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Abstract. Accurate channel state information (CSI) is
essential for multiple-input multiple-output orthogonal fre-
quency division multiplexing (MIMO-OFDM) systems, yet
fast time-varying channels pose significant prediction chal-
lenges. Traditional approaches fail under high mobility,
while deep learning methods rely heavily on large labeled
datasets, limiting generalization with scarce training data.
Although large language models (LLMs) show promise,
their massive parameter count hinders deployment on re-
source-constrained edge devices. This paper proposes
a lightweight, end-to-end CSI prediction framework built
upon a general LLM. A time-frequency dual-domain feature
extraction module captures subcarrier correlations and
temporal dynamics from historical CSI, overcoming single-
domain limitations. The end-to-end design maps historical
CSl directly to future states, avoiding error propagation in-
herent in explicit channel estimation. Parameter efficiency
is achieved through low-rank adaptation (LoRA) combined
with knowledge distillation from a pre-trained LLM, ena-
bling effective few-shot learning at low computational cost.
Simulations demonstrate that the proposed scheme delivers
robust prediction accuracy across diverse mobility scenar-
ios, maintains strong performance under limited training
data, and exhibits zero-shot cross-scenario generalization,
significantly outperforming both conventional and deep
learning baselines in TDD and FDD modes.
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1. Introduction

Massive multiple-input multiple-output (MIMO) tech-
nology and orthogonal frequency division multiplexing
(OFDM) are core foundational technologies for 5G and 6G
wireless communication systems. The combination of
MIMO and OFDM forms the dominant MIMO-OFDM
transmission framework that significantly improves system
spectral efficiency and transmission reliability [1]. Channel
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state information (CSI) refers to a set of critical parameters
in wireless communication systems, which characterize the
effects of the channel on signal transmission. Specifically,
these parameters capture the channel fading, path loss, and
interference characteristics between the transmitter and re-
ceiver. They further serve as the foundation for dynamically
adjusting beamforming weights and optimizing resource al-
location strategies, such as subcarrier and power allocation.
Theoretically, the performance of massive MIMO is gov-
erned by the accuracy of the CSI [2], [3]. Only with accurate
CSl can a system fully exploit the advantages of MIMO in
spatial multiplexing and diversity gain, and thereby ensure
high-speed, low-latency communication quality [4].

However, acquiring accurate CSI remains a persistent
challenge in modern wireless communication systems [5].
First, pilot contamination introduces inherent inaccuracies to
initial CSI estimation [6]. As pilot signals are often reused
among users or cells, mutual interference contaminates
channel estimation and reduces CSI fidelity. Second, feed-
back induced latency and imperfections in frequency divi-
sion duplex (FDD) systems exacerbate CSI degradation [7].
In FDD architectures, user equipment (UE) must quantize
and transmit estimated downlink CSI to the base station (BS)
via low-rate uplink feedback channels. This process inevita-
bly introduces signaling overhead and delay, making the CSI
obtained at the BS outdated, especially under fast time-var-
ying channels. Third, UE mobility emerges as a critical bot-
tleneck, particularly in high-speed scenarios [8]. Rapid UE
movement shortens channel coherence time, leading to fast-
varying channel characteristics that render previously esti-
mated CSI obsolete and unusable for key techniques like
multi-user precoding. When combined with feedback la-
tency, this mobility induced channel variation further widens
the gap between the BS’s stored CSI and the actual channel
state [9], [10].

To address these issues and obtain high quality CSI in
dynamic environments, conventional approaches primarily
rely on three strategies, increasing the density of pilot signals
[11], enhancing channel estimation algorithms [12], [13], or
optimizing channel interpolation schemes. However, these
methods face inherent limitations. For example, the number
of pilot signals must increase rapidly with UE speed to track
fast CSI variations. This reduces the effective data rate and
increases energy consumption, making it impractical for
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high-mobility scenarios [14]. An alternative approach to bal-
ance CSI quality and overhead is channel prediction, lever-
aging temporal correlations between historical CSls and fu-
ture CSls [15].

Existing channel prediction methods face inherent lim-
itations. Model-based approaches heavily rely on idealized
propagation assumptions, leading to degraded accuracy in
real-world multipath environments. Deep learning-based
methods typically treat CSI prediction as pure time-series re-
gression, overlooking space-time-frequency coupling char-
acteristics, which limits generalization under high-mobility
scenarios. Meanwhile, emerging large language models
(LLM) based prediction solutions, although exhibiting
strong cross-domain adaptation, suffer from massive param-
eter sizes and prohibitive inference costs, rendering them un-
suitable for edge deployment [16], [17]. A comprehensive
review and comparison of existing approaches is provided
in Sec. 2.

Motivated by this, we propose a lightweight LLM-
based channel prediction method. Specifically, based on the
Qwen2.5-Math-1.5B model [18], we introduce a series of
adaptive optimizations and targeted enhancements tailored
to the unique requirements of CSI prediction, including
cross-domain transfer learning, parameter fine-tuning, and
the integration of data alignment techniques. These improve-
ments collectively yield an efficient and accurate CSI pre-
diction scheme, which is well-suited for MIMO-OFDM sys-
tems. The main works of this paper are summarized as
follows:

e An end-to-end lightweight LLM based CSI prediction
framework for high-mobility MIMO-OFDM systems
is proposed. The end-to-end architecture directly maps
historical CSI to future states, circumventing cascaded
errors from explicit channel estimation in conventional
multi-stage workflows.

e Atime-frequency dual-domain feature extraction mod-
ule is developed to simultaneously capture frequency-
domain subcarrier correlations and time-domain tem-
poral evolution characteristics from raw CSI se-
quences. This overcomes the inherent limitations of
single-domain feature extraction and enhances the
characterization of multi-dimensional CSI dynamics.

e We enable effective few-shot learning by combining
low-rank adaptation (LoRA) with knowledge distilla-
tion (KD) from pre-trained LLMs. This significantly
reduces computational complexity and trainable pa-
rameters while retaining strong generalization perfor-
mance, making the framework suitable for resource-
constrained devices.

The remainder of this paper is organized as follows.
Section 2 reviews related works on channel prediction. Sec-
tion 3 presents the system model for MIMO-OFDM channel
prediction. Section 4 describes the proposed lightweight
LLM-based CSI prediction framework, including the time-
frequency dual-domain preprocessing module, KD strategy,
and LoRA-driven fine-tuning mechanism. Section 5 pro-

vides the experimental setup and analyzes the simulation re-
sults. Finally, Section 6 concludes the paper.

2. Related Works

Current channel prediction approaches can be broadly
categorized into three types: model-based methods, deep
learning-based methods, and physics-informed hybrid meth-
ods. Model-based prediction techniques primarily include
parametric models [19] and autoregressive (AR) ap-
proaches. However, their effectiveness heavily relies on pre-
defined propagation assumptions. Owing to the complex
multipath characteristics of real wireless channels, mis-
matches between assumed and actual channels limit predic-
tion accuracy [20]. In contrast, deep learning-based meth-
ods, including deep neural network (DNN) [21], recurrent
neural network (RNN) [22], [23], gated recurrent unit
(GRU) [24], long short-term memory (LSTM) [25], [26],
convolutional neural network (CNN) [27], generative adver-
sarial network (GAN) [28], [29] as well as conventional
Transformer [30], [31], achieve better fitting capability than
model-driven solutions. Nevertheless, most existing deep
learning methods regard CSI prediction as pure time-series
regression and neglect the inherent space-time-frequency
coupling of path loss, multipath and shadow fading, result-
ing in poor generalization under high-speed and time-vary-
ing scenarios. This limits their generalization and practical
flexibility. Some improved deep learning variants have been
proposed to alleviate these defects. In [32], comprehensive
experimental comparisons are conducted among typical neu-
ral networks including CNN, RNN and Transformer under
various moving speeds to reveal their practical pros and
cons. Different from common deterministic prediction, the
conformal Bayes filtering architecture in [33] combines
quantile regression and Bayesian filtering to implement un-
certainty evaluation for CSI prediction results. In addition,
KD is utilized to shrink network size for CSI feedback tasks
in [34]. Even with these optimizations, physics-informed hy-
brid networks and the above improved models still cannot
fully resolve the drawbacks of unreasonable feature fusion
and poor environmental adaptability.

LLMs exhibit strong modeling and generalization abil-
ity, showing great potential in time-series analysis. Recently,
several works have begun to explore LLM-based channel
prediction [35]. For single time-series CSI input, reference
[36] adapts the native next token prediction of generative
pre-trained transformer-2 (GPT-2) to realize variable length
input, while reference [37] further constructs cross-modal
semantic alignment between CSI features and text embed-
ding, and adopts attention-based KD to obtain lightweight
student model with outstanding limited-data performance.
To exploit propagation environment information, sensing-
aided LLM reference [38] fuses integrated sensing and com-
munication (ISAC) echo and communication CSI. Besides,
reference [39] adopts a cloud-edge collaborative architecture
and introduces image and light detection and ranging
(LiDAR) information to mine environmental features for
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Category | Reference Solution Base Model Lightweight | Few-Shot | Generalization Use Case
Model- Prony + PFT High-speed terrestrial
driven [19], [20] parametric modeling AR [ Prony v X Weak MIMO

DL-RNN | [22]-[26] Rec”rr':g”rtet;:i“;fe“es LSTM/GRU/RNN v X Weak Ordinary cellular links

DL-CNN/ | [27], [28], 2D feature + CSI repair & MIMO

GAN [29] adversarial generation RNN/LSTM/GRU v X Weak fitting
DL- Self-attention long- . Single-scene high-
Transformer [30], [31] sequence modeling Vanilla Transformer X X Strong dynamic MIMO
LLM- [35], [36], CSl token + LoRA : General 6G multi-
Vanilla [39], [41] fine-tuning GPT-style LLM v Strong Moderate scenario
Modal alignment + LLaMA-3-1B + . Common multi-user

LLM-KD [37] knowledge distill LoRA X Partial Moderate MIMO
LLM- [38], [40] GPT2+Conv_LSTM GPT-2 X Partial Moderate Sensmg—alde_d [ OTFS
Custom cross-fusion satellite

Proposed . Dual-domain input + DeepSeek-R1- High-mobility MIMO-

Framework This work LoRA fine-tuning Distill-Qwen-1.5B v Strong strong OFDM

Tab. 1. Comparison of model-driven, DL-based and LLM-based channel prediction methods.

channel prediction and beamforming, together with a pro-
posed multimodal LLM framework. For low Earth orbit
(LEO) satellite links, the scheme in [40] compresses channel
dimensions and adopts LORA fine-tuning, and builds a pre-
diction framework tailored for systems combining orthogo-
nal time frequency space (OTFS) and fluid antenna system
(FAS). The model in [41] leverages multimodal data and
zero-shot learning for universal channel prediction, yet it
suffers from excessive parameters and insufficient special-
ized dataset support. For a clearer illustration of the pros and
cons of mainstream prediction solutions including generali-
zation ability, lightweight property and practical deployment
conditions, a comprehensive classification summary is pro-
vided in Tab. 1.

Benefiting from pre-trained knowledge, LLMs can
quickly adapt to diverse channel environments, overcoming
the heavy reliance on scenario-specific data of traditional
methods. However, LLMSs usually have massive parameters,
resulting in low inference speed and high computation cost.
For example, the 175B-parameter GPT-3 requires at least
350GB graphics processing unit (GPU) memory under half-
precision floating-point (FP16) [42], making it difficult to
deploy on resource-limited edge devices such as mobile
phones and embedded systems. For next-generation wireless
communications that require accurate, efficient, and edge-
deployable CSI prediction, developing lightweight LLM-
based channel prediction models with balanced performance
and resource cost has become an important research
direction.

3. System Model

As illustrated in Fig. 1(a), we consider a massive
MIMO-OFDM downlink system deployed for autonomous
vehicle communications inside logistics industrial parks,
operating with N orthogonal subcarriers. The BS employs
a uniform planar array (UPA) in the x-z plane, composed of
Ni=Nyxx N, transmit elements, with respective antenna
spacings dx and d;, as shown in Fig. 1(b). The UPA is
configured and capable of resolving the direction of depar-
ture (DoD), which is characterized by the azimuth angle

0 € [-r, ) and the elevation angle ¢ € [-n/2, n/2). The UE
is equipped with N, receiving antennas, which form a uni-
form linear array (ULA) and enable the resolution of the di-
rection of arrival (DOA). To optimize downlink transmis-
sion strategies, the BS conducts channel prediction in a high-
mobility scenario, where the UE moves rapidly, and data is
transmitted over time-varying fading channels. With pilot
symbols interleaved in the transmitter’s data stream, we use
CSls from P historical time steps to forecast the CSls for the
following L future time steps.

3.1 Channel Model

Adopting the classic clustering based multipath chan-
nel model [43], we assume there are U paths in a multipath
propagation environment, which are divided into N clusters
using a clustering algorithm. Each cluster contains M paths
with similar delay or angular spread (satisfying U = N x M).
The downlink CSI between the BS and the UE at the i-th
time and k-th frequency can be modeled as the linear super-
position of multipath components [44]:

Hi = iapst ((op .0, )Sr (pp )ej (2n{oyinr=ryies) ) @
p=1

where H,, e C""**, j=/[-1. At and Af are the symbol
duration and subcarrier spacing, respectively. For the p-th
propagation path, a,, zp, and ¢, denote the complex path gain,
propagation delay and random phase, while ¢y, 6,and p, rep-
resent the elevation angle of departure (EAD), azimuth angle
of departure (AOD) and azimuth angle of arrival (AOA). wy
stands for the Doppler frequency shift of the p-th path and is
formulated as @, = (vf cosgy) / ¢, where v is the instantane-
ous velocity of the UE at time t, c is the velocity of light, and
#p denotes the angle between the electromagnetic wave
propagation direction and the UE’s velocity vector. The
three-dimensional spatial steering vector of the p-th path,
st(pp, 0p) € CMN=*1 characterizes the elevation and azimuth
angles of the path and is expressed as [45]:

5 (0,.0,) = vee(v, (2,.6,) 8V, (,.6,) ) @
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Fig. 1. An illustration of system model.

where V(gp, 85) € CN=** and vy(¢p, 85) € C* 1! are the ver-
tical and horizontal steering vector, respectively. vec(:) de-
notes vectorization operation, ® denotes the Kronecker
product, and the superscript T denotes the transpose. Let
u=2n/A where 1 is the carrier wavelength, The steering
vectors v;(pp, 6p) and vx(gp, Gp) can be derived as:

VX ((/)p , ep ) _ [l, ejudxcos P08 6, e eju(Nx —1)dyc0s ¢,Cos 6, ]T : (3)
VZ ((/)p , ep ) _ [l, ejudzcos Ppsin 6, e eju(NZ—l)chos Ppsin 6, ]T ) (4)

si(pp) is the receive array response vector and can be
expressed as [45]:

s (,0 ):I::]_1eju[i,sin,<7P ejud,(Nrfl)sinpP ]T (5)
r p ’ ’
where d; denotes the spacing between the ULA antenna
elements of UE.

The channel response matrix at the i-th time and k-th
subcarrier for a MIMO-OFDM system with N; transmit
antennas and N, receive antennas can be expressed as:

Njar Mias LT
! ) h.
— k.12 k,2,2 kN, 2
Hio=| ™ " M (6)
han,  Mcan, B,

where hixmn denotes the multipath channel response be-
tween the m-th transmit antenna and n-th receive antenna.
Even for paths within the same cluster, their parameters can
differ slightly; each scatterer may exhibit distinct reflection
angles for its corresponding paths, while it is also common
for different paths to share one or more identical parameters.
Derived from (1) and (6), the integrated CSI across all sub-
carriers at the i-th time step can be expressed as:

SHT ()

where the superscript symbol H denotes the conjugate
transpose, and N¢ is the number of subcarriers. H; is
an Ny x Nex N CSI tensor that aggregates the N;x N;
channel response matrices Hix (k=1, 2,..., N¢) across all
subcarriers at the i-th time step.

H, =[H\ HY

3.2 Signal Model

Considering transmit precoding at the BS, the received
downlink signal of the UE at the k-th subcarrier and the i-th
time can be derived as:

Yik = Hii_,‘kCi,kXi,k +N; (8)

where yix € CN*1, xix € CN =1 and nijx € CN* ! are the re-
ceived signal vector, transmitted data symbol vector and the
additive white Gaussian noise (AWGN) with noise power
on?, respectively. Hix e CN*N and Cix € CN*Ner gre the
channel and transmit precoding matrixes, where Ng < (Nt, Ny)
denotes the number of data streams.

3.3 Problem Formulation

In the time division duplexing (TDD) based MIMO-
OFDM systems, uplink and downlink share the same fre-
quency band, leading to approximate channel reciprocity.
This allows downlink CSI to be directly predicted from up-
link CSI. For FDD systems, channel reciprocity does not
hold due to frequency-division duplexing. Instead, downlink
CSl estimated at the UE is fed back to the BS via the uplink,
albeit with associated delay and signaling overhead. From
a carrier perspective, both TDD uplink CSI and FDD down-
link CSI represent carrier channel state information. In both
scenarios, historical and future CSI are correlated. A well-
designed learning model can extract spatiotemporal correla-
tion patterns from historical CSI to establish a mapping ¥:
past CSI—future CSI. Thus, the downlink channel predic-
tion problem for both TDD and FDD can be described as
learning a functional mapping from P historical CSI time
steps to L future CSI time steps, expressed as:

{Hi+1l"'vHi+L}:T({Hi—Pﬂ’”"Hi}) ©

where W(-) denote the mapping function, i is the current time
step. P and L are the numbers of historical and predicted fu-
ture time steps. Determining an effective nonlinear mapping
function poses a significant challenge due to the inherent
complexity and dynamic spatiotemporal variations of wire-
less environments. Traditional model-based designs often
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Fig. 2. Anillustration of CSI prediction model.

struggle to achieve this, especially when the number of chan-
nel parameters becomes sufficiently large in rich, time-var-
ying transmission scenarios.

In this paper, we propose a novel approach based on
a lightweight pre-trained language model to address the
downlink CSI prediction problem. The objective is to lever-
age its powerful capabilities in sequence modeling and long-
range dependency capture to achieve higher prediction ac-
curacy and superior generalization compared to traditional
deep learning networks. The problem is formulated as:

L.~ 2
z,:,"Hm - Hi+| E
Z|L:1"Hi+l "|2:

): gA(Hi,pﬂ,...,Hi)

mAin NMSE = E

.t

where Hi.| and Hi. represent the predicted and actual
downlink CSI at time i+1, respectively, while
Hi_p+1, ..., Hi denote the actual historical CSI over P time
steps. || ||F? is the squared Frobenius norm, which compre-
hensively measures the deviation between predicted and true
CSI across temporal, frequency, and spatial dimensions,
making it a standard evaluation criterion in channel predic-
tion. ga(-) is the concrete implementation of the true map-
ping function W(-), with A being the hyperparameter space
of the lightweight LLM. Training parameters are tuned dur-
ing the training process to minimize the normalized mean
squared error (NMSE) metric, which quantifies the proxim-
ity between ga(-) and ¥().

(10)

N

Hi+j""’I:|i+L

4. LLM Based CSI Prediction Model

LLMs are general purpose models for natural language
processing (NLP) and cross-modal tasks, and lightweight
domain specific variants are typically adapted from pre-
trained base models via two mainstream approaches: fine-
tuning techniques (e.g.,, LoRA) to embed domain
knowledge, and KD to reduce model parameters while re-
taining teacher-model performance for edge deployment.
Figure 2 illustrates the lightweight LLM based CSI predic-
tion model, optimized using KD and LoRA fine-tuning.

Aligned with standard LLM architectures, the model com-
prises three core components: input preprocessing and em-
bedding, a pre-trained LLM backbone, and an output projec-
tion module.

4.1 Input Preprocessing and Embedding

As shown in Fig. 2, the prediction model takes the fre-
quency domain historical CSI sequence X e CP*Nr=NexNe a9
input. To satisfy the real-valued input requirement of the
LLM, the real and imaginary parts of the complex frequency
domain CSI over P time steps are split into two real valued
dimensions, forming a real-valued tensor
Xi[l] € R2*NexNexNewiith e {i—-P+1,i—-P+2,... i},
where the dimension 2 corresponds to the real and imaginary
parts. Since the time domain contains delay information that
helps capture channel characteristics, we transform the fre-
quency domain CSI into the time domain via inverse fast
Fourier transform (IFFT) to jointly exploit both domains.
For IFFT efficiency, if N¢ is not an integer power of 2, the
frequency domain sequence is zero-padded to length 2 ogaNe]
where[ - | denotes the ceiling function. The resulting real val-
ued time domain representation is Xq[l] € RP *NrxNexNe con-
sistent with the frequency domain tensor dimension.

Subsequently, both X¢[I] and Xg4[I] are flattened to fit
the sequence input format of the LLM: for each time step,
the four dimensions (transmit antennas N, receive antennas
Nr, subcarriers N¢, and real/imaginary parts) are flattened
into a one-dimensional vector. The vectors from the P time
steps are then concatenated in chronological order to form
the frequency domain sequence X € RP*Mand the time-do-
main sequence Xq € R”*M, where M = 2 x Ny x Ny x Ne.

Feature Extracting Weight Excitation Residual

! (Raw Patch Feature)

scaled ¥ Xra

X patch

Weight Normalization

Global Feature Squeezing

Fig. 3. Aniillustration of CSI feature module.
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To ensure that the CSI features from both the frequency
and time domains are weighted equally during LLM training
and prevent a single dimension from dominating the model
learning due to excessively large values, Z-score normaliza-
tion is applied to normalize the data from these two domains.
The normalized value is computed as:

- X —-n
X =2t (11)
where Xi, denotes the input frequency or time domain CSI
sequence, win and oy, are its mean and standard deviation,
respectively. To match the dimensionality for subsequent
processing, the normalized sequences are rearranged into
non-overlapping patches, resulting in P=P/NeZ
patches, resulting in Xpaen € R”V*M where N is the patch-
ing size.

Next, CSI attention weights are added to the time and
frequency sequences. As shown in Fig. 3, the main process
consists of four steps: feature extraction, global information
compression, attention weight generation, and feature
weighting enhancement. The input is the reordered CSI se-
quence Xpaen. First, two convolutional layers capture the
channel correlations between subcarriers and antenna pairs,
yielding Xeonvi = conv2(conv2(Xpaen)). Then, a global aver-
age pooling (GAP) layer compresses Xconv1 along the time
step dimension to extract global features within each patch.
Subsequently, a fully connected (FC) layer reduces the di-
mensionality of these global features, followed by a ReLU
activation function to introduce nonlinearity; another FC
layer restores the dimension, and a Sigmoid activation func-
tion generates the attention weight matrix W, where all ele-
ment falls within the range [0, 1], representing the im-
portance of different subcarriers, antenna pairs, and
real/imaginary components. This process is formulated as:

W= Sigmoid(FC(ReLU (Fc(GAP(xm))))). (12)

Through weight application and residual connection,
the attention enhanced output of the CSI is obtained:

XRA = W O x patch (13)

where © denotes element-wise multiplication, and W,
Xeonv, Xpatcn Share the same dimension of R?>V*¥,

+X

convl

After passing through the CSI attention module, the
outputs of Xr and Xg are fused and projected to X’sg € RP7,
where F is the feature dimension of the pre-trained LLM. To
distinguish between patches at different positions, we intro-
duce a fixed positional embedding module based on the si-
nusoidal encoding principle. It generates a positional embed-
ding tensor Xpa € RP”, and the formulation is defined as
[46]:

sin(l/looogj, ifi iseven
Xoa (i,1) = (14)

cos(l/lOOOFj, if i is odd

where i € {1,2,...,F} denotes the feature dimension index,
| e {1,2,...,P} denotes the patch position index. The final
output of the preprocessing and embedding module is ob-
tained as Xegg=X’rg+ Xpa € R™”". Notably, an adaptive
weighting mechanism is omitted to preserve the original po-
sitional information of Xea, Which is critical for accurately
reconstructing CSI in OFDM systems, as positional features
directly correspond to the temporal order of channel varia-
tions. This design choice mitigates the potential overfitting
of these essential features during the network training.

4.2 Pre-trained Lightweight LLM

To balance the accuracy and efficiency of CSI se-
quence prediction, we selected Qwen2.5-math-1.5B as the
base lightweight LLM and enhanced it using KD. The choice
of Qwen2.5-math-1.5B is based on two primary reasons:
first, its parameter count is moderate, aligning with our re-
source constraints; second, its causal decoder architecture
perfectly matches the dependent nature of CSI sequences,
enabling effective utilization of historical information for fu-
ture forecasting. To further enhance its capability to capture
the temporal evolution and multipath propagation character-
istics of CSI, we employed KD to transfer generalization
knowledge from a larger pre-trained model to this light-
weight one.

A. KD for Model Compression

KD is a model compression technique whose core con-
cept involves transferring knowledge from a high perfor-
mance large model (termed the teacher model) to a smaller
model (termed the student model). This transfers the
teacher’s generalization capabilities to the student, thereby
enhancing the student model’s performance while achieving
model compression. The specific workflow is illustrated in
Fig. 4.

First, the teacher model is trained on a large-scale da-
taset Dgen to achieve superior performance. Its Softmax layer
is configured with a temperature parameter Tem Scaling the

DataSet Dyasx DataSet Dgep,
Training
Teacher Model
1
Pretrained
Teacher Model

A4

Student Model

Softmax
(Ttem :tp)

[ Hard ] Hard [ Soft ]
Labels Prediction Prediction

&>

Fig. 4. An illustration of the KD workflow.
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Total
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Softmax output. Soft labels (probabilistic outputs) are gen-
erated to encode the teacher’s knowledge about the channel
prediction task. Next, the task-specific dataset Di.sk is fed
into the student model. The student model produces two par-
allel predictions: a soft prediction and a hard prediction. The
soft prediction (obtained via Softmax with the same temper-
ature Tem as the teacher model) is used to compute the soft
loss for minimizing the divergence between the student’s
and teacher’s probabilistic outputs. The hard prediction (ob-
tained via Softmax with temperature Tem=1) is used to
compute the hard loss for matching the student’s output to
the hard labels in Drsk, ensuring task-specific fitting. Finally,
the total loss is the weighted combination of the soft loss and
hard loss. During KD training, the student model’s parame-
ters are optimized by minimizing the total loss, which re-
duces the degree of output discrepancy between the student
and teacher, transferring the teacher’s generalization
knowledge to the student. The result is a distillation-opti-
mized pre-trained model adapted for the channel prediction
task.

B. LoRA-Driven Fine-Tuning

To precisely adapt the model to the CSI prediction task,
we perform parameter efficient fine-tuning on the distilled
model using LoRA. The core logic of this fine-tuning pro-
cess is illustrated in Fig. 5. Within grouped query attention
(GQA) module, LoRA matrices are introduced into the pro-
jection layers for the query (Q) and value (V). Taking the
query projection as an example, let the original pre-trained
weight be Wy € RPF, which remains frozen during fine-tun-
ing. LORA introduces two trainable low-rank matrices,
Aq e RP" and Bq € R™F. The Query projection is then up-
dated as follows:

Q=(W,+AB,)X (15)

where X e R®*P>F is the input tensor, r <« F is the rank of
the LORA adaptation, B is the batch size, and P’ denotes the
sequence length.

Similarly, the value projection is updated as:
V= (Wv +AVBV)X : (16)

The projection weight for the key (K), Wk € R™F, re-
mains frozen and relies solely on the pre-trained knowledge.
This design reduces the number of trainable parameters from
O(F?) to O(2Fr), significantly lowering the fine-tuning cost
for while preserving the model's capacity to fit channel char-
acteristics.

The output of the LoRA fine-tuned GQA module is
then fused via addition and embedded with positional infor-
mation using the rotary position embedding (RoPE) tech-
nique. ROPE encodes positional information by applying
2x2 rotation matrices to pairwise feature dimension groups.
The rotation matrix for the i-th group is defined as [46]:

R (m){cos(ma) —sin(mé), )} an

sin(ma)  cos(mé)

Scaled Dot-Product Attention

Softmax

*
Causal Mask

# LoRA Fine-tuning (Trainable)
s Frozen Pre-trained, (Non-trainable)

Fig. 5. LoRA fine-tuning process for the GQA module.

where m € {1,2,...,P’} denotes the position index, and m6;
represents the rotation angle corresponding to position m.
The rotational base frequency 6; is expressed as [46]:

_2(i-1) M
6, =10000 ™ i:1,2,...,? (18)
where M = 2 x Ny x Ny x Ne.
C. Causal Mask

To enforce the auto-regressive temporal constraint in
CSl prediction, a causal mask is applied after the dot-product
operation between Q and K. Let the attention score matrix

be S=QKT/\/d_, where di is the key dimension. The

causal mask M e {0, —oc}**""is defined as [47]:
0, m>0
—00, M<n

M =

m,n

(19)

where m,n € {1,2,...,P’}, m denotes the current position,
and n denotes the attended position. The masked attention
score is then computed as S = S + M. Finally, the attention
weights A are obtained by applying the Softmax function:
A = Softmax(S’). This operation ensures that when predict-
ing the CSI at the current time step, the model can only at-
tend to information from historical and current time steps,
thereby preventing any information leakage from future
states.

4.3 Output Processing

The output layer converts the features from a text-like
representation to the CSI feature space. The process consists
of three steps. First, a two-layer linear mapping is applied to
transform the dimension:

X,y = FC(FC(XLLM )) e R2NNNxL (20)

where FC(-) denotes a fully connected linear layer, and L is
the prediction horizon length. Subsequently, X is reshaped
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into a tensor Xge € RZN<NeNexL The two feature maps along
the first dimension correspond to the real and imaginary
components, respectively. Finally, denormalization is per-
formed using the previously calculated statistics as
Xpe = oin Xre + 2in. The output CSI is then reconstructed in
complex form by combining the real and imaginary compo-
nents:

N

H=Xpe [Li00:]+ X0 [2,0057] - (21)

where j=\/—_1 represents the imaginary unit. This yields
the final predicted CSI sequence in frequency domain.

5. Experimental Results and Analysis

This section presents experimental results to validate
the performance of our proposed lightweight LLM-based
channel prediction method. Experiments are implemented
on a server equipped with one NVIDIA RTX 4090 D (24 GB
GPU memory), Intel Xeon Platinum CPU and 754 GB phys-
ical RAM under Ubuntu 22.04 OS. For software configura-
tion, we adopt Python 3.12.3 and PyTorch 2.3.0 with CUDA
12.1. The LoRA-based fine-tuning is realized via parameter-
efficient fine-tuning (PEFT) 0.19.1. Auxiliary packages in-
cluding Transformers, h5py, hdf5storage, einops, NumPy
and Matplotlib are utilized for dataset processing and result
visualization.

5.1 Experimental Setup

We first configure typical TDD/FDD channel environ-
ments with varying UE speeds based on the channel model
to generate original CSI datasets. The constructed dataset is
split into training, validation and test subsets for full-shot
and few-shot experimental settings. Our LLM-based model
is optimized via LoRA fine-tuning with most backbone pa-
rameters frozen, and prediction accuracy is quantified by
NMSE for subsequent performance comparison against tra-
ditional methods.

The dataset in this paper is generated based on the
3GPP standardized channel model using the stochastic chan-
nel modeling and simulation tool QuaDRiGa! to produce
time-varying CSI data. Since the experiments in this section
focus on validating the prediction accuracy for multi-an-
tenna channels, the BS is configured with a UPA providing
rich spatial-dimensional information, including azimuth and
elevation angles, to generate complex channel characteris-
tics with multiple paths and scenarios. This ensures suffi-
cient training and testing data for the CSI prediction model.

To concentrate the experimental analysis on the predic-
tion accuracy of multi-antenna CSI at the base station side,
the system is configured as a multiple-input single-output
OFDM architecture. The BS is equipped with a 4x4 dual-
polarized UPA (4 elements per dimension), while the UE

! https://quadriga-channel-model.de/

employs a 1x4 ULA (N, = 4). The antenna element spacing
is set to half-wavelength (a standard configuration for
MIMO arrays) to enhance array gain.

The simulation scenarios include 3GPP Urban Macro-
cell (UMa) and non-line-of-sight (NLOS) environments,
modeling a complex channel with 21 scattering clusters,
each containing 20 multipath components. The UE move-
ment follows a linear trajectory model with initial coordi-
nates randomly distributed within the coverage area. The da-
taset is partitioned into 8,000 training segments and 1,000
validation segments, with terminal speeds uniformly sam-
pled between 10 km/h and 100 km/h. The test set comprises
10 equally spaced speed test points (at 10 km/h intervals),
each containing 1,000 segments.

In terms of the operating frequency band, both uplink
and downlink channels are configured with a bandwidth of
8.64 MHz, divided into 48 resource blocks (each corre-
sponds to 180 kHz subcarriers). For the duplexing scheme,
the center frequency of the uplink is set to 2.4 GHz for both
TDD and FDD modes, where FDD achieves uplink-down-
link isolation through adjacent frequency bands. The chan-
nel is assumed to be quasi-static over the P + L = 20 consec-
utive frames considered for prediction (P =16 historical
steps and L = 4 future steps), with a time interval of 0.5 ms.
The patch size and CSI attention processing size are both set
to 4. And the kernel size of all convolutional layers is set to
3x3. The DeepSeek-R1-Distill-Qwen-1.5B model (a light-
weight pre-trained language model) is used as the base LLM,
with a feature dimension of 768.

A comparative framework consisting of traditional pre-
diction algorithms and deep neural network architectures is
constructed for baseline selection, which specifically in-
cludes:

e No-Prediction Scheme: This strategy employs a zero-
prediction approach by directly mapping the latest up-
link CSI. While it avoids prediction errors, it fully re-
tains the information delay caused by channel aging,
providing a crucial baseline reference for evaluating
the effects of channel time-variation.

e CNN [27] Predictor: Innovatively reconstructs the
time-frequency domain CSI matrix into a two-dimen-
sional feature map and constructs a deep architecture
comprising ten 3x3 convolutional layers. This design
captures the joint correlations along the time-frequency
dimensions through a local perception mechanism,
while the deep convolutional stacking enables hierar-
chical feature extraction.

e GRU [24]: As a lightweight variant of LSTM, it em-
ploys synergistic operations of update and reset gates
to reduce the number of model parameters while main-
taining comparable prediction performance. In the
channel prediction task, the GRU is configured with
four layers.
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e LSTM [25]: Built upon the standard RNN, it introduces
memory cells and a triple-gating mechanism (input
gate, forget gate, output gate). The 4-layer stacked
structure significantly enhances the ability to model
long-term dependencies in time-varying channel char-
acteristics.

e RNN [22]: A 4-layer recurrent architecture is con-
structed using the classical EIman network structure,
which transmits temporal information through hidden
states. However, its practical prediction depth is lim-
ited due to the vanishing gradient problem.

PAD [19] Predictor: As an advanced representative of
model-driven methods, this algorithm captures the dy-
namic characteristics of channel variations by con-
structing an 8-order autoregressive model. Its innova-
tion lies in employing a sliding window mechanism to
process 15 historical CSI samples, with prediction pa-
rameters dynamically updated using the least squares
method. This design is particularly suitable for channel
tracking in high-speed mobility scenarios within TDD
systems, as the high-order modeling effectively over-
comes the tracking lag problem caused by rapid time-
varying channels.

To ensure fairness, all comparative experiments are
conducted with identical hardware and environmental con-
ditions. Furthermore, the hyperparameters for each method
are optimized using the same tuning strategy to compare
them at their respective best performance levels. The key
simulation parameters are summarized in Tab. 2.

To comprehensively evaluate the performance of the
proposed scheme, we employ the NMSE as the metric for
assessing model performance. NMSE is a widely used per-

Paremeter Value
uaDRiGa
Channel model (3GPP TR 38,001 GSCM, UMa NLOS)
Center frequency 2.4 GHz
Bandwidth 8.64 MHz (48 RBx180 kHz)
Duplexing TDD and FDD
BS antenna 4x4 dual-polarized UPA
UE antenna 1x4 ULA
Speed range 10-100 km/h
Training samples 8,000
Validation samples 1,000
Test samples 10x1,000
Historical time steps 16
Future time steps 4
Time interval 0.5 ms
Base LLM DeepSeek-R1-Distill-Qwen-1.5B
Hidden dimension 1,536
LLM layers 6 (first 6 of 28)
. Time-frequency dual-domain,
Feature extraction 4 R?es_blgck each
Batch size 256
Epoch 200
Optimizer Adam
Learning rate 0.0001
LoRA configuration r=8a=16
KD temperature T / weight a 4.0/0.5

Tab. 2. Key simulation parameter settings.

formance indicator, commonly utilized to measure the error
between estimated values and true values. Through normal-
ization processing, it eliminates the influence of dimensions,
facilitating result comparison across different scenarios and
directly reflecting the accuracy of channel prediction. There-
fore, in the experiments of this paper, the mean square error
is adopted as the primary indicator.

I (24)

5.2 Performance Evaluation
A. Performance under Time-Varying Speed

The impact of UE mobility speed on channel prediction
accuracy in TDD systems is compared in Fig. 6, with a spe-
cific focus on our LLM-based CSI prediction model (labeled
as DS-1.5B). Experimental results reveal distinct perfor-
mance patterns across different methods as UE speed in-
creases from 10 km/h to 100 km/h.

The NMSE of traditional baseline methods, e.g., CNN,
GRU, LSTM and RNN, generally approaches 0.1 at high
speeds (>80 km/h). For instance, at 60 km/h, CNN and
GRU yield NMSE values of 4.4 x 102and 7.1 x 1072, respec-
tively. This degradation stems from Doppler spread, which
shortens the channel coherence time under high mobility
conditions, making it challenging for these methods to cap-
ture rapidly time-varying channel dynamics. No-prediction
method (labeled as np) directly uses the latest CSI as predic-
tion, exhibits significant errors (NMSE >0.1 even at
20 km/h) and shows a steep increase in error with speed. It
fails to account for channel temporal correlations, making it
unsuitable for dynamic scenarios.

The proposed DS-1.5B model demonstrates consistent
superiority over all baselines across the entire speed range.
This performance gain stems from the time-frequency dual-
domain feature decoupling mechanism, which explicitly
models subcarrier-frequency correlations and antenna-spa-
tial dependencies, enabling accurate capture of CSI varia-
tions under mobility. Even at extreme mobility (100 km/h),
DS-1.5B maintains an NMSE below 5.7 x 1072, achieving
29% and 43% reduction over CNN and GRU, respectively.
Notably, compared to the state-of-the-art PAD method, our
model achieves a 76% NMSE reduction at 80 km/h, which
can be attributed to the strong generalization capability ena-
bled by parameter-efficient fine-tuning via LoRA and vali-
dated its robust modeling capability for rapidly time-varying
channels.

In FDD systems, downlink CSI must be fed back to the
base station via the uplink, a process that introduces inherent
feedback delays (typically ranging from several millisec-
onds to tens of milliseconds). Since channel aging in FDD is
primarily induced by this feedback delay rather than varia-
tions in UE mobility speeds, the performance fluctuation of
the NMSE across different speed scenarios is significantly
mitigated, as examined in Fig. 7.
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Fig. 6. NMSE of each model under different UE speeds in the
TDD system.

DS-1.5B exhibits remarkable stability across the entire
speed range, with NMSE consistently below 0.4, validating
the robustness of the proposed end-to-end lightweight LLM-
driven framework under dominant feedback delay induced
aging. This outstanding stability stems from the time-fre-
guency dual-domain feature decoupling mechanism, which
explicitly model’s frequency-domain subcarrier correlations
to compensate for CSI distortion accumulated during feed-
back delay, rather than relying solely on temporal evolution.
By decoupling and reconstructing channel dynamics in the
frequency domain, DS-1.5B effectively mitigates aging ef-
fects even when temporal information is compromised by
feedback latency.

Traditional baselines including CNN, GRU, LSTM,
and RNN show significantly higher NMSE (~0.6, 50%
higher than DS-1.5B), suffering from limited capability in
exploiting frequency-domain correlations to counteract
feedback-delay-induced errors. The no-prediction method
fails completely (NMSE ~2) due to its inability to account
for channel changes during feedback.

To further evaluate the transmission performance, we
compare the equal-gain-combining-based (EGC-based)
downlink spectral efficiency (SE) of all considered methods
under TDD and FDD systems, with detailed numerical re-
sults listed in Tabs. 3 and 4, respectively. At the transmitter
side, the base station adopts maximum ratio transmission
(MRT) precoding with uniform power allocation across all
subcarriers. The downlink signal-to-noise ratio (SNR) is
fixed to 10 dB, defined as the ratio of transmit power to noise

81 [~ DS-1.58
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Fig. 7. NMSE of each model under different UE speeds in the
FDD system.

power. The achievable SE is calculated by summing the
Shannon capacity over 48 subcarriers. With perfect channel
state information (CSl), the theoretical EGC SE upper bound
reaches 7.91 bit/s/Hz.

From Tab. 3 and Tab. 4, we know that all methods
yield SE values lower than the perfect-CSI EGC upper
bound of 7.91 bit/s/Hz, and the cross-band channel decou-
pling of FDD introduces extra prediction difficulty, leading
to universally degraded SE relative to TDD. In TDD mode,
DS-1.5B attains the highest SE across all moving speeds, de-
livering an average of 7.464 bit/s/Hz (94.3% of the ideal
bound) and a 24.2% SE gain over the no-prediction baseline
at 90 km/h. For FDD scenarios, DS-1.5B still maintains
clear superiority with an average SE of 7.067 bit/s/Hz, out-
performing the second-best RNN by 13% and the no-predic-
tion scheme by 21.4%, while CNN suffers severe perfor-
mance deterioration due to its limited capacity to capture
cross-band channel variations. These observations verify
that accurate spatio-temporal-frequency channel prediction
is critical for sustaining high spectral efficiency, especially
under high mobility and FDD cross-frequency constraints.

B. Few-Shot Performance

To reduce the resource overhead of CSI acquisition and
model training, developing few-shot prediction methods is
of great significance for the rapid model deployment. In this
paper, an experimental scenario with low data volume is
constructed by using only 10% of the dataset for network
training, and the few-shot learning performance of different
models is systematically evaluated.

Speed(km/h) PAD CNN GRU LSTM RNN NP DS-1.5B
30 7.659 7.678 7.599 7.558 7.393 7.344 7.692
60 7.487 7.526 7.433 7.413 7.270 6.513 7.548
90 7.098 7.085 6.767 6.802 6.682 5.759 7.152
Average 7.415 7.429 7.266 7.258 7.115 6.539 7.464
Tab. 3. The SE performance comparison for TDD systems (Maximum achievable SE: 7.91 bit/s/Hz).
Speed(km/h) RNN GRU LSTM NP CNN DS-1.5B
30 6.402 6.216 6.215 5.868 4.798 7.191
60 6.334 6.159 6.198 5.645 4.566 7.022
90 5.995 5.740 5.798 5.946 4.507 6.989
Average 6.244 6.038 6.071 5.820 4.623 7.067

Tab. 4. The SE performance comparison for FDD systems (Maximum achievable SE: 7.91 bit/s/Hz).
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Fig. 8. NMSE of each model under different UE speeds in the
TDD system (few-shot).

As shown in Fig. 8, with the UE speed increases from
10 km/h to 100 km/h, the NMSE of the DS-1.5B increases
from 4 x 1072 to 7.8 x 1072, yet it still maintains a significant
and consistent advantage over other models. Compared with
full-sample training, such stable and superior prediction ca-
pability is attributed to the model’s tailored time-frequency
dual-domain feature extraction module. This module can ef-
ficiently mine robust multi-dimensional channel features
even with limited training samples, enabling the model to
well adapt to the fast time-varying channel conditions
caused by high user mobility.

Traditional baseline methods including CNN, GRU,
LSTM and RNN present relatively high NMSE values and
less stability. For instance, the NMSE values of GRU and
LSTM are notably higher than that of DS-1.5B under all
speed conditions. Their inferior performance in the few-shot
scenario stems from excessive dependence on large-scale la-
beled datasets to learn effective channel patterns, making
them prone to severe overfitting or underfitting when train-
ing data is scarce. In contrast, the proposed framework inte-
grates LoRA with KD from pre-trained large language mod-
els, which drastically cuts down computational complexity
and the number of trainable parameters, realizing efficient
few-shot learning and reliable generalization performance
even with sparse training data.

The no-prediction method achieves relatively low
NMSE at low speeds, but its performance deteriorates
sharply as the UE speed increases. This method fails to cap-
ture the inherent temporal evolution correlations of wireless
channels, especially in the few-shot scenario with limited
historical CSI data, resulting in drastic prediction errors un-
der high mobility conditions. Although the PAD method
outperforms traditional deep learning baselines, it still lags
behind DS-1.5B obviously. The performance degradation of
PAD in the few-shot scenario reveals its limited generaliza-
tion ability from sparse data samples. By contrast, the
knowledge distillation architecture of DS-1.5B enables ef-
fective utilization of pre-trained prior knowledge even in
few-shot cases, which is a core advantage of the LoRA-en-
hanced few-shot learning strategy; this design maintains
strong generalization while lowering resource overhead,

—&— DS-1.58
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Fig. 9. NMSE of each model under different UE speeds in FDD
system (few-shot).

making the framework suitable for resource-constrained
compact devices.

Furthermore, the distinct separation between DS-
1.5B’s performance curve and those of other baselines in
Fig. 8 fully validates its strong generalization capability in
TDD systems with limited training samples. Even as the UE
speed continues to rise, the model can still sustain superior
CSI prediction accuracy, which demonstrates its strong ro-
bustness to both high-mobility-induced channel variations
and data scarcity constraints.

In Fig. 9, we further verified the few-shot learning per-
formance of the proposed method in FDD mode. Traditional
baseline methods including CNN, GRU, LSTM and RNN
exhibit conspicuous performance degradation under this
scenario. Specifically, CNN achieves an extremely high
NMSE value close to 1, which indicates that it is completely
incapable of completing accurate CSI prediction tasks in
FDD systems with limited training samples. GRU, LSTM,
and RNN achieve NMSE values ranging from 6.5x 107! to
7.5x 1071, which are still far higher than that of DS-1.5B.
Their inferior performance is mainly attributed to heavy de-
pendence on massive labeled datasets to capture effective
channel variation patterns, rendering them prone to serious
underfitting when training data is scarce. No-prediction
method performs the worst, with an NMSE value of around
2, which is far beyond the acceptable range for practical
communication. In FDD systems, the inherent frequency-
band separation between uplink and downlink channels
eliminates channel reciprocity, and coupled with limited
training samples, this naive non-prediction strategy becomes
completely ineffective, as it fails to track and compensate for
channel state changes during the CSI feedback process.

Model NMSE Trainable
(TDD 100 km/h) Params
PAD 0.206 0
RNN 0.243 0.31 M
GRU 0.112 0.86 M
LSTM 0.140 1.14 M
CNN 0.088 3.15M
DS-1.5B 0.059 19.66 M

Tab. 5. Performance and parameter comparison.
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Although the non-reciprocity of FDD channels induced
by frequency division duplexing substantially increases the
difficulty of prediction, DS-1.5B still maintains a significant
advantage within the UE speed range of 10-100 km/h. It
demonstrates remarkable stability, with NMSE consistently
maintaining at approximately 6 x 10 across the entire speed
range. This stable performance stems from two core designs
of the proposed framework: the time-frequency dual-domain
feature decoupling mechanism that enables robust extraction
of multi-dimensional channel features, and the integration of
LoRA with pre-trained LLM knowledge distillation that re-
alizes efficient few-shot learning with limited training data.
In FDD systems, feedback delay is identified as the domi-
nant factor affecting CSI prediction error, and DS-1.5B’s ca-
pability to explicitly model the temporal correlations intro-
duced by such delay ensures reliable and accurate prediction
even in data-scarce scenarios.

Notably, the minimal NMSE fluctuation of DS-1.5B as
UE speed increases from 10 km/h to 100 km/h further vali-
dates the conclusion that feedback delay, rather than UE mo-
bility, is the dominant factor affecting prediction error in
FDD systems. Even under the few-shot condition with
sparse training data, the knowledge-distilled architecture of
DS-1.5B enables strong generalization ability, maintaining
stable and superior prediction performance throughout the
tested speed range.

Comprehensive experimental results demonstrate that
the proposed LLM-based CSI prediction algorithm can ef-
fectively reduce the model’s dependence on large-scale la-
beled datasets, while retaining stable and high-precision
channel prediction performance. This unique advantage
makes the framework highly suitable for rapid deployment
in practical communication systems with constrained com-
puting resources, and provides solid feasibility verification
for engineering applications of high-mobility wireless com-
munication.

To further demonstrate the practical advantages of DS-
1.5B over traditional methods, Table 5 compares the predic-
tion accuracy and parameter efficiency across all baselines.
Under the TDD full-shot setup with a UE speed of 100 km/h,
DS-1.5B obtains an NMSE of 0.059, corresponding to a re-
duction of 33.0%, 57.9%, 71.4% and 75.7% against CNN
(0.088), LSTM (0.140), PAD (0.206) and RNN (0.243), re-
spectively. Under few-shot TDD at 100 km/h, DS-1.5B
achieves an NMSE of 0.078, while CNN reaches 0.143 and
LSTM degrades to 0.201. In FDD full-shot mode, DS-1.5B
maintains NMSE between 0.25 and 0.37 across all speeds,
whereas CNN fluctuates between 0.88 and 1.00. In FDD
few-shot mode, DS-1.5B maintains NMSE between 0.47
and 0.61, while CNN fluctuates between 0.92 and 1.01. In
terms of computational efficiency, DS-1.5B requires only
0.15M LoRA adapter parameters (19.66M total trainable pa-
rameters), compared to 3.15M for CNN, 1.14M for LSTM,
0.86M for GRU, and 0.31M for RNN. These results confirm
that the proposed framework delivers state-of-the-art predic-
tion accuracy while achieving a favorable accuracy-effi-
ciency trade-off suitable for resource-constrained edge de-
ployment.

C. Performance of Zero-Shot Generalization

Model generalization capability stands as a critical in-
dicator for practical real-world deployment of channel pre-
diction models. A well-trained and high-quality model
should maintain stable and effective prediction performance
in unseen communication scenarios, with no need for extra
fine-tuning or retraining data. To verify the transfer adapta-
bility of the proposed framework, this paper further evalu-
ates the zero-shot generalization performance under the
TDD system via a zero-shot transfer strategy. Specifically,
all models are fully trained on the 3GPP UMa scenario, and
then directly transferred to the 3GPP urban microcell (UMi)
scenario for testing, with all hyperparameters and network
configurations kept unchanged, completely omitting the re-
training process to simulate a real zero-shot deployment
scenario.

Figure 10 depicts the zero-shot generalization perfor-
mance of all comparison models transferred from UMa to
UM i scenarios in TDD systems, with respect to varying UE
speeds. Two key conclusions can be drawn from the experi-
mental results. Firstly, owing to the faster time-varying char-
acteristics of UMi channel environments, the NMSE values
of all models show an upward trend as the UE speed in-
creases, but the degree of performance degradation varies
drastically among different models. DS-1.5B achieves the
minimum NMSE of only 3.3 x 102 at 20 km/h and the max-
imum NMSE of just 1.21 x 10" at 100 km/h, maintaining the
lowest prediction error across the entire tested speed range.
In contrast, traditional baseline models such as CNN and
LSTM suffer from severe performance fluctuations and
rapid NMSE growth, with CNN’s prediction error spiking
sharply under high-speed conditions, leading to drastic per-
formance collapse. Secondly, DS-1.5B maintains a stable
performance advantage over all baseline models at every
speed point. Its low and steady NMSE confirms that the pro-
posed model captures inherent and generalizable channel
variation patterns from pre-training, rather than overfitting
to scenario-specific features of the UMa environment. Fur-
thermore, the strong robustness of the LLM-driven DS-1.5B
model to high-mobility scenarios highlights its practical
suitability for real-world TDD systems, where UE speeds
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Fig. 10. The generalization ability of the TDD system in the Umi
scenario.
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often fluctuate widely. In summary, the zero-shot transfer
experimental results fully demonstrate that the proposed DS-
1.5B model significantly outperforms all benchmark meth-
ods in terms of prediction error and stability, validating its
superior cross-scenario adaptation capability under varying
channel distribution conditions.

6. Conclusions

This paper presents an end-to-end lightweight LLM
based channel prediction framework for MIMO-OFDM sys-
tems, which fine-tunes the DeepSeek-R1-Distill-Qwen-1.5B
architecture, a distilled version of Qwen2.5-Math-1.5B with
strong mathematical and logical reasoning capabilities. Ben-
efiting from its compact parameter scale, the model is well
suited for deployment on resource-constrained mobile and
edge computing devices. By exploiting historical CSI se-
guences, it can accurately predict future downlink CSI se-
quences for both FDD and TDD systems, thereby alleviating
CSl aging and performance degradation caused by high-mo-
bility propagation conditions. The framework integrates
a time-frequency dual-domain input module, followed by
preprocessing and position embedding to flexibly adapt the
LLM to the CSI prediction task. To enable efficient adapta-
tion to high-mobility MIMO-OFDM scenarios, most model
parameters are frozen, and only the attention mechanism is
fine-tuned via LoRA. Experimental results confirm DS-1.5B
yields NMSE of 0.059 and 0.078 under full-shot and few-
shot TDD at 100 km/h, reducing prediction error by 33.0%,
57.9%, 71.4% versus CNN, LSTM and PAD in full-shot
TDD and by 45.5%, 61.2% versus CNN, LSTM in few-shot
TDD, respectively. For full-range speeds under few-shot
FDD, its NMSE is confined within [0.47, 0.61] against se-
verely deteriorated baselines. Besides, the peak NMSE stays
as low as 0.053 during zero-shot UMa-to-UMi migration
without retraining, demonstrating prominent prediction su-
periority and robust cross-scenario generalization. With
merely 0.15M LoRA adapter parameters among 19.66M to-
tal trainable parameters, the framework is readily deployable
on resource-constrained edge devices. Future work will fo-
cus on validation with real-world channel measurements and
further latency optimization. To promote reproducibility, the
the source code for this simulation-based study is publicly
available at https://github.com/cjx12363/DS-1.5B.

Several directions remain for future investigation to
further improve the proposed method. First, the current val-
idation is conducted solely based on QuaDriGa simulation
data, and real-world measurement datasets need to be intro-
duced for more practical verification. Second, although the
model exhibits promising cross-scenario generalization, its
robustness and adaptability under extreme channel condi-
tions (e.g., ultra-high mobility) still require further valida-
tion. Third, the overall system design can be further opti-
mized to meet the strict requirements of ultra-low-latency
communication applications. These limitations provide clear
guidance for our future research and improvement.
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