to retrograde and a

slight preference for polar orbits (λb ≈ 90◦, see Figure 2.11). This, along with our pre-

dicted near-polar mutual inclination, is consistent with the previously suggested correlation

between stellar obliquities and planetary mutual inclinations in systems with distant giant

companions (Wang et al., 2021). Furthermore, a misaligned orbit for Kepler-1656b sug-

gests that it is part of a growing sample of exoplanet systems hosting eccentric, misaligned,

sub-Jovian planets with distant giant companions (see for example Yee et al., 2018; Dalal

et al., 2019; Correia et al., 2020). While it has been suggested that a slowly decaying outer

protoplanetary disk may produce sub-Neptunes in these architectures, whether or not this

mechanism is relevant for sub-Saturns like Kepler-1656b remains to be seen (e.g., Petrovich

et al., 2020). Nevertheless, the misaligned and often polar orbits favored in our models show

that gravitational interactions from a distant, outer companion may be the instigator for

these configurations beyond the case of Kepler-1656b.

Figure 2.11 also demonstrates that engulfment and tidal locking produce distinctive obliquity

distributions for the inner planet. For instance, systems for which the inner planet plunges

into the host star are overwhelmingly on prograde orbits right before they plunge in. This
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Figure 2.10: Smoothed 2D histograms of final conditions for all models (tan) and models
that are consistent with our observations (blue) from Set 2 of our simulations are shown. We
see that models consistent with our observations place constraints on the mutual inclination
between Kepler-1656b and Kepler-1656c, which we refer to as ibc . We also overlay Kepler-
1656c based on properties found in Section 2.2. The diagonal panels show 1D distributions
of parameters, that have been normalized to sum to 1.
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Figure 2.11: Final spin-orbit angle, or obliquity, of Kepler-1656b is shown for subsets of our
simulations Set 2 for which inner planet matches our observations (blue line), plunges into
its host star (grey dotted line), or becomes tidally locked (red dashed line).

trend should produce an observational signature on the population of post-engulfment host

stars– specifically, plunging planets on prograde orbits will slow their host star’s rotation

(e.g., Qureshi et al., 2018b; Stephan et al., 2020b). On the other hand, for systems in which

the inner planet becomes tidally locked, the final distribution of obliquities matches that of

tidally locked hot Jupiters (e.g., Naoz et al., 2012). These predicted obliquity trends will

be relevant to the next-generation spectrometers that can resolve obliquities of Jovian and

sub-Jovian planets in multi-planet systems.

2.5 Discussion

Our analysis suggests an in situ beginning (here we use “beginning" to refer specifically to

onset of EKL effects) with subsequent EKL-driven excitations is a plausible pathway for

Kepler-1656b’s orbital evolution to the close-in, highly eccentric orbit we see today. This

proposed in situ configuration may point to in situ origins for Kepler-1656b, consistent with

existing theories that dense planets with high core mass fractions can form in situ out of
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Figure 2.12: Left: The population of known giant planets is shown in e-a space. We plot
sub-populations of Sub-Saturns (M = 15 − 60M⊕) in blue, Saturns (M = 60 − 100M⊕) in
red, and Jupiters (M > 100M⊕) in tan. Kepler-1656b and Kepler-1656c is over-plotted and
labeled accordingly. Data were obtained from the NASA Exoplanet Archive (Akeson et al.,
2013). Right: The same population is plotted in grey. The shaded gradient represents an
increasing need for gentle companions to explain orbital configurations towards the upper
envelope, and the red region represents tidally locked configurations that may indicate the
presence of strong companions. In both panels, the upper envelope set by angular momentum
conservation is over-plotted.

44



particularly dusty disk environments (e.g., Lee et al., 2014; Lee and Chiang, 2015). It is also

in line with more general theories of in situ giant formation (see for example Batygin et al.,

2016). However, we cannot rule out the possibility that events such as flybys, scattering, or

a merger occurred prior to EKL onset, in which case Kepler-1656b may not have formed in

its present-day configuration. In fact, it is possible that a flyby or planet-planet scattering

event pushed Kepler-1656b’s orbit inwards from larger distances and/or into the required

non-negligible mutual inclination between the two planets to trigger the onset of EKL (see

Mustill et al., 2021, for an example of such evolution)9. In this case, it remains possible

that a merger prior to EKL onset explains Kepler-1656b’s below-average envelope mass

fraction (fenv ≈ 2.8%), as suggested by Millholland et al. (2020). Still, we stress that

Kepler-1656b’s eccentricity is not easily explained by flybys, scattering, or a merger alone–

thus, perturbations from Kepler-1656c is our prevailing explanation for the inner orbital

eccentricity 10

Previously, Brady et al. (2018) suggested that Kepler-1656b might be undergoing high ec-

centricity migration given its proximity to the upper envelope of the e-a distribution. Here

we find evidence for the contrary: our simulations indicate that Kepler-1656b’s outer com-

panion induces high-amplitude eccentricity oscillations gently, i.e. without triggering high

eccentricity migration. From these results, we classify two types of outer planets: those

that induce tidal migration of their inner companions (“strong companions"), and those that

do not, while still exciting eccentricity (“gentle companions"). We note that for due to the

nature of their eccentricity oscillations, systems with gentle companions spend more time in

less eccentric orbits, and only a small fraction of time in orbits as eccentric as Kepler-1656b’s

(see Section 2.3.1 and Figure 2.8). On the other hand, strong companions cause their inner

planet to tidally circularize. Thus, our simulations show that sub-Saturns with outer com-
9The analysis of the possible flybys and/or planet-planet scattering prior to the EKL evolution is beyond

the scope of this study.
10We note that stellar flybys are an unlikely scenario for our system as they needed an unreasonable

number of close interaction, see Batygin et al. (2020).
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panions can populate wide regions of e-a parameter space, depending on effects from the

companion.

Comparing Kepler-1656b to the general population of sub-Saturns (M = 15− 60M⊕), Sat-

urns (M = 60 − 100M⊕) and Jupiters (M > 100M⊕) suggests similar dynamical histories

for these planets, as highlighted in Figure 2.12. While a more rigorous statistical analysis is

required, already from comparing our simulation results to observations (see Figure 2.12),

the similarities in the e-a distribution of the sub-Saturns, Saturns and Jupiters suggests that

Saturn- and Jupiter-sized planets may be subject to similar perturbations from outer com-

panions. Thus, a number of giant planets in the current exoplanet census may have orbital

signatures of gentle and strong companions. In fact, a number of close-in, eccentric planets

ranging from sub-Saturns to Jupiters have known companions that may be gently perturb-

ing them into their eccentric configurations (e.g., CoRoT-20b, Kepler-419b, HD 156279b) or

strongly driving them into a tidally locked orbits (see K2-43b, HAT-P-13b, Kepler-101b, HD

187123b). Beyond this, a larger subset of planets with eccentric or close, circular orbits do

not have any confirmed companions (see for example GJ 2056 b, HD 20868b, HD 43197b,

KOI-1257b, WASP-19b, TOI-1296b, TOI-1298b)11, and would thus make a great laboratory

to test our hypothesis of gentle and strong companions as the instigator for these configura-

tions12. Long-term monitoring of these planet systems’ RV and transit data, combined with

dynamical modeling of potential 2-planet systems, can help us understand the origins of these

systems and test our predicted positive correlation between eccentric or tidally sub-Saturns

and outer companions.
11Note that Moutou et al. (2021) implied that TOI-1296b and TOI-1298b’s orbits may connected to their

high host star metallicity, implying that high metallicity produces more giant planet multiples (e.g., Dawson
and Murray-Clay, 2013). Still, based on the non-negligible fraction of locked planets in our simulations
(10.3% ), we suggest that TOI-1296b and TOI-1298b, may have distant planetary companions.

12see the following references: CoRoT-20b–Deleuil et al. (2012), Kepler-419b–Dawson et al. (2014), HD
156279b–Díaz et al. (2012), K2-43b–Crossfield et al. (2016), HAT-P-13b–Bakos et al. (2009), Kepler-101b–
Rowe et al. (2014), HD 187123b–Butler et al. (1998), GJ 2056b–Feng et al. (2020), HD 20868b– Moutou
et al. (2009), HD 43179b–Naef et al. (2010), KOI-1257b–see Santerne et al. (2014), WASP-19b–Hebb et al.
(2010), TOI-1296b & TOI-1298b–Moutou et al. (2021)
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Additionally, the three populations plotted in Figure 2.12 do not appear to show distinctive

trends, although more data are needed to confirm this. Still, the apparent similarities in

these populations of Sub-Saturns, Saturns, and Jupiters in e-a space suggest that these

planets are born from similar dynamical environments. This suggests that while these sub-

populations of giant planets are often treated as distinct (e.g., Petigura et al., 2017c), they

may be products of similar dynamical histories. Beyond this, it is thought that distant

giant companions are responsible at least in part for the eccentricity distribution of small

planets as well (Van Eylen et al., 2019). Future studies using a combination of observations

and theoretical calculations to constrain outer companion properties will bring us closer to

understanding the eccentricity distribution of giant planets and the exoplanet population as

a whole, pulling the curtain back on the origins of these systems.

Our study demonstrates the advantages of combining observations and modeling to more

rigidly constrain a planetary companion’s origins and orbital properties (as highlighted in

Figures 2.9 and 2.10). Here, we use observations to inform the types of outer planets in our

simulations. From this, we uncover an in situ origin scenario for Kepler-1656b, and make

inferences about the inclination of the inner and outer planets in the system. Thus, our

combined observational and theoretical analysis allows us to paint a detailed picture of the

Kepler-1656 system’s origins. These methods can be applied to similar single- and 2−planet

systems to constrain their architectures, histories, and properties of a potential companion.
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Appendix 2A:

Kepler-1656b does not undergo high-eccentricity migra-

tion

Under the physical conditions outlined in Section 2.3.1, Kepler-1656b’s eccentricity can be-

have in several ways. In the quadrupole-level approximation, Kepler-1656b’s eccentricity

will oscillate between fixed minima and maxima. Alternatively, for conditions in which

tides or octupole-level behavior are dominant, high eccentricity migration or more chaotic

eccentricity evolution can dominate. Consider the former case in which Kepler-1656b’s ec-

centricity oscillates between a fixed minimum and maximum. In this scenario, Naoz et al.

(2013a) showed that the total angular momentum is conserved, along with the eccentricity

and angular momentum for the outer orbit. This implies that the initial and final mutual

inclinations between the two planets (hereafter ibc,i and ibc,f) obey

cos(ibc,f) =
Afcos(ibc,i) + L2

1e
2
1

Af

√
1− e2b

, (2.11)

where Af = 2L1L2 ∗
√

1− e2c, and L1 and L2 are the respective conjugate angular momenta

of the inner and outer orbit. Thus, if Kepler-1656b undergoes quadrupole-dominated ec-
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Figure 2.13: Initial and final mutual inclinations for all model timestamps consistent with
observations of Kepler-1656b. The shaded region shows the initial and final inclinations
predicted by the quadrupole-level approximation for inner planet eccentricities of 0.6 < eb <
0.9.

centricity oscillations with no significant tides or octupole-level oscillations, it should obey

the relationship described by eq. 17. We plot this relationship for a range of eccentricities

for Kepler-1656b that are reasonably close to our observed value (0.6 < ep < 0.9), and

find that most simulations that match our observations lie in this regime. This indicates

quadrupole-dominated behavior for Kepler-1656b, whereby the planet reached achieved its

high eccentricity via sustained, high-amplitude eccentricity oscillations without tidal migra-

tion of chaotic behavior.

Appendix 2B:

Correlated Parameters for Plunging, Locked Models

We find in our simulations that scenarios in which the inner planet plunges into the host

star or becomes tidally locked arise from a unique set of parameters for the outer compan-
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Figure 2.14: Smoothed 2D initial and final companion parameter distributions for models
that plunged into their host star (left) and became tidally locked (right). The diagonal
panels show 1D distributions of parameters that have been normalized to sum to 1.

ion. This is evident in Figure 13, which shows final distributions of companion parameters

ec,mc, ac, and ibc for both cases. We see here that moderately eccentric (ec ≈ 0.5), aligned

companions are more likely to cause the inner planet to plunge into its host star. On the

other hand, companions on polar orbits with a wider range of ec can cause the inner planet

to become tidally locked. Thus, we predict that tidally locked sub-Saturns may be signatures

of eccentric, polar companions.
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Chapter 3

A Data-driven Spectral Model of Main

Sequence Stars in Gaia DR3

A version of this chapter was previously published in The Astrophysical Journal (Isabel

Angelo, Megan Bedell, & Erik A. Petigura, 2024, ApJ 974, 43).

Abstract

Precise spectroscopic classification of planet hosts is an important tool of exoplanet research

at both the population and individual system level. In the era of large-scale surveys, data-

driven methods offer an efficient approach to spectroscopic classification that leverages the

fact that a subset of stars in any given survey has stellar properties that are known with

high fidelity. Here, we use The Cannon, a data-driven framework for modeling stellar spec-

tra, to train a generative model of spectra from the Gaia Data Release 3 Radial Velocity

Spectrometer. Our model derives stellar labels with precisions of 72K in Teff , 0.09 dex

in log g, 0.06 dex in [Fe/H], 0.05 dex in [α/Fe] and 1.9 km/s in vbroad for main-sequence
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stars observed by Gaia DR3 by transferring GALAH labels, and is publicly available at

https://github.com/isabelangelo/gaiaspec 1. We validate our model performance on

planet hosts with available Gaia RVS spectra at SNR>50 by showing that our model is able

to recover stellar parameters at ≥20% improved accuracy over the existing Gaia stellar pa-

rameter catalogs, measured by the agreement with high-fidelity labels from the Spectroscopic

Observations of Cool Stars (SPOCS) survey. We also provide metrics to test for stellar ac-

tivity, binarity, and reliability of our model outputs and provide instructions for interpreting

these metrics. Finally, we publish updated stellar labels and metrics that flag suspected

binaries and active stars for Kepler Input Catalog objects with published Gaia RVS spectra.

3.1 Introduction

Precise spectroscopic classification of stars has implications spanning all sub-fields of astron-

omy at both the population and individual system level. Surveys like APOGEE (Majewski

et al., 2017) and LAMOST (Cui et al., 2012) have facilitated great strides in galactic ar-

chaeology and enabled discovery of binaries, transients and compact objects in the Milky

Way. Spectroscopic observations of Kepler planet hosts illuminated features like the ‘Radius

Valley’ and ‘Hot Neptune Desert’ that encode information planet formation (e.g., Fulton

and Petigura, 2018; Petigura, 2020). Beyond this, spectroscopic observations of individual

systems provide details the system age, composition and stellar properties (see for example

Johnson et al., 2017b; Rice and Brewer, 2020).

Historically, spectroscopic classification has taken both data-driven and synthetic modeling

approaches. The data-driven approach dates far back to the early 20th century, when Annie

Jump Cannon classified thousands of stars by eye based on their optical spectra. In the

following decades, spectroscopic classification shifted to rely on matching data with synthetic
1gaiaspec (2024)
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spectral models. However, these models are not always calibrated to real stars and are based

on incomplete physics. For example, many of these models assume local thermodynamic

equilibrium (LTE) or employ incomplete atomic line lists, simplified convection treatment,

or non-physical boundary conditions. More modern studies match data to real spectra from

a library of well-characterized stars (e.g., Yee et al., 2017), and while these library spectra

tend to resemble the data better than synthetic models, their performance decreases quickly

for spectral resolutions below R ∼ 20, 000 (Behmard et al., 2019).

In recent years, data-driven spectral models have been used to infer stellar characteris-

tics from spectra. These models are trained on large sets of spectroscopic data and pre-

determined stellar labels like effective temperature, surface gravity, and elemental abun-

dances using supervised learning algorithms to produce generative models of stellar spectra

(see for example The Cannon; Ness et al. 2015 and the Data-Driven Payne; Xiang et al.

2019). These models have been employed for numerous science cases, from mapping elemen-

tal abundances (e.g., Ness et al., 2016; Buder et al., 2018) to identifying binaries (El-Badry

et al., 2018b) and constraining properties of planet hosts (Behmard et al., 2019; Rice and

Brewer, 2020). One of the key features of data-driven spectral models is that they leverage

the fact that for a given survey, a subset of stars often have derived labels with higher fi-

delity from a previous survey. In training a model on these pre-determined labels, along with

spectra from the survey of interest, precise and accurate spectral information encoded in the

model is transferred across data sets. The model can then be used to derive high-fidelity

labels for the rest of the stars in the survey of interest.

Nearly one million near-infrared spectra are included in Gaia Data Release 3 (DR3), and this

number is expected to increase by ∼ 2 orders of magnitude in future data releases (Katz et al.,

2023). These spectra cover a wavelength range of 845–872 nm with a spectral resolution of

λ/∆λ ∼ 11,500, with spectral information in the Ca II IR triplet at wavelengths of 849.8 nm,

854.2 nm, and 866.2 nm, as well as shallower lines from various other elements. While the
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large sample size lends itself well to large-scale classification and demographic analysis, the

spectra have smaller bandwidth and lower signal-to-noise ratio (SNR) than a dedicated

ground-based survey can typically achieve (e.g., GALAH, APOGEE, etc., see Majewski

et al., 2017; De Silva et al., 2015). A data-driven spectral model trained on higher fidelity

labels from one of these surveys can transfer pre-existing spectral information onto this new

dataset and assess how far we can extrapolate high-fidelity labels to the growing sample of

Gaia RVS spectra. For example, this method was shown to be effective for retrieving precise

refractory elemental abundances of solar analogs in Gaia Rampalli et al., 2024, see.

In this paper, we use The Cannon’s data-driven framework to train a spectroscopic model of

the Gaia RVS spectra using a set of well-characterized main sequence stars from GALAH.

We outline the methods that The Cannon uses to train a model and use it to retrieve stel-

lar labels in Section 3.2 and describe the data we train our model on in Section 3.3. In

Section 3.4, we update our implementation of The Cannon and validate our model perfor-

mance. In Section 3.5, we evaluate our model performance by measuring it’s agreement with

high-fidelity labels from the Spectroscopic Observations of Cool Stars (SPOCS) survey, and

compare to performance of existing Gaia catalogs. We also publish updated stellar labels for

stars in the Kepler Input Catalog (KIC) with published RVS spectra from Gaia DR3. We

discuss applications for identifying unresolved binaries in the Gaia RVS spectra in Section

4.5 and outline metrics that our model reports for identifying active stars, evolved stars, and

cases where our model performance is compromised in Section 3.6. We summarize our results

in Section 3.7. Our model is available at https://github.com/isabelangelo/gaiaspec to

enable characterization of user-specified stars with RVS spectra from DR3 or future data

releases.
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3.2 The Cannon Overview

We used The Cannon 2, an open-source implementation of The Cannon introduced in Casey

et al. (2016), to train our data-driven model. In this section, we outline the basic methods

of this implementation to train a Cannon model and fit a trained model to new spectra to

derive stellar labels. A more detailed description of these methods can be found in Ness

et al. (2015); Casey et al. (2016).

The Cannon interacts with spectroscopic data in two ways: it uses spectra during its “training

step" to develop a spectral model, and then uses this model to fit to individual spectra during

its “test step". To summarize, the training step determines the relationship between the

observed flux and pre-determined “ground truth” labels at each individual pixel for all the

stars in the training set. The test step fits a trained Cannon model to the observed flux of

a star with labels to-be-determined by The Cannon model itself. These steps are described

in detail below.

3.2.1 Training Step: Supervised Learning of “Ground Truth" Spec-

tra

The Cannon is a generative linear regression model that predicts the flux of an object as

a function of the labels it’s trained on (in our case, Teff , log g, [Fe/H], [α/Fe], vbroad). The

vbroad parameter here is a line broadening parameter that is determined by the combined

effect of stellar rotation and macroturbulence, and is derived for both GALAH and Gaia

RVS spectra (Buder et al., 2021; Frémat et al., 2023). A description of The Cannon can be

found in Ness et al. (2015); Casey et al. (2016).

During the training step, The Cannon uses a supervised learning algorithm that takes stellar

labels and flux as input. The goal during this step is for the model to learn how the flux
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at a particular wavelength interval, or “pixel" depends on a star’s labels. The training step

learns from The Cannon model using the underlying assumptions that (1) stars with the

same labels have the same per pixel flux, (2) the flux at a particular pixel is a polynomial

function of the training labels, and (3) the flux at a particular pixel is independent of the

flux at neighboring pixels. Note that the third assumption means that the pixel fits are

performed independently of one another– the model does not assume any “smooth" behavior

across pixels. The labels are treated as ground truth, and for each pixel the training step

fits a polynomial to the relationship between the flux and the stellar labels.

For a particular pixel value j and stellar n, The Cannon assumes that the flux fn,j depends

on the star labels ln according to the following relation:

fn,j = v(ln) · θj + en,j (3.1)

In this case, the “vectorizer" v(ln) is a function that describes how the flux is assumed to

vary with the labels. For our model, we assume that the pixel flux varies linearly to second

order with the 5 stellar labels so the vectorizer contains 21 terms (1 linear and 1 quadratic

term for each label, with 10 cross-terms and 1 constant). The coefficients of the vectorizer

polynomial are contained in θj, and enj are the flux errors, which for this paper are sampled

from a Gaussian with zero mean and variance equal to the instrumental uncertainty and

intrinsic pixel scatter of the model summed in quadrature, σ2
nj + s2j . We note that while The

Cannon 2 computes a model-specific s2j during its training step, we derive an empirical s2j

that we use throughout this analysis (see Section 3.4.2).

In the training step, the flux (fnj), flux errors from photon noise and instrumental effects

(σnj) and the labels of the spectra (ln) are known, but the θj coefficients are not. The θj

coefficients govern the model behavior by predicting the flux at a given pixel according to
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Equation 4.6. The log-likelihood of the model flux at a particular pixel is:

ln p (fnj|θj, ln, s2j) = − [fnj − v(ln) · θj]2

s2j + σ2
nj

− ln (s2j + σ2
nj) (3.2)

The training step determines the θj coefficients and s2j associated with each pixel that max-

imize this likelihood function (or rather, minimizes the negative likelihood function) for all

reference stars Nref in the training set:

θj, s
2
j = argmin

θj ,s2j

Nstars∑
n=1

−ln p (ynj|θj, ln, s2j), (3.3)

thereby computing the θj coefficients that best describe the training flux. Once it has

computed these best-fit coefficients, it can predict the flux at each pixel for a given set of

stellar labels based on Equation 4.6 using the θj that is derived in the training step. This is

described further in the following section.

We note that due to the data-driven nature of The Cannon, our model performance is

limited by what we will refer to hereafter as the training domain. The training domain is a

5-dimensional space with each dimension corresponding to a single training label, populated

by data points that each represent a single spectrum that the model was trained on (see

Figure 3.3 for collapsed 2D visualizations of our model’s training domain). In the event

that The Cannon identifies best-fitting labels beyond this domain, the best-fit spectrum was

achieved via extrapolation beyond the label range of the reference objects used to build the

main-sequence model. In this case, the labels are not tied to any ground truth (see Section

3.4.3). Additionally, The Cannon’s label retrieval can only be as accurate and precise as the

“ground truth" labels it’s trained on.
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3.2.2 Test Step: Model Fitting to Derive Stellar labels

Once The Cannon model is trained, we can use it to recover labels of stars outside the training

set in the test step, which fits a trained Cannon model to spectroscopic observations of the

star to be characterized. In the training step, the flux and labels of the training set are

known, and the optimizer is fitting for θj and s2j . In the test step, the labels are unknown,

but the values for θj and s2j have been pre-determined by the test step. Thus, for a given

spectrum, the optimal label vector l̂n can be described as the labels associated with the

maximum-likelihood Cannon model flux:

l̂n = argmin
ln

Npixels∑
j=1

−ln p (fnj
|θj, ln, s2j) (3.4)

= argmin
ln

Npixels∑
j=1

[fnj − v(ln) · θj]2

s2j + σ2
nj

(3.5)

where −ln p (fnj
|θj, ln, s2j) (hereafter χ2) represents the goodness-of-fit for a model with label

vector ln. Although The Cannon 2 implementation that we used offers its own test step im-

plementation2, we wrote our own custom function that allows us to place further constraints

on our model extrapolation during the test step, as described further in Section 3.4. We

confirmed that our implementation performs just as well on ground truth label retrieval (see

Figure 3.4) as The Cannon 2’s implementation. An illustration of the coefficient vectors that

The Cannon computed during our model’s training step can be found in Appendix .1.

3.3 Training Data

The Cannon requires a set of well-characterized stars with rest-frame, continuum normalized

spectra on a uniform wavelength scale. It also requires the corresponding labels for all of
2https://github.com/andycasey/AnniesLasso
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those stars. For our model, we train on labels Teff , logg, [Fe/H], [α/H], vbroad. The stars and

their labels should span the domain in which you want your model to perform well. Because

The Cannon is measuring the flux dependence on the labels at the individual pixel level,

spectra with high SNR and accurate, precise labels is best.

One million spectra of “well-behaved"3 objects are available as part of the Gaia Data Release

3 (DR3) (Cropper et al., 2018). These spectra have spectral resolution R = ∆λ/λ = 11, 500

over infrared range λ = 845 − 872nm. The spectra are rest-frame shifted, continuum-

normalized and averaged over multiple visits over 34 months with an average of 8 transits

per star per year (Katz et al., 2023). This, along with the large number of available spectra,

makes them ideal for implementing a Cannon model. However, in order for our model to

perform with higher precision and accuracy than the published Gaia stellar labels, we need

to use higher fidelity reported labels for the stars in our training set.

For the labels corresponding to stars in our training set, we used labels computed by the

GALAH+ survey’s third data release (Buder et al., 2021). This survey published derived

stellar labels for 588,571 nearby objects, including a large number of main sequence stars

that were relevant as potential training objects for our model. Their labels were derived

using a combination of GALAH spectra and Gaia DR2 and 2MASS photometry to improve

the accuracy of the derived labels beyond the accuracy that the spectra alone can provide.

Beyond this, GALAH spectra have higher resolution and more wavelength coverage than

Gaia (R=28, 000 over four 25 nm channels between 470 and 790 nm), thereby providing

higher fidelity labels that are ideal for label transfer. Their catalog also included a cross-

match with Gaia DR3, which allowed us to map derived labels to the spectra in our training

set.

Our original sample contained 588, 571 objects with GALAH-reported labels. From here,
3stars with SNR≥ 15, 3100 < Teff < 14, 500K, and no problems introduced by processing pipeline (Katz

et al., 2023)
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we applied a number of cuts to obtain a well-characterized sample of single stars that would

optimize our model’s performance. The cuts we made can be subdivided into three groups

based on their broader purpose, as follows:

• Quality of spectral data. We required a SNR of at least 100/pixel for both the GALAH

reference object (catalog label snr_c3_iraf) and Gaia RVS spectrum (catalog label

rvs_spec_sig_to_noise) for each object in our training set. We also removed objects

from GALAH that did not have a published Gaia RVS spectrum.4

• Confidence in stellar labels. We excluded objects that were flagged for poor label

quality in the GALAH catalog. To enforce this, we required the stellar label, iron

abundance, and α abundance quality flags (flag_sp, flag_fe_h, and flag_alpha_fe,

respectively) to be zero. We also removed stars with any label whose uncertainty was

more than twice the median uncertainty of the corresponding label in full GALAH

catalog. Finally, we required finite GALAH-reported values for all 5 of our training

labels.

• Contamination from unresolved binaries. In the event that the stars in our training

sample are unresolved binaries, the GALAH-reported stellar labels will be biased and

the model performance is compromised (El-Badry et al., 2018b, hereafter EB18). To

ensure that the stars in our training set are all single stars, we removed GALAH stars

that were identified as binaries in Traven et al. (2020). We also required stars to

be well-fit by single star astrometric solutions. This information is encoded in the

object’s Renormalised Unit Weight Error (RUWE) value and Gaia non_single_star

value (see Belokurov et al., 2020). For our training set, we require Gaia DR3 and

Gaia DR2 RUWE < 1.4 and Gaia non_single_star=0. Finally, we remove potential

binaries missed by the Gaia and GALAH detection methods with an iterative process
4The SNR>100 threshold was chosen because it was the lowest SNR threshold for which we were able

to able to achieve output label precision comparable to the GALAH-reported label errors for stars in our
training set.
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described in Section 3.4.4.

We also limited our training set to main sequence stars by requiring logg > 4. Of the

588,571 stars in the original GALAH sample, 28,530 remained after removing stars based on

GALAH-reported SNR or quality flags, and 8,111 remained after removing stars with large

label uncertainties, logg < 4 and binaries identified by Traven et al. (2020). Only 632 of

these had published RVS spectra with SNR> 100, and this number was reduced to a final

training set size of 563 after we iteratively removed potential binaries (see Section 3.4.4 for

a description of this process). Figure 3.1 shows the Teff , log g, [Fe/H] domain of our final

training set.

Due to the fact that the RVS spectra are rest-frame shifted, the RVS spectra available in

Gaia DR3 often have pixels with NaN values at either the beginning or the end of the

spectrum. For our training set, ∼ 10% of the spectra had NaN values in the first or last

20 pixels of the spectra. To address this, we clipped all of the spectra by 20 pixels on each

side before training The Cannon. After clipping, only ∼ 1% of training spectra had NaN

pixels remaining in the spectra. To preserve the information in the 99% of spectra with finite

values for these pixels, we interpolated the flux at these values and inflated their reported

errors to infinity to effectively mask them during the training step.

3.4 Model Customizations

Our trained Cannon model predicts the flux at each RVS pixel as a function of the training

labels over a wide range of parameter space. From there, we made a number of changes to the

original Cannon test step described in Section 3.2.2 to improve our model performance and

conducted tests to ensure that we can trust our model’s output labels. The key customiza-

tions are described in the remainder of this section. We confirmed that our implementation
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Figure 3.1: Distribution of Teff , log g, and [Fe/H] values for the stars in our model training
set. The points represent individual stars in a 3D subset of our 5D training domain. Our
model training set contains 563 well-characterized main sequence stars from GALAH with
high-fidelity labels.

performs just as well on ground truth label retrieval (see Figure 3.4) as The Cannon 2’s

implementation.

3.4.1 Masking the Calcium IR Triplet

The Gaia RVS spectral range includes 3 deep Calcium lines at 849.8 nm, 854.2 nm, and

866.2 nm, collectively known as the Ca-triplet. Certain astrophysical phenomena can man-

ifest as superimposed emission and absorption contained to only these features in the RVS

spectrum. Examples include interacting binaries, young accreting T Tauri stars, chromo-

spheric activity in GKM main-sequence stars, emission linked to the accretion of matter in

the stellar magnetosphere, etc (see Lanzafame et al., 2023, for a description). While we did

not explicitly remove active stars from our training set, we assume that since our training

set is composed of primarily of inactive, main sequence stars, the effects of activity would
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not be significant enough for The Cannon to learn for pixels outside the Ca-triplet. In other

words, The Cannon’s assumption that flux depends solely on static labels breaks down at

the Ca-triplet, where time-dependent surface features and activity contribute to the flux as

well. This was demonstrated by Rampalli et al. (2021), who trained a polynomial regression

model on RVS spectra and found that it over- or under-predicted flux at the Ca-triplet for

82% of the stars in their sample.

Given this assumption, while our best-fit Cannon model should produce a good fit to the

spectrum at all the lines when the star is inactive, this should not be the case for active

stars. Instead, for stars with activity-induced Calcium emission, The Cannon model should

be a good fit everywhere except the Calcium features. In these cases, our Cannon model

might fit to these features at the cost of providing a good fit to the rest of the spectrum.

Thus, our model performance is compromised when we include these features in our Cannon

test step. To avoid this, we mask out the Ca-triplet when we perform a model fit to a

spectrum by setting their flux errors equal to be infinite. We note, however, that this mask

is not driven by a need in the data; because stellar activity affects flux in the cores of the

Ca-triplet lines and isn’t included as a training label, we infer from this knowledge that the

model performance is compromised for these features.

In the published model and validation steps in the subsequent section, we are fitting to

the non-shaded parts of Figure 3.2. We stress that since The Cannon fits each wavelength

pixel independently, including these masked pixels in the training set does not introduce any

bias in the rest of the spectrum. Consequently, our trained Cannon model still predicts the

flux for the Ca-triplet features as a function of stellar labels, though we caution that these

predictions may not be reliable.

Figure 3.2 shows a test case where our Calcium mask is essential for recovering the correct

labels for the spectrum. We show an active dwarf identified by Lanzafame et al. (2023)

with a Cannon model fit that was computed with a mask on the Calcium features. We see
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Figure 3.2: Demonstration of why a calcium mask is needed to correctly derive labels for RVS
spectra. The spectrum shown in black is an active dwarf star with superimposed emission
and absorption in the Ca-triplet lines. Without masking the shaded regions, The Cannon
fits to the Ca-triplet at the expense of finding a good fit to the other features (shown in
blue). When we include a mask, the best-fit model describes the spectrum well everywhere
except the Calcium lines (shown in yellow).

that the model is a good fit to the entire spectrum, except the Calcium features which are

shallower than the model predicts due to emission at those features that our model does not

account for. Additionally, the best-fit model for a masked spectrum predicts what the flux

at the Ca-triplet should be for that star in the absence of activity. Thus, we can identify

active stars in cases where the true flux deviates significantly from the flux of the best-fit

model computed with the Ca-triplet mask (see Section 3.6.1 for a detailed description of this

process).

3.4.2 Empirical Model Scatter

As outlined in Section 3.2, our model uses a quantity called s2 to compute the χ2 goodness-

of-fit associated with a particular set of labels for a given spectrum. This term describes the

per-pixel intrinsic model scatter, or in other words, it encapsulates any pixel-level variation

in the training set spectra that cannot be attributed to photon noise. When we first trained
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our model, the training step found s2 to be ∼ 10−4 at the 3 pixels corresponding to the

centers of the Calcium line cores and zero for all other pixels(see Casey et al., 2016, for a

description of how the training step computes s2). While this original s2 is able to compute

fits with reasonable χ2 for SNR∼50-100 where the deviation from the model is dominated

by photon noise and instrumental effects, fitting our model to higher SNR targets from the

SPOCS and CKS samples revealed clear correlation between SNR and χ2 for stars with

SNR≳ 200. This is because stars with significantly higher SNR than the training set possess

intrinsic scatter that is lost to photon noise for the SNR∼100 training set stars. In other

words, the s2 originally computed in our Cannon training step was underestimated, inflating

the χ2 for targets with high SNR.

To address this, we computed an empirical per pixel model scatter that we adopt for our

model’s s2 term. We gathered all stars in Gaia with published SNR≥500 RVS spectra

and labels that reside reasonably within the training domain (log g >4 dex, 4000 <Teff <

8000K). We removed obvious binaries by requiring RUWE< 1.4, non_single_star=0 and

downloaded the 94 remaining RVS spectra. We expect the primary deviation from our model

to be due to intrinsic model scatter for these spectra since their photon noise is so low.

Thus, for each model we computed the best-fit Cannon model and recorded the empirical

scatter between the true flux and the best-fit model (i.e., |data−model|2). We repeated this

calculation for each of the spectra in our high SNR sample and computed the average across

all stars for each pixel to arrive at an empirical s2 prediction. We found that the best-fit

Cannon model differs from the RVS spectra by s2 = 0.1 − 1% for these objects, which is

more than the ≤ 0.1% variations predicted from their photon noise alone. We verified that

including our empirical s2 term successfully removed the observed correlation between high

SNR and χ2 that we saw for the SPOCS sample originally. Thus, we use the empirical s2

term for our model throughout the entire analysis of this paper. A plot of our per pixel

empirical s2 can be found in Appendix .1.

65



We do not expect the training step to infer zero scatter for a training set with accurate flux

errors. However, if the flux errors are overestimated, they may be sufficient to explain the

model’s deviation from the true fluxes without any intrinsic model scatter. Indeed, when we

computed best-fit Cannon models for a sample of main sequence single stars in Section 3.6,

we found that the distribution of χ2 values peaks at ∼2150, which is slightly smaller than the

expected peak near the total number of pixels in the spectrum (2361 for our training set).

This indicates the Gaia RVS flux errors may be overestimated for the Gaia RVS spectra.

Thus, we suspect that overestimated flux errors are the reason that our model’s test step

computes a zero scatter during its optimization.

3.4.3 Constraints on Extrapolating Beyond the Training Domain

During the test step outlined in Section 3.2, The Cannon is free to extrapolate to labels

outside of the training domain. In this regime, however, the labels that best fit the model

spectrum are not tied to any ground truth, and the labels output by the model are less

reliable. To address this, we place constraints on the degree to which we allow The Cannon to

extrapolate beyond the training domain during the test step. We measure the extrapolation

using a 5-dimensional Gaussian kernel density estimation (KDE; Rosenblatt, 1956), which

uses non-parametric kernel smoothing to approximate the probability density of stars in the

training domain. We refer to this quantity hereafter as the training label density, ρ(ln).

The training label density is a function of the 5 Cannon model training labels (Teff , logg,

[Fe/H], [α/H], vbroad), and the output represents the density of training set objects near

those labels in the training domain. A Cannon fit that returns labels with a high ρ(ln) is

the product of a reasonable interpolation within the training domain, thereby producing a

reasonable model fit with accurate labels. In contrast, a Cannon model with a low ρ(ln) is

extrapolating beyond the training domain to produce a model with labels that are not tied

to ground truth.
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Figure 3.3: Illustration of our model’s ρ(ln) parameter. We plot the distribution in 2D, where
each point represents a model in our training density. Densely population regions of this
space correspond to domains with high ρ(ln). We over plot lines of constant ρ(ln) in each
panel. Our model penalizes labels that lie beyond the orange lines, where log ρ(ln) > −7.

To prevent The Cannon from extrapolating beyond the training domain when predicting

labels, we determined a reasonable ρ(ln) range to allow The Cannon to model by inspecting

the ρ(ln) distribution for all of the stars in our training set. Figure 3.3 shows all of the stars

in the training set as a function of their labels, with contours to illustrate lines of constant

KDE-estimated ρ(ln). We used a leave-one-out technique where for each star, the KDE used

to determine ρ(ln) is calculated using the full training set with the individual star held out.

This prevents the distribution from piling up around log ρ(ln) =-4 due to the fact that the

object we were evaluating went into estimating the KDE that was used to compute its ρ(ln).

During our test step, we calculate ρ(ln) using a KDE computed with every object in the

training set.

As shown in Figure 3.3, objects in the training set typically reside in densely populated

regions of training domain, with ρ(ln) ∼ 10−3. This number falls off quickly, and very few

stars in the training set have ρ(ln) ∼ 10−7. Thus, to prevent our model from extrapolating

beyond the training domain, we updated the χ2 value that is minimized in the test step
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(Equation 4.10) to include an inflation factor that penalizes models with ρ(ln) < 10−7:

l̂n = argmin
ln

Npixels∑
j=1

−ln p × P (ln) (3.6)

where P (ln) is a penalty factor that penalizes sets of labels ln with ρ(ln) < 10−7:

P (ln) =

 1, if ρ(ln) > 10−7

1 + log
[
10−7

ρ(ln)

]
, if ρ(ln) ≤ 10−7

 (3.7)

We do not include a penalty term for ρ(ln) > 10−7 to avoid favoring models simply for being

in the most populated regions of training domain. The addition of 1 to the fractional penalty

ensures that the likelihood function is continuous at ρ(ln) = 10−7. We also sample log vbroad

instead of vbroad in our optimization routine to avoid fitting with non-physical vbroad < 0

values.

3.4.4 Removing Spectral Binaries from the Training Set

While the binary cuts outlined in Section 3.3 remove binaries that were previously identified

by Gaia, it is possible that our original training set is contaminated by unresolved spectro-

scopic binaries. In particular, binaries with separations wide enough to produce overlapping

spectral features are often mistaken for single stars and are likely abundant in the RVS sam-

ple. In the event that our training set is contaminated with these “spectral" binaries, the

training step will not accurately learn how flux depends on labels for single stars, and our

Cannon model is not reliable.

To address this, we follow a similar procedure to that outlined in EB18 and iteratively

remove these binaries from our training set. In brief, we train an original Cannon model on
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our initial training set and use this model to identify binaries (see Section 4.5 for a detailed

explanation of this process). We then remove the identified binaries from the training set

and train second model with the “cleaned" trained set, and repeat this process until model no

longer identifies binaries in its own training set. We adopt a conservative criteria for binaries

in this step and remove spectra with log∆χ2 ≥ 2 from the training set at each iteration,

where ∆χ2 = χ2
single − χ2

binary describes how well the binary model fits the data compared to

the single star model, as described further in Section 4.5.

3.5 Model Performance

3.5.1 Validation Against GALAH Labels

We investigated how well our model is able to predict stellar labels by running the test step

on the spectra into the training set and compared The Cannon-inferred labels to known

“ground truth" labels from GALAH. For this, we used leave-one-out cross-validation, where

for each object in the training set we trained a new model with a new training set that is

identical to the original, but with the object of interest held out. We then used each model to

run the test step on the object that was held out of its training set. This allowed us to derive

labels for each star in the training set without the bias introduced when the test step is run

on an object that was in the model’s original training set. Figure 3.4 shows the GALAH

labels plotted versus The Cannon output labels found using The Cannon test step outlined

in Section 3.2.2. The diagonal line represents the one-to-one line, where points should fall if

our model is in perfect agreement with the ground truth labels.
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Table 3.1: Average Cannon Model Disagreement with “Ground Truth" GALAH Labels for
Training Set Stars

Label rms (GALAH− Cannon) Training Set Range

Teff 72K 4132-6999 K

log g 0.09 dex 4.00-4.78 dex

[Fe/H] 0.06 dex -1.27-0.45 dex

[α/Fe] 0.05 dex -0.13-0.53 dex

vbroad 1.9 km/s 3.34-50.23 dex

The root-mean-square (RMS) difference between the GALAH and The Cannon labels is

listed in Table 3.1, along with the range for each label seen by our training set5.

A Cannon model’s performance is limited by the precision of its input training set labels,

thus the model is performing well when it’s agreement with the training labels is comparable

to the label uncertainties. We overlay the average training set label uncertainties in Figure

3.4. As we can see from the figure, the model uncertainties in Table 3.1 are comparable,

albeit slightly larger, than the average GALAH-reported uncertainties. The difference can

likely be attributed to the difference in data quality for the two surveys – the GALAH

spectra have higher resolution (R ∼ 28, 000, compared to 11,500 for Gaia) and a longer

bandpass (∼ 300nm, compared to 25 nm for Gaia). Additionally, the RVS spectra of the

objects in our training set are noisier than those in GALAH, with average SNR∼ 139 and

168, respectively. The only exception to this is log g, where our Cannon model agrees with

the GALAH-reported logg to within 0.09 dex, which is less than the average uncertainty of

0.18 dex for our training set. This is likely due to the fact that The Cannon learns only the

statistical uncertainty in the training set labels as opposed to any systematic uncertainties

that may be present in the GALAH labels. Thus, if the GALAH labels have systematic
5While these ranges represent a useful 1D approximation of whether a given set of labels is the training

set domain, ρ(ln) provides a better estimation.
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Figure 3.4: Cannon label outputs are plotted versus “ground truth" labels from the GALAH
survey for each star in our training set. The Cannon output labels are computed using the
leave-one-out cross-validation described in Section 3.4. The root-mean-square scatter and
bias values are shown to quantify the average disagreement between The Cannon output and
GALAH labels.

errors that effect multiple measurements of the same star in the same way, the GALAH

errorbars will reflect this, but The Cannon/GALAH RMS scatter we report will not.

3.5.2 Performance on Planet Hosts

To investigate our model’s ability to recover labels of planet hosts, we compared our Can-

non output labels to labels reported by the Spectroscopic Properties of Cool Stars (SPOCS;

Brewer et al., 2016). The SPOCS sample is a benchmark catalog of high fidelity stellar prop-

erties inferred from high-resolution (R ∼ 50, 000) high-SNR (≳ 100/pixel) spectra of 1615

main sequence planet hosts using a bespoke line-by-line spectral analysis of high-resolution
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spectra from the Keck High Resolution Echelle Spectrometer (HIRES). Of the 1615 indi-

vidual stars with SPOCS spectra and labels reported in Brewer et al. (2016), 107 are main

sequence stars with published RVS spectra and reported labels spanning our model’s training

domain.

We used our model to compute best-fit models and corresponding stellar labels for each of

these Gaia RVS spectra. The right panel of Figure 3.5 shows how well our Cannon-inferred

labels agree with those reported by SPOCS for all 107 stars, and Figure 3.5 shows the same

for the 80-star subset with RVS SNR> 50. As we can see from these figures, the degree to

which our model agrees with the high-fidelity SPOCS labels is largely limited by the SNR

of the RVS spectrum that our fits to. For RVS spectra with SNR> 50, we find that our

model reproduces stellar labels that agree with SPOCS labels to within 85K in Teff , 0.12 dex

in log g, 0.09 dex in [Fe/H], and 2.3 km/s in vbroad. These label precisions indicate a 40%

improvement over the Gaia GspSpec catalog’s ability to reproduce the SPOCS labels, and

20% improvement over the GspPhot catalog.

The improved agreement with SPOCS labels over pre-existing Gaia catalogs has promis-

ing implications for constraining labels of exoplanet hosts without dedicated ground-based

follow-up. In particular, for the majority of Kepler planet hosts, the most updated labels

come from the Kepler Input Catalog (KIC), which published labels for stars in the Kepler

field derived from stellar broadband photometry (Brown et al., 2011). These labels have

large uncertainties (200K in Teff and 0.4 dex in log g and [Fe/H]), thus the characterization

of these planets is limited by the degree to which their host properties are known. We used

the Gaia-Kepler crossmatch database6 to identify main sequence KIC stars with published

RVS spectra with SNR>50 and Teff within our training domain. We used our model to com-

pute updated labels for these stars, along with their χ2, ρ(ln), and χ2
Ca values (see Section

3.6 for a description of these metrics). Table 3.2 shows our reported labels for these stars.
6https://gaia-kepler.fun/
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3.5.3 Comparison to Gaia-reported labels

Our Cannon model reports Teff , logg, [Fe/H], [α/H], vbroad for any of the million stars with

RVS spectra. Gaia reports these labels as well. Additionally, the Gaia GspPhot catalog

reports stellar labels derived from the Bp/Rp spectra, which exist for ∼ 100million stars

in Gaia DR3 (Andrae et al., 2023). Stellar labels derived from the RVS spectra are also

reported in the GspSpec catalog using MatisseGauguin and Artificial Neural Net (ANN)

algorithms (Recio-Blanco et al., 2023). To place our model in the context of the existing

Gaia catalogs, we compared its output labels, the GspPhot labels, and the GspSpec labels to

“ground truth" SPOCS labels for the same subsample of SPOCS stars from Section 3.5.3. We

note that in the case of [Fe/H], SPOCS and Gaia GspPhot report [M/H] instead of [Fe/H],

so the comparison may not be strictly one-to-one. However, since [Fe/H] and [M/H] are

correlated and the model learns from every pixel and not just the iron lines, the [Fe/H] we

predict should be an adequate predictor of M/H as well.

The labels from all three sources are plotted against the SPOCS labels in Figure 3.5, with

the RMS scatter and bias listed for each panel. The subset of stars with Gaia RVS SNR>50

are outlined to show the improvement in our model performance for high SNR. Our Cannon

model agrees more closely with the SPOCS labels than the GspSpec labels, and are on par

with the GspPhot labels. This is true for both the full sample and the high-SNR subsample.

Beyond this, our model is useful for predicting labels that are missing from either or both

of the Gaia catalogs (plotted as vertical lines in Figure 3.5). As shown in the figures, Gaia

is missing labels for a number of planet hosts in the sample. This is particularly the true

for the RVS-derived metallicity and vbroad from GspSpec (middle panels of rows 3 and 4).

Our Cannon model is able to fill these gaps, since it predicts all 5 labels for every star with

an RVS spectrum. Beyond this, our model computes [α/Fe], which is missing entirely from

both Gaia catalogs.
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Figure 3.5: Stellar labels from Gaia GspPhot (left), Gaia GspSpec (middle), and our Cannon
model (right) are plotted versus SPOCS labels for the 107 SPOCS stars with RVS spectra
from DR3. The full sample is plotted in grey, and stars with RVS SNR> 50 are outlined
in blue with the rms scatter and bias in the corresponding colors. Labels missing from
Gaia GspPhot are represented as yellow lines in the left panel and yellow circles in the
right panel. Similarly, labels missing from Gaia GspSpec are represented as green lines
in the middle panel and green circles in the right panel. Points that are half yellow and
half green in the right panel are missing from both Gaia catalogs. We note that (1) We
compare [Fe/H] values to [M/H] values for SPOCS and Gaia GspPhot, and compute [Fe/H]
=fem_gspspec+mh_gspspec for Gaia GspSpec, since these catalogs do not report [Fe/H]
directly. (2) while Gaia’s vbroad is not technically part of the GspSpec, we include it
because it’s derived from the RVS spectrum (Frémat et al., 2023).
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3.6 Applications for Identifying Anomalous Spectra

In addition to stellar label determination, our model can be used to identify spectra that

deviate from the main sequence single stars that our model was trained on. In this section, we

describe metrics that our model computes to flag these anomalous spectra and instructions

on how to interpret them. We also provide specific examples of these cases.

Our model computes four metrics that can be used to identify anomalous spectra. The first

two, χ2
Ca and ∆χ2, are designed specifically to identify chromospherically active stars and

binaries, respectively and are described in detail in the following sections. The third χ2

metric measures how well The Cannon model fits the data. This value is minimized during

the model’s test step (see Section 3.2.2), and is large for any spectrum that is not well-fit by

a main sequence single star model. The fourth metric is the ρ(ln) metric described in Section

3.4.3. A low ρ(ln) indicates that the model had to extrapolate to increase it’s flexibility to

describe the spectrum. In this case, the fit may or may not have a low χ2, and the inferred

labels are unreliable.

To determine reasonable ranges of our metrics that describe main sequence stars for which

our model can compute accurate labels, we plot the distribution of these metrics in Figure

3.6 for a sample of main sequence single stars. This sample comes from Table E3 of EB18,

and is composed of stars for which no unresolved spectroscopic binaries was detected in the

paper. We removed stars with RUWE>1.4 or Gaia non_single_star=1 to further ensure

the sample contained only single stars. We also required the stars to be main sequence

(log g >4) and removed low SNR targets rvs_spec_sig_to_noise<50. The histograms in

Figure 3.6 show the distributions of χ2
Ca, ∆χ2, χ2 and ρ(ln) for our single star sample. The

remainder of this section outlines specific test cases for which these metrics will be outside

the nominal range for main sequence single stars.
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Figure 3.6: Top row: Distributions of abnormal star metrics for a vetted sample of main
sequence single stars with SNR>50. Bottom panel: Example spectra with best-fit spectra
and inferred parameters. Model residuals are plotted below and are inflated by a factor of
three for visibility. From top to bottom: Gaia DR3 839728576668869760, a main sequence
single star for comparison; Gaia DR3 4268620287278693120 (HD 176650), an evolved star
with log g ∼3; Gaia DR3 3663127407180728704, a noisy (SNR=30) spectrum of a single star
from EB18; Gaia DR3 3174658066485297152, an active dwarf with superimposed Calcium
emission and absorption from Lanzafame et al. (2023); Gaia DR3 1535964555128078720, an
unresolved binary identified in EB18.
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3.6.1 Active Stars

While we mask out the Ca-triplet during our model’s test step, these spectral features still

contain important information about the star. In particular, stars that are chromospherically

active, undergoing accretion or part of a pair of interacting binaries may exhibit Calcium

emission that gets superimposed on the Ca-triplet absorption features (Lanzafame et al.,

2023). Since our model is assumed to predict flux for inactive stars (see Section 3.4.1),

activity should manifest as a poor model fit around the Calcium features where the model

underestimates the flux. To provide a quantitative metric for this activity, we compute

the star’s χ2
Ca evaluated only at the wavelengths containing the Ca-triplet– that is, the

wavelengths that are masked during the model’s test step.

We note that this metric is similar to the activityindex_espcs that Gaia reports, but with

a few notable differences. First, we compute χ2
Ca by comparing the spectrum to a best-fit

Cannon model instead of a template spectrum, thereby measuring the extent to which the

target object differs from other stars with otherwise similar labels. This allows us isolate

the effect of chromospheric emission from natural variance of Ca-triplet flux for stars with

different locations on the HR diagram. Second, our Cannon model allows us to inspect the

nature of the star’s behavior at the Ca-triplet through the visual inspection of the residuals

and the lines’ equivalent width, whose sign indicates whether the spectrum exhibits whether

the spectrum exhibits Calcium emission or absorption relative to the best-fit model. Finally,

Gaia doesn’t report the activityindex_espcs for all stars. Of the ∼1 million stars with

RVS spectra, about 1/3 have reported activityindex_espcs. Our model can compute

reliable χ2
Ca for any star with an RVS spectrum and reasonable (>50) SNR.

The distribution of χ2
Ca values for our sample of main sequence single stars from EB18 is

shown in the top right histogram in Figure 3.6. Objects with χ2
Ca values that are much larger

than the stars in this distribution have Ca triplet features that differ significantly than those
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in the training set. An example is shown in the second spectrum from the top for an active

dwarf from Lanzafame et al. (2023) with an abnormal emission superimposed in the Calcium

absorption features. In addition to computing χ2
Ca, our model also enables visual inspection

of the star’s residuals at the Calcium III lines, along with their equivalent widths (which we

denote as W ). Equivalent width values in the single star sample from EB18 are typically

within a range of 0±0.01, so W ≈ −0.02 for this target indicates significant activity-induced

Calcium emission, along with a large χ2
Ca. However, we caution that a large χ2

Ca can also be

the result of a poor quality-of-fit at all wavelengths. In this case, the large χ2
Ca would instead

be due to an unresolved binary, evolved star or noisy spectrum, as shown in the lower panels

of the figure. Thus, χ2
Ca is only a robust activity indicator in the absence of a large χ2 and

small ρ(ln) that suggest the model fit is unreliable, as described further in Section 3.6.4.

3.6.2 Unresolved Binaries

Binaries with < 1.8 ” orbital separations are not resolved by the Gaia RVS instrument and

thus produce spectra that are inconsistent with the spectra of single stars (see Cropper et al.,

2018, for a description of the RVS instrument design). Among these, binaries with < 1AU

physical separations appear as double-lined spectra (“SB2s") and are not processed by the

Gaia’s main spectroscopy pipeline (Gaia Collaboration et al., 2023). However, binaries with

smaller relative velocities and separations close enough for both stars to fall within the

RVS aperture may remain in the current RVS sample as mis-classified single stars. These

spectral binaries produce two sets of overlapping spectral features and can be identified

via Bayesian model comparison of a single-star spectrum with a binary spectrum–that is, a

linear combination of two single-star spectra (e.g., EB18). Importantly, for a spectral binary

to produce a continuum-normalized spectrum that is significantly different from a single

star spectrum with the labels of the primary, the secondary must contribute significant flux

without being too similar to the primary. This implies sensitivity to ∼1-200AU binaries
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with mass ratios anywhere from q ∼ 0.4− 0.97.

We model a binary system as combination of a primary star and secondary star with respec-

tive labels l1, l2 and radial velocity (RV) offsets v1, v2 relative to the Gaia RVS instrument

rest frame8. Our Cannon model predicts the rest-frame flux for each of the individual

components as a function of stellar labels, f1(l1) and f2(l2). To account for the RV off-

sets, we compute wavelength shifts for each binary component relative to the rest frame

∆λ1,2 = λ1,2v1,2/c. We then interpolate The Cannon-predicted fluxes onto wavelength grids

shifted by ∆λ1,2 to predict the individual spectra of the primary and secondary, f1(l1, v1)

and f2(l2, v2). We account for the relative flux contributions of the primary and secondary

by multiplying f1(l1, v1) and f2(l2, v2) by flux-weighted pre-factors W1 and W2:

fbinary,j = W1 × f1,j(l1) +W2 × f2,j(l2). (3.8)

where W1 and W2 are calculated based on the flux ratio of the primary and secondary stars,

Frel = F1/F2 = 10−(m1−m2)/2.5. Here, m1 and m2 are the primary and secondary apparent

magnitudes, which we compute using empirical magnitude-temperature relations for main

sequence stars reported in Pecaut and Mamajek (2013b). W1 and W2 are then derived from

from Frel as follows:

W1 =
F1

F1 + F2

=
Frel

Frel + 1
(3.9)

W2 = 1−W1 (3.10)

to assert that the binary flux is continuum-normalized to unity with realistic contributions

from the primary and secondary star. The final product is a prediction of the flux at each

pixel for a binary system as a function of the primary and secondary labels and RV offsets.
7The specific q sensitivity range varies slightly for different instruments, and sensitivity to binaries with

q > 0.9 can be reached for binaries with larger velocity offsets (see El-Badry et al. 2018a, EB18)
8While we expect the relative RV to be small for overlapping spectra, we model non-zero v1 and v2 to

account for sub-pixel RV shifts between the primary and secondary
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To fit our binary model to an individual RVS spectrum, we repeat the test step described

in Section 3.2.2 but evaluate the likelihood of our binary model instead of the single-star

Cannon model. To ensure that our model predicts physically realistic binary systems, we

assert that the primary and secondary stars have identical chemical compositions (i.e., [Fe/H]

and [α/Fe] are the same for both stars). We also adopt the same training density threshold as

our single star model (Section 3.4.3) to prevent fitting with unrealistic primary or secondary

labels.

One notable difference between the Gaia RVS spectra and the APOGEE spectra used in EB18

is that the Gaia spectra are averaged over anywhere from ∼ 1 − 100 epochs over a baseline

of ∼three years. Consequently, for binary systems whose relative radial velocity changes by

at least one resolution element (26 km/s)9 the effect of the secondary is smeared out when

the spectra are stacked according to the primary’s spectral features and the spectrum does

not represent a physical system. In this case, we expect that our model is unreliable, and an

inferred RV offset ≥ 26 km/s should reflect this. For other binaries, the relative RV may not

change significantly over the three-year baseline, and our model assumption of a constant

relative RV between the primary and secondary stars is reasonable.

For a binary to be identified from its RVS spectrum, its spectrum should be significantly

better fit by the binary model than the single star model. This information is contained in

the value of ∆χ2 = χ2
single − χ2

binary. It is important to note that due to increased flexibility

of the binary model, an RVS spectrum should always be better fit by the binary model than

the single star model. Thus, a robust binary detection requires ∆χ2 to be large relative

to a sample of single stars. To determine whether this is an effective metric for identifying

binaries in the RVS sample, we computed ∆χ2 for a sample of known single stars and binaries

identified by EB18 (Table E3) with RVS SNR≥ 50. Our results are shown in Figure 3.7.

As we can see from this Figure, ∆χ2 doesn’t highlight a clear separation binaries and single
9c/R = 26 km/s for the Gaia RVS instrument’s R=11,500, see Cropper et al. (2018)

81



Figure 3.7: Distribution of ∆χ2 for known single stars and binaries identified in EB18.
Although most stars fall into the log∆χ2 =1-3 region where our binary test is inconclusive,
a log∆χ2 > 3 is suggestive of binarity and a log∆χ2 < 1 can rule out the possibility of a
spectral binary.

stars in most cases- the log∆χ2 =1-3 regime encapsulates both 85% of single stars and 87%

of binaries. However, we find that a log∆χ2 > 3 is suggestive of binarity. Indeed, while this

region contains stars from both the single star and binary samples from EB18, the single star

spectra in this region exhibit similar behavior to the binaries, in that the sign of the single

star fit residuals is feature-dependent, and the magnitude of the residuals is significantly

reduced for the binary fit (see Figure 1 of El-Badry et al., 2018a). Our validation results

for abundance labels Section 3.5.1 indicate that this behavior can’t be attributed to the

model inferring incorrect abundances, thus we hypothesize that these stars are true binaries

that were missed by EB18. We also find that the log∆χ2 <1 region of this figure is largely

populated by single stars, with only 1.5% contamination from known binaries. This suggests

that our ∆χ2 metric can be used in conjunction with other metrics that Gaia reports (RUWE,

non_single_star) to rule out the possibility of binarity as opposed to definitively detecting

them. Note that ∆χ2 refers specifically to spectral binarity, since the system could be a

wide binary with a resolved companion and appear as a single star in its spectrum. To

summarize, while a our ∆χ2 metric does not provide a definitive test for binarity for spectra
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with log∆χ2 =1-3, a log∆χ2 >3 and log∆χ2 < 1 are suggestive of binary and single star

scenarios, respectively. We include an example of a binary from EB18 with a log∆χ2 >3 in

Figure 3.6.

3.6.3 Evolved Stars

Post-main sequence stars (log g < 4) will not be well-described by our model since it was only

trained on stars with log g ≥ 4. In this case, the log ρ(ln) will be low (≲ −6) since the model

will need to extrapolate to explain behavior it was not trained on. However, since we limit

the degree to which our model is allowed to extrapolate (Section 3.4.3), the extrapolation

will not be enough for our model to provide a good fit and the χ2 value should be large as

well.

The fact that the model is unable to provide a good fit in these cases can also manifest in

a large χ2
Ca and ∆χ2 for evolved stars, even if they are not active stars or binaries. We can

distinguish evolved stars from active stars because active stars will be well-fit by our model

everywhere except the Calcium lines, and should thus have a nominal χ2. To this same

end, we can distinguish between the evolved and binary cases based on their ∆χ2 values

and residuals as demonstrated in Figure 3.6. Binaries should posses larger ∆χ2 values than

evolved stars. Additionally the residuals of the single star fit to a binary possess characteristic

positive and negative spikes in their residuals, while the evolved star shows residuals that

are more smooth and typically negative.

3.6.4 Stars with Unreliable Labels

As discussed in Section 3.4.3, a low ρ(ln) is indicative of extrapolation beyond the training

domain during the model’s test step, in which case the inferred labels are unreliable. While
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we penalize models with log ρ(ln) < −7 (Equation 3.7), main sequence single stars typically

have ρ(ln) well above this value. This is shown in the bottom right histogram in Figure 3.6,

which shows the distribution of ρ(ln) values for main sequence single stars from EB18. As

we can see, these stars typically have log ρ(ln) ≥ −5.5. Thus, a log ρ(ln) ≲ −6 is indicative

of a star that deviates from a main sequence single star, and The Cannon output labels are

unreliable in these cases.

There are a number of reasons that our model may predict unreliable labels:

• Poor data quality. If the spectrum is too noisy, the model may extrapolate to low ρ(ln)

regions of the training domain to increase flexibility and over-fit to the data. This is

typically the case for stars with Gaia RVS SNR< 50 (see Section 3.5.2).

• Unresolved Binaries. As described in Section 4.5, the single star model that is used to

infer stellar labels cannot adequately describe the spectrum of an unresolved spectral

binary. As shown in El-Badry et al. (2018a), this can bias the inferred parameters of

the primary. This can also manifest is a low ρ(ln), as is the case for the binary shown

in Figure 3.6.

• Evolved Stars. Because our training set was composed solely of main sequence stars,

accurately modeling an evolved star requires labels beyond the model’s training do-

main. Since the training set contained zero information for these stars, the labels

inferred from these spectra are not physical.

• True labels are outside of the training domain. Due to the finite size of our training

set, there are bound to be main sequence single stars with labels that are beyond the

training domain that do not satisfy any of the conditions listed above. For example,

stars with Teff < 4000K, Teff > 7000K, or particularly large [Fe/H] or [α/Fe] abun-

dances may not resemble the stars in our training set. By design, our model is not able

to accurately predict labels for these stars.
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In general, we caution that labels should not be trusted for any spectrum with a log ρ(ln)

< −6. For RVS spectra with SNR> 50, the metrics outlined in this section may also be

unreliable since the model performance is compromised. However, for spectra with SNR< 50,

a low ρ(ln) is correlated with metrics that can accurately flag binaries and evolved stars. In

the binary case, the contamination of the spectral lines due to the secondary contribute to

both a low ρ(ln) and a large ∆χ2. In the evolved star case, the object should have a low

ρ(ln) and large χ2, and possibly a large χ2 and χ2
Ca as well. Thus, while we can’t trust the

inferred labels in these cases, we can still trust the metrics and flag them as astrophysically

anomalous. Note that this is not the case for active stars– χ2
Ca does not correlate with the

ρ(ln) metric, since the labels are computed based on the fit everywhere except the lines where

χ2
Ca is evaluated. As a result, our model can provide both accurate labels and metrics for

active stars.

3.7 Conclusions

In this paper, we train a data-driven model on Gaia RVS spectra of main-sequence stars

to predict stellar labels with precisions of 72K in Teff , 0.09 dex in log g, 0.06 dex in [Fe/H],

0.05 dex in [α/Fe] and 1.9 km/s in vbroad, in agreement with SPOCS labels with roughly 20%

and 40% improvement over the Gaia GspPhot and GspSpec catalogs, respectively for stars

with SNR> 50. We also provide extended data tables with labels inferred by our model for

stars from the Kepler Input Catalog (KIC) with SNR>50 with known Gaia DR3 source IDs

identified using the Gaia-Kepler crossmatch database10.

In addition to reporting stellar labels, our model also computes metrics to identify active

stars, binaries, evolved stars, and cases where the model’s inferred stellar parameters are

unreliable. We compute these metrics for a sample of main sequence single stars from EB18
10https://gaia-kepler.fun/
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to determine the nominal ranges of these metric values. Objects with metric values outside

of these nominal ranges may be flagged as spectroscopic anomalies. We provide guidelines

for interpreting the model metrics for these cases in Section 3.6.

We note that while our ∆χ2 metric is able to recover some of the binaries identified in EB18,

the majority of single stars and binaries in the sample lie in the log∆χ2 = 1 − 3 regime

where this metric is not conclusive. We interpret the difficulties identifying binaries in the

RVS sample as a product of two factors. First, the low SNR for a large number of stars with

published RVS spectra means that flux from the secondary star is likely lost to photon noise,

even in cases where the SNR> 50. Second, the fact that the RVS spectra are epoch-averaged

over a three-year baseline presents a new obstacle for identifying binaries. In the event that

the relative RV of the stars in the binary changes by > 26 km/s over the observing baseline,

the secondary features may be smeared out in the averaging step. This implies a complicated

selection function that depends on the binary’s mass ratio, orbital phase, and separation,

and leaves fewer detectable binaries than a similar study with single-epoch spectra. However,

it is likely that single-epoch spectra with SNR≥ 100 will be more amenable to identifying

binaries via composite Cannon models like the one we develop here. The number of spectra

that fit this criteria is large for planet hosts is expected to grow as Kepler and TESS planet

hosts continue to be monitored with instruments like Keck-HIRES and the Keck Planet

Finder.

Our model is publicly available at https://github.com/isabelangelo/gaiaspec. The

model reports labels and metrics for stars with published Gaia RVS spectra, and provides

accompanying plots to visualize and contextualize the best-fit spectra and their correspond-

ing labels and metrics. Our model enables users to classify individual targets of interest, and

is particularly useful for TESS planet hosts, many of which have published RVS spectra in

Gaia DR3 with reasonable SNR. Beyond this, our code allows these methods to be readily

applied to the ∼10million RVS spectra that are expected to be published in future Gaia
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data releases.
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3.9 Appendix 3: Model Coefficients

As described in Section 3.2, the trained model coefficients θj describe the model flux de-

pendence on the stellar labels. The magnitude of these coefficient vectors is related to how

strongly the model depends on a given label or combination of labels at a particular pixel.

During the training step, The Cannon computes coefficient vectors for all linear and quadratic

terms in our model, and we show the linear terms corresponding to each label here. We also

show the model scatter, which was computed empirically as outlined in Section 3.4.2.
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Figure 3.8: First-order coefficient vectors (i.e., spectral derivatives) of our trained model for
each of our training labels (top 5 panels), and model scatter (bottom panel) as a function
of the Gaia RVS wavelength scale. For each label, peaks in the coefficient vectors represent
pixels in the spectrum that contain the most information for that particular label.
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Chapter 4

Seeking Spectroscopic Binaries with

Data-Driven Models

A version of this chapter was was submitted to The Astrophysical Journal on May 14, 2025.

Abstract

Data-driven stellar classification has a long and important history in astronomy, dating as

far back as Annie Jump Cannon’s “by eye” classifications of stars into spectral types still

used today. In recent years, data-driven spectroscopy has proven to be an effective means of

deriving stellar properties for large samples of stars, sidestepping issues with computational

efficiency, incomplete line lists, and radiative transfer calculations associated with physical

stellar models. A logical application of these algorithms is the detection of unresolved stellar

binaries, which requires accurate spectroscopic models to resolve flux contributions from a

fainter secondary star in the spectrum. Here we use The Cannon to train a data-driven model

on spectra from the Keck High Resolution Echelle Spectrometer. We show that our model
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is competitive with existing data-driven models in its ability to predict stellar properties

Teff , R⋆, [Fe/H], v sin i, and instrumental PSF, particularly when we apply a novel wavelet-

based processing step to spectra before training. We find that even with accurate estimates

of star properties, our model’s ability to detect unresolved binaries is limited by its ∼ 3%

accuracy in per-pixel flux predictions, illuminating possible limitations of data-driven model

applications.

4.1 Introduction

Across all subfields of astronomy, characterization of astronomical objects hinges on stellar

spectroscopy. Spectroscopic observations of stars enable us to precisely determine their age,

rotation, and chemical abundances, which play an important role in understanding the for-

mation and evolution of objects as small as planets and as large as galaxies. In general, these

properties are derived via comparison of stellar spectra to synthetic spectra derived from nu-

merical approximations of stellar structure and radiative transfer (e.g., Kurucz (1979); Husser

et al. (2013)). However, these models do not always resemble true observations of stellar

spectra due to incomplete atomic line lists and numerous simplifications of the underlying

physics needed to achieve sufficient computational efficiency.

More recently, data-driven models have successfully addressed many of these issues, partic-

ularly in the context of stellar label determination. Simple linear models of stellar flux as a

function of stellar labels have shown to make consistent and accurate predictions of stellar

properties like Teff , log g, [Fe/H], and v sin i (e.g., The Cannon, Ness et al. (2015)). Addition-

ally, more complex neural networks are also viable means of determining stellar properties

from stellar spectra (e.g., The Payne, Ting et al. (2019)). These applications are particularly

successful for large-scale surveys, where ample training data exist and high-fidelity labels of

previous surveys can be leveraged to train the model. Indeed, data-driven models have been
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trained to predict stellar labels for spectra for a number of surveys, including APOGEE

(Ness et al., 2015), LAMOST (Ho et al., 2017), and Gaia (Angelo et al., 2024).

Data-driven spectroscopic models also pose an exciting opportunity for science cases that

require accurate predictions of the spectra themselves. For example, previous attempts to

identify unresolved binaries in stellar spectra have historically been limited to close binaries

(orbital separation < 10 au) with large radial velocity offsets that produce two distinct sets of

spectral features. However, in recent years, accurate data-driven spectral models have been

used to identify thousands of unresolved binaries with > 10 au separations, which manifest

as overlapping spectral features that produce subtle deviations from single star spectra (El-

Badry et al., 2018a,b).

Applying these techniques to identify unresolved binaries in the planet host population is

of particular interest. A large majority of the planets discovered to date come from space-

based photometric missions like Kepler, K2, and TESS. However, these missions’ large ≥4”

pixels and considerable distances to most targets mean that many known planet hosts may

have additional unresolved companions. Furthermore, follow-up studies to identify stellar

companions to planet hosts have largely relied on ground-based adaptive optics imaging,

which is only sensitive to companions beyond > 50 au for most Kepler stars.

The California-Kepler Survey (CKS) provides an exciting opportunity to search for < 50 au

binaries in the planet census. The CKS survey is a Kepler follow-up program that obtained

high-resolution spectra of over a thousand planet hosts using the High Resolution Echelle

Spectrometer (HIRES; Vogt et al. 1994) instrument on Keck-I, providing a large sample

of targets to search for binaries. Additionally, there is ample training data available of

well-characterized stars and high-fidelity stellar labels. In fact, HIRES spectra have already

been used to develop multiple data-driven spectroscopic models (Yee et al., 2017; Rice and

Brewer, 2020) that accurately predict properties of stars with HIRES spectra. Finally, the

high signal-to-noise of HIRES spectra offers the ability to detect subtle signatures binary
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that an unresolved secondary star imprints on the stellar spectrum.

In this paper, we explore the potential applications of data-driven models to identify unre-

solved binaries in the CKS sample. We perform simple experiments with synthetic HIRES

spectra and show that unresolved binaries across a wide range of parameter space should pro-

duce significant markers of binarity in spectra with typical CKS measurement uncertainties.

Next, we used The Cannon, a data-driven framework for modeling stellar spectra, to train a

spectroscopic model of HIRES spectra. We also develop a novel wavelet-based filtering step

to treat the stellar continuum and show that it significantly improves our model’s ability

to accurately predict stellar properties. Finally, we investigated our model’s ability to iden-

tify binaries in a sample of previously identified binaries and single stars. We find that our

data-driven model does not confidently resolve these two populations in our validation data,

likely due to its limited accuracy in predicting the per-pixel flux of the single star spectra

in our sample. We also comment on implications of our findings for future applications and

limitations of data-driven spectroscopy.

4.2 Identifying Spectral Binaries in Simulated Data

We are particularly interested in identifying binaries with overlapping spectral features

(”spectral binaries”) that would have been missed by more traditional searches for SB2’s

with multiple sets of spectral features. We can identify these binaries as spectra that are

significantly better fit by a composite spectrum–that is, a linear combination of two single

star spectra– than by a single star spectrum (El-Badry et al., 2018a). In general, we expect

to be sensitive to any spectral binary whose secondary star contributes more flux than the

per-pixel flux uncertainties associated with the spectrum. However, a secondary star that is

too similar in spectral type to its primary may not produce the unique markers of a non-

single star at sufficiently high significance. To get a sense of our sensitivity to different types
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Figure 4.1: Flux contributions from the secondary star evaluated for binaries with a range
of primary and secondary temperatures. For a HIRES spectrum with typical S/N=45 and
2.2% flux errors, secondary stars as cool as ∼3500K should contribute to flux above the
photon noise.

of binaries, we calculated the fractional flux contributions of the secondary star for a grid of

binaries with varying primary and secondary Teff :

f2
ftot

=
1

1 + frel
(4.1)

where frel is the flux ratio of the primary and secondary stars, frel = f1/f2 = 10(m2−m1)/2.5.

Here, m1 and m2 are the V-band magnitudes of the primary and secondary star, respectively,

which we estimate based on empirical Teff-magnitude relations for main sequence stars pub-

lished in Pecaut and Mamajek (2013b). Figure 4.1 shows f2/ftot as a function of secondary

temperature Teff2 for a range of primary star temperatures Teff1. We label f2/ftot = 0.022

for reference, since these are the flux errors associated with a typical CKS spectrum with

S/N=45. We consider below this to be undetectable, since the secondary flux would be lost

to photon noise. Based on this figure, we’d expect to be sensitive to secondary stars with

Teff2 ≳ 3500K for most a range of Teff1 in HIRES spectra with typical flux uncertainties.

We note that while this is a compelling proof-of-concept, this picture is complicated by two

additional factors. First, binary spectra where the primary and secondary are spectrally
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similar (i.e., residing near the top of Figure 4.1 may not exhibit significant markers of bi-

narity, compromising our sensitivity to more massive secondaries. Second, the relationship

between the secondary and primary star might deviate from the simple temperature-flux

relationship we assume for this calculation– in reality, the full spectrum contains pixels with

different levels of information and photon noise that depend on both stellar properties and

instrumental effects. To get a more accurate sense of the types of binaries we can detect,

we developed a model that predicts the HIRES spectra of spectral binaries based synthetic,

HIRES-like spectra. To do this, we used Starfish (Czekala et al., 2015) to simulate a grid

of PHOENIX library spectra (Husser et al., 2013) for Teff =3000-7000K, convolved to the

HIRES instrumental profile (FWHM=4.3 km/s) and re-sampled to the wavelengths of the

HIRES middle detector CCD chip (λ = 4985 − 6410Å). We removed the continuum by

dividing each individual spectrum order by a line fit to the continuum pixels (identified as

pixels within 1% of the median flux) of that order.

To predict the HIRES flux of a single star, f(Teff1), we linearly interpolated between the two

nearest grid spectra, weighted according to their distance from the Teff we are modeling. We

then modeled the HIRES flux of a spectral binary fbinary(Teff1, Teff2) as a linear combination

of the primary and secondary flux:

fbinary = W1 × f(Teff1) +W2 × f(Teff2). (4.2)

where W1 and W2 are flux-weighted pre-factors calculated based on the flux ratio of the

primary and secondary stars:

W1 =
f1

f1 + f2
=

frel
frel + 1

(4.3)

W2 = 1−W1, (4.4)
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We computed the best-fit single star and binary models for a simulated binary spectrum

with lmfit.minimize() which uses linear least-squares to determine the Teff and (Teff1,

Teff2) that minimizes the χ2 of the single star and binary model, respectively.

Since the binary model has more free parameters, we expect the χ2 of the best-fit binary

model to be consistently lower than that of the best-fit single star model. To account for

this, we evaluated the extent to which a given simulated spectrum is better described by a

binary model than a single star model based on the Bayesian information criterion (BIC) for

the best-fit single star model and best-fit binary model:

BIC = k logNpixels − 2 logL (4.5)

where k is the number of free parameters, Npixels is the number of pixels in the spectrum,

and lnL is the Bayesian likelihood associated with the best-fit model (eq. 4.8). We then

calculated the difference between the BIC of the best-fit single star binary models. A large

∆BIC indicates that the binary model is strongly favored over the single star model.

Figure 4.2 shows an example of a simulated binary spectrum with Teff1 =5900K, Teff2

=4700K and its best-fit single star and binary models. In the top panel we plot the individ-

ual primary and secondary star components, along with their composite spectral binary that

we fit to. Below it, we plot the spectral binary degraded to S/N=500 along with the best-fit

single star and binary models and their residuals to demonstrate our ability to distinguish

between the single star and binary scenario in the limit of high S/N. The bottom panel shows

the same thing, but the spectrum is degraded to S/N=45 to more closely resemble the CKS

spectra. As we see from this figure, for a Sun-like primary and 4700K secondary, the ∆BIC

strongly favors the binary even in the lower S/N regime.

Next, we simulated fbinary(Teff1, Teff2) for a range of Teff1 and Teff2 values and injected Gaus-

sian noise into the spectra to degrade them to S/N=45. We then computed their best-fit
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Figure 4.2: Top: Simulated spectrum of a 5900K primary (blue) and 4700K secondary (red)
and their composite spectrum (black), weighted according to their relative flux contributions.
Middle: Composite spectrum with added Gaussian noise and per-pixel S/N=500, with best-
fit single star and binary models. The binary fit is strongly favored over the single star fit
with ∆BIC = 1.7× 106. Bottom: Same as the middle panel, but with realistic HIRES S/N
of 45. The binary fit is still favored over the single star, with ∆BIC = 104.
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Figure 4.3: Difference in Bayesian Information Criterion (BIC) between the best-fit single
star model and best-fit binary model is plotted versus secondary temperature for simulated
binary spectra with a range of primary star temperatures. Simulated spectra include realistic
CKS spectral resolution and S/N. The binary scenario is strongly favored over the single-star
scenario for binaries with Teff2/Teff1 ≈0.75-0.9, particularly for binaries with cooler primaries.

single star and binary models and their associated ∆BIC values. The ∆BIC values are plot-

ted as a function of the simulated binary Teff2 for a number of different Teff1 values in Figure

4.3. Based on this figure, we expect to be sensitive to binaries with Teff1/Teff2 ∼0.75-0.9,

with increased sensitivity to binaries with cooler primaries where the secondary contributes

a larger fraction of the total flux. This suggests that our binary detection methods will

depend most sensitively on our model’s ability to model cool stars with Teff ≲4500K. Our

sensitivity drops off at low Teff1/Teff2 where the secondary is too faint and high Teff1/Teff2

where the normalized composite spectrum too closely resembles the spectrum of the primary

alone.

4.3 A Data-driven Spectral Binary Emulator

Applying our simulated spectral binary model to real HIRES spectra poses a number of

challenges. First, our model only varies Teff of the primary and secondary stars while other

97



important labels are fixed to logg=4.5 dex, [Fe/H] =0dex, and v sin i =0km/s. This is a

simplification of the real spectra, which contain single stars and binaries spanning a wide

range of stellar label space. Additionally, the simulation assumes that the model spectra

used in the fits are a perfect representation of the real underlying spectra. In reality, the

PHOENIX models do not agree with the per-pixel flux of real HIRES spectra of single stars

to within our needed ∼ 2% accuracy. Thus, we developed a data-driven spectral binary

emulator to use in the remainder of our analysis, as described in the the remainder of this

section.

4.3.1 Training Data Selection

We trained our data-driven model on sample of high S/N HIRES spectra of well-characterized

stars from the SpecMatch-Emp library. This library was published in Yee et al. (2017) and

consists of 404 bright, well-characterized stars spanning a range of spectral types ∼ F1-

M5. We selected this sample as our model training set due to its uniform coverage of

stellar label space and high average per-pixel SNR∼150. We then removed any reported

unresolved binaries from our training set, since unresolved binaries will manifest as biased

stellar parameters in our model training set (El-Badry et al., 2018a). To do this, we used

the SIMBAD Astronomical Database to query the SpecMatch-Emp library and remove any

unresolved binaries from our training set. In particular, we removed 22 stars flagged in

SIMBAD as spectroscopic, eclipsing, or X-ray binaries, and 10 additional stars with reported

stellar companions within the 0.8 ” HIRES slit width. We then divided our sample into hot

and cool samples to train separate hot and cool star models, as described further in Section

4.4.

A number of SpecMatch-Emp library stars do not have reported v sin i values. We removed

these stars from our hot star sample, but there were too many in the cool star sample to
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remove without compromising our model performance. In the cool star case, the v sin i values

are typically not reported due to challenges in determining v sin i values for slow rotators

(≲2 km/s), thus we can assume the v sin i values for these stars ≤ 2 km/s. In order to

preserve the information from these spectra and their associated labels, we included these

spectra with assigned v sin i =0km/s in our training set, along with “broadened” copies of

each spectrum that we broadened to v sin i =3, 5 and 7 km/s with a rotational broadening

kernel (Equation 17.12 in Gray 1992). Our final training set is composed of 135 unique hot

stars, 140 unique cool stars, and 324 broadened cool stars. The distribution of training labels

in our models is shown in Figure 4.4, and the spectroscopic properties of our training set are

summarized in Table 4.1.
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Figure 4.4: Distribution of Specmatch-Emp stellar labels Teff , R⋆, [Fe/H], v sin i, and PSF
values for both of our model training sets. Blue and red points indicate whether the star
was part of the hot or cool components of our piecewise Cannon models, respectively. Stars
that we included artificially broadened copies of in our cool star Cannon model are filled in
with white in the left and middle panels and shown as a dashed histogram in the right panel.
Stars with R⋆ < 2R⊙ and 5200<Teff <5300K are included in both training sets.

4.3.2 Data Preparation

The Cannon requires rest-frame, continuum normalized spectra as inputs for its training step.

The HIRES spectra that are publicly available have undergone a preliminary step to remove

their instrumental blaze function, as we describe below. We then used the SpecMatch-Emp

code to shift the spectra into the rest-frame, and applied a second wavelet-based filtering

treatment to remove residual low-frequency variations in the spectra, as detailed in the

remainder of this section.

4.3.2.1 Blaze Function Removal, Part 1: Empirical Models

The HIRES spectra were processed according to standard practices of the California Planet

Search (CPS; Howard et al. 2010b). This procedure removes large-frequency-scale flux varia-

tions due to the instrumental blaze function from each individual spectrum by dividing it by

a composite spectrum of “spectrally flat” rapidly rotating B star spectra. However, we no-

ticed that many of the HIRES spectra still contained low-frequency variations, especially for
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spectra with lower S/N. We suspect that this is due to either mismatched PSF or polarization

between the target spectrum and the composite spectrum. In any case, this necessitated a

second processing step to remove the residual blaze function, which we describe further in

Section 4.3.2.3.

4.3.2.2 Spectral Registration

The spectra output by the CPS pipeline are shifted due to the stars’ line-of-sight velocities,

and need to be shifted into the rest-frame for the purposes of our analysis. We used the

SpecMatch-Emp (Yee et al., 2017) to shift the spectra and register them back onto a common

wavelength scale. Briefly, the spectra are shifted using a bootstrapping procedure that

performs a cross-correlation of the target spectrum with a ladder of five rest-frame shifted

reference spectra. The target spectrum is then shifted according to the reference spectrum

that most closely resembles the target spectrum, identified as the spectrum with the largest

peak in its cross-correlation function. Next, the spectra are registered onto a common

wavelength scale, which we chose to be the standard CKS rest-frame wavelength solution

(Petigura et al., 2017b). This produces a spectrum with 16 orders of 4021 pixels each.

Finally, in order to produce a 1-D spectrum suitable for The Cannon, we clipped each order

by 390 pixels on each side to ensure zero overlap between adjacent orders to produce a final

spectrum of 16 individual orders of 3241 pixels.

4.3.2.3 Blaze Function Removal, Part 2: Wavelet Filtering

The processed HIRES observations are not strictly repeatable, and often contain non-astrophysical

variations on different spectral scales that we wish to remove. To accomplish this, we used

a wavelet-filtering process to decompose our signal into variations of different scales, allow-

ing us to experiment with excluding variations that occur on larger scales than the typical
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spectral line (i.e., continuum-level variations) as well as variations comparable to or smaller

than the typical spectra line. Our ultimate goal was to simultaneously minimize instrumen-

tal information and maximize astrophysical information in our spectra. This method has

been used previously to remove systematics from transit signals (Stumpe et al., 2014; del Ser

et al., 2018). In practice, it is similar in nature to a Fourier decomposition– the key difference

is, instead of decomposing the spectrum into sine and cosine components, which describe

oscillations that persist over all wavelengths, wavelet-filtering decompose the spectrum into

wavelet components, which describe oscillations that are localized in wavelength space.

Figure 4.5 shows a visual representation of our wavelet filtering methods. To filter a single

spectrum, we first perform a discrete, multi-level decomposition of each individual spectrum

order using the pywavelets package. In the same way that a Fourier power spectrum de-

scribes the amplitude of sine wave with a specific frequency, wavelet transform coefficients

describe the amplitude of a wavelet function with a specific frequency at a specific wave-

length. Thus, the coefficients of a discrete wavelet transform correspond to the amplitude of

a ladder of wavelets with discrete frequencies, evaluated as a function of wavelength. We then

recombine the decomposed levels, leaving out the level associated with the lowest-frequency

wavelet where we expect continuum information to be contained. We experimented with

different wavelet modes and excluding different combinations of levels in our signal recon-

struction. We chose to use a ‘sym5’ wavelet mode and leave out only the lowest-frequency

”approximation" coefficients (variations on the order of ∼ 20Å) because we found that this

produced spectra with minimal differences across multiple exposures, thereby preserving only

the star’s time-invariant astrophysical signal. The output of our wavelet filtering process is

a filtered signal that contains information from all but the lowest frequency modes of the

original spectrum.

We emphasize that unlike traditional continuum treatment procedures, wavelet-filtering is

not designed to produce flattened spectra normalized to unity. Instead, it produces signals
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Figure 4.5: Schematic of our wavelet-filtering process to remove low-frequency, non-
astrophysical variations in our HIRES spectra. The indiviual HIRES spectrum orders are
decomposed into wavelet coefficients via discrete wavelet decomposition. We then recon-
struct the signal via wavelet recombination (i.e., inverse wavelet decomposition) excluding
the approximation coefficients associated with the lowest frequencies to produce a wavelet-
filtered spectrum.

centered at zero, which do exhibit some low-frequency modulations. The key difference be-

tween the filtered and unfiltered spectra is that the modulations of the filtered spectra are

homogeneous and do not differ from star-to-star, and thus do not provide any information

about the star’s physical properties or other systematics that might compromise the infor-

mation our model learns during its training step. This is demonstrated in Figure 4.1, where

we show two spectra of KOI-99 taken on different nights, where any differences should come

from instrumental systematics. We plot the ratio of the spectra before and after wavelet-

filtering, as well as the ratio of the filtered out wavelet components. As we can see from this

figure, the ratio of the wavelet-filtered spectra is smaller than the ratio of the unfiltered spec-

tra, indicating that the wavelet-filtered spectra vary less on a night-to-night bases compared

to their unfiltered counterparts.

We proceed with our analysis using both spectra that are output by SpecMatch-Emp (here-

after “unfiltered" spectra), and spectra that gone through an extra step of wavelet-filtering

and comparing our model performance for both cases.
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Figure 4.6: Demonstration of our wavelet-filtering process’ ability to remove non-
astrophysical night-to-night variations in HIRES spectra. The top panel shows snippets
of two HIRES spectra of KOI-99 taken on different nights, where variations between the two
spectra should be primarily due to instrumental effects. The bottom shows two simulated
KOI-99-like spectra, where variations between the two spectra are due to injected noise
only. While the wavelet-filtering does not produce flat spectra like traditional continuum
treatments, it is effective at removing low-frequency night-to-night variations present in the
HIRES spectra while simultaneously preserving astrophysical information in both real and
simulated spectra.

4.3.2.4 Pixel Mask

The HIRES spectra are contaminated by telluric absorption features imprinted by molecules

in the Earth’s atmosphere. These features come from outside the target star reference frame;

as a result, they are shifted out of the rest-frame when the rest of the spectrum is shifted

into the rest frame and manifest at different pixels in the HIRES spectrum. We masked

pixels prone to telluric contamination to both assure the quality of our training set spectra

and avoid the model overfitting to telluric lines at the cost of producing a good fit elsewhere

during its test step (see Section 4.3.3). We referenced a list of telluric lines 1, defined as the

minimum and maximum wavelength of each telluric feature presented in the HIRES r chip

bandpass. We added a 30 km/s padding to each wavelength range to account for shifting

of telluric lines due to barycentric corrections, and another 100 km/s padding to account
1available at: https://www2.keck.hawaii.edu/inst/common/makeewww/Atmosphere/
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Figure 4.7: HIRES spectrum of sample star HD106088. The pixels we mask due to tel-
luric contamination are shown in red, and the binary signature pixels where we expect the
strongest signatures of a secondary star are shown in orange. The binary signature pixels
that are not contaminated by tellurics, shown in blue on the bottom, are the pixels we used
to calculate the ∆BIC associated with binary detection (Section 4.5).

for shifting due to relative radial velocities of the stars before rest-frame shifting. Our final

telluric mask is illustrated in Figure 4.7. Because The Cannon fits to each pixel individually

in its training step, we don’t mask telluric lines when training the model. Instead, we mask

telluric lines during the test step by fitting to only the unmasked pixels in the spectrum, as

described further in Section 4.3.3.

We expect our model to be more sensitive at specific features where the signature of the

secondary is more prevalent. Along these lines, wavelengths where the single star and spectral

binary spectrum are expected to be the same effectively add noise to our analysis when they

are included in our ∆BIC calculation. Thus, we incorporate a second ”binary signature"

pixel mask using the methodology described below that includes only pixels expect to show

the strongest signatures of the secondary star.

To determine which pixels to include in our binary signature pixel mask, we simulated a

coarse grid of 20 binary spectra with Teff1 =4000-7000K, Teff2 =3000-Teff1. We calculated

the difference between the binary spectrum and the primary spectrum for each binary to

generate a grid of difference spectra. We then selected pixels in this grid whose average
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absolute difference or standard deviation were in the top 20th percentile of all pixels. These

pixels (hereafter ”binary signature pixels") represent the HIRES spectrum pixels that exhibit

either the largest difference between the binary and single star spectra, or the largest scatter

in difference between the binary and single star spectra. This binary signature pixel mask

will be used in model comparison by computing the ∆BIC between best-fit single and binary

star models using only the selected pixels.

4.3.3 Single Star Model

We used a data-driven algorithm called The Cannon (Ness et al., 2015) to train a generative

model that predicts the per-pixel flux of single stars in HIRES as a function of four stellar

labels ln = (Teff , R⋆, [Fe/H], and v sin i, PSF), where PSF is the instrumental point-spread

function associated with each observation. While other models of HIRES spectra have in-

cluded more training labels, it has been shown that Teff , R⋆, [Fe/H], and v sin i are sufficient

for the purposes of binary detection (El-Badry et al., 2018a,b). We included the instrumental

PSF as an additional training label to correct for differences in the PSF across different ob-

servations in our training set, which compromise our models’ ability to accurately infer v sin i

when left unaccounted for. Holding all other stellar labels constant, decreasing the resolution

of a spectrum broadens the spectral lines, which is approximately similar to increasing v sin i

for slowly rotating stars. Training our model on both v sin i and the observation-specific PSF

allows it to learn how flux varies with both v sin i and PSF to produce a spectrum that is

more accurately tethered to the star’s physical v sin i value.

We used implementation of The Cannon developed by Casey et al. (2016)2 to train our

spectral model. A detailed description of these methods can be found in (Ness et al., 2015)

and (Casey et al., 2016), but we provide a brief review here. In short, The Cannon assumes

that the flux of star n at pixel j and the stellar labels ln obey the following relationship:
2available at: https://github.com/andycasey/AnniesLasso
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fnj = v(ln) · θj + enj (4.6)

where v(ln) is a “vectorizing" function that describes how the flux is assumed to vary with

the labels, and enj are the flux errors, which are sampled from a Gaussian with zero mean

and variance equal to the instrumental uncertainty and intrinsic pixel scatter of the model

summed in quadrature, σ2
nj + s2j . For our model, we assume the relationship between pixel

flux and stellar labels is a second-order linear relationship with polynomial coefficient vector

θj, where θj is a 21×1 matrix of label coefficients and their cross terms (Teff , R⋆, Teff
2, R⋆

2, Teff ·R⋆, etc.). In other words, we model the flux as a polynomial function of the stellar

labels, plus some deviation sampled from a Gaussian with zero mean and variance equal to

the observation and model uncertainty summed in quadrature.

The Cannon uses training spectra during its “training step” to develop a spectral model and

then uses this model to fit to individual spectra outside the training set during its “test step.”

The training step of The Cannon determines the polynomial coefficients and intrinsic model

scatter (θj, s2j) that minimize the following function:

θj, s
2
j = argmin

θj ,s2j

Nstars∑
n=1

−ln p (ynj|θj, ln, s2j), (4.7)

where ynj is the observed flux of training set star n at pixel j, and ln p describes the per

pixel log-likelihood of the model flux:

ln p (ynj|θj, ln, s2j) = − [ynj − v(ln) · θj]2

s2j + σ2
nj

− ln (s2j + σ2
nj) (4.8)

The final output of the training step is a set of polynomial coefficients θj and per-pixel

intrinsic model scatter s2j for each spectrum pixel that best describe how the flux of the

training set stars depends on the stellar labels.
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Once the model is trained and the coefficients are determined, we can use the model in

the test step to estimate the labels of spectra outside the training step. This step typically

varies only the stellar labels in ln to determine the the best-fit Cannon model. However,

we noticed during our analysis that many of the HIRES spectra in our samples show large

residuals between the spectra and their best-fit single star models due to small errors in rest-

frame shifting carried out by SpecMatch-Emp (see Section 4.3.2.2). Thus, we subsequently

apply a relative radial velocity vn to the Cannon model output to predict gnj′ , i.e. the flux

corrected for imperfect rest-frame shifting during data processing:

gnj′(lsingle,n) = D(j′, j, vn) · [v(ln) · θj] (4.9)

Here, D(j′, j, vn) is an operator that applies a Doppler shift by relative velocity vn and

interpolates The Cannon rest-frame flux v(ln) · θj from the j Cannon model grid to the j′

HIRES pixel grid, and lsingle,n = (ln, vn) describes the full set of six single model parameters

that describe a particular star n. We note that while these shifting errors are present in the

training data as well, we experimented with training a second model on velocity-corrected

spectra and found that it does not substantially affect our model performance.

We estimate the best-fit model for a given spectrum by determining the model parameters

in lsingle,n that maximize the model likelihood function (or rather, minimize the negative

likelihood function), evaluated at all non-telluric pixels (see Section 4.3.2.4 for a description

of our telluric mask):

l̂single,n = arg min
lsingle,n

−lnL (yn|lsingle,n) (4.10)

where lnL (ynj′ |θj′ , lsingle,n, s2j′) (hereafter lnL) represents the Bayesian likelihood associated
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with a particular set of parameters lsingle,n for HIRES pixel j′:3

−lnL =
1

2

Npixels∑
j′=1

[ynj′ − gnj′(lsingle,n)]
2

s2j′ + σ2
nj′

+ log2π(s2j′ + σ2
nj′) (4.11)

To do this, we first conduct a brute search across the HR diagram, fixing all labels except

Teff and R⋆ to determine the ballpark values of these labels for the star of interest. We then

initialize an optimizer at these values and vary all six model parameters using the Nelder-

Mead method in scipy.optimize.minimize(). We constrain the optimizer to only sample

labels that are within the bounds of the training set (Figure 4.4), allowing vn to vary from

-20-20 km/s. We also re-parameterize v sin i to log(v sin i) to avoid fitting v sin i < 0.

The Cannon’s quadratic approximation of fnj has been shown to be sufficient for training

sets spanning Teff range of ∼ 2000K, however, it has been suggested that broader appli-

cations may require increased model complexity (Ness et al., 2015). Since our training set

spans a larger range of parameter space (Teff =3000-7000K), we split our training set into

two separate training sets of hot (Teff >5200K) and cool (Teff <5300K) stars and trained

two models that span smaller temperature ranges over which we’d expect the quadratic ap-

proximation to be more accurate. We allowed for 100 K overlap for the two components, but

removed stars with R⋆ >2 stars in the overlapping region from the cool star sample to avoid

a training set with large gaps in the training set parameter space (see Figure 4.4). To carry

out The Cannon’s test step, we fit each spectrum to both the cool and hot star models and

select the fit with the larger lnL (eq. 4.11), effectively fitting a piecewise Cannon model to

each spectrum.

We note that another way to achieve increased model complexity is by training a neural

network that assumes a more flexible relationship between the stellar flux and labels of the
3For our optimization we approximate θnj′ and s2j′ as θnj and s2j . We recognize that this approximation

is not technically correct, however, we find that this is a workable approximation in the low Doppler shift
regime we are modeling.
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training set (e.g., The Payne; Ting et al. 2019, and The Data-Driven Payne; Xiang et al.

2019). We experimented with using The Payne to train a neural network but found that for

our training set, the models were prone to overfitting to training set spectra at the cost of

providing a poor fit to spectra outside the training set. A more in-depth exploration of The

Payne and its applications to HIRES spectra is beyond the scope of this paper.

4.3.4 Binary Model

We used our piecewise Cannon model to construct a binary model that predicts the flux of

spectral binaries as a function of the labels associated with the primary and secondary stars.

We model the spectral binary flux as a linear combination of the Doppler-corrected primary

and secondary star flux, weighted according to their relative fluxes:

gbinary,j′ = W1 × g1j′(lsingle,1) +W2 × g2j′(lsingle,2). (4.12)

where W1 and W2 are estimated from the same empirical magnitude-temperature relations

described in Section 4.2 and lsingle,1 and lsingle,2 are the respective label vectors of the primary

and secondary star. While we are primarily interested in identifying spectral binaries with

<10 km/s velocity offsets, we allow for the individual velocities of the primary and secondary

(v1 and v2) to float to account for both imperfect rest-frame shifting of the spectrum and 1-

10km s velocity offsets between the primary and secondary that would be missed by previous

searches for SB2 signatures in CKS spectra (i.e., Kolbl et al. 2015).

We vary the following labels and velocities of the primary and secondary stars:

lbinary = (Teff1,R⋆1, [Fe/H]1, vsini1, v1,PSF1,Teff2,R⋆2, vsini2, v2) (4.13)

and assume that the metallicity [Fe/H] and the instrumental PSF are the same for both
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the primary and secondary star to derive lsingle,1 and lsingle,2 and compute our binary model

prediction gbinary,j′ . We determine the parameters lbinary,n associated with the best-fit bi-

nary model for a particular star n using a similar optimization procedure to our single star

optimization:

l̂binary,n = arg min
lbinary

−lnLbinary (yn|lbinary,n) (4.14)

where lnLbin represents the Bayesian log-Likelihood associated with a particular set of binary

model parameters:

−lnLbinary =
1

2

Npixels∑
j′=1

[ynj′ − gbinary,j′(lbinary,n)]
2

sbinary,j′ + σ2
nj′

+ log2π(sbinary,j′ + σ2
nj′) (4.15)

and sbinary,j′ is the intrinsic scatter of the binary model, which we estimate as a linear

combination of the intrinsic scatter of the piecewise Cannon components used to model the

primary and secondary stars (s21j′ and s22j′ , respectively), weighted according to their relative

flux contributions:

sbinary,j′ = W1 · s21j′ +W2 · s22j′ (4.16)

We made two further modifications to our optimization procedure (Section 4.3.3) to adapt it

for the binary scenario. First, we perform the optimization in three separate regimes of our

piecewise Cannon model: (1) the primary and secondary are modeled by the hot piecewise

component, (2) the primary and secondary are modeled by the cool piecewise component,

and (3) the primary is modeled by the hot piecewise component and the secondary is modeled

by the cool piecewise component. As with the single star optimization, we select the best-fit

binary model as the model associated with the highest lnL across all three regimes.

The second modification we make is to the initial brute optimization. To determine the

best-fit binary in a particular regime of our piecewise Cannon model, we first conduct a
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brute search varying only Teff1 and Teff2 within the bounds of their respective piecewise

component training sets. We then initialize an optimizer at these values and vary all 10 model

parameters (Teff , logg, [Fe/H], [α/H], vbroad of the primary, Teff , R⋆, v sin i of the secondary,

v1, v2) using the Nelder-Mead method in scipy.optimize.minimize(). Similarly to the

single star optimization, the labels of the primary and secondary are constrained to within

the bounds of their respective piecewise Cannon model components.

4.4 Validation of Label Transfer

Historically, label transfer has been a prominent application of data-driven spectroscopic

models (e.g., Ness et al., 2015; Ho et al., 2017; Yee et al., 2017; Ting et al., 2019; Rice and

Brewer, 2020). Briefly, label transfer leverages the fact that for a given survey, a subsample of

stars typically have derived labels with higher fidelity from a previous survey. The process of

label transfer involves first learning the relationship between flux and ”ground truth” stellar

labels for the subset of well-characterized stars (i.e., the model training set) and then using

this model to infer stellar labels for a larger population.

To assess our model’s ability to infer stellar labels, we performed a leave-20%-out validation

of our piecewise Cannon model. For each 20% subset of the full training set, we trained a

new model on the remaining 80% and used this model to compute labels of the held out

subset to obtain Cannon-inferred labels for all of the stars in our training set. We do this for

two models, one trained on unfiltered training spectra and one on wavelet-filtered training

spectra (see Section 4.3.2.3). The left column of Figure 4.8 shows The Cannon output labels

plotted versus SpecMatch-Emp-reported labels, which we treat as ground truth. The rms

scatter around the one-to-one line represents our estimated 1σ label uncertainties for our

model. As we can see from the Figure, wavelet filtering significantly improves our model’s

ability to predict labels that agree with the ground truth labels. The model trained on
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unfiltered spectra agree with ground truth labels to within 87K in Teff , 0.17R⊙ in R⋆,

0.11 dex in [Fe/H], 1.04 km/s in v sin i, and 0.07 in instrumental PSF. On the other hand,

the model trained on wavelet-filtered spectra show agreement of 71K in Teff , 0.1R⊙ in R⋆,

0.09 dex in [Fe/H], 0.91 km/s in v sin i, and 0.05 in instrumental PSF with ground truth

spectra. These precisions are comparable to model precisions of existing data-driven models

of HIRES spectra (Yee et al., 2017; Rice and Brewer, 2020), and demonstrates the significant

improvement in model performance when we apply wavelet-filtering.

The improvement from wavelet filtering is even more significant for spectra with more moder-

ate signal-to-noise. We used our piecewise Cannon models to compute labels of the S/N∼45

stars in our CKS survey sample (described in further detail in Section 4.5.1). The right col-

umn of Figure 4.8 shows the unfiltered Cannon output labels inferred from unfiltered CKS

spectra, plotted versus ”ground truth” CKS labels reported in Petigura et al. (2022) in yel-

low. The wavelet-filtered Cannon output labels inferred from wavelet-filtered CKS spectra

are plotted in blue.

We see from Figure 4.8 that the improved agreement with ground truth labels is even more

stark for these spectra than for the training spectra. We also see that the unfiltered Cannon

model produces unreliable [Fe/H] labels for a number of CKS spectra, whereas the filtered

model doesn’t have this issue. We conclude from these results that our wavelet-filtering

process has the potential to drastically improve the quality of labels derived from data-

driven models for spectra with S/N∼45. This is likely due to the shorter average exposure

times for low S/N observations, which is correlated with larger blaze function variability that

is more difficult to remove with preliminary removal methods detailed in Section 4.3.2.1.
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Figure 4.8: Top: Labels of our SpecMatch-Emp training set spectra (S/N≈150) were com-
puted by our Cannon model using leave-20%-out validation for both original and wavelet-
filtered models. Bottom: Demonstration of model label transfer performance on moderate
signal-to-noise CKS spectra (S/N≳45). Labels of our CKS samples were computed by our
Cannon models for CKS spectra using both unfiltered (blue) and wavelet-filtered (yellow)
spectra. Wavelet-filtering significantly improves our Cannon model agreement with ground
truth labels in both cases, but the improvement is more drastic at moderate S/N.
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4.5 Sensitivity to Binaries

We have demonstrated that our model is effective determining stellar labels of stars based

on their HIRES spectra. In this section, we explore our model’s ability to detect signatures

of unresolved binaries in these same spectra. As described below, this application of data-

driven models is more demanding and requires more accurate per-pixel flux estimations of

stellar spectra than tested and proved label transfer applications.

4.5.1 Survey Data

Our ultimate goal is to use our data-driven spectral binary emulator to distinguish between

HIRES spectra of single stars and spectral binaries from the California-Kepler Survey (CKS)

sample of known planet hosts. This sample includes HIRES spectra of 1305 planet hosts

with surface temperatures of 4700-6500K (CKS DR1, Petigura et al., 2017b), as well as 411

spectra of cooler planet hosts with Teff =3500-5000K (CKS DR2, Petigura et al., 2022) for

a total of 1712 stars. These spectra have typical per-pixel S/N of 45 and spectral resolution

of R ≥60,000, however, the exact S/N and spectral resolution vary for different objects.

Previous studies have identified unresolved binaries in this sample– that is, targets with

companions with separations within the 0.8 ” HIRES slit width. In particular, 22 stars

were flagged as spectroscopic binaries in Petigura et al. (2022). Another 132 were listed

as binaries identified by Kepler follow-up imaging programs and further characterized in

Sullivan et al. (2024), as detailed in the following section. Of the remaining targets, 59

were reported in a KOI binary catalog that combined results from Keck-II/NIRC2 imaging,

UKIRT Hemisphere Survey photometry, and a patchwork of existing literature. This catalog

will be described further in Kraus et al. (in preparation), and many are already published

in Kraus et al. (2016). We removed these binaries from our survey sample, along with 143
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stars with reported labels outside our model training set range, and reserved the remaining

1,332 stars our analysis, including our label transfer performance assessment in Section 4.4.

4.5.2 Validation Data

We reserved the aforementioned binaries in our CKS sample that appeared in the binary

catalog published in Sullivan et al. (2024) for the purposes of validating our model’s ability

to identify spectral binaries. This catalog was assembled from a combination of KOI follow-

up imaging programs from Furlan et al. 2017b, Ziegler et al. 2018 and supplemental AO

imaging. The targets were then observed with the LRS2 instrument at McDonald to obtain

revised star properties (Teff , R⋆) for both the primary and secondary star. Of the 132

CKS targets that appeared in the complete binary catalog, 97 have companions that fall

within the HIRES slit (angular separation≤0.8 ”), with 74 companions within 0.4 ” where

we’d conservatively expect 100% of the secondary flux to fall within the slit. We compiled

all binaries with ≤ 0.8 ” separations to to assemble our binary validation set.

We also composed a sample of single stars to validate our binary model. We selected this

sample from a survey carried out in Raghavan et al. (2010). This study surveyed a sample of

nearby stars with multiple complementary techniques that yielded near 100% completeness

to stellar binaries at all separations. To construct our single star sample, we queried the

173 stars in this survey where no companion was detected to compile a subsample of 153

single stars with available HIRES spectra. We then removed stars with stellar labels outside

the bounds of our training set model based on previously derived stellar properties from the

Spectroscopic Properties of Cool Stars (SPOCS) catalog (Brewer et al., 2016). Our final

validation sample consists of 102 single stars.

The Raghavan et al. (2010) survey targeted stars within 25 pc and is, by construction, much

brighter than the Kepler field stars in our binary sample. Our single star and binary samples

117



have large signal-to-noise discrepancies as a result, with average per-pixel S/N of 150 and 45

in each respective sample. Despite the ∆BIC ’s incorporation of flux errors into its goodness-

of-fit estimation, we found that S/N was the best predictor of a particular spectrum’s ∆BIC

when comparing our single star and binary validation samples. Thus, in order to obtain a

validation sample that lends itself to a one-to-one comparison, we degraded each single star

spectrum S/N by adding gaussian noise with standard deviation σadded =
√

σ2
binary − σ2

single,

where σbinary are the flux errors of a randomly selected star from our binary validation

sample. Our final validation sample consists of 102 single stars and 97 unresolved binaries

with per-pixel S/N∼ 45.

4.5.3 Performance on Validation Data

To assess our model’s ability to distinguish between single stars and binaries, we calculated

the ∆BIC for all of the stars in our single star and binary validation samples. We computed

the best-fit single star and binary model for each spectrum masking only telluric pixels (Sec-

tion 4.3.2.4). We report two ∆BIC values, one that incorporates all non-telluric pixels, and

one that incorporates only pixels in our binary signature pixel mask. The ∆BIC distribu-

tions of our single star and binary validation samples for both cases are shown in Figure

4.9. As we can see from this Figure, the main advantage of using our binary signature pixel

mask is that it reduces the spread of ∆BIC values of our single star spectra, both below

zero and in the high ∆BIC tail of the distribution. This is in line with what we expect- the

mask removes pixels with low information content, effectively removing noise in our analysis.

Beyond this, we don’t see much improvement in our model performance with or without this

mask, and the ∆BIC doesn’t successfully resolve the single star and binary samples in either

case.

Figure 4.10 shows same ∆BIC of our binary validation sample plotted as a function of binary
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Figure 4.9: ∆BIC distributions of stars in our single star and binary validation samples.
The top panel shows the ∆BIC values evaluated at all non-telluric HIRES specrum pixels,
and the bottom panel shows the ∆BIC values evaluated only at our binary signature pixels
where we’d expect the signature of the secondary star to be the strongest (see Section 4.2).
In both cases, the ∆BIC doesn’t meaningfully distinguish between the single star and binary
samples.
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separation and Kepler magnitude difference ∆mK as reported in Sullivan et al. (2024). While

many of the binaries in our sample have comparable ∆BIC values to the single stars, binaries

with the highest ∆BIC lie in regions where we’d expect to be most sensitive to binaries–

that is, binaries with closer separations and intermediate ∆mK values. We expect binaries

with closer (≲ 0.4 ”) separations to show stronger signatures of binarity because (1) their

larger RV offset which can alter the spectral line shape even when the features overlap to

within one ∼ 10 km/s resolution element, and (2) the secondary flux is more likely to be

entirely captured by the HIRES slit. Furthermore, binaries with intermediate ∆mK (i.e.,

intermediate Teff ratios) will differ the most from similar single star spectra based on our

simulated data analysis (Section 4.2).

Figure 4.10 also sheds light on our model’s limited completeness. Several binaries with

companions within 0.4 ” and intermediate ∆mK values have ∆BIC <300, indistinguishable

from single stars. Furthermore, the fact that many of our single stars have comparable ∆BIC

to the high ∆BIC binaries in our validation sample suggests that even single star spectra

benefit significantly from increased complexity of our binary model. In short, our model’s

limited completeness and high false positive rate contribute to its inability to identify binaries

in our validation sample.

Figure 4.11 shows the best-fit single star and binary models for two test cases– KOI-1002,

a binary with a 5863K primary and 4714K secondary that we expect to detect based on

ab initio models, and HD78366, a single star with similar Teff =5984K to the primary

star of KOI-1002. In both cases, the residuals for the single star and binary model fits

are comparable with no significant improvement from the binary model. Additionally, the

best-fit single star residuals have an amplitude of ≈2-5%, even for the single star where we’d

expect the model to agree with the spectrum to within the measurement uncertainties. We

interpret this as evidence that our ability to distinguish between single stars and binaries

is limited by our model predictions of single star spectra. If our binary model is only as
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Figure 4.10: Magnitude difference ∆mK versus binary separation for all of the binaries in
our validation sample, colored according to ∆BIC. While our model is unable to distinguish
between the single stars and the binaries in most cases, the binaries with the highest ∆BIC
values reside in regions of parameter space where we expect to be most sensitive to binaries.

accurate as its single star components, then we can only expect to model binary spectra

accurately to within 2-5% of the true binary flux. This is larger than the accuracy we need

to detect binaries in most cases, as seen in Section 4.2. Thus, we suspect that our models

per-pixel flux predictions are not currently accurate enough to detect binaries.

4.6 Discussion

In this paper, we trained a data-driven model of HIRES spectra using the Specmatch-Emp

stellar library as our training data. We demonstrate that our model is competitive with

existing models (Yee et al., 2017; Rice and Brewer, 2020) at deriving stellar labels that

agree with high-fidelity labels of previous surveys. We also develop a prescriptive, repeat-

able wavelet-filtering method for removing low-frequency, non-astrophysical variations in our

spectra, which mitigates night-to-night variations in stellar spectra due to systematics. This

processing step significantly improves the accuracy of our model’s stellar label predictions,
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Figure 4.11: HIRES spectra of single star HD 78366 and binary KOI-1002, with their best-fit
single star and binary spectra. We see that in both cases, both the single star and binary
show ≈2-5% disagreement with the HIRES spectra, limiting our ability to detect signatures
spectral binaries at sufficiently high significance.
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particularly for low signal-to-noise spectra where traditional continuum treatments are less

effective.

We used our data-driven model of single stars to develop a data-driven emulator of spectral

binaries. Experiments with synthetic HIRES spectra in this analysis suggest that accurate

models of HIRES spectra can discern between spectra of single stars and spectra with signa-

tures of stars with unresolved stellar companions. We find that while our single star model is

able to accurately determine stellar labels, its predictions of per-pixel HIRES flux are around

∼ 2%. This limits the degree to which our spectral binary emulator can model spectra of

binaries in our validation sample, which, consequently, limits our model’s ability to identify

subtle (∼ 2%) deviations from single star behavior that our binary spectra should exhibit.

One of our primary conclusions from our analysis is that accurate emulation of stellar spectra,

even in the instance of accurate classification of stellar labels, is challenging. We see that

our model is excellent at label transfer, but falls short of emulation. We suspect that this is

because data-driven models may under- and over-estimate the true flux at different pixels;

these discrepancies can balance one another out to provide reliable stellar labels, but will

compound to produce a poor overall goodness-of-fit across the spectrum. Furthermore, the

∼2% accuracy in our model’s flux predictions is comparable to intrinsic scatter of other

data-driven models in the literature that are successful at label transfer (see for example

Figure 5 of Ness et al. 2015 and Figure 6 of Rice and Brewer 2020). It’s likely that these

models may face similar challenges in applications that require accurate spectral emulation.

While El-Badry et al. (2018b) successfully identified spectral binaries in the APOGEE data,

this analysis demonstrates these methods to different datasets is less straightforward. The

HIRES spectra likely have higher latent dimensionality than APOGEE spectra– beyond the

fact that these spectra are not observed with uniform spectral resolution, the fiber scrambler

of HIRES has finite stability, and there is inherent scatter in resolution of spectra obtained

under the same observing conditions (Spronck et al., 2015). Assembling a large, homogeneous
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training set is also a challenge for these data. While the Specmatch-Emp library provides

an ideal training set in many regards, its labels are compiled from a patchwork of surveys

with varying precision and underlying biases. This is compounded by the fact that our

binary detection performance depends most sensitively on how well The Cannon works in

the low-Teff regime (see Figure 4.3), where Specmatch-emp v sin i information is incomplete.

A training set composed of thousands of stars with uniformly derived labels spanning such

a wide temperature range is not possible with the existing HIRES data.

It is worth exploring the benefits of utilizing data-driven models with higher complexity for

the purposes of accurate spectral emulation. Here we demonstrate that a piecewise Cannon

model is an effective means of adapting quadratic-in-labels models for training sets that span

a wide range of stellar temperatures. However, higher complexity models may be a more

suitable solution. Indeed, The Payne (Ting et al., 2019) uses a neural network to model

much more complex flux-label relationships in its training data, and was shown to work

for APOGEE data; however, we saw that in our case this model was prone to overfitting

to training spectra. In the future, it is worth exploring The Payne’s applications to HIRES

spectra further, along with other higher-complexity models such as higher-order polynomials

or modeling a Gaussian process at every pixel, as proposed in Ness et al. (2015). It is also

worth investigating the ways in which the intrinsic model scatter can be incorporated into

model comparisons. In particular, assumptions encoded in the 68metric we used may break

down in cases of large model uncertainty (i.e., large s2j).

Looking to the future, there remains opportunities for models with more detailed spectral

emulation that enables detection of unresolved planet-hosting binaries. While we’ve seen

that large surveys like APOGEE and LAMOST provide ideal training sets for data-driven

models, it is likely that applications to search for binaries in the Kepler and TESS fields

will require data-driven models of spectra from dedicated ground-based surveys to achieve

the signal-to-noise needed for more distant planet hosts at ∼1 pc. Beyond this, processing
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pipelines of large surveys may produce spectra that are less ideal for spectral binary detection,

as was shown to be the case for Gaia DR3 spectra (Angelo et al., 2024). More promising are

high-resolution spectrometers like HARPS-N and KPF, whose stable PSF and legacy data

may offer an opportunity to assemble large, homogeneous training sets with high-complexity

models. These may bring us closer to detailed and accurate spectral emulation, an enormous

achievement with far-reaching applications across all sub-fields of astronomy.
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Appendix 2A:

Kepler-1656b does not undergo high-eccentricity migra-

tion

Under the physical conditions outlined in Section 2.3.1, Kepler-1656b’s eccentricity can be-

have in several ways. In the quadrupole-level approximation, Kepler-1656b’s eccentricity

will oscillate between fixed minima and maxima. Alternatively, for conditions in which

tides or octupole-level behavior are dominant, high eccentricity migration or more chaotic

eccentricity evolution can dominate. Consider the former case in which Kepler-1656b’s ec-

centricity oscillates between a fixed minimum and maximum. In this scenario, Naoz et al.

(2013a) showed that the total angular momentum is conserved, along with the eccentricity

and angular momentum for the outer orbit. This implies that the initial and final mutual

inclinations between the two planets (hereafter ibc,i and ibc,f) obey

cos(ibc,f) =
Afcos(ibc,i) + L2

1e
2
1

Af

√
1− e2b

, (17)

where Af = 2L1L2 ∗
√

1− e2c, and L1 and L2 are the respective conjugate angular momenta

of the inner and outer orbit. Thus, if Kepler-1656b undergoes quadrupole-dominated ec-

centricity oscillations with no significant tides or octupole-level oscillations, it should obey

the relationship described by eq. 17. We plot this relationship for a range of eccentricities

for Kepler-1656b that are reasonably close to our observed value (0.6 < ep < 0.9), and

find that most simulations that match our observations lie in this regime. This indicates

quadrupole-dominated behavior for Kepler-1656b, whereby the planet reached achieved its

high eccentricity via sustained, high-amplitude eccentricity oscillations without tidal migra-

tion of chaotic behavior.
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Figure 12: Initial and final mutual inclinations for all model timestamps consistent with
observations of Kepler-1656b. The shaded region shows the initial and final inclinations
predicted by the quadrupole-level approximation for inner planet eccentricities of 0.6 < eb <
0.9.
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Figure 13: Smoothed 2D initial and final companion parameter distributions for models that
plunged into their host star (left) and became tidally locked (right). The diagonal panels
show 1D distributions of parameters that have been normalized to sum to 1.

Appendix 2B:

Correlated Parameters for Plunging, Locked Models

We find in our simulations that scenarios in which the inner planet plunges into the host

star or becomes tidally locked arise from a unique set of parameters for the outer compan-

ion. This is evident in Figure 13, which shows final distributions of companion parameters

ec,mc, ac, and ibc for both cases. We see here that moderately eccentric (ec ≈ 0.5), aligned

companions are more likely to cause the inner planet to plunge into its host star. On the

other hand, companions on polar orbits with a wider range of ec can cause the inner planet

to become tidally locked. Thus, we predict that tidally locked sub-Saturns may be signatures

of eccentric, polar companions.
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.1 Appendix 3: Model Coefficients

As described in Section 3.2, the trained model coefficients θj describe the model flux de-

pendence on the stellar labels. The magnitude of these coefficient vectors is related to how

strongly the model depends on a given label or combination of labels at a particular pixel.

During the training step, The Cannon computes coefficient vectors for all linear and quadratic

terms in our model, and we show the linear terms corresponding to each label here. We also

show the model scatter, which was computed empirically as outlined in Section 3.4.2.

129



Figure 14: First-order coefficient vectors (i.e., spectral derivatives) of our trained model for
each of our training labels (top 5 panels), and model scatter (bottom panel) as a function
of the Gaia RVS wavelength scale. For each label, peaks in the coefficient vectors represent
pixels in the spectrum that contain the most information for that particular label.
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