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Abstract—Compressive sensing (CS) is able to measure sparse
signals with fewer measurements than Nyquist rate. The recon-
struction of sparse signals in CS is an underdetermined prob-
lem. For realistic applications, the sparsity information may not
be available, the measurements are used to be disturbed by noise,
and efficient hardware realization is important. Existing CS re-
construction algorithms are tradeoff between noise tolerance and
low complexity. In this paper, we propose a novel reconstruction
algorithm called stochastic gradient pursuit (SGP). The stochas-
tic gradient approach is applied to replace least square process
of well-known orthogonal matching pursuit (OMP) algorithm.
Since stochastic gradient approach iterates toward a minimum
mean square error solution, proposed algorithm shows robustness
against noise. Furthermore, proposed algorithm inherits the low-
complexity property of OMP and shows feasibility of hardware im-
plementation. The SGP algorithm can achieve 36% higher success
rate as well as 27% less complexity than OMP when SNR is 20 dB.
Finally, we implement the algorithm with designed hardware shar-
ing architecture in TSMC 90 nm technology. The postlayout result
shows that the core size is only 1.08 mm2 at 150 MHz operation
frequency. Compared with state-of-the-art ASIC designs, the pro-
posed engine achieves 29% higher throughput-to-area ratio.

Index Terms—Compressive sensing, sparse signal reconstruc-
tion, hardware reconstruction, least mean square (LMS), adaptive
filter.

I. INTRODUCTION

COMPRESSIVE sensing (CS) [1], [2] is a novel technique
that attracts intensive attention recently. It measures sig-

nals with fewer measurements than Nyquist rate to estimate
sparse signals. The CS can be modeled in matrix form as [2]

y = Φx + n (1)

where the measurements y ∈ RM ×1 , the CS measurement
matrixΦ ∈ RM ×N is a Gaussian random matrix [3] in this work,
the spare signals x ∈ RN ×1 , and the additive noise n ∈ RM ×1 .
Since natural signals are usually sparse on proper basis, x can
be well approximated by using only K (K ≤ M � N ) nonzero
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TABLE I
SUMMARY OF CS RECONSTRUCTION ALGORITHMS

coefficients. The CS framework shows great enhancement in
reducing sampling rate with application to MRI [4], analog-to-
digital conversion [5], and radar imaging [6].

How to reconstruct the sparse signal for practical CS with
the measurements is the crucial problem. Although many algo-
rithms are developed for CS reconstruction [7]–[11], none of
them concern about following three issues together for practical
applications:

1) No sparsity information: The sparsity K information may
not be available in practical CS. In addition, sparsity of
different pieces of signals varies in certain range. Hence, it
is not reasonable to fix the sparsity during reconstruction.

2) Measurement noise: It is inevitable that the measure-
ments are disturbed by measurement noise. Development
of noise-tolerant reconstruction algorithm is necessary.

3) Hardware realization: Hardware implementation of CS
reconstruction algorithm is an emerging topic to satisfy
throughput demands of practical applications. Therefore,
a low-complexity algorithm with hardware acceleration is
desirable.

Algorithms published in [7]–[11] are remarkable reconstruc-
tion algorithms supported by most researches. The comparisons
of those algorithms are summarized in Table I. The basis pur-
suit denoising (BPDN) algorithm, extended from basis pursuit
(BP) algorithm [7], is proposed in [8] to find the sparse solu-
tion by convex optimization. On the other hand, the l0-LMS
algorithm [9] introduces l0 norm penalty to the cost function
of least mean square (LMS) framework. Although BPDN and
l0-LMS are noise-tolerant, the computational complexity of
them is extreme high. Consequently, the BPDN and l0-LMS
show difficulties in hardware implementation. Alternative pre-
vailing reconstruction algorithms are greedy-type methods such
as orthogonal matching pursuit (OMP) [10] and compressive
sampling matching pursuit (CoSaMP) [11]. The OMP is an iter-
ative greedy algorithm, mainly including pursuing process and
LS process. Compared with BPDN and l0-LMS, OMP has less
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complexity and is more feasible for implementation. Hence,
most works in the literatures adopted OMP to realize the CS
reconstruction engine [12], [13]. However, the reconstruction
performance of OMP is vulnerable to measurement noise. In
addition, size of LS process increases dramatically under noisy
scenario. The fact poses burden on hardware cost. As a result,
CoSaMP is proposed to restrict size of LS process to 3K. If
the explicit sparsity of each signal is available, CoSaMP is able
to resist the measurement noise and prevent shortcomings of
OMP. Nevertheless, the sparsity information is unavailable in
most practical applications.

In this work, we aim to develop a CS reconstruction algo-
rithm with no requirement of sparsity information, robustness,
and feasibility of hardware implementation. The proposed novel
greedy-type reconstruction algorithm is named stochastic gradi-
ent pursuit (SGP) algorithm. The proposed SGP algorithm keeps
the pursuing process of OMP and substitutes the high cost LS
process with stochastic gradient approach such as least mean
square (LMS) process [14]. The nonzero terms of the sparse
solution will be approached by LMS algorithm with minimum
mean square (MMSE) criterion. The main contributions of this
paper include the following:

1) The methodological similarity between pursuing-based
CS reconstruction algorithms and equalizers of com-
munication is realized. The OMP can be mapped to a
zero-forcing (ZF) equalizer, which suffers from noise am-
plification. Since the communication system adopted the
MMSE equalizer as a countermeasure to address the noise
problem of ZF, we are inspired to substitute the LS esti-
mation with MMSE estimation.

2) In MMSE estimation, the noise variance should be de-
termined. Since the noise variance is unavailable in CS
framework, we utilize stochastic gradient approach to it-
erate toward the MMSE solution. The proposed SGP al-
gorithm is robust to additive noise than OMP algorithm.
Compared with OMP, the proposed SGP algorithm is able
to increase 36% success rate when SNR is 20 dB.

3) Furthermore, we also jointly consider the issue of ro-
bustness and hardware realization; therefore, a restricted
stochastic gradient pursuit (R-SGP) algorithm is proposed
and evaluated. The performance of R-SGP algorithm suf-
fers no performance loss with confining LMS to 2K-taps.
The required multiplications of R-SGP algorithm are 30%
less than OMP when SNR is 20 dB.

4) The SGP and R-SGP are matrix-inversion-free, and the
control mechanism of them is simpler than OMP. In addi-
tion, a hardware sharing architecture is proposed for the
R-SGP algorithm to mitigate hardware cost. The proposed
engine achieves 57% higher throughput-to-area ratio than
state-of-the-art CS reconstruction engines when measure-
ments are noiseless.

To validate proposed algorithm, we implement a reconstruc-
tion engine in TSMC 90 nm technology. The core size is
1.08 mm2 at 150 MHz operation frequency.

The rest of this paper is organized as follows. Section II
introduces existing CS reconstruction algorithms and equaliz-
ers of communication. Section III presents the proposed SGP

Algorithm 1: l0-LMS [9]: x̂ = l0 − LMS(y,Φ, μ, β, κ, ε).
Initialize x̂(0) = 0N ×1 , t = 0
while ‖x̂(t) − x̂(t − 1)‖2 < ε or (t = C) is not satisfied

λ = mod(t,M) + 1
Φ̃λ = Φ(λ, :) {λ th row of Φ is selected: Φ̃λ ∈ R1×N }
dλ = yλ {λ th element of y is desired signal}
eλ = dλ − Φ̃λx̂(t) {calculate error}
x̂(t + 1) = x̂(t) + μeλΦ̃T

λ + κg(x̂(t)) {ZA-LMS
estimation}
t = t + 1 {iteration number increases by 1}

end while
return x̂(t)

algorithm. The numerical experiments and analysis of complex-
ity are shown in Section IV. Section V presents the hardware
architecture and VLSI implementation results. Finally, we con-
clude this paper in Section VI.

II. PRELIMINARIES

A. Review of CS Reconstruction Algorithms

The reconstruction of x is an underdetermined problem. In
principle, signal x can be recovered by solving the l0-problem
which is non-polynomial hard. To reduce the computational
complexity, l1 norm is applied to replace l0 norm. The modi-
fication relaxes the NP-hard problem to a convex optimization
problem as

min
x

‖x‖1 , s.t.Φx = y (2)

Solving (2) is known as BP algorithm [7]. Afterward, the
BPDN algorithm [8] was proposed to allow for noise in the
measurements. The constraint is changed to

min
x

‖x‖1 , s.t.‖y − Φx‖2 ≤ σ (3)

where σ ≥ ‖n‖2 . Since calculation of BPDN is generally linear
programing, the complexity of BPDN is still extreme high.

On the other hand, a novel algorithm named l0-LMS is pro-
posed by [9], [15] as shown in Algorithm 1, where t counts
computational iterations, ε > 0 is a given error tolerance, and
C is a given maximum iteration number. After approximation
procedures derived in [11], the gradient decent recursion of x̂
in l0-LMS becomes

x̂(t + 1) = x̂(t) + μeλΦ̃T
λ + κg(x̂(t)) (4)

where μ is the step-size, eλ is the error of adaptive filter, Φ̃λ is
1 × N input vector, κ is weighting of l0-norm penalty,

g(x̂) = [g(x̂1), g(x̂2), . . . . . . , g(x̂N )]T (5)

g(x) =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

β2x + β, − 1
β

≤ x < 0

β2x − β, 0 ≤ x <
1
β

0, elsewhere

(6)
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Algorithm 2: OMP [10]: x̂ = OMP(y,Φ).
Initialize x̂(0) = 0N ×1 , r = y,Ω = φ, t = 0
while (‖r‖2 < ε) or (t = M) is not satisfied

Corr = |ΦT r| {form signal proxy}
Ω = Ω ∪ supp(T (Corr, 1)) {index update}
x̂i|Ω(t + 1) = ΦΩ

†y, x̂i|ΩC (t + 1) = 0 {LS estimation}
r = y − Φx̂(t + 1) {residual update}
t = t + 1 {iteration number increases by 1}

end while
return x̂(t)

Algorithm 3: CoSaMP [11]: x̂ = CoSaMP(y,Φ,Kin ).
Initialize x̂(0) = 0N ×1 , r = y,Ω = φ, t = 0
while (‖r‖2 < ε) or (t = M) is not satisfied

Corr = |ΦT r| {form signal proxy}
Ω = supp(T (Corr, 2Kin )) ∪ supp(x̂(t)) {merge
supports}
bi|Ω = ΦΩ

†y,bi|ΩC = 0 {LS estimation}
x̂(t + 1) = T (b,Kin ) {prune signal}
r = y − Φx̂(t + 1) {residual update}
t = t + 1 {iteration number increases by 1}

end while
return x̂(t)

and β is a constant to control the range of attraction. The last term
of (4) is called zero attraction term that attracts small coefficients
of x̂ to zero. Although the l0-LMS algorithm is robust to noise,
the l0-LMS algorithm requires N-taps recursive computing with
additional zero attraction. Hence, the latency of l0-LMS is even
higher than BP algorithm [15].

The OMP algorithm [10] is proposed for the purpose of
low-complexity reconstruction as shown in Algorithm 2. The
T (Corr, s) denotes a thresholding operator on correlation
vector Corr, to set all but s largest entries of Corr to zero.
Hence, the pursuing process of OMP will iteratively identify
the location of a nonzero term by finding the column of Φ that
is most correlated to current residual. Then, the column will
be added to a chosen matrix ΦΩ according to the index set Ω.
Afterwards, the nonzero terms are estimated by projecting mea-
surements onto the columns of the chosen matrix. If the sparsity
information K is available, CoSaMP [11] is proposed to se-
lect 3K best columns to ΦΩ in a single iteration as shown in
Algorithm 3. The CoSaMP delivers the same guarantees as best
optimized-based approaches under noisy measurements.

B. ZF and MMSE Equalizers in Communications [16], [17]

The baseband model for multi-input multi-output (MIMO)
with Nt transmit antennas and Nr receiver antennas is formulated
as

z = Hc + v (7)

where z ∈ CNr ×1 is the received signal, H ∈ CNr ×Nt is the
Rayleigh fading channel, c ∈ CNt ×1 is transmitted symbol

vector, and v ∈ CNr ×1 stands for white Gaussian noise with
v ∼ N (0, σ2

v I). Since the number of receive antennas is used
to be no less than the number of transmit antennas (Nr ≥ Nt),
the estimation of c becomes the determined or over-determined
problem in communication [18]. Several equalizers are applied
to estimate symbol vector c.

Zero-forcing (ZF) equalizer and minimum mean square error
(MMSE) equalizer are two types of well-known linear equalizer.
For the ZF equalizer, the estimation of c can be formulated as

ĉZF = (HH H)−1HH z = c + (HH H)−1HH v (8)

However, the last term in (8) is proportional to the noise. Further-
more, the ZF suffers from significant noise amplification when
H is ill-conditioned, which means that determinant of (HH H)
approaches zero. To settle the problem of noise enhance-
ment, the MMSE equalizer is proposed to minimize the overall
error as

ĉM M SE =
(

HH H +
σ2

v

σ2
c

INt ×Nt

)−1

HH z (9)

where it was assumed that E[ccH ] = σ2
c INt ×Nt

and E[vvH ] =
σ2

v INr ×Nr
. In realistic communication, the σ2

c is defined by
transmitting power. On the other hand, the σ2

v can be estimated
by known pilots, which are transmitted along with informa-
tion symbols. The MMSE receiver is less sensitive to noise
[18]. When σ2

v → 0, the estimation of MMSE approaches the
estimation of ZF. When σ2

v 
 σ2
c , the effect of noise will be

suppressed.

III. PROPOSED STOCHASTIC GRADIENT PURSUIT

(SGP) ALGORITHM

A. MMSE Criterion for CS Reconstruction

The CS reconstruction is an underdetermined problem while
the equalization in communication is an overdetermined prob-
lem. Because only the values of nonzero terms matter, the greedy
algorithms are proposed to divide the CS reconstruction prob-
lem into two processes. In the pursuing process, it is desired
to identify the location of nonzero terms. In the estimation pro-
cess, only nonzero terms are calculated; therefore, the estimation
becomes overdetermined problem. Since the LS estimation is
applied in OMP as well as ZF, the estimation of an iteration of
OMP can be realized as ZF.

However, the effects of noise are more significant in OMP
than ZF. In communication, the H of (7) is determined by in-
dependent channel estimation procedure. In OMP, the chosen
matrix of the iteration is related to the LS estimation of last it-
eration. The fact leads to the error propagation and makes OMP
vulnerable to measurement noise.

Since the MMSE equalizer is adopted to address the noise
issue in communication, it is reasonable to replace LS estimation
of OMP with MMSE criterion as

x̃M M SE =

(

ΦT
ΩΦΩ +

σ2
n

σ2
x|Ω

I

)−1

ΦT
Ωy (10)
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where x̃M M SE is nonzero terms of x̂, E[xΩxT
Ω ] = σ2

x|ΩIL×L ,

E[nnH ] = σ2
nIM ×M . Because the rows of ΦΩ is linear in-

dependent, we have ΦΩ
† = (ΦT

ΩΦΩ)−1ΦT
Ω = ΦT

Ω(ΦΩΦT
Ω)−1 .

Therefore, (10) can also be formulated as

x̃M M SE = ΦT
Ω

(

ΦΩΦT
Ω +

σ2
n

σ2
x|Ω

I

)−1

y (11)

Nevertheless, it is hard to determine σ2
x|Ω and σ2

n in CS. In
practical CS, the power of x cannot be controlled and amplitude
of each nonzero term is different. Hence, the information of
σ2

x|Ω is unavailable. On the other hand, the σ2
n is also unknown

because no pilots are contained in x.

B. Stochastic Gradient Pursuit (SGP) Algorithm

The mean square error (MSE) is given by the trace of error
covariance matrix as

MSE ≡ tr
{

E[(x̂ − x)(x̂ − x)T ]
}

(12)

The core idea of MMSE estimation is to minimize the MSE
with observed y that is jointly distributed with x. Since we
cannot determine the analytical expression in (11) of the MMSE
estimator, the gradient descent methods are often applied to
seek the minima of MSE. The linear LMS estimation is a well-
known stochastic gradient descent method for simplicity and
low computation cost. The purpose of LMS is to minimize the
mean square error between the desired signal and the output of
adaptive filter. According to [19], the steady state solution of
the LMS can be formulated as

x̃LM S = RxxΦT
Ω [ΦΩRxxΦT

Ω + Rnn ]−1y (13)

where Rxx = E[xΩxT
Ω ] is the autocorrelation matrix of xΩ ≡

{x(i)|i ∈ Ω}, and Rnn = E[nnT ]. Equation (13) indicates that
the LMS estimation will iteratively converge to MMSE solution
under ΦΩ . Consequently, the MMSE estimation can be achieved
in the long run even though Rxx and Rnn are not acquired
explicitly.

We utilize stochastic gradient approach to iterate toward the
MMSE solution, and propose a novel algorithm named stochas-
tic gradient pursuit (SGP). Accordingly, the CS reconstruction
is regarded as system identification, which the weighting func-
tion of adaptive filter adjusts itself by the error between the
desired signal and the output of adaptive filter. If all nonzero
terms can be identified after iterations, (1) without noise can be
simplified as

y = Φx = ΦΩ ,opt x̃opt (14)

where x̃opt is the optimal nonzero terms of x, and ΦΩ ,opt is
corresponding optimal chosen matrices. In view of adaptive
filter, y can be regarded as desired signals, x̃opt can be regarded
as coefficient vector, and ΦΩ ,opt is the input matrix.

In proposed SGP algorithm, the pursuing process of existing
greedy algorithm is applied as well to identify the locations
of nonzero terms. The ΦΩ ,opt is expected to be achieved by
pursuing process. Then, the LMS process is applied to estimate

Fig. 1. Illustration of applying LMS to CS reconstruction.

x̃opt . The procedure of proposed SGP algorithm mainly includes
pursuing process, LMS process, and residual update.

In pursuing process, the most correlated column in mea-
surement matrix, N × 1 correlation vector Corr will be
calculated as

Corr =
∣
∣ΦTr(t)

∣
∣ (15)

where r(t) is the residual of tth iteration. Then, the pursuing pro-
cess will extend the support location set by finding the maximum
element in the correlation vector as

ω(t + 1) ≡ arg max
ω∈[N ]

{Corr(ω)} (16)

where ω(t + 1) is the maximum element of correlation vector.
The ω(t + 1) will be updated to the support location set Ω as

Ω(t + 1) = Ω(t) ∪ ω(t + 1) (17)

The size of support location set Ω(t + 1) is denoted as L. It
is worth mentioning that Ω(t + 1) may not be extended when
ω(t + 1) is already existed in Ω(t). The chosen matrix is formed
according to the location set as

ΦΩ(t+1) = {
⇀

φj |j ∈ Ω(t + 1)} (18)

where
⇀

φj is the jth column of measurement matrix Φ.
After pursuing process, we input the chosen matrix ΦΩ(t+1) ,

which is M× L, to LMS process to estimate the value of nonzero
terms as shown in Fig. 1. The estimation error of adaptive filter
with respect to desired signal y can be formulated as

eλ = yλ − Φ̃λx̃λ (19)

where Φ̃i denotes the ith row of the chosen matrix ΦΩ , yi
represents ith element of measurements y, and x̃λ is L × 1
vector. The gradient decent recursion of LMS becomes

x̃λ+1 = x̃λ + μ · eλ · Φ̃T
λ (20)

where μ is the step size. Because rows of ΦΩ(t+1) and the
corresponding elements of y are utilized recursively, λ is 1 to
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Algorithm 4: SGP: x̂ = SGP(y,Φ, μ, THR).
Initialize x̂(0) = 0N ×1 , r(0) = y,Ω(0) = φ, t = 0
while (rnorm2−square < THR) or (t = M) is not satisfied

Corr = |ΦT r(t)|
ω(t + 1) ≡ arg max

ω∈[N ]
{Corr(ω)}

Ω(t + 1) = Ω(t) ∪ ω(t + 1)
x̃1 = x̂i|Ω(t+1)
for λ from 1 to M do

Φ̃λ = ΦΩ(t+1)(λ, :)
dλ = yλ

eλ = dλ − Φ̃λx̃λ

x̃λ+1 = x̃λ + μ · eλ · Φ̃T
λ

end for
x̂i|Ω(t+1)(t + 1) = x̃M +1 , x̂i|Ω(t+1)C (t + 1) = 0
r(t + 1) = y − ΦΩ(t+1)x̃M +1

rnorm2−square =
M∑

i=1
ri

2

t = t + 1
end while
output x̂(t)

M. The x̃M +1 is the output of LMS process as

x̂i|Ω(t+1)(t + 1) = x̃M +1 (21)

After processing of LMS, the residual vector r and the square
of 2-norm of current residual rnorm2−square will be calculated
as

r(t + 1) = y − ΦΩ(t+1)x̃M +1 (22)

and

rnorm2−square =
M∑

i=1

ri
2 (23)

where x̃M +1 is L × 1 vector that comprises only nonzero terms,
and ri is ith element of r(t+1). With the increase of iteration,
the rnorm2-square will approach zero. If set maximum iteration
number M is reached or rnorm2-square is less than predefined
early termination threshold THR, the estimated sparse solution
x̂ will be outputted. Otherwise, the SGP algorithm will go back
to calculation of correlation, and algorithm iterates. The SGP
algorithm is summarized in Algorithm 4.

C. Comparisons of SGP, l0-LMS, and OMP

The differences between SGP and related algorithms are com-
pared in Table II. The l0-LMS introduces l0 norm penalty to the
cost function ξ(t) of LMS as

ξ(t) = |e(t)|2 + γ‖x̂(t)‖0 (24)

where e(t) is estimation error, x̂(t) is the coefficient vector of
adaptive filter in tth iteration, ‖x̂‖0 denotes l0 norm of x̂, and
γ > 0 is a factor to balance the penalty and the estimation error.
The l0-LMS applies N-taps recursive LMS with additional zero

TABLE II
COMPARISONS OF DIFFERENT ALGORITHMS

attraction to estimate sparse signals. From view of l0-LMS, the
pursuing process is applied in SGP to provide l0 norm constraint.
As a result, only standard LMS is required. In addition, the
number of taps is reduced from N to L, where L is expected to
be far less than N.

The OMP applies pursing process and LS process to estimate
sparse signals. The x̂ is calculated by projecting measurements
onto the columns of the chosen matrix, hence, it minimizes the
cost function to all measurements as

ξ(t) = ‖y − Φx̂‖2
2 (25)

Since effect of noise is amplified in LS computing, the SGP
substitutes the LMS process for LS process to provide noise
suppression. Furthermore, the LMS is matrix-inversion-free.

D. Restricted SGP (R-SGP) Algorithm

Because of the additive noise, the size L of the final chosen
matrix is use to be larger than sparsity K. In hardware implemen-
tation, size of the chosen matrix should be limited. To jointly
consider the ability of noise-tolerance and hardware realization,
we further propose a restricted SGP (R-SGP) algorithm. The
R-SGP restricts the maximum size of the chosen matrix. The
constraint is applied to investigate the performance of SGP with
hardware limitation.

In R-SGP algorithm, the system will check the size of current
support location set Ω(t) before pursuing process is executed.
Because of the effect of noise, the location of nonzero terms
may be miscalculated. Hence, the size of the chosen matrix
ΦΩ is larger than K. Nevertheless, the size of the chosen matrix
should be restricted for hardware implementation. For hardware
realization, L is bounded by predefined parameter Kmax . If L
equals Kmax , the algorithm will skip pursuing process, and
therefore ΦΩ will not be extended anymore. The difference
between Kmax and K is the margin for noise tolerance.
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Algorithm 5: R-SGP: x̂ = R − SGP(y,Φ, μ, THR,Kmax).
Initialize x̂(0) = 0N ×1 , r(0) = y,Ω(0) = φ, t = 0
while (rnorm2−square < THR) or (t = M) is not satisfied

Corr = |ΦT r(t)|
ω(t + 1) ≡ arg max

ω∈[N ]
{Corr(ω)}

if size(Ω(t)) < Kmax do
Ω(t + 1) = Ω(t) ∪ ω(t + 1)

else
Ω(t + 1) = Ω(t)

end if
x̃1 = x̂i|Ω(t+1)
for λ from 1 to M do

Φ̃λ = ΦΩ(t+1)(λ, :)
dλ = yλ

eλ = dλ − Φ̃λx̃λ

x̃λ+1 = x̃λ + μ · eλ · Φ̃T
λ

end for
x̂i|Ω(t+1)(t + 1) = x̃M +1 , x̂i|Ω(t+1)C (t + 1) = 0
r(t + 1) = y − ΦΩ(t+1)x̃M +1

rnorm2−square =
M∑

i=1
ri

2

t = t + 1
end while
return x̂(t)

E. Analysis of Step Size of SGP Algorithm

In order to make the LMS stable and offer a good perfor-
mance, we pay particular attention to the choice of a suitable
value of the step size μ. There is a sufficient condition for μ to
guarantee bounded MSE [20]:

μ ≤ 2
3× trace(R)

(26)

where R is the autocorrelation matrix of filter input. The auto-
correlation matrix R can be derived as [14]:

R = E{u(n)u(n)T}

∼= 1
M

[u(1)u(1)T + u(2)u(2)T + · · · + u(M)u(M)T ]

=
1
M

[u(1) · · ·u(M)][u(1) · · ·u(M)]T , (27)

where u(j) is the jth row of ΦΩ . Hence, R can be rewritten as

R ∼= 1
M

ΦT
ΩΦΩ (28)

Then, trace(R) can be calculated as

trace(R) = trace
( 1

M
ΦT

ΩΦΩ

)

=
1
M

(‖ΦΩ(:, 1)‖2 + · · · + ‖ΦΩ(:, L)‖2). (29)

In this work, we adopt random Gaussian matrix as the measure-
ment matrix, and the quadratic sum of every column is set to be

one as

‖ΦΩ(:, 1)‖2
2 = · · · = ‖ΦΩ(:, L)‖2

2 = 1 (30)

Therefore, (29) can be further derived as

trace(R) =
L

M
(31)

Substituting (31) into (26), we have

μ ≤ 2
3
× M

L
(32)

The number of filter taps varies in different iterations. For hard-
ware implementation, we intend to fix the value of step size. To
guarantee the step size is always adequate with fast convergence
speed, the step size is set to be

μ =
2
3
× M

Kmax
(33)

F. Determination of Early Termination Threshold (THR)

Since iteration increases, the residual will gradually approach
to a zero vector. An early termination scheme is desired to early
terminate the iterative procedure and reduce computational com-
plexity. OMP algorithm with error tolerance early termination is
mentioned in [21] for noisy scenario. When 2-norm of residual
satisfies

‖r‖2 < THR (34)

the iterative procedure of OMP will be terminated. However,
the threshold THR is used to be determined by empirical simu-
lations. Moreover, it takes high cost to calculate root operation
in 2-norm. To provide a guideline for determination of THR and
reduce computational complexity, we propose a simple early
termination scheme based on targeted normalized root mean
square error (NRMSE), which is denoted as TN RM SE . The
proposed stopping criterion is

M∑

i=1

r2
i < THR (35)

The left side of (35) is square of residual norm and is denoted
as rnorm2-square . How to determine the value of the threshold
THR is an important issue.

To explore the value of THR, we first look into error tolerance
margin of the reconstructed signal. In practical applications,
the reconstruction can be regarded as successful reconstruction
if NRMSE of the reconstructed signal is lower than targeted
NRMSE as

TN RM SE >
√

1
N [(x1 − x̂1)

2 + (x2 − x̂2)
2 + · · · + (xN − x̂N )2 ]

max(x) − min(x)
(36)

Hence, the reconstructed signal x̂ does not need to be ex-
actly the same as x in noiseless scenario. The (36) can be
formulated as

TN RM SE
2 × α2 × N>[(x1 − x̂1)2 + · · · + (xN − x̂N )2 ]

(37)
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where

α = [max(x) − min(x)] (38)

We expect (36) holds after CS reconstruction process is
terminated.

On the other hand, we would like to link the relation between
current residual and error of reconstructed signal. According to
Cauchy-Schwarz inequality, we have

(
φ11

2 + · · · + φ1N
2) [

(x1 − x̂1)2 + · · · + (xN − x̂N )2]

≥ [φ11(x1 − x̂1) + · · · + φ1N (xN − x̂N )]2

= (y1 − ŷ1)2 = r1
2 ,

...
(
φM 1

2 + · · · + φM N
2) [

(x1 − x̂1)2 + · · · + (xN − x̂N )2]

≥ [φM 1(x1 − x̂1) + · · · + φM N (xN − x̂N )]2

= (yM − ŷM )2 = rM
2 . (39)

The right hand side of each inequality is the square of corre-
sponding element of residual vector. After summation of all
inequalities, we have

(
φ11

2 + · · · + φ1N
2 + · · · + φM 1

2 + · · ·φM N
2)

[
(x1 − x̂1)2 + · · · + (xN − x̂N )2] ≥

M∑

i=1

r2
i . (40)

Each column vector of the measurement matrix is set to be one
as

(φ1λ
2 + φ2λ

2 + · · · + φM λ
2) = 1, 1 ≤ λ ≤ N (41)

Combining (37), (40), and (41), following equation holds

TN RM SE
2 × α2 × N 2 >

N∑

i=1

r2
i (42)

Therefore, the proposed threshold THR is set to be left hand side
of (42) as

THR = TN RM SE
2 × α2 × N 2 (43)

G. Flowchart of SGP/R-SGP Algorithms

Fig. 2 shows the flowchart of the proposed SGP and R-SGP
algorithm. The detailed steps are listed as follows,

Step 1): Given the measurements y, the measurement
matrix Φ, and some parameters for the algorithm.

Step 2): Initialize the residuals r, support location set Ω, and
estimated sparse signal x̂.

Step 3): Calculate correlation between residual r and Φ to
identify the most correlated column. The column will
be updated to the chosen matrix ΦΩ .

Step 4): Estimate sparse signal x̂ by LMS process. The LMS
process will approach the sparse solution based on
gradient descent.

Step 5): Update the residual.

Fig. 2. The flowchart of the proposed stochastic gradient pursuit (SGP)
algorithm and R-SGP algorithm. For SGP algorithm, the Step 7 will be skipped.
For R-SGP algorithm, the Step 7 should be processed.

Step 6): Check if termination conditions are reached or not.
In SGP algorithm, the process will go back to
Step 3 if all of the conditions are not satisfied,
or else will output the estimated sparse signal x̂.
In R-SGP algorithm, the system will go to Step 7
if all of the conditions of Step 6 are not satisfied.

Step 7): Check whether size of support location set Ω reaches
predefined maximum value Kmax or not. Go back
to Step 3 if the condition is not satisfied; otherwise
Step 3 will be skipped.

IV. NUMERICAL EXPERIMENTS AND ANALYSIS OF

COMPUTATIONAL COMPLEXITY

A. Reconstruction Performance under Noisy Scenario

We conduct an experiment on different reconstruction
algorithms under noisy scenario. The input length N, measure-
ment length M, and signal sparsity K are fixed. Then, we mod-
ify the signal-to-noise ratio (SNR) to observe the reconstruction
performance. The BPDN, BP, OMP, and CoSaMP are simu-
lated for comparison because they have been recognized by
most of literatures. The simulation setup is summarized in Ta-
ble III, which N, M, K are set according to [12]. The Kmax is
set to be 2K, and maximum number of iterations is set to be
M as OMP. Since α varies with different signals, we have to
fix α for simulation. Because nonzero terms of x are uniform
distributed between [−1, 1], we simply set α as 0.05 because
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TABLE III
SIMULATION PARAMETERS

Fig. 3. Success rate of SGP, R-SGP, and prevailing reconstruction algorithms.

it is far less than range of the distribution. When TN RM SE is
10−2, the threshold THR for early termination can be determined
according to (43). The quantity of simulation data is 105 for each
point of SNR. Due to additive noise n, the required iterations of
OMP cannot be determined. Therefore, the halting condition of
OMP algorithm is ‖r‖2 < 10−2 [21].

According to (1), the SNR of the measurements is defined as

SNR ≡ 10 log

(
‖Φx‖2

2

‖n‖2
2

)

(44)

To evaluate the reconstruction performance, we employed the
normalized root-mean-square error (NRMSE) as

NRMSE ≡

√
1
N

∑N
i=1 (x̂i−xi)2

max(x) − min(x)
(45)

where xi and x̂i are ith element in x and x̂, respectively. If
the NRMSE of the trial is less than 10−2, the trial is regarded
as successful reconstruction. The success rate (SR) can be
formulated as

SR ≡ # of (Trials that NRMSE < 10−2)
# of Trials

(46)

The simulation of CS reconstruction is shown in Fig. 3. It can
be observed that the proposed SGP algorithm is robust to noise
than prevailing BPDN, BP, and OMP algorithm. When SNR is
20 dB, the SR of SGP, R-SGP, BPDN, BP, and OMP is 97.1%,
97.3%, 89.9%, 76.8%, and 60.9%, respectively. Compared with
OMP, the proposed SGP is able to increase 36.2% success rate
when SNR is 20 dB. On the other hand, the performance of SGP

Fig. 4. Analysis of required iterations for OMP and SGP-related algorithms.

TABLE IV
AVERAGE ITERATIONS OF SGP WITH AND WITHOUT EARLY TERMINATION

with proposed early termination scheme suffers no performance
degradation. Besides, the proposed SGP algorithm and R-SGP
algorithm have barely same performance. The CoSaMP has best
performance when sparsity of the signal is available. However,
the CoSaMP suffers severe performance degradation when Kin

is wrongly set. In practical, K used to be unavailable; hence, the
CoSaMP will not be compared with other techniques.

B. Analysis of Required Iterations

The analysis of required iterations of proposed algorithms and
OMP algorithm are shown in Fig. 4. We average iteration counts
of simulated 105 trials for each algorithm. Due to proposed early
termination scheme, it can be observed that required iterations of
SGP and R-SGP decrease dramatically when SNR is higher than
16 dB. On the other hand, the required iterations of proposed
algorithms are less than OMP when SNR is higher than 20 dB.

SGP-related algorithms with and without early termination
are compared to reveal effectiveness of the proposed early ter-
mination scheme in Table IV. The early termination scheme is
able to reduce 54% and 86% iterations in SGP when SNR equals
20 dB and 24 dB, respectively.

C. Analysis of Computational Complexity

In this subsection, we seek to analyze the computational com-
plexity of OMP and proposed algorithms. The difference of
OMP and proposed SGP algorithm lies on the LS process and
LMS process. In each iteration, the OMP requires a matrix in-
version of L by L matrix, where L is size of Ω. As size of
the chosen matrix becomes larger, the required multiplications
of LS process increase in O(L2). On the other hand, the LMS
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TABLE V
COMPUTATIONAL COMPLEXITY OF MULTIPLICATIONS OF DIFFERENT RECONSTRUCTION ALGORITHMS

TABLE VI
REQUIRED MULTIPLICATIONS OF DIFFERENT ALGORITHMS: N = 256,

M = 64, K = 8, Km ax = 16

process only needs to calculate M(2L+1) multiplications, which
is O(L).

Table V presents the computational complexity of multipli-
cations of OMP and SGP-related algorithms in parameters of
input length N, the number of measurements M, and the number
of iterations T. The computational complexity of multiplications
of OMP is provided by [13], which applied modified Cholesky
factorization method for matrix inversion. In OMP, size of cho-
sen matrix L increases each iteration, which indicates L = T
when computing is accomplished. Although the size of chosen
matrix of SGP-related algorithms may not increase each itera-
tion, which indicates L ≤ T when computing accomplished, we
assume L increases each iteration in Table V for ease of estima-
tion. Therefore, the complexity of multiplications of SGP and
R-SGP algorithms in Table V is overrated. On the other hand, the
size of chosen matrix is limited by Kmax in R-SGP algorithm.

The exact multiplications required by proposed algorithms
and OMP algorithm are listed in Table VI. The T value is
set to be the round value of average number of required iter-
ations, which is shown in Fig. 4. In noisy scenario, it can be
observed that the proposed SGP algorithm is able to reduce up
to 76% multiplications when SNR is 24 dB. Hence, the proposed
algorithms outperform OMP algorithm in robustness and com-
putational complexity.

Fig. 5. Reconstruction performance of the proposed R-SGP algorithm with
8, 9, 10-bit fractional precision.

In noiseless scenario, the total required multiplications
of SGP and R-SGP algorithms are competitive with OMP.
According to [10], the total required multiplications of LS pro-
cess of OMP are O(K3) in noiseless scenario, which T equals
K. When scenario is noiseless, the simulation results show that
K iterations are needed for proposed SGP algorithms. Hence,
the required multiplications of LMS process of proposed SGP
related algorithms are O(K2).

V. ARCHITECTURAL DESIGN AND VLSI IMPLEMENTATION

We design a shared architecture for implementation of
R-SGP algorithm. To compare with [12], the input dimension
N is set to be 256, the measurement M is set to be 64, and the
sparsity K is set to be 8. The implementation results show that
the proposed engine is not only robust but also cost-effective
than state-of-the-art CS reconstruction engines.

A. Fixed-Point Analysis

The performance of the proposed R-SGP algorithm is ex-
ploited to evaluate the success rate versus different SNR with
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Fig. 6. Proposed hardware sharing architecture for the R-SGP algorithm.

Fig. 7. Structure of the shared block.

different fixed-point precisions. Since the simulation time of
fixed-point analysis is longer than floating-point, 1000 trials
are simulated for each point. Other settings of the fixed-point
simulation are the same as Fig. 3.

Since nonzero terms of x and elements of measurement matrix
are all fractional, we explore the precision of fractional part in
the fixed-point simulation. As shown in Fig. 5, the proposed
R-SGP algorithm has no noticeable performance degradation
when fractional precision is 10 bits. Hence, the φi is signed
11-bit word length with 10-bit fraction length. The precision of
the decimal part in the analysis is set according to sparsity K.
Hence, the word length of y, x̃, r, and Corr is set to be signed
14-bit word length with 10-bit fraction length.

B. Hardware Sharing Architecture

The overall architecture of proposed engine is shown in Fig. 6.
The measurements will be inputted to the engine and memorized
in registers in sequence. The measurements together with pre-
defined Φ will be applied to calculate spare solution until the
termination conditions are meet. When termination conditions
are satisfied, the engine will remap the x̃ to x̂ and output the
estimated sparse signal x̂ sequentially.

In our design, elements of Φ will be memorized in a PHI
memory bank. The PHI memory bank is designed to be capa-
ble of outputting single column of Φ in a cycle. According to
previous fixed-point analysis, the PHI memory bank consists of

Fig. 8. Structure of the maximum correlation finder.

TABLE VII
SUMMARY OF ACCESS OF THE SHARED BLOCK

Kmax ROMs and size of each ROM is 44 × 256. Therefore, we
only need to input n as address of the memory bank to read out
nth column of Φ.

The major cost in CS reconstruction engine is occupied by
the calculation of correlation, LMS, and residual update. The
calculation of correlation, LMS, and residuals update, and
rnorm-2-sqare is formulated in (15), (19), (22), and (23), respec-
tively. It can be observed that the matrix-vector multiplication
is required in these four equations. Furthermore, calculation
of correlation, LMS, residual update, and rnorm-2-sqare is
computed in sequence. The fact instigates our research for
hardware sharing between these various steps of the R-SGP
algorithm. We notice that LMS computing and residual update
both take Kmax multiplications. Since N and M are multiple of
Kmax , we design Kmax -parallel multipliers and Kmax -input
adder tree as the shared block. The structure of the shared block
is shown in Fig. 7.
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Fig. 9. (a) Data path of Step 3. (b) Data path of Step 4. (c) Data path of residual update. (d) Dada path of calculation of rnorm 2−sq u a r e for early termination.

The structure of maximum correlation finder is shown in
Fig. 8. In the comparator, we reach the maximum correlation in
a one-by-one manner. The value of Corr(i) can be formulated as

Corr(i) =
〈⇀

φi, r(t)
〉

(47)

Based on proposed architecture, the Corr(i) is accumulated
every four cycles because M is four times of Kmax . Then,
the calculated Corr(i) will be compared to temporary maxi-
mum correlation value (Temp Corr M ax). If current Corr(i)
is larger than Temp Corr M ax , the Temp Corr M ax will
be updated to Corr(i). Otherwise, the Temp Corr M ax re-
mains the same. The parameter i will be increased from 1 to
N in each iteration. When i = N , the corresponding index of
Temp Corr Max is ω.

C. Data Path of Each Step

In this subsection, we introduce how we access of the shared
block in different steps. The summary of the access is shown
in Table VII. The shared block is utilized for calculation of
pursuing process, LMS process, and residual updates.

The data path of computing Step 3 is illustrated in Fig. 9(a).
The residual and each column of Φ will be inputted to the
shared block. Because r and column of Φ are M × 1 vectors, M
multiplications and (M −1) additions are required to calculate
the inner product. Therefore, we fold the inner product into

four cycles according to the parallelism of the shared block.
The result of (47) is achieved every four cycles. The proposed
maximum correlation finder is applied to identify the maximum
index of correction vector ω. Afterwards, the maximum index
will be added to support location set Ω. At last, the chosen matrix
ΦΩ is extended by reading out the corresponding column from
memory bank. In each iteration, the proposed hardware sharing
architecture requires (N ×M /Kmax) cycles to perform the
computation of pursuing process.

Fig. 9(b) shows the data path of LMS process. In LMS pro-
cess, the engine will compute (19) as the gradient and gradually
approach the sparse solution by (20). Each row of ΦΩ and cur-
rent filter coefficient vector x̃ will be inputted to the shared block
to compute Φ̃λx̃λ. Then, the corresponding element of measure-
ments y is utilized to calculate error term e, and Kmax -parallel
multipliers and adders are applied to implement computing of
(20). In each iteration, it takes M cycles to finish the LMS
process.

Fig. 9(c) and Fig. 9(d) illustrate the data path of residual up-
date and calculation of rnorm2-square , respectively. For residual
update, ΦΩ x̃ is achieved by the shared block. Afterwards, the
updated residual can be obtained by computing (22). After the
residual is updated, every Kmax elements of the residual vector
will be inputted to the shared block to compute (23). Since the
purpose of rnorm-2-sqare is for early termination, the precision
of rnorm-2-sqare can be relaxed. To utilize the shared block, we
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Fig. 10. Layout of the proposed CS reconstruction engine.

TABLE VIII
THE PROPOSED IP SUMMARY

truncate one of the ri to 11 bits. In each iteration, it requires M
cycles to update residual and (M /Kmax) cycles to calculate
rnorm2-square .

D. Implementation Results and Comparisons

The proposed engine is implemented in TSMC 90 nm tech-
nology by using Cadence SoC encounter tool. Fig. 10 shows
the IP layout of the CS reconstruction engine. The core area
is 1.08 mm2 at 150 MHz operation frequency. The size of the
PHI memory bank is 0.56 mm2, and the size of all arithmetic
units, logic units and buffers costs 0.52 mm2. The IP features
are summarized in Table VIII. The engine supports CS recon-
struction for the sparse signals, which input length N = 256
and measurements M = 64.

When the measurements are noisy, the noisy mode is able
to estimate the sparse signals which sparsity K equals 8 by
R-SGP algorithm. Under the predefined (N, M, K, Kmax) =
(256, 64, 8, 16), it takes 1162 cycles to complete an iteration,
where extra 6 cycles are due to delay of accessing the PHI
memory bank.

Since the scenario is noiseless, the margin of (Kmax − K)
is not necessary. Under noiseless scenario, the same engine is
able to reconstruct the sparse signals that the sparsity of the
signals equals Kmax . Hence, the setting of the R-SGP algo-

TABLE IX
COMPARISONS OF THE CS RECONSTRUCTION ENGINES

aThe proposed architecture includes all arithmetic units, logic units and buffers for mea-
surements y. The post layout results are provided.
bThe post layout results of [12] includes only arithmetic and logic units, and make use of
all external buffers. Hence, buffers for measurements y are not taken into account.
cReference [22] only provided the synthesis results which measurements buffers were taken
into account.

rithm becomes (N, M, K, Kmax) = (256, 64, 16, 16). Since
the engine is able to reconstruct the sparse signal in K iterations,
it takes 16× 1162 = 18592 cycles to estimate a sparse signal.

Table IX shows the comparisons of the proposed CS recon-
struction engine with state-of-the-art ASIC designs. Since other
works did not memorize Φ matrix in their design, the area of the
PHI memory bank is not taken into account. Furthermore, the
comparisons are made under noiseless scenario because other
works did not consider noise issue. To reconstruct the sparse
signals of [N, M, K] = [256, 64, 8], only half of arithmetic
units and logic units are needed. To make a fair comparison,
we normalize the area and latency to 90 nm process. Hence, the
normalized throughput is calculated as

Normalized throughput =
N(in samples)

Normalized latency (in μs)
(48)

Then, the throughput-to-area ratio (TAR) is defined by

TAR (in samples/s/mm2) =
Normalized throughput

Normalized area
(49)

It can be observed that our design has the highest TAR.

VI. CONCLUSION

In this work, we propose a novel greedy-type CS reconstruc-
tion algorithm based on stochastic gradient approach. Proposed
SGP-related algorithms outperform OMP in both robustness and
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computational complexity. Compared with OMP, the proposed
restricted SGP algorithm with early termination scheme is able
to increase 36% success rate and reduce 27% multiplications
when SNR is 20 dB. In ASIC design, the proposed hardware
sharing architecture achieves nearly 29% higher throughput-to-
area ratio compared with state-of-the-art ASIC designs.

ACKNOWLEDGMENT

The authors would like to thank the anonymous reviewers for
their valuable comments and suggestions to improve the quality
of the paper.

REFERENCES

[1] D. L. Donoho, “Compressed sensing,” IEEE Trans. Inf. Theory, vol. 52,
no. 4, pp. 1289–1306, Apr. 2006.

[2] R. G. Baraniuk, “Compressive sensing,” IEEE Signal Process. Mag.,
vol. 24, no. 4, pp. 118–122, Jul. 2007.

[3] E. J. Candes and T. Tao, “Near-optimal signal recovery from random pro-
jections: Universal encoding strategies?” IEEE Trans. Inf. Theory, vol. 52,
no. 12, pp. 5406–5425, Dec. 2006.

[4] M. Lustig, D. Donoho, and J. Pauly, “Sparse MRI: The application of com-
pressed sensing for rapid MR imaging,” Magn. Resonance Med., vol. 58,
no. 6, pp. 1182–1195, Dec. 2007.

[5] M. Mishali and Y. C. Eldar, “Blind multiband signal reconstruction: Com-
pressed sensing for analog signals,” IEEE Trans. Signal Process., vol. 57,
pp. 993–1009, Mar. 2009.

[6] M. A. Herman and T. Strohmer, “High-resolution radar via compressed
sensing,” IEEE Trans. Signal Process., vol. 57, no. 6, pp. 2275–2284,
Jun. 2009.

[7] S. Chen, D. L. Donoho, and M. A. Saunders, “Atomic decomposition
by basis pursuit,” SIAM J. Sci Compon., vol. 43, no. 1, pp. 129–159,
Feb. 2001.

[8] M. F. Duarte and Y. C. Eldar, “Structured compressed Sensing: From
theory to applications,” IEEE Trans. Signal Process., vol. 59, no. 9,
pp. 4053–4085, Sep. 2011.

[9] J. Jin, Y. Gu, and S. Mei, “A stochastic gradient approach on compres-
sive sensing signal reconstruction based on adaptive filtering framework,”
IEEE J. Sel. Topics Signal Process., vol. 4, no. 2, pp. 409–420, Apr. 2010.

[10] J. Tropp and A. Gilbert, “Signal recovery from random measurements via
orthogonal matching pursuit,” IEEE Trans. Inf. Theory, vol. 53, no. 12,
pp. 4655–4666, Dec. 2007.

[11] D. Needell and J. Tropp, “CoSaMP: Iterative signal recovery from incom-
plete and inaccurate samples,” Appl. Comput. Harmonic Anal., vol. 26,
no. 3, pp. 301–321, May 2009.

[12] J. L.V.M. Stanislaus and T. Mohsenin, “High performance compressive
sensing reconstruction hardware with QRD process,” in Proc. IEEE Int.
Symp. Circuits. Syst., May 2012, pp. 29–32.

[13] H. Rabah, A. Amira, B. K. Mohanty, S. Almaadeed, and P. K. Meher,
“FPGA implementation of orthogonal matching pursuit for compres-
sive sensing reconstruction,” IEEE Trans. Very Large Scale Integr. Syst.,
vol. 23, no. 10, pp. 2209–2220, Oct. 2015.

[14] S. Haykin, Adaptive Filter Theory. 3rd ed. Englewood Cliffs, NJ,USA:
Prentice-Hall, 1996.

[15] Y. Gu, J. Jin, and S. Mei, “l0 Norm constraint LMS algorithm for
sparse system identification,” IEEE Signal Process. Lett., vol. 16, no. 9,
pp. 774–777, Sep. 2009.

[16] J. D. Gibson, The Communications Handbook, 2nd ed. London, U.K.:
CRC Press, 2002.

[17] A. F. Molisch, Wireless Communications, 2nd ed. New York, NY, USA:
Wiley, 2005.

[18] Y. Jiang, M. K. Varanasi, and J. Li, “Performance analysis of ZF and
MMSE equalizers for MIMO Systems: An in-depth study of the high
SNR regime,” IEEE Trans. Inf. Theory, vol. 57, no. 4, pp. 2008–2026,
Apr. 2011.

[19] A. H. Sayed and T. Kailath, “A state-space approach to adaptive RLS
filtering,” IEEE Signal Process. Mag., vol. 11, no. 3, pp. 18–60, Jul. 1994.

[20] R. H. Kwong and E. W. Johnston, “A variable step size LMS algorithm,”
IEEE Trans. Signal Process., vol. 40, no. 7, pp. 1633–1642, Jul. 1992.

[21] J. A. Tropp and S. J. Wright, “Computational methods for sparse solution
of linear inverse problems,” Proc. IEEE, vol. 98, no. 6, pp. 948–958,
Jun. 2010.

[22] P. K. Meher, B. K. Mohanty, and T. Srikanthan, “Area-delay efficient
architecture for MP algorithm using reconfigurable inner-product circuits,”
in Proc. IEEE Int. Symp. Circuits. Syst., Jun. 2014, pp. 2628–2631.

Yu-Min Lin (S’14) received the B.S. degree in elec-
trical engineering from the National Chiao Tung
University, Hsinchu, Taiwan, in 2011. He is cur-
rently working toward the Ph.D. degree from the
Graduate Institute of Electronics Engineering,
National Taiwan University, Taipei, Taiwan. His
research interests include the areas of VLSI imple-
mentation of DSP algorithms, error-correcting codes,
and compressive sensing.

Yi Chen received the B.S. degree in electrical engi-
neering from the National Taiwan University, Taipei,
Taiwan, in 2013, and the M.S. degree from the
Graduate Institute of Electronics Engineering,
National Taiwan University, in 2015. His research
interests include the areas of VLSI implementation
of DSP algorithms and compressive sensing.

Nai-Shan Huang received the B.S. degree in elec-
tronics engineering from the National Chiao Tung
University, Hsinchu, Taiwan, in 2012, and the M.S.
degree from the Graduate Institute of Electronics
Engineering, National Taiwan University, Taipei,
Taiwan, in 2014. Her research interests include the
areas of VLSI implementation of DSP algorithms
and compressive sensing.

An-Yeu (Andy) Wu (M’96–SM’12–F’15) received
the B.S. degree from the National Taiwan University
(NTU), Taipei, Taiwan, in 1987, and the M.S. and
Ph.D. degrees from the University of Maryland, Col-
lege Park, MD, USA, in 1992 and 1995, respectively,
all in electrical engineering.

In August 2000, he joined the faculty in the De-
partment of Electrical Engineering and the Graduate
Institute of Electronics Engineering, NTU, where he
is currently a Professor. His research interests include
low-power/high-performance VLSI architectures for

DSP and communication applications, adaptive/multirate signal processing, re-
configurable broadband access systems and architectures, biomedical signal
processing, and System-on-Chip (SoC)/Network-on-Chip platform for soft-
ware/hardware codesign.

Dr. Wu was the General Co-Chair of the 2013 International Symposium on
VLSI Design, Automation and Test, and the 2013 IEEE Workshop on Signal
Processing Systems. He also served as the Technical Program Co-Chair of the
2014 International SoC Design Conference and the 2014 IEEE Asia Pacific
Conference on Circuits and Systems. From 2012 to 2014, he served as the
Chair of VLSI Systems and Applications Technical Committee (TC), one of the
largest TCs in the IEEE Circuits and Systems Society. He is currently serving
as a Board of Governor Member of the IEEE Circuits and Systems Society.

From August 2007 to December 2009, he was on leave from NTU and was
the Deputy General Director of the SoC Technology Center, Industrial Technol-
ogy Research Institute, Hsinchu, Taiwan, supervising parallel core architecture
VLIW DSP Processor, and Android/Multicore SoC platform projects. In 2010,
he received the Outstanding EE Professor Award from the Chinese Institute
of Electrical Engineering, Taiwan. In 2015, he became the IEEE Fellow for
his contributions to “DSP algorithms and VLSI designs for communication
IC/SoC.” Since August 2016, he has been the Director of Graduate Institute of
Electronics Engineering, NTU.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


