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sible to circumvent some of the problems of the annihilating
�lter and root-�nding approach [5], [12]. We introduced the
Gibbs sampling algorithm to�nd the locations and augmented
this with a least squares approach to�nd the weights. From the
performance plots on both synthetic and real signals, we observe
the Gibbs sampler performs very well as compared to the anni-
hilating �lter method, which is not robust to noise.

Perhaps the most important observation we made is the fol-
lowing: The success of the Gibbs sampling algorithm does not
depend on the choice of kernel , but rather the i.i.d. Gaussian
noise assumption. The formulation of the Gibbs sampler does
not depend on the speci�c form of . In fact, we used a
Gaussian sampling kernel to illustrate that our algorithm is not
restricted to the classes of kernels considered in [6].

A natural extension to our work here is to assign structured
priors to , , and . These priors can themselves be depen-
dent on their own set ofhyperparameters, giving a hierarchical
Bayesian formulation. In this way, there would be greater�ex-
ibility in the parameter estimation process. We can also seek to
improve on the computational load of the algorithms introduced
here and, in particular, the sampling ofvia rejection sampling.

A question that remains is: How well can other real-world
signals (including natural images such as in [11]) be modeled as
signals with FRI, possibly with different sampling kernels? We
believe the answer will have profound rami�cations for areas
such as sparse approximation [25] and compressed sensing [26],
[27].

APPENDIX

DERIVATION OF THE CONDITIONAL DENSITIES

For brevity, we de�ne

We start from the log-likelihood of the parametersgiven the
data and model [see (17)]. To obtain ,
we treat the other parameters as constant, giving

Comparing this expression in to the Gaussian distribution
with mean and variance

and equating coef�cients, we obtain (21) and (22). The distribu-
tion can be obtained similarly and is omitted.
Finally, for the noise standard deviation

where is de�ned in (28). Taking the antilog on both sides
yields

which is the square-root inverted-gamma distribution with pa-
rameters given by (27) and (28). All the densities have been
derived.
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