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Abstract—In recent years, orthogonal time frequency space
(OTES) technique has garnered substantial academic attention
as a promising solution for ensuring robust and reliable commu-
nication in high-mobility wireless communication environments.
In this paper, we present a complex-valued graph neural network
(CV-GNN) aided signal detection scheme for OTFS modulation,
which can mitigate the channel spreading caused by fractional
Doppler shifts. To mitigate inter-carrier interference (ICI) and
inter-symbol interference (ISI) induced by fractional Doppler
shifts and imperfect channel state information, the proposed
detector is able to process the received OTFS signal in the
complex plane to acquire the complete phase information of ef-
fective channel. Simulation results demonstrate that the proposed
method can outperform other state-of-the-art schemes by 1~4 dB
in terms of reliability performance.

Index Terms—Orthogonal time frequency space, signal detec-
tion, graph neural network, receiver design.

I. INTRODUCTION

Next-generation wireless communication network will in-
corporate various high-mobility scenarios, such as unmanned
aerial vehicles (UAVs), Internet of Vehicles (IoV), and low-
earth-orbit satellites (LEO-Sat), which will suffer severe per-
formance degradation due to fast time-varying channels. How-
ever, traditional orthogonal frequency division multiplexing
(OFDM) technology is facing significant challenges due to
ICI and ISI caused by time-varying channel in high mobility
scenes. On the other hand, orthogonal time frequency space
(OTFS) [1] technique, a new modulation scheme, has attracted
significant attention. OTFS modulation converts a doubly-
selective time-frequency (TF) domain channel into an almost
time-invariant delay-Doppler (DD) domain channel through a
series of two-dimensional (2D) transformations. This undoubt-
edly provides a new idea to ensure reliable communication in
high mobility environments. Each transmitted symbol in the
DD domain is spread over the entire TF domain, ensuring that
each symbol experiences roughly the same channel gain.

Compared to TF domain, the representation of the channel
in DD domain is relatively sparse, which inspires us to design
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tailored channel estimation and signal detection methods for
OTFS to obtain full diversity potential [2], [3]. Motivated by
the sparsity of the effective channel matrix in DD domain, a
number of compressed sensing (CS) based channel estimation
methods have been proposed in the literature [4]-[6]. However,
in practical applications, the sparsity of DD domain channel
cannot always hold due to the presence of fractional Doppler
shifts. The estimation of fractional Doppler faces the following
two key challenges: 1) the interference between the pilot
and transmitted symbols requires a large guard space; 2) the
computational complexity of estimating fractional Doppler
shifts is relatively high [7].

In regards to this issue, a number of OTFS channel es-
timation methods have been proposed in the literature [7]-
[13]. Raviteja [7] adopted an embedded pilot based channel
estimation method which beneficially arranged the single pilot
and data symbols in an OTFS frame. However, when fractional
Doppler is present, the 2D transformation of OTFS will
diffuse pilot interference throughout the entire frame even with
large guard interval, making the channel estimation results
inherently prone to errors. To better eliminate the effects of
fractional Doppler shifts, the authors in [8] divided grids
around integer Doppler values and then proposed a sparse
Bayesian learning based methods, which could estimate the
DD domain channel response rather than the effective channel
matrix. The higher resolution of fractional Doppler partitioning
is set, the higher the accuracy of channel estimation can
be achieved, while proportionally increasing computational
complexity. Since the grids cannot be divided indefinitely,
an inherent deviation necessarily exists between the estimated
results and true values. Machine learning was also used in [12]
where a deep neural network (DNN) was applied to an end-
to-end OTFS communication frame directly to avoid channel
spreading caused by the fractional Doppler shifts. In the
context of grant-free non-orthogonal multiple access OTFS,
the authors in [13] significantly enhanced spectral efficiency
by substituting guard symbols with training sequences. Addi-
tionally, a two-stage channel estimation scheme was designed,
which incorporated a parametric approach to refine Doppler
estimation, substantially improving estimation accuracy and
robustness in high-mobility scenarios.

Due to the low resolution of Doppler frequency shifts, the
traditional linear detection methods cannot be directly used
in the OTFS frame. Considering the sparsity of DD domain
channel, the authors in [14] proposed a message passing (MP)
algorithm which models the OTFS frame as a factor graph
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the convergence performance in the loopy factor graph, a
variational Bayes based detector was proposed in [15]. A
variety of approximate message passing (AMP) based detec-
tion algorithms which can strike a balance between detection
performance and computational complexity were proposed in
[16]-[20]. The authors in [17] proposed a unitary AMP based
OTFS detector which can outperform the MP detector with
reduced complexity in the case of rich scattering scenarios.
Based on the sparsity of time domain channel, the authors
in [19] designed a cross domain iterative detection algorithm,
where the estimation and detection approaches were applied in
both time domain and DD domain. Nevertheless, the above MP
based detection methods assume perfect channel knowledge at
the receiver but would suffer severe performance degradation
in the presence of channel estimation errors. Although [20]
considered the imperfect channel knowledge and designed a
model driven DNN method, it can only mitigate interference
caused by channel gain error. For OTFS system, the accu-
racy of estimating channel parameters, especially fractional
Doppler shifts, is essential for reconstructing the channel
matrix and ensuring reliable signal detection.

Thanks to the efficient ability of exploiting domain features,
graph neural network (GNN) has attracted significant attention
in solving wireless communication problems [21], especially
learning a message passing process [22]-[26]. To further
improve the fitting ability of the model, we employed a
complex-valued graph neural network (CV-GNN) to improve
the performance of GNN based detector. The inputs, weights,
and optimization processes in CV-GNN are performed with
complex components. These networks exhibit significant ad-
vantages in scenarios where the raw data types are in complex
value, owing to their ability to preserve phase information in
wireless signals and channels [27]-[30]. The contributions of
this work are summarized as follows:

1 Motivated by the graph structure of input-output rela-
tionship for OTFS modulation scheme, we design a CV-
GNN based signal detection method. By converting the
detection process to the complex domain, the proposed
algorithm is able to utilize phase information of OTFS
signals to tackle the channel spreading effect in DD
domain, thereby achieving improved error performance.

2 We thoroughly investigate the impact of channel estima-
tion errors on the receiver performance in OTES systems
and demonstrate the robustness of our proposed algorithm
against such estimation errors. Moreover, we construct
a dataset encompassing both channel gain and Doppler
estimation errors, which stimulates to optimize the model
with supervised learning. By training the message passing
process, the proposed CV-GNN detector can eliminate the
inference caused by imperfect channel state information
with the capability of retaining the phase information of
OTFS signals.

3 We provide the comprehensive performance analysis and
the complexity analysis of the proposed detector by
comparing other detection methods including maximum
likelihood (ML), minimum mean square error (MMSE),
orthogonal approximate message passing (OAMP) [18],

GNN and graph approximate message passing (AMP-
GNN) [24]. Simulation results indicate that the proposed
algorithm can significantly outperform the traditional
detection algorithms by 4 dB, as well as achieving
2 dB gain over the intelligent algorithms in terms of
BER. Meanwhile, the proposed algorithm demonstrates
significantly lower runtime compared to other intelligent
algorithms, indicating substantial performance gains from
the complex-valued network.

Notation: Boldface capitals and lower-case letters are used
to define a matrix and a vector, respectively; The super-
script 7', *, and H denote the transpose, conjugate, and
the Hermitian operations, respectively; Tr[X] denotes the
trace of X; J(-) denotes the Dirac delta function; ® denotes
the Kronecker product operator; ® denotes the element-wise
product operator; diag{-} denotes the diagonal matrix; vec(-)
denotes the vectorization operation; I, 0, 1, F denotes the
identity matrix, zero matrix, n-dimensional all-ones vector,
and NxN-dimensional normalized discrete Fourier transform
(DFT) matrix. £(-) and (-) denote real part and imaginary
part; C denotes the complex domain; A denotes the modulation
alphabet.

II. SYSTEM MODEL

As shown in Fig. 1, the transmitted OTFS signals in
DD domain are denoted by z[k,l],k = 0,...,N — 1,1 =
0,...,M — 1, where N and M are the number of samples
along the delay and Doppler dimension respectively. It is then
mapped to TF domain through the inverse symplectic Fourier
transform (ISFFT) operation as [1]

N—-1M-1

:}ZZ zlk, ]2 (R =50 (1)

k=0 [=0

X[n,m]

Assuming the transmit pulse shape g, (¢) and receive pulse
shape g¢,.(t) satisfy bi-orthogonality, X [n,m] can be trans-
formed into a time domain signal s(¢) via the Heisenberg
transform:

1M—
Z [, m)gs (t — nT)e-ijnAf(t_”T)7 2)

||
il MZ

where A f is subcarrier spacing and 7' = 1/Af .
Under the linear time-variant channel, the received signal
can be expressed as

= / h(r,v)s(t — 7)™ drdy + w(t).  (3)

In particular, h(7, ) denotes the channel impulse response in
the DD domain, which can be expressed as

P
= Zhié(r—n)é(u—w). “4)

Note that, P denotes the number of paths, h;, 7;, and v; denote
the path gain, delay, and Doppler shift associated with the i-th
path, respectively. The delay and Doppler indices are given by
li ki + ki
v = )
MAf’ NT

&)

T =



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

»”

Xpp Heisenberg s
Transform

Channel r

H(t,f)

Winger Yir
Transform

> SFFT

\/

Time-Frequency domain

|
|
|
%» ISSFT
|
|
|
|
|
|
|

Delay-Doppler domain

-
H(z,0)=Y h(F, ®L,)I"Y7AY" (F, ®Ij)
i=1

e 5

Fig. 1. Flow chart of OTFS signaling.

where [; and k; are the delay index and Doppler index of
the ¢-th path. Moreover, k; € [f%, %] is a fractional Doppler
associated with the i-th path [14], and w(t) denotes the
additive white Gaussian noise. For OTFS transmission, M A f
is equal to the total bandwidth, and NT is the duration of
an OTFS block. Let us assume that, the impact of fractional
delays in typical wide band systems can be neglected, due to
the sufficiently small value of the delay domain sampling time
[14].

Upon applying Winger transform, the received signal from
the time domain to the TF domain can be defined as

Y(t.) = [r)gn ¢~ et o)

with a receive pulse g, ().
The received signal in TF domain can be expressed as
follow by sampling at t = nT and f = Af :

Y (t, f)lt=nT,f=may- (7

Then the received signal in DD domain can be given by

Y[n,m] =

—1M-1
nk _
Y[n,mle —72m (%

)+ Glk, 1],

®)
where @[k, [] denotes the equivalent AWGN samples in DD
domain.
The input-output relationship in DD domain can be ex-
pressed as

ylk,

n=0 m=

e—Ii2m(—a—ri) _ 1

—q—Ki) _

ylk, 1] ~

P
1=

>,

o Li(kitr;)
)hieﬂ” MN
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€))

Ne I 5 (

X m([k —k; + q]N, [l — li]M) + w(k:,l),

where N; < N if g4, (t) and g, (t) satisfy the bi-orthogonal
property [14]. For each path, the transmitted signal is circularly
shifted and scaled by a corresponding channel gain.

We can rewrite (9) in a matrix formula follows:

y = Hppx + w. (10)

The effective channel matrix in DD domain can be expressed
as

P
Hpp = Y hi(Fy @ Iy)IT"AM T (FF @ Ty),
=1

Y

where II is the permutation matrix, i.e.

0o .. 0 1
m=|+ - 00 (12)

0 10 ynemn
Furthermore, A = diag{a®,a!,--- ,a™N~1} is a diagonal

matrix with a = et [31]. Eq. (12) shows the transmitted
signal is cyclically shifted according to the delay index [; and
modulated to the carrier frequency Wlth the Doppler index k;.

As shown in (9), there are S = Zl 1(2N; + 1) number of
non-zero elements in each row and column of Hpp. Since S
is much smaller than N M, the effective channel matrix Hpp
is a sparse matrix. Meanwhile, it can be shown from Eq. (11)
that the accuracy of the channel estimation results depends on
the estimation for the three parameters, in which the estimation
of fractional Doppler is a major challenge to be faced by all
channel estimation algorithms.
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Fig. 2. BER of OAMP detector versus channel estimation error.

In this paper, we consider the presence of channel estimation
errors, defining the channel gain and fractional Doppler as
[14]:

h;:hi—i—nhi,ﬁ;:m—i—nm, (13)

where np, ~ N(0,07) and n, ~ N(0,02). Additionally,
it is assumed that the number of paths, delay and integer
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Doppler are perfectly known by the receiver. Fig. 2 illustrates
the impact of channel estimation errors on the BER with
Eq. (13). It can be observed that when channel estimation
errors exist, the error performance of the OAMP detector
degrades significantly and exhibits an error floor. Further, the
error channel matrix H can be expressed as

HZ

= Z hi(Fy @ Iy )T ARFR A (B @ Ty)

i+ np,) (Fy @ Iy )IIE AP i+, (FL oIy

+ D (Fy @ L) T AR A™ (B @ Tyy)

i=1
=Hpp+P+E, (14)

P
where ® = Y hi(Fy ® Iy)IbAktr . Are(FE

P
Iy) - Z hi(Fy ® IM)HliAk'L+H'i(FJP\I, ® Iy) and E =

i=1

P /

S, (Fy @ Inp )i AR+ (FE ® Ip7). Since the error
i=1

matrix ® is caused by diagonal matrix A", its structure

is similar as Hpp. Therefore, the input-output relationship of
OTFS in DD domain can be written by

y=Hx+w= (Hpp +®+E)x+w=Hppx+o, (15)

where w = &x+Ex+w is the effective noise vector of OTFS
system in the presence of channel estimation error.

According to Eq. (14), the aforementioned assumption indi-
cates that the channel estimation error only affects the values
of the elements, but not the structure of the matrix. Therefore,
this assumption help preserves the sparsity of the OTFS
channel matrix. Motivated by this observation, we propose a
GNN based detection algorithm to effectively compensate for
channel estimation errors.

III. CV-GNN BASED DETECTOR FOR OTFS

Motivated by the structural characteristics of OTFS trans-
mission matrix and impact of channel estimation errors at
the receiver, we propose the CV-GNN detector for the OTFS
signal detection. First, we introduce the principles of the
GNN module. Subsequently, the network architecture of the
proposed CV-GNN based algorithm is presented.

A. Principle of MP based detector

From (10), the joint maximum a posterior probability
(MAP) detector for the transmitted signals is given by

% = arcmax P(x|y,Hpp). (16)

xEANM x1

Recovering the transmitted signal basing the MAP rule ex-
hibits exponential complexity with respect to MN. The
symbol-by-symbol MAP detector for ¢ = 1,..., NM can be
expressed as [14]:

z[d] = arcmjgx P(z[d] = a;|y,Hpp)

~arcmax [[ P(y[d|z[d] = a;,Hpp),
€A e g(d)

A7)

where J(d) is the sets of non-zero elements in the c-th column.

The MP based detector, such as expectation propagation,
AMP and OAMP, is able to construct a factor graph shown in
Fig. 3(a) and iteratively exchanges soft information between
factor nodes and variable nodes to build a factorized distribu-
tion ¢(x), which approximates the true posterior distribution
P(x|y,Hpp). In order to achieve a trade off between error
performance and complexity, the factorized distribution ¢(x)
is approximated by a complex Gaussian distribution, which
is characterized by the mean p and the variance ¥. Mean-
while, imperfect channel state information (CSI) significantly
affects the accuracy and convergence speed of these algo-
rithms. However, when the channel matrix is ill-conditioned
with channel estimation errors, the accuracy of the posterior
probability approximation diminishes. Consequently, a number
of parameterized detection algorithms have been proposed
to effectively maintain both the detection performance and
convergence rate [20].

B. GNN based detector framework

Unlike other parameterized detection algorithms, the GNN
based approach leverages message passing over a well-defined
graph model to iteratively update node feature vectors, effec-
tively capturing both structural and temporal characteristics of
the effective channel.

To apply GNN to OTFS detection, it is essential to first
model the transmitted signal x by a pairwise Markov random
field (MRF) using an undirected graph G = [V, E], where the
set of nodes V' and the set of edges E are defined by x[c],c =
1,..., NM and Hpp, respectively. In a pairwise MRF, the
variable node can be characterized by a self potential ¢ (z;),
and the (¢, j)-th pair of edge is characterized by a pair potential
¢ (x;,x;). The probability distribution Eq. (16) corresponding
to a pairwise MREF is

NM
1
p) = [[e@) [I oie, (18)
i=1 ]ENe(z)

where Z is a normalization constant and Ne(i) =
{z; € V|e;; € E}. For OTFS signal detection, ¢ (x;) and
¢ (x;, ;) can be expressed as

1

¢ (i) = exp <2thi37i
o)

QhZHth) (x;), (19

o (2, ;) = exp <012hfhjxixj> , (20)
respectively. Within this graph model, each node in the OTFS
system is embedded into a feature vector, which is iteratively
updated through message aggregation from neighboring nodes.
The transmitted signal is then reconstructed via a multi-layer
perceptron (MLP).

In order to apply GNN detector to OTFS signals, it is
essential to first convert the complex-valued signals to the real
domain, given by

Yr = H.x, + Wy, 21
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Fig. 3. (a) Factor graph for OTFS detection; (b) GNN detection framework

Rea” 5007]

T
where y, = [R{y}".S{x}"] . x =

= [%{w}T7%{w}T}T and
_ | ®{Hpp}" —S{Hpp}"
H, = l S{Hpp}" R{Hpp}" 1 ’ 22)

According to Eq. (18), the hidden vector u? of node i is
initialized with
uy = Wiy

Th;, h7h;, 0% +b. (23)

The process of GNN detector can be divided into propa-
gation module, aggregation module and readout module. As
shown in Fig. 3(b), in [-th iteration, the propagation module
updates message to the variable nodes m!_, ; as an encoding
of the concatenation of the hidden vectors of nodes ¢ and j
and the attributes of the directly connected edge e;;

mz—m - fReLU (MLP( l ! ué'_lagij)) )

where MLP(+) is a MLP and freru is ReLU function.

Then each variable node aggregates the incoming message
m! ; from neighborhood nodes and updates hidden vector by
gated recurrent unit (GRU) as following

1 l

’ ZjENei m]‘”) '
At the end of the iteration, the hidden vectors of each node
K are decoded into the marginal probabilities p(z;) by an

u;
MLP with softmax function. The network is optimized by
minimizing the cross-entropy loss function

(24)

ul = GRU (ulf (25)

2NM
loss = — > pla:)log (p(x:)).
i=1

As shown in Eq. 15 and Eq. 23, the GNN detector encodes
node information into hidden vectors and updates them to
approximate the posterior probability of nodes, which in-
herently contains noise. At the receiver of OTFS systems,
channel estimation errors can be modeled as additive noise,
thereby allowing adaptation through training. In GNN based
algorithms, as the neural networks are incapable of perform-
ing complex arithmetic, the real and imaginary parts of the
received signal and effective channel matrix in (23) must be

(26)

-1 =
f(uu, sUy, ’8,1,111) f(“d uu\ 8/(/\)

-1 -1

explicitly separated and stacked before being input into the
neural network. However, the real and imaginary components
of communication signals embody critical physical signifi-
cance, including phase information. Rigid preprocessing of the
input signals inevitably leads to a loss of information, thereby
limiting the achievable upper bound of detection performance.
Therefore, we design a complex-valued graph neural network
detector, which differs from the GNN detector discussed in the
previous section. In this approach, the feature vectors, network
weights, and loss functions are all represented in complex
form, making it more aligned with practical OTFS systems.

C. Complex-valued Network Architecture

Our proposed CV-GNN based detector does not directly
convert the entire network structure of the GNN detector into
complex-valued form, although simulation results demonstrate
that such a straightforward adaptation already yields signif-
icant performance gains. To further exploit the potential of
CV-GNN and enhance the convergence of the neural network,
we unfold the iterative algorithm into a neural network, with
each layer possessing independent weights rather than sharing
weights. The architecture of CV-GNN, as illustrated in the
Fig. 4, is composed of multiple residual blocks arranged in
series.

1) Initialization: Rather than needing to separate the real
and imaginary parts of the inputs in advance, complex value
can be fed into the CV-GNN directly. To compute x through
CV-GNN, we denote the N,-dimensional feature vector of the
variable nodes as ué, which is initialized as the concatenation
of the received signal, channel state information and noise
variance and then encoded by a single layer complex-valued
fully connected network (CVFC):

= CVFC ([y"h;,h”h;, %)) = CVFC (wmit), (27)

and the CVFC is achieved with two real-valued networks
which can be expressed as follows:

t1 = R(Uinie) R(W) + R(b)
t2 = S(Winic)S(W) + S(b),

(R(uinit) + S(ainie) ) (R(W) + S(W))
+ R(b) + S(b).

9

t3 =
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Fig. 4. Network structure of CV-GNN detector

Then the real part and imaginary part of the output ué can be
denoted as

R(ub) =t —t (28)
= %(uinitx}e(w) - \Y(umlt) ( ) + §R( )
S(ul) =ty —ty —t; (29)
= (R(Winit) + S(Winit)) (R(W) + S(W))
— R(init) R(W) — S(init) J(W) + S(b)
= 3(Uinit) R(W) + R(winit) S(W) + S(b),
uj = R(uf) + 5 (uh), (30)

where W € C**Ne and b € CVN«*! denote the complex
weight and bias parameters.

2) Residual blocks: In the propagation module of [-th
residual block, the message from node x; to x; can be
expressed as

1 + u{—2

m)_,; = fcvreLu (CVFCs(ul” i e ué‘_
€29
The complex split activation function CVReLU(+) is defined
as ReLU(R(-)) + jReLU(3(+)).
Then the aggregated message m! Z eNe, _}i is fed
into a complex-valued GRU (CVGRU) as follows
(32)

7

hv! = CVGRU (vl m!)

where hvﬁ denotes the hidden state of CVGRU. Denoting W
and U as the weights for m and hv, the details of the CVGRU
is summarized in Appendix A.

Then the node feature will be updated through a single-layer
CVEC:

ul = CVFC (hvﬁ) . (33)

Message Passing

% €ij)) -

U IFELL
Ne, :{Xi eV ‘z:“ € E}

i1

Aggregation

3) Estimation: After obtaining the updated node features at
the output layer of the CV-GNN, they are fed into a two-layer
CVEFCs to directly obtain the value of the data symbol:

#; = CVFCs (ulf). (34)

D. Training Process

In order to optimize complex-valued neural networks, the
loss function needs to take into account complex-valued oper-
ations. It should be noted that the proposed CV-GNN achieves
complex-valued operations through two real-valued networks,
thereby requiring the loss to be real-valued. We choose the
Split mean-square error (SplitMSE) loss as the cost function,
which operates on the real and imaginary parts separately and
sums the losses with

loss = SplitMSE(l‘lab]e, .fi)

- NM Z
+(S (xlablc) - 3(4))?) .

To enhance the robustness of the proposed CV-GNN in
varying channel conditions, our training dataset incorporates
received signals with diverse numbers of paths, channel esti-
mation errors, and noise. The reliability performance of the
proposed detector is analyzed in Section IV.

— R(#))?

xldble

(35)

E. Complexity Analysis

We analyze the computational complexity of the CV-GNN
and compare it with existing OTFS detectors. The com-
plexity of CV-GNN for one residual block mainly arises
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TABLE I
COMPLEXITY OF CV-GNN DETECTOR
Detector Complexity
Lo
CV-GNN OBMNK > N} NI +12MNK (2N, +1)P2Ny + IMNK (Np Ny + N2))
i=1
Lo
GNN O@MNK > N} Ni . +8MNK(2N, + 1)P?2N, + 6M NK (N Ny + N?))
i=1
L
AMP-GNN | O(2MNK Y N N¢ +4AMNKP2N, + 6MNK (NN, + N?) + 16MN(2N, + 1)P)
i=1

L
from the CVFCs, which is given by O(3MN 5" N{ NZ ).

The computational complexity of graph COIIVOllJt%OII in (31)
and (32) is O(12MNK (2N, + 1)P?N,, + 9M N(N,N,, +
N?)), where Ny, is the size of hidden layer of CVGRU.
Therefore, the coznputational complexity of CV-GNN detec-

tor is O(BMN Y NiNi. + 12MNK(2N, + 1)P2N, +

out

i=1
9MNK (NN, + N?)), where K is the number of resid-
ual blocks. In contrast, the complexity of GNN and AMP-
L . .
GNN are O2MNK > N{ N +8MNK(2N,+1)P2N,+
i=1

L
6MNK(N,N, + N2)) and OQ2MNK S NiNi, +

i=1
AMNKP?N,+6MNK (N,N,+N2)+16MN (2N, +1)P)
[24].

Compared with other algorithms in Table I, the proposed
CV-GNN algorithm incurs higher computational complexity
due to complex-valued operations. However, thanks to the
performance gains from the complex-valued architecture, the
proposed CV-GNN requires significantly lower hidden layer
dimensionality than other intelligent detectors, resulting in
substantially reduced actual runtime. This will be discussed
with comprehensive details in Section IV.

IV. SIMULATION RESULTS
A. System Setting

This section illustrates the BER performance of the pro-
posed CV-GNN detector. An OTFS frame with N = 8 and
M = 8 indicates there are 8 time slots and 8 subcarriers
in the TF domain. Assume that the subchannel spacing is
Af = 15 kHz, and the carrier frequency is f. = 4 GHz.
The total number of paths is set as P = 3. The velocity of
the mobile user is set to be 500 km /h. In this case, the index
of delay and Doppler shift can be calculated as /,,,x = 3 and
kmax = 2, respectively [32], [33]. Especially, the first path
always satisfies /; = 0, and the delay index can only be integer-
valued while the Doppler index can be fractional. Specially,
in order to verify the generalization ability of the trained CV-
GNN detector, we generate over 50000 independent data pairs
with different SNR ranging from 0 dB to 30 dB to test the
network until the number of bit errors exceed 10000.

To demonstrate the performance of our algorithm, we
employ several intelligent and non-intelligent algorithms for
comparison. It is important to clarify that, to guarantee the
fairness of our comparative analysis, extensive parameter

TABLE II
SYSTEM PARAMETERS
Parameter Value
Subchannel Spacing (kHz) 15
Carrier Frequency (GHz) 4
Mapping 4-QAM/16-QAM

Number of subcarriers (V) 8
Number of time slots (M) 8

Velocity (km/h) 500
Maximum of the delay index (Imax) 3
Maximum of the Doppler index (kmax) 2

optimization is conducted for each GNN-based detector to
achieve optimal BER performance under the constraint of
an identical network depth. All models are implemented in
PyTorch 2.5.1 and trained on a single NVIDIA GeForce RTX
4090 GPU with 24 GB of memory. Training is conducted using
the Adam optimizer with an initial learning rate of 1x1073. A
cosine annealing scheduler is employed to decay the learning
rate to 1x10~° over 200 epochs. We use a batch size of 50,
determined by GPU capacity and to ensure stable gradient
estimates. Training is stopped early if the validation loss did
not improve for 20 consecutive epochs. Model weights are
initialized by sampling from a Gaussian distribution with zero
mean and a variance of 0.01.

e ML : The optimal detection algorithm performs a global
search over all possible transmitted symbol domains by
comparing the received signal to each candidate and iden-
tifies the transmitted symbol that minimizes the distance
to the received signal as the original transmitted symbol.

« MMSE : A classical linear receiver which recovers
the transmitted signal by applying the noise-regularized
pseudo-inverse of the channel matrix to the received
signal.

e OAMP : An iterative signal recovery algorithm oper-
ating by decoupling the estimation process into a linear
estimator and a nonlinear denoiser, enforcing an orthog-
onality principle between their errors to ensure stable
convergence and optimal performance [18]. The number
of iterations is set to 10.

e GNN : The GNN detector given in Section III which is
underwentted comprehensive training on the same dataset
to ensure fair comparison. The size of the feature vector
is set to 16 x 1 and the size of the hidden vector is set
to 512 x 1.

e GNN with residual : The GNN detector with same
network structure as CV-GNN which is underwentted
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TABLE III
HYPERPARAMETERS OF CV-GNN DETECTOR

Layers ‘ Operation I Number of neurons

Initialized

Input layer: combined feature with the size of 3 x 1
1] CVEC | 3x8
Output layer: u? with the size of 8 X 1
Residual block

Propagation module

Input layer:concatenated feature with the size of 18 x 1

1 CVFC + CVReLU 8 x 128
2 CVFC + CVReLU 128 x 64
3 CVFC + CVReLU 64 x 8

Output layer:mé S with the size of 8 x 1

Aggregation module

Input layer:mf; and hv,lf1 with the size of 8 X 1 and 128 x 1
1 CVGRU input:8 x 8, hidden:128 x 128
2 CVEC 128 X 8
Output layer:h! and u! with the size 128 x 1 and 8 x 1

Estimation module

Input layer: uf{ with the size of 8 X 1

CVFC 8 x 128
CVFC 128 x 8
3 CVFC 8 x1

Output layer:2; with the size of 1 X 1

comprehensive training on the same dataset to ensure fair
comparison. The size of the feature vector is set to 16 x 1
and the size of the hidden vector is set to 256 x 1.

e AMP-GNN : A GNN based detector proposed in [24]
which exploits prior information obtained from an AMP
module to improve estimates process of a GNN module
which is also well trained for fair comparison. The size
of the feature vector is set to 16 x 1 and the size of the
hidden vector is set to 512 x 1.

The hyperparameters of the proposed network are summarized
in the Table III.

B. Numerical Results

In Fig. 5, we illustrate the BER performance at different
SNR with ideal channel state information and compare the
BER performance of the proposed CV-GNN, AMP-GNN [24],
GNN, OAMP, MMSE, and ML detector with P = 3. We ob-
serve that the BER performance improves as the transmit SNR
increases. It can be clearly observed that the CV-GNN detector
outperforms almost all other OTFS detectors except for ML
detector. In particular, the proposed CV-GNN outperforms
the AMP-GNN detector by 1 dB and outperforms the GNN
detector by 2 dB at BER = 1 x 10, which demonstrates
that the complex network of the CV-GNN exhibits enhanced
potential for signal detection. The simulation results also
indicate that the performance improvement of CV-GNN is not
primarily due to the residual structure and deeper networks,
although this can help the model converge to the optimal
solution more quickly. It is evident from the figure that the pro-

10°

BER

10-5 I I I
0 5 10 15 20

SNR

Fig. 5. The BER performance versus SNR with different algorithms.

posed CV-GNN algorithm demonstrates significantly superior
performance compared to the non-adaptive OAMP and MMSE
algorithms. This enhanced performance suggests that CV-GNN
is capable of effectively mitigating the impact of Doppler
frequency shifts through learned channel characteristics.

Additionally, Table IV compares the parameter counts and
runtime among different intelligent detectors. It is observed
that the proposed detector runs significantly faster than the
other detectors, while simultaneously exhibiting a larger pa-
rameter size than all intelligent detector except GNN-v2. This
demonstrates that, although the proposed CV-GNN trades
space complexity for time efficiency, the complex-valued
network architecture ultimately contributes to a remarkably
enhanced performance.

TABLE IV
PARAMETER COUNTS (M) AND AVERAGE RUNTIME (MS) COMPARISON

Detector Parameter Runtime
CV-GNN 1.31 6.81
GNN 0.66 31.19
GNN-v2 6.27 33.72
AMP-GNN 0.68 21.21

Fig. 6 illustrates the BER performance with different paths
at P = 3,4,5 with ideal channel estimation. We observe
the BER performance of proposed CV-GNN detector becomes
better as the number of paths increases. Although the effective
channel matrix in the DD domain Hpp can be extremely
dense at a larger number of the path, the graph based detection
procedure and complex computation process can fully harness
the diversity gain in DD domain, thus more effectively elimi-
nating interference caused by multipath and fractional Doppler
effects.

The BER performance achieved by different OTFS detectors
versus the SNR with 4-QAM and 16-QAM in iter = 3,6, 10 is
shown in Fig. 7. We can observe that the proposed algorithm
outperforms other GNN based algorithms at all iterations,
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Fig. 6. The BER performance versus SNR with different paths.

which indicates that the complex structure of CV-GNN can
make more use of phase information to assist in signal detec-
tion. Furthermore, the performance of the CV-GNN algorithm
has nearly reached 9 x 10~° at SNR. = 20 dB by the iteration
of 6, and at this point, it has already surpassed the performance
of AMP-GNN and GNN at 10 iterations, thanks to the deeper
neural network. Especially, the BER achieved by proposed
CV-GNN detector notably increases with 16-QAM, where the
ICI has larger impact to detection accuracy of the GNN based
method.

10 11 12 13 14 15 16 17 18 19 20
SNR

iter = 10
T

——— &

4 S— CV-GNN 16QAM
10"%F —4A— GNN 16QAM
—6— CV-GNN 4QAM
—4— GNN 4QAM
AMP-GNN 4QAM
T i

Fig. 7. The BER performance versus SNR with different iteration.

The impact of channel estimation error on the BER perfor-
mance of the OTFS system is also demonstrated. The error in
channel gain and Doppler shift is given by Eq. (13). Fig. 8
shows the BER performance of the CV-GNN, AMP-GNN and
MMSE detector with o2 = 0 dB, —20 dB, —15 dB, —10 dB
and 02 = 0 dB, —20 dB, —15 dB at SNR = 16 dB, 20 dB, 24
dB, and 28 dB. We can observe that the imperfect CSI leads
to a noticeable degradation in BER performance. As shown in
Fig. 8(a) and Fig. 8(b), the detector will encounter error floor

during the high-SNR regime due to severe channel estimation
errors. Furthermore, estimation errors in channel gain can lead
to a more significant degradation in the detection performance.
Besides, compared with other algorithms, the proposed CV-
GNN detector can achieve lower BER at higher SNR. With
07 = —15 dB and 02 = —15 dB, the CV-GNN detector
can approach 3 x 1075 at SNR = 30 dB, meanwhile the
BER of AMP-GNN and MMSE can only approach 9 x 107°
and 1 x 10~*, respectively. This phenomenon is attributed to
the enhanced generalization capability brought by the residual
module, enabling it to better adapt to the imperfect channel
state information.

V. CONCLUSION

In this paper, we have proposed a complex-valued graph
neural network based detector for OTFS transmissions, which
conducted the GNN module in the complex domain to fully ex-
ploit the phase information of the received signal. The network
is designed by expanding the GNN module to residuel blocks
and achieving better detection performance by optimizing the
parameters through deep learning. Compared with other GNN
based detection algorithms, the proposed algorithm demon-
strates greater potential in terms of BER performance, owing
to its deeper network structure and operations in the complex
domain. In the presence of severe ICI caused by fractional
Doppler shifts and channel estimation errors in OTFS systems,
the proposed algorithm outperforms other algorithms while
maintaining acceptable computational complexity. Moreover,
the residual network architecture enhances the algorithm’s
robustness, ensuring stable performance under diverse channel
conditions. In future research, we will focus more on the
design of efficient and robust detectors for other modulation
schemes in the delay-Doppler domain.

APPENDIX A
COMPLEX-VALUED GRU

Gated recurrent unit is a variant of recurrent neural network
(RNN) designed to address the issues of vanishing and explod-
ing gradients in standard RNN while improving computational
efficiency and training speed. In graph neural network, GRU
is often applied after the information aggregation process to
capture temporal dependencies or sequential patterns in the
input data, especially when the graph structure evolves over
time.

The input of CVGRU involves the aggregated message
m! € CN¥«*1 and the previous hidden state hv!~! € CVrx1,
and the flow of information is controlled through the complex

l l :
update gate £ .. and complex reset gate r . ... achiev-
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Fig. 8. (a)The BER performance versus SNR with different gain estimation error; (b)The BER performance versus SNR with different Doppler estimation

error; (c)The BER performance versus SNR with 0% = —15dB and 62 = —15 dB

ing a balance between long-term and short-term memory.

omprex = B (r') + 5 (r') (36)

R (r') = o (R (m') R (W) — S (m!) S (W)

+§R(hv l)éR(U’”) %(hvl 1) UT)—HR(bT))
S(r') =0 (R(m") S (W) + 3 (m') R(W")
+§R(hvl’1)S(Ur)—|- (hvl 1)3% )+s(br)),
Fomplex = R (£1) + 53 ('), (37)
R(f) = o (R (m') R (W) - (m') 3 (W)

+ (hv' ") % (U7) - (hvl S (U) + R (b))
S(f') = o (R (m') 3 (W) + 3 (m') ® (W)

1 (') § (U7) +5 (B R (U1) + 5 (b))

where W € CNueXNu U € CVNo*Nn and b € CN»*1 are
learnable parameters. The candidate hidden state is calculated
based on the current input m' and the reset-modified previous
hidden state hv'~!

BV compiex = R () + 79 (Bv') | (38)
® (B') = Tanh (R (m') % (W") - (m') S (W")

+R (") © (% (W) R (U") -5 (0" 1) 5 (UM))
+R (M)

3 (B') = Tanh (R (m') S (W") + S (m!) ® (W")

+3 () o (R (') S (U + 9 (') R (UM)
+3 (b))

Combining the candidate hldden state hv
previous hidden state hv!~

complex and the
us1ng the update gate fé

omplex>

the updated hidden state hv!

BVhoupiex = % (BV') + 5 (bv'),

complex 18:

R (') =R (') =R () © (R (Bv') - (bv'71)),

3 (hvl> =3
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