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Abstract—This paper proposes a soft-information-aided
diagonal Kalman filter (SIA-DKF) for joint channel esti-
mation and symbol detection (JED) in massive multiple-
input multiple-output (MIMO) systems. Specifically, build-
ing upon the Kalman filter (KF) framework for JED, the
proposed SIA-DKF incorporates the symbol means and
variances obtained from variational inference (VI) into the
KF, improving its ability to track channels and mitigating
mismatches in the update step. Furthermore, SIA-DKF not
only exploits favorable propagation in massive MIMO to
simplify the VI for symbol detection, but also employs
a diagonal approximation of the covariance matrix at
each channel update step, thereby significantly reducing
the computational complexity. Simulations confirm that
SIA-DKF improves the bit error rate (BER) with lower
complexity.

Index Terms—Soft-information-aided diagonal Kalman
filter, joint channel estimation and symbol detection, mas-
sive MIMO, favorable propagation.

I. INTRODUCTION

As the demand for spectrum and computational ef-
ficiency increases in B5G and 6G systems [1], joint
channel estimation and symbol detection (JED) is draw-
ing attention for its iterative coupling of estimation and
detection. Specifically, the decisions from the detector
can refine the channel estimate, which is then fed back
to the detector for detection performance enhancement.
Consequently, extensive JED studies have appeared,
such as iterative receivers based on the turbo principle
[2] [3] and Bayesian inference methods employing
expectation propagation (EP) [4] or variational inference
VD) [5].

However, most JED studies treat time slots indepen-
dently without considering the temporal priors across
slots, which incur repeated channel re-estimation and
avoidable computational costs. To address this, some
studies incorporate temporal priors into the channel
model, thereby preserving estimation accuracy while
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avoiding redundant computations. For example, [6] pro-
posed a method that incorporates temporal correlation
priors into EP channel modeling, enabling channel
tracking in single-input single-output (SISO) systems
through forward prediction and backward smoothing.
Meanwhile, a JED method based on QR detection and
Kalman filter (KF) was proposed [7], where the chan-
nel is modeled as an autoregressive (AR) polynomial.
Compared with traditional JED methods, KF not only
provides the channel priors for detection but also uti-
lizes the detection to recursively update the polynomial
coefficients.

In this paper, we propose a low-complexity JED
method based on the KF framework for massive MIMO
systems, referred to as the soft-information-aided diag-
onal Kalman filter (SIA-DKF). On the one hand, we
integrate symbol means and variances obtained by VI
into the update step, thereby enhancing the reliability
of the Kalman gain K; compared with traditional KF-
based JED. On the other hand, we not only exploit
favorable propagation in massive MIMO to simplify the
VI by decoupling it across coordinates, but also apply a
diagonal approximation to the covariance matrix at each
update, thereby achieving an advanced JED algorithm.

II. SYSTEM MODEL

Consider an uplink time-division duplexing (TDD)
multiuser MIMO system, in which the base station (BS)
is equipped with N, receive antennas and serves IV
single-antenna users transmit simultaneously. Each user
transmits over T' = T}, + Ty time slots: T}, pilot slots
followed by Ty data slots. The received signals at slot
t can be expressed as

vi=Hx; +w; = (Iy, @x7 )y +we, (1)

where H; € CNr*Nt ig the CSI matrix, x;€ CNt and
w; ~ CN(0,02 1y, ). Here, the CSI matrix is vectorized
as h; 2 vec(H;) and the ® denotes the Kronecker



product. Without loss of generality, a first-order autore-
gressive (AR(1)) model is adopted to characterize the
channel’s temporal evolution, as follows [8]:

ht = O[ht_l + Vi, Vi~ CN(O, Q) (2)

Here o = Jy(27wfy) is the temporal correlation co-
efficient, where 7, denotes the zeroth-order Bessel
function and f; denotes the normalized Doppler. The
process noise v; has covariance Q = (1 — a?)Ry,
and R;, = E{h;h’} denotes the channel correlation
matrix. Building upon this time-varying channel model,
KF-based JED schemes adopt a “prediction—symbol
detection—channel update” framework [7], as follows.
Prediction: Given the channel state ﬁt—1|t—1 and the
posterior covariance matrix P;_q;_1,

flt\t—l = Fflt—l\t—l = aﬁt—1|t—1; 3
P11 = FPt71|t71FH +Q= 042Pt71|t71 +Q, 4

where F £ oly, y, is the state transition matrix, and
hy;_1, Pyy—1 denote the channel state prediction and
the prior covariance matrix, respectively.

Symbol detection: Given the channel state predic-
tion I:It|t_1 = reshape(flt|t_1, N,., N;), linear detection
methods such as zero forcing (ZF) or minimum mean
square error (MMSE) is typically employed,

X[t = (I:Iﬁ[t—lﬂtlt—l)ilﬂt\t—l}’tv (5)
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Next, the hard decision X; is obtained by direct quan-
tization x7F = [x%F|g € ONt or xMMSE
[ZMMSE |5 ¢ ON:,

Channel update: Given the detection output X; and the
measurement matrix A; = Iy, ® fctT, the channel state
Bt|t and the posterior covariance Py; are updated as
follows:

f1t|t = flt\t—l"‘Ktun Py, = (I-KiA)Py—y, (1)

where u; = yy —Atﬁt|t_1 and the Kalman gain K; can
be computed as

K, =P, AS; . (8)

Here K, represents the optimal linear weight between
the prior of AR(1) and the observation equation (1) in
Kalman filter, which is determined by the covariance

St = APy A + 021, )

To be more specific, the covariance S; reflects the un-
certainty of the update process. However, the traditional
KF-based JED scheme fails to account for the detection
errors inherent to hard-decision feedback when calcu-
lating Sy, thereby leading to an unreliable Kalman gain
K and impairing overall tracking performance.

Algorithm 1: Conventional KF-based JED
Input: y(tL Xp, Tp, Ty

1 Initialize: h(0) =0, P(0) =1T;

2fort=11t T do

Prediction: given flt_ 1le—1

update flt‘t,1 and Py;_; via (3) and (4)

Symbol detection:

if t <Tp:let x4 = x,

else: compute Xx; via ZF (5) or MMSE (6)

Channel update: A; =1y ® X,

calculate K; and S; via (8) and (9)

10 update ﬁt‘t and Py; via (7)

e L N Nt e W

Output: flt”, Xy

III. JOINT CHANNEL ESTIMATION AND DETECTION
BASED ON SOFT INFORMATION

To improve the reliability of the Kalman gain K, we
now propose a soft-information-aided KF-based JED. In
particular, unlike the conventional KF-based JED, we
adopt the maximum a posteriori (MAP) criterion for
symbol detection to obtain Xy, i.e.,

X; = arg max p(x¢|y). (10)
x; EONt

Subsequently, we leverage the posterior distribution
p(x¢]y:) to compute the soft information, which in-
cludes the symbol mean g, and variance 2. This soft
information is then fed back into the channel update,
thereby improving the reliability of the Kalman gain
K and the overall channel estimation performance.

Specifically, our soft-information-aided KF-based
JED approach follows a “prediction-detection-soft in-
formation computation-update” framework, as follows.
Prediction: Given the channel state ljlt_l‘t_l and co-
variance matrix P;_;;_; at £ — 1 slot, we can predict
the channel state flt|t,1 and the prior covariance matrix
Pt|t_1 using equation (3)-(4) under AR(1) priors.
Symbol detection: Using the MAP criterion, we detect
x; from the posterior distribution p(x;|y;). However,
the exact posterior distribution is intractable to compute
in massive MIMO systems. To overcome the issue, we
adopt VI to approximate the true posterior p(x:|y:)
with ¢(x;) by maximizing the evidence lower bound
(ELBO), i.e.

ca)= [ q(xmn{p(q"(;’j’;)}dxt. (a1

Moreover, to avoid optimizing over the entire g(x;) dis-
tribution, we adopt the mean-field theory factorization:

Ny
g(xt) = [ ] as(@)- (12)
=1
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Fig. 1. System diagram of the proposed joint channel estimation and signal detection method for massive MIMO.

Then, substituting the factorization into (11), the optimal
solution ¢ (x; ;) for each transmit antenna at slot ¢ is
iteratively updated using coordinate ascent variational
inference (CAVI)

Ing; (24,:) = Eqxs\zs.o)[ N P(X¢, y¢) | + const,  (13)

where the joint distribution can be expressed as
Inp(x¢, ye) = Inp(ye|xe)p(xe)

yf,—H Xt 2 I,
H 2t;tn 1 H § n { JEO } )

Here I;,co is the indicator function and M repre-
sents the index of the quadrature amplitude modulation
(QAM). At this point, the i-th detection output can be
obtained by Z;; = argmax,, ,co ¢ (T,i)-
Soft-information computation: Given the normalized
posterior

q; (xe,i)
2,,€0 Qi(zt,i)
the soft information for stream ¢ is computed by

pei 2 Eylwe ] = Z Ty iqi(Te4), (16)
x,,€0

UtQ,i £ Varglz ] = Z |42 qi (2e) — Mtz,i- (17
ze,,€0

gi(we ;) = > , m; €0, (15)

Collecting (16)-(17) across streams yields the symbol
means p; = [fe1,...,pen,]] and variances of =
[agl,...,aim].

Channel update: Given the symbol means p; and
variances o2, we can model x; — p; as having zero-
mean with covariance C,(t) £ diag(o?) to represent
the symbol-wise detection uncertainly, and incorporate
it into the channel update by defining the equivalent

noise covariance
R, £ Hy, 1 C.(H[,_ +ooIy,.  (18)
Then we can compute covariance S; with A; = Iy, @ py
and R; by
Si = APy 1Al + Ry (19)
Using S; in (19), the Kalman gain K; can be computed
by K¢ = P;;_1A’S;". Finally, the channel state h,
and the posterior covariance Py, are updated following

the same formulation in (7). For a better understanding,
our proposed JED framework is illustrated in Fig.1.

IV. COMPLEXITY REDUCTION OF
SOFT-INFORMATION-AIDED KF-BASED JED

With respect to the proposed soft-information-aided

KF-based JED framework, we further reduce complex-
ity in both symbol detection and channel update.

A. Efficient Detection under Favorable Propagation

In the symbol detection step of the framework, the
calculation of likelihood in (14), i.e.,

_ lye—Hg—1xe ||
p)

Inp(y:|x:) = 50

n

+ const, (20)

which is computationally expensive due to repeated
matrix—vector products with Hy;_;. To alleviate this
burden, we rewrite the system model in (1) as [9]:

ry = Jix¢ + Wy, (21)

HH HIH - HH
where r; = =& J, = == and w; = }Vw‘ For

each coordinateri, it follows that
rei=Jti%ei + G (22)

with g;; = >, i Jt,ik ek + Wy On the other hand,

under the favorable propagation in massive MIMO, the
columns of H, are nearly orthogonal, such that [10]

HIH

lim Lt

N,—o00 r

~1In,, (23)

which implies that the r ; is conditionally independent
of x;\; given m;;. Next, following the mean-field
factorization in (12), the residual g;; can be modeled
as a Gaussian distribution with (ug, ,,07, ). Then, the

b

likelihood p(r; ;|x;) can be simplified to p(r; ;|x;), i.e.

re,ilJeiiTe,it gy
I p(reilme:) ~ - fzjgt — )
which reduces the computation of likelihood in (20)
from O(N,.N?) to O(N?) for each i. By doing this,
the joint distribution in (14) can be rewritten as
Ny
lnp(x¢,14) = Z (Inp(re ilxe:) + Inp(xe,)) . (25)
i=1
Next, taking the expectation in (13), we can easily get
the optimal posterior by

2
+ const, (24)

2
) - (T.t‘i_‘]twuaft‘i_ﬂgt,i)
Ing; (v ;)=Inl;, ,co— 295,
i

+c, (26)

and subsequently obtain the detection by &;; =
argmaxy, ,eo ¢; (T4,i)-



B. Low-Complexity Channel Update via Diagonal Ap-
proximation

As for the channel update step, the computations of
S; in (19) and K; in (8) still may incur substantial
computational cost. To further reduce the computational
complexity, we adopt a diagonal approximation to the
covariance S;. Specifically, we introduce the informa-
tion form of covariance matrix Py; update in [11], i.e.,
Pt_ltl = éP;_lllt_l + AR A, 27)
For a better understanding of the diagonal approxima-
tion, we first provide the diagonally dominance of the
equivalent noise covariance matrix R; in Lemma 1, i.e,

Lemma 1: According to the favorable propagation in
massive MIMO, the equivalent noise covariance matrix
R; in (18) is diagonally dominant by

Rl > D IRyl
J#i
Proof: Consider the R, £ Hy,_, C,()H[l,_, +
021y, , which can be decomposed into

(28)

N
Z |[Ht|t71]ik‘20t27k +on, i=7],
k=1
[Relij = 9§y,
> Myl eyl oty i # .
k=1
(29)

Under the favorable propagation condition of massive
MIMO in (23), i.e.

|[I:It|t—1]ik|2 ~ 1, [I:It\t—l]ik[ﬂt\t—l];k ~ 0, (30)

the diagonal elements of R; are approximately

Ny
Rilii ~ Y o7y + 00, 31)

k=1
while the off-diagonal elements vanish asymptotically
as N, — oo, completing the proof. [ ]

Then, under the i.i.d. symbol assumption [12], i.e.,
E[z:;] = 0 and E[|z;;|?] = p for all 4, the symbol
covariance is R, = E[x;x/!] = ply,, where p is the
average per-stream symbol power. Since A; = Iy, ®xq,
the measurement matrix inherits this diagonal structure,
ie.,

EAfA] =R, @ 1y,. (32)

From the diagonal dominance of R; and A; as shown
in Lemma 1 and the equation (32), we can derive that
AFR; A, in (27) is diagonally dominant. Motivated
by the derivation, we can conclude that P;tl is diago-
nally dominant with the recurrence relation of (27), and
approximate ?ﬂt by its diagonal part

Py, = diag(diag(Py;)). (33)

Algorithm 2: Soft-information-aided diagonal-
ized Kalman Filter (SIA-DKF)

Input: y(t), z,(t), Tp, Tu
1 Initialize: h(0) =0, P(0) =1;
2fort=1t0 T do
Prediction:
update hy;_; and P,j;_; via (3)-(4)
Symbol detection:
if ¢ < T, using x,, to update
else: rewrite system as (22)
iteratively update ¢(x: ;) via (26)
Soft information computation:
10 compute . (t) and C,(t) via (16)-(17)
1 Channel update:
12 calculate R(¢) via (18)
13 calculate S(t) and K; via (34) and (8)
14 | update hy;, Py, via (7) and (33)

o X N NN AW

Output: flt|t, Xy

Next, substituting (33) into the computation of S;, we
can obtain the diagonal approximation of the S; by

St ~ APy Al + diag(diag(Ry))
= diag (Su, R sNT’t).

Here Sm,t = Zf\il pm,i,t\t—l |ﬂt,i|2 + [Rt}m,ms and
Pm.itlt—1 denotes the (m,i)-th element of the block
matrix Py = aP;_1;_1. Using the approximation
in (34) to compute the Kalman gain K, the matrix
multiplications and the inversion in channel update
step are replaced by element-wise operations, which
significantly reduces the complexity of traditional KF
from O(N2N;+N2+N,.N;) to O(N,.Ny). In a nutshell,
the process of the SIA-DKF algorithm is shown in
Algorithm 2. Meanwhile, a detailed comparison of the
computational complexity between the proposed SIA-
DKF and the traditional method is also provided in
Table I, where T}, denotes the number of VI iterations.
In our experiments, the VI process converges when T,
is set between 5 and 8 during the detection stage [10].

(34)

TABLE I
THE COMPUTATIONAL COMPLEXITIES OF SIA-DKF AND
TRADITIONAL ALGORITHM PER UPDATE

JED methods | Channel estimation Detection

LS-MMSE Ors(N-N2) Ommse(N- N2 + N2)
KE-MMSE Oxr(NrNZ + N2) | Ommse(N-NZ + NJ)
SIA-DKF Opkr(Nr-Nt) Ovi(Ny N2 + Titer N2)

V. SIMULATION RESULTS

In this section, we evaluate the performance of the
proposed SIA-DKF method. We adopt the transpose of



randomly selected IV; columns from an 7T}, x T, DFT
matrix as the orthogonal pilot matrix. Unless otherwise
specified, the default simulation parameters are set as
N, =128, Ny = 16,T, = Nt,Tg = 40 * T}, fq = 0.01,
and 64-QAM modulation is employed.

101 T T
—©— KF-MMSE-Hard
——3— DKF-MMSE-Hard
— = =—SIA-DKF
100F —&— Perfect CSI+MMSE | |
= © = Only-Predict-JCD
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&
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Fig. 2. BER versus SNR under 64-QAM scheme with N, =

128, Nt = 16, T, = Ny, Ty = 40T}, f4 = 0.01.

As observed in Fig. 2, in time-varying scenarios, BER
curves obtained with pilot-only channel estimation or
conventional iterative JCD methods exhibit a slow decay
as the SNR increases. In contrast, the proposed SIA-
DKEF achieves superior BER performance with signifi-
cantly lower computational complexity.

QAL —O— KF-MMSE-Hard
10T FN\~ —— DKF-MMSE-Hard | -
— — —SIA-DKF
NS
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Fig. 3. MSE versus SNR under 64-QAM scheme with N, =

128, Ny = 16, T} = Ny, Ty = 40T}, f4 = 0.01.

Fig. 3 illustrates the channel estimation mean-square
error for three joint algorithms. As observed, SIA-DKF
maintains estimation accuracy close to the full-state
baseline.

VI. CONCLUSION

This paper proposes a soft-information-aided diago-
nalized Kalman filtering (SIA-DKF) algorithm for joint
channel estimation and signal detection. By leveraging
variational inference and diagonalizing the innovation
covariance matrix, the method mitigates model mis-
match while reducing computational complexity. Simu-
lation results show that SIA-DKF achieves better BER
performance with lower complexity than conventional
KF-based JED methods.
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