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Fig. 1. Block diagrams for signal acquisition through random filtering: (a)
using convolution; (b) using FFT/IFFT. The FIR filter h has random taps, which
must be known in order to recover the signal s from the compressed data y .

At first glance, one might think this method
would convert a signal into garbage. In fact, the
random filter is genericenough to summarize many
types of compressible signals. At the same time, the
random filter has enough structureto accelerate mea-
surement and reconstruction algorithms. Our method
has several benefits:

• measurements are time-invariant and nonadap-
tive;

• measurement operator is stored and applied ef-
ficiently;

• we can trade longer filters for fewer measure-
ments;

• it is easily implementable in software or hard-
ware; and

• it generalizes to streaming or continuous-time
signals.

The original paper [1] discusses implementation issues
connected with random filters, and it describes a reconstruction
algorithm based on Orthogonal Matching Pursuit (OMP). We
will not repeat this material here. The remainder of the paper
describes the numerical evidence about the performance of
random filters for CSA. We conclude with a discussion of the
challenges that arise in the mathematical analysis.

IV. NUMERICAL EXPERIMENTS

Extensive numerical experiments indicate that random filters
do provide sufficient information to reconstruct sparse signals.
In this section, we describe an experiment performed in [1].
We fix the signal length d = 128, and the sparsity m = 10. For
each number n of measurements and filter length B, we do the
following. First, draw a random filter of length B with N (0, 1)
taps. For each of 1000 trials, we generate a signal s whose
m nonzero entries are N (0, 1). We take n measurements and
use an OMP-based algorithm to reconstruct the signal. If the
results match to machine precision, then we record a success.
The reconstruction probability is the fraction of the 1000 trials
that result in success. As a control, we perform the same
experiment using a fully random matrix Φ with i.i.d. N (0, 1)
entries. Figure 2 displays the results. Note in particular that
the two longest filters (B = 64, 128) succeed almost as well
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Fig. 2. Probability of exact reconstruction versus the number of measurements
n for four filter lengths B. Signal length d = 128. A typical signal appears at
top.

as the Gaussian matrix, even though they have fewer degrees
of freedom.

V. MATHEMATICAL ANALYSIS OF RANDOM FILTERS

At present, there are no rigorous mathematical results on
the performance of random filters. We are attempting to
calculate the restricted isometry constants [6] of a random
filter using methods from the study of empirical processes.
This calculation would demonstrate that the random filtering
process captures all sparse and compressible signals from
certain classes. Although it does not seem very hard to develop
suppression results (the upper singular value estimates), the
corresponding lower estimates remain out of our reach.
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