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ABSTRACT

Asteroseismology is the study of resonant oscillations of stars to infer their internal structure and
dynamics. It is also a powerful tool for precisely determining stellar parameters such as mass, radius,
surface gravity, and age. Red giant asteroseismology, in particular, has been instrumental in advancing
studies of galactic archaeology, as demonstrated by past space missions such as CoRoT, Kepler, and
K2. Additionally, the mixed modes in red giants carry information from the core, which places strong
constraints on stellar evolution. Using these mixed modes, we can estimate the period spacings of
gravity modes, which is directly related to the core mass. The ongoing TESS mission, with its nearly
complete sky coverage, presents a unique opportunity to uniformly probe stellar populations across
the Milky Way. TESS is estimated to have observed more than 300,000 oscillating red giants, most of
which have one to two months of observations. Given the scale of this dataset, we need a fast, efficient,
and robust way to analyse the data. In this work, our objective is to develop a machine learning based
method to infer asteroseismic parameters from short-duration observations. Specifically, we focus on
two global seismic parameters, the large frequency separation (Av) and the frequency at maximum
power (Vmax), from one-month-long TESS observations of red giants. Meanwhile, for K2 data, our
focus extends to inferring the period spacings of dipolar gravity modes (Ally), in addition to Av and
Vmax- Our findings demonstrate that our machine learning algorithm can accurately infer Av and
Vmax for approximately 50% of samples created by taking one-month Kepler and K2 observations. For
TESS one sector data however, we recover reliable Av for only about 10% of the stars. Additionally,
we get reliable AIl; inferences for about 90 young red-giants from K2. For these AIl; inferences, we

see a good match with the well known Av — AIl; observed in Kepler red-giants.

1. INTRODUCTION

Space-based missions such as CoRoT (Baglin et al.
2006), Kepler (Borucki et al. 2010), K2 (Howell et al.
2014) and TESS (Ricker et al. 2015) have provided vast
datasets of high-precision photometric observations.
These datasets are expected to increase significantly in
size with upcoming missions such as PLATO (Rauer
et al. 2024). Precise determination of fundamental stel-
lar parameters such as mass, radius and age is made
possible using asteroseismology. Red-giant asteroseis-
mology is a powerful tool with which to probe popu-
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lations throughout the Milky Way, enabling ensemble-
scale galactic archaeology (Anders et al. 2017; Silva
Aguirre et al. 2018; Sharma et al. 2019; Miglio et al.
2021).
Red giants also exhibit mixed modes, which behave as
pressure modes in the envelop and gravity mode in the
core. These mixed modes probe the stellar core and
can put strong constraints on stellar evolution (Bedding
et al. 2011; Mosser et al. 2011). These modes also allow
us to infer period spacing of gravity modes which is
directly related to core mass (Montalban et al. 2013).
Kepler has observed ~21,000 oscillating red giants
(Hon et al. 2019; Dhanpal et al. 2022) in a 100 square-
degree field in the northern hemisphere having four
years of continuous observations. K2 observed ~19,500
oscillating red giants (Zinn et al. 2022) in 18 Kepler
sized fields along the ecliptic, each with three months
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of observation. TESS, with its vast coverage, is esti-
mated to have observed more than 300,000 oscillating
red giants (Mackereth et al. 2021a) across the whole
sky, with most of them observed for a duration of one
to two months.

Silva Aguirre et al. (2020) used 1-2 sectors of TESS
data for bright red giants and found oscillations in all
stars in the sample. Additionally, they obtained masses,
radii and ages with uncertainties of approximately 3%,
5% and 20% respectively upon combining seismic infer-
ences from TESS and parallaxes from Gaia DR2 Gaia
Collaboration et al. (2018). This is comparable to the
precision achieved with full-length Kepler asteroseismic
observations. Furthermore, Mackereth et al. (2021b)
used up to 13 sectors of data near the TESS continuous
viewing zone in the southern hemisphere and recovered
a median uncertainty of ~8% in mass and ~26% in age
for a subset of the sample upon using Gaia luminosity as
additional constraint in combination with asteroseismic
inferences. They also show that these ages are precise
enough to identify trends in galactic populations. This
full sky coverage and an order of magnitude more os-
cillating red-giants provided by TESS makes it possible
to study populations almost uniformly throughout the
Milky Way. Hon et al. (2021) used one sector TESS
data and used v,,q, inferences in combination with
parallaxes, radial velocities and proper motions from
Gaia EDR3 Gaia Collaboration et al. (2021) to obtain a
near all-sky Gaia-asteroseismology mass map, showing
potential for all-sky galactic archaeology with TESS.
Stello et al. (2022) analysed Kepler stars observed by
TESS in one to two sectors and recovered v, and Av
with uncertainties of ~5% and ~3% respectively. The
short duration makes it challenging to infer detailed
seismic parameters such as Av and they could reliably
recovered Av in only about 20% (14% for one sector
and 26% for two sectors) of the population.

Given the vast amount of data from the ongoing TESS
mission, which will further increase with upcoming
PLATO mission, we need a fast, efficient and robust
way with which to infer seismic parameters from the
photometric data.

Our aim in this work is to explore the possibility of
(i) inferring Av and V4, from one-month TESS ob-
servations and (ii) inferring Av, Ve, and All; from
three-month K2 observations using methods based on
machine learning.

For most cases, it is not possible to measure AIl; from
1-2 sectors of TESS data owing to the short-observation
duration and other systematics. However, three-month
observations taken by K2 allowed us to retrieve AIl; for

about 90 young red giants.

2. DATA
2.1. For TESS

We use light-curves detrended using the co-trending
basis vector (CBV) correction method implemented in
the TASOC (TESS Asteroseismic Science Operations
Center) pipeline developed by the coordinated activ-
ity TESS Data for Asteroseismology (T'DA) within
the TESS Asteroseismic Science Consortium (TASC)
(Handberg et al. 2021; Lund et al. 2021). We cross-
matched the red giants identified by Hon et al. (2021)
and used light-curves recorded at a cadence of 30 min-
utes for all the available stars. Instead of raw QLP
data, which was used by Hon et al. (2021), we use the
detrended data from TASOC pipeline because it is op-
timized for asteroseismology and preserves the stellar
oscillation signal better that QLP, which is optimized
for planet searches and removes stellar variability over
long timescales while performing corrections. These de-
trended lightcurves from TASOC pipeline are useful for
inferring Av from one-month TESS observations. We
perform sigma clipping to reject flux values with more
than 5-0 discrepancy. We also fill all gaps smaller than
1.5 hours in length using linear interpolation to minimize
the impact of window function. Finally, we also reject
stars with greater than 30% empty timestamps. We
use the lightkurve package (Lightkurve Collaboration
et al. 2018) to download light curves hosted at Mikul-
ski Archive for Space Telescopes (MAST) and compute
Lomb-Scargle periodograms (Lomb 1976; Scargle 1982;
Press & Rybicki 1989). To make a uniform size sample,
we use the same frequency range to calculate the power
spectral density (PSD) for all the stars, which is to be
fed into the neural network for analysis. In total, we
have 30,720 TESS red-giants for seismic analysis.

2.2. K2 data

We use detrended lightcurves form the K2SFF pipeline
(Vanderburg & Johnson 2014) which performs correc-
tions for trends related to spacecraft pointing and other
systematics. We take the long cadence (~ 30 minutes)
data for red-giant stars presented in K2 GAP DR3 (Zinn
et al. 2022) and high-pass filter each lightcurve with a
boxcar filter of width 4 days. Next, we perform sigma
clipping to reject flux values with more than 5-0 dis-
crepancy. Finally, we fill gaps shorter than 1.5 hours
using linear interpolation. Again, we use the lightkurve
package to download light-curves from MAST and com-
pute Lomb-Scargle periodograms for all these stars with
the same frequency range. In total, we have 11,264 K2



red-giants with Av in the range 4—19 pHz, out of which
2,048 lie within Av range of 9 — 19 pHz.

3. METHODS

We train deep neural networks to be able to infer
seismic parameters directly from the PSD profiles, both
for one-month TESS observations, hereafter referred to
as the TESS Model, and three-month K2 observations,
hereafter referred to as the K2 Models (K2 Model-1 &
2, collectively called K2 Models, see section 3.5 for de-
tails). Inputs to all the models are 1-D arrays of nor-
malized power from the PSDs, without any background
correction or feature extraction, and outputs are proba-
bility distributions for each parameter (see section 3.1).
All the relevant features are learned by the neural net-
works on their own from the full PSD. Although the
TESS Model and K2 Models differ in terms of kernel
sizes and number of output parameters, the overall ar-
chitecture is the same for all the models (see section 3.2).

3.1. Converting regression problem to classification

Identifying parameters corresponding to the PSD of
a given star constitutes a regression problem. However,
for each parameter, we divided the range of parameter
values (which is continuous) into a fixed number of bins.
We trained the model to classify the bin number for
each parameter based on the given PSD, effectively con-
verting the regression task into a classification problem.
The model outputs an array of probabilities indicating
the likelihood of each parameter belonging to a specific
bin, for all target parameters. In machine learning, con-
verting a regression task to a classification problem is a
common approach, as it can often yield better perfor-
mance (Stewart et al. 2022). This approach offers three
key advantages: it significantly improves model accu-
racy, prevents unphysical predictions (such as negative
values for Av or AIly), which can occur in regression
models, and provides a reliable estimate of uncertainty
from the output probability distribution — something
typically not achievable with regression models.

3.2. Model architecture

For our initial tests, we tried various NN architectures
ranging from a vanilla CNN (Convolution Neural Net-
work), CNN-LSTM (CNN in combination with Long-
Short Term Memory), ResNet (Residual Network) to
ViT (Vision Transformer). ResNet, which is a CNN
with skip connections added between the layers, out-
performed all other architectures that we tested for this
particular task. Thus, we chose ResNet as our model
and proceeded with fine tuning it further to improve ac-
curacy. Fig 1 shows the architecture of TESS Model and
K2 Models.

3.3. Fine-tuning model hyperparameters

We manually tuned the hyperparameters including
kernel size, initial learning rate, number of ResNet
blocks, dropout rate etc. TESS Model has a smaller ker-
nel size of 21, compared to 51 for the K2 Models, to
counter for the comparatively lower resolution of one
month vs three months of data. Further, TESS Model
has a higher dropout rate of 0.4, compared to 0.1 for
the K2 Models, to avoid overfitting the small training
dataset. The learning rate and batch size for all the
models are the same, e.g., see section 3.5.

3.4. Training data
3.4.1. For TESS

To train the TESS Model, we use combined red-giants
datasets from Kepler and K2 missions. For K2, we use
data from K2 GAP DR3 (Zinn et al. 2022), which pro-
vided asteroseismic measurements of Av and vyay for
19,417 red giants. For Kepler, we use observations of
21,144 red giants, identified by (Dhanpal et al. 2022),
who have also provided measurements of Av and vpax
for these stars. To create training samples comparable
in resolution to TESS 1-sector data, we divided each
4-year (in case of Kepler) and 3-month (in case of K2)
light-curve into multiple, non-overlapping, 27-day seg-
ments. Due to the stochastic excitation of oscillations,
each of these shorter-duration lightcurves has a unique
noise profile. We note that this stochastic behavior may
also lead to some of these shorter light-curves not show-
ing solar-like oscillations.

Additionally, we also fill in gaps smaller than 1.5 hrs in
duration using linear interpolation. Following this, we
discard all samples having more than 30% empty data
points. In total, we have 822,274 samples, 768,267 from
Kepler and 53,980 from K2. We use 70% of these data
for training, 15% for validation and the remaining 15%
as a test set.

The choice to use observations for training instead of
synthetics is motivated by the links seen between gran-
ulation timescales, amplitudes and the positions of oscil-
lations (Kallinger & Matthews 2010; Huber et al. 2011;
Kjeldsen & Bedding 2011; Mathur et al. 2011; Chaplin
et al. 2011; Yu et al. 2018). This was also emphasised
by Hon et al. (2018) who used binned 2-D images of
the PSD to identify presence of oscillations and esti-
mate Vyq:- These links could potentially help the neu-
ral network to better identify the position of the oscil-
lations within the PSD. This becomes particularly im-
portant for datasets with short-duration observations,
which have poor frequency resolution and low signal-to-
noise ratios.
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Figure 1: ResNet based model used for TESS and K2 (a) overall architecture and (b) the architecture of the residual
units blocks, left for stride of 1 and right for stride of 2. Note : TESS Model has only two output parameters, Vp,qz
and Av.



3.4.2. For K2

Unlike the TSSS Model, insufficient observational data
are available to train the K2 Models - due to the limited
number of AIl; measurements for red giants. Hence, we
generated synthetic dataset using the spectra simulator
by Othman Benomar (Benomar 2023), which is based
on asymptotic theory of stellar oscillations (Aerts et al.
2010; Garcia & Ballot 2019). The theory and method-
ology used to generate synthetics is discussed briefly in
appendix B.

We have built two separate datasets to train two dis-

tinct models, each containing approximately 10 million
red-giants samples. Out of these datasets we use 82.5%
as a training set, 15% as validation set and 2.5% (~
320,000 samples) for testing. Both datasets have the
same range of parameters except for Av and q. For the
first dataset, Av lies in a range of 4 — 19 puHz and g be-
tween 0.01 — 0.5, while for the second dataset Av lies in
the range 9—19 pHz and ¢ lies between 0.01—0.45. Cor-
responding to the red-giant phase, All; in both datasets
spans the range 40-150 seconds. Table 2 shows the
ranges of all the parameters used to create the synthetics
and fig 11 shows an example of the synthetics we used
for training, validation and testing the model.
To create these datasets, we uniformly sample the as-
sociated ranges for all the parameters except the incli-
nation angle, which is sampled from an isotropic distri-
bution P(1) o sin ¢. In particular, we have treated
Av, AIl; and ¢ as independent parameters, and while
this may include samples which lack a corresponding
theoretical model, we also do not inject a bias in train-
ing.

3.5. Training

We feed the normalized power from the PSD to the
model and the corresponding bin number for all the out-
put parameters (Av and vy, for the TESS Model & Av,
Vmaz, Al and ¢ for the K2 Models) to train the mod-
els. We use the ADAM optimizer in combination with
cosine decay with restarts for the learning rate and train
the models on 4 GPUs, with an initial learning rate of
1.5x107%/4 and batch size of 64 x 4. Early stopping
with a patience of 5 is used in training and we let the
model training go on till this condition is met. Finally,
the model with the lowest validation loss is saved and
used for inferences.

3.5.1. TSSS Model

We trained the TESS Model on a one-month
Kepler/K2-as-TESS dataset to predict vmax and Av,
with ranges of 8-283 uHz and 1-19 pHz, respectively.
The bin sizes are set to 2 uHz for vp.x and 0.1 pHz
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for Av, corresponding to 139 and 181 bins, respectively.
Both parameters are weighted equally in the loss func-
tion during model training to minimize validation loss.

3.5.2. K2 Models

For K2 data, we trained two separate models, each
tailored to different parameter ranges, but with identical
architectures. Both models output vp,q., Av, Ally, and
q, differing only in the parameter ranges they cover:

(i) K2 Model-1 operates over a Av range of 4 — 19 pHz
and a vpyax range of 30 — 283 uHz.
(ii) K2 Model-2 operates over a Av range of 9 —19 pyHz
and a vy ax range of 88 — 283 uHz.

Each model consists of two sub-models: one optimized
for inferring vmax and Av with weights (0.4, 0.4, 0.1,
0.1) assigned to vmax, Av, Allj, and g respectively, and
another optimized for inferring AIl;, with weights (0.1,
0.1, 0.7, 0.1). We use the vyax and Av predictions from
the sub-model optimized for these parameters, and the
All; and ¢ predictions from the sub-model optimized
for AHl

The bin sizes for all models are 2 pHz for vy, 0.1
pHz for Av, 2.5 seconds for Ally, and 0.05 for g.

The necessity for different models arises from the chal-
lenge of inferring AIIl; from three-month observations.
Dhanpal et al. (2023) demonstrated that it is possible to
infer all four parameters from a single model using 4-year
Kepler data. In particular, inferring AIl; for evolved
red giants and red-clump stars from just three months
of observations is challenging due to the decreasing spac-
ings between successive radial orders and the increasing
granulation noise at lower frequencies. Additionally, as
stars evolve, the mixed mode inertia increases, making
the modes less detectable (Grosjean et al. 2014), and the
mixed mode density decreases with the onset of helium
burning (Gehan et al. 2018), further adding to the diffi-
culty of the measurement of period separation in these
stars. While we initially attempted to infer AIIl; for
stars across the Av range of 4—19 pHz, useful inferences
were obtained only for stars with Av above 9 yHz. This
prompted the training of a separate model for the Av
range of 9—19 pHz, which proved more effective in infer-
ring AIl; within this range compared to the full-range
model. Consequently, the AII; inferences presented here
are derived exclusively from K2 Model-2, corresponding
to young red giants.

4. RESULTS
4.1. For TESS
4.1.1. Kepler/K2-as-TESS test set

We first assess the performance of the TESS Model on
sequences of one-month red-giant Kepler/K2 observa-
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tions. Note that this dataset is not included in training
or validation and is therefore unbiased. This test set is
about 15% of the whole Kepler /K2-as-TESS red-giants
dataset, comprising 112,640 samples. To filter out poor
inferences, we select measurements with under-20% un-
certainties in v,,,, and under 5% for Av. For all param-
eters, uncertainty is defined as the difference between
the values at the 16th and 84th percentiles compared to
the value at the 50th percentile from the output proba-
bility distribution. The total uncertainty, which is con-
sidered here, is taken as the absolute sum of these two
differences. We have 96,066 (~ 85 %) of stars having
Vimae uncertainty less than 20%, additional criterion of
Av uncertainty less than 5% further reduces the sample
to 59,095 stars (~ 50 % of the total). Of these 59,095 in-
ferences, 99.8% have relative error in v, less than 20%
and 96.1% have relative error in Av less than 5%. Fig
2a shows the comparison for TSSS Model-inferred vy,qz
from one-month chunks and the v,,,, obtained from the
full 4-year/3-month Kepler/K2 data. The plot is color
coded with confidence, which is defined as the maximum
value of the output probability distribution for the cor-
responding parameter for a given star. Fig 2b shows the
same comparison for Av. We see excellent agreement
for both vp,4, and Av inferences for one-month and 4
years or 3-month observations except for a few stars with
Vmaz lower than 50 pHz. This is also reflected in the his-
togram of relative error in Fig 3.

4.1.2. TESS red giants

We applied the TESS Model to observations of 30,720
TESS red giants. Using the selection criterion of un-
certainty less than 20% in v,,.,, we identified 17,374
stars (~ 55 %). An additional criterion of uncertainty
less than 5% in Av further reduced the sample to 3,002
stars (~ 10%). For these 3002 stars, we compare Viqz
inferences from TESS Model with those obtained by Hon
et al. (2021) in Fig 4a. The latter used a different
machine learning technique to infer v,,,, from one-
sector raw-QLP data. We see a similar results as in
the Kepler/K2-as-TESS test set, an excellent match for
VUmaz > D0uHz and high fractional residuals for a few
stars with lower vy,4.. Some differences might arise
as a consequence of using data from different pipelines.
Furthermore, Hon et al. (2021) use raw data from un-
corrected lightcurves while we use detrended lightcurves
which could lead to different values. Overall, v,,q, for
more than 98% of these 3002 stars show relative differ-
ence less than 20% and only 1% of the sample shows
difference larger than 35% when compared with Hon
et al. (2021), see fig 4b. We found peaks related to sys-
tematics to be the main cause for large errors. Among

300 1o
250 4
& 200 Los
2
e
I
C 150
kel
L
< 0.6
£ 100 A o
s 2
3
=
50 - S
O
0.4
0 -
RS
o 0.2
]
o
T 2
=
S
2
S L . -
e fpesnga e 2222z ®o0.0
0 50 100 150 200 250 300
Vmax true (uHz)
(a)
20.0 - 1.0
17.5 A
15.0 A
= 0.8
T
3 12.54
he
1]
2 10.01
ki
s 0.6
3 751 9
b
5.0 4 :g
5
O
2.5 L 0.4
0.0
3 -
E
D 2+ 0.2
(%]
g
® 19
S
=
g0 B YOS e S —
& W - A ) L 0.0

0.0 2.5 5.0 7.5 10.0 12,5 15.0 17.5 20.0
Av true (pHz)

(b)

Figure 2: Panel (a) compares TSSS Model-inferred
Vmaz irom one month chunks and v,,,, obtained from
the full 4 years/3-month Kepler/K2 data. Confidence
refers to the maximum value in the output probability
distribution for each star. The black dashed line in the
top panel indicates the 1:1 line, while the two dashed
blue lines in the bottom panel mark the +0.35 fractional
residuals, with the black dashed line denoting zero resid-
ual. (b) is the same as (a) but for Av.
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Figure 3: Histogram of fractional residuals/relative er-
rors for the stars shown in Fig 2 (a) for vpq, and (b)
for Av

the non-matching stars, we also find a small number of
cases where predictions from our TESS Model are wrong,
where it is misidentifying noise as vy, while Hon et al.
(2021) estimate Vpq, correctly and vice-versa. Fig 5
shows the Av - V4. plot for these TESS red-giants and
it is seen that they follow the empirical relation estab-
lished by Stello et al. (2009) for solar-like oscillators.
Vmae comparison for the full sample of 17,374 stars is
shown in appendix. Table 1 shows the results for v,,q.
and Av inferred from one-sector TESS data. We have
flagged the stars where v, inferences differ by more
than 35% from Hon et al. (2021) as having mismatch
equal to 1. Parameter values for these mismatched stars
could be inaccurate due to peaks arising from system-
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Figure 4: (a) Comparison between our v, inferences
with those obtained by (Hon et al. 2021) for 3002 the
stars with reliable Av inference. The lines are the same
as in Fig 2. (b) Histogram of fractional residual /relative
difference for stars shown in (a).

atics in the PSD and we caution against using these
inferences.

Note the significant difference in the yield of reliable in-
ferences between the Kepler/K2-as-TESS test set and
TESS, particularly for Av, 50 % vs 10 %. This lower
yield for TESS red giants has been observed in previ-
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ous studies as well, such as Stello et al. (2022), where
Av could only be measured for 14 % of stars with one
sector of data. One possible explanation for this dis-
crepancy is the quality of photometric data from TESS,
which is lower than that of Kepler, as TESS observa-
tions have lower photometric precision and are more
susceptible to crowding effects (Sullivan et al. 2015).
Furthermore, spacecraft systematics unique to TESS,
which are absent in Kepler lightcurves and therefore
not reflected in the training dataset could also increase
the mismatch. Additionally, helium-core burning red
clump (RC) stars, which dominate seismic detections
from TESS (Hon et al. 2021; Stello et al. 2022), with
Vmag 10 the 30-40 pHz range. Since extracting Av from
RC stars is particularly challenging, this may also con-
tribute to the lower yield.

4.2. For K2

To validate the performance of our K2 Models, we
compare their inferences with published results in liter-
ature, shown in subsequent sections, as well as on syn-
thetics, in appendix C.

4.2.1. Comparison with K2 GAP DR3

For the K2 Model-1 we compare the predictions with
with K2 GAP DR3 (Zinn et al. 2022). To filter for re-
liable inferences, we set an uncertainty threshold of less
than 20% in v, and less than 10 % in Av. Out of
predictions for 11,264 stars from K2 GAP DR3 sample
(with Av in the range of 4 — 19 pHz), 9,009 stars satisfy
this criterion. Fig 6a & Fig 6b shows the comparison
between v,,4, and Av inferences from the K2 Model-1
with K2 GAP DR3 respectively. Overall, we see an ex-
cellent match for both v,,4, and Av, with 97 % of stars
having fractional difference in v,,4, less than 20 % and
96 % stars having fractional difference in Av less than
10 %. Notably, we see a trend around Av ~ 12uHz and

Vmaz ~ 150uHz, this is due to the systematics related to
the satellite thruster firings (see K2 data handbook for
more details). Spurious peaks in PSD corresponding to
harmonics of 47.19 pHz, caused due to thruster firings
approximately every 6 hrs, have a mean around 150 pHz
in these stars, leading to incorrect inferences.

4.2.2. Kepler-as-K2

To validate AII; inferences from the K2 Model-2 on
observations, we take three-month chunks of Kepler data
for young red giants and compare the inferences from
this dataset with stars in common from Vrard et al.
(2016). However, as previously noted, the observational
duration of 3 months makes it challenging to infer re-
liable AII; for most stars, as only a few dipole mixed
modes are visible even in stars with good signal-to-noise
ratio. We select only the stars with uncertainties less
than 5% in AII; and q greater than 0.05 to ensure high-
quality inferences. This additional constraint on ¢ is ap-
plied because, for values below 0.05, both machine learn-
ing model predictions and MCMC fits for AIl; tend to
be unreliable, as demonstrated by Dhanpal et al. (2023)
for Kepler red giants. Out of a total of 1,091 stars com-
mon with Vrard et al. (2016), this selection criterion
leads to a final sample of 107 red giants. We obtain
an excellent match for AII; for all but 4 of these 107
red-giants, see fig 7. Fig 8 shows the Av — AIl; plot
for these stars, where most of these stars lie along the
well known degenerate sequence. Notably there are 5
stars with AII; above 100 seconds - 4 of which do not
match with Vrard et al. (2016). Fig 15 shows the output
probability distribution for one of these five star where
our prediction of AIl; matched with that of Vrard et al.
(2016). Upon examining the output AII; probability
distribution for these four anomalous stars, we find mul-
tiple peaks in three and very small peaks in another (see
figure 16 in appendix). Interestingly, our model also pre-



Table 1: Inferences for TESS red giants ®

index TIC numax | dnu | errnumax | err.dnu | err_numax_left | err.numax_right | err_dnu_left | err_.dnu_right | mismatch
(uHz) | (pHz) | (pHz) (1Hz) (1Hz) (1Hz) (1Hz) (#Hz)
1 316787599 | 29.0 4.15 2.92 0.14 1.16 1.76 0.06 0.08 0
2 154565606 | 29.0 3.95 2.19 0.15 0.94 1.25 0.06 0.08 0
3 121093011 15.0 5.75 2.41 0.07 1.37 1.04 0.04 0.04 1
4 154068647 | 35.0 4.05 3.68 0.2 1.94 1.73 0.09 0.11 0
5 462617902 | 31.0 3.95 1.71 0.14 0.86 0.86 0.05 0.08 0
17370 | 231733041 | 31.0 - 4.82 - 1.19 3.63 - - 0
17371 | 146559499 | 35.0 - 3.09 - 1.28 1.82 - - 0
17372 | 175316255 | 41.0 - 5.09 - 3.74 1.35 - - 0
17373 | 103743056 | 31.0 - 2.51 - 1.46 1.05 - - 0
17374 | 143211335 | 37.0 - 6.46 - 2.49 3.96 - - 0
2  Note: The full table is provided as supplementary material.
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Figure 6: Comparison of K2 Model-1 inferences from K2 observations with K2 GAP DR3 (Zinn et al. 2022) (a) for
Vmaz and (b) for Av. The lines are the same as in Fig 2.

dicts - albeit with low probability - the value reported
by Vrard et al. (2016) in these four stars. This small
peak falls on the well known Av — All; red-giant degen-
erate sequence. Detailed investigation of this is beyond
the scope of our current work.

4.2.3. Results on K2 red-giants

We apply K2 Model-2 on 2,048 K2 red giants with
Av > 9 pHz from the K2 GAP DR3 catalogue. Keep-
ing the same selection criterion of uncertainty in AIl; of

less than 5% and g greater than 0.05 we have a total of
97 confident inferences. Fig 9 shows the Av — AIl; plot
for these stars plotted over the Kepler red giants from
Vrard et al. (2016). We find all but 6 of the red giants
having a AIl; < 100 pHz and aligning with the degen-
erate sequence. Four of the five outliers show multiple
peaks in the output AII; probability distribution like
Kepler-as-TESS outliers and the other two are close to
the upper edge of the parameter range. Table 3 shows
the parameters values of these 97 red-giants. We have
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Figure 7: Comparison of AIl; inferences for 107 stars
by K2 Model-2 from 3-month Kepler-as-K2 data with
inferences from the 4-year dataset by Vrard et al. (2016).

flagged inferences with AIl; > 100 seconds in the cat-
alogue as anomalous, which require further study.

5. SUMMARY AND CONCLUSIONS

We have developed deep learning based techniques to
infer seismic parameters from short-duration observa-
tions. The model takes in normalized PSD as input
and provides probability distribution for each parame-
ter as output. All the relevant features are learned by
the model on it’s own, eliminating the need for back-
ground fitting or mode identification. Specifically, we
infer v,q. & Av from one-sector TESS data and AII;
from three-month K2 observations. The TESS Model
is trained on PSDs corresponding to one-month chunks
from Kepler and K2 red-giant lightcurves. To train K2
Models, we created synthetic datasets. We also demon-
strated the performance of K2 Model-2 , which is used
for AIl; inferences, on a set of unseen synthetics. Our
main findings are summarized as follow:

e We validated the TESS Model performance on
one-month chunks from Kepler/K2 and found a
good match with the true values obtained from 4
years/3 months of Kepler /K2 observations for reli-
able inferences. We have 96,066 stars (~ 85 %) out
of a total set of 112,640 having v;,,, uncertainty
less than 20%, additional criterion of Av uncer-
tainty less than 5% further reduces the sample to
59,095 stars (~ 50 % of the total). Of these 52,978
inferences, 99.8% have relative error in vy, less
than 20% and 96.1% have relative error in Av less
than 5%.

e We applied the TESS Model to 30,720 TESS red gi-
ants, obtaining reliable v, for 17,374 stars ( 55

Confidence

%) using the same uncertainty threshold. Addi-
tional criterion on Av reduced the sample to 3,002
stars ( 10 % of the total). Of these 3,002, more
than 98.6 % had a relative difference in v,,q, of
less than 20 % when compared with Hon et al.
(2021), while 90 % of the full sample of 17,374
stars fell within the same threshold. Additionally,
all stars in this subset followed the Av—vy 5 rela-
tion for solar-like oscillators.

e We compared vpmax and Av inference from K2
Model with K2 DR3 catalogue for 9,009 stars hav-
ing vyq. and Av uncertainties less than 20 % and
10 % respectively out of a set of 11,264 stars. The
results show a a good overall match, with 97 % of
stars having fractional difference in v, less than
20 % and 96 % stars having fractional difference
in Av less than 10 %.

o We validated the performance of K2 Model-2, the
model used for AIl; inferences, on a set of synthet-
ics of young red-giants with Av range 9 — 19 uHz.
For all selected inferences, we saw an excellent

match for the three parameters vp,.., Av and
Al .

e We also demonstrated the reliability of AIl; in-
ferences by applying the model on three-month
Kepler data of young red giants and comparing
it with the values reported by Vrard et al. (2016)
from 4-year Kepler observations. We obtained re-
liable inferences for 107 out of a total of 1,091 com-
mon stars, of which we have good matches in AIl;
for 103 stars. 4 non-matching stars do not follow
the typical Av—AIl; degenerate-sequence relation
and may be easily identified as outliers. Interest-
ingly, the probability distributions for all the four
stars also show a small peak at around the values
reported by Vrard et al. (2016).

e We report AIl; inferences for 97 K2 red-giants
which are found to be reliable out of a set of 2,048
stars. All of these except 6 have AIl; below 100
s and follow the well-known Av — AII; relation.
These 6 stars are flagged as anomalous in the final
catalogue.

6. FUTURE GOALS

We plan to extend this analysis to the full sample
of more than 300,000 TESS red-giants which have now
been observed in multiple sectors. The addition of 1-2
sector of observations for each star would further im-
prove the frequency resolution and the SNR of the sig-
nal, which should lead to a higher yield for reliable v,,q4
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Figure 9: Av — AIl; plot for K2 red-giants (in blue) plotted over Kepler red giants (in orange) from Vrard et al.

(2016).

as well as Av measurements. Furthermore, we plan to
try and infer AIl; for all the TESS red giants having
more than six months of data. For this analysis, we
plan on using detrended TESS lightcurves from which
systematical errors have been removed and which will
be made available in the near future (private communi-
cation, Rafael Garcia).
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APPENDIX

A. COMPARISON FOR ALL RELIABLE INFERENCES FROM TESS SET

Fig 10a shows the v,,4, inferences comparison with (Hon et al. 2021) for 17,374 stars out of 30,720 stars having
uncertainty in vp,q. less than 20 %. Note that unlike other plot in this work, this is a simple scatter plot where darker
regions corresponds to more number of samples. Fig 10b shows the histogram of relative difference for these stars,
87.4% of stars have relative difference in v,,,; less than 20 % and only 10% of stars have relative difference greater
than 35%. Difference for these small number of stars could be largely attributed to the different set of lightcurves used
in these two analysis, which are produced using different pipelines. Some of these differences are also explained by the
spurious peaks present in power spectral density profile of some of these stars, leading to incorrect estimates.
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Figure 10: (a) Comparison between our v, inferences with those obtained by (Hon et al. 2021). The bottom
panel’s range is constrained to a maximum value of 10 for improved visibility. The lines are the same as in Fig 2. (b)
Histogram of fractional residual/relative difference for stars shown in (a).

B. CREATING SYNTHETICS
The detailed formulation for generating synthetics may be found in Benomar (2023) and Dhanpal et al. (2022).
Here, we briefly summarise the overall methodology applied to generate the synthetics.
B.1. Mode frequencies

The asymptotic theory of oscillations of p modes in red giants may be expressed as (Mosser et al. 2012),

Vnp,l l g
A, S tgt ep(Av) — doi(Av) + 5 [np —

V”TUII i| 2
)

Ay (B1)
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where Av is large separation, V. is the frequency at maximum power, n, is the p-mode radial order, ¢ is the
angular degree, €, is the phase offset, do, is the small frequency separation and «y, the degree-dependent gradient
ay = (d logAv/dn),.

Mixed-mode frequencies for red giants are given by an implicit equation (Mosser et al. 2015),

— 1 1
tan ﬂVAVVp = ¢ tan— < - ) , (B2)

where v, is the asymptotic frequency of pure g modes. For dipole modes vy = 1/(—ng4 + €4) All;, where ngy is the
radial order and ¢, is the offset parameter for g modes.

We solve equation Bl to determine frequencies of /=0, 2 and 3 modes, which are treated as pure pressure modes in
our synthetics. To determine the frequencies of dipole mixed modes, we take solutions of the implicit equation B2 in
a range of 1.2 times Av for each pure /=1 p mode.

B.2. Rotational splittings

Rotation breaks the spherical symmetry of the star and lifts the degeneracy in m, splitting each mode of degree ¢
into 2¢ + 1 azimuthal components. The frequency of each of these components is given by vy, ¢ = vy ¢ + 6y, ¢, Where
dvp, e is the rotational splitting. For p-modes in solar-like stars, the dependence of rotational splitting on (n, ¢) is weak
within the observed frequency range (Lund et al. 2014). Rotational splittings for p-modes may be approximated as,

Ungm = Vnyg — MM 61/71,@ ’ (B3)

where v, y = Q/27 is a function only of average internal rotation rate 2. Furthermore, owing to the large envelopes
in red giants and the high sensitivity of p-modes rotational kernels to the outer layers of the star, it is common to
approximate average rotation as {2 ~ Q.,,, and hence v, ; >~ Qcpo /27 (Goupil et al. 2013).

Mixed modes on the other hand are influenced by both the core and the envelope. For ¢ = 1 mixed modes in red
giants and early subgiants, a two-zone model of rotation can be used to estimate the rotational splittings as shown by
Goupil et al. (2013). Moreover, they also demonstrate that the contribution from core and envelope to the rotational
splitting depends upon the ratio {(v) of kinetic energy of the modes in g-cavity and the total kinetic energy of modes
as,

1 QCOT‘@ QE’VLU
5 EEC(V) + (- (). (B1)

Additionally, Deheuvels et al. (2015) showed that (v) is well approximated by,

Wrot =

—1
2. 1 (1 _ 1
1 VZAIL cos TrAHl (l/ ug)

vV—VUp

B5
q Av cos? T (B5)

C(v)= |1+

B.3. Heights and Widths of modes

Each oscillation mode is modeled as a Lorentzian centered around v(n, ¢, m) with height H(n, ¢, m) and linewidth
['(n,¢,m). To obtain realistic mode heights and widths for ¢ = 0,2 and 3 p modes, we use mode amplitudes and
linewidths from templates of red giants and sub-giants observed by Kepler, rescaling them depending on v, and Av,
following a technique similar to Kamiaka et al. (2018). See Dhanpal et al. (2022) for an example of this technique.
Mixed-mode amplitudes and linewidths of dipole modes are obtained by scaling radial modes using ratios of the kinetic
energies of modes in g-mode cavity to the total kinetic energies of modes, {(v),

Af(v) = AJ(1 = C)); Ta(v) =To(l —((v)). (B6)
The heights H(n, ¢, m) of modes are determined as
H(n,ﬁ,m) = T@,m(L)V(E)ATH (B7)

where V(¢) is the mode visibility, A4,, is the amplitude of the mode with radial order n and 7y, (¢) is the relative
amplitude of the mode which depends on the inclination angle ¢, determined according to
(£ = |m])!

rEm(0) = (e e (cost)), (B8)
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Figure 11: Example of K2-like resolution in a synthetic PSD with v, = 197.81p Hz, Av = 15.62u Hz, AIl; = 58.56
seconds and ¢ = 0.42.

where Pélm| is the associated Legendre polynomial.

B.4. Noise Model

The noise model comprises two components, a Harvey-like profile generated by surface granulation and white noise
which is frequency independent. At low frequencies, the granulation component dominates and at high frequencies,
white noise is the primary contributor. We do not consider additional facular signatures in our synthetics.

The noise model is given by
H
B(v) = ——2%— + Ny, B9
( ) 1+ ( TV)p 0 ( )

where the first term is the Harvey-like component which depends on the characteristic granulation amplitude H, the
granulation timescale 7, and power-law exponent p. The second term, Ny, represents white noise.
Furthermore, granulation amplitude and timescale have been observed to vary with v, (Kallinger & Matthews 2010;
Mathur et al. 2011; Chaplin et al. 2011). Hence, the granulation amplitude and timescale are modeled as,

Hg :Ag“fbﬂx + Cg’ T:ATV’E‘ZL.’L’ + C‘H (Bl())

where (Ag, By, C,) and (A;, B, C;) are free parameters which control the granulation amplitude and timescale re-
spectively.

B.5. Power Spectrum Model

The power spectrum model comprises two parts, the oscillation signal S and noise profile B. The oscillation signal
is a sum of Lorentzians centered around the respective mode frequencies, given by,

3 4 Hném
Swy=> > Y ——0. (B11)

2
n =0m——:t 144 (V;VM)

nem

Mode frequencies vy, height H,p,, and width T'yp,, of Lorentzian peaks are determined as explained previously.
For a given set of parameters, the the power spectrum model is calculated by adding signal and noise profile part as,

M(v)=5S) + B(v). (B12)

We then multiply a random realisation of chi-squared noise with two degrees of freedom to the resulting model to
obtain the synthetic PSD profile.



15

Table 2: Ranges of seismic parameters used to create the synthetics dataset

Parameter Dataset 1 Dataset 2  Distribution
Av (uHz) 4-19 9-19 Uniform
All (s) 40-150 40-150 Uniform
q 0-0.5 0-0.45 Uniform
€p 0-1 —-1-0 Uniform
€g 0-1 —-1-0 Uniform
oy 0.0-0.008 0.0-0.008 Uniform
Core rotation (uHz) 0.005-2.8 0.005-2.8 Uniform
Envelope rotation (pHz) 0.005-0.4 0.005-0.4 Uniform
Inclination ¢ (deg) 0-90 0-90 Isotropic
Ay 0.8-1.2 0.8-1.2 Uniform
B, —2.2to —-1.8 —2.2to—1.8 Uniform
Cy 0-1.0 0-1.0 Uniform
A 0.8-1.2 0.8-1.2 Uniform
B —1.2to —-0.9 —-1.2to —0.9 Uniform
Cr 0-1.0 0-1.0 Uniform
P 1.8-2.4 1.8-24 Uniform
No 1-2000 1-2000 Uniform
Noise Realisations 1-3 1-3 Uniform

Frequency range

for ML training (pHz) 3.02-277.77  3.02-277.77 2088 bins
Observation time (days) 88.0 88.0 Fixed value
SNR 10-23 10-23 Uniform

C. RESULTS ON SYNTHETICS

We created a set of synthetics to test K2 Model-2 performance on completely unbiased samples. We use the same
selection criterion of AIl; uncertainty less than 5% and q greater than 0.05 to maintain consistency and enable
comparisons between model inferences and the ground-truth values used to create the synthetics. This selection
criterion allows in 18,835 stars out of the full test set of 79,104 stars. Fig 12a, 12b and 14a shows the comparison for
predictions vs true values for v,,.., Av and All; for these stars respectively. We see a near perfect match, with v,,q,
error less than 10 %, Av error less than 2.5 % and AIl; error less than 5% for all of the stars; see Figs. 13b, 13b and
14b.

Machine-learning models are able to distinguish the noisy part of the PSD from signal after training. We tested this
by applying the models trained on PSDs without background correction to the data with an estimate of convection
noise divided out. The prediction accuracies for all the parameters was found to be almost the same as on data with
the convection noise. This is expected for synthetics as we chose the Harvey-profile parameters independently of vy, 42,
implying that there is no relation between granulation timescales, amplitudes and relative positions of oscillation
signal, as is seen in observations and described in section 3.4.1.
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Table 3. Inferences for K2 red giants.’

Index EPIC numax | dnu dpi err_dpi | err_dpileft | err_dpi_right | err_numax | err.dnu | anomalous
(uHz) | (utz) | ) | () (s) (s) (uHz) | (uHz)
1 201211472 | 237.0 | 18.25 | 91.25 3.72 2.15 1.57 7.5 0.17 0
2 201260990 | 227.0 | 16.75 | 88.75 1.79 0.9 0.9 17.57 0.15 0
3 201420000 | 187.0 | 15.15 | 86.25 2.03 1.02 1.02 16.65 0.14 0
4 201433730 | 131.0 | 11.05 | 81.25 3.29 1.99 1.3 11.42 0.13 0
5 201579693 | 147.0 | 12.15 | 146.25 6.05 3.14 2.91 12.91 0.15 1
6 201583796 | 179.0 | 13.65 | 86.25 3.41 2.0 1.41 7.37 0.15 0
7 201584014 | 195.0 | 15.25 | 86.25 1.95 0.97 0.97 9.52 0.14 0
8 201668891 | 185.0 | 14.65 | 83.75 3.35 1.45 1.91 6.35 0.18 0
9 201696302 | 193.0 | 14.65 | 141.25 | 4.28 2.14 2.14 14.38 0.17 1
10 201705355 | 183.0 | 15.15 | 86.25 2.17 1.11 1.06 9.67 0.28 0
11 201722103 | 207.0 | 15.85 | 86.25 2.85 1.16 1.69 15.89 0.14 0
12 201722849 | 219.0 | 15.95 | 86.25 3.28 1.99 1.3 18.74 0.16 0
13 201741965 | 239.0 | 17.65 | 91.25 3.58 1.57 2.01 18.15 0.14 0
14 201764418 | 189.0 | 15.75 | 86.25 3.46 1.49 1.97 17.3 0.18 0
15 201779253 | 169.0 | 13.75 | 71.25 2.25 1.12 1.12 5.65 0.14 0
16 201868205 | 233.0 | 17.75 | 91.25 4.31 2.49 1.82 10.2 0.2 0
17 201920393 | 227.0 | 16.75 | 88.75 3.16 1.91 1.25 9.73 0.14 0
18 205994284 | 163.0 | 13.65 | 83.75 2.13 1.06 1.06 12.81 0.14 0
19 206049476 | 219.0 | 16.75 | 88.75 1.79 0.9 0.9 15.01 0.16 0
20 206131981 | 141.0 | 12.25 | 146.25 | 4.92 2.69 2.23 6.78 0.27 1
21 206136293 | 203.0 | 16.05 | 88.75 2.44 1.37 1.07 16.32 0.15 0
22 206166135 | 181.0 | 15.25 | 86.25 1.75 0.87 0.87 15.89 0.15 0
23 206211295 | 231.0 | 17.65 | 91.25 2.0 1.0 1.0 15.19 0.14 0
24 206476223 | 167.0 | 14.05 | 86.25 2.27 1.22 1.05 7.88 0.15 0
25 206515124 | 185.0 | 15.65 | 88.75 3.09 1.85 1.24 16.2 0.11 0
26 210563947 | 151.0 | 12.35 | 81.25 3.59 1.49 2.11 12.58 0.19 0
27 210653298 | 179.0 | 14.45 | 86.25 3.84 2.17 1.67 14.8 0.2 0
28 210733885 | 169.0 | 14.05 | 86.25 3.44 1.72 1.72 6.46 0.27 0
29 210749402 | 143.0 | 12.45 | 81.25 2.05 1.03 1.03 9.62 0.14 0
30 210791216 | 191.0 | 15.25 | 86.25 2.45 1.06 1.39 11.29 0.15 0
31 210845917 | 241.0 | 17.15 | 88.75 3.45 1.91 1.54 16.97 0.14 0
32 211143318 | 191.0 | 14.85 | 103.75 2.92 1.27 1.65 14.08 0.13 1
33 211307434 | 149.0 | 12.35 | 81.25 3.84 1.61 2.23 5.85 0.17 0
34 211417815 | 217.0 | 16.45 | 88.75 1.92 0.96 0.96 18.32 0.15 0
35 211528211 | 185.0 | 14.55 | 83.75 2.23 1.03 1.2 9.52 0.17 0
36 211540713 | 183.0 | 14.05 | 83.75 3.4 1.51 1.89 14.44 0.15 0
37 211609177 | 199.0 | 15.55 | 86.25 1.9 0.95 0.95 3.77 0.13 0
38 211678470 | 163.0 | 13.15 | 83.75 2.99 1.17 1.82 14.15 0.15 0
39 211704166 | 183.0 | 14.35 | 86.25 1.97 0.99 0.99 11.05 0.14 0
40 211732416 | 241.0 | 17.55 | 88.75 3.35 1.94 1.41 9.1 0.17 0
41 211741853 | 223.0 | 17.55 | 91.25 1.83 0.92 0.92 15.37 0.15 0
42 211781371 | 169.0 | 13.25 | 98.75 4.02 1.84 2.18 7.25 0.14 0
43 211803126 | 165.0 | 13.15 | 81.25 2.6 1.5 1.1 15.12 0.1 0
44 211889864 | 157.0 | 13.45 | 131.25 6.26 3.34 2.93 3.51 0.18 1
45 211897908 | 197.0 | 15.35 | 108.75 | 4.51 2.49 2.02 10.57 0.15 1
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index EPIC numax | dnu dpi err_dpi | err_dpi_left | err_dpi-_right | errrnumax | err_dnu | anomalous
46 211906415 | 161.0 | 12.85 | 88.75 2.78 1.12 1.66 4.34 0.15 0
47 211906830 | 201.0 | 14.85 | 83.75 3.3 1.35 1.95 18.71 0.15 0
48 211929298 | 175.0 | 14.45 | 83.75 2.94 1.15 1.79 12.37 0.21 0
49 211929421 | 165.0 | 13.55 | 86.25 4.0 2.34 1.66 14.79 0.14 0
50 211954121 | 171.0 | 14.25 | 83.75 3.02 1.16 1.86 13.1 0.17 0
51 211974782 | 213.0 | 16.35 | 88.75 3.62 2.15 1.48 10.72 0.13 0
52 211977001 | 201.0 | 14.85 | 83.75 3.64 1.52 2.12 14.7 0.16 0
53 211982071 | 201.0 | 15.65 | 86.25 2.01 1.01 1.01 15.36 0.12 0
54 212010612 | 187.0 | 14.85 | 86.25 1.88 0.94 0.94 8.45 0.14 0
55 212139873 | 131.0 | 11.35 | 78.75 1.99 0.99 0.99 3.38 0.1 0
56 212177247 | 203.0 | 16.15 | 88.75 3.06 1.21 1.85 15.63 0.19 0
57 212207491 | 197.0 | 16.35 | 88.75 2.14 1.06 1.09 7.18 0.19 0
58 212207638 | 223.0 | 16.75 | 88.75 3.25 1.96 1.29 8.27 0.14 0
59 212227531 | 221.0 | 16.95 | 88.75 3.84 1.99 1.85 15.99 0.17 0
60 212297049 | 215.0 | 17.05 | 91.25 3.32 1.98 1.34 7.06 0.14 0
61 212366315 | 181.0 | 14.45 | 83.75 2.64 1.55 1.09 14.38 0.14 0
62 212371042 | 123.0 | 11.55 | 81.25 3.31 1.98 1.33 11.17 0.14 0
63 212610492 | 195.0 | 15.35 | 86.25 2.85 1.18 1.68 5.31 0.34 0
64 212642718 | 189.0 | 14.85 | 83.75 2.93 1.22 1.7 5.28 0.19 0
65 212653037 | 153.0 | 12.65 | 81.25 3.81 2.44 1.37 5.07 0.14 0
66 214776552 | 163.0 | 12.85 | 81.25 3.5 1.29 2.21 14.79 0.17 0
67 220224794 | 171.0 | 13.35 | 81.25 1.99 1.0 1.0 18.39 0.12 0
68 220287156 | 175.0 | 13.65 | 81.25 3.51 1.84 1.66 4.65 0.17 0
69 220327551 | 203.0 | 15.35 | 83.75 2.22 1.08 1.14 12.83 0.16 0
70 220362185 | 221.0 | 17.55 | 88.75 3.44 1.67 1.76 14.8 0.11 0
71 220379656 | 177.0 | 14.25 | 83.75 2.73 1.11 1.62 16.55 0.15 0
72 220391836 | 151.0 | 12.85 | 81.25 3.7 1.28 2.41 14.02 0.16 0
73 220547602 | 127.0 | 11.05 | 81.25 3.58 2.21 1.37 12.74 0.8 0
74 228839832 | 213.0 | 16.85 | 88.75 4.17 2.45 1.72 5.12 0.15 0
75 234469630 | 149.0 | 12.55 | 81.25 2.02 1.01 1.01 16.46 0.13 0
76 246112343 | 159.0 | 13.85 | 83.75 3.66 1.59 2.07 13.45 0.18 0
7 246139560 | 185.0 | 14.35 | 86.25 2.17 1.09 1.09 8.46 0.14 0
78 246233563 | 215.0 | 17.25 | 91.25 1.95 0.97 0.97 15.2 0.11 0
79 246238698 | 205.0 | 15.65 | 88.75 3.43 1.86 1.57 15.86 0.13 0
80 246347334 | 153.0 | 13.15 | 83.75 2.72 1.61 1.12 3.1 0.15 0
81 246416522 | 229.0 | 16.35 | 86.25 3.61 1.82 1.78 13.85 0.16 0
82 246500947 | 167.0 | 13.55 | 71.25 3.55 1.26 2.29 5.44 0.14 0
83 247136733 | 183.0 | 14.65 | 86.25 3.66 2.13 1.53 9.13 0.15 0
84 247141427 | 217.0 | 15.85 | 83.75 3.29 1.34 1.95 17.0 0.15 0
85 247361881 | 159.0 | 13.45 | 83.75 2.37 1.25 1.12 15.29 0.14 0
86 247376509 | 153.0 | 12.65 | 81.25 3.12 1.23 1.9 13.85 0.16 0
87 248599469 | 181.0 | 14.85 | 83.75 2.66 1.11 1.55 15.91 0.16 0
88 248628691 | 199.0 | 15.35 | 86.25 2.06 1.03 1.03 8.97 0.12 0
89 248641221 | 167.0 | 13.95 | 83.75 3.6 1.51 2.09 14.1 0.19 0
90 248657894 | 155.0 | 13.45 | 83.75 3.41 1.54 1.86 3.49 0.19 0
91 248785923 | 129.0 | 11.05 | 78.75 1.84 0.92 0.92 12.3 0.13 0
92 248867024 | 183.0 | 14.65 | 86.25 3.42 1.94 1.48 16.05 0.13 0
93 249379090 | 177.0 | 14.65 | 86.25 3.65 2.18 1.47 5.24 0.12 0




index EPIC numax | dnu dpi err_dpi | err_dpi_left | err_dpi-_right | errrnumax | err_dnu | anomalous
94 249438765 | 207.0 | 16.65 | 86.25 3.96 1.74 2.22 12.93 0.18 0
95 249583241 | 187.0 | 14.65 | 76.25 1.95 0.97 0.97 14.48 0.13 0
96 249586592 | 187.0 | 14.55 | 83.75 4.02 1.85 2.17 14.92 0.25 0
97 249599650 | 207.0 | 15.65 | 88.75 2.58 1.5 1.08 22.04 0.11 0
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