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Abstract—In this paper, we propose a low complexity partial
transmit sequence (PTS) method to reduce the peak-to-average
power ratio (PAPR) of OFDM signals, which is based on Monte
Carlo tree search. Compared to the computation prohibitive
exhaustive search, our proposed method can achieve a better
tradeoff between PAPR reduction and computing load by cutting
down the number of candidate phase vectors to the square of
subblocks. Numerical results show that our proposed method
reduces the computational complexity of the classic reduced
complexity PTS method by 35 times at the cost of 1.16 dB PAPR
performance degradation when the subblock number is 8, or
achieves a 0.2 dB PAPR performance improvement at half of the
computation cost of the classic iterative flipping PTS method.

Index Terms—Monte Carlo tree search, OFDM, partial trans-
mit sequence, peak-to-average power ratio.

I. INTRODUCTION

Orthogonal frequency division multiplexing (OFDM) is
widely used as a high data rate transmission scheme in 4G
wireless communication systems [1-4]. However, a major
disadvantage of the OFDM system is that the OFDM symbols
generally possess high peak-to-average power ratio (PAPR),
which can drive the OFDM symbols into the nonlinear region
of the power amplifier at the transmitter and lead to harmful
in-band distortion and out-of-band radiation. Filtered-OFDM
(F-OFDM) is considered as a promising candidate waveform
to meet the requirement of the fifth generation mobile commu-
nication technology, which can suppress out-of-band emission
and support asynchronous transmission. However, F-OFDM
still faces the high PAPR problem due to the orthogonal
transmission [5].

Existing PAPR reduction techniques include clipping, tone
injection, coding, selective mapping and partial transmit se-
quence (PTS) [6-8], among which the PTS is a distortionless
scheme that maintains the original data transmission rate at the
cost of only a small amount of side information. Specifically,
the PTS scheme divides the original symbol into orthogonal
subblocks and weights each subblock with different phase
factors. The objective is to find the optimal phase vector that
minimizes the PAPR of the combined symbols. The classic
PTS (C-PTS) method employs an exhaustive search to find
the optimal phase vector and calculates the PAPR of each
candidate phase vector with all samples of the original OFDM
signal [9]. When the number of subblocks and the length of
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OFDM signals are large, the C-PTS method suffers from high
computational complexity inevitably.

The phase vector needs to be calculated for each coming
OFDM symbol, i.e., around every 70 ms in LTE systems,
to maintain a low PAPR of the transmit signal. To alleviate
system computation burden, various modified-PTS algorithms
have been proposed [10]. Reducing the number of candidate
phase vectors is a feasible way to meet this end [11, 12]. The
iterative flipping PTS (I-PTS) method uses a greedy algorithm
to sequentially determine phase factors of each subblock, such
that the number of candidate phase vectors is reduced to be
proportional to the subblock number [11]. Simultaneous flips
of multiple phase factors can improve the PAPR performance
at the cost of additional computation load [12]. These methods
greatly reduce the complexity level but with limited PAPR per-
formance. Another way is to decrease the complexity of PAPR
calculation [13—15]. The reduced complexity PTS (RC-PTS)
method uses dominant time domain samples to estimate the
PAPR value of each candidate phase vector, which reduces the
computation load remarkably with slight PAPR performance
degradation [13]. Sample selection metrics have been proposed
to further improve the accuracy of PAPR estimation [14, 15].
The performance of these methods is close to that of the C-PTS
but their computational complexity also grows exponentially
with the subblock number.

In this paper, we introduce a Monte Carlo tree search
(MCTS) based PTS method, referred to as M-PTS, to reduce
the PAPR of OFDM signals. Specifically, we adopt the RC-
PTS method to estimate the PAPR of each candidate phase
vector, and then utilize the MCTS method to search for
the optimal phase vector, in which the number of candidate
phase vectors is proportional to the square of the subblock
number. Actually, our proposed MCTS based phase vector
search method can be combined with any dominant time
domain samples PTS method to further reduce its complexity.
Simulation results show that our proposed M-PTS method can
achieve a promising tradeoff between PAPR performance and
computational complexity when the subblock number is large.

The rest of this paper is organized as follows. In Section
II, we review the PAPR in OFDM systems and give a brief
introduction to the C-PTS, I-PTS and RC-PTS methods. The
proposed MCTS based method is explained in detail in Section
IIT. Numerical results and discussions are provided in Section
IV. In Section V, we conclude the paper.
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II. PROBLEM FORMULATION

A. PAPR Definition

Let X = [Xo, X1, ... ,XN_l]T denote an OFDM symbol in
the frequency domain, where N is the number of subcarriers
and X;,0 < ¢ < N -1 is the modulated signal of the i-th
subcarrier. In time domain, the OFDM symbol can be seen
as the sum of N narrow band signals corresponding to N
subcarriers, which is given by

z(t) = }zxeﬂ’”t” 0<t<T, (1)

where T is the length of the OFDM symbol in time domain.

The discrete time symbol x = [xo,xl,...,xNL,l]T with
sampling rate LN /T is then given by
1A j2mim/N L
T = —— Xl 0<m < NL-1, (2)
v &

where L is the oversampling ratio.

The PAPR of an OFDM signal is then defined as the ratio of
the maximum instantaneous power to the average power over
the entire OFDM symbol. Its value is usually approximated
with the oversampled OFDM symbol, given by

somax  {loml’)

E{lzm?}

Such an approximation is accurate enough when the oversam-
pling rate L >4 as discussed in [16].

PAPR(x) = (3)

B. PTS Scheme

A general block diagram of the PTS scheme is shown
in Fig. 1, where the OFDM symbol X is divided in-
to V subblocks and each of them is denoted by X, =
[X0.0, Xo1,--- ,XU’N,l]T ,1 <v < V. Without loss of gener-
ality, we assume the number of subcarriers N is divisible by
V, and set M = N/V as the number of effective subcarriers
of each subblock. For any subblock X,, its first (v — 1)M
elements and last (V —v)M elements are 0, i.e., X, ; =0,i¢€
[0, (v—=1)M-1]u[vM, N-1], and the middle elements are set
to be equal to the elements of the original symbol in the cor-
responding subcarriers, i.e., X, ; = X;,i € [(v-1)M,vM-1].

Thus, the original OFDM symbol can be represented by the
sum of V' subblocks,

1%
X=X,

v=1

)

Each subblock is individually oversampled with ra-
tio L and transformed into time domain via an IFFT
with length NL. The discrete time subblock v is x, =

T T
(Z4,0,%v,1,--- Ty NL-1] , Where each element z,, ., is given
by
1 N-1
Tom= s 2 Z X,/ NL D 0<m < NL-1. (5)

Each time domain subblock x, is then multiplied by a
constant phase factor b, = e/?* ¢, € [0,27), and the cor-
responding phase vector is denoted by b = (b1, ba,...,by).
The outcome of the time domain signal is then given by

4
= Z byXy.
v=1

The phase factors are chosen from a predefined set ® that
divides 27 phase interval into W equal sections, which is
formally given by

o= {0 <w < W -1}

(6)

(7

Therefore, the optimal PTS phase vector problem is formulated
as follows,

min PAPR(x"9)
st byed 1<v<V

®)
(€]

The C-PTS method uses brute search to find the optimal
phase vector that minimizes the PAPR of the outcome signals.
Note that we can always set the phase factor of the first
subblock b; = 1 without loss of optimality. The number of
phase vectors searched in C-PTS is then given by WV ~!. The
[-PTS method starts by setting all the phase factors as 1, i.e.,
by, = 1,1 <v <V [11]. Then, it sequentially determines the
V' -1 phase factors from v =2 to v =V in a greedy fashion.
For any subblock v, given the current phase factors of all the
other V' — 1 subblocks, the myopic optimal phase factor in
® that minimizes the PAPR of the current outcome OFDM
signal is selected. The number of phase vectors searched in
the I-PTS method is then given by W (V - 1).

The RC-PTS method defines a metric Yy, = Yoy [Z.m |,
for each time domain sample point m € {0,1,..., NL-1}. The
set of selected points is then given by Sy = {m|Y,, > h(v)},
where h(7) is the threshold function. We denote by U the
number of selected points. Thus, the v-th subblock with
dominant time domain samples is given by

xv,qu]Ta (10)

where ¢; € Sy for all i € {1,2,...,U}. The dominant time
domain signal and the corresponding weighted signal are given
by %=V %, and X" = ¥V b,x,, respectively. We denote

=Pr{Y,, > h(~)} as the probability that the metric Y,, is

Xo = [vah 1 Lu,gas e
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Fig. 2. A four-step loop in the MCTS method.
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above the threshold h(y). The computational complexity of
PAPR calculation is then reduced from LN to P,LN.

The transmission of side information is another research
aspect of the PTS technique. For example, the number of
phase vectors is WV ! in the C-PTS method and this needs
to transmit log,(WV 1) bit side information per signal. In
this paper, we assume the side information can be transmitted
correctly for all PTS methods. Thus the OFDM signals are
recovered without causing the bit error ratio degradation at
the receiver side.

III. PAPR REDUCTION WITH M-PTS
A. MCTS Preliminaries

MCTS is a family of algorithms that have been successfully
used in problems with massive searching spaces, e.g., the
games of go and chess [17]. The basic idea of MCTS is to
formulate a tree structure to represent the searching space,
while in each exploration step along the tree structure, to
use a large number of well-designed Monte Carlo simulations
to estimate the unknown evaluation function of the child
nodes. For a specific problem, the basic process of MCTS
can be further specified and strengthened, e.g., AlphaGo [18]
strengthens the MCTS using a deep neural network to deal
with the massive searching space in go game.

The MCTS searches for the optimal solution by sequentially
building a path from the root node to a leaf node. Specifically,
it decides the best child node in the next layer at each time by
building a search tree that is rooted at the current node. The
search tree is built iteratively by performing a four-step loop
for a predefined amount of times: selection, expansion, simu-
lation and backpropagation, which are described as follows.

o Selection: Select the most urgent expandable node in the
search tree by using a node selection policy.

o Expansion: Expand the selected node by adding a ran-
domly selected child node that is not in the search tree.

o Simulation: Run one Monte Carlo simulation from the
child node to a leaf node and calculate the performance
of the corresponding solution.

o Backpropagation: Update the values of each node in the
search tree that belongs to the simulated path according
to its performance.

The four-step loop is illustrated in Fig. 2. In the selection

step, ng is selected as the most urgent expandable node. Then,

Algorithm 1 MCTS Algorithm

Input: Root node rg
Output: Path p
1: initialize p = (r¢), 7 = ro
2: while 7 is not a leaf do
3: while within computational budget do
4 ngs < selection(r)
5 n. < expansion(ng)
6: A < simulation(n.)
7
8
9

backpropagation(A)
end while
p <(p,bestchild(r))
10: r = bestchild(r)
11: end while
12: return p

in the expansion step, we expand ng by adding the child node
n4. In the simulation step, a randomly simulated path from ny
to a leaf node 7., ¢ is built and the corresponding performance
is calculated. In the backpropagation step, the values of node
ni, ng, ng , ng are updated according to the performance
of the simulated path. The MCTS algorithm is summarized
in Algorithm 1, where r is the current root node, ng is the
selected node for expansion, n. is the added child node, and
A represents the performance of the simulated path.

B. M-PTS Algorithm

We first use the RC-PTS method to generate the subblocks
X, with dominant time domain samples. Then we use MCTS
to search for the optimal phase vector instead of using an
exhaustive search. Each candidate phase vector can be rep-
resented by a path from the root to a leaf in a W-ary tree
'™ with depth V', where each node in the path represents
the phase factor of the corresponding subblock.

In the selection step, we adopt upper confidence bound
(UCB) policy [19,20]. For any search tree Tr € Tr*™> rooted
at node r, the policy starts from the root node and selects
the child node in the next layer with the largest UCB value,
until it reaches a leaf of Tr or a node that has at least one
unexpanded child node in Tr’™. For any node n € Tr, the
UCB value is calculated based on its reward value Q(n) and
expansion value F(n), as well as the expansion value F(n’)
of its father node n'. Q(n) and E(n) are initialized by 0
when node n is first added in an expansion step and updated
iteratively at each following backpropagation step. The UCB
value of node n is formally given by

_Q(n) 2lnE(n')
UCB(TL) = m +tc _E(n) s

where ¢ is a tunable weight factor that balances the
exploitation part Q(n)/E(n) and the exploration part
2lnE(n")/E(n). We denote the selected node by 7.
In the expansion step, a randomly chosen child node n. of
the selected node ng is added to the current search tree Tr,

(11)
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Algorithm 2 M-PTS Method for PAPR Reduction

Input: Subblocks %, with dominant time domain samples
Output: Phase vector b
1: build a W-ary tree Tr’ "> with depth V' rooted at node g

2: initialize by = 1,7 =1y

3: build a search tree Tr ¢ Tr'™® with root node r

4: initialize Q(r) =0,E(r) =0

5: forv=2:V do

6: for i=1:¢g(v) do

7: initialize ng =r

8: while all children of g in Tr"™S are expanded do

9: ng < the child of ng with the largest UCB

value as given in (11)

10: end while

11 n. < randomly select an unexpanded child node
of ng in Tr''S

12: add n. to the current search tree Tr and initialize
Q(nc) =0, E(nc) =0

13: simulate a path p from n. to a leaf in Tr*™> and
calculate reward A using (12)

14: update Q(n) and F(n) using (13) and (14) for all
nodes that belong to both Tr and p

15: end for

16: r < the child node of r with largest Q(n)/E(n)

17: b, < the phase factor represented by node r

18: end for

19: return b=(by,bs,...,by)

which implies that a randomly chosen phase factor from ® is
considered for the corresponding subblock.

In the simulation step, a path from the root to a leaf in
Tr?™S is built by Monte Carlo simulation, which implies that a
candidate phase vector is considered for all subblocks, and the
performance A is given by the difference of PAPR between

the original symbol % and the outcome symbol x°T5, i.e.,
(12)

A = PAPR(X) - PAPR(X"™5).
In the backpropagation step, for any node n in Tr that
belongs to the simulated path, the reward and expansion values
are updated as follows:

Q(n) =Q(n) + A,
E(n)=E(n)+1.

(13)
(14)

After a predefined number of iterations, the child node with
the largest average reward Q(n)/E(n) of the current root r
is returned as the best child.

For any search tree that returns the phase factor of subblock
v, the computational budget of the corresponding exploration
step is designed as follows:

g(v) = k(V —v) + W, (15)

where £ > 1 is the complexity parameter. The budget design
ensures that the last subblock V' can explore W phase factors,
which is sufficient to find the optimal solution, while at the
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Fig. 3. PAPR of the M-PTS method at CCDF= 0.1% with
QPSK modulation and different complexity parameter k.

same time, maintains a low computational complexity. The
number of phase vectors searched in the proposed M-PTS
method is given by YV, g(v) = (k/2)V? + (W - 3k/2)V -
(W - k). The process of finding the optimal phase vector by
the M-PTS method is summarized in Algorithm 2.

C. Computational Complexity

Here, we use the number of complex multiplications to rep-
resent the computational complexity of different PTS methods.
The C-PTS and I-PTS methods use all samples of the original
OFDM signal to calculate the PAPR values. Thus, the number
of complex multiplication required by each candidate phase
vector is given by LN. Note that the number of candidate
phase vectors of C-PTS and I-PTS are given by WV ! and
W (V -1), respectively. We have the total number of complex
multiplications are LNWV "1 and LNW (V - 1) for C-PTS
and I-PTS, respectively. The RC-PTS method performs an
exhaustive search on the dominant time domain samples to find
the optimal phase vector, where the number of candidate phase
vectors is WV~ and each candidate phase vector requires
P,LN complex multiplications for PAPR calculation. Note
that there are additional VLN complex multiplications for
the calculation of metric Y;,,. We have the overall number of
complex multiplications for the RC-PTS method is given by
VLN + P,LNW"!,

For the proposed M-PTS method, the number of candidate
phase vectors is reduced to Y1_, g(v). Note that the M-PTS
method also uses dominant time domain samples for PAPR
estimation. The number of complex multiplications required
by each candidate phase vector is given by P,LN and the
additional multiplications for the calculation of metric Y,, is
given by VLN. Therefore, the overall number of complex
multiplications for the proposed M-PTS method is given by
VLN + P,LN YV, g(v).

Authorized licensed use limited to: Nanjing University. Downloaded on NdBmber 25,2021 at 07:19:10 UTC from IEEE Xplore. Restrictions apply.



2021 IEEE/CIC International Conference on Communications in China (ICCC)

10

95% N V=8 ||

0.1%
f

85 [ ‘\ T

PAPR (dB) at CCDF

6.5 ‘ :
10
Complexity Parameter &
Fig. 4. PAPR of the M-PTS method at CCDF= 0.1% with
16-QAM modulation and different complexity parameter k.

TABLE 1. PAPR at CCDF=0.1% and the corresponding com-
putational complexity of different PTS methods with QPSK
modulation.

Methods| V=4 V=8 V=16

C-PTS

7.99 dB

1

6.44 dB

2.6x102 -

1.7x107

RC-PTS

8.28 dB|

9.8x1072

6.58 dB

9.1

5.9x10°

I-PTS

8.85 dB|

1.9x1071

7.94 dB

44x1071

7.25 dB|

9.4x1071

M-PTS

9.02 dB

8.5x1072

7.74 dB|

2.6x1071

7.02 dB|

8.5x1071

IV. NUMERICAL RESULTS

We compare our proposed M-PTS method with the C-PTS,
I-PTS and RC-PTS methods. Specifically, we consider an
OFDM system consists [V = 128 subcarriers. Both the QPSK
modulation and the higher order 16-QAM modulation are
used. Each OFDM symbol is oversampled with oversampling
ratio L = 4. For each subblock, the phase factor is selected
from a set of W = 4 different values. For the RC-PTS
method, we set v = 0.5 to achieve a tradeoff between PAPR
performance and computational complexity [13], and we have
P, = 0.035. For the proposed M-PTS method, we also set
v =0.5 and the weight factor is set as ¢ = 1/v/2 [19].

Fig. 3 shows the PAPR of the proposed M-PTS method
using QPSK modulation at CCDF= 0.1% as a function of the
complexity parameter k for subblock number V' = 4,8, 16. It
shows that the 0.1% PAPR of the M-PTS method decreases
with k and it flattens out when & > 10. The same trend can
be seen in Fig. 4, where the OFDM symbols are 16-QAM
modulated. This is because as the PAPR value decreases, it
is getting more difficult to find a better phase vector that can
achieve a lower PAPR. Thus, the marginal contribution of k
decreases and the curves flatten out when k is large. In the
following simulations, we set k& = 10 so as to achieve a trade-
off between PAPR reduction performance and computational
complexity.
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Fig. 5. CCDFs of different PTS methods with QPSK modula-
tion.

The 0.1% PAPR of different PTS methods with QPSK
modulation and their corresponding computational complex-
ities are listed in Table I. Fig. 5 shows the complete CCDF
curves of these PTS methods. The values of computational
complexities are normalized by defining C-PTS with V' =4 as
1. The proposed M-PTS method always achieves the lowest
computational complexity for any subblock number V. Note
that due to the high computational complexity, it is impossible
to run the C-PTS and RC-PTS methods with V' = 16.

Compared with the I-PTS method, the proposed M-PTS
method achieves 55%, 41% and 10% computational com-
plexity reduction for V = 4,8 and 16, respectively. When
the subblock number is V' = 4, the proposed M-PTS method
suffers a 0.17 dB PAPR performance degradation. When V' =8
and V =16, the M-PTS method achieves 0.2 dB and 0.23 dB
PAPR performance improvement, respectively.

Compared with the RC-PTS method, the proposed M-PTS
method can reduce the computational complexity by 1.2, 35
and 6.9x10° times for V = 4,8 and 16, respectively. While the
corresponding cost is the degradation of PAPR performance,
which are given by 0.74 dB and 1.16 dB for the subblock
number V =4 and V = 8§, respectively.

Based on numerical results, we can conclude conservatively
that our proposed M-PTS method can achieve an efficient
tradeoff between PAPR performance and computational com-
plexity. Specifically, if the computational complexity is limited
below 1 (i.e., lower than the C-PTS method with V' = 4), the
M-PTS method achieves the lowest 0.1% PAPR 7.02 dB with
V' = 16, while the I-PTS, RC-PTS and C-PTS methods can
only achieve 7.25 dB, 8.28 dB and 7.99 dB 0.1% PAPR by
setting V' = 16, 4 and 4, respectively. Other settings that can
achieve lower PAPRs than 7.02 dB (i.e., RC-PTS and C-PTS
with V' = 8) will introduce a high computational complexity
cost (i.e., 11 and 305 times increase) with only marginal PAPR
reduction (i.e., 0.44 dB and 0.58 dB).

Authorized licensed use limited to: Nanjing University. Downloaded on Aidmber 25,2021 at 07:19:10 UTC from IEEE Xplore. Restrictions apply.



2021 IEEE/CIC International Conference on Communications in China (ICCC)

Original
—©—M-PTS V=4
—*—I-PTS V=4
—4A—RC-PTS V=4
——C-PTS V=4
M-PTS V=8 |1
I-PTS V=8
RC-PTS V=8
C-PTS V=8
—6—M-PTS V=16
—*—I-PTS I'=16

_
<

o

CCDF(Pr[PAPR>PAPR )
=

107

PAPR (dB)

Fig. 6. CCDFs of different PTS methods with 16-QAM
modulation.

Fig. 6 shows the CCDFs of different PTS methods with 16-
QAM modulation. The performance of these methods is simi-
lar to that of QPSK modulation with only two differences. One
is that the RC-PTS method achieves the same performance
as the C-PTS method. However, it is still hard to employ
the RC-PTS method since its computational complexity grows
exponentially with the subblock number. The other is that the
proposed M-PTS method has the same performance as the I-
PTS method for V = 4. The results in Fig. 6 show that the M-
PTS method still achieves an efficient tradeoff between PAPR
performance and computational complexity when higher order
modulation is used.

V. CONCLUSION

In this paper, we proposed an M-PTS method for OFDM
PAPR reduction, which utilizes the MCTS process to search
for the optimal phase vector. The proposed M-PTS method
can achieve an efficient tradeoff between PAPR performance
and computational complexity. Numerical results show that,
compared with the RC-PTS method, the proposed M-PTS
method significantly reduces the computational complexity at
the cost of a small PAPR performance degradation. Also, it
outperforms the [-PTS method in both PAPR performance and
computational complexity when the subblock number is large.
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