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The Gemini Planet Imager Exoplanet Survey
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Figures courtesy of R. De Rosa



GPIES Campaign Data System
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GPIES Database Schema
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GPIES Database Contents

e 14 GB (metadata and ancillary products only)
136,151 IFS Raw Data Files (30,142 GPIES)
e 263,973 IFS Reduced Data Products

86,092 AO Raw Telemetry Files

86,325,374 Contrast Values
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What can we do with all this data?
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Previous Work

o Performance characterization of GPI’s AO with IFS data
[Poyneer et al., 2016, Bailey et al., 2016]

o GPI performance variation characterization with operating conditions
[Tallis et al., 2018]

@ See also: Tallis et al., this conference [10703-267]
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That’s not what this talk is about

Here, we are only looking for purely data-driven results, with no specific
physical modeling of underlying processes




Finding Correlations

For two random variables Z, ¥ :

@ Pearson product-moment:

@ Spearman rank correlation:

Pz,5 = Trank Z,rank g

o Kendall rank correlation:

T= | Dl > 2) & > ) (s < 25)&(yi <))
i7i

= @i < z)&e(yi > yi) (@i > z)&(yi < y;))]
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Contrast Correlations
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Contrast Correlations

0.40 arcsec T-Type Contrast
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Contrast Correlations

0.80 arcsec T-Type Contrast
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The Data is Noisy

-2.0 () -2.04 °
-25 -2.51
" "
8 8
5 _30 © -3.04
o P
& &
S S
® 35 ® 35
2 ° F
8 8
5 -4.0 e ° S -4.0
E] E]
g g
2 _45 2 _45
-5.0 -5.04
100 150 200 250 300 350 30 40 50 60 70 80 90

Wavefront Error (hm RMS) Target Elevation (deg)



Mixture Models

@ A point y; may belong to the “true” data or be considered an outlier
drawn from a normal distribution ~ (u,, 0, ), governed by binary flag o;:

p(YilXi, 04,0, 04, pho, 06) =
1 exp (_ lyi — (1 — 0:) fo(xi) _Oi,uo]2>

21 (07 + 0,02) 2 (02 + 0,02)

e The marginalized likelihood is then:

p({yl ::‘l:l|{xi ?:lv{oi ?:heaMOaO-o)
n

[Op(yl|x’“0'“ 0’ 0i = 0) + (1 - O)p(yl‘x’mo—lv 0,01' = 1)]

i=1

for

(O')— O 01‘20
POJ=31_0 0; =1

See: [Hogg et al., 2010, Hogg and Foreman-Mackey, 2017]



Linear Modelling (I-Magnitude)
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Linear Modelling (Ambient Temperature)
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DNN Regression

Hidden layers

From: [G. Lion, 2016]

This work done entirely in TensorFlow r1.8. )




Choice of Network
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Single Layer, 8 Neuron, 9 Input Regression Network
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, 16 Neuron, 6 Input Regression Network

—3.00 A

—3.25 A

|
w
U
)

| |

» w
o g
IS o

Predicted Value

—4.50

—4.75

—5.00

—4.25

-5.00 -4.75 -4.50 -4.25 -4.00 -3.75 -3.50 -3.25 -3.00
True Value

RMSE: 0.18



Full Observing Sequence Contrast

® 0.25 arcsec
® 0.40 arcsec
® 0.80 arcsec
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Three Layers, 60 Neuron, 22 Input Regression Netwoq
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Conclusions

e Jointly exploiting operational and science data metrics can lead to new
discoveries, but is difficult if you don’t have the proper infrastructure in
place

@ Polynomial models are likely insufficient to accurately describe
performance variations given the large numbers of endogenous and
exogenous factors in play

@ Machine Learning is great, but it’s hard to tell if you really have the right
answer
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