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A Forethought

I Speak about Simplicial Mixture of Markov Chains ?

I Latent Dirichlet Allocation with transition probabilities as
mixture components (basis)

I Employed to model statistical regularities in telephone activity
of *ALL* NTL (now Virgin) subscribers in Glasgow

I Glasgow - Large city to West of here - 0.5M population, City
of Culture, City of Architecture, etc etc

I Predictive model of call destinations based on user speci�c
mixture (allocation) of population speci�c mixture
components (characteristic usage traits)

I Compared in prototype with HNC solution - NIPS
presentation 2004 - old stu�
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Surface-Enhanced Resonance Raman Scattering
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Multiplexed Raman Spectra
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Statistical Bilinear Model

Given multiplexed spectral readoutX 2 RN� T
+ , a simple bilinear

mixture of component spectra is posited

X = AS + E
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Statistical Bilinear Model

Given multiplexed spectral readoutX 2 RN� T
+ , a simple bilinear

mixture of component spectra is posited

X = AS + E

where

* A 2 RN� M
+ spectral weightings,S 2 RM � T

+ base spectra

* E 2 RN� T is the tolerance within each column

* Ideal conditions - test tube - dye spectra known - inferA & M

* Actual - mouse spleen - responses uncertain - also inferS

* Scale & Column permutation invariance to be addressed
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Inferring Plausible Number of Base Spectra

Obtain the posterior of M given measured spectraX,

P(MjX) =
p(XjM)P(M)
P

m p(Xjm)

requiring unbiased estimate ofmarginal likelihood p(XjM).

In this work, we attempt to estimate

* marginal model posterior directly via RJMCMC

* marginal likelihood via thermodynamic integration and
Gibbs output

Firstly, we need to look at a simpleGibbs sampler for a �xed M.
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Priors and Likelihood
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Priors and Likelihood

Likelihood

p(XjA; S; � ) =
TY

t =1

Nxt (Ast ; � )

Prior

p(smt jcs; ds) = Unif (cs; ds)

p(anmj� a; ca; da) = Expon(� a)1[ca;da](anm)

p
�
� � 1

n j� � ; � �
�

= Gamma(� � ; � � )
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Gibbs Sampler

The conditional distribution ofsmt is

p(smt jxt ; A; s� m;t ; � ) / p(xt jst ; A; � )p(smt jcs; ds)

/ exp
�

�
1
2

�
Asms2

mt � 2Bsmt smt
�
�

1[cs;ds](smt )

/ Nsmt (� smt ; � 2
sm

)1[cs;ds](smt )

wheres� m;t represents all the elements of vectorst excludingsmt ,

� smt = A� 1
sm

Bsmt and � 2
sm

= A� 1
sm

whereAsm =
P N

i =1
a2

im
� i

and

Bsmt =
P N

i =1
aim
� i

�
xit �

P M
j =1 ;j 6= m aij sjt

�
.
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Gibbs Sampler

The conditional distribution ofanm is

p(anm jxn; S; an;� m; � n) / p(xnjan; S; � n)p(anj� a)

/ exp
�

�
1
2

(Aanm a2
nm � 2Banm anm)

�
p(anmj� a)

/ Nanm (� anm ; � 2
anm

)1[ca;da](anm)

wherean;� m represents all the elements of vectoran excluding
anm, � anm = A� 1

anm
(Banm � � a) and � 2

anm
= A� 1

anm
where

Aanm = � � 1
n

� P T
t =1 s2

mt

�
and

Banm = � � 1
n

� P T
t =1 smt

�
xnt �

P M
j =1 ;j 6= m anj sjt

��
.
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Gibbs Sampler

The conditional distribution of� � 1
n is

p(� � 1
n jxn; S; an) / p(xnjan; S)p(� � 1

n j� � ; � � )

/ Gamma(� n; � n)

where� n =
�

� � + 1
2

P T
t =1

�
xnt � aT

n st
� 2

� � 1
and � n = � � + T

2 .
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Reversible Jump MCMC

RJMCMC considerm as arandom variable.
Notations:
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Reversible Jump MCMC

RJMCMC considerm as arandom variable.
Notations:

I For a m, � m = f A; S; � g whereA 2 RN� m
+ , S 2 Rm� T

+ .
I For a m, set � m as an element of� m

I For a m, set Cm = f mg � � m.
I For all m, set C= [ mmax

m= mmin
Cm = [ mmax

m= mmin
ff mg � � mg
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Reversible Jump MCMC

Consider the whole spaceC, the target invariant distributionis the
posteriorp(m; � m jX; 
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Reversible Jump MCMC

Consider the whole spaceC, the target invariant distributionis the
posteriorp(m; � m jX; 
 ).
When the current state isf m; � mg 2 Cm, the acceptance
probability � (m; m0) of moving to statef m0; � m0g 2 Cm0 is

min
�

1;
p(m0; � m0jX; 
 )� (m0; m)qm(m; � m)
p(m; � mjX; 
 )� (m; m0)qm0(m0; � m0)

�
�
�
�
@g(m; � m; m0; � m0)
@(m; � m; m0; � m0)

�
�
�
�

�
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Consider the whole spaceC, the target invariant distributionis the
posteriorp(m; � m jX; 
 ).
When the current state isf m; � mg 2 Cm, the acceptance
probability � (m; m0) of moving to statef m0; � m0g 2 Cm0 is

min
�

1;
p(m0; � m0jX; 
 )� (m0; m)qm(m; � m)
p(m; � mjX; 
 )� (m; m0)qm0(m0; � m0)

�
�
�
�
@g(m; � m; m0; � m0)
@(m; � m; m0; � m0)

�
�
�
�

�

where

* qm0(m0; � m0) is a proposal distribution for� m0.

* � (m; m0) is the probability of moving from subspaceCm to
Cm0 which was set to 0.5.

* g(�) denotes a bijective function which was set to be an
identity function, i.e. g(y) = y - independent sampler -
simplest case possible.

Mark Girolami Inferring SERRS Component Spectra



Reversible Jump MCMC

How to de�ne the proposal distributions?
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Reversible Jump MCMC

How to de�ne the proposal distributions?

Employ the estimated conditional posteriors from Gibbs output:

qm(anm) = T N anm (�̂ anm ; �̂ 2
anm

)

qm(smt ) = T N smt (�̂ smt ; �̂ 2
sm

)

qm(� � 1
n ) = Gamma(�̂ n; �̂ n)

where�̂ are Monte Carlo estimates.
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SERRS Experiment

* 64 multiplexed SERRS were measured - all possible
combinations of 6 dyes
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SERRS Experiment

* 64 multiplexed SERRS were measured - all possible
combinations of 6 dyes

* 574 distinct frequencies were monitored for each multiplex

* Measured SERRS is represented asX 2 R 64� 574
+
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Convergence and Model Diagnostics

1. Gibbs sampler converged in 20000 iterations based on
potential scale reduction factor̂R (Gelman and Rubin, 1992).
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Convergence and Model Diagnostics

1. Gibbs sampler converged in 20000 iterations based on
potential scale reduction factor̂R (Gelman and Rubin, 1992).

2. RJMCMC converged in 250000 iterations.

3. Model checking - posterior predictive assessment - bilinear
model adequate
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RJMCMC Results

Posterior distribution using RJMCMC.
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BIC Results

The estimated log marginal likelihood using BIC.
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Thermodynamic integration Results

The estimated log marginal likelihood using TI.
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Infered Spectra
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Brief Conclusions

(a) Inferring presence of component spectra in multiplex feasible.
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Brief Conclusions

(a) Inferring presence of component spectra in multiplex feasible.

(b) Inference methods assessed on combinations of six DNA oligos

(c) IBP priors being assessed currently

(c) In Vivo study - nano particles injected into mouse spleen and
liver - infer which np tags in organs
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