Seismic imaging simulation

(a) Estimated
(16x faster, SNR=9.6 dB).

(b) Estimation error
(Figure 2b minus 5(a))

(c) Cross-correlation
estimate.

Result produced with 16× “compression” in the computations

Figure 5: Simulation results for the more complex Green’s function and the random
Can evenapproach
take this example down to 32×
impulsive-source

Randomly modulated integration
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modulated input and
integrator (low−pass filter)

Uses a standard “slow” ADC preceded by a “fast” binary mixing
Mixing circuit much easier to build than a “fast” ADC
In each sampling interval, the signal is summarized with a random
sum
Sample rate ∼ total active bandwidth

2

Random modulated integration in time and frequency
input signal x(t)

input signal X(ω)

pseudorandom
sequence pc(t)

pseudorandom sequence
spectrum Pc(ω)

modulated input

modulated input and
integrator (low−pass filter)

Y(!)

Fig. 2. The demodulation process multiplies the continuous-time input signal
by a random square wave. The action of the system on a single tone is
illustrated in the time domain (left) and the frequency domain (right). The
dashed line indicates the frequency response of the lowpass filter. See Figure 3
for an enlargement of the filter’s passband.
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Fig. 3.

The random demodulator furnishes each frequency with a unique
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This architecture is being implemented as part of DARPA’s
Analog-to-Information program
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Analog-to-digital
converter state-of-the-art
[FIG1] Stated number of bits versus sampling rate.
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[FIG2] ENOB versus sampling rate.

The bad news starts at 1 GHz
IEEE SIGNAL PROCESSING MAGAZINE [71] NOVEMBER 2005

(Le et al ’05)

Analog-to-digital converter state-of-the-art
From 2008...

(Lots of RF signals have components in the 10s of gigahertz...)

Spectrally sparse RF signals

A-to-I Receiver Development Program

DARPA BAA 08-03

active channels

candidate channels
(e.g., 200kHz GSM bins)

Figure IIIC 3-1 Sparse spectrum populated by a small number of active communications channels. The
positions of the active channels must first be estimated from the NUS data in order to facilitate
reconstruction via L2 reprojection. Our proposed algorithm for detecting the active channels involves
energy detection over each candidate frequency bin.
To employ a NUS reconstruction algorithm such as L2 reprojection, however, it is necessary to first
determine the occupied frequencies, that is, to determine a set ! of occupied frequency channels
" = [ Fmin,1 , Fmax,1 ] ! [ Fmin, 2 , Fmax, 2 ] ! L ! [ Fmin,Z , Fmax,Z ]

where | " |! 150 MHz . The diagram below illustrates the required information flow.
NUS

Randomly modulated integration receiver
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Random demodulator being
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program
(Emami, Hoyos, Massoud)

ADC

N

Applications: radar pulse
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. Top-level block diagram of the RMPI front-end with eight parallel channels.

CMOS Implementation

oposed RMPI architecture, with eight channels in parallel, we need to choose a chip
on technology that not only can support the target modulation rate of 5.0 Gbps, but also
es very low-power consumption per channel. Considering the speed and power requirements of
gn, we plan to design and implement our first prototype in a 90 nm bulk CMOS
mentary metal-oxide-semiconductor) technology. Some of the advantages of using standard
echnologies are: very low area and power consumption, potential for mass-production (low
ossibility of full integration of the front-end with both the ADCs and the digital processing
We plan to use the 90 nm CMOS process that is offered by TAPO (via DoD). Our team
, Azita Emami, has an ongoing research project using the IBM CMOS9sf technology through
sponsored by DARPA (FCRP). This FCRP-funded research is focused on clocking and
nization for a 10 Gbps data communication system. Our ongoing and previous work on precise
neration and signaling in the 90nm technology will be extremely beneficial to the RMPI
entation effort.

of this project, we will also investigate and explore scalability of our design to 65 nm and
which will allow higher modulation rates, lower power consumption and a smaller design. In

Sampling correlated signals

M

Goal: acquire an ensemble of M signals
Bandlimited to W/2
“Correlated” → M signals are ≈ linear combinations of R signals

Sampling correlated signals
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Goal: acquire an ensemble of M signals
Bandlimited to W/2
“Correlated” → M signals are ≈ linear combinations of R signals
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Sensor arrays

Low-rank matrix recovery
Given P linear samples of a matrix,
we solve

y = A(X0 ),
min �X�∗
X

y ∈ RP ,

X0 ∈ RM ×W

subject to A(X) = y

where �X�∗ is the nuclear norm: the sum of the singular values of X.

Low-rank matrix recovery
Given P linear samples of a matrix,
we solve

y = A(X0 ),
min �X�∗
X

y ∈ RP ,

X0 ∈ RM ×W

subject to A(X) = y

where �X�∗ is the nuclear norm: the sum of the singular values of X.
If X0 is rank-R and A obeys the mRIP:

(1 − δ)�X�2F ≤ �A(X)�22 ≤ (1 + δ)�X�2F

then we can stably recover X0 from y.

∀ rank-2R X,
(Recht et. al ’07)

Low-rank matrix recovery
Given P linear samples of a matrix,
we solve

y = A(X0 ),
min �X�∗
X

X0 ∈ RM ×W

y ∈ RP ,

subject to A(X) = y

where �X�∗ is the nuclear norm: the sum of the singular values of X.
If X0 is rank-R and A obeys the mRIP:

(1 − δ)�X�2F ≤ �A(X)�22 ≤ (1 + δ)�X�2F

then we can stably recover X0 from y.

∀ rank-2R X,
(Recht et. al ’07)

An ’generic’ (iid random) sampler A (stably) recovers X0 from y
when
#samples � R · max(M, W )
� RW

(in our case)

CS for correlated signals: modulated multiplexing
modulator

code p1
rate ϕ

modulator

code p2
rate ϕ

+

modulator

..
.

code p3
rate ϕ

ADC

rate ϕ

y

..
.

modulator

code pm
rate ϕ

If the signals are spread out uniformly in time, then the ADC and
modulators can run at rate
ϕ � RW log3/2 (M W )
Requires signals to be (mildly) spread out in time

Summary
Main message of CS:
We can recover an S-sparse signal in RN from
∼ S · log N measurements
We can recover a rank-R matrix in RM ×W from
∼ R · max(M, W ) measurements
Random matrices (iid entries)
�
�
�

easy to analyze, optimal bounds
universal
hard to implement and compute with

Structured random matrices (random sampling, random convolution)
�
�
�

structured, and so computationally eﬃcient
physical
much harder to analyze, bound with extra log-factors

Compressive sensing tells us ...
Sensing...
... we can sample smarter not faster
... we can replace front-end acquisition complexity with back-end
computing
... injecting randomness allows us to super-resolve high-frequency
signals (or high-resolution images) from low-frequency
(low-resolution) measurements
... the acquisition process can be independent of the types of signals
we are interested in

Compressive sensing tells us ...
Sensing...
... we can sample smarter not faster
... we can replace front-end acquisition complexity with back-end
computing
... injecting randomness allows us to super-resolve high-frequency
signals (or high-resolution images) from low-frequency
(low-resolution) measurements
... the acquisition process can be independent of the types of signals
we are interested in

Mathematics...
... there are unique sparse solutions to underdetermined systems of
equations
... random projections keep sparse signals separated
... a seemlingly impossible optimization program (subset selection)
can be solved using a tractable amount of computation

