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Contact binaries

* Binary stars with ,small” separation of components

* Shape dictated by surface equipotential {2 and mass ratio q
* Common evolution

* Circularized orbits with synchronized rotation

* Various fillings of Roche lobes, possible overflows (RLOs)

* If in contact (same {2) — similar (~5%) surface temperature T
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The ,,problem® of photometric mass ratio

* Defined as gpn = Mo/ M,

* Correlates with orbital inclination i((2), fill-out f(£2)

* Close eclipsing binaries often part of multiple systems —light
contamination (I; anticorrelates with 7)
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Previously done

* Physical model of stars with ROCHE code (Pribulla, 2012)
* Parameter space:

*q€<0.051.00>; Ag=0.025
* f€<0.0,1.0>; Af=0.25
*3 €< 30,90 > deg; At =1 deg
*l3€<00,1.0>; Al;=0.2
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Previously done

* Physical model of stars with ROCHE code (Pribulla, 2012)
* Parameter space:

*q€ < 0.051.00 >; Ag=0.025
*fe<00,1.0>; Af=0.25 71 370
*3 €< 30,90 > deg; At =1 deg
*l3€<0.0,1.0>; Al;=0.2
* Represent the LC with trigonometric polynomial:

Ip)=a,+ Y. cos(a,)+ sin(b,) (1)

* Consider only symmetrical LCs around ¢ = 0.5 (=b; = 0)
* Sufficient up to n = 10 (Hambalek & Pribulla, 2013)




Grid search with real TESS data

* Smoothed LC: Lest-square fit to (1) — ax
* Finding best (%,¥) LCs minimizing D
* Comparison with literature values
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.an %CBoost 1F TensorFlow

Can we try better?

* Simple model using scikit-learn, XGBoost, and tensorflow

* XGBoost for high-performance, sequence of decision trees

* Model predicts by evaluating a tree of if-then-else true/false
qguestions (trees)

* Each tree corrects errors of previous one - possible non-linear
relationships between input and target variables

—

F(X1, X2)=
Tree Tree Tree

Y -~ /(}}

Predlct

New Data Use Model

ReS|duaIs Residuals
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Training

* Training data: 70% random of full set of 71 370 LCs as a;

* Test data: the rest 30%

* By trial/error = max_depth = 7

* 1€ <30,90> deg — sin(z) € <0.5, 1> since ¢q, f, b € <0.0, 1.0>

al al a2 a3 ad as ab ar as a9 alo q f i 13

0 09358581 0.003461 -0.010768 -0.001055 0.000191 -0.000014 0.000013 0.000010 0000003 0.000002 0000003 005 00 300 00
1 0887924 0.003387 -0.0113%4 0001163 0.000223 -0.000019 0.000026 0.000007 -0.000001 0Q.000006 OQ.000004 003 00 3.0 00
0987232 0003301 -0.012032 -0.001268% 0000282 O0.000002 0000038 0.000000 0.000001 -0.000008 O0.000007 005 0.0 320 0.0
0986539 0.003180 -0.012673 -0.001383 0000315 O0.000017 0000057 0.000006 0.000002 0000002 OQ.000000 005 0.0 33.0 0.0

= W R

0985849 0.003076 -0.013328 -0.001490 0000373 0.000032 0.000057 0.000013 0.000001 0.000012 -0.000007 005 0.0 34.0 0.0

71369 0856721 -0.003366 -0.1535882 -0.001023 -0.019322 -0.000706 -0.010762 -0.000431 -0.006175 -0.000233 -0.003522 100 1.0 900 1.0

71370 rows = 13 columns
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Training

* Training data: 70% random of full set of 71 370 LCs as a;

* Test data: the rest 30%

* By trial/error = max_depth = 7

* 1€ <30,90> deg — sin(z) € <0.5, 1> since ¢q, f, b € <0.0, 1.0>

(a0 a1 a2 a3 ad) a5 a6 a7 a8 a9 alo g f i I3

0 § 0.988581 0.003461 -0.010768 -0.001055 0.000191) -0.000014 0.000013 0.000010 0000003 0000002 O0.000003 005 0.0 300 00
1) 0.887924 0.003387 -0.0113%4 -0.001163 0.000223) -0.000019 0.000026 0.000007 -0.000001 0Q.000006 O.000004 003 00 3.0 00
0987232 0003301 -0.012032 -0.001268% 0.000282) 0.000002 0000039 0.000000 0.000001 -0.000008 0.000007 005 0.0 320 0.0
0986539 0.003180 -0.012673 -0.001383 0.000315) 0.000017 0000057 0.000006 0.000002 0000002 OQ.000000 005 0.0 33.0 00

= W R

0985849 0.003076 -0.013328 -0.001490 0.000373) 0.000032 0.000057 0.000013 0.000001 0.000012 -0.000007 005 0.0 34.0 0.0

71369 &ﬁﬁﬁ??'l -0.003366 -0.155882 -0.001023 —!]'.1]19323 0.000706 -0.010762 -0.000431 -0.006173 -0.000235 -0.003522 1.00 1.0 900 1.0

71370 rows = 13 columns
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Model performance — XGBoost
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Next try - stacked models ¢ CatBoost

* Using MultiOutputRegressor

* Combine previous Random forest with XGBoost add CatBoost
* Ridge regression used best for multicollinear data or if number of
predictor variables > number of observations.

Er MultiOutputRegressor
> estimator: StackingRegressor
| xgb rf ctb

E rXGBRegressori » RandomForestRegressor -CatBuostRegressur‘é
I . I ¥ | . | ]
final_estimator

. All Data
R

B \ode! Model 2 Model 3

+* *
0-/ /l. [ e *
am -m -m L Ll
L}
*
* ..+
L}

Meta Model -— A TARTA




10/20

1.0

0.8 1

o
=)

Predicted g
o
>

Predicted i

Model performance — Stacked Regressor

ﬁ‘*ﬂ

1.,515’5{ RMS | Training set | Test set
ﬁi'!” q 0.0068 | 0.0082
P - f 0.0210 | 0.0273
Tl sin(d) | 0.0061 | 0.0081
b 0.0344 | 0.0431

. i ,5 ) ' g

e A °'°o.o/ > VE— o o " 5 o Lo

Actual I3




11/20

Comparison with real TESS data

* Selected 14 stars with full range of g5, € < 0.066,0.984 >

star qr, fL i Is1.  type
deg]
AG Vir 0.341* 0.17° 84"  0.05* EW A
AW UMa 0.108¢ 0.30¢ 78%  0.00¢ EW
DU Boo  0.206" 0.56° 81"  0.00° EW A
EL Boo 0.248% 0.00¢ 74°  1.00f EW
EQ Tau  0.4429 0.09° 82°  0.009 EW A
FI Boo 0.372" 0.50° 38"  0.30" EWW
FT UMa 09847 N/A 60(3)7 1.017 EB
SW Lac 0.776% 7 ? <0.05% EW W
SX Crv 0.0669 7  65(5)¢ 0.00¢9 EW A
V1191 Cyg 0.107" 0.30™ 83(2)™ 0.00' EW W
V523 Cas  0.516™ 0.00° 84(1)° 0.00" EW W
V753 Mon 0.9707 N/A 759  0.007 EB
VW LMi  0.423°¢ 047" 79° 042¢ EW W
W UMa 0.484% 0.10" 86" 0.00° EW

Source: “Pribulla et al. (2006), "Pribulla et al. (2011), “Pribulla & Rucinski (2008),
“Pribulla & Rucinski (2006), “Deb & Singh (2011), /Pribulla et al. (2009),
9Rucinski et al. (2001), "Lu et al. (2001), 'Christopoulou & Papageorgiou (2013),
IYuan (2011), *Rucinski et al. (2005), ‘Rucinski et al. (2008),

"Ekmekgi et al. (2012), "Rucinski et al. (2003), “Mohammadi et al. (2016),
PRucinski et al. (2000), 9Qian et al. (2013), "Sanchez-Bajo et al. (2007),

*Pribulla et al. (2008), ‘Pribulla et al. (2007), “Linnell (1991).

3
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Comparison with real TESS data

* Selected 14 stars with full range of ¢s, € < 0.066,0.984 >

* LCs obtained by 1ightkurve (SPOC flux) — phase LC by period

* Running box outlier removal, smoothed by Savitzky-Golay filter
(from scipy.signal) VW LMi 600 T

Box: 20
150 000 Median: 1.5
LT SG window: 71

140 000

130 000

TESS flux

120 000

110 000/

0.00 0.25 0.50 0.75 1.00
Phase




Comparison with real TESS data

* Selected 14 stars with full range of ¢s, € < 0.066,0.984 >

* LCs obtained by 1ightkurve (SPOC flux) — phase LC by period

* Running box outlier removal, smoothed by Savitzky-Golay filter
(from scipy.signal) VW LMi 600 T
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normalized flux

Comparison with real TESS data

VWLMi_600 T

ay (~fill-out)

0.00

—-0.01

—0.02}
—0.03
—0.04 |
—0.05

—0.06 5L .

* Smoothed LC: Lest-square fit to (1) — a«
* Finding best (%,¥) LCs minimizing D

VWLMI_120, [; = 0.4

+ all pre-computed
*¥ bestcurve
f=0.00 o data fit

az (~amplitude)
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Subsets of real data

* U = Previous predictions from matching with pre-computed
library (code UNIQUE)
* M = New predictions from XGBoost (Machine learning)
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Subsets of real data

* U = Previous predictions from matching with pre-computed

library (code UNIQUE)

* M = New predictions from XGBoost (Machine learning)

* A = Initial set from TESS

* B = A + artificially symmetric LCs by mirroring at ¢ = 0.5
* C = A + subset of B with only LCs with higher peak mirrored (,no

spot”)

DN

[\ _L.

4V

+
B
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Results - correspondence

* predicted values (y-axis) vs actual values (z-axis)
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Results - correspondence
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Results - correspondence

* ST = stacked models
* MST — stacked models, C dataset
* MSTA — stacked models, A dataset

1.0
MST+I*

0.8 1

0.6 1

Qbest

0.4 1

0.2 1 s

0.0 T

1.0

MSTA+i3

0.8 A

0.6

Qbest

0.4

0.2 1 ’

0.0 T

0.4 0.6
Qtrue

0.8

1.0

Ipest

Ipest

90
MST+/3
80
70

60 1

501

80 1

70 1

60 1

501

Fhest

Thest

1.00 -
MST+/5 s
Fa
’
0.75 1 %
’
® s
e 7
’
0.50 1 )t
’
’
’
| L
[ ]
0.25 1 s
’
L
] T
’
v
0.00 T T = T
0.00 0.25 0.50 0.75 1.00
1.00 —
MSTA+3 s
R
rd
F
0.75 1 ,f
’
’
’
rd
’
0.50 1 S
’
’
’
’
v
£
0.25 | L
’
’
4
¢
’
4
0.00 + T T T
0.00 0.25 0.50 0.75 1.00
fm_,e

13, pest

13, pest

1.0

MST+/3

0.8 1 L J

0.6 1

0.4 1

0.2 4 /

0.0 T

1.0

0.8 1

0.6 1

0.4 1

0.2 1 ’

0.0 + T

0.8 1.0




14/20

Results — weighted correlation

* U = matching with pre-computed library

* M = New predictions from XGBoost
* A = Initial set from TESS
* B = A + artificially symmetric LCs by mirroring at ¢ = 0.5
* C = A + only LCs with higher peak mirrored (,no spot”)

* MST - stacked models, C dataset

* MSTA — stacked models, A dataset

model q i f I3

MB+13 0.839 0.896 -0.618 0.759
MC+Is 0.897 0.853 -0.702 0.999
MST+I3 0.806 0.998 -0.846 0.458
MSTA+Il; 0.748 0.864 0.342 -0.089
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Results — predictions of mass ratio

* best predictions of g in different models with [ (max - min)/2 ]

MB+13
R (CyA 0.261[123] 0.328[36]
IR0 TN EYAN 0.089[374] 0.126[245]
WY E1 ) E0250[01 0.219[19]
XK INEXIN 0.869[306] 0.941[109]
RISl Il 0.566[126] 0.537[265]
IR rA vl 0.651[481] 0.981[240]
IRIZANERIE 0.682[65] 0.788[139]
IR:ZXit:7l 0.804[115] 0.856[74]
N ESRTetIN 0.186[776] 0.318[319]
VR NETEOE ROM0S[814) 0.245[264]
WWaaicill 0.747[94] 0.774[121]
IRAPAcl]l 0.812[180] 0.878[142]
WYy kil 0.422[238] 0.424[58]
IR STNA0N 1.000[339] 0.896[154]

Object Gtrue

AG Vir 0.341(21)
AW UMa  0.075(5)
DU Boo 0.234(35)
EL Boo 0.248(7)
EQ Tau 0.442(10)
FI Boo 0.327(9)
FTUMa  0.984(19)
SW Lac 0.776(14)
SX Crv 0.066(3)
V1191 Cyg 0.107(5)
V523 Cas 0.516(8)
V753 Mon 0.970(11)
VW LMi 0.423(21)
W UMa 0.484(3)
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Done so far...

* Based on training — stacked model looks as best approach

* Very small sample to proof concept

* Need for larger ensemble of sectors, individual LCs of the same
object

* Better predictions for systems with total eclipses

* Further analysis of O’Connell effect, shapes of minima of Lcs

* Represent LCs in phases rather than trigonometric polynomials

* TESS vs. V-band, small bins of f, Is — needs new training sample

* Use neural network as meta-model
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New grid generation for training

Physical model of stars with PHOEBE code (Prsa, 2011)
Parameter space:

g € <0.05,1.00 >; Ag=0.025 39
fe <0.05,0.95 >; Af=0.1 10
1 € < 30,90 > deg; Ai=1.5 deg 41
7' € <4100,9600 >K; AT;=250K 23

/T € <0.5,1.0 >; AT>/T: = 0.05 11
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New grid generation for training

Physical model of stars with PHOEBE code (Prsa, 2011)
Parameter space:

g € < 0.05,1.00 >; Ag=0.025 39

fe <0.05,0.95 >; Af=0.1 10

i € < 30,90 > deg; Ai=1.5deg 41 4045470
T, € <4100,9 600 > K; AT, =250K 23

/T € <0.5,1.0 >; AT>/T: = 0.05 11
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Efficiency

Other considerations:

* Still symmetrical LCs around ¢ = 0.5 (= b, = 0) — generate 2 LC
* NO LC fit with (1) — each represented by 65 phase points

* Eclipse regions 2x higher bin density

Add steps via interpolation between 1 parameters while all others
fixed — final library almost 2-times bigger

« PCA applied to reduce dimensionality and retain the most
significant variations in the data — 20 principal components with
99.9% of the total variance.

« Reduced complexity, noise, redundancy and higher efficiency
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New regressor

* Using MultiOutputRegressor

 Combine previous Random forest with XGBoost add CatBoost
* Ridge regression used best for multicollinear data or if number
of predictor variables > number of observations.

* XGBoost configured with max_depth=16, learning_rate=0.4,

and strong reg_lambda=500, enabling it to capture complex
patterns while controlling overfitting.

e CatBoost used with the MultiRMSE loss function,

tree_depth=12, and a low learning rate of 0.015, offering high
accuracy and robustness to feature noise.

* Random forest regularized via ccp_alpha=0.1 and parallelized
with n_jobs=8 to optimize training speed and generalization.
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New regressor

RMS
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Results so far...

TIC 229573710

1.0+

—— TESS obs.
e« ML = Phoebe

0.9

* |lit @ Phoebe

0.8 1
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0.4 4
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