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ABSTRACT To tackle a Doppler sensitivity problem of orthogonal frequency division multiplexing
(OFDM), orthogonal time frequency space (OTFS) has been investigated, where information is carried over
delay-Doppler domain. In this paper, to improve communication reliability in doubly dispersive channel,
an auto-encoder (AE)-based OTFS modulation and detection scheme is developed, where the transmit
OTFS waveform and its associated detection scheme at the receiver are jointly optimized in a deep learning
framework. However, the conventional AE architecture which takes one-hot encoded input vector is hard
to be reused in OTFS due to its enormous input dimensionality that increases exponentially on the number
of grid points in delay-Doppler domain. To overcome it, we divide the delay-Doppler grid into multiple
subblocks and associate the one-hot encoded vector with each subblock. Then, by concatenating them, one
multi-hot vector is formed and exploited as the input vector for the proposed AE-based OTFS modulation
and detection. We also develop a meta-learning scheme to effectively train the AE-based OTFS transceiver
for newly updated channel profile.

INDEX TERMS Hierarchical auto-encoder, meta-learning strategy, OTFS waveform.

I. INTRODUCTION
Due to high frequency efficiency and immunity against

To tackle the Doppler sensitivity problem of the OFDM,
orthogonal time frequency space (OTFS) modulation has

multi-path fading, orthogonal frequency division multiplex-
ing (OFDM) waveform has been extensively investigated and
adopted for modern communication systems [1], [2]. The
next generation of wireless communications will be a major
move toward high-velocity applications such as vehicle-
to-everything (V2X) communications and unmanned aerial
vehicle (UAV) communications [3], [4], [5], [6]. However,
under a high Doppler channel environment, orthogonality
among subcarriers in OFDM waveforms is no longer main-
tained [7], [8].
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been investigated [9], [10], [11], [12] (and references therein),
where information-carrying quadrature amplitude modula-
tion (QAM) symbols are modulated in two dimensional (2D)
delay-Doppler domain. Note that the channel variation is
relatively smaller in the delay-Doppler domain than in the
time-frequency domain [9], [13]. Accordingly, pilot overhead
can be effectively reduced [14], [15].

To detect the QAM symbols in 2D delay-Doppler domain,
linear minimum mean square error (LMMSE) receiver can
be exploited by transforming the 2D delay-Doppler symbol
matrix into 1D symbol vector [16], requiring the inversion
and multiplication of matrices with a high dimension. Specif-
ically, its complexity is in the order of O(M>3N3) when M x N
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grid points are deployed in 2D delay-Doppler domain for one
OTFS symbol. In [17], the low complexity LMMSE receiver
is proposed without any performance degradation. In addi-
tion, general wireless channel can be represented sparse in the
delay-Doppler domain. Accordingly, by modulating QAM
symbols in the delay-Doppler domain, it is able to reduce
the overhead for tracking channel state information (CSI)
and exploit a message passing (MP) based low-complexity
detection algorithm [10]. In [18], by dividing the received
2D delay-Doppler domain signal into N multiple delay-
domain signals, computationally-efficient transform-domain
maximal ratio combining (TD-MRC) detection method is
proposed, in which the effective channel matrix is partitioned
into multiple Doppler submatrices associated with different
delay taps and the matrix-inversion-free MRC algorithm is
developed. In [19] and [20], multi-antenna OTFS modulation
schemes and channel estimation have been investigated. The
OTFS-based multiple access has been considered in [21]
and [22] In addition, by exploiting the sparse signal rep-
resentation in delay-Doppler domain, compressive-sensing
based detection and channel estimation methods have been
developed [23], [24].

Recently, deep learning based auto-encoders (AEs) have
been successfully applied to solving complex problems in
communication systems [25], [26], [27], [28], [29] and ref-
erences therein. In [25], a transmitter, channel, and a receiver
are modeled as one neural network and trained as the AE.
Specifically, the idea of applying the AE to communication
systems is to reduce a reconstruction-based loss function to
jointly optimize encoding, decoding, and signal represen-
tation. The trained encoder then yields the transmit signal
which can be different from the conventional QAM constel-
lation points. Here, the one-hot encoded vector (i.e., a vector
that has only one non-zero element with a unit value) is
exploited as an input of the encoder to model information bits
to be transmitted. The AE-based transceiver design has been
also extended to multiple-input multiple-output (MIMO) [26]
and multi-user MIMO communication systems [27]. In [30]
and [31], AE-based end-to-end learning has been applied
to design OFDM symbols. In [30], the signal carried on
each subcarrier is optimized in conjunction with the channel
estimation. In [31], the constellation points over all sub-
carriers are jointly optimized through the AE-based end-
to-end learning. However, in the AE based transceiver, the
one-hot encoded input vector size increases exponentially
with respect to the number of information bits to be encoded.
For example, with M subcarriers and M€ possible messages
(corresponding to M€-ary QAM constellation) per subcarrier,
the size of the input vector becomes (M€)V .

In this paper, to improve detection performance, AE-based
OTFS modulation and detection scheme is developed, where
the transmit OTFS waveform and its associated detection
scheme at the receiver are jointly optimized in a deep learning
framework. Throughout the paper, the feed-forward neural
network (FNN) architecture is considered for both transmit-
ter and receiver. We note that the number of information
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bits modulated in one OTFS waveform is proportional to
the number of grid points in 2D delay-Doppler domain.
Accordingly, if an one-hot encoded vector is exploited as
the input vector in the design of AE architecture for OTFS
modulation and detection, its size increases exponentially
on the number of grid points in 2D delay-Doppler domain,
which makes it impossible to develop the AE architecture for
OTFS modulation and detection. To overcome it, we divide
the 2D delay-Doppler grid into multiple subblocks and asso-
ciate the one-hot encoded vector with each subblock. Then,
by concatenating them, one multi-hot vector is formed and
exploited as the input vector for the proposed AE-based OTFS
modulation and detection.

Because the OTFS transceiver and wireless channel are
modeled as one neural network, if the channel is changed, the
neural network for the OTFS transceiver should be re-trained
with the updated channel. To cope with the channel variation,
we also develop a meta-learning scheme for the proposed
AE-based OTFS modulation and detection. We note that
meta-learning is a fast and flexible learning method with
few training samples on a new task (or environment) with
variation [32], [33]. Model-agnostic meta-learning (MAML),
a well-known meta-learning method, has been successfully
adopted in artificial-intelligent-enabled wireless communica-
tion systems [34], [35], where the initial parameters of the
model for fast adaptation is learned by alternating between
inner-task procedure and cross-task procedure [35]. There-
fore, MAML can provide a good initialization for being
quickly adapted to the updated channel profile. Through com-
puter simulations, the proposed AE-based OTFS transceiver
is shown to outperform the conventional OTFS modulation
with MP-based detection algorithm [10]. Furthermore, it is
also shown that the proposed AE-based OTFS transceiver can
quickly adapt to the newly updated channel, requiring much
less training iterations compared to the conventional training
method.

The contributions of this paper are as follows:

« To improve the communication reliability in doubly dis-
persive channel, we first develop the AE architecture
for OTFS modulation and detection, where the transmit
OTFS waveform and its associated detection scheme at
the receiver are jointly optimized through the end-to-end
learning strategy.

o To reduce the input size, a hierarchical structure for
AE-based OTFS modulation and detection is proposed,
where the 2D delay-Doppler grid is divided into multiple
subblocks and an one-hot encoded vector is associated
to each subblock. Accordingly, one multi-hot vector is
formed and exploited as the input vector for the pro-
posed AE-based OTFS modulation and detection. Fur-
thermore, by slicing the FNN in AE architecture for
OTFS modulation and detection, the required weights
can be further reduced.

« Finally, we also develop a meta-learning strategy to
adapt the proposed AE-based OTFS modulation and
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detection scheme to channel variations. The simulation
result shows that meta-learning strategy greatly accel-
erates the training process of the proposed AE-based
OTFS modulation and detection in a newly generated
channel.

The rest of this paper is organized as follows. In Sec-
tion II, the OTFS transmit and receive signal model is
introduced. In Section III, the AE-based modulation and
detection scheme is presented. In Section IV, a new par-
titioned AE-based architecture with multi-hot input vector
is proposed. In addition, the meta-learning strategy is also
developed to enhance the adaptability of the proposed AE
architecture on the newly updated channel. In Section V,
we provide several simulation results and in Section VI,
we give our conclusions.

Il. OTFS SIGNAL MODEL

The notations for the OTFS signal model are followed
from [10] and [36]. As illustrated in Fig. 1, the OTFS signal
frame is composed of N symbols, each with the symbol
duration of 7 and the bandwidth of M Af. We then define the
discretized time-frequency plane and the associated delay-
Doppler plane, respectively, as

A ={mAf,nT)y, m=0,....M—1,n=0,...,N — 1},
(D

r=l(= ) im0 M-t k=0, N—1),
MAf’ NT
(2

where Aﬁf and 1% are, respectively, the grid spacing for the
delay and Doppler bins in the delay-Doppler plane.

A. TX SIGNAL MODEL

We note that, in the OTFS modulation, one information
symbol is carried on each grid point of the delay-Doppler
plane and then the aggregated symbols in the delay-Doppler
plane are transformed into the time-frequency plane. Specif-
ically, by letting s[m, n] be the message on the (m, n)th grid
point, one out of M° possible messages (i.e., log, M€ bits are
conveyed on each message), the associated transmit symbol
X[m, n] can be mapped as

X[m, n] = f(s[m, n]) € C, 3)

and each OTFS waveform carries K bits, where K =
MN log, M€. The M®-ary QAM constellation mapper is a
well-known example of f(-). Then, by applying the inverse
symplectic finite Fourier transform (ISFFT) to X[m, n] on
delay-Doppler domain, the OTFS signal in time-frequency
domain, X¢[m, n], can be obtained as

N—-1M-1

Xif[m, n] = ﬁ z Z X[, k]ejz”(%_%), )

k=0 [=0

By exploiting the pulse-shaping filter, g (¢), and the inverse
discrete Fourier transform (IDFT) operation, the OTFS signal
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FIGURE 1. The relationship between the discretized time-frequency plane
and the associated delay-Doppler plane.

in (4) is then transformed into the time domain baseband
signal as

N—-1M-1

Xos() = D D Xiglm, nlg(t — nT)e " =D - (s)

n=0 m=0

By sampling xps(¢) with a sampling time AZ,[ and concatenating
itinto an N x M matrix, the sampled baseband signal can be
given as [36]

Xps = G FH (FMXFZ) = GuXF!, )

where G is a diagonal matrix whose elements are composed
of the samples gix(t)|,_z,,m=0,...,M —1and Fy is an
M

mn

M -point DFT matrix with the (m, n)th element as LMe"Z” Iz
In addition, X is an OTFS signal matrix in delay-Doppler
domain whose elements are from (4).

B. RX SIGNAL MODEL
The time-varying multi-path channel in the delay-Doppler
domain can be modeled as

P
h(t,v) = Zhiﬁ(r —1)6(v — V), 7)

i=1

where h;, 7;, and v; are the path gain, delay, and Doppler
frequency of the i-th path, respectively. In addition, let /; and
k; be the discrete delay and Doppler frequency for the i-th
path, respectively, given as

li = MAf‘L’i, kl‘ = NT]),'. (8)

That is, to shed light on the idea, it is assumed that 7; and v; are
the integer multiples of M#Af and N—IT, respectively. We also
note that the fractional delay and Doppler frequency can be
handled by appending additional effective integer multipath
taps. Then, the discrete received signal sequence yps[n] can

then be expressed as [17], [18], and [36]

P

o ki(n—1;) _

Yoslnl = D hid™ i xpg[[n — Ll ]+ wlnl, (9)
i=1
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FIGURE 2. The overall process for the OTFS transceiver.

where w[n] is zero-mean Gaussian random variable with a
variance, ar%. Here, [n]yny indicates the MN-modulo opera-
tion due to the cyclic prefix over the OTFS frame. Then, yp[7]
can be expressed in a vector form as

Ybs[0]
Yos[1]

Yos = = Hxps + W, (10)

Yos[MN — 1]

where Xpg is the vectorization of Xy, i.e., Xps = vec(Xps) €
CMNx1 n addition, the channel matrix H can be given as

P
H= Zhiﬂl"Ak", (11)
i=1

where A is an MN x MN diagonal matrix as A =
diag{®, 7', ..., MV} with z = efiv and T4 is
the MN x MN cyclic shift matrix given as I =
e, es3,...,eyunN—1,€un,e1]. Here, e; is the i-th column of
the MN x MN identity matrix, Iy .

We note that yy is the received baseband signal in time
domain and it can be transformed into time-frequency domain
by applying discrete Fourier transform (DFT) as Yy =
FMervec_l(ybs), where Gix is a diagonal matrix whose

elements are composed of the samples g (7)] m =

PR
0,...,M — 1 and vec (") is the inverse operatiOIA{l of vec(-)
that restores the M x N matrix form from the MN x
1 vectorization. Then Y can be further transformed back
into delay-Doppler domain by applying the symplectic finite
Fourier transform (SFFT) as

Y = Fi YyFy = Fi(FyGvee ' (yos)Fy.  (12)

The overall process for the OTFES transceiver can be described
as Fig. 2.
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The received signal in delay-Doppler domain can then be
derived in a vectorization form as [17], [18], and [36]
y = vec(Y) = (Fy ® Gx)ybs
= (Fy ® GrHEFY ® Gr) x + (Fy ® Grow,

Hetr

where x = vec(X). We note that the effective channel Hesr
is well analyzed in [36]. In addition, the pth column of Hegr
implies the effective channel impulse response for the trans-
mit signal at the (m, n)th grid point of delay-Doppler domain
contributed to the received delay-Doppler signal domain,
where n = [ £ | and m = p —nM.

To make the signal in (13) compatible with the real-valued
operations in general neural networks, we first transform (13)
to the equivalent real-valued equations,

§=HegX + W, Hegr € RPMV32MN (13)

sl

where
o [m{y}} _ [m{Heff} —S{Heff}]
Y=1am ] T | S(Hewr) R{Herr) |
_ [9x _ [R{(Fy ® Grw}
X [S{x}] W‘[%{(chrx)w}]’ (1

and N{-} and J{-} denote the real and imaginary parts, respec-
tively.

Ill. AE BASED OTFS MODULATION AND DETECTION
From (3) and (13), we can have

¥ = Heef(s) + W, (15)

where s = vec(S) € C2MNX1 Here, the (m, n)th element of
S is given by s[m, n]. That is, the message vector s can be
mapped into the I-Q constellation vector through f(-), which
is now denoted as an encoder. Again, the elementwise QAM
mapper is an example for f(-).

A. DEEP LEARNING FOR AE BASED OTFS MODULATION
AND DETECTION

To design the encoder, f(-), we consider the auto-encoder
techniques which are successfully applied to the transceiver
design for wireless communication systems. Specifically,
by denoting g(-) as the decoder which is a pair of f(-) for
the auto-encoder, f(-) and g(-) are modeled by the non-linear
FNN architectures. That is, they consist of fully connected
linear layers, activation layers, and batch normalization lay-
ers. Then, f(-) and g(-) are, respectively, rewritten as f(-; 6.)
and g(-; 64) with the model parameters €. and 64. In addition,
for the effective training, s is transformed into a label one-hot
encoded vector 1, € RP at the transmitter. That is, 1, is a D
dimensional vector, the s-th element of which is equal to one
and zero otherwise. Then, (15) is given as

¥ = Hef(1y; 0) + w. (16)
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FIGURE 3. Pictorial description of the AE-based OTFS transceiver.

In the auto-encoder, f(-; 6.) and g(-; 64) are jointly trained
for the output of g(y; 64) to generate the input signal 1;
(equivalently, s). That is, by letting
2 g(Herrf(1s: ) + w; 0a), a7

SOutIHeﬁ‘

the model parameters (f. and 64) are trained such as
Sout = 15. The pictorial description of the AE-based OTFS
transceiver is given in Fig. 3.

For the training, the cross entropy (CE) is then used as the
loss function which is given as

D
= > 1[i110g(s .,y 1., [i])

i=1
= —log(S, i, lsD.  (19)

LCE(Sou,‘ﬁeH, 15;0e,04) =

Then, by using the training datasets with randomly selected
15, s € {1, ..., D}, the network function parameter (6. and
04) can be updated as

-1
'1Q) 9D A0
[0§,)] <« |:0§,_1)i| + Ao‘(etIHef)f ) (19)

d|Hefr

where AO(tJH ) denotes the gradient such that the loss func-
T
tion is minimized with respect to the training datasets for a

given effective channel Hefr and is given as

0(1—1)

X|ﬁeff = - nvﬂxLCE(Sguﬂﬁe“a 13‘; 06’ 0d) 0 zo(,_]) ’ (20)

with a learning rate, n for x € {e, d}.

B. FEED-FORWARD NEURAL NETWORK ARCHITECTURE
OF ENCODER AND DECODER

Throughout the paper, a FNN module is considered for the
encoder and decoder as in Fig. 4. That is, the non-linear
neural network functions f(-; 6) and g(-; #4) are composed
of batch normalization layers, linear layers, and activation
layers, where each processing element (i.e., neuron) is con-
nected only to the neurons in the following layer without any
feedback loop and the input data propagates forward from the
input layer to the output layer [37].
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FIGURE 4. FNN module for the encoder and the decoder.

In the batch normalization layer, the covariance shift is cal-
ibrated to enhance the FNN training, which is accomplished
by transforming the input vector x; as

o =Xz E[x;]
? JVar[x;]’
where E[x;] and Var[x;] are, respectively, the mean and the
variance of x; over the mini-batch. "

The n-th output element of the /-th feed-forward layer, x,,,
can be given as

21

D = wihTx(U=D 4 p0) (22)

where w(l) and bg) are the weight vector and the bias for the
n-th output element of the /-th feed-forward layer and the l -

th output vector can be given as x) = [xi ) xg), .. xxl)‘] ,
where N is the number of the output elements of the /-th
layer.

In the activation layers, rectified linear unit (ReLU) func-
tion is used, which is given as

JaXi)) = max(0, X(;)).

Note that, if s[m, n] can be one of M message candidates,
the dimension of one-hot encoded vector, D, is given as
D = (MYMN | Accordingly, the input size of the encoder also
increases exponentially and the associated FNN archtecture
becomes heavy and it is inappropriate for large M and N,
which is a general case for OTFS modulation. For example,
if M¢© = 2 (i.e., BPSK constellation for each grid point),
M =8,N =16,D =23

IV. HIERARCHICAL STRUCTURE AND LEARNING
STRATEGIES FOR AE BASED OTFS MODULATION AND
DETECTION

In what follows, to overcome the large size of the input
vector for the conventional FNN architecture, a new parti-
tioned AE-based architecture with the multi-hot input vector
is proposed motivated from the sparsity of the channel in
delay-Doppler domain.
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FIGURE 5. Pictorial description of the AE-based OTFS transceiver with the
multi-hot input vector.

A. MULTI-HOT ENCODED VECTOR

To reduce the input size of the encoder, we first partition the
M x N grid into multiple Mgy, X Ngyp sub-grids as depicted in
Fig. 5 and associate a Dy}, dimensional one-hot vector with
each Mgyp X Ngyp subgrid, where Mgy, = %, Ngwp = }%, and
Dy = (M©MswNswv Here, Py and P, are properly selected
such that Mgy and Ngyp, are forced to be integers. We then
concatenate the multiple one-hot vectors, resulting in a multi-
hot vector, and use it as the input vector of the encoder. The
input size can be reduced from (M) to Py P (M €)MsubNsub

For example, let us consider that M = 8, N = 16, P; =4,
Py = 4, and M€ = 2. Then, the one-hot input vector size for
the AE without the grid partitioning is given as 2!?%, while
the multi-hot input vector size with the partitioned subgrids
is 4 x 4 x 28 = 4096.

Remark 1: We note that, by increasing Py and P, we can
reduce the input size of the encoder, but the reduced dimen-
sion of the partitioned subblocks in delay-Doppler domain
may decrease the adaptability of the output waveform on the
channel. That is, when the dimension of the subblocks are
small compared to the delay spread and the Doppler spread,
the inter-grid-point interference in (9) cannot be effectively
handled. Therefore, the tradeoff between the detection per-
formance and the computational complexity can be expected.

B. PARTITIONED AE-BASED ARCHITECTURE

To further reduce the complexity of the AE architecture, the
encoder can be partitioned into multiple sub-encoders (or,
sliced encoders) as Fig. 6, then each sub-encoders can take
the multi-hot encoded vector with a smaller dimension. As a
specific example, we assume that the encoder has L layers,
each with Ny, node elements. Then, from (22), the number of
elements in the weight vectors for L layers is given as L x Nﬁr
When the encoder is partitioned into Ky, sliced-encoders
with L layers. Then, each layer can have [Z ‘u"b node elements.
Therefore, the number of elements in the weight vectors for

. [ N 2 N2
the sliced encoder is given as LKgyp X ( In ) =L x

Ksup m '
That is, the required weights can be reduced by the factor
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FIGURE 6. Pictorial description of the AE-based OTFS transceiver with the
sliced FNN architecture.

of Kb by exploiting the partitioned AE-based architecture.
Likewise, the decoder can be sliced as in Fig. 6.

C. META-LEARNING STRATEGY FOR AE-BASED OTFS
MODULATION AND DETECTION

We note that the training based on (19) and (20) is valid
only for a given Heg. Accordingly, when the channel is
changed, the transceiver should start over the training pro-
cess. To increase the adaptability to the channel variation,
we have also developed meta-learning strategy for AE-based
OTFS modulation and detection. We note that, in MAML,
initial parameters of the model for fast adaptation is learned
by alternating between inner-task procedure and cross-task
procedure [35]. Likewise, for AE-based OTFS modulation
and detection, the initialization parameters 05(0) are trained
so that the optimal parameters A0§:‘)ﬁ can be obtained from
them with a small number of epochs for any given Hegr. That
is, 89 can be optimized such that

- T MAML n(©0) Oy _ _ - _ - :
IZI(})?LCE 0:.7.047) = I;gl ZHeffeH LB pur g 1s?
X X

ORI

e|Hef’
0) 0)
0 — a6l ). @23)

where H is a set of possible effective channel matrices sam-
pled from a given channel parameter distribution. B
Then, by defining the locally updated parameter for Hegr as

Up,, (07 = 00 — 026} (24)

X[Hegt’

the initialization parameters can be updated as [32] and [34]

000 00— 3 (1,005, 007)

HeffEH
. 0.0
- VxLcg (som|ﬁeff’ 1;; Uﬁeﬂ(ago,l)), Uﬁeﬁ-(ofj l))) ,
(25)
43013
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Algorithm 1 Meta-Learning Algorithm for AE Based OTFS
Modulation and Detection

1: Initialize parameter vectors, 8% and 0210’0)
2: fort=1,..., Thax do

3: for each I:Ieff € Hdo

4: Compute local update as

- 0,0y _ p0,) _ (0,1)
l]Heff(oX ) - 0x r’Ao’qﬁeff’ forx e {e, d}

5: end for
6 0.0 05(0,:—1) _ KVXLg[EAML(OQO)y 030))

X
7: end for

TABLE 1. AE-based OTFS transceiver parameter.

Parameter Value
Number of frequency bands (M) 16
Number of symbols (V) 8
Numbers of partitions (P1, P») 4,4)
Size of subblocks (Mg X Ngup) 4 x2
Carrier frequency 5.89GHz
Bandwidth 10MHz
Optimizer ADAM [38]
Learning rate (1) 0.001

where J0;0) Uﬁeff(b’io”‘)) is Jaccobian of Uﬁeff(()g(o’i)) with
respect to 0&0). The associated meta-learning algorithm for

AE based OTFS modulation and detection can be simply
summarized in Algorithm 1.

V. SIMULATION RESULTS
Through the computer simulations, we validate the perfor-
mance of the proposed AE-based OTFS transceiver. The
detailed simulation parameters are summarized in Table 1.
For the weight updating, ADAM optimizer [38] is adopted
with a learning rate 0.0005. The proposed AE-based OTFS
transceiver is implemented by using Python with libraries
of PyTorch 1.10.1. In addition, the simulations are carried
out with AMD Ryzen 7 5800X 8-Core Processor 3.80 GHz
and 48GB RAM. The training SNR is set as 16 dB. Here, &;
follows circularly symmetric complex Gaussian distribution
with zero-mean and unit variance. In addition, /; and k; are
uniformly distributed on [0, M, — 1] and [0, N, — 1].
In Fig. 7, the average cross entropy loss curves are eval-
uated during the training phase for the proposed AE-based
OTFS transceiver with P = {2, 3, 4}. Here, the channel pro-
file is randomly generated but fixed during the training and
validation phases and each OTFS waveform carries 128 bits
(i.e., K = 128). That is, 8 bits are carried on each subblock.
In addition, M,,, = % = 8 and N,,,,, = § = 4. Note
that, without the proposed hierarchical structure, the one-hot
encoded vector size should be 2128, but it can be reduced up
to 4096 (= 16 x 23) with the proposed partitioned AE-based
architecture. The loss curves are averaged over 100 randomly
generated channels. From the figure, as the number of itera-
tions (i.e., epochs) increases, the overall loss decreases. After
5000 epochs, it is stuck in a local optimum, resulting in the
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FIGURE 7. Loss curves for AE-based OTFS transceiver with P = {2, 3, 4}.
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FIGURE 8. BER performances during training phase for AE-based OTFS
transceiver with P = {2, 3, 4).

increase of the loss, but after a few iterations, it came out
of the local optimum. In Fig. 8, we also evaluate the BER
performance of the proposed AE based OTFES transceiver
during training phase. Again, it can be found that, as the
number of iterations increases, the overall BER decreases.
In Fig. 9, we also evaluate the BER performance of the
proposed AE-based OTFS transceiver for various SNRs. For
comparison purpose, the BER of the MP-based detection
method [10] is also evaluated. It can be found that the pro-
posed AE-based OTFS transceiver outperforms the conven-
tional OTFS waveform and MP-based detection especially
at high SNRs. Interestingly, as the number of multipaths
(i.e., P) increases, BERs are improved because more diversity
can be achieved at the time-frequency domain. In Fig. 10,
BER performance for three different transceivers (i.e., the
AE-based OTFS transceiver, the conventional OTFS wave-
form with MP-based detection [10], and the conventional
OTFS waveform with LMMSE detection [16]) when P =
3. It can be found that the proposed scheme outperforms
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FIGURE 9. BER performances versus SNR for the AE-based OTFS
transceiver and the conventional OTFS waveform and MP-based detection
with P = {2, 3, 4).
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FIGURE 10. BER performances versus SNR for three different transceivers
(i.e., the AE-based OTFS transceiver, the conventional OTFS waveform
with MP-based detection, and the conventional OTFS waveform with
LMMSE detection) when P = 3.

the other two schemes. That is, in the proposed AE-based
OTFS transceiver, the transmitter and the receiver are jointly
optimized to minimize the reconstruction loss, that is rele-
vant to the BER, through an end-to-end approach by jointly
training the encoder and the decoder. Accordingly, in the
proposed AE-based OTFS transceiver, the OTFS waveform
and decision region are jointly adopted to channel effect and
the channel coding gain can be further achieved.

In Fig. 11, we evaluate the BER performance for differ-
ent sizes of subblock, (Mg, Nsup) € {(2,2), (2, 1), (1, 1)}.
Here, eacch OTFS waveform carries 256 bits (i.e., K =
256). Accordingly, the input vector sizes for (Mgyp, Ngup) €
{(2,2), (2, 1), (1, 1)} are, respectively, given as Dy, € {32 x
28 64 x 2% 128 x 2%} = ({8192,1024,512}. For the
channel profile, M., = % = 4and N,,,,, = % = 2.

max

From the figure, the AE-based OTFS with (Mgyp, Neup) =
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FIGURE 11. BER performances versus SNR for different sizes of subblock,
(Msyb, Nsup) € {(2,2), (2, 1), (1, 1)}.

(1, 1) exhibits the worst performance, while those with
(Mgyp, Nsup) = {(2,2), (2, 1)} show a similar BER perfor-
mance, 107 at SNR= 20 dB. That is, the AE-based OTFS
with (Mgyp, Newp) = (1, 1) cannot generate the OTFS wave-
form to cope with a given channel fading and, to achieve the
adaptability of the OTFS output waveform on the channel, the
block size should be increased.

To validate the training strategy for the proposed AE-based

OTFS transceiver, when a new channel profile is generated,
the training convergence speed has been evaluated. That
is, the validation loss and the BER performance are eval-
uated over epochs. For comparison purpose, performances
of the conventional learning (i.e., training for a single task
with a default parameter initialization) and the joint learning
scheme [40] are also evaluated. In Fig. 12, the cross entropy
loss curves are evaluated during the training phase with
newly updated channel profile. Here, each OTFS waveform
carries 128 bits (i.e., K = 128). In addition, M,
%’1 = 8and N,,,, = % = 4. From the figure, the vali-
dation loss with the conventional training decreases slowly,
but those with the joint-learning and the meta-learning (i.e.,
MAML) converge to less than 1072 after 100 epochs. Fur-
thermore, the meta-learning shows lower validation loss than
the joint learning. In Fig. 13, we also compare the BER
performances during training phase. Again, it can be found
that, it takes about 100 epochs to reach the BER of 1073
for both joint-learning and meta-learning methods, while the
conventional learning exhibits BER higher than 0.1 even
after 300 epochs. Again, the meta-learning shows lower BER
performance than the joint-learning.

In Table 2, we compare the computational complexity of
the proposed scheme with other existing works - LMMSE
based detection [16], [39] and MP based detection [10].
In Table 2, njter is the number of iterations in MP detector.
From [10], nje is typically given by 20 or less. In addition,
Lygec 1s the number of layers at the decoder and it is set as 5 in
our simulations. The parameter Ny, is set as Py Po(M C)M subNsub
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TABLE 2. Computational complexity comparison (in real-valued flops).

Method

The number of floating operations

From Table I

Training phase

Evaluating phase

(for a newly updated channel)

LMMSE receiver [16], [39]

O(2M)°(2N)*)

(2M)3(2N)% = 1.34 x 10°

MP receiver [10]

O (niwer(2M)(2N)(2P) M©)

Niter(2M) (2N) (2P)M® = 8.19 x 103 njper

N2
Proposed N2 N2 Nepoch Lidec =2 = 5.12 X 1037epoch
O (nepoch Lec K::b’ ) O (Ldec o ::h ) P I]{; b P
AE-based receiver ) ) Lgec K“‘ =5.12 x 103
sub
Proposed N2 N2
MAML in 2 up HVin
AE-based receiver O(nepoch Laec Kb ) O(Lgec 11;7 ) Mepoch Lec Kun =5.12 x 103 nepoch
. NQ sub N_2 3
with MAML O(n, epochLdecK b) LdeCK—‘u“b =5.12 x 10
‘ — 10°
----- Conventional training
Joint training 4 PORIR NN
MAML iR B
—MAML with correlated channel (26) 1071
7]
o 1072
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5] m
2
g 107
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FIGURE 12. Loss curves for various training methods.
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FIGURE 13. BER performances during training phase for various training
methods.

and from Table 1, N;, = 4 x 4 x (2)8. We note that the
computational complexity of the AE-based OTFS transceiver
is categorized into two parts - training and evaluating parts.
In contrast, the conventional LMMSE or MP receivers do not
require the training phase.

We also note that the computational complexity for one
epoch in training phase of the proposed AE-based receiver is
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FIGURE 14. BER performances versus SNR for various training methods.

comparable to that for the MP receiver, which is less than the
LMMSE receiver. However, the conventional training method
requires several thousands of epochs (iterations) for a newly
updated channel. In the proposed AE-based OTFS transceiver
with meta-learning, the training can be done in the off-line
with synthetic generated data and the required epochs for
the training with randomly generated channel (denoted as

epoch) can be drastically reduced. Specifically, in Fig. 8, the
conventional training method requires over 6000 iterations
(i.e., fepoch = 6000 in Table 2) for the training. In contrast,
when the MAML is used, it takes about 100 iterations (i.e.,
”:goch = 100 in Table 2) for the training with randomly
generated channel having no correlation with the channel
used in the training period.

If the channels for the consecutive frames are correlated,
the training iterations can be further reduced. Specifically,
in Fig. 13, the BER performances during training phase is
additionally updated when the channel is updated as

P
Hoew = D (tprev.i + Al AR, (26)
i=1
where Ah; follows circularly symmetric complex Gaussian

distribution with zero-mean and variance of 0.01. It can be
found that when the updated channel is correlated with the
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previous trained channel, it takes less than 25 epochs for
convergence.

In Fig. 14, we evaluate the BER performance versus
SNR for various training methods. Here, the number of
epochs for the training is limited as 300. It can be found
that the Meta-learning outperforms the other schemes and
due to the lack of training iterations, the conventional
training method cannot train the AE-based transceiver effi-
ciently. Specifically, through the meta-learning, the proposed
AE-based OTFS modulation and detection can be trained
much faster than the conventional approach, requiring less
than 100 iterations for a newly generated random channel
impulse response.

VI. CONCLUSION

In this paper, the AE-based OTFS modulation and detec-
tion scheme are developed, where the transmit OTFS wave-
form and its associated detection scheme at the receiver is
jointly optimized through the end-to-end learning strategy.
If the conventional FNN architecture is deployed for the
AE-based OTFS modulation and detection, its input size
grows exponentially with respect to the number of grid points
in 2D delay-Doppler domain. To overcome it, the hierarchi-
cal structure for AE-based OTFS modulation and detection
is proposed, where the 2D delay-Doppler grid is divided
into multiple subblocks and an one-hot encoded vector is
associated to each subblock. The multi-hot vector is formed
and exploited as the input vector for the proposed AE-based
OTFS modulation and detection, allowing a reasonable input
size for AE-based OTFS modulation and detection. Finally,
we also develop the meta-learning strategy to adapt the pro-
posed AE-based OTFS modulation and detection scheme to
the channel variations. Through the simulation, the proposed
OTFS modulation and detection outperforms the conven-
tional OTFS waveform with the MP-based detection at high
SNRs. In addition, through the meta-learning, the proposed
AE-based OTFS modulation and detection can be trained
much faster than the conventional approach, requiring less
than 100 iterations for a newly generated random channel
impulse response.
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