Compressive Random Access Using Multiple
Resource Blocks for MTC
Jinho Choi, Kyungjun Lee, and Nam Yul Yu
School of Electrical Engineering and Computer Science
Gwangju Institute of Science and Technology (GIST)
e-mail: {jchoi0114, leekj9001, nyyu}@gist.ac.kr

Abstract—In this paper, we propose a compressive random
access scheme using multiple resource blocks (RBs) to support
massive connections for machine type communications (MTC)
in 5G systems. The main advantage of the proposed scheme
over conventional compressive random access schemes is that
there can be more devices than preambles as each active device
is to randomly choose a preamble for connection to an access
point (AP) at the cost of preamble collisions. To mitigate the
performance degradation due to preamble collisions, a block of
subcarriers is divided into multiple RBs and an active device is
to randomly choose an RB and a preamble within the chosen
RB. For multiple signal detection, we consider a low-complexity
compressive sensing (CS) algorithm. We also demonstrate that
using multiple RBs in random access can offer the benefits of
reducing the computation time with a multicore processor as well
as improving the throughput.
Index Terms—Internet of things, random access, machine
type communications

I. I NTRODUCTION
For the Internet of Things (IoT), there has been a growing interest in machine-type communications (MTC) in 5th
generation (5G) systems [1]. The applications of MTC are
diverse from health care to smart grid, where a huge number
of devices exist in the system, but only a few of them are
active at a particular timing instance. Therefore, random access
is suitable for MTC to accommodate a number of devices
with a low probability of activity [1]–[3]. A random access
scheme, called the random access (RACH) procedure, has
also been proposed for a cellular system, i.e., the long term
evolution-advanced (LTE-A) system [4]. The RACH procedure
is a contention-based random access method, which is similar
to the slotted ALOHA protocol [5]. In the RACH procedure,
there are multiple preambles in a preamble pool, and a device
can select a preamble randomly from the pool and transmit the
selected one for access. Finally, it can be connected if there is
no collision, i.e., the preamble is not transmitted by any other
devices.
Recently, the notion of compressive sensing (CS) [6]–
[8] is employed to exploit the sparsity of active devices for
multiuser detection (MUD) in random access [9]–[11]. Among
many devices present in MTC, only a few of them attempt to
access the network by transmitting their preambles. The sparse
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activity of devices, which can be modeled as a sparse vector,
allows the principle of CS to be effectively applied to MUD
with low complexity.
In most conventional compressive random access1 schemes
[9]–[11], each device has a unique signature sequence that
is used to distinguish its signal from other signals from
different devices. Consequently, the number of devices is
limited by the number of signature sequences. To support
many devices in MTC, it can result in two difficulties: i)
a long sequence is required to accommodate a number of
devices regardless of sparse activity (a low throughput); ii)
the complexity of CS algorithms for MUD can be high due
to a large number of columns (or signature vectors) in a
measurement matrix (a high computational complexity). To
avoid the above difficulties, we can apply the approach used
in the RACH procedure to compressive random access. That
is, instead of assigning a unique signature to each device,
a randomly selected preamble or pilot from a pool of predetermined preambles can be used when an active device
is to transmit signals to a receiver or access point (AP).
This approach is studied in [12]. Unfortunately, this approach
suffers from preamble collision that happens when multiple
active devices choose the same preamble.
In this paper, we generalize the compressive random access
scheme in [12] using multiple resource blocks (RBs) in a multicarrier system. In the proposed scheme, we divide subcarriers
into multiple groups, or RBs, not only to mitigate preamble
collisions, but also to reduce the computational complexity
of sparse signal recovery when there are a large number of
devices from MTC. A device can randomly choose one of
multiple RBs and then a preamble within the chosen RB for
connection by random access. At the AP, parallel multiple
CS-based detectors can be employed for MUD with low complexity. Both theoretical analysis and simulation results show
that the throughput of compressive random access increases
with the number of RBs within the capability of CS recovery
for a fixed total number of subcarriers. In addition, through
the parallel detection with a graphics processing unit (GPU)
multicore processor, we demonstrate that the complexity of
MUD decreases with the number of RBs.
1 This term is used in [11] to refer to a random access scheme that allows
a receiver to employ low-complexity CS algorithms for MUD.

Notation: The superscripts T and H denote the transpose
and complex conjugate, respectively. The 𝑝-norm of a vector
a is denoted by ∣∣a∣∣𝑝 (If 𝑝 = 2, the norm is denoted by ∣∣a∣∣
without the subscript). 𝔼[⋅] and Var(⋅) denote the statistical
expectation and variance, respectively. 𝒞𝒩 (a, R) represents
the distribution of circularly symmetric complex Gaussian
(CSCG) random vectors with mean vector a and covariance
matrix R.
II. S YSTEM M ODEL
Suppose that there are 𝐾 devices and each device becomes
active with probability 𝑝𝑎 , where 𝑝𝑎 is the access probability.
Each active device can choose one of 𝑀 RBs for random
access. In each RB, there are 𝑁 preambles of length 𝐿.
Throughout the paper, we assume a multicarrier system that
has 𝐽 = 𝐿𝑀 subcarriers. Thus, an RB consists of 𝐿 subcarriers and each preamble is a multi-carrier spread sequence
of length 𝐿 [13]. Furthermore, we consider the case that 𝐽
is fixed in order to see the impact of the number of RBs on
the performance and complexity (i.e., if the number of RBs
increases, the number of subcarriers per RB decreases).
Let C = [c0 . . . c𝑁 −1 ] denote a matrix of 𝑁 preamble
vectors where c𝑛 denotes the 𝑛th preamble, which is a multicarrier spread sequence of length 𝐿. Thus, the size of C
becomes 𝐿×𝑁 , and in general 𝐿 ≤ 𝑁 , which implies that the
preamble sequences can be correlated. We assume the same
set of preamble sequences for all RBs. At an AP, the received
signal vector over the 𝑚th RB is given by
y𝑚 = [𝑦𝑚,0 . . . 𝑦𝑚,𝐿−1 ]T = Cs𝑚 + n𝑚 ,

(1)

where 𝑦𝑚,𝑙 represents the received signal through the 𝑙th
subcarrier of the 𝑚th RB, s𝑚 is a random access vector, and
n𝑚 = [𝑛𝑚,0 . . . 𝑛𝑚,𝐿−1 ]T ∼ 𝒞𝒩 (0, 𝑁0 I) is the background
noise. Let ℐ𝑚,𝑛 denote the index set of the active devices
that choose the 𝑚th RB and the 𝑛th preamble. Then, the 𝑛th
element of s𝑚 is given by
∑
ℎ𝑘,𝑚 𝑥𝑘 ,
(2)
[s𝑚 ]𝑛 =
𝑘∈ℐ𝑚,𝑛

where ℎ𝑘,𝑚 denotes the (frequency-domain) channel coefficient from device 𝑘 to the AP over the 𝑚th RB and 𝑥𝑘 represents the signal from device 𝑘. In (2), we assume that the bandwidth of an RB is sufficiently narrow so that the frequencydomain channel gain remains unchanged within the bandwidth
of an RB.
total number of active devices is given by
∑𝑁
∑𝑀 The
𝐾𝐴 = 𝑚=1 𝑛=1 ∣ℐ𝑚,𝑛 ∣ and the number of active devices
∑𝑁
that choose the 𝑚th RB is given by 𝐾𝐴 (𝑚) = 𝑛=1 ∣ℐ𝑚,𝑛 ∣.
∑𝑀
Thus, we have 𝐾𝐴 = 𝑚=1 𝐾𝐴 (𝑚). In general, we expect
to have 𝐾𝐴 (𝑚) ≪ 𝑁 due to a low probability of activity.
The random access system with multiple RBs (i.e., 𝑀 > 1)
is referred to as the multi-RB random access system in this
paper. The advantage of the multi-RB random access system
over the random access system of a single big RB (of 𝐽
subcarriers) is two-fold: i) the number of active devices per RB
can be low, which helps not only to decrease the probability

of preamble collision, but also to exploit the sparsity for lowcomplexity signal detection; ii) the AP can run 𝑀 multi-signal
detectors in parallel when it is equipped with a multicore
processor (e.g., GPU) for a higher processing throughput.
III. S PARSITY E XPLOITING M ULTI -S IGNAL D ETECTION
A. Impact of 𝑀 on Probability of Preamble Collisions
The average number of the active devices that choose the
𝑎
𝑚th RB is 𝐾𝑝
𝑀 . Thus, the device activity of each RB decreases
with 𝑀 . The probability of preamble collision in the 𝑚th RB
becomes
)
𝐾𝐴 (𝑚) (
∏
(𝐾𝐴 (𝑚))2
𝑘
𝑃pc (𝑚) = 1 −
1−
≈ 1 − 𝑒 2𝑁 .
𝑁
𝑘=1

Noting that 1 − 𝑒
we have

𝑥2
− 2𝑁

is concave in 𝑥 and 𝔼[𝐾𝐴 (𝑚)] =

𝔼[𝑃pc (𝑚)] ≈ 𝔼[1 − 𝑒

(𝐾𝐴 (𝑚))2
2𝑁

𝐾𝑝𝑎
𝑀 ,

(𝐾𝑝𝑎 )2

] ≤ 1 − 𝑒 2𝑁 𝑀 2 .

From this, we can see that the average probability of preamble
collision (per RB) can decrease with 𝑀 (assuming that 𝑁 𝑀
is proportional to 𝐽). This demonstrates that in compressive
random access with a finite set of preambles, the problem of
preamble collisions can be mitigated using multiple RBs. We
also study the impact of multiple RBs on the throughput in
Section IV.
B. CS Algorithms for MUD
In (1), C is considered a measurement matrix of CS.
Thus, for each RB, we can use a CS algorithm to detect the
preambles transmitted by active devices that choose the RB.
For MUD in each RB, we can consider the following problem:
min ∣∣s𝑚 ∣∣𝑝 subject to ∣∣y𝑚 − Cs𝑚 ∣∣22 ≤ 𝜖,
where 𝜖 is given by the background noise. While 𝑙0 -norm
minimization (𝑝 = 0) is desirable to estimate the sparse
signal vector s𝑚 , it is known to be computationally intractable.
Instead, 𝑙1 -minimization (𝑝 = 1, i.e., basis pursuit) is preferable due to the computational tractability [8], [14]. There are
also various low-complexity greedy algorithms [8, Ch. 8] to
estimate the sparse vector, s𝑚 , e.g., the orthogonal matching
pursuit (OMP) [15], CoSaMP [16], and so on.
In CS theory, it is well known that if C satisfies the restricted isometry property (RIP), stable and robust reconstruction of 𝑠-sparse signals can be guaranteed [14]. In particular,
if the 𝐿 × 𝑁 matrix C is a random matrix with Gaussian
or Bernoulli distributed entries, C obeys the RIP with high
probability as long as 𝐿 ≥ 𝑂(𝑠 log(𝑁/𝑠)) [14]. Moreover,
the OMP algorithm presents the recovery guarantee for C
having the RIP [17], under the complexity of 𝑂(𝑠𝐿𝑁 ) [18].
Throughout this paper, we use a random Gaussian matrix
for C by assuming that the entries of each preamble are
randomly generated by the Gaussian distribution. Also, the
OMP algorithm is employed in CS recovery to allow multisignal detection with low complexity for compressive random
access.

There is another advantage of multiple RBs in terms of
power control provided that each device is able to know its
channel gains. In (2), we need to adjust the amplitude of
𝑥𝑘 to overcome fading if the channel gain, ∣ℎ𝑘,𝑚 ∣, is low.
In general, each device can choose the amplitude of 𝑥𝑘 to
be inversely proportional to the channel gain to equalize the
overall signal gain. In this case, if ∣ℎ𝑘,𝑚 ∣ is low, the transmit
power has to be high, which is not desirable. In the multi-RB
random access system, this problem can be mitigated if an
active device can choose the RB that has the highest channel
gain. That is, active device 𝑘 can choose the RB as follows:
𝑚(𝑘) = argmax𝑚 ∣ℎ𝑘,𝑚 ∣, where 𝑚(𝑘) denotes the index of
the selected RB by active device 𝑘. Since the channel gains are
random, the selection of RBs by active devices becomes also
random and active devices could be uniformly distributed over
multiple RBs in this case as well (provided that ℎ𝑘,1 , . . . , ℎ𝑘,𝑀
are iid). From this, throughout the paper, we assume that the
power control is adopted to equalize the overall signal gain as
follows:
∣ℎ𝑘,𝑚(𝑘) 𝑥𝑘 ∣ = 𝐴 > 0, for all active device 𝑘.

maximum sparsity for each RB, which is denoted by 𝐷. Note
that the maximum sparsity 𝐷 means the maximum number of
preambles that can be successfully recovered by CS detector.
Clearly, 𝐷 depends on a number of parameters including 𝐿
and 𝑁 , as well as the CS algorithm employed at the receiver.
If 𝐾𝐴 (𝑚) > 𝐷, the CS algorithm cannot perform well and the
AP may fail to detect the signals from the active devices that
choose the 𝑚th RB. The second error event is a conventional
error event that is due to collisions. Within an RB, if a
preamble is chosen by multiple active devices, there might
be preamble collisions. In this section, we consider the two
error events to derive the average throughput.
Recall that 𝐾𝐴 (𝑚) is the number of active devices that
choose the 𝑚th RB. Then, 𝐾𝐴 (𝑚) is a binomial random
variable where the probability that 𝐾𝐴 (𝑚) = 𝑑 is given by
( )( ) (
𝐾
𝑝𝑎 𝑑
𝑝𝑎 )𝐾−𝑑
Pr(𝐾𝐴 (𝑚) = 𝑑) =
1−
.
𝑑
𝑀
𝑀
Thus, the probability of the sparsity-outage event at the 𝑚th
RB becomes
𝑃1,𝑚 = Pr(𝐾𝐴 (𝑚) ≥ 𝐷 + 1)
( )( ) (
𝐾
∑
𝐾
𝑝𝑎 𝑑
𝑝𝑎 )𝐾−𝑑
1−
=
.
𝑑
𝑀
𝑀

C. Complexity
A GPU has a number of processor cores called streaming
processors (SPs), and multiple SPs consist of a streaming
multi-processor (SM) [19]. Since a GPU consists of a number
of SMs, multiple tasks can be performed simultaneously.
For fast multi-signal detection, we consider to process
multiple RBs in parallel using a GPU. By assigning an RB to
a single core, multi-signal detection can be performed in each
core individually and simultaneously. Thus, parallel processing
using 𝑀 cores can perform faster than the serial processing
of central processing unit (CPU). Specifically, if we assume
𝐽
for fixed 𝐽 and 𝑁 = 𝑐𝐿 for constant 𝑐 > 1,
𝐿 = 𝑀
the OMP algorithm for
) RB has the complexity of
( the 𝑚th
𝐾𝐴 (𝑚)𝐽 2
. As 𝑀 RBs are processed
𝑂(𝐾𝐴 (𝑚)𝐿𝑁 ) = 𝑂
𝑀2
in parallel by a GPU with 𝑀 cores, the complexity
)of OMP(
𝐾𝐴 (𝑚)𝐽 2
. Therebased multi-signal detection remains as 𝑂
𝑀2
fore, as 𝑀 increases, the complexity of OMP-based multisignal detection will be reduced quadratically by GPU parallel
processing. In Section V, simulation results will be presented
for multi-signal detection by a GPU parallel processing.
IV. T HROUGHPUT A NALYSIS
While compressive random access with a finite set of
preambles is more suitable to support massive connections in
MTC than conventional compressive random access schemes
in [10], [11], it suffers from preamble collisions as mentioned
earlier. To mitigate this problem, we considered multiple RBs
and showed that the probability of preamble collision can
decrease with 𝑀 . In this section, we consider the throughput
analysis to see the impact of 𝑀 on the throughput in detail.
When a CS algorithm is used for MUD in the multiRB random access system, there can be two different error
events. The first error event, called sparsity outage event,
occurs when the number of active devices is more than the

𝑑=𝐷+1

When 𝐾𝐴 (𝑚) (≤ 𝐷) active devices attempt to access via
the 𝑚th RB, the conditional throughput2 per RB is given by
(
)𝐾𝐴 (𝑚)−1
𝐾𝐴 (𝑚)
1
,
𝑇 (𝐾𝐴 (𝑚)) =
1−
𝐿
𝑁
which is the expected number of the active devices that can
successfully transmit preambles without collisions in the 𝑚th
RB. Note that if 𝐾𝐴 (𝑚) ≥ 𝐷 + 1, the sparsity-outage event
happens. Thus, we can simplify as follows:
𝑇 (𝐾𝐴 (𝑚)) = 0, 𝐾𝐴 (𝑚) ≥ 𝐷 + 1.
The average throughput of the 𝑚th RB becomes
𝑇¯𝑚 = 𝔼[𝑇 (𝐾𝐴 (𝑚)]
=
=

𝐾
∑
𝑑=0
𝐷
∑

𝑇 (𝑑) Pr(𝐾𝐴 (𝑚) = 𝑑)
𝑇 (𝑑) Pr(𝐾𝐴 (𝑚) = 𝑑)

𝑑=0
𝐷
∑

( )(
)𝑑−1 ( ) (
𝑝𝑎 𝑑
𝑝𝑎 )𝐾−𝑑
𝑑 𝐾
1
1−
=
1−
𝐿 𝑑
𝑁
𝑀
𝑀
𝑑=0
)(
)𝑑 (
𝐷−1 (
(𝑁 − 1)𝑝𝑎
𝑝𝑎 𝐾 ∑ 𝐾 − 1
𝑝𝑎 )𝐾−1−𝑑
=
.
1−
𝑑
𝐿𝑀
𝑁𝑀
𝑀
𝑑=0

In order to find an approximate throughput, we can consider the Poisson approximation of Pr(𝐾𝐴 (𝑚) = 𝑑), which
is given by
𝜆𝑑 𝑒−𝜆
,
Pr(𝐾𝐴 (𝑚) = 𝑑) ≈
𝑑!
2 The

average number of successfully received preambles over 𝐿 subcarriers.

where 𝜆 =

𝑝𝑎 𝐾
𝑀 .

Then, it can be shown that
( (
))
−𝜆 𝐷−1
∑ 𝜆 1− 1 𝑑
𝜆𝑒
𝑁
𝑇¯𝑚 ≈
𝐿
𝑑!

2
1.8

𝑑=0

1.6

𝑝𝑎 𝐾
𝑀

𝐷−1
∑

𝑝𝑎 𝐾
𝑀

(

𝑑=0

1−
𝑑!

1
𝑁

) )𝑑
.

Note that 𝐷 is dependent on 𝐿, 𝑀 , and 𝑁 . Since 𝐿 = 𝐽/𝑀
𝑝𝑎 𝐾(1− 1 )
∑𝐷−1 ( 𝑝𝑎 𝐾 (1− 1 ))𝑑
𝑁
𝑀
and 𝑑=0 𝑀 𝑑! 𝑁
≤𝑒
, which might be tight
𝑝𝑎 𝐾
if 𝐷 is sufficiently large or 𝑀 is sufficiently small, we can
see that
𝑎𝐾
− 𝑝𝑀

𝑝𝑎 𝐾(1− 1 )
𝑝2 𝐾 2
𝑀 𝑝𝑎 𝐾𝑒
𝑝𝑎 𝐾
𝑁
𝑀
𝑒
𝑀− 𝑎
𝑇¯(𝐿, 𝑀, 𝑁 ) ≤
≈
𝐽
𝐽
𝑁𝐽
if 𝑁 is sufficiently large. In particular, if 𝑁 = 𝑐𝐿 for 𝑐 > 1,

𝑝𝑎 𝐾
𝑝2 𝐾 2
𝑇¯(𝐿, 𝑀, 𝑁 ) ≲
𝑀− 𝑎
(𝐽
)𝑐𝐿𝐽
𝑝𝑎 𝐾 𝑝 𝑎 𝐾
= 1−
𝑀
𝑐𝐽
𝐽
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Fig. 1. Total throughput versus the number of RBs with 𝑝𝑎 = 0.03
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5

(3)

which implies that the average throughput can increase with
𝑀 under certain conditions (e.g., a low 𝑝𝑎 and a large 𝑁 ).
Since 𝐿 ≥ 2𝐷 is required for unique 𝐷-sparse solution by
CS recovery, it is valid to claim that the average throughput
𝐽
for fixed 𝐽, where 𝐷
increases with 𝑀 as long as 𝑀 ≤ 2𝐷
is determined by a CS recovery algorithm for given 𝐿 and 𝑁 .
V. S IMULATION R ESULTS
For simulations, the total numbers of devices and subcarriers are set to 𝐾 = 2048 and 𝐽 = 1024, respectively. Also,
we assume that the number of preambles per RB is twice the
length of preambles, i.e., 𝑁 = 2𝐿. Then, in this case, the
approximate total throughput of (3) becomes
𝑇¯(𝐿, 𝑀, 𝑁 ) ≈ 2(1 − 𝑝𝑎 )𝑝𝑎 𝑀.
Each preamble is randomly generated by the Gaussian
distribution, so the preamble matrix C is a random Gaussian
matrix. At the receiver, we assume noiseless CS detection,
where the OMP algorithm has been applied for MUD. By
assuming that the OMP algorithm has no prior knowledge of
sparsity, we stop the iteration if the 𝑙2 -norm of the residual
vector is less than 10−5 . We assume that the preamble transmitted by an active device is successfully recovered if the
OMP algorithm can recover its index.
Figures 1 and 2 show the total throughput of multi-signal
detection for different values of the number of RBs with 𝑝𝑎 =
0.03 and 𝑝𝑎 = 0.1, respectively. The figures demonstrate that
the total throughput of multi-signal detection increases with
the number of RBs, as the theoretical analysis predicted in (3).
The simulation results, along with the performance analysis,
support our idea that the increase of RBs can result in a higher
throughput when the total number of subcarriers is fixed.

Total Throughput

𝑝𝑎 𝐾𝑒−
≈
𝐿

(

Total Throughput

and an approximation of the total throughput is given by
𝑇¯(𝐿, 𝑀, 𝑁 ) = 𝑀 𝑇¯𝑚
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Fig. 2. Total throughput versus the number of RBs with 𝑝𝑎 = 0.1

In Figure 3, we illustrate the total throughput over access
probability 𝑝𝑎 , where the number of RBs is set to 𝑀 = 32. We
can see that the throughput increases with 𝑝𝑎 . According to
(3), we can see that the throughput can increase with 𝑝𝑎 when
𝑐𝐽
𝑐𝐽
]. In this case, since 2𝐾
= 12 , the increase of 𝑝𝑎
𝑝𝑎 ∈ (0, 2𝐾
results in the increase of the total throughput upto 𝑝𝑎 ≤ 0.1.
Figure 4 sketches the computation time of multi-signal
detection using a GPU (in particular, NVIDIA K20c GPU
board is used). A GPU code launches 𝑀 cores to process
multi-signal detection. In addition, GPU code includes the
parallel matrix-vector multiplications and matrix inversion in
one RB. In this paper, we used the optimized cuBLAS library
[20] by NVIDIA for parallel matrix and vector computations.
As shown in Figure 4, when the number of active devices
per RB is 𝐾𝐴 (𝑚) = 3, the computation time of multi-signal
detection decreases quadratically with the number of RBs.
Note that, as discussed in Section III.B, the actual computation
time of GPU parallel processing is well approximated by the

RBs, we can achieve not only a better performance (by
mitigating preamble collisions), but also a lower complexity
in MUD. Furthermore, at the AP, parallel multiple CS-based
detectors can be employed for MUD with low complexity.
Through theoretical analysis and simulations, we have shown
that the throughput of the proposed compressive random
access increases with the number of RBs. By conducting the
parallel detection with a GPU multicore processor, we have
also demonstrated that using multiple RBs in random access
can offer the benefits of reducing the computation time as well
as improving the throughput.

6
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Fig. 3. Total throughput versus access probability with 𝑀 = 32
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Fig. 4. Computation time over the number of RBs with 𝐾𝐴 (𝑚) = 3.

complexity of OMP, or 𝑂
𝐽
𝑀

(

𝐾𝐴 (𝑚)𝐽 2
𝑀2

)

. For 𝑁 = 2𝐿 and

𝐿 =
with a fixed 𝐽, it is obvious that the computation
time decreases quadratically with 𝑀 , since the size of the
each RB, 𝐿 × 𝑁 , decreases quadratically with 𝑀 .
Consequently, we can observe from simulation results that
using multiple RBs, compressive random access enjoys high
throughput and low computation time with multicore GPU
processing.
VI. C ONCLUDING R EMARKS
In this paper, we have proposed a compressive random
access scheme using multiple RBs for MTC. The proposed
random access divides subcarriers into multiple RBs to support
massive connections using a low-complexity receiver at an AP.
For random access to support a number of devices in MTC,
a device randomly chooses one of multiple RBs and then a
preamble within the chosen RB. In this proposed approach,
since active devices can be uniformly distributed over multiple
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