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Abstract

We study adaptive machine learning (ML)-based Proportional Fair (PF) scheduling
for MIMO networks under non-stationary channel conditions, which are increas-
ingly prevalent in dense MIMO deployments with complex scattering environments.
Traditional PF schedulers face the trade-off limitations between utility and latency,
whereas conventional ML-based schedulers, although balancing utility and latency
better, degrade under changing channel distributions. We propose a Node-and-Edge
Attention Graph Neural Network (NEA-GNN) that exploits both MIMO network
structure and PF scheduling criteria. NEA-GNN employs attention-based message
passing to jointly capture inter-user interference patterns and per-user metrics,
enabling high transmission fairness and throughput while achieving low adaptation
overhead, improving long-term utility under dynamic channels. Experiments over
simulated and real-world channel measurements demonstrate that NEA-GNN is
more sample-efficient than conventional ML models and consistently outperforms
existing PF schedulers in non-stationary MIMO environments.

1 Introduction

Motivations in MIMO Scheduler Design With the advancement of next-generation wireless
Multi-Input Multi-Output (MIMO) networks, a wider range of user applications can be supported.
The emerging applications like AR/VR, 4K/8K Videos, and Remote Healthcare impose stricter
requirements on throughput, latency, and fairness to ensure high Quality of Service (QoS). At the
same time, MIMO networks must operate under limited communication resources, which makes it
challenging to serve all users simultaneously. Therefore, an intelligent MIMO scheduler is needed to
allocate wireless resources efficiently and coordinate transmissions across users, thereby enhancing
QoS in next-generation MIMO networks.

When designing a MIMO scheduler, several key performance objectives must be considered. The
two traditional goals are: high utility—balancing spectral efficiency to maximize overall throughput
while ensuring fairness to prevent user starvation; and low latency—supporting millisecond-level
delays required by real-time applications. Beyond these objectives, a less explored but increasingly
important challenge is adapting scheduling policies to non-stationary channel processes. As
MIMO cell sizes continue to shrink with denser deployments Cho et al. [2023], the scattering
environment becomes more complex and dynamic, making channel conditions highly sensitive to
user mobility. Consequently, channel statistics evolve over time, and since scheduling policies often
depend on channel statistics, the scheduler must adapt to time-varying channel distributions.

Prior Works and Advantages of Learning-based Approach Proportional Fair (PF) scheduling Liu
et al. [2010] is widely used in MIMO networks to balance throughput and fairness for good utility,
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but its optimal solution in multi-user MIMO is NP-hard Lee et al. [2012], Prasad et al. [2013].
Most practical schedulers use approximation methods to achieve PF scheduling, yet suffer from the
trade-off limitation between high utility and low latency. Simple PF heuristics Yoo and Goldsmith
[2006], Benmimoune et al. [2015], Meng et al. [2018], Yang [2018], Chen et al. [2020] reduce latency
but hurt utility, while near-optimal methods Zhu et al. [2021], Chen et al. [2021] incur high latency at
scale.

More recently, Machine Learning (ML)-based schedulers Cui et al. [2019], An et al. [2023], Coms, a
et al. [2019] have shown promise by directly learning mappings from channel/user states to scheduling
decisions. ML-based PF schedulers achieve both high utility and GPU-parallelized low-latency
runtime at the same time. However, most existing works assume fixed channel statistics and degrade
significantly under non-stationary distribution shifts Quiñonero-Candela et al. [2022]. Since ML
models already strike a better balance between utility and latency than classical methods, we adopt
an ML-based scheduler solution and focus on enhancing their adaptivity to dynamic environments to
achieve high utility, low latency, and good channel adaptivity.

GNN for Online Adaptive ML-based PF Scheduler In non-stationary environments, ML
model–environment mismatch reduces scheduling utility. To mitigate the harm, an adaptive ML-based
PF scheduler must fine-tune online to new channel distributions while minimizing fine-tuning over-
head, thereby reducing mismatch duration and improving long-term utility. Graph Neural Networks
(GNNs) are natural candidates, as their architecture explicitly encodes network topology, leading to
higher sample efficiency and better generalization in large-scale MIMO Shen et al. [2023]. Hence,
in this work, we design a Node-and-Edge Attention GNN (NEA-GNN) that leverages both PF
scheduling criteria and MIMO topology structure. NEA-GNN achieves significantly shorter online
fine-tuning compared to conventional ML models and thereby has better average utility over time. To
the best of our knowledge, we are the first to exploit the high sample efficiency of GNNs for adaptive
PF scheduling in non-stationary MIMO networks.

2 System Model

Network Setup Consider an uplink MIMO network where a base station with M antennas serves
N single-antenna users in a single-carrier system. Scheduling occurs per frame t with channel matrix
Ht ∈ CM×N . Due to user mobility and change of scattering environments, the channel matrix
Ht may have different statistical distributions over time. In this work, we assume users with slow
mobility (e.g., pedestrian users), where the channel can be modeled as block-wise stationary Meinilä
et al. [2009]. Mathematically, the overall time horizon T is partitioned into multiple quasi-stationary
periods, denoted as {Qi}i=1,2,3,.... Within each quasi-stationary period, the channel state process
remains stationary with a fixed distribution Ht ∼ Pi and a correlation matrix Ri = E[HH

t Ht].

Online Adaptation Framework Let πθi be the ML scheduler for Qi. Upon entering a new period,
we detect distribution shifts using a change detection scheme that combines CUSUM-based self-
monitoring with selective expert invocation. Concretely, the scheduler tracks variation of short-term
utility via CUSUM statistics to flag potential shifts Page [1954], Basseville et al. [1993]; suspicious
cases are verified by consulting an expert scheduler of a near-optimal greedy heuristic Zhu et al.
[2021], invoked both reactively (when CUSUM signals degrade) and proactively (periodic refresh to
avoid missed detections). Once a shift is confirmed, we fine-tune πθi−1 to πθi via Behavior Cloning
(BC) Pomerleau [1988], using expert-generated data D = {(st, ât)}t∈Qi , where st = {Ht, c(t)}
denotes the channel state (channel matrix and average rate vector) and ât ∈ {0, 1}N is the expert’s
scheduling decision.

Online Fine-tuning Objective In this work, we focus on designing an efficient online fine-tuning
mechanism with short overhead for better adaptivity. Behavior Cloning fine-tunes the ML model
using a standard supervised learning mechanism, and consists of two steps in our online fine-tuning
case: (i) collect a training dataset D online with expert demonstration; (ii) update the ML model
parameter using gradient methods. While the gradient updates are comparatively lightweight, since
the ML model must remain compact for real-time latency and hardware constraints, we argue that the
dominant overhead in online fine-tuning is the expert-driven sample collection, as it requires invoking
the near-optimal expert for every sample, which has very high run-time complexity. Therefore, the
key objective in reducing fine-tuning overhead is to reduce the amount of expert samples needed for
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Figure 1: The framework of online adaptive ML-based PF scheduler.

Figure 2: The fine-tuning overhead breakdown illustrating the need for sample-efficient ML models.

effective training (i.e., reducing the size of the training dataset |D|). We adopt the NEA-GNN ML
model to achieve the objective.

3 Topology Structure Utilized GNN Design

We adopt a Graph Neural Network (GNN) architecture for Behavior Cloning, following its strong
performance in wireless scheduling Zhang et al. [2022], Zhao et al. [2022], Li et al. [2024], Liu and
Yang [2024]. Unlike MLPs or CNNs, GNNs naturally encode network topology (e.g., inter-user
interference) and achieve higher sample efficiency and lower generalization error in large-scale
MIMO Shen et al. [2023], enabling rapid adaptation with fewer expert samples. Figure 3 shows the
block diagram of our GNN model structure, where we will provide a detailed explanation for each
part in the sequel.

Figure 3: The block diagram of our NEA-GNN model.

Structure-utilized Graph Encoding We represent the MIMO network with N users as a fully
connected undirected graph G = (V, E), where node vk denotes user k and edge ek,j models pairwise
relationships. For notational convenience, we reuse the notation to denote node features as vk and
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edge features as ek,j throughout. For proportional fair (PF) scheduling Liu et al. [2010], at frame t in
a quasi-stationary period Q:

aPFt = argmax
at

N∑
k=1

rk,at(t)

ck(t)
· ak,t, (1)

where the scheduling decision depends on average rates ck(t) and the instantaneous rates rk,at
(t) of

user k at tth frame, which is further determined by the inter-user channel correlation embedded in the
Gram matrix Gt = HH

t Ht. Hence we decode our node and edge features to illustrate both per-user
and inter-user network characteristics: vk = ck(t) ∈ R and ek,j = {Gt}k,j ∈ C. Edge features are
split into real/imaginary parts: ek,j ∈ R2.

Input Embedding We first embed the scalar node feature vk into a de-dimensional vector x(0)
k via

a shared embedding layer Φin as

x
(0)
k = Φin(vk) = BN ◦ ReLU

(
Win · vk + bin

)
, ∀k. (2)

Here x
(0)
k ∈ Rde , Win,bin ∈ Rde×1, BN denotes Batch Normalization, and ReLU is the activation

function. Embedding into a higher-dimensional space enhances feature expressiveness, allowing the
GNN to capture richer patterns in the subsequent message passing stage.

Message Passing After embedding, node features are refined via message passing, where each node
aggregates information from neighbors to capture both per-user metrics (e.g., average rates) and inter-
user relations (e.g., interference patterns). Node features encode user-specific performance, while
edge features capture pairwise interactions—both essential for PF scheduling’s throughput–fairness
trade-off. We adopt a Node-and-Edge Attention GNN (NEA-GNN), which incorporates both node
and edge features into the aggregation process. Unlike fixed-weight aggregation in conventional
GNNs, NEA-GNN learns attention scores as functions of node states and edge attributes, improving
expressivity, sample efficiency, and scalability for dynamic MIMO interference patterns. For a
message passing layer l, the message from neighbor j to node k is expressed as

m
(l)
k,j = ΦMP(x

(l)
k ,x

(l)
j , ek,j) = α̂

(l)
k,j ·

(
ϕV

(
x
(l)
j

)
+ ϕE

(
ek,j

))
, ∀j ̸= k, (3)

where ϕV and ϕE project the node and edge features defined as
ϕV (x) = WV · x+ bV , WV ∈ Rde×de ,bV ∈ Rde , (4)

ϕE(e) = WE · e+ bE , WE ∈ R2×de ,bE ∈ Rde . (5)
The attention scores are computed as

α̂
(l)
k,j = SoftMax

(〈
ϕQ(x

(l)
k ), ϕK(x

(l)
j ) + ϕE(ek,j)

〉
√
de

)
, (6)

with projections:
ϕQ(x) = WQ · x+ bQ, ϕK(x) = WK · x+ bK , WQ,WK ∈ Rde×de , bQ,bK ∈ Rde .

(7)

Messages are aggregated as m
(l)
k =

∑
j ̸=k m

(l)
k,j , and node features are updated with a residual

connection:
x
(l+1)
k = ReLU

(
ϕR(x

(l)
k ) +m

(l)
k

)
, ϕR(x) = WR · x+ bR, WR ∈ Rde×de , bR ∈ Rde .

(8)

Output Decoding Lastly, we decode the output from message passing into PF scheduling decisions.
Specifically, we project each node’s final representation into a scalar scheduling score via a 2-layer
MLP Φout:

[πθ]k,t = Φout

(
x
(l)
k

)
= Sigmoid

(
W2 · BN ◦ ReLU

(
W1 · x(l)

k + b1

)
+ b2

)
(9)

where [πθ]k,t ∈ (0, 1), the final output of our GNN πθ over node vk at tth frame, is the likelihood
of the user k being scheduled at tth frame. At each frame, the GNN would output a scalar of
[πθ]k,t ∈ (0, 1) for all the nodes within G to form a soft scheduling assignment vector [πθ]t ∈ (0, 1)N .
We derive our final binary scheduling decision ãk,t ∈ {0, 1}N by picking the K users with the largest
scheduling likelihood in [πθ]t.
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Figure 4: Utilities for both NEA-GNN and CNN-based PF scheduler with same training samples
under different network sizes.

4 Experiments and Results

In this section, we aim to demonstrate that our proposed NEA-GNN model exhibits better sample
efficiency than traditional ML models by achieving a higher PF scheduling utility when trained with
the same number of samples. We first compare the utility performance of our NEA-GNN model
with that of a conventional CNN model under an ablation test with varying MIMO network sizes
and training sample sizes, using a simulated Kronecker channel model Oestges [2006]. Then, we
test both the NEA-GNN and CNN-based PF schedulers against more classical PF schedulers under a
real-life non-stationary channel process to validate that our GNN-based PF scheduler can achieve a
better operational point that jointly considers utility, latency, and adaptivity.

Sample Efficiency Ablation Test Using the simulated Kronecker channel model (details in Ap-
pendix), we compare our proposed NEA-GNN model with a dual-branch CNN baseline. The CNN
processes the channel matrix via convolution and average pooling to obtain spatial interference
features, and processes the user average rate vector using fully connected (FC) layers to extract
fairness-related features. The spatial interference and fairness-related feature vectors are concatenated
and passed through an FC network to produce per-user scheduling scores, with the top-K users
selected for transmission.

Both the NEA-GNN and CNN models are initially pre-trained under a channel environment where the
channel realizations are drawn from a distribution characterized by parameters (details in Appendix)
with α1 = 1, α2 = 1, β1 = 0.8, and β2 = 0. The pretraining dataset consists of Np = 200,000
samples, all generated based on scheduling decisions provided by the expert demonstration policy
based on Zhu et al. [2021].

Following pretraining, we fine-tune both models in a new channel environment where α1 = 0.5,
representing a scenario in which half of the clustered users are moving away from the base station,
resulting in reduced channel gains after the distributional shift.

To evaluate the robustness and scalability of the models, we conduct experiments across varying
network sizes with total user counts of N = 20, 40, and 80. In all scenarios, the base station is
equipped with M = 10 antennas, and the scheduler is constrained to select a maximum of K = 8
users for transmission at each time frame. We use metrics of PF Score, Sum of rates, and Jain Fairness
Index (JFI) for utility evaluation:

PF Score =
∑
k

log(ck(t)), Sumrate = Et[
∑
k

rk,π(t)],

Jain Fairness Index (JFI) =
( N∑

k=1

ck(t)

)2/(
N ·

N∑
k=1

(ck(t))
2

)
.

where JFI ranges from 1
N to 1 and is maximized when all users receive the same allocation.
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Figure 5: The scheduling performance for common MIMO schedulers over time under the non-
stationary MIMO channel state process from the RENEW dataset.

For each setup of network training sample size, we run both GNN- and CNN-based schedulers over
1,000 consecutive time frames and repeat 200 independent trials in total to measure the mean and
standard deviation of all metrics above. Figure 4 shows that the GNN-based PF scheduler consistently
outperforms the CNN baseline across all network sizes and training budgets. GNN achieves ≥ 85%
spectral efficiency and ≤ 2% fairness loss relative to the expert when trained with >10k samples,
while the CNN lags behind with the same samples, especially for larger networks (N = 40, 80) where
its utility gap grows, achieving only ∼ 75% of expert’s spectral efficiency, and with no guarantee
over the JFI metric converging towards the expert. Even for the smaller network with N = 20, CNN
shows slower gains and lower final performance: even though CNN and GNN could both have their
fairness metrics converge close to the expert, CNN has only 81% of expert spectral efficiency under
100k training samples, whereas GNN reaches ∼ 85% of expert’s spectral efficiency with only 500
training samples, and ∼ 94% expert’s spectral efficiency with 100k training samples.

By requiring fewer data samples to reach a satisfactory level of utility, the NEA-GNN enables faster
fine-tuning and reduces the overall overhead involved in adapting the PF scheduler to changing
channel conditions.

Scheduling under Real-World Channel Next, we validate that the sample efficiency of the GNN
model can benefit the long-term scheduling utility over time, using real-world channel state process
measurements that model two channel distribution environments under physical user movements
(details in Appendix). We compare the PF utility scores as long as the sum rate and JFI metrics
of our GNN-based scheduler with the conventional CNN-based scheduler, the near-optimal expert
(EXP) Zhu et al. [2021], and a simple heuristic-based PF scheduler called Semi-orthogonal User
Selection (SUS) Yoo and Goldsmith [2006].

From Figure 5, we observe that our GNN scheduler achieves higher PF utility than both SUS and
CNN schedulers, balancing spectral efficiency and fairness without sacrificing either metric across
different channel environments. The ML-based scheduler outperforms traditional heuristics like SUS
by learning from near-optimal experts. Compared to conventional ML models such as CNN, GNN
achieves higher sample efficiency, leading to even better utility with the same online training sample
sizes. While the expert PF scheduler (EXP) attains the highest utility, it suffers from high runtime
complexity, making it impractical under real-time latency constraints (see Appendix). Overall,
our GNN-based scheduler delivers strong long-term utility under non-stationary channels with low
scheduling latency.

5 Conclusion

In this work, we consider an adaptive ML-based Proportional-Fair scheduler for a MIMO network
with non-stationary channels, which have become more common with the trend of denser MIMO
deployment, thereby enabling the scheduling operation to yield high utility, low latency, and good
channel adaptivity simultaneously. Specifically, we consider an efficient online fine-tuning mechanism
to reduce the adaptation overhead. We design a NEA-GNN model that leverages the structure of
MIMO network topology, ensuring its computational flow aligns with the PF scheduling criteria.
The NEA-GNN model employs an attention-based message passing mechanism that incorporates
both the spatial inter-user interference pattern and the user’s average rate to achieve high throughput
and transmission fairness at the same time. Both an ablation test over simulated channels and
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an online scheduler implementation over real-world channel measurements have been conducted,
demonstrating that the NEA-GNN model achieves better sample efficiency than conventional ML
models. Furthermore, it provides the scheduler with higher long-term utilities over non-stationary
channels than most existing practical PF schedulers.

A Adaptation vs. Generalization-based ML scheduler

ML adaptation strategies include: (i) Generalization—pretraining over diverse channel distribu-
tions with minimal adaptation; and (ii) Adaptation—pretraining on limited distributions and fine-
tuning online for new ones. Generalization methods (e.g., meta-learning Finn et al. [2017], hy-
pernetworks Chauhan et al. [2023], Rezaei-Shoshtari et al. [2023]) require large datasets over
high-dimensional channel embeddings, making them costly and less effective, with so far no existing
PF scheduling work applying generalization methods to our best knowledge. We adopt the adaptation
principle for manageable data requirements and low runtime complexity.

B Simulated Channel Model

We evaluate schedulers under a quasi-stationary wide-sense stationary (WSS) MIMO channel modeled
by a Kronecker structure with transmit-side correlation. For each quasi-stationary period Qi, we
draw channel at tth frame as:

Ht = H̃tΛ
1/2UH , (10)

where H̃t ∼ CN (0, 1), i.i.d.; and R = UΛUH is the inter-user correlation (Gram) matrix. By
construction,

E[HH
t Ht] = R. (11)

To generate diverse user channel distributions with user mobilities over time, we start from a
normalized correlation R̃ with unit diagonal and two uncorrelated user clusters of sizes N1 and N2

(N1 +N2 = N ).

R̃ =

[
X1 0
0 X2

]
, X1 = (1− β1) · IN1

+ β1 · JN1
, X2 = (1− β2) · IN2

+ β2 · JN2
. (12)

where β1, β2 ∈ [0, 1] control intra-cluster correlation, In is the n× n identity, and Jn is the all-ones
matrix. Per-cluster average gains are set with:

D =

[
α1 · IN1

0
0 α2 · IN2

]
, R = DHR̃D. (13)

where α1, α2 ∈ [0, 1] scale cluster-wise channel strengths.

Varying (α1, α2, β1, β2), along with MIMO size parameter N,M and the scheduling budget K,
yields families of {Ri}that represent different user clusters, spatial separations, and channel gain
imbalances across quasi-stationary periods.

C Real-world Channel Dataset

We evaluate the fine-tuning of our GNN-based scheduler on real-world non-stationary channels using
the RENEW dataset Du and Sabharwal [2021], which contains 2.4 GHz OFDM MIMO measurements
from multiple user clusters in a campus building, covering both LoS and NLoS conditions. Each
cluster spans a 4 m radius and includes measurements at 25 locations over 150 frames. To generate
sufficient training data, we approximate the OFDM system as single-carrier by randomly selecting
one of the 52 subcarrier frequencies over time, and model each user as randomly moving among
the 25 locations within the same cluster. Initially, three users are in one cluster and later move to a
different cluster as shown in Figure 6, creating two distinct channel environments. At the environment
change (detected by a change detector), the GNN scheduler fine-tunes using Nf = 5, 000 expert
samples. Results show the adaptive GNN-based PF scheduler sustains higher utility over time in this
real-world scenario.
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Figure 6: The user locations of the RENEW dataset with realistic MIMO channel measurements.

Latency Comparison between the Expert and ML-based Scheduler Even though the near-
optimal expert can achieve good utilities as shown in both Figure 4 and 5, it suffers from the fact
that it requires enumerated search in different user selection for the scheduling decision in a single
time frame Zhu et al. [2021], which is highly expensive in time. Hence, the expert would incur high
scheduling latency, especially with larger MIMO network scales, as shown in Table 1, which makes
it impractical to be directly implemented in MIMO systems.

Scheduler Real Chn. (N=6) Sim. Chn. (N=20) Sim. Chn. (N=40)
Expert 0.49ms 4.01ms 11.94ms

GNN-based 0.42ms 0.67ms 0.79ms

Table 1: Average latency of the near-optimal expert compared to GNN-based scheduler.
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