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Methods

Hedged likelihood estimation
Semidefinite programming
Gradient descent
Pseudo-inverse matrix



Preprocessing

e Make solution physical

Pest = Pag; (¥ means hermitian conjugation)
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e Different matrix norms for error measurement
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Hedged likelihood estimation with iterative procedure

e Hedged likelihood functional

Lu({n;};p) = (detp)’ L{n;}; p)

where L({n;};p) = Hpj'.l’ and probabilities p; = tr{pII;
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e HNML iterative equations
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Convergence

Convergence and Absolute error for Likelihood

method
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Semidefinite Programming, Introduction

minimize ( ) Lagrange Function
subject to  f;(z) <0, i=1,....,m El i) =i +Z’\f' ik B,
Ax =b

The Karush-Kuhn-Tucker conditions
e f; convex, twice continuously differentiable

m
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Semidefinite Programming

We have 2 estimators:
DS esimator
Relative Error
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Semidefinite Programming

Absolute Error

Perfomance of SDP DS algorithm
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Perfomance of SDP Lasso Algorithm
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Direct Gradient Algorithm
Maximize likelihood functional

dlog L({n;}; p) = Zf., L = tr{R8p}

fj
where Z pi —
j

Iterative procedure:
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Direct Gradient Algorithm

Convergency of the gradient descent method Perfomance of gradient descent algorithm
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Pseudo-Inverse Matrix Method

Perfomance of Pseudo-Inverse Matrix Method
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Comparrisson
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Conclusion

/

Pseudo-Inverse Matrix
+ easy to implement
- unphysical solution
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SDP method:

+ fast convergence
+ physical solution
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Direct Gradient
- slow convergence
- unphysical solution
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Hedged Likelihood:

+ fast convergence
+ solve zero-probabilities
problem

- unphysical solution
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