A&A, 710, A194 (2026)
https://doi.org/10.1051/0004-6361/202659683
© The Authors 2026

tronomy
Astrophysics

Mitigating stellar radial velocity jitter using orthogonal activity
indices and a time-aware neural network

1,2.3,x®, Manuel Pergerl’2 , Guillem Angl:«lda—Escudf’:1’2 , Ignasi Ribas!'2®, David Baroch?®,

Marina Lafarga*>®, Juan Carlos Morales'-?®, Oscar Porqueras-Leén'-?
Sophie Stucki'>®, and David Vallmanya Poch®’

Jordi Blanco-Pozo

! Institut de Ciencies de I'Espai (ICE, CSIC), Campus UAB, Carrer de Can Magrans s/n, 08193 Bellaterra, Spain

2 Institut d’Estudis Espacials de Catalunya (IEEC), Edifici RDIT, Campus UPC, 08860 Castelldefels, Barcelona, Spain

3 Facultat de Fisica, Universitat de Barcelona (UB), Mart{ Franques 1, 08028, Barcelona, Spain

4 Department of Physics, University of Warwick, Gibbet Hill Road, Coventry CV4 7AL, UK

3 Centre for Exoplanets and Habitability, University of Warwick, Coventry CV4 7AL, UK

6 Delft University of Technology, Department of Imaging Physics, Gebouw 22, Lorentzweg 1, 2628 CJ Delft, The Netherlands
7 Data Science Center, Barcelona School of Economics, Ramon Trias-Fargas 25-27, 08005 Barcelona, Spain

Received 3 March 2026 / Accepted 30 April 2026

ABSTRACT

Context. Despite recent advances in the precision of high-resolution spectrographs, the detection of Earth-like exoplanets is still lim-
ited by the effects of stellar activity, which introduce radial velocity variations at the metre-per-second level or larger.

Aims. We present a framework to disentangle stellar effects from planetary signals by exploiting high-order distortions of the cross-
correlation function (CCF; a measure of the average spectral line profile), thus moving beyond the commonly applied Gaussian fit
approximation.

Methods. We decomposed the CCF using a Gram—Schmidt orthogonal basis function, enabling the separation of pure line shifts from
line-shape distortions. To model activity-induced contributions to the radial velocities, we have developed a time-aware convolutional
attention network dubbed CANSTAR. This network was trained on synthetic line-shape distortion coefficients produced with the real-
istic stellar simulator StarSim to learn the temporal evolution of stellar activity features.

Results. We validated our framework using HARPS and CARMENES observations of two active stars, € Eridani and TZ Arietis. The
network effectively mitigates stellar activity, reducing the radial velocity RMS to 52.5% and 62.4% of the uncorrected variability,
respectively. This correction enables a more precise determination of the orbital parameters of TZ Arietis b compared to a Gaussian
process regression.

Conclusions. Our results demonstrate that neural networks that incorporate the temporal context can outperform state-of-the-art meth-
ods in complex activity regimes. Future improvements on StarSim that will allow us to train CANSTAR on 3D magnetohydrodynamic
spectra and more complex instrumental modelling are expected to bridge the performance gap between synthetic and real data, offering

a robust pathway towards detecting Earth-mass planets around Sun-like stars.

Key words. methods: data analysis — techniques: radial velocities — planets and satellites: detection — stars: activity —

stars: individual: e Eridani — stars: individual: TZ Arietis

1. Introduction

Since the discovery of 51 Pegasib in 1995 (Mayor & Queloz
1995), the radial velocity (RV) method has allowed for the detec-
tion of over a thousand exoplanets, moving over time from large
Jupiter-like planets to smaller rocky worlds orbiting in the tem-
perate zone of their host stars (e.g. Hatzes et al. 2000; McArthur
et al. 2004; Anglada-Escudé et al. 2016). This progress has
been largely due to technical improvements on spectrographs,
which have gradually pushed detection limits from signals in
the tens of metres per second down to the ms~! domain, with
instruments such as HARPS (Mayor et al. 2003), HARPS-N
(Cosentino et al. 2012), CARMENES (Quirrenbach et al. 2016),
and SPIRou (Donati et al. 2018). The newest spectrographs, for
example, ESPRESSO (Pepe et al. 2010), with an instrumental
precision reaching down to around 10 cm s~!, represent a big leap
towards the detection of even smaller Keplerian signals induced
by Earth-like rocky planets (Figueira et al. 2025).

* Corresponding author: blanco@ice.csic.es

Despite these instrumental advancements, stellar magnetic
activity remains a fundamental barrier to detecting low-
amplitude RV signals. Surface inhomogeneities such as spots,
faculae, and granulation can induce RV variations greater than
1 ms~!, even in relatively quiet stars (e.g. Dumusque et al. 2012;
Perger et al. 2017). These stellar activity effects distort spec-
tral line shapes, potentially mimicking or obscuring planetary
signals. The two main RV extraction methods are affected by
these wavelength-dependent distortions, and the community has
developed different strategies for each technique to disentangle
planetary signals from instrumental or stellar activity variability.

In the cross-correlation function (CCF) method, the observed
spectrum is cross-correlated with a weighted mask tailored to
the stellar spectral type (Baranne et al. 1996). The resulting CCF
represents an average stellar absorption line. For most stars, the
CCF is well described by a Gaussian profile. The centroid yields
the RV, while the contrast (CON) and the full width at half
maximum (FWHM = 2 VIn2 o, where o is the variance of the
Gaussian) are line-shape activity indicators. The bisector inverse
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slope (BIS), defined as the velocity difference between the upper
(60-90%) and lower (10-40%) parts of the CCF, is used as a
measurement of line asymmetry (Queloz et al. 2001). Several
alternative approaches have been developed to extract activity
information from the CCF, including bi-Gaussian fitting with
asymmetric widths (Figueira et al. 2013), Fourier decomposition
(Zhao & Tinney 2020), principal component analysis (PCA) of
the auto-correlation function (Collier Cameron et al. 2021), and
PCA on shape-driven CCFs orthogonalised with respect to the
first derivative of a template (Klein et al. 2024).

In spectral-level methods, RVs are computed directly from
the observed spectra using high signal-to-noise templates. The
optimal wavelength shift that aligns an observation with the
template is typically obtained through one of two main for-
malisms: (i) a numerical approach that performs a least-squares
minimisation by exploring the velocity parameter space or (ii) an
analytical approach based on the Bouchy et al. (2001) formalism,
where the shift is inferred from a first-order Taylor expansion
of the spectrum. The latter requires calculating the derivative
of the flux with respect to wavelength from a nearly noise-free
template. Either of these formalisms can be applied over dif-
ferent wavelength ranges, thus broadly dividing their practical
application into two techniques. (1) Global template matching
applies the shift measurement to the entire spectrum at once
(Anglada-Escudé & Butler 2012; Zechmeister et al. 2018; Silva
et al. 2022). Line-width variations are captured in the differen-
tial line width activity indicator (Zechmeister & Kiirster 2009),
and the difference in RV variability as a function of wavelength
is measured with the chromatic index (Zechmeister et al. 2018;
Baroch et al. 2020). (2) The line-by-line RV method allows us
to measure the RV signal from each individual line with respect
to the template, rather than only producing a single global RV
value (Dumusque 2018; Artigau et al. 2022; Lafarga et al. 2023).
This allows for detailed studies of differential line responses to
activity, making it possible to select subsets of lines based on
their line-by-line RV sensitivity to parameters such as line depth
(Cretignier et al. 2022), formation temperature (Al Moulla et al.
2022), or spot-to-photosphere temperature contrast (Larue et al.
2025). More data-driven approaches, such as PCA-based line
selection, have also been explored (Cretignier et al. 2023).

Several techniques have been developed to correct for stel-
lar activity using either CCF-based or spectral-level diagnostics.
Gaussian process (GP) regression has become a widely adopted
method for modelling the quasi-periodic variability induced by
stellar magnetic activity in RV time series (Haywood et al. 2014;
Ambikasaran et al. 2015; Foreman-Mackey et al. 2017; Perger
et al. 2021). More recently, multi-dimensional GP frameworks
have been introduced, combining RVs with ancillary indica-
tors such as photometry, CCF diagnostics, or chromospheric
line indicators (e.g. Barragdn et al. 2022; Delisle et al. 2022).
Neural network (NN)-based methods have also gathered sig-
nificant interest. Convolutional neural networks (CNNs) have
been applied to solar CCFs (de Beurs et al. 2022) and to other
input data, such as the spectral-shell representations (Cretignier
et al. 2022; Zhao et al. 2024), though without explicit tempo-
ral modelling. Perger et al. (2023) extended CNNSs to time series
modelling of CCF indicators using physically motivated train-
ing data generated with the StarSim code (Herrero et al. 2016).
Architectures such as autoencoders have also been proposed, for
example, to distinguish real from apparent spectral-line shifts in
simulated data (Liang et al. 2023).

In this work, we propose an alternative approach based on
separating line shifts from line shape distortions with an orthog-
onal basis function whose derived activity indicators are used to
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train a time-aware NN to mitigate stellar activity in the RV data.
We apply the methodology to two test stars: € Eridani (e Eri)
and TZ Arietis (TZ Ari). These represent two distinct cases with
different CCF shapes, so we aim to prove the capability of our
method to derive activity indicators on CCFs with Gaussian and
non-Gaussian shapes.

The paper is organised as follows. The test stars are pre-
sented in Sect. 2. In Sect. 3, we introduce the method to extract
line-shape-indicator coefficients from the CCF, and in Sect. 4
we apply this theoretical framework to the test cases. In Sect. 5,
we explain how we fed these indicators into a NN architecture
for time series modelling (convolutional attention network) and
compare its performance to a network agnostic to time infor-
mation (fully connected network). We trained both networks on
synthetic data produced with the StarSim code. In Sect. 6, we
evaluate the best-performing network on the two test cases and
study the improved sensitivity to planetary signals provided by
the network’s stellar activity mitigation. In Sect. 7 we discuss
the results, and in Sect. 8 we summarise the main findings and
implications of the study.

2. Test cases €Eri and TZ Ari

The decomposition framework of this study was validated on
two test stars. These specific targets were chosen to show-
case the framework’s ability to capture both Gaussian-like and
non-Gaussian-like CCF profiles.

2.1. Target characteristics
211, eEri

€Eri is a young (400-800 Myr; Mamajek & Hillenbrand 2008)
K2 dwarf located at a distance of 3.22 pc, making it one of the
closest known exoplanet hosts. With a rotation period of 11.2d
(Frohlich 2007) and vsini = 2.4 + 0.5kms~! (Valenti & Fischer
2005), it serves as a representative example of a moderately
active star of this age. The system hosts a prominent debris disk
(Greaves et al. 1998) and a Jupiter-mass planet, € Erib, with an
orbital period of approximately seven years (Hatzes et al. 2000;
Llop-Sayson et al. 2021). Giguere et al. (2016) estimated a stellar
inclination of the rotation axis to be 69.5f§:g deg by modelling
spot modulation in photometric and RV data. We summarise the
relevant stellar parameters in Table 1.

For this study, we used 205 publicly available spectra from
the HARPS spectrograph, on the ESO 3.6 m telescope at La Silla
Observatory, Chile. HARPS covers the optical wavelength range
from 0.38 to 0.69 um at a resolving power of R ~ 120,000. Our
dataset covers a baseline of 88 days between October 5, 2019
(JD 2458762) and January 1, 2020 (JD 2458850). To miti-
gate short-term variations, we binned the observations nightly,
resulting in 66 final data points.

21.2. TZ Ari

TZ Ari (G183.1) is a nearby M5.0 dwarf located at 4.47 pc
from Earth. Quirrenbach et al. (2022) reported a rotation period
of 1.96d based on spectroscopic indicators and ground-based
photometric data from multiple facilities. This is confirmed by
our analysis of TESS photometry (Ricker et al. 2015) from
September to November 2023 (Appendix A). The rotation period
combined with the upper limit on the projected rotational veloc-
ity vsini < 2kms~! (Reiners et al. 2018) implies an upper limit
on the stellar inclination of 28°. Quirrenbach et al. (2022) also
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Table 1. Stellar parameters and adopted values for the StarSim simulations for € Eri and TZ Ari.

Parameter Literature Ref. StarSim value Literature Ref. StarSim value
Name € Eri - TZ Ari (G183.1) -
Spectral type K2.0V (1) HARPS K5 mask M5.0V (2) CARMENES M5 mask
a 03:32:54.79 3) - 02:00:14.16 3) -

1) —09:27:29.41 3) - +13:02:38.66 3) -

Uo (masyr™')  —974.76+0.16 3) - 1096.46 +0.07 3) -

s (masyr™') 20.88+0.12 3) - —1771.53+0.06 3) -

d (pc) 3.2198+0.0014  (3) - 4.4696+0.0014 3) -

G (mag) 3.4658+0.0014 (3) - 10.6811+0.0008 3) -

L (Ly) 0.32+0.05 ) - 0.00254+0.00002  (5) -

age (Myr) 400-800 (6) - >750 @) -

M (Mp) 0.82+0.05 @) 0.815-0.825 0.140-0.160 (®)] 0.150+0.010
R Rp) 0.74+0.01 ) 0.73-0.75 0.164+0.005 (®)] 0.163-0.165
Terr (K) 5076+30 () 4900-5300 3154+54 ©) 2950-3350
Pyot (days) 11.2 (10) 11.1-11.3 1.96+0.07 (11) 1.9-2

i (deg) 69.5?2 (12) 70-90 <28 @) 20-28

log g (dex) 4.30+0.08 (13) 4.5 5.01+0.06 ©) 5

T (K) 1080670 (14) 200-1000 536+318 (14) 200-1000
CB; ~0.3 (15) 0.1-0.5 - - -0.2-0.2

Notes. (1) Keenan & McNeil (1989); (2) Lépine et al. (2013); (3) Brown et al. (2021); (4) Baines & Armstrong (2011); (5) Schweitzer et al. (2019);
(6) Mamajek & Hillenbrand (2008); (7) Quirrenbach et al. (2022); (8) Heiter et al. (2015); (9) Passegger et al. (2019); (10) Frohlich (2007); (11)
this work; (12) Giguere et al. (2016); (13) Gonzalez et al. (2010); (14) Herbst et al. (2021); (15) Liebing et al. (2021). * T, is the spot temperature

difference with respect to the photosphere; CB; the convective blueshift in solar units.

identified a Saturn-mass planet, TZ Arib, with an orbital period

of 772.05*>41 d, a minimum mass of 0.21 + 0.02 My, and an

-1.84
: e _ +0.06
orbital eccentricity of e = 0.467; .

For this work, we used 92 spectra (after discarding three
clear outliers as identified on the CCF activity indicators time
series) obtained with the high-resolution CARMENES spec-
trograph on the 3.5m telescope at the Calar Alto Observa-
tory. We employed CARMENES visual channel, which cov-
ers the optical wavelength range from 0.52 to 0.96 um at
a resolving power of R =~ 94,600. The observations span
92 nights between January 31, 2016 (JD 2457419), and Novem-
ber 29, 2019 (JD 2458817). The last observing season, starting on
July 17, 2019 (JD 2458682), was conducted at a higher cadence
to properly sample the stellar rotation period.

2.2. Spectroscopic data

The data for each target star were analysed with the CCF method
using the raccoon pipeline (Lafarga et al. 2020). We employed
masks tailored to the spectral type of each star (Table 1), adopt-
ing the detector pixel size as the velocity sampling step for
the CCF computation. We computed the templates for each
target star by time-averaging the flux-normalised CCFs. We nor-
malised the flux by dividing each CCF by its baseline continuum
and subtracting the result from unity, ensuring that the final pro-
files act as strictly positive, probability-like functions. The final
templates are shown in Fig. 1. For the €Eri template (red), a
Gaussian function provides an accurate description of the shape.
The TZ Ari template (blue) shows a Gaussian shape in the core
of the CCEF, but displays two humps at either side, which is typ-
ical of CCFs of cool M dwarfs measured at visible wavelengths
(Lafarga et al. 2020). General characteristics of the RV, CON,
FWHM and BIS time series for both targets are presented in the
table of Appendix B.
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Fig. 1. Time-averaged CCFs (templates) of € Eri (red) and TZ Ari (blue)
with the corresponding Gaussian model fit for e Eri (orange) and the
two-component Gaussian model fit for TZ Ari (cyan).

2.3. Basic data analysis

To identify periodicities in the time series, we employ the
Generalised Lomb—Scargle (GLS, Zechmeister & Kiirster 2009)
periodogram. The significance of the detected peaks is assessed
using false-alarm probability (FAP) levels derived via bootstrap
resampling (Efron & Tibshirani 1985). We classify signals as
tentative or significant if their power exceeds the 1% or 0.1%
FAP levels, respectively.

We present the RV and activity indicator time series together
with their GLS periodograms for € Eri in Fig. 2. All time series
exhibit significant power at the stellar rotation period and its first
harmonic, both highlighted in purple. Similarly, Fig. 3 shows
the corresponding data for TZ Ari. In this case, the RV, CON,
and BIS time series display significant variability at the stellar
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Fig. 2. Time series (left) and GLS periodograms (right) of the RV and
activity indicators derived from the CCFs for € Eri. We mark in purple
the stellar rotation period (11.2 d) and its first harmonic (5.6 d). The 0.1,
1, and 10% FAP levels are shown with dashed orange lines.

rotation period as well as at its daily alias (1 — 1/1.96 =
1/2.04 d1). In addition, we observe long-term variability in the
RVs associated with the orbital motion of TZ Arib. Since GLS
models are sinusoidal, the planet’s eccentricity shifts the highest
peak slightly with respect to the literature value (Quirrenbach
et al. 2022). The CON time series exhibits a downwards trend,
introducing excess power at low frequencies in the periodogram,
while the FWHM shows a significant signal at 40.17 d.

In Appendix B, we list the significant periods and amplitudes
retrieved via a pre-whitening procedure. This process involves
iteratively identifying the most significant periodogram peak, fit-
ting the RVs with a sinusoidal function of the same frequency as
that peak, and subtracting it from the time series until no power
crossing the 10% FAP threshold remains.

2.4. Synthetic data
2.4.1. StarSim modelling

We generated synthetic time series data using the StarSim'
code (Herrero et al. 2016; Rosich et al. 2020; Gomes et al.,
in prep.) in order to model the test stars. StarSim is a physi-
cally motivated stellar activity simulator that produces synthetic
photometric and spectroscopic observables by modelling the
inhomogeneous surface of a rotating star. The stellar disk is
discretised into surface elements corresponding to three dis-
tinct components: quiet photosphere, cool spots, and bright
faculae. Each component is represented using a high-resolution
synthetic spectrum from the PHOENIX library (Husser et al.
2013), selected to match the appropriate temperature, surface

! https://github.com/dbarochlopez/starsim
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Fig. 3. Time series (left) and GLS periodograms (right) of the RV and
activity indicators derived from the CCF for TZ Ari. The stellar rotation
period (1.96d) is marked in purple; the planetary orbital period from
the literature (722.05 d; Quirrenbach et al. 2022) is marked in light blue;
and the 0.1%, 1%, and 10% FAP levels are shown with dashed orange
lines. The frequency axis of the periodogram show two scales split at
0.035d7! to better visualise long-term variability. The RVs display low-
frequency signals associated with the Keplerian motion of TZ Ari b,
while the CON and FWHM show lower-frequency stellar activity sig-
nals.

gravity, and metallicity. The library also includes spectra com-
puted at different limb angles to account for centre-to-limb
variations across the stellar disk. Rather than synthesising full
high-resolution spectra from the surface maps, the simula-
tor computes the CCF corresponding to each surface element
directly, resulting in a considerable reduction of the comput-
ing time. This CCF computation process explicitly emulates the
raccoon pipeline, employing the identical masks and velocity
sampling steps applied to the observational data.

We constructed tailored stellar models for each target star
using constraints on stellar parameters from the literature (see
Table 1). To estimate the contrast temperature difference between
photosphere and spot and the convective blueshift, we adopted
the empirical relations from Herbst et al. (2021) and Liebing
et al. (2021). However, we allowed for wide uniform priors on
these parameters rather than fixing them to a single best-fit value.
This ensured that the relationships do not impose overly strong
constraints on the simulated values, providing the NN with a
diverse training set required to generalise well.

We also simulated a large ensemble of stellar surface maps
with active regions randomly distributed across the visible disk.
Each active region is modelled as a circular spot, characterised
by seven parameters: (1) appearance time, (2) lifetime, (3) colat-
itude, (4) longitude, (5) spot radius, (6) linear growth rate, and
(7) linear decay rate. Surrounding each spot is a facular region,
modelled as a concentric ring. The facular area is parametrized
using a global facula-to-spot area ratio, Q, which is fixed for each
simulation. As shown in previous studies (Lanza et al. 2003;
Silva-Valio et al. 2010; Dumusque et al. 2014; Herrero et al.
2016), modelling circular spots surrounded by a facular corona
successfully reproduces spot maps for high precision photometry
of the Sun and other stars.
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However, several studies combining Solar Dynamics Obser-
vatory (SDO) images and magnetograms of the Sun with RVs
have demonstrated that the Sun is facula-dominated, possess-
ing an extensive network of standalone faculae that persists even
during solar minimum when spots are absent (Collier Cameron
et al. 2021; Haywood et al. 2022). Consequently, an independent
treatment of spots and faculae is typically preferred to accurately
simulate such networks (Zhao et al. 2025). Given the high activ-
ity levels of our specific test targets (Sect. 2) and our objective to
restrict the dimensionality of the parameter space, we keep the
Q-factor approximation for this study. We note that this simpli-
fication is no longer present in the upcoming solar-benchmarked
branch of the StarSim code (SunSim, Stucki et al., in prep.).

For simplicity, we assumed that each active region maintains
a constant maximum size over most of its lifetime, with linear
growth and decay timescales lasting a few days. Although more
complex evolution laws for active regions could be implemented,
the large number of simultaneously evolving regions, each with
different lifetimes, locations, and appearance times, effectively
captures the stochastic nature of surface inhomogeneities and
approximates the effects of more realistic evolution scenarios.

We calibrate the simulations by adjusting the parameters of
the active regions — specifically their number and size distribu-
tions — in order to reproduce the typical observed amplitudes
and scatter in the spectroscopic time series. It is important to
note that our objective was not to recreate the exact epoch-by-
epoch RV pattern of the observations, nor did we perform a
simultaneous fit (e.g. via Markov chain Monte Carlo, MCMC) of
the spot contrast, convective blueshift, and active region geome-
tries to the exact time series. Instead, our goal is to generate
a robust training dataset that statistically matches the macro-
scopic properties of the observed stellar jitter, such as the overall
root-mean-square (RMS) scatter, typical periodogram ampli-
tudes, and the amplitude ratios between different CCF indicators.
By maintaining a wide range for these parameters, we ensure
the simulations retain sufficient generality to account for unex-
plained variability in the observed RV data, such as instrumental
noise or unknown planetary signals. In Sect. 7.5, we discuss the
current shortcomings of our simulations in matching some of
these statistical metrics.

We simulated between 15 and 25 active regions for €Eri,
while we used between 80 and 110 for TZ Ari. This number is
significantly larger in the latter case due to its longer observa-
tional time baseline of over 1400 d. Spot radii are drawn from a
uniform distribution in the range of 3-6° for € Eri and 6-8° for
TZ Ari. We also vary the Q parameter, using values between 0
and 9 for € Eri. For TZ Ari, we fix Q = 0 as it is an M5 dwarf,
where spot-induced variability dominates (Herrero et al. 2016;
Baroch et al. 2020) and faculae have been found to be dark, rather
than bright, in 3D magnetohydrodynamic simulations (Johnson
et al. 2021; Bhatia et al. 2026).

2.4.2. Noise injection

In addition to modelling stellar activity using StarSim, we sim-
ulate the impact of photon noise on the CCF. To ensure our
synthetic observations are realistic, we inject noise patterns that
match the statistical characteristics of the actual observations.
We quantify the noise budget for each target star by computing
the ratio of the mean observational error of each spectroscopic
data to the total root-mean-square (RMS) of its observed time
series (Sect. 3.4). This allows us to estimate the fractional con-
tribution of noise to each time series and injects Gaussian noise

according to this ratio. A summary of the estimated noise levels
for each time series is provided in Appendix B.

3. Theoretical framework

When not considering the influence from instrumental effects,
we assume that a spectroscopic observation O(v, ?) in the exo-
planet domain (e.g. spectrum, single line, CCF), depending on
the vector of RV v, and the time of observation ¢, can be
influenced by the following two effects: (1) an orbiting plane-
tary companion that induces a non-chromatic Doppler shift in
v, and which we denote in the following with €, and (2) by
stellar activity, which induces distortions on the spectral line
shapes, including apparent line shifts, and which we denote in
the following with «.

We can decompose any spectroscopic observation, O(v, t), as

N-1

O,1) = Z a,()B,(v) + E(v, 1), (1)

n=0

where B,(v) is a set of functions, hereafter basis functions,
parametrized by time-dependent coefficients a,(f). The term
E(v, t) represents the residual uncertainty of the decomposition,
and N is the number of decomposition terms, where N < N,.
N, refers to the number of elements at which v is evaluated.
Strictly speaking, no information is lost if N = N,. However, our
aim is to condense the original observation into a smaller num-
ber of components with minimal loss of physical information. In
the following, we explain how to isolate an orthonormal compo-
nent from B,,(v), which contains only information on the velocity
shifts, from other components only containing information on
the shape distortions.

3.1. Isolating the line shift component

If we separate the contribution from Doppler shifts (O¢) from the
effects of stellar activity (0*)2, we can write

O@,1) = co(HI() + O, 1) + O0.(v,1) + E(v, 1), 2)

where I(v) is a function of ones and c((f) is a constant. In the
case where the observation is only affected by e, this induces a
shift:

ve(t) =v+e()l. 3)

Therefore, we can apply the Taylor expansion of O, with respect
to € around v:

0 (1)) = 0@ + (DI = 0,(v) + €0, (V) + O(€), “

where O,(v) is the undistorted rest frame, and O.(v) = %. In
practical applications, this theoretical undistorted rest frame is
approximated by our empirically derived time-averaged template
CCF, T(v), as discussed in Sect. 4.1. Second-order expansion
terms O(e?) are negligible for the case of small €, typical of
planetary companions.

2 We use the subscript * to denote the total stellar activity because
0. encapsulates the entirety of the activity influence (both apparent
line shifts and pure line shape distortions). The term «, introduced in
Eq. (5), specifically denotes only the bulk apparent line shift caused by
this activity.
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On the other hand, the stellar activity changes in v can be
written in the most general way as

v.(1) = v+ k(O + 5(2). (5)

Here, s(#) is a vector with an unknown number of components
describing pure line shape distortions. Since we do not know the
functional dependence of these components on physical param-
eters, a multivariate Taylor expansion is not feasible. The only
constraints we imposed on s(#) is that they are orthogonal to
the line shift component, ensuring that «(¢) captures the net line
shift. In the most general way, we can then decompose the stellar
activity part O.(v, t) of the observation with a Taylor expansion
with respect to x and capture the pure line shape distortions with
G ,(v), hereafter the distortion basis function:

N-1

0.(vs,1) = 0,(v) + k(HO,(v) + Z gn(OGn(v), (6)
n=2

where g, () are the time-dependent coefficients describing G, (v).
If we combine Eqs. (2)—(6), we can write

O(ve +v:,1) = o)1) + c1(D0:() + [(H)O;(v)

N-1
+ > 9u(0Gu®) + E@, 1), )
n=2

where /(¢) includes both the Doppler shift and the shift induced
by the distorted line, i.e. I(f) = €(t) + «(f), and c|(¥) is a scaling
factor that multiplies the undistorted rest frame O,(v), which in
this case is equal to 1°.

We thereby decomposed our observation O(v, f) into a basis
function B that contains a line-shifted component captured by
0,(v) and a distortion basis function, G(v). Comparing the above
with Eq. (1), we found

B(@) = [1(v), 0,(v), 0,(v), G2(v), ..., GNy-1(V)], ®)
a(1) = [co(®), c1(0), (1), g2(1), ..., gn-1(D)]. €))

We note, that € and « cannot be determined independently and
are mathematically degenerate. This degeneracy can only be bro-
ken by relating the physical or statistical properties of the cg, ¢
and g, coefficients to « (see Sect. 5).

3.2. Distortion basis functions

For the general framework many different choices for the distor-
tion basis functions G,(v) can be used. PCA isolates the principal
modes of variability of O(v, ). But this method does not dis-
tinguish between the different sources of variability (Doppler,
activity and instrumental) nor does it ensure the orthogonality
of its components to O,(v). PCA was applied in Doppler-free
observations on an orthogonalised O(v, f) with respect to O;.(v) in
Klein et al. (2024), and on the autocorrelation function of O(v, 1),
in Collier Cameron et al. (2021). An alternative option would be
to use the Fourier basis, as proposed in Zhao & Tinney (2020).
The basis consists of sine and cosine functions of different fre-
quencies that are orthogonal to each other. However, since the

3 Strictly speaking, summing Egs. (4) and (6) results in a factor of
2 in front of the rest-frame profile O,(v). We absorb this factor into
¢ (1) for notational simplicity, allowing c;(f) to naturally evaluate to ~1
and thereby retain its physical intuition as a direct tracer of the CCF
amplitude changes.
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basis is periodic overall v, it puts equal weight on the central part
of the CCF and in the wings, which are heavily affected by noise.

For a Gaussian-like observation O(v, 1), such as a CCF or a
specific spectral line, we propose using the Hermite basis as the
distortion basis function, which is defined as

-x2/2 n

e H, H) = (e (10)
A2 i *

where x = (v —vg)/0o is the normalised velocity coordinate cen-
tred at vy, scaled by the width o, and H,(x) are the Hermite
polynomials. These are defined by the recurrence relation

Gu(x) =

Hyi1(x) = 2xHy(x) — 2nH -1 (x), )

where Hy(x) = 1 and H;(x) = 2x.

A Hermite basis can be understood as a weighted gener-
alisation of the monomial basis x", which is used to compute
the central moments of a function. However, using pure mono-
mials as basis functions leads to their divergence at large |x|.
By introducing a Gaussian weight function to the monomial
basis function, the Hermite basis effectively suppresses these
divergences and delivers an estimate of the orthonormal cen-
tral moments of a Gaussian-like function O(v, ). Crucially, a
Gaussian multiplied by Hermite polynomials forms a basis that
is mathematically orthogonal and complete. This completeness
is a primary motivation for our choice, as it guarantees that
any smooth deviation or asymmetry in the line profile can be
accurately represented.

In principle, the distortion basis functions can be constructed
using the n-th order derivatives of the Gaussian fit to the obser-
vation O(v), with n > 2, given that the Gy(x) and G;(x) compo-
nents are already accounted for in our general basis function B(v)
by the O,(v) and O,.(v) components (Eq. (8)). For non-Gaussian
profiles, such as M dwarfs similar to TZ Ari (Fig. 1), we apply
a multi-Hermite basis. We model the reference O,(v) by fitting
a sum of two Gaussians, prioritising the simplest solution with
the fewest free parameters. In the case of TZ Ari, the optimal fit
combines a narrow positive Gaussian for the core with a broad
negative Gaussian for the wings (Fig. 1).

3.3. Calculation of coefficients

We determined the optimal coefficients a,, through a x? minimi-
sation process:

1
X = 50 - a(B). (12)

This process can be rewritten as

N
=0

N
X2=%<0(t)>2+% ZO Z (@n(0)ay ((Bu, B )=2a,(1)(0(0), B,,)) .

’

13)

If we orthonormalise B, so (B, B,y) = 0., this simplifies to

N
V= %(0(:))2 ; % 3 (@2) - 2a,(0(). B). (14)

n=0
The coefficients that minimise y? are then obtained by solving
dy?
da,

= an(n) —(0®),B,) =0 (15)
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and hence can be directly determined from the basis function
B,, and the observation O(¢). The different a,(f) coefficients are
independent from each other if B(v) is orthogonal. As explained
in Sect. 3.2, the Hermite basis is an orthogonal basis, but it may
not be orthogonal to the other components of the basis B(v),
namely I(v), O,(v), or O.(v).

The orthogonality of B(v) can be achieved using the alge-
braic Gram-Schmidt process, which transforms any set of lin-
early independent functions into an orthogonal set. Given a
non-orthogonal function Fy, we orthogonalised it with respect
to B, using the iterative procedure

N
fv=Fy-) (B, Fy)By,
n=0

_ Iy
T2

where fy is the intermediate unnormalised function and || - ||
denotes its norm.

(16)

a7

By

3.4. Coefficient errors

The uncertainties in the coefficients are obtained by propagating
the errors from two independent sources: (1) the flux uncertain-
ties of the observations, and (2) the uncertainties in the single-
or multi-Gaussian fit to the template, from which the distortion
basis functions are constructed. The total uncertainty in each
coefficient can therefore be expressed as

N,
San(t) = 4| D [Ba©) S0@i, O + [O(vi, 1) 6B, (012, (18)
i=1

The uncertainty in the observed profile O(v, ) includes both
photon noise and read-out noise (Appendix C), as described in
Lafarga et al. (2020). To compute realistic noise estimates per
pixel, O(v, f) must be sampled at the physical pixel size of the
detector. However, the Gram-Schmidt orthonormalisation used
to construct the basis functions B, makes an analytical expres-
sion for 0 B, intractable. Instead, we propagated the uncertainties
from the Gaussian-fit parameters into the orthonormalised basis
by computing the formal covariance from the fit and propagating
it through the coefficient definition
6ai,basis(t) = J: EP J"’ (19)
where J, is the Jacobian vector of partial derivatives of the coef-
ficient a,(f) with respect to the set of fitted parameters p, and X,
is the full covariance matrix of the fit. The Jacobian is defined as

_ Oay (1) _ Oa,(1) Oay(1)

Oay(1)
Jn - ’ ’
op op1 ~ Opa

Opk

(20)

L]

where k is the number of fit parameters. Since these derivatives
are not analytically tractable, we estimated them numerically
using finite differences. For each parameter p;, we computed

[)an(l‘) N a"(t)|pk+A - an(t)|pk
(9pk - A ’

(1)

where A is a small perturbation to the parameter py.

3.5. Explained variance ratio

To evaluate the contribution of each coefficient a,, to the recon-
struction of the original time series, we compute the explained
variance ratio (EVR), a metric analogous to that used in PCA.
The EVR quantifies the fraction of the total variability in the full
time series of O(v, t) captured by a given time series coefficient:

Sy an(®)

LN, 2% 220 [w(0) (0w 1) — 0w

EVR, = (22)

where, in the most general case, a weight function w can be used
for the observations. Further, (), is the expected value over ¢, and
Nr is the number of observations.

4. Application of the method

Several considerations must be taken into account when applying
the theoretical framework to real observational data. The obser-
vations shall be flux normalised before applying this framework
using, for example, AFS (Xu et al. 2019), rassine (Cretignier
et al. 2020), or raccoon (Lafarga et al. 2020). If the continuum is
not properly corrected to match the baseline flux level of O,(v),
this propagates to the computation of all a,(r), given that this
continuum level is a multiplicative factor in Eq. (1). Moreover,
real observational data are affected by noise, which can bias the
estimate of the EVR. We adopt the Gaussian fit to O,(v) as a
weight function, so we can properly weigh down the wings of
the CCF, which are predominantly dominated by noise.

4.1. Template construction

As seen in Eq. (7), the decomposition is performed with respect
to O,(v), which represents the observation in an undistorted ref-
erence frame. This reference is also used to compute its first
derivative, 0..(v), in order to measure the line shift /(¢). In gen-
eral, however, we do not have access to an undistorted reference
observation O,(v). We therefore decomposed our observations
with respect to a template T'(v) that is constructed by averaging
all observations of the time series, #, as explained in Sect. 2.2.
We aim to reduce the influence of time-variable distortions and
obtain a more stable representation of the stellar signal. The
template provides a valid approximation to the undistorted ref-
erence profile required for the decomposition. Given that we use
a template, generally, ¢; # 0, and it will estimate the changes in
amplitude.

Consequently, we approximated O-.(v) by the first derivative
of the template T'(v). We note that 7" (v) was calculated from the
first derivative of a cubic spline on T'(v). The first element of the
Gram-Schmidt process is 7" (v), so we could ensure that all other
elements of our basis function are orthogonal to line shifts.

4.2. €Eri

As can be seen in the left panel of Fig. 1, the template of € Eri is
in good agreement with a single Gaussian profile. We therefore
adopted a single Hermite basis for its decomposition. In Fig. 4
the first six components of the decomposition of the € Eri CCFs
are shown in red, including the Hermite basis from G; to Gy.
In Fig. 5, we show in red the individual and cumulative EVR per
component. The individual EVR peaks at the ¢; component, con-
nected to the template T, and decreases monotonously as we go
to higher order distortion coefficients. The first five coefficients
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Fig. 4. First six basis components for € Eri (Hermite, red) and TZ Ari
(multi-Hermite, blue).
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Fig. 5. Explained variance ratio (solid) and cumulative variance
(dashed) per component for € Eri (Hermite, red) and TZ Ari (multi-
Hermite, blue).

explain 91.7% of the variance, while 11 components account for
97.8%. Notably, our method enables the quantification of the
contribution to the variance by line shifts via the [ coefficient,
which alone accounts for 19.3% of the total variance.

In Fig. 6, we show (i) the reconstruction of the differential
(template-subtracted) CCFs at six random epochs by adding the
contribution from the different basis function components (left
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column), (ii) the time series of the first eight coefficients (mid-
dle column), and (iii) their corresponding GLS periodograms,
(right column). Coefficients up to g¢ trace the stellar rotation
period, marked with purple lines, with /, g, and g3 also show-
ing sensitivity to the first harmonic at ~5.6 d. The slight shifts in
the exact periodogram peaks across different coefficient orders
can be physically attributed to stellar differential rotation (as
reported in Croll et al. 2006) and active region evolution. We also
note that the baseline offset term, ¢, also exhibits sensitivity to
stellar rotation. While mathematically defined as a constant, ¢y
naturally absorbs changes in the overall integrated area of the
CCF, whether caused by imperfect flux normalisation or, as in
this case, stellar activity driving variations in both the continuum
level and line amplitude.

As expected from their lower EVRs, higher-order coeffi-
cients contribute less to the signal reconstruction and are increas-
ingly affected by noise, therefore reducing their sensitivity to
rotationally modulated stellar activity. For a summary of the
general statistics of the distortion coefficients and the identified
signals from a pre-whitening process we refer to Appendix B.

Figure D.1 shows the correlation between decomposition
coefficients and classical CCF indicators. The strongest correla-
tions are CON with ¢, RV with [, FWHM with g,, and BIS with
g3, confirming that the decomposition recovers the classical CCF
activity indicators. The strongest correlation between decompo-
sition coefficients is between [ and g3, and between c; and g;.
Beyond this, higher-order coefficients extend the sensitivity to
distortions not captured by classical CCF activity indicators.

4.3. TZAri

Figure 1 shows the template used to compute the basis functions.
It displays the characteristic shape of cool M dwarfs (Lafarga
et al. 2020). As a result, a double Hermite basis is used to fit this
template, consisting of a narrow positive-amplitude Gaussian
for the core and a broader negative-amplitude Gaussian for the
wings. In Fig. 4, the first six components of the decomposition of
the TZ Ari CCFs are depicted in blue, showing a distinct shape
for the multi-Hermite case. Figure 5 illustrates the EVRs for
the multi-Hermite decomposition coefficients applied to TZ Ari.
The EVR peaks at the c; coefficient, explaining 47.1% of the
EVR. The [ coefficient alone accounts for 19.6% of the total
variance. The g, coefficient contributes only marginally, while
gs provides a comparatively large contribution to the variance.
The cumulative EVR reaches 86.8% at this coefficient, reaching
the 97.1% mark if we extend it up to the go coefficient.

Figure 7 shows the differential CCF reconstructions (left),
coefficient time series (middle), and their corresponding GLS
periodograms (right). The stellar rotation period (1.96 d) and its
daily alias are clearly recovered in the low-order coefficients;
c1, I, g» and g3. Long-period signals are also observed in ¢y,
1, g», and g4 (Appendix B). The exoplanetary signal at 772.05d
is significantly detected in the GLS periodogram of [ only, as
expected.

Figure D.2 displays correlations between decomposition
coefficients and classical CCF activity indicators. As for the case
of €Eri, the strongest correlations are found between CON and
c1, RV and [, FWHM and ¢,, and BIS and g3;. However, the corre-
lations between FWHM and ¢, and between BIS and g3 are not
as strong as in the € Eri case. The strongest correlation between
decomposition coefficients is between ¢y and c;, and between [
and g3.
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Fig. 6. Cross-correlation function decomposition of € Eri with a Hermite basis. Left: contribution of consecutive basis components to the differential
CCEF reconstruction. We displayed six illustrative epochs randomly selected to visualise the temporal variability of the line-shape distortions. The
observed differential CCFs are shown in grey, while the reconstructed components are colour-coded according to the observation time. Middle:
time series of the corresponding coefficients. Right: GLS periodograms of the coefficients. The 0.1%, 1%, and 10% FAP levels are indicated in
orange, and the stellar rotation period and its first harmonic are marked in purple.

5. Neural networks for stellar activity correction 5.1. Architectures

In this section we introduce the NN framework. The We have developed a deep-learning model that we refer to as
goal is to predict and remove the activity-induced RV  Convolutional-Attention Network for STellar Activity Removal
shifts using the information from the line-shape distortion (CANSTAR). An overview of the CANSTAR architecture is provided
coefficients. in Fig. 8. Several (N.) convolutional layers apply Ny localised
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Fig. 7. Same as Fig. 6 but for the multi-Hermite basis applied to TZ Ari. We also mark in light blue the planetary orbital period from the literature

(722.05 d; Quirrenbach et al. 2022).

filters to the input time series, which consist of the ampli-
tude coefficient c;(f) and the distortion coefficients g;(r). We
explicitly exclude the baseline offset term, co(¢), from the inputs
because it is highly susceptible to flux normalisation issues and
sensitive to noise sources not accounted for in our simulations.
These filters extract short-term, high-frequency features in the
input according to the filter size N,. The convolutions are applied
with appropriate padding and stride, ensuring that the output
feature maps keep the same temporal dimension as the input.
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Each convolutional layer uses multiple filters, producing a set of
feature maps that capture different local attributes of the data.
Following the convolutional layers, the extracted feature
maps are passed into N,, transformer encoder layers. These lay-
ers consist of a multi-headed self-attention mechanism followed
by a position-wise feed-forward network, as defined in Vaswani
et al. (2017). The self-attention mechanism captures dependen-
cies across the full temporal domain, allowing the network to
model both short- and long-term correlations in the data. The
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Flatten

g; time-series
1 Convolutional layers
Multi-head attention
Layer norm
Feed-forward layer
Layer norm

embedding dimension of the attention layer is matched to the
number of convolutional filters, and NN, attention heads are used
to extract different temporal features. Finally, the output of the
transformer block is flattened and passed through a linear projec-
tion layer, producing the predicted «(7) time series. This hybrid
architecture follows principles similar to those proposed by Liu
et al. (2020) and Guo et al. (2022), who demonstrated the effec-
tiveness of combining convolution and attention in the analysis
of time series and image data.

We also tested a simpler fully connected network (FCN).
This architecture processes only instantaneous snapshots of the
line-shape distortion coefficients, g;, without explicitly mod-
elling their temporal evolution. The FCN architecture consists
of a sequence Ny, of feed forward layers. All input coeffi-
cients from a single observation are concatenated into a one-
dimensional feature vector, which is fed into the network. The
outputs of each layer are fully connected to the inputs of the next
by N, number of neurons. The final layer of the FCN is a linear
layer which predicts the final «.

5.2. Neural network training

Training is performed using synthetic datasets generated with
the StarSim code (Sect. 2.4.1). For each target star, we gen-
erate a dataset of 500000 time series simulations. The dataset
is divided into training (80%), validation (10%), and test (10%)
sets. The training set is used to find the optimal parameters of
the NN based on the minimisation of the Mean Squared Error
(MSE) between the true labels, i.e. the «(#) component of [(¢),
and the prediction by the network. We apply z-score normali-
sation to the input and output dataset, meaning we subtract the
mean value of each simulated dataset and rescale them according
to the standard deviation of the full dataset.

We optimised all network architectures using the Adam opti-
miser (Kingma 2014) implemented in PyTorch (Paszke et al.
2019). We selected as the final model the model just before the
improvement in validation MSE plateaus while the training MSE
continues to decrease significantly, ensuring we avoid the over-
fitting regime. We reserved this test set for the evaluation of the

Flatten

Fig. 8. Schematic representation of CANSTAR
(bottom), a convolutional attention network
designed to predict the stellar activity contri-
bution to line shifts, x(¢), from the time series
of distortion coefficients, g;(f). The input coef-
ficients are treated as independent channels and
processed through a series of one-dimensional
convolutional layers that extract local tem-
poral features. The convolutional outputs are
then passed to a transformer encoder module,
which consists of a multi-head self-attention
part (top) with different ‘heads’, where each one
of them focuses on different temporal depen-
dencies within the data, and their outputs are
combined, normalised, and propagated through
additional attention layers. Finally, the resulting
features are flattened and projected through a
linear layer to produce the predicted () time
series.

Linear layer
K time-series

Table 2. Tested and adopted hyper-parameters for CANSTAR (top) and
FCN (bottom).

Network Hyper-parameter Priors Result
N 1,3,5,7 3
Ny 4,8, 16, 32, 64, 128, 256 128

CANSTAR N, 1,2,3,4,5 4
N, 1,2,4,8,16,32 2
Nie 1,2,3,4,5 4
N, 256, 512, 1024, 2048 1024

FCN Ny 2,3,4,5,6,7 6

performance of this final network on unseen data. We saved the
residual relative error (RRE) from the final model, defined as the
ratio of the residual RMS after correction to the original RMS
(Perger et al. 2023).

5.3. Hyper-parameter choices

Each architecture is defined by several hyper-parameters. We per-
formed a systematic hyper-parameter search to determine these
values. The tested and final selected configurations are sum-
marised in the upper and lower parts of Table 2 for CANSTAR
and the FCN, respectively. The final selection was based on min-
imising the validation set MSE, prioritising the simplest effective
choices.

6. Results

We trained separate CANSTAR models for each target star (e Eri
and TZ Ari) for different noise-level regimes (noiseless and sim-
ilar to the observations; see Sect. 2.4.2) and including different
numbers of distortion coefficients. The aim with this training
strategy was to evaluate the ability of CANSTAR to mitigate stellar
activity as a function of the target star and S/N of the observa-
tions. In order to test the capability of modelling stellar activity
by the different distortion coefficients, we iteratively trained
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CANSTAR networks using more coefficients as inputs, following
the natural order of the coefficients from the Hermite and multi-
Hermite formalism. We repeated this same training strategy for
the FCN.

After the training phase, we selected the best-performing net-
work trained on noise similar to the observations, defined as the
model that minimises the RRE while requiring a smaller number
of distortion coefficients. To quantify the stability of the solu-
tion, we trained five independent instances of this architecture.
Although the variance in the predictions on the synthetic test
set is negligible, it can have an effect when predicting on the
real observational data. To account for this, we applied the full
ensemble of five networks to the data. Furthermore, to propa-
gate the observational uncertainties, we generated 1000 Monte
Carlo realisations of the input distortion coefficients, perturbed
according to their measurement errors. Each of the five networks
generates predictions for all 1000 realisations. We adopted the
median of this combined distribution as the final activity model
and used the standard deviation as the total uncertainty.

6.1. Simulated data

We show the performance on the simulated test set of CANSTAR
and FCN in Fig. 9. In the noiseless case, CANSTAR achieves an
RRE of 3.7% for e Eri and 3.3% for TZ Ari, when trained with
15 coefficients. Notably, the performance already saturates at
7 coefficients, reaching an RRE 5.9% for €Eri and 3.9% for
TZ Ari. By contrast, the FCN achieves an RRE of 12.7% for
€Eri and 4.9% for TZ Ari after training with 15 coefficients.
CANSTAR outperforms the FCN in RRE reduction, requiring
fewer coefficients to reach the same level of activity correction.

With noise matched to the observed RV uncertainties,
CANSTAR reaches an RRE of 12.9% for e€Eri and 35.7% for
TZ Ari, when trained with 15 coefficients. On the other hand, the
FCN network reaches an RRE of 38.8% for € Eri and 49.1% for
TZ Ari. In both regimes, the RRE reduction plateaus at a smaller
number of coefficients than in the noiseless case, highlighting
the fact that higher-order coefficients are increasingly dominated
by noise and contribute little to the correction.

There is also a difference in the performance of the net-
work between the two target stars. For € Eri, the most significant
coefficients when correcting for activity are the ¢, g, and g3
coefficient. In the case of TZ Ari, c¢; and g, are not as correlated
to the line shift component as g3, which is the most informative
for training both CANSTAR and the FCN network. We also note
that we reached a lower overall RRE reduction for the cases of
€ Eri with observational noise when compared to TZ Ari. This
is because the former is a much brighter star with significantly
higher S/N observations.

6.2. eEri

For €Eri, we selected the network trained on the first five dis-
tortion coefficients as the best-performing configuration. We
applied z-score normalisation to the real observed datasets in
order to minimise the discrepancy in the scale between observed
and synthetic datasets (Appendix E). We explored the inclusion
of a linear scaling parameter to fine-tune the amplitude of the
predictions given the loss of the absolute scale due to this. The
scaling parameter converged to a value of @ = 0.9. This value
is close to unity, as expected, given that the RV variability of
€ Eri is dominated by stellar activity on these timescales. There-
fore, the z-score normalisation used during training accurately
reflects the scale of the observed activity signal (Appendix E).
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Fig. 9. Residual relative error of €Eri (top) and TZ Ari (bottom)

StarSim data after correction with CANSTAR (solid line with circle
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case (blue) and for the case with noise equivalent to the observations

(green).

CANSTAR’s correction for € Eri is shown in Fig. 10. The pre-
dicted RV time series closely matches the observed data, and
the GLS periodogram reveals that the model effectively cap-
tures the dominant stellar rotation signal and its first harmonic.
After subtracting the predicted x component from the observa-
tions, we obtain an RRE of 52.5%, resulting in a final RMS of
2.46ms~! (Table 3). The power of signals associated with stellar
activity, which peak at 12.53 d and 6.26 d, is significantly dimin-
ished, decreasing below the 10% FAP level. No signal remains in
the periodogram above the 10% FAP level. The residuals are in
agreement with the € Eri b solution presented in Thompson et al.
(2025), which just produces a trend for the narrow observing
window.

We injected sinusoidal signals directly into the RV time
series to quantify the detection limits at different frequency
ranges. We injected sinusoidal signals with frequencies rang-
ing from 0.5 to 1/Tpue (Where Tpys. is the time baseline of
the observations), in steps of 1/5T .. The semi-amplitude grid
spans from 0.5ms! to the RMS of the observations, 4.5ms™!,
in steps of 0.1 ms~'. For each combination of frequency and
semi-amplitude, we injected ten evenly spaced phases from O to
2n. The phase-averaged results are illustrated in Fig. 11 as heat
maps showing the relative difference between the injected and
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Fig. 10. Top: Radial velocity time series (left) and GLS periodogram (right) of the HARPS ¢ Eri data (blue) compared to the stellar activity signal
predicted by CANSTAR (green). Bottom: Residuals after subtracting the prediction (grey), with their corresponding periodogram (right). The 10%,
1%, and 0.1% FAP levels are indicated by dashed orange lines and the stellar rotation period (11.2 d), and its first harmonic (5.6 d) is marked in
purple. The residuals are compatible with the € Eri b solution (red; Thompson et al. 2025).
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recovered semi-amplitudes (K) and frequencies for the CANSTAR
activity-corrected residuals. We defined the detection limit as
the minimum injected amplitude required to recover the semi-
amplitude with a specific precision (e.g. 10% or 30%), provided
the frequency is also retrieved within a 10% relative error. Using
this criterion, the detection limits are 2.51 + 0.43ms~! for a
10% precision threshold and 1.99 + 0.41 ms~! for a 30% thresh-
old. As expected, the recovery of planetary signals becomes
more challenging around the stellar rotation period and its har-
monics due to the inherent degeneracy between Keplerian and
activity-induced variability. We also show in Appendix F the
detection limits for the null hypothesis case. The detection lim-
its are 3.99 + 0.18 ms~! (10% precision) and 3.87 + 0.18 ms~!
(30% precision).

6.3. TZAri

For TZ Ari, we similarly select the network trained on the first
three order coefficients as the best-performing configuration.

Unlike € Eri, the RV variability of TZ Ari is dominated by the
high-amplitude Keplerian signal of the planet (K = 21.11ms™};
Quirrenbach et al. 2022). Consequently, we need to perform
a joint fit for the Keplerian solution of the planet together
with the CANSTAR activity correction. We use the MCMC
sampler emcee (Foreman-Mackey et al. 2013), simultaneously
solving for the orbital parameters of TZ Ari b and the opti-
mal value of the scaling parameter of the CANSTAR activ-
ity correction, @. For the MCMC parameter optimisation, we
employed 700 walkers, each run for 32 000 steps to ensure con-
vergence of the chains. The first 2000 steps were discarded
as burn-in. The adopted priors and the resulting optimised
parameter values are listed in Table 4, together with the Kep-
lerian solution we retrieve if we do not apply the CANSTAR
activity correction. We also compare these results to a GP
framework using a simple harmonic oscillator (SHO) ker-
nel, reproducing the strategy of Quirrenbach et al. (2022) but
restricting their multi-instrument dataset to CARMENES only
(Appendix G).
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Fig. 12. Histograms showing the posterior distribution of the shared parameters between the CANSTAR and GP correction methods used to model

the TZ Ari RV data.

Table 3. Radial velocity statistics before and after CANSTAR correction.

Statistic (m s™!) €EBri  TZAri
RMS

Original (RMS) 4.69 10.79
Corrected (RMS o) 2.46 6.71
RRE 52.5% 62.4%
MAD

Original MADy. 3.92 8.85
Corrected MAD 2.00 5.02
rMAD 51.1%  57.4%
Uncertainty budget

Photon noise (07phot) 0.29 2.44
Model uncertainty (0-model) 1.07 4.49
Final error (|2, + 02 | 111 519

Notes. RMS: root mean square; RRE: residual relative error; MAD:
median absolute deviation; rTMAD: relative median absolute deviation.
The original values for TZ Ari are given after subtracting the fitted
Keplerian model.

We compare in Fig. 12 the posterior distribution of the com-
mon parameters between the CANSTAR and GP model. CANSTAR
activity correction allows for a better determination of the period
and semi-amplitude of the planet, compared to the GP mod-
elling. The GP solution outperforms CANSTAR in reducing the
RV scatter, as illustrated by its lower fitted jitter term, which
captures additional noise sources not captured by the model.
This is expected given the strong flexibility of GPs at filtering
white noise and being prone to overfitting (Blunt et al. 2023).
The posterior distributions of the CANSTAR + Keplerian model
parameters are shown as corner plots in Appendix H.

Figure 13 presents the time series and GLS periodograms
of the CARMENES RV observations (blue), together with the
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CANSTAR activity correction (green), the Keplerian solution
(red), and the residuals (grey). In the time series plot (left), the
green curve represents the sum of the CANSTAR correction and
the Keplerian orbit. This allowed us to visualise the total fit to the
observations. The resulting model successfully captures both the
Doppler and stellar activity signals present in the data. Notably,
the planetary origin of the long-period signal is confirmed by the
periodogram (right panel), where the CANSTAR model (green)
is shown in isolation and is clearly insensitive to the planetary
signal. After applying the correction, the RV residuals show an
RRE of 62.4%, measuring the ratio with respect to the variability
after subtracting the fitted Keplerian model (Table 3). The resid-
ual GLS periodogram of the CANSTAR correction is largely flat,
showing only a minor insignificant peak at 64.7 d (FAP = 11.7%).
In contrast, the residuals of the GP + Keplerian model (Fig. 14)
display two distinct signals above the 1% FAP level at 37.2d
and 41.4d. These periodicities correspond to yearly aliases of
one another (1/37.2 ~ 1/41.4 + 1/365) and are likely caused
by uncorrected stellar activity, given the significant variability
observed in the FWHM and ¢, indicators at 40.18d (Figs. 3
and 7).

During the final CARMENES observing season, when the
star was monitored more intensively, the temporal sampling
becomes sufficient to mitigate rotationally modulated stellar
activity more effectively with CANSTAR. A zoom-in of this last
season is shown in Fig. 13, where the RRE is further reduced to
33.4%.

7. Discussion
7.1. The value of orthogonal decomposition

Standard activity indicators derived from the CCF rely on a
simple Gaussian fit. This approach is suboptimal for capturing
complex line deformations, requiring ad hoc diagnostics such
as the BIS to quantify asymmetries. Furthermore, as shown in
Fig. 1, the Gaussian model fails to accurately reproduce the
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Table 4. Comparison of orbital parameters for TZ Ari b.

Parameter Prior Keplerian CANSTAR GP
P (d) U650, 850) 808.281’%;:2; 789.921’;22';7 780.611’”:22

- 3.82 3.13 4.08
K (ms™h) U(0,40) 22.097557 19.89f1_;8 19917555
e U-1,1) @ 0.55f8:8; 0.471’8182 0'48t8:82

a 2. g .

w (deg) U-1,1) @ —46.58’:}3'(7’?1 —33.63f?6f§6 -38.1 61’13_22
M, (deg) U(0,360) 122.30”_’;3:(7)(1) 42.31”_"3‘3:% 8.99j§3:§g
a (ms™) U(0,30) - 12.60ﬁ8:§§ -
Scp N(0.01, 0.005) - - 0.0145’:8:88‘3‘2
Ogr US5,4473) ® - - 2347.84ﬂ(3)gg:§
wep N(3.2,0.01) - - 3.2108’:8:88}2
o (ms™) LU(0.1,30) 9.87f8:§§ 5.31 fg:ig 4.31 fg:ig

- . ) 0.94
y (ms™h) U(-10,10) —1.48’:{% —0.88f8‘§g —2.66" 7

Notes. Values derived for CARMENES data modelling with the Keplerian alone or combining the fit with CANSTAR or with a GP fit. The prior
column lists the probability distributions used in our MCMC analysis, where U(a, b) denotes a uniform distribution and LU(a, b) a log-uniform
distribution between a and b. Prior applied to v/e cos w and +/e sin w. ®Upper limit prior so we sample lifetimes up to two times the time baseline

of the observations.

non-Gaussian, double-humped CCFs characteristic of many M
dwarfs.

A key advantage of the theoretical framework presented here
is its generality, allowing for the construction of basis functions
tailored to the specific spectral type of the star. We demon-
strate that the standard Hermite basis is optimal for describing
Gaussian-like CCFs, while M dwarf CCFs exhibiting pro-
nounced double humps are better modelled by the multi-Hermite
basis. For the specific case of TZ Ari, the humps are largely
symmetric, making a two-Gaussian fit sufficient to construct
Gy. However, more complex or asymmetric CCF morphologies
might necessitate three or more Gaussians. A robust and auto-
mated approach to determine the optimal number of Gaussians
for the mother function is to perform a systematic model selec-
tion — for instance, by minimising the Bayesian Information
Criterion (BIC) — when fitting the time-averaged template CCF.

This theoretical framework enables the recovery of the clas-
sical CCF activity indicators, as seen in the high level of
correlation between ¢;-CON, g,-FWHM and ¢g3-BIS (Sects. 4.2
and 4.3), in addition to extending the analysis to higher order
variability. Moreover, the EVR allowed us to quantify the actual
number of distortion basis components needed to describe the
observed CCFs.

While a mathematical degeneracy remains between true
Doppler shifts induced by planets (¢€) and apparent shifts caused
by stellar activity («), the orthogonal decomposition ensures that
our inputs to the NN, the coefficients g,(¢), capture shape infor-
mation that is mathematically independent of the target variable
[(r). Using the first three distortions coefficients, (c¢i, g, and
g3), we are effectively using similar information to the classi-
cal CCF activity indicators, but extending the analysis to higher
order coefficients allowed us to improve the activity mitigation
performance.

More generally, the distortion coefficients are not lim-
ited to the specific architecture proposed. They could serve
as inputs for other stellar mitigation techniques, such as the
multi-dimensional GP framework. Finally, this parametrisation
is computationally efficient and agnostic to the specific pipeline
used. It can be easily implemented in standard reduction codes
such as raccoon or the ESO DRS.

7.2. Temporal awareness in activity correction

The comparison between CANSTAR and the FCN highlights
the critical role of temporal information. As shown in Fig. 9,
the FCN, which treats observations as independent snapshots,
fails to reach the same correction performance as CANSTAR,
particularly in noisy regimes.

Stellar activity is inherently a time-correlated process. Active
regions evolve, migrate, and reappear over the stellar rota-
tion period. The inclusion of self-attention mechanisms allows
CANSTAR to ‘learn’ these temporal correlations, effectively using
the past and future context of the distortion coefficients to
mitigate stellar activity occurring at different timescales. This
capability is illustrated by the fact that CANSTAR effectively satu-
rates its performance with fewer input coefficients than the FCN.
By including the temporal context, the network can extract more
information from the lower-order coefficients (¢, g2, g3), reduc-
ing the reliance on higher-order terms that are more affected by
photon noise.

For exoplanet host stars with sparse RV monitoring, tempo-
ral correlations may be lost. In such cases, activity mitigation
strategies that do not rely on temporal continuity remain nec-
essary. Our results with the FCN demonstrate the advantage of
using the full set of distortion coefficients as inputs compared to
classical CCF activity indicators, which are equivalent to using
only the lower-order terms (c1, g2, g3)-

7.3. Noise estimation in neural network predictions

We emphasise the critical importance of correctly propagating
photon noise from the spectral level to the CCF and subse-
quently to the derived activity indicators (see Sect. 3.4 and
Appendix C). These precise noise estimates allowed us to inject
realistic noise into the synthetic dataset (Sect. 2.4.2). Training
on data with realistic noise properties is essential to prevent the
network from over-fitting to specific noise patterns. Furthermore,
these estimates enable us to quantify the uncertainty of the NN
predictions. As detailed in Sect. 6, we achieve this by evaluating
the network on noisy realisations of the input data (propagating
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Fig. 13. Radial velocity time series and GLS periodograms for TZ Ari showing (a) the complete multi-season dataset and (b) a detailed view of
the final observing season. For each panel, the top row displays the CARMENES data (blue), the CANSTAR prediction (green), and the Keplerian
solution (red). In the time series, the green curve includes the Keplerian signal to illustrate the full fit, whereas in the periodogram it represents the
activity model alone. The bottom row shows the residuals after subtracting both the CANSTAR activity correction and the Keplerian model (grey).
The 10%, 1%, and 0.1% FAP levels are indicated by dashed orange lines. The stellar rotation period (1.96 d) is marked with a purple dashed line,
and the newly derived planetary orbital period (789.92 d) is marked in light blue (not shown in panel (b) due to its shorter time baseline).

measurement error) and by training an ensemble of independent
networks to estimate the model variance.

7.4. Comparison with previous studies

This study builds upon the previous work developed in Perger
et al. (2023). We have explored different input data, transition-
ing from classical CCF activity indicators (CON, FWHM and
BIS) to time series of distortion coefficients, and different NN
architectures, from a CNN to a convolutional attention network.
Both studies relied on StarSim data for training. However, in
this work, we utilised a newer version of the code that has been
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improved, both in its physical model as well as on the practical
implementation (Gomes et al., in prep.).

We can directly compare the performance of Perger et al.
(2023) against CANSTAR regarding stellar activity correction on
the e Eri dataset (Fig. 15). The CANSTAR correction matches the
observed data better, resulting in an RRE reduction to 52.5%
of the original variability, compared to the 67% reduction level
of the Perger et al. (2023) results*. The residuals from both

4 We note that Perger et al. (2023) reported a reduction value of 45%.
However, this corresponds to the reduction in MSE. The corresponding

reduction in RRE is V0.45 ~ 67%.
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Fig. 14. Residual time series (left) and GLS periodogram (right) after subtracting the GP + Keplerian model to the TZ Ari RV data (grey). The
10%, 1%, and 0.1% FAP levels are indicated by dashed orange lines. The stellar rotation period (1.96d) is shown in purple, the newly derived
planetary orbital period (789.92d) is in light blue, and the two signals exceeding the 1% FAP level (37.2d and 41.4 d) are marked in black. These
likely correspond to stellar activity given the significant (40.18 d) periodicity observed in the FWHM and g, indicators.
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Fig. 15. Top: radial velocity time series (left) and GLS periodogram (right) of the HARPS € Eri data (blue) compared to the stellar activity signal
predicted by CANSTAR (green) and Perger et al. (2023, magenta). We note that the Perger et al. (2023) did not provide uncertainties to their NN
predictions. Bottom: Residuals after subtracting the prediction with their corresponding periodogram (right). The 10%, 1%, and 0.1% FAP levels

are indicated by dashed orange lines.

approaches show significant differences. The GLS periodogram
of the CANSTAR residuals shows a clear mitigation of the rota-
tional period (FAP>10%). On the other hand, the peak at the
rotation period remains highly significant (FAP<0.1%) in the
GLS periodogram of the Perger et al. (2023) residuals. The resid-
uals from both methods display a low degree of correlation, with
a Pearson correlation coefficient of 0.38.

In Sect. 6.3, we compared the CANSTAR activity correc-
tion on TZ Ari against the GP framework with the SHO kernel
from Quirrenbach et al. (2022), but we limited the analysis to
CARMENES. CANSTAR achieves compatible but more precise
determinations of the semi-amplitude and period of the Keple-
rian parameters (Fig. 12). The GP achieves a larger reduction of
RRE, as illustrated in the lower fitted jitter term. This is expected
due to the flexibility of GP modelling solely on RV data, which
can lead to over-fitting leaving small residual amplitudes (Blunt
et al. 2023). However, two residual signals in the GLS peri-
odogram remain above the 1% FAP level after the GP solution,
with periods 37.2d and 41.4d. These periods are likely yearly

aliases of a stellar activity signal, as evidenced by significant
variability in the g, and FWHM indicators at 40.18 d (Table B.2).
In contrast, CANSTAR effectively removes these signals because
its correction is explicitly conditioned on the line-shape dis-
tortion coefficients. This demonstrates that CANSTAR provides
a physically motivated correction that avoids the over-fitting
pitfalls of pure RV modelling.

7.5. Bridging the synthetic gap

We find a difference in performance when evaluating the
CANSTAR network on synthetic versus real data. In our noise-
less simulations, CANSTAR achieves nearly perfect correction,
and even in datasets with injected noise matching the obser-
vations, the network achieves an RRE of 12.9% for € Eri and
35.7% for TZ Ari. However, when applied to the real datasets, the
RRE becomes 52.5% and 61.6%, respectively. This performance
gap indicates that while StarSim provides a physically realistic
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output, it still lacks certain stellar activity and instrumental
effects present in reality.

First, our noise injection procedure currently accounts only
for photon noise measured at the spectral level (white noise).
However, real observations are affected by instrumental system-
atics and atmospheric effects that introduce correlated noise into
the data. Since our network is trained solely on white noise,
it may be less effective at filtering out these complex, non-
Gaussian systematic trends. Future synthetic datasets should
therefore integrate instrumental systematics to better simulate
the red noise floor of the specific spectrograph.

Second, current StarSim simulations rely on 1D PHOENIX
stellar spectra (Husser et al. 2013) combined with modified
bisector line shapes to simulate the photosphere, spots, and fac-
ulae. However, spots and faculae are direct manifestations of the
interplay between magnetic fields and the complex 3D structure
of the photosphere (Witzke et al. 2022). This dependence on 1D
atmospheric models is a shared limitation among current simu-
lators, such as SOAP-GPU (Zhao & Dumusque 2023) and SOAP
4.0 (Cristo et al. 2025).

A significant step towards bridging this physical gap is the
use of synthetic spectra derived from 3D magnetohydrodynamic
(MHD) simulations. The upcoming version of StarSim (Gomes
et al., in prep., Stucki et al., in prep.) is designed to incorpo-
rate spectra from the MURaM MPS-ATLAS 3D MHD models
(Witzke et al. 2024). By explicitly modelling the 3D structure of
the stellar atmosphere driven by convection, this approach will
improve the physical prescription of the photosphere, spots and
faculae, while enabling the inclusion of other convective phe-
nomena such as granulation and super-granulation. Simulating
these phenomena will be essential for extending this framework
to less active stars (Reinhold et al. 2019; Meunier & Lagrange
2020).

On the other hand, accurately modelling very active, flaring
M dwarfs would require StarSim to simulate coronal heat-
ing driven by high-intensity magnetic fields. The self-consistent
simulation of stellar chromospheres and flare events remains a
significant limitation shared across the entire field (Allen et al.
2026).

8. Conclusions

We have introduced CANSTAR, a novel framework that exploits
information on CCF line-shape distortions and their temporal
evolution. The framework consists of two main steps: (1) sep-
arating pure Doppler shifts from line-shape distortions using
an orthonormal basis expansion, which enables the subtrac-
tion of distortion coefficients time series, and (2) modelling
the temporal evolution of these stellar activity distortions with
a convolutional attention network trained on synthetic datasets
generated with StarSim.

We have demonstrated that CANSTAR achieves near-perfect
stellar activity correction on simulated data, outperforming an
FCN that does not explicitly model temporal correlations. The
performance worsens when noise resembling that of real obser-
vations is injected, primarily because higher-order coefficients
become increasingly noise dominated.

When trained on synthetic noisy data and applied to real
observations of €Eri and TZ Ari, CANSTAR successfully mit-
igated a significant fraction of the stellar activity signal. For
e Eri, we improved the activity correction provided in Perger
et al. (2023) by reducing the RRE from 67% to 52.5%. Apply-
ing the CANSTAR correction improves the detection limit for a
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10% relative precision in K to 2.51 + 0.43ms™!, compared to
the baseline of 3.99 + 0.18 ms~! obtained for the uncorrected
(null hypothesis) case.

For TZ Ari, the network successfully disentangles planetary
Doppler shifts from activity-induced signals, yielding improved
orbital parameter estimates for TZ Arib compared to a GP fit.
This demonstrates that CANSTAR outperforms the current state-
of-the-art solution, enabling both robust activity correction and
precise planetary characterisation. After subtracting the Keple-
rian solution, CANSTAR achieves an RRE of 62.4% on the full
dataset. Notably, this residual scatter is further reduced to 33.4%
for the final observing season, where the higher cadence allowed
for proper sampling of the 1.96 d stellar rotation period.

Beyond the integrated framework, the individual compo-
nents of CANSTAR offer independent utility. The distortion coef-
ficients obtained from the orthonormal basis expansion can
reproduce classical activity indicators while providing sensi-
tivity to additional stellar phenomena via higher-order terms.
Furthermore, the convolutional attention network has a general
time—aware architecture capable of capturing variability on mul-
tiple timescales. Its inputs are not limited to CCF coefficients,
but it can be readily adapted to use photometry, chromospheric
indices, or line-by-line activity indicators.

Looking forward, there is a clear path to bridge the perfor-
mance gap between simulations and real data. Future StarSim
developments will incorporate spectra from 3D MHD simula-
tions, allowing us to model less active stars where granulation
and faculae dominate. By integrating these physical effects along
with instrumental systematics into the training sets, we expect to
further enhance the network’s predictive power.

Ultimately, this work demonstrates that NNs are not just a
future prospect but a present capability, and they already out-
perform established state-of-the-art solutions, such as GPs, in
regimes dominated by complex stellar activity. By effectively
using temporal context and high-order line shape distortions,
CANSTAR offers a robust pathway to disentangling planetary
signals from stellar activity effects. This approach, with fur-
ther maturation and work closing the gap between synthetic
and real data, can be instrumental in pushing detection limits
towards the photon-noise floor, which would enable the discov-
ery of lower-mass planets and eventually unlock the domain of
exo-Earths.
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Appendix A: TESS photometry

The Transiting Exoplanet Survey Satellite (TESS) is perform-
ing an all-sky survey in search for transiting exoplanets around
the closest and brightest stars (Ricker et al. 2015). TESS first
observed TZ Ari in Sectors 70 and 71 at the start of the mis-
sion’s year 6, spanning from September to November 2023. We
analyse the Pre-search Data Conditioning Single Aperture Pho-
tometry (PDCSAP) flux provided by the mission, which has been
corrected for trends specific to each CCD and observing sector.
The light curves and GLS periodograms are dominated by a sta-
ble signal induced by the rotation period. We also see a large
flare event at around BJD = 2460210.

Based on the identification of the highest power peak in the
periodograms of the two sectors and estimating the uncertainty
from the FWHM of the dominant peak, we report a rotation
period of 1.96+0.07 d, which is in agreement with the reported
period from high-resolution spectroscopy and ground-based
photometry analysis in Quirrenbach et al. (2022).

Appendix B: Statistics of CCF products

We show the main statistics on the derived distortion coefficients
and classical CCF activity indicators of the test targets of the
study € Eri and TZ Ari. These statistics consist of the root mean
square (rms) of the time series, the mean error, the EVR, the
cumulative EVR, and the statistics from the pre-whitening pro-
cess, consisting of the RRE, the identified periods and the fitted
amplitudes.

Appendix C: CCF error propagation

The noise budget of the CCF is determined by the uncertainty of
the measurement of electrons on the spectrograph detector. The
CCF value at a given RV point is computed as the weighted sum
of the flux from N, pixels that overlap with the N,, spectral lines
defined in the weighted mask. This can be expressed as

Ny Np
CCF@) = ) > mifih, (R
=1

x=1

where m; is the weight of the mask for spectral line [, f, rep-
resents the flux of pixel x in the analog-to-digital Unit (ADU),
and A,; is the fraction of pixel x covered by the mask line / after
shifting it by a v shift.

To estimate the uncertainty on the CCF profile, we consider
the noise variance of each individual pixel. The flux in ADU, f;,
is related to the number of photo-electrons, n,.-, via the detector
gain g (in ADU/e™):
fi=g-ne. (C2)

Given that the photo-electrons follow Poisson statistics, the
uncertainty in the electron count is én,- = +/n,-. Converting this
to ADU and including the detector readout noise, RON, the total
variance for a single pixel x is given by:

8f% = g*on* + ¢’RON? = g*n,- + g°RON? = gf, + g°RON>.
(C.3)

Since the noise contributions from individual pixels are sta-
tistically independent, the total error on the CCF is obtained by
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adding the individual variances in quadrature. Applying standard
error propagation to Eq. (C.1) results in

Nm NP
SCCF = D A 6f2.

(C4)
=1 x=1
Substituting the expression for pixel variance:
Ny Np
SCCF = Z Z (mihg)* (g + g*RON?) (C.5)

=1 x=1

Appendix D: Correlation between distortion
coefficients and classical CCF activity indicators

We show the correlation between decomposition coefficients and
classical CCF indicators.

For the € Eri case, the strongest correlations are CON with ¢,
RV with [, FWHM with g,, and BIS with g3. This confirms that
the decomposition recovers the classical CCF activity indicators.
The strongest correlation between decomposition coefficients is
between [ and g3, and between c; and g,.

Similarly, for the TZ Ari case, the strongest correlations are
also between CON with ¢;, RV with [, FWHM with ¢,, and
BIS with g3. However, we see a smaller degree of correlation
between FWHM and ¢,, and between BIS and g3, compared to
the € Eri case. The strongest correlation between decomposition
coefficients is between c( and ¢y, and between / and g3.

Appendix E: Scale mismatch between synthetic
and observed RMS time series coefficients

We generate synthetic datasets using StarSim aimed at repro-
ducing the stellar activity signals present in the observed data.
However, a discrepancy remains between the simulations and
observations, as illustrated by the difference in RMS between the
synthetic and observed coefficient time series. In order to min-
imise this discrepancy, we apply z-score normalisation to both
datasets so that their scales matches.

Appendix F: Injection and retrievals for the null
hypothesis

We perform injection and retrievals for the null hypothesis case.
The detection limits are 3.99 + 0.18 ms™' (10% precision in K)
and 3.87 + 0.18 ms~! (30% precision).

Appendix G: Gaussian process kernel

In order to benchmark the stellar activity correction capabili-
ties of CANSTAR, we also test the GP regression strategy used
in Quirrenbach et al. (2022). In agreement with such work, we
employ the Simple Harmonic Oscillator (SHO) kernel. This ker-
nel is physically motivated, describing a stochastically driven,
damped harmonic oscillator, which acts as an effective approxi-
mation for the quasi-periodic variability characteristic of stellar
rotation and active region evolution. This kernel takes the form

k(t) = SwQexp (—%) [cos(na)‘r) + ﬁ] sin(pwr) |,

where § is the amplitude, w is the angular frequency, and Q is
the quality factor of the oscillator. w is related to the rotational

(G.1)
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Fig. A.1: Time series (left) and GLS periodograms (right) of the TESS photometry of TZ Ari for sectors 70 (top) and 71 (bottom). We mark in

purple the stellar rotation period (1.96+0.07 d).

Table B.1: Statistics on the coefficients derived of € Eri and the corresponding ones for the classical CCF indicators.

Cumulative Pre-whitening statistics
indicator units RMS error EVR (%) EVR (%) RRE (%) Periods (d) Amplitudes
Co x10° 0476 0.085 5.0 5.0 52.6 11.19, 5.54 0.53,0.18
c x10>  0.832 0.073 354 40.4 38.6 12.46, 10.65, 5.54 0.94, 0.45, 0.29
[ x10> 0112 0.008 18.3 58.7 60.1 12.12, 5.54 0.10, 0.08
g2 x102 0116  0.008 14.5 73.1 29.0 11.79, 5.54, 137.36, 12.83  0.13, 0.06, 0.06, 0.04
g3 x10°  0.705 0.081 9.5 82.7 37.5 12.12, 5.54, 10.65 0.69, 0.54, 0.29
ga x10> 0215 0.082 6.1 88.7 78.8 12.83 0.19
gs x103>  0.165 0.083 4.1 92.9 71.8 12.12 0.17
ge x103 0121  0.084 2.3 95.2 74.0 11.79, 137.36 0.08, 0.08
g7 x103  0.122  0.084 1.7 96.9 85.9 11.79 0.09
gs x10°  0.100 0.084 0.9 97.8 100 - -
RV ms™'  4.691 0286 - - 58.5 12.12, 5.54 4.14, 3.51
CON % 0.058  0.004 - - 58.3 12.12 0.07
FWHM ms™! 13.950 0.872 - - 74.5 11.79 13.04
BIS ms™! 5472 0.29%4 - - 34.6 12.12, 5.54, 10.65,3.56  5.55, 4.03, 2.01, 1.32

period w = 27/P and Q is also related to the typical coherent
lifetime, [ of the signal, Q = lw/2. In our analysis, we fit for
the hyper-parameters utilising the celerite2 implementation
(Foreman-Mackey et al. 2017).

Appendix H: CANSTAR + Keplerian solution
posteriors

We show the posterior distributions from the CANSTAR + Keple-
rian model.
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Table B.2: Statistics on the coefficients derived of TZ Ari and the corresponding ones for the classical CCF indicators.

Cumulative Pre-whitening statistics
indicator units = RMS error  EVR (%) EVR (%) RRE (%) Periods (d) Amplitudes
co x102 0462  0.061 5.0 5.0 94.5 18.30 0.22
c x102  0.262  0.063 354 40.4 100.0 - -

[ x102  0.445  0.060 18.3 58.7 60.9 1.96, 194.44,1.95 0.38, 0.26, 0.17
g2 x10>  0.164  0.063 14.5 73.1 74.8 2.05,40.18, 1.26  0.11, 0.08, 0.07
g3 x102  0.132  0.064 9.5 82.7 72.0 1.96, 1.95 0.11, 0.06
ga %103 0.781 0.643 6.1 88.7 100.0 - -
gs x103  0.710  0.642 4.1 92.9 100.0 - -
ge x10> 0905  0.642 2.3 95.2 86.1 71.36, 184.19 0.55, 0.39
g7 x10°  0.649  0.642 1.7 96.9 100.0 - -
gs x103  0.664  0.646 0.9 97.8 100.0 - -

RV ms™' 15215 2192 - - 61.2 1.96, 194.44,1.95 0.01, 0.01, 0.01
CON % 0.086  0.029 - - 95.9 1.97 0.03
FWHM ms™! 13.978 10.887 - - 87.5 40.18 0.01
BIS ms™' 7374 5734 - - 72.0 1.96, 1.95 0.01, 0.00
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Fig. D.1: Correlations between the first § decomposition coefficients, colour-coded according to the absolute value of their Pearson correlation coef-
ficient, where the exact value is printed over the image. Strongest correlations with classical CCF indicators appear at CON—c;, RV-I, FWHM-g,,
and BIS—gj; (top right).
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Fig. D.2: Same as Fig. D.1 but for the multi-Hermite basis applied to TZ Ari.
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Fig. E.1: Histograms showing the distribution of RMS values for the coefficients derived from 10000 StarSim simulations for € Eri. The RMS
values of the actual observed HARPS coefficients are shown by vertical red dashed lines. We apply z-score normalisation to bridge the gap between
the time series RMS from the simulated distributions and the observed ones.
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Fig. F.1: Same as Fig. 11 but for the null hypothesis case.
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Fig. H.1: Posterior distribution from emcee for the CANSTAR + Keplerian solution
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