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% Stellar jitter characterization and removal : key to measure ; 3  ormpatiors % To apply this technique for
“Extreme Precision Radial Velocities” (EPRVs) accurately. . S ool ow  lowy | iwenth iver extraction of _Kepler_lan orbltall
< Traditional methods like FF’ and GPs : empirical in nature. — Lot parameters like period, amplitude,
* Machine learning : can potentially utilize all spectral data. Radial Velocity method : Detection threshold evolution' S TrEE o S e e eccentricity etc.
¢ To extrapolate this technique for
application on stellar spectra.
DATA NEID DATA PROCESSING AND MACHINE LEARNING ARCHITECTURE
NEID spectrograph solar feed data: _ _ _ _
< High precision RV measurements : o) . 100 CCF vectors: The Keplerian signals are sampled for one-planet-Sun systems, with period P, and semi-amplitude K:
precision well below 1ms™ Clear sy speele random selection “ Input log(P) and K values : mapped to 10 and 5 uniform bins respectively.
| | l ‘ % P sampling : log-uniform distribution with 12-365 day range
< 380-930 nm high r‘esolutlon(‘~117000) < K sampling : uniform distribution with 0.05-3 ms™ range
spectral data(Dec ‘20 - Jun ‘22). _ . _ . _
Normalization Stacking C.CFs: % Output : probability arrays of length 10 and 5 for P and K respectively.
% A Cross Correlation Function(CCF) “100x1120" image < Standard ML models : not designed to handle aperiodically sampled data.
generation pipeline converts spectral data l l % Vision Transformers : allow the variable observation times of our data to be encoded.
to a CCF : weighted sum of spectral lines.
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Feed Forward [ Dense 2 ]
 An Image generation pipeline converts CCF vector generation [ Keplerian signal injection } ‘ Embedding ‘ 1
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vectors into an image: time dependent O \
Keplerian Doppler shift inserted in every — - 1 ‘ Softmax Layer(Output,Dense) |
CCF vector. Positional Self-attention
_ Encoding ;
% These images: Used for all further {CCF generation pipeline} [Image generation plpelme} - MLP;‘ N:Ll?n t?rlirf i::;esptron
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[ Raw NEID data processed to generate images with Keplerian signal }
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SUMMARY OF RESULTS RESULTS AND CONCLUSIONS CONCLUSIONS
o9 Predicted.period.P and semi-amplitude K o Period accuracy Variation with K Semi-amplitude Accuracy & VIiT: Successfully disentangles RV signal
as Keplerian orbital parameters - —$——3% 3 95 - b from solar jitter, and accurately predicts
- o / period P and semi-amplitude K
o Vi.sion Trlan.s.f.orr.ner ; implemented to deal . am / % Crude comparison: ML model
with aperiodicity in observations z < e / significantly outperforms periodogram
3 60 & | g ; P predictions in low K regime
% P accuracy : 83%, K accuracy : 73% for 3 50 ;; 2 \‘\\ / < Using multiple CCFs enhances P
their respective 10 and 5 class 40 - 70 e, / prediction accuracy by ~5%
classifications. 30 - 65 \\,\ /
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< Performance Trend: P prediction A e . FUTURE SCOPE
accuracy of Keplerian signal increases with 020 049 079 108 138 167 197 226 256 285 - P e S £
inCI’eaSir}]l Semiig-am ||tudge K semi-amplitude(m/s) Semi-amplitude(m/s) < Expansion of current dataset from 19
9 P months to add more recent data.
Prediction accuracies for different models . : . .
% High confidence P predictions have a high 0 Addlng Sz f[hat !nc_lug_les correl_atlon,
accuracy(~94%) for K ¢ 64-94 cms-! I|k.e the quaS|-p_er|od|c jitter associated
Pbin analysis in 0.64-0.935m/s High Confidence Data Percentage = 73 with solar rotation.
< Comparison: Crude comparison hints at 0201 T B v Lndepe?d?ntly retpqlesent![_ngtspecg;c]ralé|gle:s
model outperformance over 4000 - no;/vn ¢ EEE SIS G s
| vector.
Periodogram(K < 1ms™ 000 . .
J ( ) % Train a model to distinguish genuine
211691 8 3000 planetary shift from RV activity
Testing the model ° = masquerading as planetary signal.
T . . . . E 66.2 7 G o I I -
% K predictions for images with no Keplerian signal(K=0). 5 £ 2000 POtentla_l mode _teStmg on G-type stars.
< The overwhelming majority of images were mapped to g— 5 % Apply this technique on other stars.
the lowest possible K classification value.
% Conclusion: Machine is indeed disentangling 21.21 | S
Keplerian signal from solar RV noise!!!
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Input: 50000 images Trained model with 10 Actual value(days) Actual-Inferred(log(days)) . . -
\ with K = 0 H bins for K l , _ — with Periodogram hints at
High confidence P predictions for selected K range :
Output : abel 0 possible outperformance
for 49859 images 4 N . .
Em— ey | Model correctly predicts orbital periods with high confidence(>90%) at low semi-amplitude
bins for K b‘ L e for a significant fraction(73%) of selected data with K ¢ 64-94 cms™!!! values!!!
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