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Abstract— With a growing number of connected devices in the
Internet-of-Things (IoT), multi-user detection (MUD) becomes a
critical issue in the IoT gateway at the edge. Thanks to the feature
of activity sparsity in the IoT devices, compressive sensing (CS)
is a promising solution for MUD to handle massive devices under
limited resources. For practical IoT applications, the CS-based
IoT gateway needs to support an unknown number of active
devices up to 10% of total devices and should complete a time-
slot detection within 0.5 ms. However, most existing CS detection
engines cannot fulfill above requirements simultaneously. In this
paper, we proposed a modified sparsity adaptive matching pursuit
(MSAMP) detection engine for the IoT gateway at the edge.
With decomposition-free architecture, our proposed engine can
efficiently operate multiple and arbitrary indices updating that
can achieve adaptive sparsity realization and index set backtrack-
ing optimization with no need of prior information. Moreover,
coarse-searching and turbo step-size techniques are designed to
enhance 2.86× of throughput rate gain. The efficiently imple-
mented MSAMP detection engine in TSMC 90-nm technology
can complete a time-slot detection in 0.192 ms (<0.5ms). Thus,
the proposed detection engine can provide a constructive real-
time design for practical IoT applications.

Index Terms— Internet-of-Things (IoT), IoT gateway,
multi-user detection (MUD), compressive sensing (CS),
hardware implementation.

I. INTRODUCTION

THE standardization of Next-generation communica-
tions [1]–[3] is being expedited. Among various sce-

narios, massive machine type communications (mMTC) is
envisioned for Internets-of-Things (IoT) applications [4]–[6].
In realistic IoT scenario with massive devices, the most critical
challenge is how IoT gateway at the edge [7] can handle
large amounts of uplink data. Under uplink-heavy traffic,
multi-user detection (MUD) [8] becomes a critical issue for
IoT applications [9].

Most of the devices in IoT applications are low-rate sensors
with sporadic characteristics [36]–[39]. They tend to randomly
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Fig. 1. Illustration of characteristics and challenges in CS-based IoT gate-
way. (a) Differ from traditional linear-based gateway, with activity sparsity,
CS becomes a competitive alternative for MUD. (b) The practical requirements
of frame structure for MUD in IoT applications according to the LTE-A
standard.

access or leave the system and their messages are typically
small in size and sparse in time [6]. As a result, the feature
of activity sparsity exists when there are massive low-rate
sensors [10] in IoT applications, as shown in Fig. 1(a).
Therefore, compressive sensing (CS) technique [11] becomes
a promising solution for MUD to handle massive devices in
IoT applications.

The CS technique is attractive as its potentials in reducing
signaling overhead, improving network latency, and avoiding
congestion. Various applications, such as wireless biosen-
sors [21], and channel estimation [22] are applied CS with
great performance improvement. In IoT applications, there are
number of studies developing CS-based IoT gateway for MUD
(CS-MUD) [12]–[20]. Since only sparse connections are estab-
lished due to activity sparsity, the CS-based IoT gateway at
the edge can serve much more devices under limited resources
(e.g., limited sequence length). Thus, CS-MUD greatly
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enhances the performance of MUD in IoT applications com-
pared with traditional MUD solutions. However, to the best
of our knowledge, none of them fulfill the requirements in
the realization of practical IoT applications. The motivations
of our manuscript with the following two major issues are as
follows:

1) Detection accuracy: In CS-MUD, the key factor of
the detection performance is the applied CS detection
algorithm, which should meet the requirements of MUD
in IoT traffic.
(a) Supported sparsity level up to 10% active devices:

In IoT applications, it has been shown that the
number of active devices in IoT traffic will be up
to 10% of the total number of potential devices in
a busy-hour [23]. Most of existing CS reconstruc-
tion engines apply series of orthogonal matching
pursuit (OMP) which is hardware friendly and
achieve good performance in some specific appli-
cations [24]–[28]. However, under noisy scenarios
in practical IoT applications, their degraded detec-
tion performance cannot support up to 10% active
devices.

(b) No prior information for sparsity level: Some
recent state-of-the-art works introduce series of
subspace pursuit (SP) algorithms [29], [30] for
CS-MUD, which has better detection accuracy
compared with the OMP algorithm. However, the
SP algorithm needs to know the explicit num-
ber of active devices, which becomes the defect
when they are applied to practical IoT scenar-
ios [36]–[39].

2) Detection time (hardware implementation): According
to the timing requirements of the IoT frame struc-
ture in well- defined LTE-A standard [32], [33], each
detection process in a time slot should be completed
within 0.5ms, as shown in Fig. 1(b). Recent CS-MUD
schemes show better detection quality. However, they
cannot be implemented in hardware efficiently. The
computation time of these software-based solutions are
hard to meet the requirements of the IoT frame structure.
Thus, an efficient VLSI implementation for CS-MUD at
the edge is in urgent need of realization.

Motivated by the above new trend and technical challenges,
the development of application-aware CS detection engine
with accurate and real-time detection is the most vital point
in CS-MUD. In this paper, we propose a real-time CS-MUD
algorithm and VLSI architecture for practical IoT applications.
The main contributions of this paper are as follows:

1) Considering the practical requirements of CS-MUD in
IoT traffic, we analyze the sparsity adaptive matching
pursuit (SAMP) [31] from a class of greedy CS detection
algorithms. The detection accuracy of the SAMP algo-
rithm outperforms that of other CS detection algorithms
due to its ability of adaptive sparsity realization and
index set backtracking optimization.

2) To improve the performance of CS-MUD and to
meet the timing requirements of the IoT frame struc-
ture, we propose a modified sparsity adaptive match-
ing pursuit (MSAMP) detection engine based on the

SAMP algorithm. Without any prior information of
active devices, simulation results show that the proposed
detection engine can support up to 10% active devices
and improve one-order of symbol-error-rate (SER) of
detection accuracy compared with existing works.

3) With the incremental decomposition methods exploited
in recent CS works, the multiple indices selec-
tion and arbitrary indices updating cannot be imple-
mented efficiently. To overcome the technical challenge,
a decomposition-free architecture is proposed through
leveraging the Least-Mean-Square (LMS) method. Thus,
multiple indices selection and arbitrary indices updating
can be realized efficiently.

4) For efficient hardware realization, a hardware-sharing
architecture for the novel MSAMP detection engine
is proposed. Moreover, coarse-searching, and turbo
step-size optimization techniques are implemented to
enhance 2.86× of throughput rate compared with direct
implementation.

5) The proposed MSAMP detection engine in TSMC
90-nm technology, the efficient realization of SAMP-
based engine, can complete a time-slot detection
within 0.192ms (<0.5ms), which is about 158× of
throughput rate compared with the software-based
SAMP realization in our simulation result. Thus,
the proposed CS detection engine can provide a con-
structive real-time design for practical IoT applications.

The rest of this paper is organized as follows. Section II
briefly introduces the background of CS-MUD. The CS detec-
tion algorithms and engines for practical IoT applications are
analyzed in Section III. Section IV presents the proposed
MSAMP detection algorithm and its numerical experiments.
The hardware architecture of the MSAMP detection engine
is shown in Section V. Section VI presents the results
of VLSI implementation. Finally, we conclude this paper
in Section VII.

II. BACKGROUND

A. Notations
• A is a matrix, a is a vector, a is a scalar, and A is a set.
• ‖A‖P is the P-norm of A.
• diag(A) is a vector composed of diagonal elements

of A.
• |a| is the absolute value of a.
• AT , and A† denote the transpose, pseudo-inverse of a

matrix A, respectively.
• Al is the l-th column of matrix A. A(l,:) is the l-th row

of matrix A.
• N (a, A) is a Gaussian vector with mean a and covariance

matrix A.

B. Transmission Model of Multi-User Detection [8], [17]

Due to the sporadic nature of IoT devices [36]–[39], sparse
devices are active among total K devices while others are
inactive in a given time slot. As shown in Fig. 2, the dia-
gram briefly illustrates the whole transmission processes and
shows their corresponding parts mapped to CS framework.
After encoding and modulation, the transmitted symbol xk by
k-th devices propagates through specific spreading sequence sk
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Fig. 2. The process of multi-user uplink transmissions: from transmitter (CS sampling) to receiver (CS detection engine).

with spreading factor Ns and its corresponding fading channel
gain hk . Then, the transmitted signals from all K devices are
superposed at the IoT gateway. The received signal y with
dimension Ns × 1 can be given as

yNs×1 =
∑K

k=1
diag (hk)sk xk + nNs ×1, (1)

where sk = (s1,ks2,k . . . sNs ,k)
T and hk = (h1,kh2,k . . .

hNs ,k)
T . The elements of sk and hk follow the independent

Gaussian distributions N (0, 1). nNs ×1 ∼ N (0, σ 2
n ) with

dimension Ns × 1 denotes the additive white Gaussian noise
that interferes with the transmissions. In order to accommodate
the demand of massive connectivity in IoT applications, we
consider the overloading system, i.e., Ns < K .

When the transmitted signal of all devices in a given time-
slot are aggregated in IoT gateway at the edge, the received
signal yNs ×1 in matrix form is shown as

yNs ×1 = ANs×K xK×1 + nNs ×1, (2)

where xK×1 is the sparse transmitted signal vector for all
K devices. The number of active devices, sparsity level,
is denoted by ŝ. ANs ×K denotes the equivalent channel matrix,
whose element al,k in the l-th row and the k-th column equals
to hl,ksl,k . nNs ×1 is the additive white Gaussian noise.

C. Mapping MUD to Compressive Sensing
Model [11], [14]

The primitive motivation of CS is to sample information
that is essential in transmitting and to reconstruct specific
signals with fewer sampled data. The model of CS in its matrix
formation is shown in (3). The input signal is vector x with
higher dimension N × 1 which equals to K × 1 (mapped to
total K devices), and the measurement is vector y with lower
dimension M ×1 which equals to Ns ×1 (mapped to sequence
length Ns ). The signal sparsity, represented by ŝ (mapped
to number of active devices), is the number of nonzero
terms in the input signal. � represents the sampling matrix,
which samples high-dimension signals with low-dimension
measurements. Thus, the equivalent channel matrix A in
communication transmission model is mapped to the sampling
(measurement) matrix � in CS model.

yM×1 = �M×N xN×1 + nM×1. (3)

With the use of CS, instead of having all IoT devices push
their data to the IoT gateway, the IoT gateway can pull the
data from only a subset of devices and use CS detection to
reconstruct the data of all IoT devices. Thus, CS has potentials
in reducing signaling overhead (only sparse connections are

established with an IoT gateway), avoiding congestion, and
improving latency in sampling large amounts of sensor data.

D. Requirements of CS Detection Algorithms for MUD in
Practical IoT Applications

After receiving the aggregated symbols, one challenge in
CS-MUD is the development of application-aware detection
algorithm with accurate and real-time detection. The practical
requirements of CS detection algorithm for MUD in IoT appli-
cations are discussed and defined as follows:

1) Number of supported active devices: According to
the experimental reports in IoT traffic [23], the number
of active devices does not exceed 10% of the number
of total devices even in a busy-hour. In other words,
according to the traffic report, the CS detection engine
needs to support both conditions, lower than 10% active
devices and up to the boundary of 10% active devices.
However, some of CS-MUD works cannot support up
to 10% active devices. Therefore, the CS detection
engine needs to support the number of active devices
that is up to 10% of total devices.

2) Unknown number of active devices: With sporadic
characteristics [36]–[39] in practical IoT applications,
the IoT devices tend to randomly access or leave
the system and transmit with small packet size. Thus,
the constantly changing index set of active devices in
different time slots results in an unknown number of
active devices in a given time slot in IoT gateway at the
edge. It means that the IoT gateway could not obtain
true sparsity level ŝ (which is the number of active
devices in this paper) as a prior information. Inaccu-
rate sparsity level degrades the detection accuracy of
CS-MUD drastically.

3) Detection time per time-slot: The development of a
new frame structure for IoT applications in mMTC is
still ongoing at present. According to the frame structure
for IoT in well-defined LTE-A standard [32], [33],
each detection process in a given time slot should be
completed within 0.5ms of timing requirement.

Therefore, the CS detection for MUD needs to meet above
requirements simultaneously, including both accuracy and
throughput performance metrics, for practical IoT applications.

III. CS MULTI-USER DETECTION ALGORITHMS AND

ENGINES FOR PRACTICAL IOT APPLICATIONS

A. Low-Complexity CS Detection Algorithms

Differ from conventional basis pursuit (BP) algorithm with
high computation complexity, a class of greedy algorithms
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for CS reconstruction has been widely adopted as its lower
computation complexity. The most common low-complexity
CS reconstruction algorithms discussed in CS-MUD includ-
ing orthogonal matching pursuit (OMP) [28], subspace pur-
suit (SP) [29], [30], and sparsity adaptive matching pursuit
(SAMP) [31] are analyzed in this paper.

Most of existing CS works apply OMP for hardware
friendly and achieve good performance in their specific appli-
cations [24]–[28]. However, under noisy scenarios in practical
IoT applications, their degraded reconstruction quality cause
poor detection performance, since OMP cannot eliminate the
influence from wrong indices selected in previous iterations.

The SP algorithm is proposed and introduces the idea of
backtracking into CS algorithm. This idea allows SP to discard
the wrong indices selected in previous iterations. Unfortu-
nately, SP needs sparsity level ŝ as prior information, which
cannot be obtained in practical IoT applications. Some existing
CS-MUD works applied SP assume a known sparsity level or a
sparsity level according to consecutive time slots [17]. How-
ever, it would either eliminate the ability of exact recon-
struction if we underestimate sparsity level or significantly
degrade both accuracy and robustness of the algorithm if we
overestimate it.

Focusing on the sparsity level ŝ unknown situation, the
sparsity adaptive matching pursuit (SAMP) algorithm [31]
is proposed with the similar idea of backtracking in SP.
Having no need of sparsity level, SAMP introduces an idea of
approaching the sparsity level adaptively by iterative index
screening technique, whose two key mechanisms are as
follows:

1) Adaptive sparsity realization (stage by stage): when
the size of the index set does not meet the requirement
of a given threshold, the size of the index set will be
increased and entered the next stage, Γ = Γ +1. In the
final stage, the size of the index set will close to the
sparsity level ŝ.

2) Index set backtracking optimization (in each stage): in
order to as much as possible to guarantee the correctness
of indices selection and to reduce the chance of error
accumulation, the index set backtracking optimization
enables the algorithm to remove wrong indices selected
in the previous iterations or stages.

The pseudo code of SAMP is shown in Algorithm 1.

B. Performance Analysis of CS Detection Algorithms

SAMP offers a comparably theoretical guarantee [31] as the
best optimization-based approach. For initial comparisons, we
have simulation results in Fig. 3 and Fig. 4. Their simulation
settings are same with the simulations in the following sections
and are shown in TABLE III in Section IV.

In Fig. 3(a) and Fig. 3(b), the experiment shows the symbol-
error-rate (SER) as detection performance under different
sparsity levels, which denotes the number of active devices.
We can see that as sparsity level rises, the error rate also
rises. The result meets the characteristic of CS technique.
The rising of sparsity level means that the poorer of sparsity
makes the reconstruction performance of all CS-based works
degradation. Since the sparsity level in a given time-slot is
unavailable in IoT applications, we provide SP a sparsity level

Algorithm 1 SAMP Algorithm
Input: Received signal y, measurement matrix A, stopping
criterion ε
Initialization: Initial residual r(0) = y, Finalist T (0) = φ,
stage index Γ = 1, iteration index k = 0

1. Find temporary index set W (k+1) by choosing Γ largest
columns in 〈r(k), A〉 (preliminary test)

2. Obtain the candidate set C(k + 1) = T (k) ∪ W (k + 1)
3. Compute x̂C(k+1)(k + 1) = AC(k+1)

†r(k)
4. Choose the index corresponding to the largest Γ

columns in x̂C(k+1)(k + 1) as finalist T (k + 1) (final
test)

5. Compute r(k + 1) = y − AT(k+1)x̂T (k+1)(k + 1)
6. If r(k + 1) ≥ r(k), update k = k + 1, Γ = Γ + 1, and

go to step 7; otherwise, update k = k + 1, Γ = Γ , and
go to step 7 to continue a new iteration

7. If r(k + 1) ≤ ε Jump to Output; otherwise, go to step
1

Output: x̂ = AT (k+1)
†y

Fig. 3. SER vs. sparsity level (no. of active devices) @ SNR = 20dB,
(a) CS detection algorithms, and (b) CS detection engines.

in a random manner. In Fig. 3(a) with CS detection algorithms,
SAMP outperforms OMP and SP over whole sparsity levels,
not to mention that it is the only one with SER performance
under 10−3 in sparsity level = 25, which is ŝmax according
to 10% active devices [23]. From another perspective, with
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Fig. 4. SER vs. given sparsity level mismatch @ SNR = 20dB, (a) ŝ = 25
at the boundary of 10% active devices, and (b) ŝ = 20 shows the case that is
lower than ŝmax .

SER performance under 10−3, OMP only can serve 5% active
devices, which does not meet the requirement in IoT traffic.

Fig. 4(a) and Fig. 4(b) depict the SER performance versus
given sparsity level from 10 to 30 at SNR 20dB under three
algorithms. If the CS detection algorithm does not have the
ability to obtain true sparsity level by itself, it can leverage
the given sparsity level. In Fig. 4(a), the true sparsity level
equals to 10% active devices boundary, ŝmax = 25. Differ
from SP, SAMP would not be misled by the mismatch given
sparsity level. In [30] and [31], it is proved that SAMP has the
ability to tolerate a wide range of given sparsity level since
it can trace the true sparsity level through iterative support
screening techniques. SP has its best performance when true
sparsity level of the signal is available. However, SP suffers
severe performance degradation when sparsity level is wrongly
set.

To sum up, the performance improvement from OMP to SP
under true sparsity level is attributed to the ability of discarding
the wrong indices through index set backtracking optimization.
From SP to SAMP, the key characteristic which makes the
performance improvement is the ability to approach the
sparsity level adaptively by iterative index screening technique
which enhances the robustness of SAMP. Therefore, with

TABLE I

SUMMARY OF CS DETECTION /RECONSTRUCTION ALGORITHMS

TABLE II

SUMMARY OF CS DETECTION /RECONSTRUCTION ENGINES

both adaptive sparsity realization and index set backtracking
optimization, the SAMP algorithm outperforms other
CS detection algorithms in terms of detection accuracy and
releases the practical condition of IoT applications. Moreover,
under lower true sparsity level, Fig. 4(b) also shows a similar
trend for the three CS detection algorithms. The summary of
prevailing CS detection algorithms is in TABLE I.

C. Implementation Challenges of CS Detection Engines

For large-scale uplink-heavy IoT traffic, the software-
implemented SAMP algorithm cannot achieve real-time data
processing. In Γ stage, SAMP needs to add Γ indices, update
the value of 2Γ indices then remove Γ discarded indices with
smaller values. With a different value of Γ in a different
stage, the technical challenge of CS detection engines from
an implementation point of view needs to operate multiple
indices selection and arbitrary indices updating in either every
stage or every iteration. Moreover, the wrong indices are
also required to be removed through index set backtracking
optimization. Thus, the state-of-the-art CS detection engines
are discussed as follows and in TABLE II based on the above
criteria.

In [26], the conventional OMP detection engine can be
improved through parallel indices selection mechanism. How-
ever, the number of added indices in Least-Square (LS) is
fixed in every stage. In order to achieve adaptive sparsity
realization, the number of multiple indices selected in different
stages or iterations should be flexible since it follows the
size of finalist Γ . As a result, with fixed decomposition
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architecture, it cannot realize the adaptive sparsity realization
with arbitrary indices updating.

For L2 minimization, most of recent CS detection engines
with modified OMP implementations [24], [25], [27] apply
matrix decomposition to avoid complex matrix inverse. Nev-
ertheless, since the direct matrix decomposition requires
huge overhead from the operations of square and division,
the incremental factorization/decomposition is used to update
the factorized matrix. With the incremental factorization meth-
ods, the columns of chosen indices have been factorized.
The Γ discarded indices in every stage and every iteration
are hard to be removed. Thus, the index set backtracking
optimization cannot be implemented efficiently, not to mention
the inability of arbitrary indices updating due to their similar
fixed decomposition architecture.

References [24], [25], and [34] are regarded as the modi-
fications of OMP implementations. Excluding [26] and [27]
implemented in FPGAs, we simulate the other three state-of-
the-art of CS detection engines [24], [25], [34] in Fig. 3(b)
with dashed lines. As shown in Fig. 3(b), compared with
the original OMP algorithm, the detection performance of
these modifications are slightly improved. However, since all
of them miss some of the criteria in the implementation of
the SAMP algorithm, the ability of adaptive sparsity realiza-
tion and index set backtracking optimization in SAMP-based
algorithm cannot be directly or efficiently realized through
the state-of-the-art CS detection engines. Therefore, in our
proposed MSAMP detection engine, we leverage the advan-
tages of SAMP algorithm and modify it with decomposition-
free and hardware-sharing architecture for efficient hardware
realization of iterative index screening technique.

IV. PROPOSED MODIFIED SPARSITY ADAPTIVE

MATCHING PURSUIT ALGORITHM

FOR MULTI-USER DETECTION

To overcome the technical challenges existing in most of
CS-MUD works, based on the SAMP algorithm [31], we pro-
pose a modified sparsity adaptive matching pursuit (MSAMP)
algorithm with the ability of adaptive sparsity realization and
index set backtracking optimization.

A. Decomposition-Free LMS Process for Iterative Index
Screening Technique

The flowchart of the proposed MSAMP algorithm is
depicted in Fig. 5. After input signals and initialize all para-
meters, each iteration of proposed MSAMP algorithm includes
the following processes: correlation process, sorting process 1,
Least-Mean-Square (LMS) process, sorting process 2, residual
update, and checkpoints according to residual. The entire
procedure of the MSAMP algorithm is introduced as follows.

1) Expansion of the Candidate Index Set: In the correlation
process in Step 3, Corr, which is a N × 1 correlation vector,
will be calculated as

Corr =
∣∣∣AT r(k)

∣∣∣ , (4)

where r(k) is the residual of k-th iteration index. Then,
the sorting process 1 in Step 4 will follow the correlation
process in order to extend the candidate index set by finding

Fig. 5. The flowchart of the proposed MSAMP algorithm.

the largest Γ indices in the correlation vector Corr as

W (k + 1) = SortMax(Corr, Γ ), (5)

where W (k + 1) is the temporary index set. W (k + 1) will be
updated to the candidate index set C(k + 1), which consists
of finalist T (k) from the previous iteration and the temporary
index set W (k + 1) in current iteration as

C(k + 1) = T (k) ∪ W (k + 1). (6)

According to the selected column indices in the candidate
index set, the chosen measurement matrix can be formed as

AC(k+1) = {
A j | j ∈ C(k + 1)

}
, (7)

where A j is the j -th column of measurement matrix A.
2) Modification With Decomposition-Free LMS Process:

Then, the chosen measurement matrix AC(k+1) goes to LMS
process in Step 5. The LMS process is the decomposition-
free modification in order to implement MSAMP algorithm in
hardware efficiently. Through the LMS process, the nonzero
terms of the sparse solution x̂ can be approached. The estima-
tion error of the current sparse solution with respect to desired
signal y can be formulated as

eλ = yλ − A(λ,:)
C(k+1)x̂L M S,λ, (8)

where yλ is λ-th element of measurement vector y.
A(λ,:) denotes the λ-th row of the chosen measurement matrix
AC(k+1) which operates inner product with the estimated
vector x̂L M S,λ. The gradient recursion of LMS becomes

x̂L M S,λ+1 = x̂L M S,λ + μ · eλ · (A(λ,:)
C(k+1))

T
, (9)

where μ is step size of LMS process. In order to make
the LMS stable and achieve a good performance, we pay
particular attention to the choice of a suitable value of the
step size μ. To guarantee the step size is always adequate
with fast convergence speed, the step size should be set as

μ ≤ 2

3
× M

Γ
, (10)

where M denotes the dimension of the received signal which
equals to the sequence length. Γ is the size of the finalist
index set. The derivation can take our previous work [34]
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as a reference. The rows of AC(k+1) and their corresponding
measurements of y are utilized recursively. λ is 1 to M
(dimension of measurement). Leveraging the advantage of
simplicity and low computation cost through LMS operation,
LMS can minimize the mean square error between the desired
signal and the output of the current sparse solution.

3) Updating Finalist Index Set and Residual: The output of
LMS process x̂L M S,M+1 that comprises only nonzero terms
is applied to sorting process 2 in Step 6 in order to pick the
largest Γ indices as our finalist T (k + 1) in current finalist.
It is the key concept of index set backtracking optimization.

T (k + 1) = SortMax
(∥∥x̂L M S,λ+1

∥∥
2 , Γ

)
. (11)

Then, the estimated vector x̂ is

x̂T (k+1)(k + 1) = x̂(T (k+1),:)
M+1 . (12)

After sorting process 2, the residual can be updated in Step 7,

r(k + 1) = y − AT(k+1)x̂T (k+1)(k + 1), (13)

and

r(k + 1) = ‖r (k + 1)‖2
2 . (14)

4) Checkpoints According to Residual: With the increase of
iteration index k, the r(k + 1) will approach zero. If r(k + 1)
is smaller than termination threshold ε, usually predefined
based on noise level [35] in CS techniques, in Step 8,
the estimated sparse solution x̂ will be outputted. Other-
wise, the MSAMP algorithm will go to another checkpoint
in Step 9.

In Step 9, when the residual in current iteration is larger
than that of in previous iteration, signal reconstruction has
already been the optimal state in the current stage (current
sparsity level). In the current stage, if the residual in optimal
state is still larger than the termination threshold, it means that
the current sparsity level is not even close to the true sparsity
level. The MSAMP algorithm will update Γ = Γ + 1 to enter
next stage and repeat the whole process for iterative index
screening.

At the same stage, when the residual in current iteration
is smaller than that of in previous iteration, it is not at the
optimal state in the current stage. In this case, MSAMP
algorithm needs more iterations at the same stage for index set
backtracking optimization. The proposed MSAMP algorithm
is described in Algorithm 2.

B. Simulation Results

In this subsection, based on the simulation results
in Fig. 3 and Fig. 4, we further compare normalized root
mean square error (NRMSE) and SER performance of the
proposed MSAMP algorithm, the classical OMP-based MUD,
the SP-based MUD, and the SAMP-based MUD, where the
number of active devices (sparsity level) are unknown in
the IoT gateway. In our entire simulations, considering the
robustness and stability in CS detection framework and the
environments in indoor IoT applications, we employ lower-
order modulation [14]–[16] at 20dB to verify the variation
and functionality of our design. The setup of parameters is
according to [16]–[18], and is listed in TABLE III.

Algorithm 2 Proposed MSAMP Algorithm
1. Input: Received signal y, measurement matrix A, step

size of LMS process μ, and termination threshold ε
2. Initialization
3. x̂ = 0, r(0) = y, T (0) = φ, Γ = 1, k = 0
4. Iteration procedures
5. Corr = ∣∣AT r(k)

∣∣
6. W (k + 1) = SortMax(Corr, Γ )
7. C(k + 1) = T (k) ∪ W (k + 1)
8. AC(k+1) = {

A j | j ∈ C(k + 1)
}

9. via LMS process
10. for λ from 1 to M do
11. eλ = yλ − A(λ,:)

C(k+1)x̂L M S,λ

12. x̂L M S,λ+1 = x̂L M S,λ + μ · eλ · (A(λ,:)
C(k+1))

T

13. end for
14. T (k + 1) = SortMax

(∥∥x̂L M S,λ+1
∥∥

2 , Γ
)

15. x̂T (k+1)(k + 1) = x̂ (T (k+1),:)
M+1

16. r(k + 1) = y − AT(k+1)x̂T (k+1)(k + 1)
17. r(k + 1) = ‖r(k + 1)‖2

2
18. k = k + 1
19. if r(k + 1) ≤ ε Jump to Output (Termination)
20. else if r(k + 1) ≥ r(k)
21. update Γ = Γ + 1 (Adaptive sparsity realization)
22. Back to 4. for new iteration at next stage
23. else
24. update Γ = Γ (Index set backtracking opt.)
25. Back to 4. for new iteration at same stage
26. end if
27. Output: x̂

TABLE III

SETUP OF PARAMETERS FOR SIMULATIONS

1) Normalized Root-Mean-Square Error (NRMSE): To eval-
uate the detection performance of proposed MSAMP algo-
rithm and to compare MSAMP with the SAMP algorithm,
we employed the NRMSE as shown in (14), where xi and x̂i
are i -th element in x and x̂, respectively.

NRMSE ≡

√
1
N

N∑
i=1

(x̂i−xi )2

max(x) − min(x)
. (15)

In Fig. 6, the NRMSE performance of our proposed work
can be closely overlapped with the performance of SAMP
under different sparsity levels and different SNRs. It means
that after we modified SAMP with decomposition-free LMS
process for efficient hardware implementation, the detection
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Fig. 6. Comparison of MSAMP and SAMP with NRMSE vs. sparsity level
(no. of active devices) under different SNR levels.

Fig. 7. Comparison of MSAMP, SAMP, SP, and OMP with SER vs. sparsity
level (no. of active devices) @ SNR = 20dB.

results of MSAMP has almost no performance degradation
compared with the original SAMP algorithm.

2) Symbol-Error-Rate (SER): The experiment result
in Fig. 7 shows the SER as detection performance under
different sparsity levels. In this simulation, the result is aligned
with that of in Fig. 6. The proposed MSAMP algorithm has
overlapped performance with the SAMP algorithm. Thus,
MSAMP can also outperform OMP-MUD and SP-MUD over
the whole sparsity levels. In addition, compared with the other
two algorithms, it is the only one with SER performance
under 10−3 in sparsity level = 25. In contrast with the well-
performed MSAMP algorithm which meets the discussed
requirements of practical IoT applications, the OMP-MUD
can only support around 5% of total devices as active devices
and the SP-MUD has worst SER performance since the true
sparsity level cannot be derived from itself.

V. ARCHITECTURAL DESIGN AND

VLSI IMPLEMENTATION

A. Discrepancy Between Related Works and Our Design

As mentioned in the previous section, we need to efficiently
realize multiple indices selection and arbitrary indices updat-
ing in order to achieve iterative index screening technique

with adaptive sparsity realization and index set backtracking
optimization. The proposed MSAMP detection engine has
been designed with essential differences on indices updating,
both insertion and removal, compared with related works.

As shown in Fig. 8(a), in order to realize specific number
of multiple indices selection, the related works need to design
redundant architecture in their hardware. For the varying
size of finalist from 1 to Γ in adaptive sparsity realiza-
tion, total Γ architectures are needed in the related works.
Despite this modification, the discarded indices still cannot be
removed due to their fixed decomposition architecture. There-
fore, these related works are inefficient to realize multiple
indices selection and arbitrary indices updating for practical
IoT applications.

In our engine design, with decomposition-free architecture,
the adaptive sparsity realization and index set backtracking
optimization can be realized efficiently, as shown in Fig. 8(b).
Through leveraging the LMS method, for the varying size of
finalist Γ , the advantage of our proposed new idea is that these
key characteristics from the SAMP algorithm can be efficiently
achieved by using only single architecture design.

B. Overall Architecture

With adaptive sparsity realization and index set backtracking
optimization, the proposed MSAMP algorithm shows superior
detection performance in practical IoT applications. Therefore,
the proposed MSAMP algorithm is implemented for real-time
multi-user detection in IoT gateway at the edge.

In order to cooperate with the specification of memory com-
piler, the input dimension N (the maximum number of total
K devices) is set to be 256, the measurement M (the length
of sequence L) is still set to be half of input dimension, which
is 128, and the maximum sparsity level ŝ (the number of active
devices) is set to be 10% of input dimension [23], which is 25.
In addition, in our architecture design, the maximum size of
candidate index set cMax is set to 32, which is according to our
system parameters for hardware efficiency. It is worth noting
that the dimension of the matrices and vectors are in line with
the previous algorithm section.

Fig. 9(a) depicted the overall hardware-sharing architecture
of the proposed MSAMP detection engine. It has following
major blocks: memory banks for equivalent channel matrix,
transpose buffers for the chosen columns, operation block
with parallel PEs, and Γ -best sorting block. The predefined
equivalent channel matrix A will be memorized in a A matrix
memory banks with memory controller. According to later
fixed-point analysis, each element of A is stored in an 8-bit
fixed point, therefore, we need N ×M ×8 = 32KB of memory
capacity. The memory that stored A is partitioned in to four
SRAMs and the size of each SRAM is 512×128. Each address
stores 16 elements. With this partition, as shown in Fig. 9(b),
the memory bank can output a column of matrix A within two
clock cycles.

When the system configuration is ready, the measurements
y are sequentially inputted to the input buffers. Then the
proposed MSAMP detection engine starts to calculate sparse
solution x̂. After the halting conditions are met, the MSAMP
engine will output the estimated sparse signal x̂ sequentially.
Only the non-zero terms will be outputted. At the same
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Fig. 8. Illustration of the discrepancy between related works and proposed MSAMP detection engine. (a) Related works: need multiple Γ architectures for
the varying size of finalist Γ , and (b) Our design: only need single architecture to realize adaptive sparsity realization and index set backtracking optimization.

Fig. 9. Architecture design of the proposed MSAMP engine. (a) The hardware-sharing architecture. (b) Partitioned memory banks for column-wise matrix
access.

time, input buffer and the system controller load the next
measurement y and parameters for the next multi-user detec-
tion of time slot.

The task mapping of the architecture is shown in TABLE IV.
The major task of the proposed MSAMP engine consists of
the correlation process, LMS process, and residual update.
Because the LMS process and residual update both take up
to cMax multiplications, which is 32 in this design. As a
result, we design a shared operation block with cMax -parallel
processing elements (PEs), which consists of one multiplier
and two adders in each PE. The correlation task needs
M multiplications, and M is the multiple of cMax . Since the
data dependency of correlation process is very low, correlation
task can be folded in to cMax-parallel PEs. In a word, the
cMax -parallel PEs can handle correlation process,
LMS process, and residual update with area efficiency.

C. Correlation Process and Optimization 1

1) Correlation Process: The Corr process aims to find
the most correlated Γ indices. It needs to perform the
M-dimension inner products between each column of A

TABLE IV

ARCHITECTURE TASK MAPPING

(stands for each device’s index) and the residual rfrom the
last iteration. The residual rand each column of A are M × 1
vectors. As mentioned in the previous subsection, the A matrix
memory banks are designed to be capable of outputting single
column of A within two cycles. Address 1-to-512 shown
in Fig. 9(b) are the corresponding column indices (1-to-256)
of matrix A. We only need to input the index of each column
as address of the memory banks to read out chosen columns
of A.
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Fig. 10. Optimization for correlation process. (a) The original correlation
process can handle M/4 elements of inner product in one clock cycle and
(b) In correlation optimization mode, PEs can be configured to parallel process
the task of inner product. Correlation process with optimization 1 can calculate
M/2 elements of inner product in one clock cycle.

After loading the columns of matrix A from the A matrix
memory banks, the residual r and each column of A will be
inputted to the 32-parallel PEs to calculate the inner products.
This process features low data-dependency. Therefore, this
inner product takes M/cMax = 4 clock cycles according
to the parallelism of the PEs. For the correlation process
in each iteration, the proposed hardware sharing architecture
requires (N × M)/cMax = 1024 cycles, which is 4N cycles
to perform the computation of N times (total N columns) of
inner products, as shown in Fig. 10(a). More parallelism of PEs
can accelerate the correlation task, but it will lead hardware
inefficiency when performing the LMS process.

2) Optimization 1: Coarse-Searching Technique: To accel-
erate the correlation process with low area overhead, we
propose a coarse-searching technique to reduce the required
clock cycles. Since the correlation values calculated for sorting
engine only need to find out the most correlated indices,
we separate the multiplier in each PE into two independent
multipliers with lower resolution, as shown in Fig. 10(b). As a
result, for each column of A, only 4-bit most significant bit
(MSB) is adapted to trace the correlated indices.

The discussion of truncation error associated with the lower
resolution multipliers used for coarse searching is shown
in TABLE V. The definition of truncation error rate is the
difference between selected indices in finalist index set with
8-bit fraction length Corr (direct mapping of MSAMP engine)
and selected indices in finalist index set with 4-bit most
significant bit (MSB) Corr (MSAMP engine with coarse-
earching optimization technique). As shown in TABLE V,
under 100,000 trails for Monte-Carlo simulations, the selected
indices are totally the same without miss-selection when
sparsity level is lower than 25. Even in high sparsity level,
the truncation error rate is only around 0.025% when sparsity
level equals to 25, which is 10% of the total number of devices.

TABLE V

TRUNCATION ERROR WITH VARYING SPARSITY LEVELS

Fig. 11. Adaptive sparsity realization stage by stage with (a) single step size
(s = 1) and (b) turbo step size (s = 2).

With the separated independent multipliers in our pro-
posed coarse-searching technique, the cMax-PE only require
two clock cycle to calculate a correlation values. The total
cycle of a completed correlation process is reduced from
1024 cycles to 512 cycles, as shown in Fig. 10(b). According
to the simulation in Fig. 16(a), this optimization technique
reduces the computation complexity effectively without sacri-
ficing the quality of detection accuracy.

D. Iterative Index Screening Process and Optimization 2

1) Decomposition-Free LMS Process: With iterative index
screening scheme, the sparsity level can be adaptively
approached stage by stage. In different stage, as shown
in Fig. 11(a), the size of finalist index set is different.
Moreover, the candidate index set is the intersection of the
temporary index set and the finalist index set of previous
iteration. Thus, in each stage, the expansion of candidate index
set needs to insert multiple indices, while the backtracking
optimization of finalist index set needs to remove multiple
indices, as illustrated in Fig. 8. The size of finalist, temporary,
and candidate index sets are in (15).

size (T ) = Γ,
size (W ) = w = min(Γ, cMax − Γ ),

size (C) = c = min(2 × Γ, cMax), cMax = 32. (16)

The hardware architecture of the abovementioned opera-
tions cannot be realized through direct implementation of
least squares (LS) procedure in matrix-decomposition-based
OMP algorithm [24], [25], [27]. The number of added indices
in matrix-decomposition-based OMP algorithm is fixed, and
the old indices cannot be efficiently removed. As a result,
it cannot operate multiple and arbitrary indices updating (inser-
tion or removal) when the size of finalist index set is varying.

In the proposed MSAMP engine, replacing the LS architec-
ture by the LMS architecture, we can provide the feature of
matrix-decomposition-free and arbitrary indices updating with
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Fig. 12. Computation of LMS process: backtracking with LMS updating.

efficient hardware implementation. The matrix-decomposition-
free architecture of LMS process can simultaneously operate
multiple and arbitrary indices updating with the varying size
of finalist.

In Γ -th stage, after correlation and sorting 1 process,
the largest Γ indices and their corresponding columns are
chosen for temporary index set. Then, the computations of
received signal y and the chosen columns AC in the process
of LMS are as follows.

1) Load chosen column and store in the transpose buffers.
2) Calculate eλ, which is difference of y and current

solution.
3) Compute μ · eλ, which is a scalar for error gradient.
4) Update the sparse solution x by x = x + μ · eλ · A(:, λ).
5) Increase λ by 1, repeat step 2 to step 4, until λ = M .

Step 2 to step 4 need three clock cycles, as shown in Fig. 12,
as a result, it takes 3M cycles to finish the LMS process.
A(:, λ) and x̂ are 1 × c vectors. ŷλ, e, μ, and eμ are all
scalars with dimension 1 × 1. The dimension of each vector
and scalar and their output data are also illustrated in Fig. 12.

In each iteration, After the LMS process, the largest Γ
sparse solution will be identified and kept for the next iteration.
Then, the indices with smaller value are dropped out. For
residual update, the updating is also achieved by the shared
block, which takes M cycles to be completed.

2) Optimization 2: Turbo Step-Size Technique: With LMS
architecture, the chosen columns and sparse solution vector
can be expanded easily, not alone the procedure of removal
(backtracking optimization). As a summary, for hardware
implementation, LMS architecture can adaptively approach
arbitrary size of chosen columns and sparse solution vector,
as shown in Fig. 11(a), which realizes the iterative index
screening technique.

For optimization of iterative index screening process, since
the proposed LMS process can accommodate with various
sparsity level, we further propose the turbo step-size technique
as optimization 2 in order to save the number of total iterations,
as illustrated in Fig. 11(b). The turbo step-size technique
introduces the idea of step size of stage s and makes the
accumulation of step size in the next stage by two. Thus,
the cost of total number of stages can be further reduced by
a half.

E. Sorting Process

Sorting process is also an important part in the MSAMP
detection engine. For each Γ stage, the MSAMP detection
engine needs to find cMax indices and keeps Γ -best indices,
therefore, we develop a sorting architecture for the MSAMP
detection engine, as illustrated in Fig. 13. After resetting the
value stored in the sorting circuit, the MSAMP detection
engine will input the absolute value and corresponding index
to the sorting circuit.

Fig. 13. Sorting circuit for the MSAMP detection engine.

Fig. 14. Average total cycles in the implementation of MSAMP algo-
rithm: direct mapping, with optimization 1, and with optimization 1 &
optimization 2.

After receiving the input value, sorting circuits will compare
the input value and stored values. As shown in Fig. 13, for each
stored value, if the input value is smaller than the previous
stored value and the current stored value, the stored value will
be kept in the next clock cycle. If the input value is larger than
the stored value but smaller than the previous value, then the
stored value will be shifted to the next registers, and the input
value will be inserted into the sorted value. In the case that
the input value is larger than both previous value and stored
value, the registers will right shift these value. After input all
of the value, these values and corresponding indices will be
sorted correctly, and the corresponding indices of these stored
value are top Γ -best indices for robust indices selection.

VI. NUMERICAL ANALYSIS AND

IMPLEMENTATION RESULTS

In this section, we compare our engine design with similar
VLSI architectures and show the advantages of proposed
engine in terms of detection accuracy and detection time.

A. Numerical Analysis of Optimization Techniques

In the previous section, we introduce two techniques,
coarse-searching, and turbo step-size, for hardware optimiza-
tions. As shown in Fig. 14, we compare the hardware
implementations of MSAMP algorithm without and with
optimizations through their average total cycles. Direct map-
ping of the MSAMP algorithm is without our optimizations.
Consistent with our previous description, the optimization 1 is
coarse-searching technique and the optimization 2 is turbo
step-size technique where step size of stage s equals to two.

Overall, compared with direct mapping of MSAMP algo-
rithm, the coarse-searching, and turbo step-size technique are
implemented to enhance 2.86× of throughput rate gain with
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Fig. 15. Detection performance of the proposed MSAMP algorithm with 5,
6, 7, 8-bit, and floating-point fractional precision.

slightly increased control overhead. The throughput rate gain
is achieved by clock cycle-based ratio between the total clock
cycles of before optimizations (direct mapping of MSAMP
algorithm) and the total clock cycles of after optimizations.
The total number of cycles here is applied the Monte-Carlo
experiments to obtain numerical results and get the average
value of experiments. The formula of throughput rate gain
is defined as follows (17), as shown at the bottom of this
page. The function Cycle is the average total cycle of the
processes. The function opt means that the process is under
optimization.

B. Simulation Results

1) Fixed-Point Analysis (Bit Length vs. Precision): The
NRMSE versus varying sparsity levels is exploited to eval-
uate the performance of the proposed MSAMP engine under
different fixed-point fractional precisions. As shown in Fig. 15,
under the A matrix with signed 8-bit word length, the proposed
engine has no noticeable performance degradation when frac-
tional precision is 8 bits. Hence, the word length of y, x, r, and
Corr is set to be signed 11-bit word length with 8-bit fraction
length. Moreover, the intermediate data are also truncated to
be signed 11-bit word length with 8-bit fraction length which
is same to the word length of y, x, r, and Corr.

2) Detection Performance of Post Simulation: As shown
in Fig. 16(a), the blue line is the result of post simula-
tion. With 8-bit fractional precision, the detection perfor-
mance of the proposed MSAMP detection engine shows
almost no degradation when the coarse-searching, and turbo
step-size techniques are applied for hardware optimizations.
Therefore, the detection performance of the MSAMP detec-
tion engine also outperforms that of the other CS detection
engines.

Fig. 16. Post simulation and layout of the proposed MSAMP algorithm.
(a) Detection performance with 8-bit fractional precision and optimization 1
& optimization 2. (b) Layout of the proposed MSAMP detection engine.

TABLE VI

SUMMARY OF THE PROPOSED MSAMP DETECTION ENGINE

C. Implementation Results and Comparisons

The proposed MSAMP engine is implemented in TSMC
90-nm technology by using Cadence SoC encounter tool.
Fig. 16(b) shows the layout of the MSAMP detection engine.
The core area is 1.65 × 1.65 mm2 at 150 MHz operation
frequency. The features of the MSAMP detection engine are
summarized in Table VI.

The comparison of CS-MUD engines is shown in
TABLE VII. When the SNR is 20dB and the sparsity level ŝ

Throughput rate gain =
∑

Cycle (BEFORE optimization in iteration k)∑
Cycle (AFTER optimization in iteration k)

=
∑

k=1:1:ŝ Cycle (Corr + Sorting1 + LMS + Sorting2 + Residual)∑
k=1:s:ŝ Cycle (opt(Corr) + Sorting1 + LMS + Sorting2 + Residual)

(17)
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TABLE VII

COMPARISON OF CS DETECTION/RECONSTRUCTION ENGINES

is 25, the proposed MSAMP detection engine with hardware-
sharing architecture and two optimization techniques takes
0.192ms (in average total 28829 cycles) to complete a detec-
tion in a time-slot, which successfully fulfills the timing
requirements of IoT applications according to LTE-A stan-
dard [32], [33]. We further perform SAMP-MUD [31] in soft-
ware realizations using MATLAB® under Intel(R) Core(TM)
i7-6700 CPU @ 3.4GHz. The software-implemented SAMP-
MUD takes 30.3ms to complete a detection in a time-slot. The
throughput rate of our proposed MSAMP detection engine
is about 158× compared with the software-based SAMP
implementation in our simulation results.

Moreover, we compare our design with the other three
state-of-the-art of CS detection engines [24], [25], [34] to
clearly show the advantages of our proposed new ideas.
The CS detection engines in related works were designed
with the modification of OMP implementation. We can find
that the OMP engines work well for some specific applica-
tions, e.g., bio-signals [24], [25]. The vOMMP engine [24]
is especially for ECG signals and the POMP-MCMIB [25]
engine is designed for EEG signals. Both engines show
great performance and can complete a reconstruction process
within 0.5ms, which is not only suitable for E-health systems,
but also meets the timing requirement of uplink IoT frame
structure. However, with fixed incremental factorization archi-
tectures, the columns of chosen indices have been factorized
and the number of added indices is fixed in their architecture
design. Thus, it is inefficient to realize multiple indices selec-
tion and arbitrary indices updating. The discarded indices in
every stage and every iteration are hard to be removed. Without
index set backtracking optimization, their detection accuracy is
the defect when the OMP engines are exploited in practical IoT
applications which is a noisy scenario. The supported active
devices of [24], [25], and [34] under SER = 10−3 are lower
than 10% of the total devices which is according to the traffic
report in [23]. On the contrary, our design can support around
10.55% (>10%) active devices. In summary, the proposed
MSAMP detection engine can be success to simultaneously
fulfill defined requirements of practical IoT applications.

VII. CONCLUSION

In this work, we propose the MSAMP algorithm and
engine design for real-time MUD in practical IoT applica-
tions. In our proposed MSAMP detection engine, we leverage
the advantages of SAMP algorithm and efficiently modify
it with decomposition-free and hardware-sharing architecture
for efficient hardware realization of iterative index screening
technique. Therefore, our design can efficiently achieve reli-
able and arbitrary indices updating. Implemented in TSMC
90nm technology, the proposed CS detection engine with two
optimization techniques can improve the detection accuracy,
serve up to 10% active devices, and complete a time-slot
detection in 0.192ms (<0.5ms). Thus, the proposed detection
engine can provide a constructive real-time design for practical
IoT applications.
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