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Abstract—Recently, a novel twisted convolution (TC) based
precoding scheme that enabled single-tap equalization at the
Zak-OTFS receiver has been proposed. This precoder maximized
the per-carrier signal-to-interference plus noise ratio (SINR) at
the receiver. In this paper, we extend this work in two useful
directions. First, we propose a TC precoder that maximizes
the correlation between the actual precoded channel response
vector and a desired target precoded channel response vector.
The proposed correlation-maximizing precoder achieves a better
localized response at the receiver, and hence achieves improved
symbol error rate (SER) performance. Second, we propose a
deep neural network (DNN)-based ‘denoiser’ at the transmitter
that enhances the accuracy of the read-off based model-free
channel state information at the transmitter (CSIT) estimate,
which further improves the SER performance. Heatmaps of the
precoded channel response and SER simulation results using
Vehicular-A channel model with fractional delays and Dopplers
demonstrate the effectiveness of the proposed precoder for
different delay-Doppler pulse shaping filters.

Index Terms—Zak-OTFS modulation, delay-Doppler domain,
twisted convolution, precoding, single-tap equalization, DNN-
enhanced CSIT estimation.

I. INTRODUCTION

Orthogonal time frequency space modulation based on a
Zak transform [1] framework (Zak-OTFS), which allows a
direct conversion between the delay-Doppler (DD) domain and
the time domain, has recently been proposed in [2],[3]. Zak-
OTFS achieves robust performance over a large range of delay
and Doppler spreads. It has a non-fading and predictable input-
output (I/O) relation which allows the time-varying channel
to be efficiently acquired (using a simple model-free read-
off operation) and equalized. Due to these attractive features,
Zak-OTFS has received increased research interest. Recent
works have considered several aspects of Zak-OTFS including
optimum receiver, I/O relation estimation techniques, DD pilot
architectures, near-optimal signal detection, DD pulse shaping
filter design, differential communication, MIMO operation,
learning techniques in receiver design, etc. [4]-[10].

The topic of precoding for Zak-OTFS is open for research.
While Zak-OTFS without precoding requires a complex equal-
izer at the receiver (e.g., MMSE equalization) for reliable data
detection, a carefully designed precoder at the transmitter can
concentrate the highly dispersive channel energy towards the
desired DD channel taps, making a simple single-tap equalizer
possible at the receiver. An early investigation of Zak-OTFS
precoder design that achieves the above possibility has recently
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been reported in [11]. This precoder design exploits channel
reciprocity (e.g., as in a TDD system), where a pilot frame
(exclusive or embedded pilot frame) transmitted by the user
equipment (UE) on the uplink to the base station (BS) can
be used by the BS to obtain an estimate of the channel state
information at the transmitter (CSIT). This CSIT can then be
used to obtain the precoder for downlink transmission from
the BS to the UE. A key novelty of the precoder design is
that the precoding operation is a twisted-convolution (TC)
filtering operation, which gels naturally with the effective
channel, where the effective channel itself is a TC cascade
of the transmit DD pulse shaping filter, the physical chan-
nel, and the receive filter. This TC cascade of the precoder
filter with the effective channel allows the derivation of the
optimum precoder in closed-form. In particular, it obtains the
optimum precoder that maximizes the per-carrier (i.e., per DD
bin) signal-to-interference plus noise ratio (SINR) at the UE
receiver on the downlink. The precoder offers the following
advantages on the UE side: enabling single-tap equalization
lowering receiver complexity, improving spectral efficiency by
reducing pilot overhead on the downlink frames, and achieving
good downlink symbol error rate (SER) performance. Inspired
by these advantages, in this paper, we extend the work in [11]
in two novel and useful ways (which are new contributions in
this paper), as summarized below.

• First, we propose a TC precoder that maximizes the
correlation between the actual precoded channel response
vector and a desired target precoded channel response
vector. The proposed correlation-maximizing precoder
achieves a better localized response at the receiver, and
therefore achieves improved SER performance compared
to that of the SINR-maximizing precoder in [11].

• Second, recognizing the need/potential to improve the
accuracy of the estimated CSIT, we propose a deep
neural network (DNN)-based ‘denoiser’ that enhances the
accuracy of the read-off based model-free CSIT estimate,
which further improves the SER performance.

• We evaluate the SER performance achieved by the pro-
posed precoder in Vehicular-A channels [12] with frac-
tional DDs. Through heatmaps of the precoded channel
response and simulated SER results, we demonstrate
the effectiveness of the proposed precoder for different
DD pulse shaping filters including sinc, Gaussian, and
Gaussian-sinc filters.



Fig. 1: Block diagram of the TC precoded Zak-OTFS transceiver.

II. TC PRECODED ZAK-OTFS SYSTEM MODEL

The block diagram of the TC precoded Zak-OTFS
transceiver is shown in Fig. 1. It depicts the signal flow in
the overall end-to-end chain, including the precoder operation
through discrete twisted convolution. In Zak-OTFS, a pulse in
the DD domain is the basic information carrier. A DD pulse is
a quasi-periodic localized function defined by a delay period
τp and a Doppler period νp = 1

τp
. The fundamental period in

the DD domain is defined as D0 = {(τ, ν) : 0 ≤ τ < τp, 0 ≤
ν < νp}, where τ and ν represent the delay and Doppler
variables, respectively. The fundamental period is discretized
into M bins on the delay axis and N bins on the Doppler
axis, as

{
(k

τp
M , l

νp

N )|k = 0, . . . ,M − 1, l = 0, . . . , N − 1
}

.
The Zak-OTFS frame is limited to a time duration T = Nτp
and a bandwidth B = Mνp. In each frame, MN information
symbols drawn from a modulation alphabet A, s[k, l] ∈ A,
k = 0, . . . ,M − 1, l = 0, . . . , N − 1, are multiplexed in the
DD domain. The s[k, l]s are encoded as per the following
equation to obtain a quasi-periodic extension of the signal in
the discrete DD domain:

sdd[k + nM, l +mN ] = s[k, l] ej2πn
l
N , n,m ∈ Z. (1)

A transmit-side precoding filter a[k, l] is then applied via
discrete twisted convolution to obtain the precoded signal
xdd[k, l] given by

xdd[k, l] = a[k, l] ∗σd sdd[k, l], (2)

where ∗σd denotes the discrete twisted convolution1, which
preserves quasi-periodicity. The precoded discrete DD signal
xdd[k, l] in (2) is lifted to continuous DD domain through 2D
impulse modulation as

xdd(τ, ν) =
∑
k,l∈Z

xdd[k, l] δ(τ − k∆τ) δ(ν − l∆ν), (3)

which is quasi-periodic, i.e., xdd(τ + nτp, ν + mνp) =
ej2πnντpxdd(τ, ν), n,m ∈ Z. To confine the transmit signal
within the desired time-frequency support (frame duration
T and bandwidth B), a DD domain transmit pulse shap-
ing filter wtx(τ, ν) is applied as xwtx

dd (τ, ν) = wtx(τ, ν) ∗σ
xdd(τ, ν), where ∗σ denotes the continuous twisted convo-
lution operation2 The time domain signal corresponding to
xwtx

dd (τ, ν) is obtained via inverse Zak transform as std(t) =
Z−1

t (xwtx

dd (τ, ν)) =
√
τp

∫ νp

0
xwtx

dd (t, ν) dν. The signal std(t)
propagates through a doubly-dispersive channel with P paths,

1(u ∗σd v)[k, l] =
∑

k′,l′∈Z u[k − k′, l − l′] v[k′, l′] ej2π
k′(l−l′)

MN .
2(u ∗σ v)(τ, ν) =

∫∫
u(τ ′, ν′) v(τ − τ ′, ν − ν′) ej2πν′(τ−τ ′)dτ ′dν′.

Twisted convolution operation is associative and preserves quasi-periodicity.

modeled as h(τ, ν) =
∑P

i=1 hi δ(τ−τi) δ(ν−νi), where hi, τi,
and νi represent the complex gain, delay, and Doppler shift of
the ith path, respectively. The received time domain signal is
given by rtd(t) =

∫∫
h(τ, ν) std(t−τ) ej2πν(t−τ)dτdν+n(t),

where n(t) is additive white Gaussian noise (AWGN).
At the receiver, the Zak transform3 converts the received

time domain signal to its DD domain form as ydd(τ, ν) =
Zt(rtd(t)) + ndd(τ, ν), where ndd(τ, ν) is the DD do-
main noise. The received signal is then filtered by a re-
ceive filter matched to the transmit filter, wrx(τ, ν) =
w∗

tx(−τ,−ν) ej2πτν , resulting in

ywrx

dd (τ, ν) = heff(τ, ν) ∗σ xdd(τ, ν) + nwrx

dd (τ, ν), (4)

where heff(τ, ν) = wrx(τ, ν) ∗σ h(τ, ν) ∗σ wtx(τ, ν) is the
effective DD domain channel response (a.k.a. the ‘effective
channel’). Sampling (4) on the information grid points τ =
kτp
M , ν =

lνp

N yields the discrete model

ydd[k, l] = heff [k, l] ∗σd xdd[k, l] + ndd[k, l]. (5)

Substituting the precoded signal from (2) into (5), we obtain

ydd[k, l] = heff [k, l] ∗σd a[k, l] ∗σd sdd[k, l] + ndd[k, l]

= ha[k, l] ∗σd sdd[k, l] + ndd[k, l], (6)

where ha[k, l] ≜ wrx[k, l]∗σdh[k, l]∗σdwtx[k, l]∗σda[k, l], i.e.,
ha[k, l] = heff [k, l] ∗σd a[k, l] denotes the effective precoded
DD domain channel response (a.k.a ‘precoded effective chan-
nel’). Equation (6) thus represents the discrete input-output
(I/O) relation of the TC precoded Zak-OTFS system.

Support sets of heff [k, l], ha[k, l], a[k, l]: Let the support
set of heff [k, l], denoted by Sheff

, be Sheff
≜ {(k, l) | kmin ≤

k ≤ kmax , lmin ≤ l ≤ lmax}, where kmin ≤ 0 ≤ kmax,
(kmax − kmin) < M , and 0 ≤ lmax < N/2. The support
set of the precoder filter a[k, l], denoted by Sa, is chosen in
such a way that the support set of ha[k, l], denoted by Sha

,
is Sha

≜
{
(k, l)

∣∣ −M
2 ≤ k ≤ M

2 − 1, −N
2 ≤ l ≤ N

2 − 1
}

.
Accordingly, Sa is chosen as

Sa ≜

{
(k, l)

∣∣∣∣∣ −
M

2
− kmin ≤ k ≤

M

2
− kmax − 1,

−
N

2
+ lmax ≤ l ≤

N

2
− lmax − 1

}
. (7)

I/O relation in matrix-vector-form: We write the end-to-end
DD I/O relation in (6) in a matrix-vector form as

y = Heffs+ n, (8)

where s,y,n ∈ CMN×1, such that their (kN + l + 1)th
entries are given by skN+l+1 = sdd[k, l], ykN+l+1 = ydd[k, l],
nkN+l+1 = ndd[k, l], and Heff ∈ CMN×MN is the precoded
effective channel matrix such that

3Zt(x(t)) =
√
τp

∑
k∈Z x(τ + kτp) e−j2πνkτp .



Heff[k
′N+ l′+1, kN+ l+1] =


ha[k

′ − k, l′ − l] ej2π
(l′−l)k
MN ,

(k′ − k, l′ − l) ∈ Sha ,

0, otherwise,
(9)

where k′, k = 0, . . . ,M − 1 and l′, l = 0, . . . , N − 1.
Assuming i.i.d. zero-mean symbols s[k, l] with energy E,
i.e., E

[
|ha[k, l] ∗σd sdd[k, l]|2

]
= E, unit-energy transmit

and matched receive filters, and a normalized precoding filter
satisfying

∑
(k,l)∈Sa

|a[k, l]|2 = 1, the average received energy
per DD bin is E and the DD domain noise variance is N0,
giving the per-bin signal-to-noise ratio (SNR) ρ ∆

= E/N0.
Precoder vector: Arranging the MN taps of ha[k, l] into a

vector ha, we write ha =
(
ha,0 , ha,1 , · · · , ha,(MN−1)

)T
,

where ha,k+M
2 +(l+N

2 )M
= ha[k, l], (k, l) ∈ Sha . From

discrete twisted convolution definition, it follows that

ha = H′ a, (10)

where a ∈ CK×1, K = (kmin − kmax + M)(N −
2lmax), is the precoder vector consisting of the precod-
ing filter taps given by a = (a0 , a1 , · · · , aK−1)

T , where
ak+M

2 +kmin+(l+N
2 −lmax)(M−kmax+kmin)

∆
= a[k, l] with (k, l) ∈

Sa. The matrix H′ ∈ CMN×K has entries in its r(k, l)th
row and c(k′, l′)th column with (k, l) ∈ Sha , (k′, l′) ∈ Sa,
r(k, l) ≜ k + M

2 + (l + N
2 )M , c(k′, l′) ≜ k′ + M

2 + kmin +
(l′ + N

2 − lmax)(M − kmax + kmin), as

H ′
r(k,l), c(k′,l′) ≜


heff [k − k′, l − l′] ej2πk

′ (l−l′)
MN ,

(k − k′, l − l′) ∈ Sheff
,

0, otherwise.

. (11)

Single-tap channel estimator/equalizer at the Rx: If the
system operates deep within the crystalline regime [3], i.e.,
(kmax − kmin) ≪ M, 2lmax ≪ N, the delay and Doppler
periods are much larger than the respective channel spreads,
the I/O relation becomes predictable, i.e., the entire channel
can be characterized from the estimate at a single pilot
position. Since the precoder concentrates the channel en-
ergy towards the origin, the downlink receiver needs only
to estimate ha[0, 0]. So, a single pilot symbol without any
guard region around it in the downlink frame is sufficient,
yielding high spectral efficiency. The pilot symbol is located
at (kp, lp) = (M/2, N/2) and all other bins are loaded with
data symbols, with s[kp, lp] =

√
η(MN − 1)E, where η is the

pilot-to-data power ratio (PDR), and the pilot and data energies
are η(MN−1)E and (MN−1)E, respectively. The estimate
of ha[0, 0] from the received pilot ydd[kp, lp] is obtained as

ĥa[0, 0] ≜
ydd[kp,lp]√

η(MN − 1)E
(
1 + 1

ρη(MN−1)

) . (12)

Since the precoder pre-compensates the channel spread, the
interference between precoded channel taps becomes very
small, making a single-tap equalization sufficient. So, the
equalized (k, l)th information symbol is obtained as

ŝ[k, l] =
ĥ∗
a[0, 0] ydd[k, l](
|ĥa[0, 0]|2 + 1

ρ

) . (13)

III. PROPOSED CORRELATION-MAXIMIZING TC PRECODER

The work in [7] derives the TC precoder vector a by
maximizing the SINR at the downlink receiver. In our current
work here, we propose an alternative TC precoder design
based on maximization of the correlation between the actual
precoded channel response and a desired target precoded
channel response. The proposed precoder achieves superior
energy localization of heff [k, l] around a single dominant DD
tap, thus offering improved single-tap estimation/equalization
performance compared to the SINR-maximizing (SINR-max)
precoder. To formalize the proposed correlation-maximizing
(Corr-max) precoder, we define the desired target response
htarget[k, l] as

htarget[k, l] ≜


∑

(k,l)∈Sheff

|heff[k, l]|2, (k, l) = (0, 0)

0, otherwise,
(14)

i.e., all energy from heff[k, l] is focused at the origin and zero
energy in all other bins. The precoder design problem then
aims to find a normalized precoder vector a such that the
resulting effective channel ha = H′a aligns as closely as
possible with the desired target response htarget. Accordingly,
we formulate the optimization problem that maximizes the
normalized correlation between ha and htarget as

aopt = arg max
∥a∥=1

|⟨H′a,htarget⟩|2

∥H′a∥22︸ ︷︷ ︸
J (a)

. (15)

To solve (15), define g ≜ H′Hhtarget, R ≜ H′HH′, so that
the objective in (15) becomes

J (a) =
|aHg|2

aHRa
=

aH(ggH)a

aHRa
. (16)

Let G ≜ ggH (G is Hermitian). The maximization of (16) is
therefore the generalized Rayleigh quotient problem

max
∥a∥=1

aHGa

aHRa
. (17)

Assume4 R ≻ 0 (positive definite). Let b ≜ R1/2a, so that
a = R−1/2b and aHRa = bHb. Substituting into (16) gives

aHGa

aHRa
=

bH
(
R−1/2GR−1/2

)
b

bHb
≜

bHMb

bHb
, (18)

where M ≜ R−1/2GR−1/2 is Hermitian. By the Rayleigh-
Ritz theorem, the maximum of the quadratic form above (over
nonzero b) equals the largest eigenvalue λmax(M), attained
when b is in the direction of the principal eigenvector of M.
Using the rank-one structure of G, we obtain

M = R−1/2ggHR−1/2 =
(
R−1/2g

)(
R−1/2g

)H
. (19)

Thus, M is an outer product uuH with u = R−1/2g, which
has a single non-zero eigenvalue λmax(M) = ∥u∥2 =
∥R−1/2g∥2 and principal eigenvector proportional to u.
Hence, bopt ∝ R−1/2g and aopt ∝ R−1g = R−1H′Hhtarget.

4If R is only positive semidefinite (PSD), replace R−1 by the Moore–
Penrose pseudoinverse R†.



(a) Sinc and Gaussian-sinc pulses (b) Gaussian pulse.

Fig. 2: Condition number of Rρ and R vs. SNR for sinc,
Gaussian-sinc, and Gaussian pulse shaping filters.

Normalizing to unit norm gives the optimum precoder in
closed-form as

aopt =
R−1H′Hhtarget∥∥R−1H′Hhtarget

∥∥ =
(H′HH′)−1H′Hhtarget∥∥(H′HH′)−1H′Hhtarget

∥∥ . (20)

On the structure and condition number of R: Let p =
M
2 (N + 1) and denote the rows of H′ by {h′

i}
MN−1
i=0 , with

h′
p ≜ H′Hep representing the response at the pivot DD bin.

The SINR-max [11] and the proposed Corr-max precoders can
be expressed, respectively, as

aSINR(ρ) =
R−1

ρ h′
p

∥R−1
ρ h′

p∥
, Rρ =

I

ρ
+R∞, (21)

aCorr =
R−1h′

p

∥R−1h′
p∥

, R = R∞ + h′
ph

′
p
H , (22)

where the common term R∞ ≜
∑

i̸=p h
′
ih

′
i
H captures the

contributions from all non-pivot DD domain components,
which are typically weak. As a result, R∞ is often highly
ill-conditioned; for instance, simulations with a sinc pulse
yield an average condition number on the order of 106. The
key distinction between the two precoders lies in the matrices
being inverted; Rρ for aSINR(ρ) and R for aCorr. To com-
pare their conditioning, we note that the regularization term
I/ρ in Rρ improves numerical stability at low-to-moderate
SNRs by preventing the eigenvalues from approaching zero.
However, as ρ increases, this term decreases and Rρ → R∞,
leading to instability in the inversion of Rρ in the high-SNR
regime. In contrast, the proposed Corr-max precoder inherently
includes the rank-one term h′

ph
′
p
H , which, according to Weyl’s

inequality, reduces the eigenvalue spread and therefore the
condition number. Thus, R is inherently better conditioned
than R∞, ensuring that aCorr remains numerically stable even
at high SNRs. For the Gaussian pulse, we observe a similar
trend with overall higher condition numbers. Specifically,
R∞ exhibits an average condition number of approximately
4 × 105, while the inclusion of the rank-one term h′

ph
′
p
H in

R moderately improves conditioning, yielding values around
8×104. Furthermore, the regularized matrix Rρ remains well-
conditioned at low SNRs but eventually surpasses R as ρ
increases. The above points and trends are illustrated in Fig. 2,
which shows the variation of the condition number of Rρ and
R as a function of SNR for sinc, Gaussian, and Gaussian-sinc
(GS) pulse shaping filters.
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Fig. 3: Heatmaps of non-precoded effective channel and pre-
coded effective channels of SINR-max and proposed Corr-max
precoders for different pulse shaping filters.

Comparison of heatmaps for aSINR and aCorr precoders:
Figure 3 compares the energy localization and interference
behavior of the proposed Corr-max precoder relative to that
of the SINR-max precoder. It shows the heatmaps of the non-
precoded effective channel and the precoded effective channels
of SINR-max and Corr-max precoders for sinc, Gaussian, and
GS pulse shaping filters. The following system parameters are
used to generate these heatmaps: Vehicular A (Veh-A) channel
model [12] with P = 6 paths, maximum delay τmax = 2.51µs,
maximum Doppler νmax = 1 kHz, νp = 30 kHz, τp = 1/νp =
33.33 µs, M = N = 18, B = Mνp = 540 kHz, T = Nτp =
0.6 ms, and ρ = 15 dB. The parameters kmax, kmin, lmax,
lmin that define the support sets Sheff

, Sa are chosen such that
the crystallization condition5 is satisfied, which is given by

kmax ≜

⌈
M τmax

τp

⌉
< M, lmax ≜

⌈
2N νmax

νp

⌉
< N, (23)

with kmin = −kmax and lmin = −lmax.
From the energy distribution of the effective channels before

and after precoding in Fig. 3, we can observe the following.
1) Among the considered pulse shaping filters, the sinc pulse
achieves the strongest precoded channel energy concentration,
and the concentration achieved by Gaussian pulse is the
weakest. This behavior arises from two key factors. First,
within the support region Sheff

(indicated by the red bounding
box in the effective channel heatmaps), the Gaussian pulse
spreads its energy more uniformly, as indicated by the broader
yellow regions in the heatmap. In contrast, the sinc and
GS pulses exhibit sharper concentration with distinct peaks
and weaker sidelobes. Second, the Gaussian pulse does not
satisfy the Nyquist criterion on the information grid, since it
exhibits non-zero values at the sampling points. The sinc and
GS pulses, by contrast, have zeros at these Nyquist points,
resulting in better interference suppression. Between the two,
the sinc pulse provides a slightly better energy confinement
than the GS pulse. 2) The proposed Corr-max precoder further

5Crystallization condition refers to the condition where the delay period τp
and the Doppler period νp are larger than the maximum delay spread τmax

and the maximum Doppler spread νmax of the channel, respectively [3].



enhances energy localization by concentrating the effective
channel energy at a single dominant DD point. Although
minor leakage energy persists, it remains significantly lower
than that of the SINR-max precoder, highlighting the strong
focusing capability of the proposed precoder. The residual
leakage energy, expressed as a fraction of the total effective
channel energy, is computed as

ηres =

∑
(k,l)∈F\C |ha[k, l]|2∑
(k,l)∈F |ha[k, l]|2

, (24)

where C denotes the dominant DD tap (center point) and
F represents the region of the fundamental period. Table I
summarizes the residual leakage energy ηres for different
pulse shaping filters, comparing the SINR-max and Corr-
max precoders. These results demonstrate that the sinc pulse

TABLE I: Residual leakage energy ηres (% of total energy) for
different pulse shaping filters at ρ = 15 dB.

Precoder Sinc Gaussian GS

SINR-max 4.03% 20.38% 4.48%
Corr-max (prop.) 2.58% 3.70% 2.89%

yields the most favorable energy concentration in TC precoded
systems, and the proposed Corr-max precoder achieves better
precoded energy concentration than the SINR-max precoder.

A. DNN-aided CSIT estimation

Knowledge of CSIT is required for precoding. In TDD
systems where channel reciprocity holds, this can be obtained
through pilot transmission from UE on the uplink and channel
estimation at the BS, and the estimated CSIT is used for
TC precoding. Here, we propose such a CSIT estimation
scheme aided by a DNN. A Zak-OTFS frame (exclusive or
embedded pilot frame) is sent from UE to BS, which estimates
the channel using a model-free read-off operation. The noisy
estimates from the read-off operation are enhanced through
‘denoising’ by a DNN (see Fig. 4). The proposed DNN
architecture for this purpose is described below.

Fig. 4: Uplink pilot-based CSIT estimation with DNN-aided
denoising.

Training dataset: Let the UE transmit a pilot frame xp ∈
CMN×1 with a pilot at (kp, lp) = (M/2, N/2) with some
pilot SNR ρp. The received pilot at the BS is

yp = Heffxp + np, (25)

from which the BS obtains a noisy estimate of the effective
channel ĥeff[k, l] through a model-free read-off [3]. Vectorizing
the estimated effective channel coefficients over the support
region Sheff

, we obtain ĥSh
. The real and imaginary compo-

nents of ĥ
(i)
Sh

are treated as independent real-valued inputs to
the DNN, denoted by

x
(i)
train ∈ {ℜ(ĥ(i)

Sh
),ℑ(ĥ(i)

Sh
)}, (26)

with corresponding target outputs

y
(i)
train ∈ {ℜ(h(i)

Sh
),ℑ(h(i)

Sh
)}. (27)

Each component is treated as a separate training sample, al-
lowing the DNN to learn real-valued mappings independently
for real and imaginary parts.

DNN architecture: The proposed DNN has three hidden
layers with decreasing widths, as follows:
Input → 80 → SiLU → LayerNorm → 60 → SiLU →
LayerNorm → 40 → SiLU → LayerNorm → Output.
The detailed configuration and training parameters of the
proposed DNN are summarized in Table II.

Complexity: The total number of trainable parameters is∑L
l=1(nl−1nl + 3nl), where L is the number of layers, nl−1

and nl are the number of input and output neurons of the lth
layer, including weights, biases, and LayerNorm parameters.
For the proposed DNN, the number of trainable parameters
is 10765, indicating a compact and computationally efficient
architecture.

TABLE II: Proposed DNN and training parameters.

Parameters Proposed DNN

Input / Output neurons 25 / 25
Hidden layers 3 (SiLU activation)
Output activation Linear
Training examples 20,000
Epochs / Batch size 60 / 128
Optimizer / Loss Adam / RMSE

Loss function: We define the RMSE loss in terms of real
and imaginary error norms:

LRMSE =

√√√√ 1

Ntrain

Ntrain∑
i=1

(
E

(i)
Re + E

(i)
Im

)
, (28)

where Ntrain is the number of training samples, and the per-
sample errors are
E

(i)
Re = ∥ℜ(h̃

(i)
Sh

)−ℜ(h
(i)
Sh

)∥22, E
(i)
Im = ∥ℑ(h̃

(i)
Sh

)−ℑ(h
(i)
Sh

)∥22, (29)

where h̃
(i)
Sh

= gΘ(ĥ
(i)
Sh

) denotes the denoised channel estimate
produced by the DNN for the ith input ĥ(i)

Sh
, and Θ represents

all learnable network parameters.

IV. RESULTS AND DISCUSSION

In this section, we present the simulated SER performance
of the proposed Corr-max precoder in comparison with that of
the SINR-max precoder in [11]. The system parameters used
are the same as the ones used for Fig. 3. Figure 5 shows the
SER performance of the SINR-max and the proposed Corr-
max precoders for sinc, Gaussian, and GS pulses, assuming



Fig. 5: SER performance of SINR-max and proposed Corr-
max precoders for different pulse shaping filters. Perfect CSIT.

perfect CSIT (Fig. 6 shows the performance with estimated
CSIT). The PDR is fixed at -15 dB. It can be seen that the pro-
posed Corr-max precoder gives substantial performance gains
over the SINR-max precoder for all the pulses considered. For
example, at an SER of 10−3, the proposed Corr-max precoder
achieves an SNR gain of about 4 dB, > 12 dB, and 4 dB for
sinc, Gaussian, and GS pulses, respectively, compared to the
SINR-max precoder. The gain is essentially due to the superior
concentration of the precoded channel energy achieved by the
proposed Corr-max precoder (as observed in the heatmaps in
Fig. 3). Also, the tendency of the SER to floor at high SNRs
can be attributed to the increased interference between pilot
and data symbols for increasing SNR. Note that, i) for a fixed
PDR, increasing SNR increases pilot power, ii) there is no
guard space between the pilot and data symbols, and iii) a
small fraction of leakage energy remains despite the energy
concentration achieved by the precoders (see Table I).

Figure 6 shows the impact of estimated CSIT on the SER
performance of the proposed Corr-max precoder with sinc
pulse, comparing the cases with and without DNN denoising.
Perfect CSIT is also shown as a benchmark. CSIT estimation
is performed using either exclusive or embedded pilot frames,
both featuring a pilot symbol at (M/2, N/2). In the exclusive
frame, the pilot is transmitted with an SNR of 10 dB. In
the embedded frame, the uplink efficiency is 61.1%, with
dedicated pilot and guard regions and the remaining region
used for data at a data SNR of 10 dB and PDR of 0 dB. The
results demonstrate that the proposed DNN-based denoising
significantly improves performance, and that the SER for both
exclusive and embedded frames approaches the perfect-CSIT
benchmark, highlighting the effectiveness of the proposed
Corr-max precoder and the DNN-based denoising. Also, due
to interference from the data in the embedded frame, its
performance is slightly worse than that of the exclusive frame.

V. CONCLUSION

We presented a twisted convolution (TC) based precoder for
Zak-OTFS and its SER performance. While a recent work on
this new topic obtained the optimum precoder that maximized

Fig. 6: SER performance of proposed Corr-max precoder for
sinc pulse with estimated CSIT (with/without DNN denoising).

the per-carrier (i.e., per DD bin) SINR, we obtained the
optimum precoder that maximized the correlation between the
actual precoded channel response vector and a desired target
precoded channel response vector. The proposed Corr-max
precoder was shown to achieve superior energy concentration
in the DD domain at the receiver, and hence superior SER
performance compared to the SINR-max precoder. We also
proposed a DNN-based denoiser that enhanced the CSIT
estimate for precoding and hence improved the SER. Future
work could include TC precoders for multiuser downlink
scenarios and learning-based precoder design for Zak-OTFS.
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