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Main Topics:  

1) Introduction and warm-up with astroML 

2) Density Estimation, Clustering and  
      Classification  

3) Dimensionality reduction, Regression and
      Time Series 

I will be switching back and forth between slides 
and jupyter notebook as we go. 



Motivation for astroML
• Ever increasing data volume and complexity                           

- SDSS is ~30 TB; LSST will be one SDSS per night, or a 
total of >100 PB of data (40 billion objects, 30,000 billion 
forced measurements); also Gaia and many other surveys                                                          
- who and how will do the required data analysis? 

• Sophisticated analysis, need for reproducability                      
- with the increasing data complexity, analysis becomes 
more complex, too; what do we do in case of 
disagreement? 

• Open-source approach improves efficiency                             
- we are not data starved any more!                                        
- the bottleneck for new results is in human resources (as 
in “grad students and postdocs”) and analysis tools                                                                           
- nobody has an unlimited budget; we should collaborate 
and share!



1) Introduction 
   - astroML

If you haven’t already, please install astroML by following 
instructions at: 
https://www.astroml.org/user_guide/installation.html

or google for “astroML”, go to 
https://www.astroml.org 
and scroll down to the table of contents.

Disclaimer: you may need to run python 2.7 (that is, not 
python 3.x) as I noticed some errors I didn’t understand 
when testing this morning! Sorry! 



1) Introduction 
   - astroML

To test, start ipython shell and do: 

If there are no error messages, you are good to go! 
If there are problems (e.g. with “GMM”) go to py2.7



We need more downloads, which you can do by tomorrow: 

Download dataAll.tar.gz (245 MB) as https://ls.st/         SLOW!

Make a directory astroML_data in your home directory and 
download dataAll.tar.gz to that directory. 

Then unpack it:
> cd ~/astroML_data
> gunzip dataAll.tar.gz  (possible done by your machine)
> tar -xvf dataAll.tar
and you should see 4 *.fit files, 2 *.npy files and one *.npz file. 

In addition, clone my directory with lectures (wherever): 
> git clone git@github.com:dirac-institute/SPSAS2019.git

         ALSO SLOW!

https://ls.st/


Test astroML and git repository installation                                           
by starting jupyter notebook with file

…/SPSAS2019/lectures/test.ipynb and executing the code there. 

It should produce this figure:  



• A Hess diagram coded by a third quantity 

• Hess diagram is an astronomical term for pixelated 
color-magnitude diagram, where each pixel is coded 
to display the number of objects in it (also known as 
“two-dimensional histogram”)

• Of course, the pixels don’t have to be coded by the 
number of objects in it - we can use instead any 
statistic (a quantity computed from data)



• A Hess diagram coded by a third quantity 

• Hess diagram is an astronomical term for pixelated 
color-magnitude diagram, where each pixel is coded 
to display the number of objects in it (also known as 
“two-dimensional histogram”)

• Of course, the pixels don’t have to be coded by the 
number of objects in it - we can use instead any 

• $astroMLdir/astroML/stats/_binned_statistic.py



• $astroMLdir/astroML/stats/_binned_statistic.py



You can easily make this plot with astroML

Visualization of 4-dimensional correlations

Our goal here is to discuss in detail a few more complex examples.



Statistical analysis of a massive LSST dataset  
•A large (100 PB) database and sophisticated 

analysis tools:  for each of 40 billion objects 
there will be about 1000 measurements 
(each with a few dozen measured 
parameters)

• 10,000-D space with 40 billion points

• Characterization of known objects

• Classification of new populations

• Discoveries of unusual objects

Data mining and knowledge discovery

Clustering, classification, outliers



• summary statistics and robust statistics for f(x), 
which is our data-based estimate of h(x)

• density estimation 

• clustering 

• classification

h(x)
• Possibly the most important single problem in data mining is how to 

estimate the distribution h(x) from which values of x are drawn (or 
which “generates” x). The function h(x) quantifies the probability that 
a value lies between x and x + dx, equal to h(x)dx, and is called a 
probability density function (pdf). x and dx can be multi-dimensional.

A few selected topics for today 



•How can we quantify h(x)?

Location parameter

Scale parameter

Shape parameters

Parameters describing 
cumulative distribution



Location, scale, shape, and other parameters defined for 
h(x) can also be computed for a sample drawn from h(x). 

When using h(x), these parameters are called population 
statistics, and when determined from data xi, i=1…N, they 
are called sample statistics.
 
For example, location parameter μ 
for h(x) is estimated using the mean:

and scale parameter σ for h(x) is estimated using 
                    the standard deviation:                                            

Note: when h(x) is estimated from data, a 
different symbol should be used, e.g. f(x)



and scale parameter σ is estimated 
using the standard deviation:  

Location parameter μ for h(x) is 
estimated using the mean:

These estimators will NOT be exactly equal to μ and σ! 
Each will be scattered around the true values (μ and σ) 
approximately following Gaussian distributions with the 
widths (scale parameters) given by:

the standard error of the mean
    error of the standard 
deviation estimate s: 

   often called “error bar”! 



What exactly did we compute?    

So, given xi, i=1…N, we can compute 

the sample mean

the sample
standard deviation

±

±

In the majority of practical cases, xi represent our N 
measurements of some fixed well-defined quantity x, and 
our inference about its value is summarized by the sample
mean and the standard error of the mean, and assumed 
Gaussian distribution. 

What about standard deviation? 



•Robust statistics
What is the mean wealth in Seattle?  Does it depend 
on the fact that Bill Gates and a few of his friends live 
in Seattle? 

 

 

 location      =“where” 
 scale           =“width” 



•Robust statistics
What is the mean wealth in Seattle?  Does it depend 
on the fact that Bill Gates and a few of his friends live 
in Seattle? 

Median and σG are good estimators of location and 
scale parameters in cases when outliers are 
present (e.g. “real data”)

 

q25 q75
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25%
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•Robust statistics
Task: given measurements xi, i=1…N, drawn from the 
Cauchy distribution, find the best estimate of µ, let’s call it 
µ0,and its uncertainty, σµ

Use the median value of xi as an estimate of location, µ0 

The scale parameter (“width”) can be estimated from the 
interquartile range (note: q50 is the median):  

In the case of Gaussian, σG  is equal to standard deviation (σ) 

The uncertainty of µ0 (i.e. of the median) can be estimated 
from   

µ0µ σG



•Robust statistics
What is the mean wealth in Seattle?  Does it depend 
on the fact that Bill Gates and a few of his friends live 
in Seattle? 

Median and σG are good estimators of location and 
scale parameters also in cases when outliers are 
present (e.g. “real data”)

The price we pay for using the median instead of the 
mean is 25% larger uncertainty for the former than for 
the latter (assuming nearly Gaussian distributions). 
This is often good price to pay to avoid 
catastrophic failures!



Gaussian Mixture Models for h(x)

Usually solved using Expectation Maximization algorithm 
(for a good tutorial see ArXiv:statistics/1105.1476)  

Usually determined using Bayesian Information Criterion (BIC, 
essentially penalized chi2), or cross-validation 





Bayesian Information Criterion (BIC)

BIC is an approximation for the probability of a model, 
given the data, and it corresponds to chi2 penalized 
for the number of free model parameters, k: 

BIC is closely related to Aikake Information Criterion 
(AIC), which is often used by computer scientists (in 
addition to cross-validation method) to select models.



Gaussian Mixture Models

Bayesian Information 
Criterion: it tells you 

how many 
components data 

support! 

Example of 
classification 

Uses Expectation 
Maximization 

method implemented 
in scikit-learn

This best GMM fit is also density estimation!  The only difference 
compared to histograms is in the chosen fitting model function. 

3 comp.



Gaussian Mixture Models with Errors

The previous example assumed that uncertainty in data values 
(x) was negligible. What do we do when this is not the case? 

For example, in case of homescedastic Gaussian measurement 
errors, the three GMM components from the last example would 

be broadened (the measurement error would be added in 
quadrature to their intrinsic widths).  

A recently introduced application of GMM with errors in 
astronomical context was dubbed “Extreme 

Deconvolution” (see Bovy et al. 2009, ArXiv:0905.2979)

Extreme Deconvolution works in multi-dimensional 
spaces too, and naturally treats noisy, heterogeneous, 

and incomplete data.   



Expectation Maximization Algorithm
• the problem just introduced is equivalent to parameter 

estimation for a mixture of Gaussians 

• A well-known fast and straighforward solution was 
developed by Dempster, Laird & Rubin (1977)   

There are (3M-1) parameters to estimate. 



Expectation Maximization Algorithm
An iterative two-step (E and M) algorithm: 



Expectation Maximization Algorithm



Extreme Deconvolution in high-D (XD) 
Bovy, Hogg & Roweis 2011 (arXiv:0905.2979)

• Two basic assumptions:                                                       
a) the sampled population distribution is a arbitrary 
mixture of high-D Gaussian components, and                                                                        
b) data have heteroscedastic errors with known 
covariance matrix

XD is a very powerful method: it can treat 
incomplete and heterogeneous data



Extreme Deconvolution in high-D (XD) 
Bovy, Hogg & Roweis 2011 (arXiv:0905.2979)



Extreme Deconvolution in high-D (XD) 
• made this plot by running                                                

%run fig_XD_example.py  



Clustering (unsupervised classification) 
Here “unsupervised” means that there is no prior information 
about the number and properties of clusters. 
“Clustering” in astronomy refers to a number of different aspects 
of data analysis.  
Given a multivariate point data set, we can ask whether it displays 
any structure, that is, concentrations of points. Alternatively, when 
a density estimate is available we can search for “overdensities.”  
Another way to interpret clustering is to seek a partitioning or 
segmentation of data into smaller parts according to some criteria.  

How many 
clusters do you 
“see” in this 
diagram? 



Clustering with Gaussian Mixture in 2D
• we may need many components (here 100); data 

should tell us how many...



Break here, go to notebook… 

 



Supervised classification 

Here “supervised” means that there is prior information about the 
number and properties of clusters: for a training sample, we 
know the so-called “class labels” (for each data point in the 
training sample, we know to which cluster it belongs; 
characterizing these known clusters is typically easier than 
finding and characterizing unknown clusters)   

There are two basic types of classification methods: generative 
classification methods model the underlying density field (i.e. it 
relies on density estimation methods), and discriminative 
classification methods which focus on finding the decision 
boundary which separates classes directly.  The former are 
easier to interpret, the latter often work better in high-D cases.



Generative classification 



Discriminative classification 

In this simple example, 
perfect separation is 

possible; generally not 
the case! 



Decision boundary 



Discriminative classification 
discriminant

function



Naive Bayes classifier 

prior for a 
given class!

recall: 

Gaussian naive Bayes classifier 
assumes that the data can be modeled 
by a sum of axis-aligned multi-variate 

gaussians 



Gaussian naive Bayes classification of RR Lyrae using colors
• made this plot by running                                              

%run fig_rrlyrae_naivebayes.py 
Black dots are 483 RR Lyrae, gray dots are the much larger 

sample of ~93,000 other stars (for this real-world dataset it is 
impossible to achieve perfect classification!)



Gaussian Mixture Bayes classification of RR Lyrae 
• made this plot by running                                              

%run fig_rrlyrae_GMMbayes.py  
GMM Bayes classifier does not assume that gaussian 

components are aligned with coordinate axes



Discriminative classification 

Left: the idea behind 
the Support Vector 
Machine classifier: a 

collection of 
hyperplanes which 
maximize the class 

separation 



Support Vector Machine classification of RR Lyrae 
• made this plot by running (it takes a few minutes!)                                            

%run fig_rrlyrae_svm.py  

SVM is very robust to outliers; note the very high 
completeness (at the expense of high contamination)



Light curves (flux vs. time) of variable stars

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.



SVM classification of variable stars from Palaversa+ 2013

• Based on 7 attributes (4 colors and 3 light curve 
parameters: period, amplitude, skewness) and 5 input 
classes (also in astroML - you can experiment later...)



Break here, go to notebook… 

 


