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HOW CHEMICALLY HOMOGENEOUS
ARE STAR CLUSTERS?

Stars form in groups in molecular clouds. 
Stars in a cluster are expected to share the 
same initial chemical abundances.
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CHEMICAL TAGGING

Reverse trace stars to 
their birth location

using chemical signatures

10



CHEMICAL TAGGING

Open Cluster
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Determine chemistry for a 
large sample of stars to tag 

individual star-formation 
events
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Statistical Methodology
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abundance scatter

Teff , log g, [X/H] 

Constrain abundance of a star

each star
in cluster
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Issue      Curse of Dimensionality 
Solution Low-dimensional intrinsic structure

Open Cluster M67

APOGEE spectrum ~104 discrete wavelengths
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~104 discrete wavelengths

Principal Component Analysis
Noisy and missing data

Expectation Maximization



~50,000 APOGEE spectra 
log g < 4, -0.1 < [Fe/H] < 0.1
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Functional Principal Component Analysis 
FPCA The functional version of PCA

Figures from Functional Data Analysis, Ramsay & Silverman
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Functional Principal Component Analysis 
FPCA The functional version of PCA

Example Basis Functions: Legendre Polynomials



The data is first transformed into functional form: 

Raw data             f(x) = { f1(x),…, fn(x) }   …noisy 
Basis functions  φ(x) = {φ1(x),…,φK(x)}   …domain knowledge 

Functional Principal Component Analysis 
FPCA The functional version of PCA
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Regress the raw data onto the basis functions



Functional Principal Component Analysis 
FPCA The functional version of PCA

…Mercer’s theorem
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…Mercer’s theorem

Functional Principal Component Analysis 
FPCA The functional version of PCA
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The data is first transformed into functional form: 

Raw data             f(x) = { f1(x),…, fn(x) }   …noisy 
Basis functions  φ(x) = {φ1(x),…,φK(x)}   …domain knowledge 

Regress the raw data onto the basis functions

covariance 
function

eigenvalues eigenfunctions



N = 1

N = 2

log g ~ 3.17 
[Fe/H] ~ 0.11

log g ~ 3.45 
[Fe/H] ~ 0.03
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N = 1

N = 2

Basis functions: 
10 theoretical spectra

log g ~ 3.17 
[Fe/H] ~ 0.11

log g ~ 3.45 
[Fe/H] ~ 0.03
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~1,000 APOGEE spectra  
log g < 4, -0.1 < [Fe/H] < 0.15
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Cumulative explained variance



M67 Red Giant spectrum
FPCA reconstructed spectrum
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DENSITY ESTIMATION LIKELIHOOD-
FREE INFERENCE

simulator(θ) = d

DELFI a new Bayesian Inference method 
in simulator models where the likelihood p(d|θ) is intractable.

parameters simulated data

32 Papamakarios et al (2017) Alsing et al (2018)



Obtain{θ, d} 

Fit p(d|θ; w) to {θ, d} 

Obtain the (learned) likelihood function p(do|θ; w), 
given data do
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Obtain{θ, d} 

Fit p(d|θ; w) to {θ, d} 

Obtain the (learned) likelihood function p(do|θ; w), 
given data do

DENSITY ESTIMATION LIKELIHOOD-
FREE INFERENCE

Papamakarios et al (2017) Alsing et al (2018)

simulator(θ) = d
parameters simulated data

Active learning

Neural Density 
Estimators

DELFI a new Bayesian Inference method 
in simulator models where the likelihood p(d|θ) is intractable.
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Work in Progress
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Conclusion

• Using FPCA, we have successfully reduced the 
dimensionality of stellar chemical space. 

• FPCA + DELFI shows promising results for fast, accurate 
and precise inference of abundances. 

• We are currently constraining the abundance scatter of M67 
open cluster using our inferred abundance values. 

• We will then apply our technique to the entire APOGEE 
DR14 (and latest data releases) to measure abundances 
and explore chemical tagging.

38

THANKS!



REFERENCES

F. H. Shu, F. C. Adams, and S. Lizano, ARA&A 25, 23 (1987).
C. J. Lada and E. A. Lada, ARA&A 41, 57 (2003),  astro-ph/0301540.
J. Bovy, The Astrophysical Journal 817, 49 (2016).
K. Freeman and J. Bland-Hawthorn, ARA&A 40, 487 (2002), astro-ph/0208106.
C. Prieto et al., Astron. Nachr. 329, 1018 (2008), arXiv:0809.2362 [astro-ph]
J. Alsing, B. Wandelt, and S. Feeney, Monthly Notices of the Royal Astronomical Society 477, 
2874 (2018), http://oup.prod.sis.lan/mnras/article- pdf/477/3/2874/24802996/sty819.pdf.
G. Papamakarios and I. Murray, in Advances in Neural Information Processing Systems 29, edited 
by D. D. Lee, M. Sugiyama, U. V. Luxburg, I. Guyon, and R. Garnett (Curran Associates, Inc., 
2016) pp. 1028–1036. 
C. M. Bishop, Mixture density networks, Tech. Rep. (1994).
G. Papamakarios, T. Pavlakou, and I. Murray, in Advances in Neural Information Processing 
Systems 30, edited by I. Guyon, U. V. Luxburg, S. Bengio, H. Wallach, R. Fergus, S. 
Vishwanathan, and R. Garnett (Curran Associates, Inc., 2017) pp. 2338–2347.
N. Price-Jones, and J. Bovy. Monthly Notices of the Royal Astronomical Society 475.1 (2017): 
1410–1425.
H. Rix, and Y. Ting, C. Conroy and D. Hogg, The Astrophysical Journal 826.2 (2016).
C. Álvaro, S. Jaimungal and J. Penalva, “Algorithmic and High Frequency Trading”, Book (2015).

39


