
1

Bayesian Approach Based Semi-
Analytic Model of Galaxy Formation

Yu Lu

Advisor: Houjun Mo

In collaboration with: 
Martin Weinberg 

Neal Katz

UMass, Amherst

SF09 cosmology workshop



2

Outline
• Why?

– Semi- Analytic Model (SAM)
– a useful method, but not built on a rigorous statistical 

basis

• How?
– Bayesian model inference
– Bayesian approach based SAM

• What? 
– stellar mass function 
– conditional stellar mass function
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Semi-Analytic Model (SAM)

• Galaxy formation – a 
challenging problem

• Processes in SAM:
1. Dark matter halos: 

distribution, growth
2. Hot gas distribution
3. Radiative cooling
4. Star formation and 

supernova feedback
5. Galaxy merger
6. AGN, reionization, 

environmental effects…

• Parameterize the 
processes
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SAM

From A. Benson
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SAM
• Useful method

– Predictive:
• Luminosity function (stellar mass function), Tully-Fisher 

relation, Color-magnitude diagram
– Fast and cheap:

• Hypothesis test

• Productive method (in terms of number of 
citations)

• Problems
– Arbitrary parameterization and parameter choice
– Eyeball fitting
– No way to rule out a model
– No way to compare two models
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SAM - as a problem of model 
inference

Given:
• model (hypothesis), 
• a reasonable range of parameters (prior)
• data

We ask for:
• the probability distribution of the model parameters 

for explaining the data (confidence range of model 
parameters - posterior) 

• the degree of belief that the model is supported by 
the data

Bayesian approach provides a general 
framework for SAMing!
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Bayesian model inference

• Bayes theorem:

• Marginalized posterior:

• Bayesian evidence:

• Prediction:

Our goal is to put SAM on a probabilistic footing.
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Our SAM
• 13 free parameters
• Cooling cutoff mass:

• Merger timescale:

• Star formation efficiency:

• Star formation threshold:
• SN reheating:
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BIE-SAM
• UMass Bayesian Inference Engine (BIE) (Weinberg etal

2009)
– Tempered Differential 
Evolution

• What can we do with the BIE- SAM?
– Automatically search for good fit – spend computation in the places 

of good fit
– Sample the posterior probability distribution; show degeneracy, 

multi-model…
– Calculate Bayes evidence for models
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What can we learn from stellar 
mass function?

• Data: SDSS+2MASS 
(Bell etal 2003)

• Likelihood
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• Fairly strong 
constraints on cooling 
cut-off halo mass and 
merger time scale, 
but bi-modal appears.
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• Strong constraint on 
star formation 
transition halo circular 
velocity
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• Bimodal for star 
formation and SN 
feedback parameters
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• Degeneracy between 
SN feedback 
parameters
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• Requires high SN 
feedback energy and 
large threshold 
surface density of 
cold gas disk for star 
formation
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Summary I

• The approach works!
• The posterior probability density distribution is complex –

multimodal, covariant.
• SMF constrains model parameters to different degrees.
• Important physics is missing on small scales, if you do 

not believe large SF threshold, steep SF, SN feedback 
halo mass dependence.
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How does 
prior matter?
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• Apply narrow prior 
for 4 parameters

• Reduce the model 
to a Croton (2006) 
like model.

, , ,SF SF SF SFVb bS
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Summary II

• Prior has huge influence on model 
inference.

• Imposing strong prior without real 
understanding could result in wrong 
inference.

• Conventional approach of SAMing could 
be misleading.
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Conditional 
stellar mass 

function

• Data (Yang etal
2009) from halo 
catalog for SDSS 
galaxies.

• More information 
in data
– Break 

degeneracy
– Test model 

further
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Fiducial model
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Satellite stripping models

• Motivations
– The model over-predicts central galaxy mass by a factor of 2 for 

cluster size halos.
– In observation, clusters have significant fraction of stellar mass not in 

galaxies.

• Model 1- tidal stripping: a fraction of stellar mass,       , of a 
satellite galaxy is stripped in one orbital time.

• Model 2 - merger stripping (Somerville etal 2009): a fraction 
stellar mass,       , of a satellite galaxy is stripped when it merges 
into a central galaxy.

TSf

MSf



25

91

0

( )
3.5 10

( )
E M
E M

= ´

Model1 Model2

22

0

( )
3.3 10

( )
E M
E M

= ´



26

Model 1 Model 2
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• Stripping models 
recovers total SMF.

• Stripping parameter is 
strongly constrained.

• Stripping model can 
explain CSMF and 
~20% of stellar mass 
as intra-cluster stars.

• But, it still requires 
high SN feedback 
energy.



28

HI mass function Color – stellar mass
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Summary III

• CSMF contains more information – is 
more constraining to models.

• Without considering stripping, model fails 
to explain CSMF.

• Tidal stripping has higher degree of belief 
for explaining CSMF.

• More data are needed for testing the 
model further.
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Thank you!


