
Figure 1: The Orion Nebula in the Milky Way.
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Do all stars have the same mass as the sun? Or is there a distribution of
masses of stars in a stellar cluster i.e. a collection of stars? If yes, what does
this distribution look like? Do most stars take the mass of the sun or is their
some other characteristic mass where the stellar mass distribution peaks?

1 Mass Function

Even though all stars in a stellar cluster are formed in the same environment, the
process of forming a star is a stochastic/probabilistic in nature and in fact very
difficult to understand. The reason being it’s not just self-gravity that causes
the gas to collapse and form the star but a combination of many other processes
such as magnetic field, and turbulence that determine this formation. So stars
formed in a molecular cloud, which is the birth place of stars, will not just
have one particular mass but a spectrum of masses. And when you distribute
these stellar masses in a star forming event into different mass intervals, the
distribution is called the mass function.
Since stars also like us have a limited amount of of fuel in them i.e. have a finite
lifetime, they die too. Or more appropriately to say ’evolve’. The distribution
of the stellar masses changes each time a star evolves. Hence, at each epoch
i.e. a snippet of considerable time, your distribution of stellar masses varies.
So if you got lucky one day, and say hypothetically you really happen to catch
the star formation event from the beginning, the distribution you obtain at the
time of birth is called the initial mass function.

2 Mathematical representation of Mass function

As we have established that stellar masses range over a continuous spectrum of
masses, mathematically we can model this phenomena using a probability dis-
tribution function. So if m is the mass of a star considered to be a continuous
random variable, we can use a pdf f(m), where f(m)dm gives the number of
stars in some volume of space in the interval [m,m+ dm],

f(m) =
d(N/V )

dm
, (1)

where N = Number of stars in the interval [m,m+ dm] , V = Volume.
But wait, there is an extremely important assumption that underlies such a
modeling process. We assume that this pdf of stellar masses only depends on
the mass as an input and is independent of space and time. Hence each time i.e.
at each epoch you observe the stellar cluster you will get a different distribution.
Also which part of the cluster you’ll look at will change the distribution. So it
is ideal to observe an entire stellar cluster to study the mass function.
It is a usual practice to divide the intervals for the mass function into log masses
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i.e. take the pdf as f(lnm) instead of f(m) i.e.

f(lnm) =
d(N/V )

dlnm
, (2)

f(lnm) =
d(N/V )

dm

dm

dlnm
, (3)

f(lnm) = mf(m) , (4)

f(lnm) gives the number of stars in some volume of space in the interval
[lnm, lnm+ d lnm].

CODE example: In the following example we want to study the stellar mass
distribution of the Orion Nebula Cluster (ONC) [1, 2] which is a stellar cluster
in the Milky Way. The ONC.dat file contains the different stellar masses. To
obtain the mass function, we plot a histogram with f(m) on the y-axis which
is obtained from the frequency of each mass interval. The mass function of any
stellar cluster has a characteristic peak and a power-law tail.

1 ’ ’ ’
2 This code i s developed f o r the Python workshop at the Winter
3 School in Astronomy 2017
4

5 @Author : Sayantan Auddy
6 Created : 7 Feb 2017
7

8 Modif ied : 14 Feb 2017
9

10 Object ive : To the study the p r obab i l i t y dens t i y
11 d i s t r i b u t i o n o f mass f o r ONC data .
12

13 ’ ’ ’
14

15 ## fo r any python documentation and FAQs
16 ## v i s i t https : //www. python . org /doc/
17

18 ## Importing the numerica l module numpy
19 ## https : // docs . s c ipy . org /doc/
20 import numpy as np
21

22 ## Importing matp lo t l i b f o r p l o t t i n g
23 ## v i s i t http :// matp lo t l i b . org / contents . html
24 import matp lo t l i b . pyplot as p l t
25

26 ## Scipy i s s c i e n t i f i c python
27 from sc ipy . s p e c i a l import e r f c
28

29 ## to get the p l o t in a separa t e GUI window ( not needed f o r
30 ## other plat form )
31 # %matp lo t l i b qt
32

33 ## th i s command p l o t s the matp lo t l i b f i g u r e s in l i n e with the
34 ## code t h i s works by de f au l t in jupyte r
35 %matp lo t l i b i n l i n e
36

37 # That g i v e s a i n t e r a c t i v e ve r s i on with in the notebook
38 # %matp lo t l i b notebook
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39

40 ## read the data f i l e in fp
41 ## fp i s a f i l e handle
42 fp = open ( ”ONC. dat” , ’ r ’ )
43

44 ## Dec lar ing an empty l i s t to s t o r e the data from the . dat f i l e
45 mass =[ ]
46

47 ## Reading the data from a . dat f i l e l i n e by l i n e
48 ## pl ea s e r e f e r to the l i n k f o r d e t a i l s
49 ## http :// s tackove r f l ow . com/ que s t i on s /4071396/ s p l i t−by−comma
50 ## −and−s t r i p−whitespace−in−python
51

52 ## Python reads top to bottom l e f t to r i g h t .
53 f o r l i n e in fp :
54 #pr in t ( l i n e . s t r i p ( ) . s p l i t ( ) )
55 #pr in t ( l i n e . s t r i p ( ) )
56 ## t i s a l i s t . You can check by type ( v a r i ab l e )
57 t = l i n e . s t r i p ( ) . s p l i t ( )
58 f o r va lue in t :
59 # the func append he lps to modify the array s to rage
60 # python re tu rn s a s t r i ng , but we need a f l o a t i n g po int
61 mass . append ( f l o a t ( va lue ) )
62

63 ## c l o s i n g the f i l e a f t e r i t reads in the data ∗ important
64 fp . c l o s e ( )
65

66 ##to convert rho python l i s t to numpy array l i s t f o r easy
manipulat ion

67 mass array = (np . asar ray (mass ) )
68

69

70 ############################################################
71 ’ ’ ’
72 Vi sua l i s ng the nature o f the data by p l o t i n g a histogram
73

74 ’ ’ ’
75

76 ##dec l a r i n g the bin s i z e f o r the histogram
77 b i n s i z e = 50
78 p l t . f i g u r e (1 )
79

80 ## th i s g i v e s the l a t ex text f o r the p l o t s
81 # pl t . rc ( ’ t ex t ’ , usetex=True )
82

83 ## Binning in d ln (mass ) . Binning can be modi f i ed depending
84 ## on the requirement o f the problem
85 p l t . h i s t (np . l og ( mass array ) , b i n s i z e , normed=1, f a c e c o l o r=’ red ’
86 , cumulat ive=False )
87

88 ## Binning in d(mass ) i . e . l i n e a r spac ing
89 # pl t . h i s t ( mass array , b in s i z e , normed=1, f a c e c o l o r =’ red ’
90 # , cumulat ive=False )
91

92 ## x ax i s l im i t
93 p l t . xl im (min (np . l og ( mass array ) ) −0.5 ,max(np . l og ( mass array ) ) +0.5)
94 ## y ax i s l im i t
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Figure 2: The histogram i.e. the mass function for the stellar masses of the
ONC.

95 # pl t . yl im (−3 ,3)
96 ## log s c a l e on the y ax i s
97 p l t . y s c a l e ( ’ l og ’ )
98 p l t . t i t l e ( ”ONC mass func t i on ” , f o n t s i z e =11)
99 p l t . x l ab e l ( ” ln (mass ) ” , f o n t s i z e =12)

100 p l t . y l ab e l ( ”Frequency” , f o n t s i z e =12)
101 p l t . s a v e f i g ( ”ONC. png” , dpi = 600)
102 p l t . show ( )

Listing 1: Python example

3 Modeling the Mass function

Since 1955, many astronomers have used various functions to model the stellar
mass distribution. Salpeter (1955) was the first to provide the stellar initial
mass distribution with an analytic power law pdf approximation. What he
essentially did was to fit a power law or a linear function in the log-log axis since
a power-law becomes a linear function in log-log. So the model he obtained was
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dN ′/dm ∝ m−α with α = 2.35 or dN ′/dlnm ∝ m−1.35 over the mass range
0.4M� < m < 10M�. Here M� represents the mass of the sun.

NOTE: The exponent that you obtain for f(m) i.e. dN ′/dm is −α while the
exponent for mf(m) i.e. dN ′/dlnm is −α+ 1. The other two most commonly
used models are the Chabrier functional form and the Kroupa functional form.
Chabrier modeled the substellar and low mass stellar regime i.e. m < 1M�
using a lognormal function and used the Salpeter’s power-law approximation
for intermediate and high mass stellar regime i.e. m > 1M� Kroupa, on the
other hand, gave a multisegment power law profile i.e. piecewise function of
three power-laws for substellar, low, and high stellar mass regimes.

4 Modified Lognormal Power-Law Probability
Distribution Function

In 2004, Basu & Jones [3] introduced a hybrid three-parameter probability den-
sity function, the Modified Lognormal Power-Law (MLP) probability distribu-
tion function. Except for the power law approximation introduced by Salpeter
that is used to model stars above 1M�, other models like the Chabrier and
Kroupa functional form need some sort of a joining condition as they are piece-
wise functions. The MLP on the other hand doesn’t require a joining condition.
Also most other commonly used functional forms lack physical justification while
the MLP has an underlying physical motivation. Please refer to Basu & Jones
to understand the physical motivation underlying the model.

4.1 PDF and Properties

The MLP function is a three-parameter pdf. The three parameters of the dis-

tribution function are α0, µ0, and σ0. α0 + 1 is the power-law index of
dN

dm
for the power-law distribution: characteristic of a Pareto distribution which is
used to represent pure power-law distributions. The parameters µ0 and σ2

0 are
the same as for the lognormal distribution but do not represent the mean and
variance of the distribution unlike for the lognormal distribution. Parameters
µ0 and σ0 describe the shape of the lognormal-like body and α0 represents the
power-law tail. In the limit as σ0 tends to zero, the function behaves as a pure
power-law.

If m is the the mass of a star, the pdf of the MLP function is given in the
closed form as [4]:

f(m) =
α0

2
exp

(
α0µ0 + α2

0σ
2
0/2
)
m−(1+α0)×

(
1√
2

(
α0σ0 −

lnm− µ0

σ0

))
, m ∈ [0,∞) ,

Some properties of the MLP function are:
(i) Raw Moments:

E[Mk] =
α0

α0 − k
exp

(
σ2
0k

2

2
+ µ0k

)
, α0 > k. (5)
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(ii) Variance:

Var(M) = E[M2]−(E[M ])2 = α0 exp(σ2
0+2µ0)

(
eσ

2
0

α0 − 2
− α0

(α0 − 1)2

)
, α0 > 2.

(iii) Cumulative Distribution Function:

FM (m;α0, µ0, σ0) =
1

2

(
− ln(m)− µ0√

2σ0

)
−1

2
exp

(
α0µ0 +

α2
0σ

2
0

2

)
m−α0

(
α0σ0√

2
− ln(m)− µ0√

2σ0

)
.

(6)
(iv) Mode: Solving the following transcendental equation will give us the mode
of the distribution

f ′(m) = 0 ⇐⇒ K(u) = e−u
2

, (7)

where

K = σ0(α0 + 1)

√
π

2
, u =

1√
2

(
α0σ0 −

lnm− µ0

σ0

)
. (8)

5 Model Fitting

Model fitting investigates whether a mathematical model can be used to describe
a given data set. Here we check whether the MLP can be used to describe the
underlying stellar mass distribution. To do so we use non-linear regression/curve
fitting. Regression essentially finds best fit values for the unknown model pa-
rameters by minimizing the sum of the squared errors. From the mass function
of the ONC which is the normalized histogram obtained above, we can consider
the centre of each bin in the histogram and the bin height corresponding to the
value for f(m) as our corresponding data points.

CODE: The following code demonstrates obtaining the data points form, f(m)
or m,mf(m) from the histogram depending whether binning in linear or log
scale.

1 ## To f i t the histogram us ing the l e a s t square method
2 ## th i s g i v e s the f requency and the edges o f the b ins
3

4 ## important to note we bin in d mass ( l i n e a r l y spaced )
5 # bincount , b in edge = np . histogram (mass , b i n s i z e , normed=1)
6

7 ## important to note we bin in d ln (m) ( l o g a r i t hm i c a l l y spaced )
8 bincount , b in edge = np . histogram (np . l og ( mass array ) , b i n s i z e , normed

=1)
9

10 ## bincent e r i s the value f o r the cente r o f each b ins
11 b incen te r = ( b in edge [ 1 : ]+ bin edge [ : −1 ] ) /2 .0
12 xdata=b incen t e r [ : ]
13 ydata=bincount [ : ]
14 p l t . f i g u r e (2 )
15 # pl t . yl im (10∗∗−1 ,10∗∗3)
16 p l t . y l ab e l ( ’ ln (mf(m) ) ’ )
17 p l t . x l ab e l ( ’ ln (m) ’ )
18 p l t . p l o t ( xdata , ydata , ’ ro ’ , markers i ze=3)
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Figure 3: The data points obtained from the histogram of the ONC.

19 p l t . y s c a l e ( ’ l og ’ )
20 p l t . s a v e f i g ( ”ONCMassfunc . png” , dpi = 600)

Listing 2: Python example

CODE: We then define the MLP function. Note in the following definition
we use mf(m) instead of f(m) and hence the exponent in the above definition
of the MLP is −α0 instead of −(1 + α0). Regression is used to obtain the best
fit parameters for the underlying stellar mass distribution of the ONC.

1 ’ ’ ’
2 We w i l l use l e a s t square method to f i t MLP to the mass data o f
3 the ONC cloud . Curve Fit i s the funt i on in python
4 which uses non−l i n e a r l e a s t squares to f i t a funct ion , f , to

data .
5 A s t a t i s t i c a l method used to determine a l i n e o f bes t f i t
6 by minimizing the sum of squares c r ea ted by a mathematical

f unc t i on .
7 A ” square ” i s determined by squar ing the d i s t anc e between a

data po int
8 and the r e g r e s s i o n l i n e .
9

10 ’ ’ ’
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11

12 de f MLPcurvefit (x , alpha ,mu0 , sigma0 ) :
13 ”””
14 General overview o f the func t i on
15 This i s MLP func t i on f (m) which i s used to f i t the data

us ing
16 l e a s t square method
17 Inputs : An array o f x va lue s and the parameter
18 alpha , mu {0} and sigma {0}
19 Output : Best f i t parameters
20 Reference : Basu et a l 2015 .
21 Author : Sayantan
22 ”””
23 p1=(alpha /2 . 0 ) ∗np . exp ( alpha ∗mu0+(( alpha ∗ sigma0 ) ∗∗2) /2 . 0 )
24 p2=x∗∗(−(1+alpha ) )
25 arg =(1.0/np . s q r t ( 2 . 0 ) ) ∗( alpha ∗ sigma0−(np . l og (x )−mu0) / sigma0 )
26 p3=e r f c ( arg )
27 p = p1∗p2∗p3 ;
28 r e turn (p)
29

30 ## imoport ing the c u r v e f i t f unc t i on from sc ipy module
31 from sc ipy . opt imize import c u r v e f i t
32

33

34 ##important to note we bin in d(m)
35 b incount l s , b i n e d g e l s = np . histogram ( mass array , b in s i z e , normed=1)
36

37 # bincent e r i s the value f o r the cente r o f each b ins
38 b i n c e n t e r l s = ( b i n e d g e l s [ 1 : ]+ b i n e d g e l s [ : −1 ] ) /2 .0
39 f i tParams , f i tCov=c u r v e f i t (MLPcurvefit , b i n c e n t e r l s ,
40 b incount l s , bounds =( [ 0 . , −3 , 0 , ] , [ 5 . , 5 . ,

5 . ] ) )
41 pr in t ( ’ alpha=%f \n ’%(f i tParams [ 0 ] ) )
42 pr in t ( ’mu 0=%f \n ’% ( f i tParams [ 1 ] ) )
43 pr in t ( ’ s igma 0=%f \n ’%(f i tParams [ 2 ] ) )

Listing 3: Python example

RESULT:
alpha=1.552174
mu0 = −2.306813
sigma0 = 0.770617

5.1 Maximum Likelihood Estimation

A more robust method of fitting a model to data points is by using maximum
likelihood estimation. Given a sample of data points x1, x2, x3, ....., xn assumed
to be taken from a pdf f(X |Θ) of k unknown parameters θ1, θ2, ......., θk, we
can define the likelihood function.

L(Θ |xi) = f(x1 |Θ)f(x2 |Θ).....f(xn |Θ) =

n∏
i=1

f(xi |Θ) , (9)

Note that L(Θ |xi) is a function of the unknown parameters with data points
kept fixed unlike the pdf which is a function of observations with fixed parameter
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values. Maximizing the likelihood function helps in finding the parameter values
that are most likely to describe the data set.
For simplicity the log of the likelihood function is maximized i.e.:

ln L(Θ |xi) = ln f(x1 |Θ) + ln f(x2 |Θ) + .....+ ln f(xn |Θ) =

n∑
i=1

ln f(xi |Θ) ,

(10)
One can find maximum likelihood estimator for the parameters θ1, θ2, ......., θk

by simultaneously solving for:

d ln L(Θ |xi)
dθj

= 0 : j = 1, ...., k . (11)

For various distributions like the lognormal distribution or the Pareto distribu-
tion, functional forms can be found for the maximum likelihood estimators but
for distributions that do not have an analytic form for the estimators, global op-
timization techniques such as basin hoping or differential evolution are explored
to find global minima for the negative-likelihood function i.e. − ln L(Θ |xi)
which is same as finding global maxima for the likelihood function.
CODE: We first need to define the likelihood function for the MLP function
corresponding to the definition given above in equation 9 and 10.

1

2 ## Dec lar ing MLP maximum l i k e l i h o o d func t i on . P lease r e f e r to the
3 ## fo l l ow i ng r e f e r e n c e f o r d e t a i l s .
4

5

6 de f MLPMLEfit( params ) :
7 ”””
8 General overview o f the func t i on
9 This i s the maximum l i k e l i h h o d o f the MLP func t i on .

10 Inputs : The data po int are loaded as inputs
11 Output : On opt imi s ing t h i s func t i on i t g i v e s the best f i t

paramters
12 alpha , mu {0} and sigma {0}
13 Reference : P lease read s e c t i o n ( ) f o r d e t a i l s
14 Author : Sayantan
15 ”””
16 alpha ,mu0 , sigma0=params
17 x = mass array # the data i s loaded
18 p1=(alpha /2 . 0 ) ∗np . exp ( alpha ∗mu0+(( alpha ∗ sigma0 ) ∗∗2) /2 . 0 )
19 p2=x∗∗(−(1+alpha ) )
20 arg =(1.0/np . s q r t ( 2 . 0 ) ) ∗( alpha ∗ sigma0−(np . l og (x )−mu0) / sigma0 )
21 p3=e r f c ( arg )
22 p = p1∗p2∗p3 ;
23 r e turn sum(−np . l og (p) ) # retuns the log l i k e l i h o o d .

Listing 4: Python example

CODE: We then optimize the log likelihood function using 2 methods i.e.
differential evolution and basin hopping. The following is code for differential
evolution.
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1 ’ ’ ’
2 For opt imiza t i on we s h a l l use
3 s c ipy . opt imize . d i f f e r e n t i a l e v o l u t i o n
4

5 Finds the g l oba l minimum of a mu l t i v a r i a t e func t i on .
6 D i f f e r e n t i a l Evolut ion i s s t o c h a s t i c in nature ( does not use

g rad i en t
7 methods ) to f i nd the minimium , and can search l a r g e areas o f

candidate
8 space , but o f t en r e qu i r e s l a r g e r numbers o f func t i on

eva lua t i on s than
9 convent iona l g rad i en t based techn iques .

10 For d e t i a l s :
11 https : // docs . s c ipy . org /doc/ sc ipy −0.18.1/ r e f e r e n c e / generated /
12 s c ipy . opt imize . d i f f e r e n t i a l e v o l u t i o n . html
13

14 ’ ’ ’
15 ## We want to f i nd the opt imized value f o r the parameters alpha ,
16 ## mu0 and sigma0 f o r the best
17 ## f i t MLP fucnt i on .
18

19 ## import ing the d i f f e r e n t i a l e v o l u t i o n rou t ine from sc ipy module
20 from sc ipy . opt imize import d i f f e r e n t i a l e v o l u t i o n
21 ## de f i n i n g the p o s s i b l e bounds f o r the va lue s o f alpha , mu0 and

sigma0
22 bounds = [ ( 1 , 5) , (−3 , 1) , ( 0 . 0 1 , 2 ) ]
23

24 np . random . seed (1 ) # f i x ed seed g i v e s the same va lues on every run
25

26 r e s u l t = d i f f e r e n t i a l e v o l u t i o n (MLPMLEfit , bounds )
27 ## r e s u l t . x , r e s u l t . fun
28 pr in t ( ” g l oba l minimum : x = [%.3 f , %.3 f ,%.3 f ] , f ( x0 ) = %.3 f \n” %
29 ( r e s u l t . x [ 0 ] , r e s u l t . x [ 1 ] , r e s u l t . x [ 2 ] , r e s u l t . fun ) )
30 pr in t ( ’ alpha = %.3 f \n ’%( r e s u l t . x [ 0 ] ) )
31 pr in t ( ’mu0 =%.3 f \n ’%( r e s u l t . x [ 1 ] ) )
32 pr in t ( ’ s igma 0= %.3 f \n ’%( r e s u l t . x [ 2 ] ) )

Listing 5: Python example

RESULT: global minimum: x = [1.403, -2.084,0.348], f(x0) = -789.658
alpha = 1.403
mu0 =-2.084
sigma0 = 0.348
CODE: Optimization using Basin Hopping is demonstrated below.

1

2 ’ ’ ’
3 For opt imiza t i on we s h a l l use
4 s c ipy . opt imize import bas inhopping
5 For d e t i a l s :
6 https : // docs . s c ipy . org /doc/ sc ipy −0.18.1/ r e f e r e n c e / generated / sc ipy .
7 opt imize . bas inhopping . html
8

9 ’ ’ ’
10 from sc ipy . opt imize import bas inhopping
11

12 ## i n t i a l guess va lue s o f the parameter alpha , mu0 , sigma0
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13 x0 = [ 3 . , 0 . 1 , 0 . 1 ]
14

15 ## de f i n i n g the p o s s i b l e bounds f o r the va lue s o f alpha , mu0 and
sigma0

16

17 xmin = [ 1 . , − 3 . , 0 . ] # lower bound
18 xmax = [ 5 . , 1 . , 1 . ] # upper bound
19

20 ## rewr i t e the bounds in the way requ i r ed by L−BFGS−B
21 bounds = [ ( low , high ) f o r low , high in z ip (xmin , xmax) ]
22

23 BHsett ings = d i c t (method=”L−BFGS−B” , bounds=bounds )
24

25 r e t = basinhopping (MLPMLEfit , x0 , minimizer kwargs=BHsettings ,
26 n i t e r =200 , d i sp=0, n i t e r s u c c e s s=None )
27

28 pr in t ( ” g l oba l minimum : x = [%.3 f , %.3 f ,%.3 f ] , f ( x0 ) = %.3 f \n” %
29 ( r e t . x [ 0 ] , r e t . x [ 1 ] , r e t . x [ 2 ] , r e t . fun ) )
30 pr in t ( ’ alpha = %.3 f \n ’%( r e t . x [ 0 ] ) )
31 pr in t ( ’mu0 =%.3 f \n ’%( r e t . x [ 1 ] ) )
32 pr in t ( ’ s igma 0= %.3 f \n ’%( r e t . x [ 2 ] ) )

Listing 6: Python example

RESULT: global minimum: x = [1.421, -2.071,0.351], f(x0) = -790.021
alpha = 1.421
mu0 =-2.071
sigma0 = 0.351
CODE: Once the best fit values of the unknown parameters are found using

regression and maximum likelihood we finally visualize the mass function with
the MLP fits.

1 ’ ’ ’
2 Plo t t i ng the MLP with the best f i t parameters a long with
3 the ONC data po in t s .
4

5 ’ ’ ’
6 # using the best f i t parameters from the curve f i t l e a s t square

method
7 params l s = f i tParams [ 0 ] , f i tParams [ 1 ] , f i tParams [ 2 ]
8 # using the best f i t parmameters from d i f f e r e n t i a l evo lu t i on

opt im i sa t i on
9 params df f = [ r e t . x [ 0 ] , r e t . x [ 1 ] , r e t . x [ 2 ] ]

10 # using the best f i t parameters from the basinhopping opt im i sa t i on
11 params bh = r e s u l t . x [ 0 ] , r e s u l t . x [ 1 ] , r e s u l t . x [ 2 ]
12

13 # de f i n i n g an array o f numbers to p l o t the MLP func t i on
14 xarray = np . l og space ( −1 .5 ,1 .6 ,1000)
15 # pl t . h i s t (np . l og ( mass array ) , b i n s i z e , normed=1, f a c e c o l o r =’blue ’
16 # , cumulat ive=False )
17 p l t . f i g u r e (3 )
18 p l t . c l f ( )
19 p l t . p l o t ( xdata , ydata , ’ ro ’ , markers i ze=3, l a b e l=”ONC data” )
20 p l t . p l o t (np . l og ( xarray ) ,MLP( xarray ,∗ params l s ) , ’ g− ’ , l a b e l=’LS ’ )
21 p l t . p l o t (np . l og ( xarray ) ,MLP( xarray ,∗ params df f ) , ’ k ’ , l a b e l=’DE’ )
22 p l t . p l o t (np . l og ( xarray ) ,MLP( xarray ,∗ params bh ) , ’b−− ’ , l a b e l=’BH’ )
23 p l t . l egend ( numpoints=1, fancybox=True , shadow=True , f o n t s i z e =10)
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Figure 4: Plotting the mass function of the ONC with the MLP fits.

24 p l t . x t i c k s ( f o n t s i z e =12)
25 p l t . y t i c k s ( f o n t s i z e =12)
26 p l t . t i t l e ( r ’ONC mass dens i ty PDF’ , f o n t s i z e =14)
27 p l t . x l ab e l ( ’ ln (m) ’ , f o n t s i z e =14)
28 p l t . y l ab e l ( ’ ln (m f (m) ’ , f o n t s i z e =14)
29 # pl t . t ex t (−2 ,0.001 , r ’ $\ s i n ( x ) $ ’ , f o n t s i z e =12)
30 p l t . y s c a l e ( ’ l og ’ )
31 p l t . s a v e f i g ( ”MLPfits” , dpi = 600)
32 p l t . show ( )

Listing 7: Python example
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