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Main Topics:  
Day 1: Introduction 
   - who I think you are? 
   - who I am? 
   - why do astronomers need Big Data?  
   - Large Synoptic Survey Telescope: Big Data!
   - astroML 

Day 2: Density Estimation, Clustering and Classification 
in Astronomy 

Day 3a: Dimensionality reduction, Regression and Time 
Series Analysis in Astronomy

Day 3b: Schedule reserve and free-form discussions  



Outline

• Dimensionality Reduction                                                                 
– Principal Component Analysis                                                                                   
– Non-negative Matrix Factorization                                                                                                
– Independent Component Analysis                                
– Manifold learning (Locally Linear Embedding)     

• Regression                                                                                                                                                                                                                                              
– (Gaussian) errors in both variables                                                 
– regression with non-Gaussian errors and/or outliers                                             



Principal Component Analysis (PCA) 
Motivation: 
   2D case: what is the direction of largest variance in the data? 
Equivalently, what is the rotation of the coordinate system in 
which results in no covariance between the variables? 

P1
P2

x

y
The two variables x 
and y have a non-

vanishing covariance; 
the covariance in the 
P1 vs. P2 coordinate 

system is 0 by 
construction (recall 
discussion of 2-D 

Gaussian in Lecture 1)



Principal Component Analysis (PCA) 
Motivation: 
   High-D case (driven by the “curse of dimensionality”): there 
are ~4000 data points in SDSS spectra. Can we represent 
these spectra as linear combinations of much smaller number 
of eigen-components?  

The curse of 
dimensionality:
in high-D space, the 

ratio of the volume of 
the unit hyper-sphere 
and the volume of the 

hyper-cube that 
encloses it goes to 0 as 

D increases



Principal Component Analysis (PCA)  



Principal Component Analysis (PCA)  
sometimes called Karhunen-Loeve and Hotelling transform 

How is it done: 
Data matrix if formed by N sets (objects) of K measured features 
(attributes); e.g. K~4000 for SDSS spectra of, say, N=100,000 
quasars; we subtract the mean of each feature (and sometimes
normalized by their st. deviation, called whitening; in case of 
spectra, flux is normalized to 1 to avoid uninteresting correlations 
with source brightness)

Using matrix algebra, the first eigen-component is found by 
maximizing variance and other eigen-components by requiring 
covariance to vanish. 

There are different approaches, whose performance depends on 
N and K. 



Principal Component Analysis (PCA)  
How is it done: 
 



Principal Component Analysis (PCA)
• made this plot by running                                               

%run fig_spec_reconstruction.py

Mean spectrum

4 eigencomponents

8 eigencomponents

20 eigencomponents

How to choose the 
number of 

eigencomponents? 



Principal Component Analysis (PCA)

How to choose the number of eigencomponents? 

This plot (called the scree plot) shows that the first ten 
eigencomponents already capture about 94% of the variance in 
the dataset. Higher terms attempt to describe high-frequency 

measurement noise. 

There is no 
universal method, 
but typically we 

require that 
some fraction of 
data variance is 

captured by 
truncated series. 



Principal Component Analysis (PCA)

 A few more points about PCA

It can treat missing data by introducing weights for each point 
(Connolly & Szalay, 1999, AJ 117, 2052).

If the dataset cannot fit in memory, then PCA computation can be 
challenging. One way to address this is the use of iterative online 
algorithms.

In some problems, linear decomposition might not be appropriate 
(e.g. a set of Planck functions with varying temperature)

Eigencomponents can be negative, which in some applications 
provides only limited insight into underlying physics (e.g. galaxy 
spectra).
 



Non-negative Matrix Factorization (NMF)

Attempts to address the fact that PCA eigencomponents can 
be negative even when we have physical reasons (a priori 
knowledge) to expect them to be non-negative

Assumes that the data matrix X is a product of two positive 
matrices, X=Y*W

Solved iteratively for Y and W by minimizing the reconstruction 
error ||(X-WY)2||; sometimes problems with local minima are 
encountered (Lee & Seung, 2001)

We will see an example after introducing ICA



Independent Component Analysis (ICA)
Also known as the “coctail party problem”, it assumes that the 
signal is a linear combination of components:  

This appears very similar to PCA, but...



Independent Component Analysis (ICA)

Let’s now compare PCA, NMF and ICA using our sample of
SDSS galaxy spectra.



Comparison of PCA, ICA and NMF

• made this plot by running (it takes a minute)     
%run fig_spec_decompositions.py

Which one is 
the most 

astrophysical?



Manifold Learning

What do we do if the assumption of linearity does not hold? 

 
Here we have a 2D 
manifold in 3D space.
PCA and other linear 
methods cannot 
uncover this structure.

Manifold learning 
techniques “unfold” or 
“unwrap” this manifold 
so that its structure 
becomes clear



Manifold Learning

Locally Linear Embedding

 One of more popular techniques among a number of recent 
methods for non-linear dimensionality reduction.

In non-linear problems, it can have significantly better 
performance than PCA; e.g. it takes only two components to 
describe the same fraction of variance in SDSS galaxy spectra 
that requires dozens of PCA components (Vanderplas & 
Connolly 2009, AJ, 138, 1365)

The local manifold is determined by analyzing the nearest 
neighbor distribution around a given point; in some sense, 
one can think of a tangential hyper-plane approximation in 
high-D geometry 



SDSS galaxy spectra  

PCA: the structure in 
eigencoefficients is 

scrambled 

LLE: the structure in 
eigencoefficients 

preserves information 
(from independent 

classification)

Similarly to the “S curve” 
example: 

PCA

LLE

To reproduce: astroML, 
book figures, chapter 9



Which dimensionality reduction 
technique to use in practice? 



Break here, go to notebook… 

 



Motivation: 
While e.g. least-square regression (LSQ) is often discussed, 
there are a few additional exceedingly useful and related tools 
in astroML for regression problems that often appear in 
practice:  
                                                                                                                                                                                                                                      
– (Gaussian) errors in both variables                                                 
– regression with non-Gaussian errors and/or outliers                                            

Regression 



                                                                                                                                                                                                                                         
Least Squares Method is an application of the Maximum 
Likelihood method: 

Main assumptions: 
1) Gaussian errors for y
2) No errors in x

The origin of “Least Squares”:  
2 comes from Gaussian errors



Gaussian errors in both variables                  
(see Hogg, Bovy & Lang, 2010, arXiv:1008.4686)
Example code: 
http://www.astroml.org/book_figures/chapter8/
fig_total_least_squares.html

http://www.astroml.org/book_figures/chapter8/fig_total_least_squares.html
http://www.astroml.org/book_figures/chapter8/fig_total_least_squares.html


Regression with non-Gaussian errors and outliers 



Regression with non-Gaussian errors and outliers 



Regression with non-Gaussian errors and outliers
Bayesian mixture model: 



Regression with non-Gaussian errors and 
outliers (see Hogg, Bovy & Lang, 2010, arXiv:1008.4686)
Example code: 
http://www.astroml.org/book_figures/chapter8/
fig_outlier_rejection.html

The code uses MCMC

It’s easy to change the 
outlier model (the 

mixture likelihood)...

http://www.astroml.org/book_figures/chapter8/fig_total_least_squares.html
http://www.astroml.org/book_figures/chapter8/fig_total_least_squares.html


Time series analysis
Motivation: 
Use temporal changes to find interesting objects, and to learn 
more about the underlying physics of astrophysical objects 
(variable stars, exploding stars, quasars, comets…)

Above: light curves of variable
stars; Left: their period-color 
diagrams 
 



Time series analysis 

Light-curve analysis:  

1) find the best period 
using  periodogram

2) for this period, find 
the best-fit k-term 
Fourier expansion

3) compute the chi2, 
amplitude, mean flux, 

mean color, etc.



• Matched filter analysis of a low-SNR signal  

• made this plot by running (note “pickling” of results):                                                
%run fig_matchedfilt_burst.py

It calls pyMC module
Easy to change model

It tells you about 
parameter covariances

 



• Find a low-SNR burst (wavelet analysis)  

• What if we don’t know the signal shape?

• And we know that the signal is not periodic. 

• The discrete wavelet transform (DWT) can be used 
to analyze the power spectrum of a time series as a 
function of time. While similar analysis could be 
performed using the Fourier transform evaluated in 
short sliding windows, the DWT is superior. If a time 
series contains a localized event in time and 
frequency, DWT may be used to discover the event 
and characterize its power spectrum. PyWavelets is 
a toolkit with wavelet analysis implemented in 
Python.



• made this plot by running:                                                            
%run fig_line_wavelet_PSD.py

Signal

Found it!


