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In recent years, we have witnessed a bewildering vari-
ety of automated services and applications involving
vehicles, robots, sensors, and machines powered by 
artificial intelligence (AI) technologies. Communica-

tion mechanisms associated with these services are 
clearly distinct from human-centric methods. One impor-
tant feature of machine-centric communication is that the 
amount of information to be transmitted is tiny. In view of 
the short packet transmission, relying on today’s trans-
mission mechanisms would not be efficient due to the 
waste of resources, large decoding latency, and expensive 
operational cost. In this article, we present an overview 
of sparse vector transmission (SVT), a scheme to trans-
mit short pieces of information after sparse transforma-
tion. We discuss the basics of SVT and two distinct SVT 
strategies [frequency-domain sparse transmission (FDST) 
and SV coding (SVC)] and demonstrate their effective-
ness in realistic wireless environments.

Short-Packet Transmission
Automated things, such as vehicles, drones, sensors, 
machines, and robots, combined with AI technologies have 
found their way into almost every industry. The remark-
able growth of business models using autonomous 
machines is accelerating the need for communication 
between devices as well as machine–human connections 
[1]. One important feature of machine-centric communica-
tion compared to the long-standing human-oriented 
approach is that the amount of information to be transmit-
ted is tiny. For example, information exchanged in the con-
text of autonomous vehicles, robots in smart factories, and 
home appliances has a command-and-control form, such 
as start/stop, turn on/off, move left/right, speed up/slow 
down, shift, and rotate. Typically, information required for 
these applications is in the range of 10– ~100 b. Information 
acquired from sensors (e.g., temperature, pressure, speed, 

and gas density) is on the order of 10 b. Also, similar-sized 
packets are used in many feedback and control channels 
(CCHs) (e.g., the acknowledgment/negative-acknowledg-
ment feedback in 4G LTE/5G New Radio (NR) physical 
uplink CCHs [2], [3]).

A crucial observation regarding these applications 
is that the conventional transmission mechanism is un-
duly complicated and inefficient, resulting in a waste of 
resources, transmit power, and processing latency. Shan-
non’s channel-coding theorem, the governing principle of 
today’s packet transmission, is based on the law of large 
numbers, so it works properly only when the packet size is 
sufficiently large. In fact, when the packet length is short, 
noise introduced by the channel cannot be averaged out 
properly, which substantially degrades the quality of 
packet reception (see, e.g., the information theoretic anal-
ysis in [4]). Further, in the ultrashort-packet transmission 
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regime, the size of the nonpayload (the pilot signals and 
control data) easily exceeds the payload size so that the 
cost attributable to the nonpayload outweighs that of the 
payload. In particular, in some applications requiring high 
reliability [e.g., ultrareliable and low-latency communi-
cations (URLLC) in 5G [5]], the cost resulting from pilot 

signaling increases sharply, further degrading resource 
utilization efficiency. Without doubt, relying on today’s 
transmission mechanism will not be efficient due to the 
waste of resources, large decoding latency, and expensive 
operational cost.

Our intent in this article is to introduce a new type 
of short-packet transmission scheme referred to as, SVT. 
The key idea of SVT is to transmit short pieces of infor-
mation after the SV transformation. Using the principle 
of compressed sensing (CS), we decode the packet us-
ing a small number of resources. SVT has a number of 
advantages over conventional transmission strategies; it 
is simple to implement, and it reduces transmission la-
tency as well as encoding/decoding complexity. When 
the position of an SV is used to encode the information 
exclusively, the decoding can be done without the chan-
nel knowledge, saving the pilot transmission overhead 

and channel estimation effort. Furthermore, SVT can 
inherently improve user identification (UID) quality and 
security. In a nutshell, SVT is a viable solution for massive 
machine-type communication (mMTC) and URLLC sce-
narios and has many advantages over the conventional 
packet-transmission mechanism.

Principle of SVT
In this section, we discuss the basic principle of SVT, the CS 
principle, and two types of SVT schemes: FDST and SVC.

Basics of CS
A system model with an m-dimensional measurement 
vector y and n-dimensional input vector s is given by

,y As=

where A is the system (sensing) matrix relating the input 
vector s and the measurement vector y. If A is a tall or 
square matrix, i.e., if the dimension of y is larger than or 
equal to the dimension of s ( )m n ,$  one can recover s
using conventional techniques (e.g., Gaussian elimination) 
as long as the sensing matrix is a full rank. However, if the 
matrix A is fat ( )m n ,1  i.e., the number of unknowns is 
larger than the dimension of the observation vector, it is, 
in general, not possible to find a unique solution, since 
there exist infinitely many possible outcomes.

In this pathological scenario where the inverse prob-
lem is ill-posed, the sparsity of an input vector comes to 
the rescue. A vector s is called sparse if the number of 
nonzero entries is sufficiently smaller than the dimension 
of the vector. If a vector s is k-sparse, meaning that there 
are k nonzero elements in s, the measurement vector y is 
expressed as a linear combination of k columns of A asso-
ciated with the nonzero entries of s. If the support sX  (the 
set of nonzero indices in s) is by any chance known a pri-
ori, then by removing columns corresponding to the zero 
entries in s, we can convert the underdetermined system 
into an overdetermined one and thus find the solution 
using the standard technique. CS theory asserts that, as 
long as the sensing matrix is generated at random, k-SV 
can be recovered with ( )/logm ck n k.  measurements 
(c  is a constant). In performing the recovery task, the 
l -1 norm minimization technique and greedy sparse-
recovery algorithm [e.g., orthogonal matching pursuit 
(OMP)] have been popularly used (see, e.g., [6]).

It is worth mentioning that the underlying assump-
tion in many CS-based studies is that the signal is sparse 
in nature or can be sparsely represented on a properly 
chosen basis. Indeed, applications of CS in wireless com-
munications have mainly focused on the recovery of 
naturally sparse signals, such as sparse millimeter-wave 
channel estimation in the angle and delay domains, an-
gle estimation [degree of arrival (DoA)/angle of depar-
ture (AoD)], and spectrum sensing [6]–[8]. An intriguing 
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feature of SVT compared to previous works is the ability 
to purposely transmit the SV to achieve gain in terms of 
performance, latency, and energy efficiency.

Two Types of SVT
Basically, there are two options in SVT. For ease explana-
tion, we discuss the orthogonal frequency-division multi-
plexing (OFDM) system, standard systems for 4G and 5G 
cellular, and Wi-Fi systems as a baseline. Nevertheless, the 
main principle can be readily extended to different trans-
mission schemes. In the first option, FDST, information is 
embedded in a small number of subcarriers and trans-
mitted (see Figure 1). In this case, a composite of the chan-
nel matrix H  and the inverse discrete Fourier transform 
(IDFT) matrix FH  becomes the sensing matrix so that the 
time-domain sample vector y As v HF s vH= + = +  becomes 
the measurement vector. While the symbol decoding in 
conventional OFDM systems is initiated after receipt of all 
the time-domain samples, the SV s in FDST can be recov-
ered with a small number of time-domain samples using 
the CS technique. Let 0 P Im m n m= # -^ h6 @ be the matrix tak-
ing early m samples of y; the vector of the first m mea-
surements is expressed as y Py=u  (see Figure 1). For 
instance, if ,k 16=  , ,n 1 024=  and ,c 4=  only 11% of the 
samples m 115.^ h is needed to decode s. In the second 
option, SVC, spreading matrix C c cn1f= 6 @ is applied to 
the SV s before the transmission (see Figure 1). Each 
position in a vector s has its own spreading sequence ci  
so that the transmit vector can be expressed as a linear 
combination of spreading sequences corresponding to 
nonzero symbols.

One distinctive feature of SVT over the convention-
al transmission scheme is that positions as well as 

symbols can be used to convey the information. By way 
of analogy, one can imagine the process of generating 
the SV as placing a few balls into empty boxes. When 
we try to put k  balls in n boxes ( ),k n#  we have k

n` j 
choices, so we can encode log k

n
2` j8 B bits of information 

into the position of the SV s. Suppose the modulation 
order is the same for all nonzero positions (say bs  bits 
per symbol); then, kbs  bits can be encoded to the ac-
tive symbols (symbols in the nonzero positions) so 
that one SVT block conveys log k

nkbs 2+ ` j8 B bits in total.
There are various options to encode the information 

in SVT. A simple one is to use positions and active sym-
bols in the information transmission. Alternatively, one 
can map the UID to the positions and the rest of the 
information to the active symbols to elegantly divide 
the UID process and information decoding. Yet another 
option is to embed the message to the positions and 
the parity bits to the active symbols for error detection 
and correction.

FDST
In contrast to conventional OFDM systems, FDST trans-
mits the information in the form of an SV and then uses 
the CS technique to decode the input SV. We first dis-
cuss the system model and then explain the FDST 
decoding and environment-aware UID (EA-UID), an 
approach to simplify the UID process using environmen-
tal information.

System Model
As discussed, the system model for FDST is .y HF s vH= +  
Due to the addition of the cyclic prefix, H  is a circulant 
matrix and thus can be eigen-decomposed by a discrete 
Fourier transform (DFT). That is, H F FHK=  where F  is 
the DFT matrix and K  is the diagonal matrix ( iim  corre-
sponds to the frequency channel of ith subcarrier). 
The corresponding system model is expressed as 

.y F s vHK= +  Since the supports of s and sK  are the 
same, by letting x s,K=  the system model is converted 
to .y F vxH= +  Recalling that CS operates with far fewer 
measurements than conventional techniques require, a 
small part of y is enough to recover x. As a metric to 
evaluate the sensing matrix, mutual coherence, which is 
the largest magnitude of a normalized inner product 
between two distinct columns of a sensing matrix (i.e.,

( ) , ,a a a a/max A
i j

i j i j2 2< < < <n =
!
^ h  is widely used [6]. Since 

the mutual coherence of the IDFT submatrix FP H  
remains constant as long as we choose consecutive sam-
ples, the recovery performance is not affected by the 
choice of samples in y. Thus, it is beneficial to use early-
arrived samples to achieve a reduction in transmission 
and decoding latencies (see Figure 2). Since the system 
model ( )y PF x w w PvH= + =u  is a standard setting for 
CS, any sparse-recovery algorithm can be employed to 
decode x from .yu

y
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Figure 1 Two system models for SVT: (a) FDST and (b) SVC.
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FDST Decoding
Basically, FDST decoding consists of two steps. In the 
first, the support of x is identified by the sparse-recov-
ery algorithm. For example, the greedy sparse-recov-
ery algorithm identifies one column (the position of a 
vector) of the sensing matrix in each iteration. In our 
case, a column of PFH  that is maximally correlated 
with the measurement vector is chosen. Once the sup-
port xX  of x (equivalently, the support sX  of s) is iden-
tified, by removing components associated with the 
zero entries in s, an overdetermined system model to 
decode the symbol s can be obtained. In the decoding 
of s, for example, a conventional technique (such as the 
linear minimum mean-square error estimator) can be 
used followed by the symbol slicer.

In mapping the UID to the support, one can consider 
the EA-UID. The key idea of the EA-UID is to use the sup-
port sX  derived from environmental information as a 
UID. By “environmental information,” we mean the in-
formation obtained from wireless environments, such 
as the channel impulse response, angle (AoD/DoA), 

location, and delay spread, to name just a few. The EA-
UID is conceptually similar to the biometric UID. A bio-
metric identifier, such as an iris or a fingerprint, that 
intrinsically represents the unique identity of an indi-
vidual’s body can greatly simplify the UID process. The 
principle of the EA-UID is conceptually similar since the 
environmental information is reflected in the support of 
the transmit vector.

One simple example, illustrated in Figure 2, is to 
choose positions of k  subcarriers that have the largest 
channel gain as a support and use this as a UID. For ex-
ample, in time-division duplex (TDD) systems, the BS can 
acquire the channel information (and thus the UID) of all 
mobile devices from the uplink pilot signals because of 
the channel reciprocity. In the uplink scenario, therefore, 
the base station (BS) can identify which mobile device 
has sent a packet by checking the support (UID) of the re-
ceived packet. Similarly, in the downlink scenario, a mo-
bile device can easily check whether it was the intended 
recipient of the packet by comparing the decoded sup-
port xXt  and its own support .xX
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Figure 2 FDST-based short-packet transmission in TDD systems ( ).k 3=  IFFT: inverse fast Fourier transform.
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The EA-UID has several advantages. First, it improves 
security since the UID is derived from naturally acquired 
environmental (channel) information. Second, in many 
physical channels—for example, the physical-uplink 
shared channel or physical-downlink (PD) shared chan-
nel in 4G LTE/5G NR [3]—the BS sends the data with the 
UID or after the complicated user-scheduling process. 
Since the EA-UID mechanism separates the UID and 
data decoding elegantly, the time and effort to decode 
a whole packet just for the UID purpose can be saved. 
Indeed, since the EA-UID is performed through the iden-
tification of the support in x, not by the accurate recov-
ery of the SV s, support of x can be recovered using yu  
and D PFH=  (the submatrix of the IDFT). Recalling that 
D is independent of the channel, the channel estimation 
is unnecessary in the support detection. Third, since k 
is, in general, very small, the sparse-recovery algorithm 
can quickly identify the support. Further, transmission 

and decoding latency can be greatly reduced since only 
a small fraction of the early-arrived (time-domain) sam-
ples is used for packet decoding (see Figure 2).

As a final note, one can easily add an error-correction 
capability to the EA-UID, since the sparsity of subcarriers 
lends itself to the addition of an error-correction mecha-
nism. For example, when the correlation between adjacent 
columns in D is large, which is true for the submatrix of 
the IDFT, an index of a column adjacent to the correct one 
might be incorrectly chosen as a support element. An in-
correct support element can also be chosen when the 
supports of the BS and user equipment are slightly differ-
ent due to channel-estimation error or imperfect channel 
reciprocity. Since k is small k n%^ h in s, by relaxing the suc-
cess condition in the support identification, an error can be 
corrected. The basic idea of this strategy is to replace the 
selected index ~t  with the nearest support element .x!~ X   
In other words, as long as the mismatch level ~ ~-t  is small-
er than the properly designed threshold, the error caused 
by the different supports can be corrected [9].

Numerical Performance Evaluation
In this section, we present numerical results to evaluate 
the performance of the FDST. In our simulations, OFDM 
systems (with 512 subcarriers) under independent, identi-
cally distributed (i.i.d.) Rayleigh-fading channels are used. 
As performance measures, the block error rate (BLER) 
and processing latency (see Table 1 for the detailed setup) 
are considered. In Figure 3, the BLER of the FDST and 
Physical Downlink Control Channel (PDCCH) in 4G LTE 
are compared. In our simulations, the size of the payload 
and nonpayload are set to 144 and 16 b, respectively. Due 
to the selective use of good subchannels as well as a prop-
erly designed error-correction mechanism, the FDST out-
performs the PDCCH by a large margin, achieving more 
than a 5-dB gain when the BLER is .10 2-  We next evalu-
ate the average processing latency, defined as the sum 
of the buffering and decoding latencies for one OFDM 
symbol. The processing latencies of the FDST for m 256=  

.  73 4 sn^ h and m 128=  ( . )36 7 sn  are reduced by 56 and 
78% across the LTE PDCCH ( . ),166 8 sn  respectively.

It is worth mentioning that to decode a packet in 4G 
LTE/5G NR systems, we need to receive seven (4G LTE) 
or two (5G NR) OFDM symbols, whereas only one symbol 
(more accurately, a small part of one symbol, as shown in 
Figure 2) is enough for the proposed FDST. Additionally, 
since the required number of samples in the receiver is 
small, the BS does not need to transmit whole samples, 
and thus considerable transmit power can be saved.

SVC
One distinctive feature of SVC over FDST is the ability to 
transmit the SV after the random spreading. We first 
discuss the basic SVC operation and then explain deep-
neural-network (DNN)-based SVC decoding.
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Figure 3 The BLER of URLLC packet transmission ( ).m 256=  SNR: 
signal-to-noise ratio.

Table 1 The system setup for FDST simulations.

FDST

PDCCH With Con-
volution and Turbo 
Codes (1/3 Rate)

System model 5-MHz bandwidth, 
15-kHz spacing, 
and 1 subframe =  
1 ms

FFT size 512 (k 36=  in 
FDST)

Channel model i.i.d Rayleigh-fad-
ing channel

Number of bits 144 160 (144 for con-
trol information 
and 16 for the UID)

Modulation 
scheme

16 quadrature/
amplitude 
 modulation

Quaternary 
phase-shift keying
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Basics of SVC
The key idea behind the SVC is to 
transmit the short-sized packet after 
SV transformation and compression. 
To be specific, an information vector 
is mapped to the SV and transmitted 
after the pseudorandom spreading 
(see Figure 4). In view of this, one can 
consider the SVC as reminiscent of 
code-division multiple access. How-
ever, the major difference is that the 
length of the spreading sequence ci  
is far shorter than the size of an input 
vector s, and only a few entries in s 
are nonzero. Note that, in contrast to 
FDST using the submatrix of the IDFT 
as a sensing matrix, the SVC sensing 
matrix C c c c1 2 nf= 6 @ is generated 
at random so that the vector Cs  after 
the spreading contains enough in -
formation to recover the SV s. The 
input–output relationship of the SVC 
is y HCs v,= +  where H is the diago-
nal matrix, hii  is the channel for the 
ith subcarrier (e.g., the resource ele-
ment in LTE), and v is the additive 
Gaussian noise.

One major benefit of SVC is that 
the decoding process can be great-
ly simplified when the channel is 
approximately constant, which is 
true for most short-packet trans-
mission scenarios. Note that, when the channel is ap-
proximately constant (i.e., ),hH I. ), the system model 
can be simplified to y Cs v Cx v,h. + = +  where x s.h=  
The validity of this system model can be fortified when 
the packet is transmitted in a narrowband channel or 
approximately static environments. In fact, when the 
packet transmission time Tp  is smaller than the channel 
coherence time ,T T Tc c p&^ h  the channel can be readily 
assumed to be constant. For example, when the carrier 
frequency is .  f 1 8 GHzc =  and the mobile speed is o = 
10 km/h, T 11 msc .  is much larger than the duration of 
one LTE OFDM symbol ( .  )0 07 ms.  [10], which justifies 
the validity of this approximation.

Suppose information is embedded only in the posi-
tions of s. The decoding task is to find the support sX  of 
s (equivalently, xX ). Fortunately, since the system matrix 
C does not contain channel components, support iden-
tification can be performed without channel knowledge, 
resulting in savings of resources and power for the pilot 
transmission, not to mention reduced difficulty for chan-
nel estimation. Thus, the SVC is effective in power-hungry 
scenarios, such as energy-harvesting Internet of Things 
systems and sensor/metering networks. Also, the SVC is 

a good fit for small-cell-deployed scenarios and cell-edge 
environments, since the randomly spread SV is robust to 
cochannel interference.

SVC Decoding With the DNN
In SVC packet decoding, we can basically use any sparse-
signal-recovery algorithm. In most sparse-recovery algo-
rithms, such as the OMP, an index of a column in C that is 
maximally correlated to the measurement y is chosen as 
an estimate of the support element [11], [12]. Thus, if two 
columns of C are strongly correlated and only one of 
them is associated with the nonzero values in s, it might 
not be easy to distinguish the right column from wrong 
one. Clearly, the support identification performance 
depends heavily on the correlation between columns of 
C. In fact, when a packet is transmitted using a small 
amount of resources, the underdetermined ratio /m n of 
the system will increase sharply, causing a severe degra-
dation in decoding performance.

To address this problem, we employ a DNN, which 
is an outstanding tool to approximate the complicated 
and nonlinear function. Specifically, we use a convolu-
tional NN (CNN) because of its computation efficiency 
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[13]. During the training phase, the CNN learns the non-
linear mapping function g between the received signal y 
and support X  (see Figure 4). The support identification 
problem can be expressed as ( ; ),g y iX=t  where i  is the 
set of weights and biases. To find the network parame-
ters i  that approximate the mapping function correctly, 
a received signal y passes through multiple hidden lay-
ers. In each one, the relationship between input zi  and 
output zo  can be expressed as ( ),fz W z bo i)= +  where 
W and b are the weight and bias, respectively; f  is the 
nonlinear activation function (e.g., the rectified linear-
unit function); and ) is the convolution operator.

To achieve a reduction in computational complexity, 
the maximum pooling operation taking the maximal val-
ue in the filtered window is employed. It is well known 
from the universal approximation theorem that a DNN 
processed by the deeply stacked hidden layers closely 
approximates the desired function. In our context, this 
means that the trained NN with multiple hidden layers 
can handle the whole SVC decoding process, resulting in 
accurate support identification.

When one tries to use deep-learning techniques for 
wireless communication systems (e.g., packet decoding 
and channel estimation), there are two major hurdles to 

overcome. First, it is very difficult to handle the randomness 
of the received vector y. Indeed, since the channel depends 
heavily on environmental factors, such as the frequency 
band and geometric objects, DNNs should be trained with 
a huge amount of channel training data. Fortunately, SVC 
decoding is essentially the same as support identification, 
and all channel components are contained in an input SV 

.x sh=  This means that the DNN-based SVC decoder needs 
to learn only the codebook matrix C (known a priori), not 
the channel statistics, which greatly simplifies the learning 
process and also improves accuracy.

Next, during the training phase, an abundant data set 
is required to train the DNN. Using the real received sig-
nals would be a natural option, but doing so will cause 
significant overhead in the system. For example, gather-
ing 10 million received signals in LTE systems will take 
more than 4 h (1-ms subframe consisting of 14 symbols). 
Luckily, since DNN-based SVC decoding is not so sensi-
tive to the channel variations, training vectors can be 
generated synthetically and used during the offline train-
ing phase. In doing so, the time and effort spent to collect 
a huge training data set can be prevented.

Numerical Performance Evaluation
In this section, we examine the BLER performance of the 
SVC-encoded short packet in the downlink of OFDM sys-
tems. For comparison, we also test the PDCCH of 4G LTE 
and 5G NR systems (using polar code) under an active 
white Gaussian noise channel condition. In the 4G PDCCH, 
the convolution code with rate 1/3 and the 16-b cyclic 
redundancy check are used. In the SVC scheme, the bina-
ry codebook generated from the Bernoulli distribution is 
employed. Also, we set ,m 42=  ,n 96=  and k 2=  for 12-b 
transmission. In the decoding of the SVC-encoded packet, a 
1D CNN consisting of six hidden layers, the size of which is 
2m ( )84= , and a 3 1#  convolution filter are employed.

In Figure 5, we observe that the DNN-based SVC out-
performs the conventional schemes, achieving 0.5-dB 
gain over the conventional SVC scheme, 5-dB gain over 
the PDCCH with OMP, 3.3-dB gain over the PDCCH with 
convolutional code, and 1.2-dB gain over the PDCCH with 
polar code at .BLER 10 5= -  In Table 2, we compare the 
computational complexities of the proposed deep SVC 
and conventional OMP algorithm. Here, the number of fil-
ters T and pooling size p are set to 32 and 2, respectively. 
To quantify the computational overhead, we compute the 
required floating-point operations (FLOPs) for various in-
put sizes ( , ).m 42 54=  We observe that the complexity of 
the deep SVC is much smaller than that of the OMP. For 
example, when ,m 54=  the complexity of the proposed 
scheme is 53% lower than that of the OMP algorithm. Note 
that the complexity of the proposed scheme depends 
heavily on the DNN network parameter (e.g., L  and ),T  
not the system parameter (m and ).k  For instance, when 
m increases from 42 to 54, the computational complexity 
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Figure 5 The BLER performance of the DNN-based SVC as a func-
tion of the SNR (transmission of 12-b information).

Table 2 The computational complexity analysis for deep SVC.

Number of FLOPs

Complexity for Various 
Input Sizes

m = 42 m = 54

Deep 
SVC

2mT{2q + (p - 1)/p - 1  
+ (4q + 1)L/p - (T - p)/T 2}  
+ (4m + k + 3)n  
- k(k + 1)/2 - 1

.1 36 105# .1 1075 5#

OMP 2mnk + k(k + 1)  
# (4m2 + 3m - 1)/2  
+ km3 - 2k

.1 6 108 5# . 103 71 5#
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of the deep SVC increases moderately, while that of the 
OMP algorithm increases significantly.

Conclusions and Future Direction
In this article, we presented an overview of SV transmis-
sion suitable for the short-packet transmission in 
machine-centric communication scenarios (mMTC and 
URLLC). We discussed the basics of SVT and two distinct 
SVT approaches (FDST and SVC) with detailed opera-
tions, and we demonstrated the effectiveness of SVT in 
realistic wireless environments. We observed that SVT is 
an effective means to transmit short packets and that it 
has many advantages over the conventional transmis-
sion scheme. Still, much work remains to be done. For 
example, we did not elaborate the coding scheme in this 
article. Perhaps the simplest option is to combine the 
channel-coding scheme and SVT mechanically.

A better alternative would be to consider the correla-
tion of the sensing matrix and the quality of the channel 
in SV generation and decoding. In designing the coding 
scheme, we can recycle the wasted information. In fact, 
when b bits are mapped into k positions of an n-dimen-
sional vector, k

n 2b-` j  choices will be wasted. By the 
deliberate mapping of these choices to the information 
bits, the decoding-error probability can be reduced. 
Also, SVT can simplify complicated transmission proce-
dures. For instance, SVT can be used as a grant signal 
in the user-scheduling process. It can also be used as a 
grant-free uplink transmission of the short packet.

As communication among machines proliferates, short-
packet transmission will be more popular and eventually be-
come a dominating transmission mode in machine-centric 
wireless systems. We believe that the proposed SVT would 
serve as a useful tool in the machine-communication era.
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