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Abstract—Domain or statistical distribution shifts are a key 
staple of the wireless communication channel, because of the 
dynamics of the environment. Deep learning (DL) models for 
detecting multiple-input multiple-output (MIMO) signals in dy-
namic communication require large training samples (in the 
order of hundreds of thousands to millions) and online retraining 
to adapt to domain shift. Some dynamic networks, such as 
vehicular networks, cannot tolerate the waiting time associated 
with gathering a large number of training samples or online fne-
tuning which incurs signifcant end-to-end delay. In this paper, 
a novel classifcation technique based on the concept of geodesic 
fow kernel (GFK) is proposed for MIMO signal detection. In 
particular, received MIMO signals are frst represented as points 
on Grassmannian manifolds by formulating basis of subspaces 
spanned by the rows vectors of the received signal. Then, the 
domain shift is modeled using a geodesic fow kernel integrating 
the subspaces that lie on the geodesic to characterize changes in 
geometric and statistical properties of the received signals. The 
kernel derives low-dimensional representations of the received 
signals over the Grassman manifolds that are invariant to domain 
shift and is used in a geometric support vector machine (G-
SVM) algorithm for MIMO signal detection in an unsupervised 
manner. Simulation results reveal that the proposed method 
achieves promising performance against the existing baselines 
like OAMPnet and MMNet with only 1,200 training samples 
and without online retraining. 

Index Terms—Dynamic wireless networks, domain shift, 
geodesic fow kernel, Grassmannian manifolds, MIMO signal 
detection. 

I. INTRODUCTION 

Signal detection under rapid domain shift (e.g., distribution 
shift) is one of the fundamental problems in dynamic wireless 
networks, such as vehicular networks, in which a rapid domain 
shift occurs frequently due to different channel impairments 
such as Doppler shift and multi-path fading. Mobility is a main 
culprit behind much of the dynamics in such networks. The 
presence of such mobility and dynamics creates challenges 
for multiple-input multiple-output (MIMO) signal detection. 
Conventional MIMO signal detection algorithms such as max-
imum likelihood detector (MLD), minimum mean square error 
(MMSE), zero-forcing (ZF) [1], and approximate message 
passing (AMP) [2] are model-driven, and require the knowl-
edge of perfect channel state information (CSI). However, it 
is diffcult to obtain accurate instantaneous CSI in a highly 
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dynamic environment due to high mobility. Consequently, the 
conventional algorithms designed in [1], [2] perform poorly 
under mobility, or they are too complex to be practical, as 
they treat the acquired imperfect CSI as if it were perfect. 

Machine learning techniques [3]–[5] can be a promising 
approach to address these challenges, as shown in [6]–[9]. 
Indeed, several deep learning (DL) based approaches were 
proposed in [6]–[9] for MIMO signal detection, and they are 
shown to outperform conventional MIMO signal detection 
algorithms proposed in [1], [2]. However, the prior art in 
[6]–[9] relies on highly parameterized deep neural networks 
(DNN) models so as to represent a broad range of mappings 
for various channel realizations. As such, massive training 
samples in the order of hundreds of thousands to millions 
are typically required by the works in [6]–[9] in order to 
obtain a desirable mapping. Meanwhile, the dynamic nature of 
wireless channels, particularly in presence of mobility, causes 
a rapid domain shift for the communication signals. In such 
dynamic and mobile environment, DNNs trained for a given 
channel may no longer perform well on future unseen channel 
realizations. Thus, online training or fne-tuning is required by 
techniques like those in [6]–[9] in order to adapt to domain 
shifts. Dynamic settings, such as vehicular networks, cannot 
tolerate the waiting time associated with gathering a large 
number of training samples and online retraining, which incur 
signifcant end-to-end delay. In such settings if the information 
is time-critical (e.g., navigation in autonomous vehicles), the 
delay experienced by the system in order to adapt to new 
domains could lead to dire consequences. Clearly, there is a 
lack of existing approaches for MIMO signal detection that can 
overcome the grand challenge of enabling a wireless system to 
effectively adapt to dynamic environments, without the need 
for massive volumes of training samples and frequent online 
retraining. 

The main contribution of this paper is a novel MIMO 
signal detection method that exploits a geodesic fow kernel 
(GFK) [10] for the purpose of learning domain shifts over 
Grassmannian manifolds. The GFK is particularly used in ge-
ometric support vector machine (G-SVM) for detecting MIMO 
signals in an unsupervised manner. Geometric approaches, 
including Grassmannian and Riemannian geometry, have been 
used to address challenges in wireless communication systems, 
such as the design of beamforming codebook in [11], wireless 
resource allocations [12]–[14] and deriving the capacity of 
the noncoherent multiple-antenna channel [15]. However, the 

mailto:naren@vt.edu
mailto:walids@vt.edu
mailto:rasheds@vt.edu


works in [11]–[15] do not consider the Grassmannian geom-
etry to study the MIMO signal detection under domain shift. 

In our approach, we frst represent the received MIMO 
signals as points on Grassmanninan manifold by performing 
principal component anaylsis (PCA) [16] which identifes the 
subspaces where the variance of the received signals are 
maximized. Then, we show that the channel variations due 
to mobility fows along a geodesic between training and test 
data point which belong to different domains. The fow along 
the geodesic represents incremental changes in geometric and 
statistical properties of the received signals due to mobility. 
The geodesic fow kernel derives low-dimensional represen-
tations of the received MIMO signals over the Grassman 
manifold that are invariant to domain shift and used in G-
SVM for MIMO signal detection. Simulation results shows 
that the proposed method achieves promising performance 
compared to the state-of-the-art baselines like OAMPNet [7], 
HyperMIMO [8] and MMNet [9] with only 1200 training 
samples and without online training. 

The rest of this paper is organized as follows. The system 
model and problem formulation are presented in Section II. 
Section III presents the proposed learning-based MIMO signal 
detection method. Simulation results are presented in Sec-
tion IV. Finally, conclusions are drawn in Section V. 

II. SYSTEM MODEL AND PROBLEM FORMULATION 

A. Preliminaries 

A Grassmannian manifold GT,N is a set of N -dimensional 
subspaces in CT that can be used to defne a smooth Rieman-
nian manifold with geometric, differential and probabilistic 
structure, where T is the dimensionality of the original data 
[17]. A point P on GT,N is a subspace and is typically repre-
sented by a basis matrix spanning the subspace. The subspace 
can be computed by utilizing PCA [16]. PCA computes a 
subspace on the Grassmannian manifold by extracting the 
principal components (i.e., eigenvectors) from the covariance 
matrix of the input data. These principal components represent 
the most signifcant directions of variation in the data and form 
the basis for the subspace within the Grassmannian manifold. 

B. System Model 

We consider a high mobility uplink MIMO scenario con-
sisting of M transmit antennas at mobile node (e.g., ground 
or aerial vehicle) and N receive antennas at the receiver (e.g., 
edge server). The mobile node transmits one out of Z possible 

(i) ∈ C1×Lencoded symbols s with i ∈ Z = {1, 2, . . . , Z}. 
Each symbol s(i) is a complex random variable with L being 
an integer multiple of M . Then, s(i) can be divided into 1×T 

(i) (i) (i)sub-vectors with T = L/M , i.e., s(i) = [s , s , . . . , s ].1 2 M 
Thus, the transmitted symbol s(i) can be converted into a 
matrix X(i) ∈ CM×T . In situations where L is not an integer 
multiple of M , zero-padding can be used to extend s(i) to 
meet the integer-multiple constraint. Matrix X(i) ∈ CM×T 

is transmitted by the mobile node over T slots through M 
antennas. 

𝑟1

𝑟2

𝑏1 𝑏2

𝜴𝑋

Grassmannian manifold

Subspace

Projection of 𝑿(𝑖) into subspace 

which represents a point on 𝐺𝑇,𝑁 

Geodesic between 

two points

Domain shift

Fig. 1: An example of the transformation of coordinate system 
through the representation of data on Grassmannian manifolds. Here, 
[b1, b2] is the basis of ΩX , r1, r2 are the row vector of X . 
U X = [ui,j ] where ui,j is the length of the component of ri in 
the direction of bj . 

High mobility leads to temporally-correlated MIMO chan-
nels. Under the assumption of rich scattering, classical Clark’s 
model [18] is used to quantify the level of channel temporal 
correlation associated with the node speed. We divide time 
into baseband sampling intervals, called time slots. Then, 
the realization of the slot-t MIMO channel from the mobile 
node to the receiver can be represented by Ht ∈ CN ×M . 
To refect that channel’s temporal variation, the transmitted 
symbol X(i) can be written in terms of its columns, i.e., 
X(i) (i) (i) (i)

= [x , x , . . . , x ]. Then, the received signal at the1 2 T 
receiver due to the transmission of X(i) can be represented 

(i) (i) (i)by matrix Y (i) = [y , y , . . . , y ] ∈ CN×T with1 2 T√
(i) (i) (i) (i)y = P H x + w , (1)t t t 

where P is the transmit power and w(i) is the additive white 
Gaussian noise (AWGN) vector whose entries are assumed to 
be mutually independent with zero mean and variance γw, i.e., 
wi ∼ N (wi, 0, γw 

−1). From (1), we observe that due to high 
(i)mobility, the channel H(i) = {H }T varies throughout the t t=1 

transmission duration of a single symbol across T time slots. 
The transmitted signal X(i) ∈ CM×T can be represented 

as a point Ω(i) on GT,M spanned by its row vector usingX 

PCA, alongh with a matrix U (i) ∈ CM×M which specifesX 
the M row vectors of X(i) with respect to a canonical basis 
in ΩX 

(i) [15]. The representation of the transmitted signal over 
(i) (i)Grassmannian manifolds X(i) → (U X , Ω ) is the trans-X 

formation of coordinate system CM×T → CM×M × GT,M , 
as shown in Fig. 1. To understand the motivation of such 
representation, we frst consider an extreme case without 

H(i)X(i)additive noise W (i) such that Y (i) = . In this case, 
the row vectors of the received signals span the same subspace 

(i) (i)as X(i), i.e., ΩHX = ΩX . This shows that the channel 



(i)H(i) affects the transmitted signal X(i) by changing U X . In 
consequence, the position of the subspace of the transmitted 
signal shifts towards the direction of the change in U (i) over X 
Grassmannian manifolds. For a channel with additive noise, 

(i) (i)
U is affected by both noise and channel and the Ω isX X 
affected by noise only. In the high signal-to-noise-ratio (SNR) 
regime, the impact of noise is negligible compared to the 
variation in the channel. In this case, it can be intuitively 
assumed that U (i) is affected only by the channel [15]. X 

C. Problem Formulation 

Let Y be input space of a dataset D = {(Yj |PY(Yj )}K 
j=1, 

where Yj ∈ Y is the input j and K is the total size of the 
dataset. When Yj is seen as realization of random variables 
Y, then, it is possible to defne a domain as its marginal 
distribution PY(Y ). If the domains of the training Dr and 
test Ds datasets are different, then P s(Y ) ≠ P t (Y ). In otherY Y 
words, the marginal distributions are different. From (1), this 
domain shift is associated with the distribution of the received 
signal which is caused by channel variation due to mobility. 

To illustrate how representation over Grassmannian mani-
folds can assist in addressing the challenge of rapid domain 
shift under mobility, consider two subspaces are computed 
from the training and test dataset corresponding to its domain 
Dr and Ds, respectively. Those two subspaces are represented 
as two points on Grassmannian manifolds. For a static channel 
and zero noise, the two points are identical on GT,M . In 
this case, the two domains are similar to each other, i.e., 
the training and test dataset are similarly distributed. In the 
presence of channel variation and noise, they are two different 
points on GT,M and hence, the two domains are far apart on 
the manifolds. 

In real-world applications, it is very diffcult to ensure that 
the training and test data are drawn from a similar domain. 
This problem is particularly challenging in dynamic wireless 
communication settings in which a rapid domain shift occurs 
frequently due to mobility. Hence, our overarching goal is 
to overcome the challenge of the domain shift problem by 
identifying meaningful intermediate subspaces computed from 
the training and the test dataset that are robust to channel 
variation due to mobility. Specifcally, we intend to use these 
meaningful intermediate subspaces to predict the transmitted 
MIMO symbol that belongs to domain Ds (i.e., under unseen 
channel realizations due to mobility) by only using the labeled 
training dataset that belongs to domain Dr. 

III. GFK BASED MODEL FOR MIMO SIGNAL DETECTION 

As explained next, the proposed framework consists of 
the following steps: i) formulation of a geodesic fow curve 
connecting the training and test domains on the Grassmannian 
manifolds, ii) computing the GFK, and iii) use of the GFK in 
G-SVM classifer for MIMO signal detection. 

A. Geodesic Flow for Domain Shift Adaptation 
(i) ∈ C1×LSince the symbol s is converted into matrix 

X(i) ∈ CM×T when transmitted over M antennas, it is frst 

∈ C1×L ′ converted back to its vector form, i.e., ŝ(i) , where 
L ′ =NT and L ′ =L if M =N . This conversion is done by the 
concatenation of the row vectors of the received signal matrix 
Y (i) ∈ CN×T . Then, PCA is applied to identify the subspace 
of the received symbol. Since the number of eigenvectors of 
the received signal is N , it is suffcient to represent a subspace 

×Nthrough its orthonormal basis S ∈ CL ′ by applying PCA, 
where L ′ is the dimension of the data (i.e., symbol), and 
N is the dimension of the subspace. To obtain meaningful 
intermediate subspaces between the training and test domains 
for handling a domain shift, a set of tools is required that is 
consistent with the geometry of the space spanned by these 
L ′ × N subspaces. 

Let Sr, Ss ∈ CL ′ ×N be two sets of orthonormal basis of the 
subspaces obtained by PCA from the received signals in the 

×(L ′ −N)training and test domains. We defne Rr ∈ CL ′ as the 
orthonormal complement to Sr, namely R† r Sr = 0, where † is 
the Hermitian or matrix conjugate transpose. Using a canonical 
Euclidean metric for the Riemannian manifold in a Grass-
mannian manifold, the geodesic fow can be parametrized 
as Φ(q) : q ∈ [0, 1] → Φ(q) ∈ GL′,N with the constraint 
Φ(0) = Sr and Φ(1) = Ss. Then, the geodesic fow that 
emanates from Sr to Ss will be given by [10] 

Φ(q) = SrU1Γ(q) − RrU2Σ(q),� �� �� � U1 0 Γ(q)
= Sr Rr , (2)

0 U2 Σ(q) 

where U1 ∈ CN×N and U 2 ∈ C(L ′ −N)×N are orthonormal 
matrices given by singular value decomposition (SVD) as 
follows: 

S† r Ss = U1ΓV † , R† r Ss = −U2ΣV † , (3) 

where Γ ∈ CN ×N and Σ ∈ CN×N are diagonal matrices. 
The diagonal elements cos ϕl and sin ϕl for i = 1, 2, . . . , N 
are called principle angles i.e., 0 ≤ ϕ1 . . . ≤ ϕN ≤ π/2, 
and are the measure of degree of overlap between Sr and Ss. 
Based on (2), the geodesic fow can be viewed as a collection 
of infnite meaningful subspaces gradually varying from the 
training domain Dr to the test domain Ds with the variations 
being caused by the channel dynamics due to mobility. In other 
words, the channel variations fow along a geodesic between 
training and test data points which belong to different domains. 

B. Computation of the Geodesic Flow Kernel 
(i) (i)Let ŝ  and ŝ  be the two versions of the originallyr s 

transmitted symbol s(i) that are received, respectively, during 
the training and test phases. Those received symbols belong 
to different domains. We compute their projections on the 

†geodesic Φ(q), i.e., Φ(q)†ŝ  , for a continuous q starting from 
0 to 1, where 0 and 1 indicate the training domain and test 
domain, respectively. By using projection into all subspaces 
along the geodesic, we utilize a similarity measure that is 
robust to channel variations. In other words, the net effect of 
projections is a representation over Grassmannian manifolds 
that is invariant to the domain shift. All the projections are 
concatenated into infnite-dimensional feature vectors z∞ andr 



 

∞z . Computationally, we do not need to compute infnitely s 
many projections to defne GFK. Instead, the GFK can be 

∞ ∞defned by inner products between z and z as:r sZ 1� � �† �†� � �†�∞ ∞ (i) (i)⟨z , z ⟩= Φ(q)† ŝ Φ(q)† ŝ  dqr s r s 
0 � �†(i) (i)= ŝr F ŝs , (4) 

×L ′ where F ∈ CL ′ is a positive defnite matrix Z 1 

F = Φ(q)Φ(q)†dq. (5) 
0 

The operation performed in (4) is the kernel trick [10], where 
a kernel function induces inner products between infnite-
dimensional features without explicitly computing an infnite 
number of projections. Then, the geodesic fow kernel F can 
be formulated in closed form as follows [10]:� �� † �� �  1  2 U S† 1 rF = SrU1 RrU 2 † , (6)

 2  3 U 2Rr 
† 

where  1, 2, and  3 are diagonal matrices, and the diagonal 
entries of these matrices are given by [10] Z 1 sin (2ϕj )

σ1j = cos 2(qϕj ) dq = 1+ , (7) 
0 2ϕjZ 1 cos (2ϕj ) − 1 

σ2j = cos(qϕj ) sin(qϕj ) dq = , (8) 
0 2ϕjZ 1 sin (2ϕj )

σ3j = sin2(qϕj ) dq = 1− , (9) 
0 2ϕj 

respectively, and j = 1, 2, . . . , N . 
C. GFK G-SVM for Signal Detection 

nrl l ∈ C1×L ′ Now, let {Sr, Tr} = {(ŝ  , τ l)}l=1, with ŝ  , andr r r 
τ l ∈ Z be the set of nr labeled training dataset corresponding r 
to Z classes (i.e., Z possible symbols in alphabet Z) from 

k k ∈ C1×L ′nsdomain Dr. We also defne {Ss} = {ŝ  }k=1, ŝs s 
as the set of ns unlabeled test dataset from domain Ds. The 
classical approach to solving the multi-class SVM problem is 
to consider the problem as a collection of binary classifcation 
problems, where the z-th classifer constructs a hyperplane 
between class z and the rest of the Z −1 classes. Hence, using 
a Lagrangian formulation of the classical linearly constrained 
optimization problem, the fnal dual problem can be written 
as [19]:( �)�nr nr nrX XX1 l ′ τ l 

′ lmax γl − γlγl′ τ
l K ŝr, ŝ  , (10)r r r

γ 2 
l=1 l=1 l ′ =1 
nrX 

s.t. τ lγl, 0 ≤ γl, ∀l = 1, 2, . . . , nr,r 
l=1 � � 

lwhere the kernel matrix K ŝr, ŝ
l ′ is computed by (4). Then, r 

the decision function for predicting the transmitted MIMO 
ksignal for any test symbol ŝ  from {Ss} is given by [19], s ! 

nSV � �X 
k l kF(ŝ  ) = γlτ

lK ŝr, ŝ  + b , (11)s r s 
l=1 

Algorithm 1 Overview of the proposed GFK G-SVM 

1: Inputs : Training dataset {Sr, Tr}={(ŝl, τ l)} 
nr 

r r l=1, 
2: ŝr 

l ∈ C1×L ′ , τr 
l ∈ {1, 2, . . . , Z}; 

k k ∈ C1×L ′ 3: Test data points {Ss} = {ŝ  } 
ns , ŝ  ;s sk=1 

4: Training: 
5: Represent the data on GL ′ ,N through PCA: Sr, Ss ∈ CL ′ ×N ; 
6: Compute the geodesic fow kernel F as in (6); 
7: Compute the kernel matrix K by (4) for Sr from domain Dtr ; 
8: Use the kernel matrix K in G-SVM algorithm by solving (10); 
9: 

10: Classifcation: 
11: Return the predicted transmitted MIMO signal using (11); 

where nSV is the total number of support vectors, γl are the 
Lagrange multipliers and b is the bias. 

The MIMO signal detection method based on the proposed 
GFK G-SVM is summarized in Algorithm 1. As shown in 
Algorithm 1, the geodesic fow kernel is only computed once 
during the training phase. During the test phase, the algorithm 
then simply uses the GFK in G-SVM for MIMO signal 
detection using (11). Hence, no online training is required 
during testing. 

IV. SIMULATION RESULTS AND ANALYSIS 

We consider M = 2 transmit antennas at the mobile node 
and N = 4 receive antenna at the receiver. The 4 × 2 
channel is temporally correlated with the speed specifed by 
the normalized Doppler shift fDTs = 0.01 for a node velocity 
of 66 miles per hour (mph), where Ts is the baseband sampling 
interval or time slot. In our simulation, we consider the symbol 
error rate (SER) as the learning performance. The symbol 
vectors are generated by the classic mixture of Gaussian 
(MoG) model [20] which is widely adopted in the machine 
learning literature. The number of classes is set as Z = 12 
and the dimension of each data sample is set at L = 48. We 
generate 1,000 random samples for test dataset and all the 
results presented in this section are averaged over these 1,000 
test samples. 

A. Simulation Results 

The average SER performance of various MIMO signal 
detection methods for a target SER performance, i.e, 10−3 , 
with 15 dB SNR is summarized in Table I. From Table I, 
we observe that the DNN based methods in [7]–[9] require 
large training samples in the order of hundreds of thousands 
to millions. Also, the methods in [7]–[9] require online training 
to achieve their target performance. In contrast, our proposed 
framework only requires 1,200 training samples and no online 
training is required. Moreover, the architectures of the DNN-
based methods are comprised of large training parameters and 
many layers, while the proposed method does not have any 
free learning parameters to train and, hence, does not need 
online fne-tuning. The above observations suggest that the 
proposed GFK G-SVM is a promising solution for dynamic 
settings. 

In Fig. 2, we compare the online training overhead of 
various MIMO signal detection methods for different node ve-



TABLE I: MIMO signal detection schemes for a target SER performance, i.e., 
10−3 , for 15 dB SNR 

Method CSI 
Used 

Number 
of 

Samples 

Number 
of 

parameters 

Number 
of 

layers 

Online 
Training 
required 

Approach 

Proposed 
GFK G-SVM 

No 1, 200 / / No GFK based 

OAMPNet [7] Yes 2, 50, 000 20 10 Yes DNN 

MMNet [9] Yes 500, 000 200 10 Yes DNN 

HyperMIMO [8] Yes 25, 00, 000 1, 600 8 Yes DNN 

Fig. 2: The training overhead for obtaining CSI and online training 
versus node velocities for the target SER of 10−3 . 

locities ranging from 13.33 mph to 93.42 mph, corresponding 
to the Doppler shifts ranging from 0.002 to 0.014 for a target 
SER performance of 10−3 . Under such dynamic settings, the 
DNN based methods in [7] and [9] need time to acquire CSI 
and use it for their online training for adapting to a domain 
shift. Let P be the time required for online training and F 
be the duration of the data frame. Then, the channel training 

Poverhead can be computed as . From Fig. 2, we observe P +F 
that the overhead of OAMPNet [7] and MMNet [9] increases 
monotonically with node velocity, as channel fading becomes 
faster which necessitates more frequent online training for 
these methods in [7] and [9]. In contrast, our proposed 
framework does not require channel training, thus avoiding 
this overhead. For instance, for a node velocity of 80.05 mph 
(i.e., Doppler shift of 0.012), the training overhead resulting 
from OAMPNet [7] and MMNet [9] is higher by about 12.41% 
and 6.46%, respectively, compared to our proposed framework 
that does not require channel training. 

Next, in Fig. 3, we compare how our proposed framework 
performs under different Doppler shifts without any online 
training, compared to the DNN based methods in [7] and [9] 
which require online training. In particular, we compare the av-
erage SER performance for different normalized Doppler shifts 
ranging from 0.002 to 0.014, corresponding to node velocities 
ranging from 13.33 mph to 93.42 mph with a fxed SNR of 
15 dB. From Fig. 3, we can see that the performance gap 
between the proposed method and the OAMPNet [7] increases 
in the range of moderate to large Doppler shift (i.e., above 

Fig. 3: Average SER performance for different Doppler shift with 
the average transmit SNR equal to 15 dB. 

Fig. 4: Average SER performance for different average transmit SNR 
with the normalized Doppler shift fxed at 6 × 10−3 . 

0.008). On the other hand, MMNet [9] achieves a slightly 
lower SER, compared to the proposed approach. However, as 
mentioned, MMNet [9] requires signifcant channel training 
overhead for online training, whereas our proposed framework 
does not need any online training, and hence, there is no 
channel training overhead. 

Finally, in Fig. 4, we compare the average SER performance 
as a function of the SNR and with fxed normalized Doppler 
shift 0.006. From Fig. 4, we can see that the proposed method 
outperforms both the DNN based OAMPNet [7] and the 
traditional MMSE [1] approach with a large margin, reaching 
up to 82.75% and 74.13% better SER performance at 20 dB 
SNR than the MMSE [1] and OAMPNet [7], respectively. The 
performance is also comparable to MMNet [9] and the optimal 
maximum-likelihood detectors [1]. However, as mentioned, 
MMNet [9] requires a large volume of training samples as 
well as online training, whereas our proposed framework 
requires much fewer training samples and does not need online 
training. Moreover, the optimal maximum-likelihood detectors 
are highly computationally complex and require perfect CSI, 



TABLE II: Computational complexity analysis. 

Scheme MMSE [1] OAMPNet [7] MMNet [9] Maximum Likelihood [1] Proposed GFK G-SVM 

Data Features 
Extraction Complexity / Depends on layers 

and parameters 
Depends on layers 

and parameters / 
Representation over 
manifold: O(N2) 

Machine Learning 
Complexity / Scale as O(N3) Scale as O(N2) / O(N) + O(nSV N ) 

Total Complexity O(N3) O(N3) O(N2) O(N3) O(N2) 

which is extremely hard to get in such dynamic settings. REFERENCES 

B. Computational Complexity Analysis 

We next analyze the computational complexity of our 
proposed framework and compare it with other benchmark 
algorithms, as summarized in Table II. Our proposed approach 
is implemented in two steps: 1) computing the geodesic fow 
kernel over the Grassmannian manifolds, and 2) performing 
classifcation for MIMO signal detection. The computational 
complexity for computing the geodesic fow kernel over Grass-
mannain manifolds is O(N2). Meanwhile, the computational 
complexity for G-SVM classifcation can be computed as 

O(n 2ZN) + O(nSVN) ≈ O(N), (12) 

where n is the number of training samples, Z is the number 
of classes, nSV is the total number of support vectors, and 
N is the dimension of the subspace. Here, n, Z, and N are 
fxed for the proposed scheme. Thus, the total computational 
complexity of the proposed GFK G-SVM method scales as 
O(N2), which is similar to the MMNet [9]. However, unlike 
MMNet [9], it does not require a large training sample and 
online training. Moreover, the computational complexity of 
our proposed framework is lower than MMSE [1], maximum-
likelihood [1] and OAMPNet [7], as summarized in Table II. 

V. CONCLUSION 

In this paper, we have addressed the challenge of MIMO 
signal detection under rapid domain shifts in dynamic wireless 
communication settings. Towards this goal, we have proposed 
a novel GFK based MIMO signal detection method over 
Grassmannian manifolds. We have frst represented the re-
ceived MIMO signals as points on Grassmannian manifolds 
by formulating basis of subspaces spanned by the rows vectors 
of the received signal matrices. Then we have computed the 
GFK over the subspaces of the training and test data domains. 
As such, we have integrated an infnite number of subspaces 
that lie on the geodesic fow from the training subspace to 
the test one through GFK. We have shown that the fow along 
the geodesic represents incremental changes in geometric and 
statistical properties of the received signals due to mobility. 
By learning from all of these changes, the proposed GFK 
kernel can extract those representations that are invariant to 
the domain shift. Subsequently, we have used the kernel in G-
SVM for MIMO signal detection. Simulation results show that 
the proposed method achieves competitive SER performance 
against the existing baselines like OAMPNet [7], HyperMIMO 
[8] and MMNet [9] with only 1,200 training samples and 
without online retraining. 
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