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Abstract—Acquiring accurate channel state information (CSI)
is critical for reliable and efficient wireless communication, but
challenges such as high pilot overhead and channel aging hinder
timely and accurate CSI acquisition. CSI prediction, which fore-
casts future CSI from historical observations, offers a promising
solution. Recent deep learning approaches, including recurrent
neural networks and Transformers, have achieved notable success
but typically learn deterministic mappings, limiting their ability
to capture the stochastic and multimodal nature of wireless
channels. In this paper, we introduce a novel probabilistic
framework for CSI prediction based on diffusion models, offering
a flexible design that supports integration of diverse prediction
schemes. We decompose the CSI prediction task into two com-
ponents: a temporal encoder, which extracts channel dynamics,
and a diffusion-based generator, which produces future CSI
samples. We investigate two inference schemes—autoregressive
and sequence-to-sequence—and explore multiple diffusion back-
bones, including U-Net and Transformer-based architectures.
Furthermore, we examine a diffusion-based approach without
an explicit temporal encoder and utilize the DDIM scheduling
to reduce model complexity. Extensive simulations demonstrate
that our diffusion-based models significantly outperform state-
of-the-art baselines.

Index Terms—CSI prediction, deep learning, diffusion models,
MIMO.

I. INTRODUCTION

ULTIPLE-INPUT multiple-output (MIMO) technology

plays a pivotal role in advanced wireless communica-
tions. To fully exploit the benefits of MIMO systems, accurate
acquisition of channel state information (CSI) is essential for
designing efficient precoding and combining algorithms. How-
ever, CSI acquisition is challenged by high overhead, channel
aging, and significant computational complexity. To address
these issues, a variety of algorithms have been proposed to
obtain CSI with reduced overhead and complexity [1], [2],
(31, [4], [5].
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CSI prediction refers to the task of forecasting future CSI
based on historical observations. Various classical approaches
have been proposed, including linear extrapolation [6], Kalman
filtering [7], sum-of-sinusoids models [8], Gaussian processes
[9], predictor antenna [10], and autoregressive (AR) models
[11]. However, the underlying statistics of wireless channels
are inherently complex and difficult to model accurately,
making reliable CSI prediction particularly challenging. As
a result, traditional methods often fail to deliver satisfac-
tory performance, especially under highly dynamic channel
conditions.

Deep neural networks (DNNs) have been increasingly
adopted in wireless communication tasks [12], [13]. Motivated
by their significant success in time-series forecasting problems
[14], [15], [16], [17], [18], the use of DNNs for CSI predic-
tion has attracted growing research interest [19], [20], [21],
[22], [23], [24], [25], [26], [27], [28], [29], [301, [31], [32],
[33]. Various neural network (NN) architectures have been
explored to capture the temporal dynamics of CSI, including
recurrent neural networks (RNNs), such as long short-term
memory (LSTM) and gated recurrent units (GRUs), as well
as Transformer-based models. RNN-based architectures have
been successfully employed for CSI prediction in [22], [23],
and [26], while Transformer-based approaches have been
investigated in [27] and [28], showing superior performance
in modeling long-range temporal dependencies.

Accurately predicting CSI is a fundamentally challeng-
ing problem due to the highly stochastic nature of wireless
channels and their complex underlying distributions. Future
channel states are influenced by a wide range of factors,
including multipath fading, user mobility, and environmental
dynamics, which together lead to significant uncertainty in
CSI evolution. Deep learning models such as RNNs and
Transformers have shown promising results for time-series
forecasting, but they primarily learn a deterministic mapping
from historical CSI to future CSI. This approach often fails
to capture the inherent randomness and multimodality of
wireless channel evolution. In contrast, recent advances in
generative artificial intelligence (AI) have enabled the devel-
opment of models that learn the full underlying probability
distribution of data. Among these, diffusion models [34] have
achieved state-of-the-art performance in high-dimensional data
generation tasks across various modalities. By modeling CSI
prediction as a probabilistic generative process, diffusion
models can naturally account for uncertainty in channel evo-
lution while learning the joint spatiotemporal structure of CSI
sequences.

Motivated by the success of recent advances of diffusion
models in modeling complex data distributions and the lim-
itations of RNN- and Transformer-based approaches in CSI
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prediction, this paper explores the application of diffusion
models to the CSI prediction problem. The main contributions
of this work are summarized as follows:

e We propose a general generative framework for CSI pre-
diction. The framework provides a flexible and modular
design that enables seamless integration of diverse CSI
prediction models. We formulate the CSI prediction task
as two components: temporal encoding and generative
sampling. The temporal encoder extracts latent repre-
sentations of the channel dynamics, while the diffusion
generator produces the next CSI frame conditioned on
these latent features.

e Within the proposed framework, we explore two infer-
ence schemes: AR and sequence-to-sequence (seq2seq).
The AR strategy recursively predicts future CSI frames,
enabling a single trained model to flexibly adapt to
arbitrary context lengths and prediction horizons. In con-
trast, the seq2seq scheme enables parallel prediction of
multiple future CSI frames in a single pass, albeit with
reduced flexibility in handling variable context lengths
and prediction horizons.

e To reduce complexity for real-time applications, we
investigate a simplified design in which the diffusion
model directly learns temporal and spatial dependencies
without an explicit temporal encoder. Furthermore, to
enhance sampling efficiency and stability, we adopt the
denoising diffusion implicit model (DDIM) [35] schedul-
ing technique. Our experiments show that as few as
three sampling steps are sufficient to achieve competitive
performance.

e We validate the generality of the framework by integrat-
ing multiple generator backbones, including U-Net [36],
3D U-Net [37], and diffusion Transformer (DiT) [38], in
combination with temporal encoders such as ConvLSTM
[39] and LinFormer [28]. Extensive simulation results
demonstrate that the proposed diffusion-based frame-
work significantly outperforms state-of-the-art baselines
and exhibits strong generalization to unseen wireless
environments.

The rest of this paper is organized as follows: Section II
introduces the channel model and CSI prediction problem, as
well as a preliminary for diffusion models. In Section III,
we present our diffusion-based CSI prediction framework
and training and inference procedures. Section IV provides
numerical simulations and compares different CSI prediction
schemes in terms of the normalized mean squared error
(NMSE). Finally, Section V concludes the paper.

II. PRELIMINARIES AND PROBLEM FORMULATION
A. Channel Model

We focus on the clustered delay line (CDL) channel model
based on the 3GPP specification [40]. The CDL channel model
is a spatial channel model for wireless channel simulation.
This model comprises different scenarios, denoted as CDL—-A
to CDL-E, where each scenario models different channel
statistics with different delay profiles, angular spreads, etc.
For example, CDL-B generates an urban macrocell scenario
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with a wider angular spread. The time-varying MIMO channel
impulse response in the CDL model is given by

)yt
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or its discrete counterpart
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where, L is the number of clusters, R the number of rays per
cluster, aq (t) time-varying complex path gain for ray r in
cluster I, apx(+), arx(-) denote receive/transmit array response
vectors, (¢R*, ¢T%) represent angles of arrival/departure, f, the
sampling frequency, N. the number of subcarriers, and 7; is
the delay of the [-th cluster. The time-varying complex path
gain is modeled as

\/mej(27rfl,rn+¢l,r)7 (3)

where P, is the power of the r-th ray in cluster [, f;, the
Doppler shift, and ¢; ;- the random initial phase. For a uniform
linear array (ULA), the array response vector is

a(¢) =

ap[n] =

1 [1 0i27 % sin(9) 0327 % (Ni—1) sin(¢) T’
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where, N; denotes the number of antenna elements and d the
antenna spacing.

We consider a MIMO system in which a base station (BS)
serves multiple single-antenna users. The BS is equipped
with a ULA of V; antennas. Orthogonal frequency division
multiplexing (OFDM) with N, subcarriers is employed for
downlink transmission. For each subcarrier m € {1,..., N}
and time index n, h,,, € CMv denotes the channel vector
from the BS with N, antennas to the user. By stacking all
subcarriers, the downlink CSI matrix in the spatial-frequency
domain at time n is given by

H, = [hy, hy, -+ hy,,]| € CNoxNe, (5)

B. Diffusion Models

1) Denoising diffusion probabilistic models (DDPMs):
Diffusion models are a class of generative models that learn
to approximate complex data distributions by progressively
corrupting the data with noise and then reversing this process.
The foundational work on DDPM was introduced in [34]. In
DDPMs, the forward process gradually adds Gaussian noise
to the data, while the reverse process aims to reconstruct the
original data using a NN. This is modeled as a Markov chain
with a predefined, time-dependent noise schedule.

The forward process defines a Markov chain that incremen-
tally perturbs the data over T time steps. Starting from a data
sample H® ~ p(H?), the forward diffusion is expressed as

T

=[[o@" | HY), 6)

t=1

q(leT ‘ HO)

where each conditional distribution is Gaussian

g(H' [H™) =N (HIT-GH T BT), ()
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with 3; € (0, 1) denoting the noise variance at step ¢, and H?
representing the noisy latent at time .

The marginal distribution at an arbitrary time step ¢, condi-
tioned directly on the original sample HO, is

(H Ve H',(1—a)I),  (@8)
which leads to the reparameterization
H =aH+V1—ae,

where € denotes standard Gaussian noise, and

g(H' |H°) =V

e~ N(0,I), €))

t
ap = Hozi, with o 21— 5. (10)

i=1

The noise schedule is crafted such that & ~ 0, ensuring
that the final latent H” is nearly standard Gaussian.

The reverse process is a learned Markov chain that denoises
H” ~ N(0,I) back to the data domain, and each reverse
transition is approximated as

po(H' ™' [ H') = N (H" 5 po(H', 1), B0 (), (11)
with the prior given by
p(H") = N(H";0,1). (12)

In DDPM, the mean pugy(H', t) is expressed using a pre-
dicted noise function €g

Ho (Ht7 t) =

1 1—oy
H' — ——L eo(H', ¢ ) , (13)
o ( V19— ( )
where €g(H?,t) is an NN trained to predict the forward noise
at time ¢. The variance Xg(t) is usually fixed and time-
dependent

1-— atl

with §; = —

So(t) = B 1, — b (4
The model is trained by minimizing a simplified variational
lower bound, which reduces to a weighted mean squared error
(MSE) between the true noise € and the predicted noise €g
: 2
ﬁnoise - EHO,t,e |:H6 - EH(H 7t)H :| . (15)
An alternative yet equivalent training objective is to have
the model directly predict the clean data H? from the noisy
observation H!. In this case, the training loss becomes the
MSE between the true clean sample and the predicted sample
Hy
Lawa = Bxo e [|[HO - HH@E 0[] (16)
This formulation is particularly useful in inverse problems,
such as denoising or super-resolution, where the objective is
to recover a clean signal rather than generate diverse samples.
Both loss functions are mathematically connected through the
forward diffusion equation, and the predicted clean sample
can be converted to noise (or vice versa) using closed-form
expressions.
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2) DDIM: The DDPM framework involves a stochastic
reverse process and often requires a large number of diffusion
steps (e.g., T' = 1000) to achieve high-quality generation. To
reduce the number of steps without significant degradation in
quality, Song et al. [35] proposed DDIM, which reinterprets
the reverse process as a non-Markovian mapping that can be
made fully deterministic. Starting from the DDPM estimate of
the clean sample HP at time step ¢

\/% V1—aeg(H' 1)),

and the DDIM update is given by

-1 = Vai_q I:IO + \/ 1-— ap_1 — O'% Eg(Ht,t) + ot €,

(18)
d
\/1 O 7
- — Q1

where ¢ € [0,1] controls the level of stochasticity, { = 0
yields a fully deterministic process, while ( = 1 recovers the
stochastic DDPM update. This formulation eliminates the need
to sample fresh Gaussian noise at each step in the deterministic
setting (( = 0), enabling fast sampling and allowing for
arbitrary step schedules. By tuning ¢, DDIM provides a trade-
off between sample diversity and generation speed.

H° = (H' - 17)

where € ~ N (0,1I) an

oy =¢-

19)

III. CSI PREDICTION
A. Problem Formulation

Time-varying wireless channels can be naturally modeled as
time-series data, where CSI prediction entails capturing both
the spatial distributions and temporal dynamics of the channel.
Under the MSE criterion, the optimal predictor corresponds
to the minimum mean squared error (MMSE) estimate, which
can be formulated as

f*(H,) = argmin E[|[He — f(Hy)[]?] (20)

where Hg {H,+1,H;2,...,H, N, } denotes the set
of future CSI over the next N time steps, and H, =
{H,—n,+1, Hy—n, 42, .., H, } represents the historical CSI
observations over the previous IV, time steps. The optimal
predictor f*(H,) is the conditional mean estimator (CME)
[41], given by

f*(Hp) =
= /pr(Hf | Hp) dHf

E[H; | Hy]
2n

Deriving the optimal MMSE predictor requires knowledge
of both the conditional distribution of the future CSI given the
past (capturing the channel dynamics) and the prior distribu-
tion of the wireless channel (capturing the spatial statistics).
Deriving this predictor in closed form is intractable due to
high-dimensional integrals, nonlinear time-varying dynamics,
and the lack of a known prior for practical channels.

A practical approach to approximate the optimal predictor is
to employ discriminative DNNSs, such as RNNs or Transform-
ers. A discriminative DNN with learnable parameters 6 aims to
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learn the nonlinear mapping from historical CSI observations,
H,, to the future CSI, H;. With sufficient data and model
capacity, a DNN trained using the MSE loss provides a data-
driven approximation of the MMSE predictor, i.e.,

fo(Hy) = f*(Hp).

However, such approximations face several limitations.
First, jointly capturing the temporal dynamics of the wireless
channel together with its spatial distribution is highly chal-
lenging. Second, discriminative models provide a deterministic
mapping that fails to capture the uncertainty of channel
evolution. Third, learning such complex dynamics from finite
training data makes these models prone to overfitting, thereby
limiting their robustness in practical deployments.

Furthermore, realistic wireless channels evolve in highly
dynamic environments due to user mobility, multipath propa-
gation, and environmental changes. As a result, the conditional
distribution of future CSI given past observations can be highly
uncertain and potentially multi-modal. Simple probabilistic
models with restrictive distributional assumptions are there-
fore often insufficient to capture the full variability of CSI
evolution.

Generative models provide a natural framework for learn-
ing such data distributions. In particular, diffusion models
have recently demonstrated strong performance in modeling
high-dimensional data without imposing restrictive parametric
assumptions. This makes them a promising approach for
capturing the stochastic evolution of wireless channels and
enabling more robust CSI prediction. Moreover, diffusion
models can be naturally extended to conditional settings by
incorporating side information, such as past CSI observations,
into the denoising process, enabling flexible and effective
modeling of the conditional distribution of future channels.

(22)

B. Diffusion CSI Prediction

Inspired by the formulation of the optimal CME in (21),
we decompose the prediction task into two components: a
temporal encoder and a generator. The temporal encoder
extracts latent temporal representations from the time-varying
channel, while the generator learns the underlying channel
distribution. To capture the probabilistic nature of CSI predic-
tion, we employ diffusion models as the generator. In contrast
to discriminative DNNs that produce deterministic point esti-
mates, diffusion models yield probabilistic predictions, thereby
accounting for the inherent uncertainty of wireless channels.
Furthermore, since diffusion models are trained across the
entire signal-to-noise ratio (SNR) range, they are expected
to generalize more robustly to diverse channel conditions
compared to task-specific discriminative models.

We apply two different inference schemes: the first follows
an AR approach, while the second adopts a seq2seq prediction
framework. In the following sections, we elaborate on these
prediction schemes and summarize the overall methodology
in algorithmic formulations. The overall training procedure
of our diffusion-based CSI predictor, which leverages latent
representations from the temporal encoder, is outlined in
Algorithm 1. Note that the training process is identical for
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Algorithm 1 Training

Input: Dataset D = {(X,Y)}; model parameters 6 =
[01E, O¢]; diffusion scheduler (noise schedule {3;}7_,);
diffusion steps T'; SNR range [pmin; Pmax)-

Output: Trained model parameters 6™,

1 for epoch =1, ..., Nepochs do
2 for each batch (X,Y) € D do

3 p~ u[pmirn pmax]

4 X(—\/ﬁXj—N,NNN(O,I)

5 Z feTE (X)

6 t~ U0, T — 1]

7 Xt Va Y +1—aze, € ~N(0,1)
8 Yair < Concat(X*, Z)

9 Y < foo (Yait, )

10 L(0) < Loss(Y,Y)

11 Update 6 using gradients Vg £(0)
12 end for

13 end for

14 Return 0

a( e Hi)

a N s s

Do (FI;]_HI?;H(_ Znik)

|

Temporal
Zyip—1—>] V4
nk=1 Encoder ntk

Fig. 1. CSI prediction with a diffusion model conditioned on the temporal
encoder’s latent representation using an AR inference strategy.

both AR and seq2seq schemes, except for the output target: in
the AR scenario, the model is trained to generate the next CSI
frame, whereas in the seq2seq case, it is trained to produce a
sequence of CSI samples over a fixed prediction horizon.

C. AR

AR inference is a sequential prediction strategy in which
each future time step is generated conditioned on previously
observed or predicted steps. At each step, the model predicts
the next CSI frame and recursively feeds this prediction back
to forecast subsequent frames until the desired horizon is
reached. This strategy provides a flexible prediction frame-
work, where a single trained model can operate with arbitrary
context lengths and prediction horizons. Such flexibility is
particularly suitable for sequential channel modeling, as the
predictor continuously adapts to the evolving CSI sequence.
The overall AR CSI prediction framework is illustrated in
Fig. 1.
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1) Temporal Encoding: Learning the dynamics of CSI data
is a crucial component of the CSI prediction problem. To
capture the complex nature of a time-varying wireless channel,
we employ a learning model to extract latent features along
the temporal dimension. At the k™ prediction step, the encoder
input is

Hn—i—k - {Hn—Np+1:7L7 Hn+1:n+k—1}7 (23)

where H,,_ N,+1:n denotes the observed CSI frames and
H, . 1.n+1—1 represents previously predicted frames. The
temporal encoder, parameterized by Org, produces a step-

dependent latent representation

Zoiio = fore(Hpyr).

The latent feature Z,,j captures evolving temporal corre-
lations, temporal coherence, Doppler-induced continuity, and
multipath dynamics. Since the encoder is updated at every
prediction step, the representation adapts to the progressively
generated CSI sequence. This dynamic conditioning signal
guides the diffusion generator to produce the next CSI frame
at time n + k.

2) Generator: To generate future CSI conditioned on the
extracted latent representation, we employ a diffusion model.
In the forward process, Gaussian noise is progressively added
according to the Markov transition in (9).

In the reverse process, a neural network parameterized by
O¢ is trained to approximate the conditional distribution

fBG (I:I;Jrka Zn+k) ~ Poc (Iilz;:k ‘ I:Ifhtkv Zn+k)v

thereby enabling iterative denoising conditioned on the tem-
poral latent feature. After T' sampling steps, the predicted CSI
frame is obtained as

(24)

(25)

H,.x=H,. (26)

Inference: During inference, each generated CSI frame
is appended to the input sequence and fed back into the tem-
poral encoder to predict the next step. This recursive process
continues until the desired prediction horizon is reached, as
summarized in Algorithm 2.

D. Seq2seq

Seq2seq inference is a parallel prediction strategy in which
the entire sequence of future steps is generated simultaneously
rather than recursively. Instead of predicting one step at a time
and feeding it back into the model, a seq2seq approach maps
the input sequence directly to multiple outputs in a single
forward pass.

1) Temporal Encoding: In the seq2seq prediction frame-
work, the temporal encoder processes a fixed-length CSI
sequence and extracts a latent representation,

Z= feTE (Hp)

The latent feature Z encodes a global summary of the
channel evolution over the observation window, capturing tem-
poral coherence, Doppler continuity, and multipath dynamics
embedded in the historical CSI sequence. It conditions the
diffusion generator to jointly generate multiple future CSI
frames in parallel.

27
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Algorithm 2 AR Inference
Input: Historical CSI sequence H,; trained parameters
0" = |07, 0¢]; diffusion scheduler with noise schedule
{B:}E_,; diffusion steps T'; prediction horizon Nj.
Output: Predicted CSI sequence {H,, })* .
1 Initialize H, < H,
2 for n =1 to N; do
3 Z+ fey,(He)

4 Initialize HT ~ AN(0,1)

5 forAt =T to1ldo

6 H° < fo,(Concat(H', Z),1)

D el - My

8 H' ' « /@, 1 H + T— a1 eo(H', 1)
9 end forA

10 H,<«+ H°

11 H,+ H,+N, N~ N(0,0)
12 H. + Concat(H,, I:In)

13 end for

14 Return {H,}

2) Generator: Conditioned on this latent feature, the gen-
erator produces the entire sequence of future CSI samples over
a fixed prediction horizon in parallel using a diffusion process.
The generator then learns to approximate the reverse process
by modeling the conditional distribution

fos (H', Z) ~ po (H'™* | H', Z), (28)
and after 7" sampling steps, the predicted CSI sample is
H; = H. (29)

This design eliminates the sequential dependency of AR
inference, reducing inference time and computational over-
head, especially for long prediction horizons. By predicting
all future steps in parallel, seq2seq inference also avoids
the problem of error accumulation, since early mistakes do
not propagate through the sequence. However, this efficiency
comes at the cost of reduced flexibility as a seq2seq model
can be trained for a fixed context length and prediction
horizon, and may struggle to capture fine-grained temporal
dependencies compared to AR methods.

Inference: During inference, the trained temporal encoder
processes the historical CSI samples and encodes them into a
temporal latent representation. This representation is concate-
nated with standard Gaussian noise and passed to the diffusion
generator, where the reverse diffusion process is carried out
using the DDIM scheduler as outlined in Algorithm 3.

It is worth noting that various temporal encoders (e.g.,
RNNS, Transformers) and backbone models for diffusion (e.g.,
U-Net, DiT) can be employed. In Section IV, we examine
our diffusion-based CSI prediction framework under different
architectural choices.

E. Unified Seq2seq

Employing separate models for temporal encoding and
CSI generation provides a robust framework for learning
the temporal and spatial characteristics of the dynamic CSI
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Algorithm 3 Seq2seq Inference
Input: Historical CSI sequence H,, of length N; trained
parameters 0" = [07p,0¢]; diffusion scheduler with
noise schedule {j3;}%_;; diffusion steps T
Output: Predicted CSI sequence {H;}.
1 Z + fg%E (Hp)
2 Initialize HY ~ A/(0,1)
3 fort="1Tto1do
4 HO« foz,(Concat(H', Z), 1)
NS
6 H'7!«+
7
8
9

Qi1 I:IO + \/1 — Qy_1 Eg(Ht, t)
end for

I:If — I:IEJ
Return Hy

distribution. Training separate models for temporal and spatial
dependencies complicates optimization and requires substan-
tial training data. It also increases computational cost, as both
networks must be trained and executed for CSI prediction. To
address these limitations and enhance practicality in real-world
applications, we integrate temporal encoding and generation
into a single diffusion model that jointly learns temporal and
spatial dependencies from CSI samples. In this formulation,
the diffusion model directly approximates the conditional dis-
tribution of the CSI dynamics given historical CSI sequences,

Pog (I:It_1 | I:It,Hp) .

This unified framework reduces model complexity and
improves efficiency, though it may be less effective in cap-
turing fine-grained temporal and spatial structures compared
to architectures with two dedicated modules.

(30)

IV. SIMULATION SETUP

In this section, we present a detailed description of the sim-
ulation setup used to evaluate the performance of the proposed
diffusion-based CSI prediction models. We first introduce the
CDL simulation parameters employed to generate the CSI
dataset. We then describe the proposed diffusion models with
different backbone architectures, including U-Net, DiT, and
3D U-Net, as well as several state-of-the-art CSI prediction
baselines for comparison. The training configuration and the
techniques adopted during model training are outlined next.
Finally, we provide a comprehensive set of numerical results
to assess and compare the performance of these models in
terms of NMSE across varying prediction horizons and SNR
regimes.

A. Dataset Setup

We generate CSI data using the 3GPP-compliant CDL
channel model described in Section II-A. A total of 100,000
independent CSI samples are created. Each sample is repre-
sented as a tensor of shape [100 x 2 x Ny x N.], corresponding
to 100 OFDM symbols, real and imaginary components, Ny
transmit antennas, and N, subcarriers.

Each sample is divided into past CSI Hj, of length /V, and
future CSI H; of length N¢ to form training pairs (X,Y),
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TABLE I
SIMULATION AND DATASET PARAMETERS
Parameter Value
Carrier frequency f. 28 GHz
Channel model 3GPP CDL-A-E (randomly selected)
Number of BS antennas 16
Resource blocks 25 RBs
Subcarrier spacing 30 kHz

Number of OFDM subcarriers 16

~ 33.3 us

30-120 km/h (uniformly sampled)
50400 ns (uniformly sampled)

Symbol duration
User velocity
Delay spread

where X = H,, and Y = H;. Unless otherwise specified, we
set N, = 30 and N; = 10. Min—max scaling is applied to
normalize the dataset to (0, 1). The key simulation parameters
are summarized in Table I.

The cyclic prefix (CP) duration is assumed to exceed the
maximum channel delay spread (sampled from [50,400] ns),
thereby preventing inter-symbol interference and ensuring cir-
cular convolution within each OFDM symbol. Consequently,
each subcarrier experiences flat fading, while the delay spread
governs the frequency selectivity across subcarriers.

While practical BS deployments typically employ uniform
planar arrays (UPAs) to enable three-dimensional beamform-
ing, the considered 16 x 1 ULA does not limit generality.
A UPA structure such as 4 x 4 MIMO can be equivalently
vectorized into a 16 x 1 spatial-domain representation by
stacking the two-dimensional antenna responses into a sin-
gle spatial vector. Since the proposed framework operates
directly on the CSI tensor and treats the spatial dimension
in vectorized form, it is agnostic to the underlying array
geometry. Therefore, the methodology can be readily extended
to practical UPA configurations without modification of the
learning architecture.

The proposed CSI prediction framework is duplexing-
agnostic. In time-division-duplexing (TDD) operation, down-
link CSI is obtained at the BS via uplink pilot-based channel
estimation by exploiting channel reciprocity. In frequency-
division-duplexing (FDD) operation, downlink CSI is acquired
through downlink pilot transmission, channel estimation at
the user, and subsequent CSI feedback to the BS. In both
cases, the predictor operates on previously estimated CSI
realizations.

B. Neural Prediction Models

We evaluate the performance of several baseline models
and our proposed diffusion-based scheme for CSI predic-
tion. These models are selected to cover a diverse range of
architectural paradigms, including RNNs such as GRU and
ConvLSTM, efficient Transformer variants such as LinFormer
[28], and proposed generative diffusion-based predictors. A
brief description of each model is provided below:

e GRU: We use a GRU model with two hidden layers,

each comprising 128 channels and employing the tanh
activation function. This serves as a standard sequential
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baseline for capturing temporal dependencies in CSI
prediction.

e ConvLSTM: We adopt a single-layer ConvLSTM with
a hidden state of 128 channels and a spatial kernel size
of 3 x 3, producing latent feature maps in R128XNexNe
The output is followed by Group Normalization (single
group), Dropout with a rate of 0.2, a 3 X 3 convolutional
projection layer with 4 output channels, and a final tanh
activation. A brief review of ConvLSTM fundamentals is
given in Appendix A.

e LinFormer: LinFormer, introduced in [28], is a Trans-
former variant tailored for CSI prediction. It replaces
the computationally expensive self-attention mechanism
with a time-aware multi-layer perceptron (TMLP), sig-
nificantly reducing complexity. The model comprises six
encoder blocks, each with a model dimension of 512 and
a feed-forward hidden size of 512.

e DiU: DiU represents a diffusion-based CSI prediction
framework employing a U-Net backbone with AR infer-
ence. A ConvLSTM acts as the temporal encoder to
capture channel dynamics. The U-Net design is detailed
in Appendix B.

e DiU-seq2seq: This is a seq2seq variant of the diffusion
framework using the same U-Net backbone as DiU but
predicts multiple future CSI frames in a single forward
pass, without an explicit temporal encoder.

e LinFusion: LinFusion combines a LinFormer-based tem-
poral encoder with a U-Net diffusion generator under
a seq2seq inference scheme. The LinFormer and U-Net
components follow the same architecture configurations
as in the LinFormer and DiU models, respectively.

e DiT: In this variant, we employ a DiT as the denoising
backbone, while a ConvLSTM serves as the temporal
encoder. Architectural details and parameter settings for
DiT are provided in Appendix C.

e DiU3: We employ a 3D U-Net as the diffusion back-
bone with seq2seq inference. The 3D U-Net extends
the standard U-Net into three dimensions, jointly mod-
eling spatio-temporal features. The details for the 3D
U-Net design used in our simulation are provided in
Appendix D.

C. Training Parameters

For training the diffusion model, we employ the DDIM
scheduling technique to accelerate the sampling process. Dif-
fusion timesteps ¢ are drawn uniformly from {0,...,7 — 1}.
The input to the diffusion generator is formed by concate-
nating the noisy CSI at timestep ¢ with the latent features
extracted from the temporal encoder. To enhance robustness
against varying SNR conditions and to account for channel
estimation errors during pilot transmission, we corrupt the
training data with additive noise. The additive white Gaussian
noise assumption models the effective channel estimation error
under standard pilot-based estimators such as least square (LS)
or MMSE.

We adopt the Huber loss [42] to train both the diffusion
model and the temporal encoder, and use the diffusion loss
formulated in (16) to predict clean samples. The Huber loss
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is a robust regression loss that behaves quadratically for small

errors and linearly for large errors, combining the benefits

of MSE and mean absolute error (MAE). With a threshold

parameter § > 0, it is defined as

Sw—97 itly—gl<a

Ls(y,5) = 5 (31)
0 (|y —g|— 2) , otherwise.

We employ the Adam optimizer to jointly update the param-
eters of the temporal encoder and the diffusion generator, using
learning rates of 1 x 1073 and 1 x 1072, respectively. To
enhance training stability, we apply an exponential moving
average (EMA) with a decay factor of 0.995 and an update
interval of 10 steps, together with gradient clipping at a
maximum norm of 1.0. The model is trained for 500 epochs
with a batch size of 512.

In the implementation, the Huber loss threshold is set to
0 = 0.016, while the SNR values are uniformly sampled from
the range [—20, 20] dB. For the diffusion noise schedule, we
adopt the scaled and clipped squared—cosine design proposed
in [43], defined as

t
~+0.008 7
- 2 T
=cos| ——— - — 32
=8 ( 1.008 2) ’ (52)
which leads to the variance schedule
Bi=1-—t ¢>1. (33)
1

To prevent degenerate values, the coefficients are further
clipped as

Bt = min(ﬂmaxa max(ﬂminu Bt)) y

with Buin = 1074 Buax = 2 x 1072, and T = 2000
in our experiments. Compared to a linear schedule, the
squared—cosine design produces smaller 3; values in the early
steps, resulting in a slower corruption rate at the start of the
forward process, and larger [3; near the end, leading to stronger
noise injection in later steps.

(34)

D. Numerical Results

We evaluate the performance of the proposed diffusion-
based CSI prediction models and baseline approaches intro-
duced in Section IV-B under various experimental settings,
including different SNR levels, prediction horizons, and user
mobility scenarios. The performance of all methods is quan-
tified using the NMSE, defined as

|H —fﬂ

NMSE 2 E 35)

[H]?

where H and H denote the ground-truth and predicted channel
matrices, respectively.

The SNR is defined as the ratio between the average channel
power and the noise power. Assuming unit transmit power, the
SNR is given by

E[[H]?]

2 9
U’n

SNR £ (36)
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Fig. 3. NMSE performance of CSI prediction models versus inference SNR. Results are reported for the first prediction step, the last prediction step, and

the average NMSE across all prediction steps.

where o2 is the noise variance. Throughout this paper, SNR
values expressed in decibels (dB) are computed using the
standard power-based logarithmic representation

SNR4p = 10log,(SNR). (37)

Similarly, the NMSE values reported in dB are computed as
NMSEqp = 10log;,(NMSE), (38)

Fig. 2 illustrates the prediction accuracy of different models
across varying prediction steps under three inference SNR
regimes: 0, 10, and 20 dB. The results show that the pro-
posed diffusion models consistently outperform state-of-the-art
benchmarks such as GRU, ConvLSTM, and LinFormer. The
performance gain is most pronounced at higher SNRs and
shorter prediction horizons. For example, at an inference
SNR of 20 dB, the diffusion model with AR inference
achieves improvements of more than 5 dB and 8 dB in
NMSE compared to ConvLSTM and LinFormer, respectively.
When comparing the three diffusion-based predictors, the
AR variant noticeably outperforms the seq2seq variants. In
contrast, the seq2seq diffusion models provide slightly better
NMSE performance at lower SNRs and for longer prediction

horizons, primarily because of error propagation over time
in AR inference. Furthermore, incorporating diffusion into
the Linformer architecture yields an NMSE improvement of
approximately 4 dB compared to the Linformer baseline.
While LinFusion outperforms Linformer alone, the diffusion
model using a ConvLSTM temporal encoder and a U-Net
backbone consistently achieves the lowest NMSE, particularly
for short prediction horizons.

Fig. 3 presents the NMSE performance of different CSI
prediction models as a function of inference SNR, evaluated
across three prediction horizons: 1%-step prediction, 10"-step
prediction, and the average performance over 10 prediction
steps. As anticipated, higher SNR levels enhance the per-
formance of all models, with our diffusion-based schemes
consistently surpassing the baselines. Specifically, for the
average NMSE across all steps, the diffusion model with a
U-Net backbone and AR inference achieves the best overall
performance. For first-step prediction, DiU with AR inference
yields up to 5-8 dB NMSE gains compared to GRU, Con-
vLSTM, and LinFormer, particularly at high SNRs. At longer
prediction horizons, the seq2seq diffusion models surpass AR
inference, though at the expense of reduced accuracy for short
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Fig. 4. NMSE performance of CSI prediction models as a function of prediction step, evaluated on CSI samples with user mobilities of 30 km/h, 60 km/h,
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Fig. 5. NMSE performance versus prediction step at SNR = 10 dB. The left panel compares DiU, DiT, and DiU3; the middle panel shows different seq2seq

variants; and the right panel presents DiU with varying context lengths.

horizons and lower flexibility in handling variable context
lengths and prediction horizons.

We evaluate the prediction accuracy of different models
under fixed user mobility levels of 30 km/h, 60 km/h, and
120 km/h, as shown in Fig. 4. As expected, the prediction
performance degrades with increasing mobility due to faster
channel dynamics and weaker temporal correlations. Never-
theless, the proposed diffusion-based predictors consistently
outperform all baseline models across all velocity regimes.
The NMSE gains of AR-based diffusion are particularly pro-
nounced at lower user speeds (e.g., 30 km/h), where stronger
temporal correlations can be exploited. In this regime and for
short prediction horizons, DiU with AR inference achieves up
to a 5 dB improvement over both DiU-seq2seq and LinFusion.
However, this performance gap gradually diminishes as the
prediction horizon extends and the user velocity increases.

Fig. 5 compares the CSI prediction performance of different
backbone architectures and context lengths across varying
prediction horizons. The left plot evaluates our proposed
diffusion-based predictors with U-Net, DiT, and 3D U-Net
backbones. These results demonstrate the flexibility of the dif-
fusion framework, as different architectures can be seamlessly

integrated into the generator. For DiU and DiT, the same
temporal encoder (ConvLSTM) and AR inference scheme
are used, and only the diffusion backbone is changed. For
the 3D U-Net variant, temporal and spatial dependencies are
jointly modeled through 3D convolutions, and therefore no
explicit temporal encoder is used. While all models achieve
comparable performance, the U-Net backbone consistently
achieves the lowest NMSE. Moreover, although the 3D U-Net
variant applies convolutional operations over the 3D volume of
CSI data and has significantly higher model capacity, it does
not outperform the 2D U-Net variant combined with an explicit
temporal encoder and AR inference. This underscores the
effectiveness of our proposed diffusion-based CSI prediction
framework with an explicit temporal encoder.

The middle plot compares different variants of the seq2seq
inference strategy for diffusion-based CSI prediction using
DiU. We evaluate multiple configurations, including 1:1, 2:1,
5:1, 5:2, 10:5, and 30:10, where an N:M setup denotes pre-
dicting M future CSI frames from NV historical observations.
In this setup, the prediction framework (DiU) is kept fixed,
and only the inference configuration is varied. In particular,
30:10 corresponds to pure seq2seq inference, whereas 1:1, 2:1,
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Fig. 7. Left: NMSE performance versus prediction step at 10 dB SNR for different sampling steps. Right: qualitative channel visualization for a single
sequence, where rows correspond to the ground truth and predictions for each sampling step, and columns indicate the prediction steps.

and 5:1 correspond to purely AR inference. Intermediate con-
figurations such as 5:2 and 10:5 combine seq2seq prediction
with AR recurrence. The results show that AR-based schemes
outperform seq2seq inference for short prediction horizons,
even with shorter context lengths, while pure seq2seq inference
achieves better performance for longer prediction horizons.

Finally, the right plot highlights the impact of varying the
input context length N, on prediction accuracy of DiU with
AR inference. Increasing the context length from N, = 5
to N, = 40 steadily improves NMSE performance, demon-
strating that the diffusion model benefits from larger temporal
contexts. However, the performance gain begins to saturate
beyond N, = 30, indicating diminishing returns when exces-
sively long histories are used.

To evaluate the performance of various prediction models
in downstream tasks, we report the spectral efficiency (SE)
achieved by different prediction models under inference SNRs
of 0, 10, and 20 dB in Fig. 6. The SE is computed using a sim-
ple maximum-ratio (MR) linear precoding scheme. Consistent
with the NMSE trends in Fig. 3, diffusion-based CSI predictors
provide higher SE compared to conventional baseline models,
particularly at higher SNRs and shorter prediction horizons.

These results further highlight the direct relationship between
prediction accuracy and system-level performance, confirming
that improved NMSE translates into higher spectral efficiency.

Fig. 7 illustrates the impact of different sampling steps
on the performance of the proposed diffusion-based CSI
prediction model at an inference SNR = 10 dB. The left
plot shows the NMSE as a function of prediction step for
different sampling schedules, while the right panel provides
a qualitative visualization of reconstructed CSI frames for
one representative sequence. Rows correspond to different
sampling step settings, and columns represent future prediction
steps.

The results demonstrate that the proposed model achieves
competitive performance even with a small number of sam-
pling steps. In particular, using as few as 3 sampling steps
achieves nearly the same NMSE as the 100-step schedule,
while significantly reducing inference time. Beyond 5 steps,
the performance improvements become marginal, indicating
that the proposed method can operate efficiently with very few
diffusion iterations. The qualitative reconstructions on the right
further confirm that high-fidelity predictions can be achieved
even under low sampling budgets.
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Fig. 8. Left: NMSE performance versus prediction step, evaluated at f. = 3 GHz. Right: qualitative channel visualization for a single sequence, where rows
correspond to the ground truth and different prediction schemes, and columns represent the prediction steps.

Fig. 8 illustrates the generalization performance of different
CSI prediction models when evaluated on a test dataset gen-
erated at a carrier frequency of f. = 3 GHz, while all models
were trained exclusively on data generated at f. = 28 GHz.
This setup induces a noticeable distribution shift in the channel
statistics, since lower carrier frequencies exhibit different
propagation characteristics and scattering behaviors compared
to mmWave frequencies. The results show that the proposed
diffusion-based models achieve the lowest generalization error
and maintain robust performance under unseen channel statis-
tics. This advantage stems from modeling the full conditional
distribution p(H; | H},) rather than learning a single deter-
ministic mapping from past to future CSI. By capturing the
underlying spatiotemporal structure of the channel—rather
than memorizing training-specific patterns—diffusion-based
predictors remain resilient under substantial domain shifts.

The baseline discriminative models suffer from noticeable
performance degradation under domain shift. LinFormer in
particular exhibits a sharp NMSE increase, indicating strong
overfitting to the training distribution at f. = 28 GHz when
evaluated at f. = 3 GHz. The 3D U-Net diffusion model
also exhibits some performance loss due to its relatively
high parameter count, which makes it more susceptible to
overfitting. By comparison, the ConvLSTM model generalizes
better than LinFormer, largely owing to its simpler architecture
and lower capacity, which reduce its sensitivity to domain
shifts. Overall, these results highlight that diffusion-based
CSI predictors—particularly those with lightweight backbone
architectures—are substantially more robust to domain shifts,
making them especially promising for deployment in real-
world wireless systems.

The right plot presents a qualitative comparison of predicted
CSI sequences at SNR = 10 dB across six forecasting models:
DiU, ConvLSTM, GRU, DiT, LinFormer, and DiU3. The first
row shows the ground-truth CSI frames, followed by the
noisy input frames in the second row. The subsequent rows
present the reconstructed CSI sequences for each prediction
model, where each column corresponds to a future prediction
step. As observed, LinFormer struggles to recover the spatial

TABLE I
MODEL COMPLEXITY AND APPROXIMATE INFERENCE COST

Model FLOPs (G) Parameters (M) Time (ms)
DiU 10.54 1.60 3.93
DiU-seq2seq 0.49 1.03 0.33
DiT 0.79 0.16 4.51
DiU3 48.32 10.19 16.19
LinFusion 1.01 4.60 0.48
LinFormer 0.11 3.70 0.03
ConvLSTM 1.52 0.15 0.24
GRU 0.31 2.10 0.06

structure of the wireless channel due to its poor generalization
capability, while the other models are able to reconstruct CSI
samples more faithfully across prediction steps. Furthermore,
DiU3 produces slightly blurred reconstructions, reflecting its
performance loss when evaluated under different channel
statistics.

Table II summarizes the computational complexity of the
evaluated CSI prediction models. Specifically, we report the
number of floating-point operations (FLOPs) per forward pass,
the total number of learnable parameters, and the average
wall-clock inference time for a representative setting with
N, = 30 input frames and Ny = 10 predicted CSI frames.
The wall-clock inference time is measured on an NVIDIA
Tesla V100 GPU under a unified implementation and software
environment.

Among the baseline methods, GRU and LinFormer exhibit
the lowest computational cost. However, both models require
a relatively large number of parameters to maintain sufficient
representational capacity, which may increase the risk of
overfitting. Furthermore, in the reported wall-clock inference
time for LinFormer, we assume that the output length is
fixed to match the trained model. As a result, predictions
are generated in a single forward pass without requiring AR
decoding, which significantly reduces the reported inference
latency.
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AR models generally incur higher computational cost due
to temporal recurrence, but offer greater flexibility in handling
varying context lengths and prediction horizons. Diffusion-
based seq2seq models, particularly DiU-seq2seq, achieve
lower inference latency and reduced per-pass computation
among the diffusion-based approaches. On the other hand,
the diffusion-based predictor with a 3D U-Net backbone
incurs substantially higher FLOPs, as it performs joint spatio-
temporal processing over the full 3D CSI volume.

V. CONCLUSION

In this paper, we presented a class of diffusion-based models
for CSI prediction, designed to flexibly integrate different
time-series forecasting architectures. By progressively learning
the underlying distribution of spatial CSI patterns and their
temporal evolution, diffusion models capture the inherent
uncertainty of wireless channels rather than memorizing a
fixed input—output mapping. We considered both designs with
and without an explicit temporal encoder: in the former, the
temporal encoder extracts latent temporal dynamics from his-
torical CSI, while in the latter, the diffusion generator directly
leverages historical CSI samples to predict future frames. Fur-
thermore, we investigated AR and seq2seq inference schemes,
explored multiple generator backbones including U-Net, DiT,
and 3D U-Net, and incorporated advanced techniques such as
DDIM for efficient sampling. Extensive simulations with the
CDL channel model in a mmWave MIMO setup demonstrate
that the proposed diffusion-based models consistently outper-
form state-of-the-art benchmarks such as GRU, ConvLSTM,
and LinFormer across diverse SNR levels, prediction horizons,
and user mobility scenarios. In particular, the diffusion model
with a U-Net backbone delivers the best overall performance,
achieving up to 5-8 dB NMSE gains for short-term prediction
horizons at high SNRs. Moreover, we show that as few as
three diffusion sampling steps are sufficient to attain competi-
tive prediction accuracy, and that generative diffusion models
exhibit stronger generalization capabilities than discriminative
baselines.

Incorporating explicit physics-inspired modeling into CSI
prediction is a promising research direction. While the pro-
posed diffusion-based predictor implicitly captures physical
channel characteristics through data-driven learning from stan-
dardized channel models, integrating physics-aware priors or
parametric channel structures could further enhance predic-
tion accuracy and ensure stronger physical interpretability.
In addition, although the DDIM sampler adopted in this
work significantly reduces the inference complexity compared
with conventional DDPM sampling, other efficient generative
frameworks such as flow matching and related few-step gen-
erative methods may provide further reductions in sampling
latency. Exploring such approaches for low-complexity and
real-time CSI prediction constitutes an interesting direction
for future research.

APPENDIX A

CoNVLSTM
ConvLSTM extends the standard LSTM architecture by
replacing fully connected operations with 2D convolutional
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operations, enabling it to better preserve local spatial corre-
lations in structured data such as images, videos, or CSI. By
sliding convolutional filters across spatial dimensions, ConvL-
STM is able to jointly capture spatial features and temporal
dependencies more effectively than traditional LSTMs.

Similar to the standard LSTM, ConvLSTM consists of three
gates: the input gate, forget gate, and output gate. However,
unlike fully connected LSTMs, the computations are per-
formed using convolutions instead of matrix multiplications.
The cell state and hidden state at time step n are updated as
follows:

Y, =[Xn,Zn-1], 39)

[in, £, On, 8n] = Conv2D(Y,), (40)
i, =0(i,), f,=0.), o,=o0c(o,), @4l

g, = tanh(g,), (42)
S,=1f,0S,-1+1, ®©gn, 43)

Z,, = o, ® tanh(S,), (44)

where () denotes the sigmoid activation function, tanh(-) is
the hyperbolic tangent function, and © represents element-
wise multiplication. The operator Conv2D(-) applies a 2D
convolution over the spatial dimensions. Here, X, is the input
at time step n, Z,_; is the previous hidden state, and S,
denotes the current cell state.

APPENDIX B
U-NET

U-Nets were originally introduced for biomedical image
segmentation in [36] and have since become a standard denois-
ing backbone in diffusion-based generative models due to
their strong ability to capture hierarchical spatial features. The
U-Net architecture follows an encoder—decoder design, where
the encoder progressively downsamples the input to extract
latent representations, while the decoder upsamples and recon-
structs the output using both learned features and skip
connections from the encoder.

The network begins with an initial 3 X 3 convolution that
projects the two input channels (real and imaginary CSI
components) into 32 feature channels. These features then
enter the encoder path. To incorporate temporal condition-
ing on the diffusion step ¢, we embed the scalar timestep
using sinusoidal positional encodings, followed by a two-layer
multilayer perceptron (MLP) that maps the embedding to a
256-dimensional vector. This timestep embedding is injected
into every residual block via adaptive conditioning, allowing
the denoising process to depend on the current stage of the
diffusion process.

The encoder consists of two resolution stages. The first
down block is a standard convolutional block operating on
32 channels. It applies two residual blocks, each conditioned
on the timestep embedding, followed by a 2 x 2 spatial
downsampling that reduces the resolution from Ny x N,
to Ny/2 x N./2. The second down block is an attention-
augmented convolutional block that increases the channel
width to 64. It applies two residual blocks, each followed by
a self-attention layer with a single-head attention mechanism.



21430

The outputs of these down blocks are stored and later used as
skip connections to improve reconstruction fidelity.

At the bottleneck, the network operates on 64 channels at
a spatial resolution of Ny/2 x N./2. This mid block consists
of a residual block, followed by a self-attention layer, and
another residual block. These layers are also conditioned on
the timestep embedding. Including attention at the bottleneck
enables the model to capture global dependencies between
antennas and subcarriers.

The first up block is an attention-augmented up block that
merges bottleneck features with the skip connection from the
second encoder stage, applying three sequences of residual
and attention layers. The second up block is a standard up
block that fuses features with the first encoder skip connection,
applies three residual blocks without attention, and upsamples
back to the original Ny x NN, spatial resolution.

Throughout the network, the residual blocks use the Sig-
moid Linear Unit (SiLU) activation function. Specifically,
every residual block inside the encoder, bottleneck, and
decoder applies the sequence: Group Normalization — SiLU
activation — Convolution. Additionally, after the final decoder
stage, the features pass through a group normalization layer
and another SiLU activation before the concluding 3 x 3
convolution, where no activation function is applied after the
final convolution.

APPENDIX C
DIT

DiT adopts a Vision Transformer (ViT)-style architec-
ture and incorporates timestep conditioning via adaptive
LayerNorm-Zero (adaLN-Zero). The overall architecture
includes patch embedding, positional embedding, timestep
embedding, and a Transformer block with specialized adaptive
layer norm modulation. In particular DiT is similar to a ViT
design that processes 2D images as a sequence of patch
embedding with learnable positional encoding and stacking
Transformer encoder blocks. DiT further applies embedding
to diffusion timesteps using sinusoidal functions and an MLP.
It also considers the conditioning input to every Transformer
block using adalLN-Zero. _

Let the noisy input at diffusion step ¢ be denoted as H; €
R2*NexNe  The model operates on non-overlapping patches
of size P x P with P = 4. A strided convolution with kernel
and stride equal to P performs the patchification and per-patch
projection, yielding a sequence of tokens Zo € RT*P where
T = (Ny/P) - (N./P) is the number of patches and D =
128 is the hidden size. To preserve spatial arrangement after
flattening, a learnable positional embedding P € R1*TxD jg
added to the patch embeddings, giving Xy = Zg + P.

The scalar diffusion index ¢ is mapped into a high-
dimensional representation using sinusoidal functions ¢(t) €
R¥ with F' = 256. This is subsequently projected through a
two-layer MLP with SiL.U activation to the model width, pro-
ducing the timestep embedding ¢ € RP*P. This embedding
conditions every block through adalLN-Zero.

The Transformer stack is composed of L = 8 DiT blocks.
Each block first processes the conditioning vector ¢ using
a modulation with a single-layer MLP and SiLU activation
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to produce six sets of vectors: scale, shift, and gate param-
eters for both the attention and MLP sublayers. Specifically,

we obtain  §™5®, ymsa gmsa gmip smlp gmlp) “ajjjip RBXD,
Given input tokens X, the modulation is applied to LayerNorm
outputs as

AdaLN(X;d,v) = LN(X)®(14+~]:, None, :]) + d[:, None, :],

where broadcasting is over the token dimension. The block
then computes

U = MHSA(AdaLN(X; 8% ~5%)) (45)
X ¢ X + g™?[:, None, :] ® U, (46)
V = MLP (AdaLN(X; 8", 7)) 47)
X « X + g™P[:,None,:] ® V. (48)

The multi-head self-attention employs H, = 8 heads, so each
head has width D/H, = 16. The feed-forward MLP expands
the hidden dimension to pD = 256 with Gaussian Error Linear
Units (GELU) nonlinearity before projecting back to D.

After the final block, another adalLN modulation and a linear
projection with a single-layer MLP and SiLU activation map
each token to 2P? output values, corresponding to a patch
of size P x P with C channels. An inverse patching step
reconstructs the spatial tensor H € R2XNexNe

To ensure stable training under high-noise conditions, the
weights producing the modulation vectors and residual gates,
as well as the final linear projection, are initialized to zero.
Consequently, the model behaves as an approximate identity
function at initialization. The adopted configuration uses P =
4, D =128, L = 8, H, = 8, and an MLP expansion ratio
of p = 2.0, which balances global modeling capacity with
computational efficiency for CSI prediction tasks.

APPENDIX D
3D U-NET

We extend the U-Net architecture to a 3D variant in order
to model the spatio-temporal structure of CSI volumes. The
network takes as input a stack of frames consisting of both
the observed past and the future frames concatenated along
the temporal dimension, and augments the channel dimension
with a binary mask channel (1 for past frames and O for future
frames) to distinguish between conditioning and prediction
targets.

The diffusion timestep ¢t is embedded using sinusoidal
position encodings followed by a two-layer MLP that projects
the embedding to a 256-dimensional vector. This embedding
is injected into every residual block to enable adaptive condi-
tioning on the current stage of the diffusion process.

The encoder begins with an initial 3D convolutional block
that projects the (2+41) input channels (real, imaginary,
and mask) into 32 feature channels. It then applies three
downsampling stages with output widths of 64, 128, and
256, respectively. Each 3D convolutional block contains two
3x3x3 convolutions, each followed by Group Normalization
and SiLU activations, with the timestep embedding added
between the two convolutions. After each stage, the spatial
resolution is reduced by half via maxpooling, while preserving
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the temporal dimension. Skip connections are extracted from
the outputs of each 3D convolutional block before pooling for
use in the decoder.

At the bottleneck, the network applies another 3D convo-
lutional block with 256 channels, followed by a self-attention
layer that performs multi-head self-attention only along the
temporal axis while treating each spatial location indepen-
dently. This allows the model to explicitly capture temporal
dependencies between CSI frames while keeping the compu-
tational cost independent of the spatial size.

The decoder mirrors the encoder and consists of three
upsampling stages. Each block begins with a 3D transposed
convolutional block layer that upsamples only the spatial
dimensions, concatenates the result with the corresponding
skip connection, and processes the combined features to fuse
spatial and temporal information. The channel dimensions are
reduced progressively from 256 — 128 — 64 — 32, while
the temporal resolution remains constant.

Finally, a 1x1x1 convolution maps the 32 feature channels
to the two output channels representing the real and imaginary
parts of the predicted future CSI. Since the input volume
includes both past and future frames, only the last frames of
the output are retained to produce predictions.

Within every 3D convolutional block, the operations are
applied in the following order: Convolution — Group Normal-
ization — time-embedding addition — SiLU — Convolution
— Group Normalization — SiLU. Thus, the SiLU activation
is consistently used in all residual blocks across the encoder,
bottleneck, and decoder. The multi-head self-attention layer
does not use any activation internally and relies on the
surrounding residual blocks for nonlinearity. No activation is
applied after the final convolution to allow the network to
produce unconstrained outputs.
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