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Abstract—This paper investigates dynamic channel predic-
tion for massive MIMO under temporal non-stationarity by
leveraging dual-timescale and cluster correlations. We propose
the sliding frame structure including pilot OFDM symbols to
exploit dual-timescale correlations, i.e., intra-frame and inter-
frame correlations, through Doppler-domain modeling and AR
processes, respectively. This formulation leads to the spatial-
frequency-temporal domain channel model and the correlated
angle-delay-Doppler (ADD) domain representation, facilitating
the joint exploitation of inter-antenna, inter-subcarrier, and
inter-symbol correlations. In AR processes for long-timescale
correlation modeling, the pattern-coupled variance is introduced
to capture the energy leakage effects resulting from finite ADD
domain resolutions. Building upon this structured prior model,
we develop the dynamic channel prediction algorithm based on
the simplified dynamic approximate message passing frame-
work, with hyperparameters optimized via the expectation-
maximization algorithm. Numerical simulations demonstrate
the superiority of the proposed algorithm in terms of channel
prediction performance.

Index Terms—Massive MIMO, channel prediction, temporal
non-stationarity, approximate message passing

I. INTRODUCTION

The massive multiple-input multiple-output (MIMO) and
orthogonal frequency-division multiplexing (OFDM) are key
technologies for future communication systems to offer sub-
stantial capacity gains. However, the performance depends on
accurate channel state information (CSI) [1]. In time division
duplex (TDD) systems, CSI accuracy based on channel
reciprocity is significantly degraded due to mobility-induced
Doppler effects and temporal non-stationarity, particularly at
higher carrier frequencies. To mitigate this issue, channel
prediction has emerged as a promising solution, leveraging
temporal correlations in historical CSI to estimate future CSI
and counteract channel aging [2].

In the prior efforts, Doppler-domain modeling has demon-
strated superior performance among temporal correlation
models for channel prediction in stationary environments.
Specifically, spectrum estimation techniques are employed
for Doppler frequency estimation in both narrowband and
wideband MIMO [3], [4]. In massive MIMO-OFDM sys-
tems, high-resolution angle-delay representations enable the
extraction of Doppler frequencies for each angle-delay tap
[5], while joint channel estimation and prediction algorithms
help mitigate estimation errors [6]. For non-stationary chan-
nels, time-varying Doppler frequencies are approximated

using polynomial fitting [7], facilitating channel prediction
via polynomial Fourier transformation and the orthogonal
matching pursuit algorithm. By treating Doppler frequencies
as uncertain parameters,autoregressive (AR) processes are
employed to capture Doppler variations over time [8], thereby
enhancing the exploitation of channel sparsity.

Beyond Doppler domain modeling, AR models have been
extensively explored, particularly in non-stationary envi-
ronments. Specifically, sparse representations in the angle-
delay domain facilitate AR-based channel tracking [9],
where sparse Bayesian learning (SBL) and expectation-
maximization aiding parameter estimation. Bulding on this,
[10] presents the online group SBL algorithm that exploits
both inter-subcarrier joint sparsity in the angle domain and
structured sparsity within a single symbol. To further explore
inter-subcarrier correlations, angle-delay domain sparse rep-
resentations are developed in [11], where spatial-temporal
AR processes capture the residual temporal correlations
among neighboring elements. Besides, [12] adopts high-order
AR processes to model temporal correlations in the spatial
domain, improving channel prediction robustness in practical
systems. Due to the continuous evolution of propagation
environments, angle variations over time are also captured by
AR processes and tracked using the Kalman filter (KF) [13].
In [14], the Markov processes are introduced for angle and
angle-delay domain channel support, modeling dynamic spar-
sity. Inspired by AR processes, [15] employs the Taylor series
for temporal correlations of angle-delay domain channels,
developing a linear regression-based prediction algorithm.

This paper investigates dynamic channel prediction (DCP)
for massive MIMO systems with temporal non-stationarity.
Specifically, we propose the sliding frame structure includ-
ing pilot OFDM symbols to exploit dual-timescale correla-
tions, i.e., intra-frame and inter-frame correlations, through
Doppler-domain modeling and AR processes, respectively.
Based on this frame structure, we formulate a spatial-
frequency-temporal (SFT) domain channel model and its
corresponding angle-delay-Doppler (ADD) domain repre-
sentation. To capture energy leakage effects in the ADD
domain, we model correlated power patterns within the action
regions using a pattern-coupled variance in the AR models.
On this basis, we propose the channel prediction algorithm
through the simplified dynamic approximate message passing
(SD-AMP) algorithm, where unknown hyperparameters are
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Fig. 1. Sliding frame structure for dynamic channel prediction.

learned by expectation-maximization (EM) algorithms.

Notations: The imaginary unit is represented by j = /—1.
x, X, and X denote scalars, column vectors, and matrices, re-
spectively. The transpose, conjugate, and conjugate-transpose
operations are represented by the superscripts ()7, (-)*,
and (-)H, respectively. The symbols C denote the complex
number fields. The operators ® and ()©? denote the element-
wise product and square operations, respectively. diag{-} and
Re{-} denote the diagonal and real part operators, respec-
tively. CN(x; , C) denotes the circular complex Gaussian
distribution with mean g and covariance C.

II. SIGNAL AND CHANNEL MODEL

We consider the massive MIMO-OFDM system with a
base station (BS) equipped with a uniform linear array (ULA)
of N,, antennas and single-antenna mobile terminals (MTs).
This system operates in the TDD mode with the frame
structure shown in Fig. 1, and adopts sounding reference
signal in the third Generation Partnership Program (3GPP)
New Radio (NR) specifications as pilots for uplink channel
sounding. The MTs employ comb-type pilot patterns to
mitigate pilot contamination, which are uniformly spaced
at intervals of AT and Af in the temporal and frequency
domains, respectively. In this system, the BS collects the
received symbols in the pilot segment and predicts channels
of all symbols from the last current pilot symbol to the first
future pilot symbol, thus combating channel aging.

Assuming that physical parameters of each path remain
unchanged within frames and vary smoothly across frames,
the spatial domain channel at the ng-th frame is expressed
as the superposition of L,, paths, given by'

L

mE
S (t, f) = gneae?> eI a(g,, ) (1)
=1

where Gngi, Thel> Vngil, and 0., denote the path gain,
delay, Doppler frequency, and directional cosine of the I-
th path, respectively, and a(f) denotes the angle domain
steering vector, defined by [a(6)],,,, £ exp(—j27 (14 — 1)6).
By sampling the spatial domain channels at all pilot OFDM

IWe focus on the typical MT in the cell and ignore the MT index for
simplicity of expressions.

symbols and subcarriers, the SFT domain channels are given
by
Ly

hnp = Zg’n]:,la(g’np,l) ® b(TnF,l) ® C(I/’n]:,l)7 (2)
=1

where b(7) and c(v) denote the delay and Doppler do-
main steering vectors, defined as [b(7)],. = exp(j27(ng —
DAf7) and [c(v)]n,,, = exp(j27(ngym — 1)ATV), respec-
tively.

From (2), the SFT domain channels are superposed by
several paths, implying the channel sparsity in the ADD
domain. To this end, we sample directional cosines, delays,
and Doppler frequencies uniformly at intervals 5 = 1/K,,,
Ta = 1/(KgAf), and va = 1/(KgAT), where K, Kge
and Ky, denote the number of sampling grids in the angle,
delay, and Doppler domains, respectively. The sampling sets
are defined by

Msym
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Tdo = {ljkdo . —m + (kdo + i)VA7kdo S ]Cdo}v (30)

where K, = {0,1,..., K, —1},x € {an,de,do} denotes the
sampling point index set. By selecting sufficiently large
K., Ky, and Ky, the SFT domain channels are well
approximated as the linear combination of basis functions
determined by ADD domain parameters.

Therefore, the SFT domain channels at pilot segments can
be approximated as

hnF ~ \I’g’ﬂp bl (4)

where ¥ £ A ® B ® C and gn; denote the transformation
matrix and ADD domain channel, respectively, and each
column of ¥ and each element of g,,, are specified by ADD
domain parameter (0, 7x,., 7k, )> and A, B, and C denote
the spatial, frequency, and temporal domain transformation
matrix, whose columns are given by a(fy,, ), b(7, ), and

c(D,, ), respectively. Similarly, the SFT domain channels to
be predicted can be approximated as

L ~ ¥g,,, (5)

where ¥ 2 A ® B ® C and C denotes the transformation
matrix for channel prediction.

Since the pilot symbols in the uplink training phase are
known at BS, the pilot symbols are assumed to be all-
one without loss of generality. Therefore, in the uplink
training phase, the pilot segment received signal at the ng.-th
subcarrier is expressed as

Yng = ‘Ilgnp + Zng, (6)

where z,, denotes the additive white Gaussian noise
(AWGN) vector at pilot segments with zero mean and
variance o2. Facilitated by Doppler domain modeling, chan-
nel prediction can be achieved by the transformation from



Doppler domain to temporal domain based on the estimation
of ADD domain channels.

III. PROBABILISTIC MODEL AND PROBLEM
FORMULATION

With the proposed sparse representation, the dynamic
channel prediction problem is to estimate the ADD domain
channels based on the received signal and ultimately extrap-
olate to the SFT domain channels in the non-pilot segments.
The ADD domain channel can be expressed as the posterior
mean based on the minimum mean square error (MMSE)
criterion, given by

8Ny = /g(NF)P(g(NF)\Y(NF))dg(NF), @)

where P(g(n,) | ¥(n;)) denotes the posterior probability
density function, y(ny) = {¥ne fn'—1 and g(ny) = {&ne b1
denote the sets of received signals and ADD domain channels
for Nk frames, respectively. From the received signal model
and the ADD domain channel representation, P(g(n;) |y (n;))
can be expressed as

P(gve [Y(ve)) o< P(y (i) | 8(vi) )P (8 () )- )

Based on the signal model, the channel transfer function can
be modeled as

Nr
Py l8wn) = [ P(ynr &), (9a)

np=1

P(¥ne |8np) < CN(Y g ¥8np, 021). (9b)

The ADD domain channel exhibits three key characteris-

tics:

o Sparsity: Due to the limited scattering propagation en-
vironments, the channel is inherently sparse.

o Inter-frame Correlation: The physical parameters vary
smoothly across frames, resulting in strong correlations
between adjacent frames.

o Intra-frame Correlation: Finite resolution causes energy
leakage, inducing significant correlations among neigh-
boring elements within the ADD domain.

Therefore, we model ADD domain channels by

Enr = (1 - O{) O] Snp—1 +a® Whes (10)

where gg 2 0, o denotes the transition factor and controls
the long-timescale temporal correlations, w,, controls the
power variations across frames. To capture cluster correla-
tions from the energy leakage effect, w,,, are modeled as
the coupled Gaussian distribution, whose PDF is given by

P(Wae [x) oc [T CN(waeJi 0, (" +7 D gD ™,
k kENL

[X]k
(11
where x controls the power of q,,, N} denotes the index set
of neighboring elements of k-th element in the ADD domain,
and -y reflects the strength of the energy leakage effect.

Building upon such probabilistic models, the marginal
posterior PDF can be given as

Ng
P(gwvi) [Yvi) & [ Pne |8ne)P(8ne | 8ne—15 @, X)-

n]::1

12)

Due to the presence of unknown hyperparameters, it is
infeasible to obtain the exact marginal posterior PDF as
well as the MMSE estimator. Even if the hyperparameters
are known, the exact MMSE estimator still involves matrix
inversion, which suffers from extremely high computational
complexity in large-scale systems. To address this issue, we
employ the approximate message passing (AMP) algorithms
to approximate the marginal posterior PDF based on the
factor graph principle, and learn the unknown hyperparam-
eters through the EM algorithm, which is detailed in the
subsequent section.

IV. SD-AMP BASED DYNAMIC CHANNEL PREDICTION

Based on the probabilistic models above, the factor graph
can be partitioned into factor subgraphs of multiple frames,
and each subgraph incorporates the linear models.

A. Linear Model

For the linear model, we begin with the equivalent prior
model of ADD domain channels, given by

PPri(gnF; p7 a7 X) X
CN(gnF7 (1 - a) © gnF—17diag{a®2 O] X})]a

Given this equivalent Gaussian prior model for ADD domain
channels in each frame, various statistical inference methods,
such as sparse Bayesian learning, can be employed. However,
these methods still face computational challenges due to the
matrix inversion complexity. With the help of the Taylor
series expansion and central limit theorem, the message
between g,. and y,. can be well approximated as the
Gaussian distribution [16], and depends only on the nodes
instead of edges in the factors subgraph, thus guaranteeing
the tractability of the linear model part.

(13)

B. Message Across Frames

The straightforward approach for the message exchange
across frames involves storing all received signals and per-
forming message passing between all frames. As the num-
ber of frames increases, this approach results in significant
storage overhead, computational complexity, and processing
latency. Inspired by the dynamic AMP algorithm, we further
simplify its filtering mode by exploiting only the posterior
mean of the ADD domain channels from the previous frame,
while ignoring the posterior estimation uncertainty. Specifi-
cally, such simplification implies that the message from the
factor node P(g, |gn—1) to the ADD domain channel g,
is approximated as

MPg,nFHgnF S8

CN(gni;(1 — @) @ gy, diag{a® @ x}), (14



Algorithm 1 SD-AMP Based Dynamic Channel Prediction

Input: Observation signal y (), Noise variance o2
Output: Channel prediction results h(c}; )

1: Initialize the hyperparameters a* and x*.

2: Set the initial ADD channel state gy = 0.

3: for np=1,..., Ng do

4: for toy = 1: Ty do

5 for t;, =1:7T;, do

6 Eyliki |‘Il|®2 QPOSt

7: uy hk ‘I’g e — €‘.y hk@l’/y Jres

8 S = (Yng — u%;“k) 2 (4 + 02)

9 Ey Jres (é?thk +0o )@—1

10: Eg Jik (|\I,H|®2€y res)@—l

1 B = g+ g RO (U1 )

12: H%Fprl (1 - )ng:v sg P — QQQQX
13: eqPost — (eg*0el™) @ (ean“ + (-:‘771“‘)
14 B, = BP (O + i OegY)
15: end for

16: Refine the hyperparameters a* and x*.

17: end for

18: Predict the channel ﬁg}j based on (19).
19: end for

where g, denotes the posterior mean of the previous frame.
Given the AMP algorithm in the subgraph of linear models,
the posterior PDF of g,,. can be approximated by

0St
bP*™ (g, ) o Me,, npﬁgnFMPy np—8np

o CN(gny; p17,, diag{ef"'})

where Mp, g, is the message from the factor node
P(¥ns | 8n:) to the ADD domain channel g,, and exhibits
the Gaussian form. Therefore, the posterior estimation of g,
can be given by the Gaussian reproduction lemma.

5)

C. Hyperparameter Learning

The hyperparameters of the AR model are assumed to be
known in the inter- and intra-frame message passing process,
which should be learned adaptively based on the environment
in practical systems. Following the EM algorithm, the learn-
ing rules of transition factor x can be expressed as element-
wise quadratic equations, given by

(Ne = D[x]k[alf + Miklals + [Xo]k = 0,7k, (16)
where the coefficients are defined as
Nr
A= (|8n1|”° —Re{g) 1 © &n}),  (170)
ngp=2
Nr
Xo=— (& — &1 + 5P, (17b)
ngp=2

where x denotes the uncoupled variance hyperparameters
and can be learned by EM algorithms. Therefore, the optimal
transfer factor learning can be achieved by the rooting
formula, and it should be noted that only results in the range
of (0,1) are selected. Due to the coupling in power variation

TABLE I
SCENARIO PARAMTERS

Paramter Value
Carrier Frequency fe =16.7 GHz
Pilot Symbol Interval AT = 14 x 35.68 us
Pilot Subcarrier Spacing Af =4 x 30 kHz
Number of BS Antennas Nan = 32
Number of Pilot Subcarriers Ny = 64
Number of Pilot Symbols Ngym = 8
Velocity of MTs v = 60 km/h

hyperparameters, it is intractable to find an analytic solution
for x*. To address this, we first learn hyperparameter x
instead and then approximate x* as [17], [18]

(X + Z [X]%

EGNk

X"k = (18)

The detailed proof of the hyperparameter learning rules can
be found in the full version of this paper [19].

D. Channel Prediction

Building upon the ADD domain representations of SFT
domain channels, the channel prediction can be achieved by
hi! = ¥g,,. (19)
Furthermore, to avoid large delays caused by the collection of
pilot OFDM symbols, we employ channel prediction based
on sliding windows instead of frames. This approach enables
dynamic frame reorganization as new pilot OFDM symbols
become available, facilitating real-time channel prediction.
The overall dynamic channel prediction algorithm is summa-
rized in Algorithm 1, where 7;, and T4, denote the number of
iterations for SD-AMP and EM algorithms, respectively, and
Line 6 and 10 can be further simplified due to the constant
modulus property of transformation matrix W.

An alternative interpretation of the EM algorithm arises
from the variational free energy perspective, which can be
viewed as one of the message passing rules under an uninfor-
mative Dirac delta prior model. This perspective offers useful
intuition for message scheduling design, suggesting that the
E-step need not be fully converged before proceeding to the
M-step, which can alleviate the computational burden when
hyperparameters are still unreliable in the early iterations.

V. SIMULATION RESULTS

A. Configuration and Benchmarks

In this section, we present simulation results to evaluate the
channel prediction performance of the proposed algorithm.
We employ the QuaDRiGa channel simulator [20], which
generates massive MIMO-OFDM channels consistent with
3GPP NR specifications [21]. We consider the 3GPP urban
macro (UMa) non-line-of-sight (NLOS) scenarios, and the
spatial consistency of the channels is enabled. Unless spec-
ified otherwise, the simulation configurations follow Section
II, with parameters summarized in Table I.



To demonstrate the superiority of the proposed dynamic
channel prediction algorithm, we select the following state-
of-the-art algorithms as benchmarks:

o VKF [12]: Estimates spatial domain channels by the
least square (LS) algorithm, with temporal correlations
captured by the AR-based vector KF.

o FIT [15]: Estimates angle-delay domain channels by the
alternating LS (ALS) algorithm, with temporal correla-
tions captured by the first-order Taylor series.

o PAD [5]: Estimates angle-delay domain channels by
the linear MMSE (LMMSE) algorithm, with temporal
correlations captured by the Prony method.

Since VKF predicts channels only for future pilot symbols
(i.e., fixed-length channel prediction), we predict channels on
non-pilot symbols through MMSE interpolation, with prior
knowledge of the maximum Doppler frequency and trans-
mission power. The time-averaged normalized mean square
error (TNMSE) of the spatial-frequency domain channels is
adopted as the metric, defined by

hCP hCP

Z er rLF||2
[ [

B. Computational Complextty Analysis

TNMSE = — (20)

The computational complexity of the proposed algorithm
is dominated by matrix—vector multiplications, which can be
significantly reduced by exploiting the Kronecker structure of
the transformation matrices in the ADD domain. Specifically,
the matrix—vector multiplication can be performed domain by
domain; while focusing on the current domain, the remaining
domains can be processed in batches. The computational
complexity order of low-complexity matrix-vector multipli-
cations in the SFT domains are defined by

Can £ NanKan(KdeKdo + Nschym)7 (213)
Csc £ Nsche(Naano + KanNsym)a (21b)
Cvsym é NﬂymKdo(NanNsc + Kaane)a (21C)

respectively. Therefore, the computational complexity of Al-
gorithm 1 is expressed as O((Can + Csc + Coym)), Where T' =
TouwTin denotes the number of iterations. To gain further in-
sight into the complexity reduction achieved through domain-
by-domain processing, we assume that the size of each
dimension in the ADD-domain channel is on the same order
as in the SFT-domain channel, which is typically the case in
practical systems. Under this assumption, the complexity can
be further simplified to O(T Nay Nee Noym (Nan+ Nse + Noym) )
whereas ignoring the Kronecker structure leads to a com-
putational complexity of O(TNZNZNZ ). For inference
algorithms such as expectation propagation or SBL, the
Kronecker structure cannot be directly exploited. As a result,
the cubic complexity renders these methods computationally
prohibitive under the current simulation configuration.

In the bencmarks, the computational complexity of PAD is
dominated by the LMMSE algorithm for each pilot symbol
and subcarrier, which is O(NJ2 Ng «Ngym). For VKF, the main
contributor to computational complexity is the AR parameter

T
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Fig. 2. TNMSE versus transmission power.

learning, expressed as O(P3N2 Ny.), where P denotes the
AR order, typically on the same order as the pilot OFDM
symbols. In the case of FIT, its computational complexity is
controlled by the ALS algorithm with O(T'RNuNeNoym),
where T denotes the number of iterations and R denotes the
predefined tensor rank, typically set as the maximum number
of possible paths in the environment.

C. Performance Evaluation and Discussion

1) Transmission Power: The channel prediction perfor-
mance of the proposed algorithm and benchmark schemes
as a function of transmission power is illustrated in Fig.
2. Since FIT is unable to incorporate statistical CSI and
noise variance, it fails to achieve a TNMSE below 0 dB
throughout the entire transmission power range. Although
VKF leverages high-order AR processes and achieves better
performance than FIT, it still suffers from the omission of
inter-subcarrier and inter-antenna correlations. Consequently,
VKEF is unable to attain a TNMSE below —5 dB, even
at Pr = 24 dBm. In contrast, PAD effectively exploits
statistical CSI through LMMSE-based channel denoising and
captures temporal correlations using the Prony method. As
a result, it outperforms both FIT and VKF across the entire
transmission power range. Overall, the proposed SD-AMP
based dynamic channel prediction algorithm in Algorithm 1
achieves superior performance compared to all benchmarks,
demonstrating the benefits of Doppler domain and structured
prior modeling in enhancing channel prediction accuracy.

2) Prediction Length: To analyze the impact of prediction
length on channel prediction performance, we evaluate the
performance at Pr = 18 dBm for symbols between the
current pilot symbols and the first future pilot symbols, as
shown in Fig. 3. As expected, the performance of both the
proposed algorithm and the benchmark schemes degrades
with increasing prediction length, consistent with previous
studies on channel prediction. Since FIT captures temporal
correlations using a first-order Taylor series approximation,
its modeling error increases as the prediction length grows,
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resulting in a 7 dB drop in TNMSE. In contrast, the TNMSE
of PAD and VKF remains more stable with increasing
prediction length, indicating that the Prony method and AR
models provide a more robust representation of temporal cor-
relations in moderate- to high-mobility scenarios compared
to the first-order Taylor series. However, due to the under-
utilization of inter-antenna and inter-subcarrier correlations,
VKF struggles to maintain satisfactory performance across
all prediction lengths, while PAD demonstrates significantly
better performance than VKF. The proposed algorithm con-
sistently outperforms all benchmark schemes across different
prediction lengths. Specifically, for the first future non-pilot
symbols and pilot symbols, the proposed algorithm achieves
TNMSEs below —10 dB and —8 dB, which are beyond the
reach of all benchmarks.

VI. CONCLUSION

In this paper, we presented the dynamic channel predic-
tion framework for massive MIMO systems under temporal
non-stationarity. By modeling intra-frame correlations in
the Doppler domain and inter-frame correlations via AR
processes, the SFT domain channel and its ADD domain
representation are established. The incorporation of AR
model and pattern-coupled variances effectively capture the
inter-frame and cluster correlations due to temporal non-
stationarity and energy leakage effects. To achieve efficient
channel prediction, we developed the SD-AMP based channel
prediction algorithm, where hyperparameters are learned via
the EM approach. Numerical simulations validated the su-
periority of the proposed method over existing benchmarks,
demonstrating enhanced prediction accuracy and improved
robustness to non-stationary variations.
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