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Abstract

In 6G radio access networks, the service patterns and operating environments of
different clients vary significantly, posing a major challenge to the generalization
of federated SLA risk prediction. This paper investigates federated next-window
SLA risk prediction under unseen regimes using a leave-onesregime-out evaluation
setting. We propose a federated method that combines client profile information
and regime-aware aggregation to model crosslayer 6G RAN telemetry data.
Experimental results show that centralized models remain stronger in AUROC,
with CentralizedGRU reaching 0.882 and HistGB reaching 0.872; howeuwer,
the proposed method performs best on metrics that more closely reflect practical
decision quality, achieving the highest average balanced accuracy of 0.676, macro
balanced accuracy of 0.676, and the best worstregime F1 score of 0.485.
Compared with vanilla FedProx-GRU, the method improves AUROC, F1, and
balanced accuracy. Ablation experiments further show that client profiling and
regime-aware weighting both contribute to robust prediction under unseen regimes.
These results suggest that although the method is not the strongest overall ranker,
it is more practically valuable for robust federated decision-making in unseen 6G
RAN environments.

research shows that prediction methods based on

With the development of 6G and Al-native RAN,
the network side increasingly relies on intelligent
control, continuous monitoring, and rapid closed-
loop optimization. For operators, it is no longer
sufficient to respond only after an anomaly occurs;
the ability to identify potential SLA risks in
advance is important for service stability, resource
scheduling, and user experience [1], [2]. Existing

KPI, QoS, and multilayer telemetry data can
support performance estimation, QoS prediction,
and fault warning [3], [4]. However, most methods
assume that training and testing data come from
similar operating conditions, so performance
under unseen regimes remains unclear. This is
especially important for deployment because the
RAN environment itself is dynamic [2], [4].
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At the same time, network data are naturally
distributed, and clients differ substantially in
service load, wireless conditions, and behavior
patterns. Federated learning offers an attractive
direction, but non-ID  data, statistical
heterogeneity, and client drift can all affect
training stability and generalization [5]-[9].
Especially when distribution shift or concept drift
occurs, conventional federated methods can
degrade under unseen conditions [6], [9].

Based on this motivation, this paper studies
federated next-window SLA risk prediction on
cross-layer 6G RAN telemetry using a leave-one-
regime-out protocol, where one regime is held out
as an unseen test environment. The proposed
portrait-conditioned FedProxxGRU combines
client profile information with regime-aware
aggregation to improve federated robustness in
heterogeneous environments. Results show that
while centralized baselines remain stronger on
AUROC, the proposed method achieves the best
average balanced accuracy, macro balanced
accuracy, and worst-regime F1, indicating stronger
thresholded decision-making under unseen
regimes. Recent operational screening work in
other domains also highlights that strong ranking
alone is not sufficient and that calibrated,
auditable decision support is important in practice
(11], [12].

The main contributions of this paper are
threefold. First, it formulates federated next-
window SLA risk prediction on crosslayer 6G
telemetry as a leave-one-regime-out generalization
problem under unseen regimes. Second, it designs
a portrait-conditioned FedProx-GRU with regime-
aware aggregation to model client heterogeneity.
Third, it shows experimentally that although
centralized models remain stronger on AUROC,
the proposed method performs best on balanced
accuracy and worst-regime F1, making it more
suitable for robust federated decision-making
under unseen regimes.

2. Related Work
2.1 SLA/QoS/Telemetry-Driven Network
Prediction

Recent work on intelligent networks for 5G/6G
and O-RAN increasingly uses KPI, QoS, and

multi-layer telemetry data to support service
assurance, performance optimization, and fault
prediction [1]-[4]. Some studies use 5G/B5G KPIs
to predict network performance, while others use
federated learning for QoS forecasting or combine
multiple telemetry layers in O-RAN settings [3],
[4]. These works demonstrate the value of
telemetry-driven network management, but most
focus primarily on predictive accuracy rather than
robustness under unseen deployment conditions

(2]-[4].

2.2 Federated Learning for Heterogeneous
Clients

Federated learning enables shared model training
without exchanging raw client data [5]. In practice,
however, clients often differ in sample size, label
balance, feature distributions, and system capacity,
creating strong non-I1D effects [6], [7]. FedProx is
a representative approach for heterogeneous
federated optimization because it stabilizes
training through a proximal term [6]. Subsequent
work has further examined non-IID behavior,
client drift, and concept drift in federated settings
[7]-[9]. Even so, most prior work treats
heterogeneity mainly as an optimization issue and
less - often uses client profile information to
improve robustness under unseen regimes.

2.3 Distribution Shift and Unseen-Environment
Evaluation

Distribution variation and unseen-environment
generalization are core issues in reliable machine
learning [8]-[10]. Prior reviews show that OOD
shift, distribution shift, and concept drift can
substantially affect deployment reliability [8]-[10].
In federated settings, the challenge becomes more
difficult because distribution changes are
compounded by client heterogeneity [8], [9].
Nevertheless, many network-side prediction
studies still evaluate on seen distributions, with
less emphasis on thresholded decision robustness
under unseen regimes, such as balanced accuracy
and worstregime F1, which are more directly
connected to operational decision quality.
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3. Problem Formulation

We study next-window SLA risk prediction for 6G
RAN telemetry data. For client ¢ at time window
t, the telemetry observation is defined as follows:

2{9 e R (1)

Here, d denotes the telemetry feature dimension. Each client also has a relatively stable profile vector
describing heterogeneous attributes:

pc €R™, (2)
where m is the profile feature dimension. Each sample also belongs to a network operating regime:
rcR, (3)

where R denotes the set of operating conditions, such as light, medium, heavy, and impaired. To predict the
service risk for the next window, the model uses a historical telemetry sequence of length L as input. For
client c at time t, the sequence is defined as:

X = {IE?L,.:':S)LH,,..,;:':E)IJ . )
The prediction target is the SLA risk label for the next window:
u € (0,1}, )

where y_t"(c) = 1 indicates SLA risk in the next window and y_t"\(c) = 0 indicates normal service. The learning
objective is then written as:
57 = £a (X1, ), ®)
where f0(:) is the prediction model. To evaluate generalization under unseen conditions, the paper adopts a
leave-one-regime-out setting. For any held-out regime r*:
Duanr) = { (X0} I £} )

Duesslr™) = { (X792 0t”)

This setting exposes the model only to seen
regimes during training while requiring direct
evaluation on a completely unseen operating
condition. It therefore measures not only fitting
under seen conditions but also robust decision-
making under unseen regimes, which is closer to
the operational drift scenarios expected in Al
native 6G networks.

4. Proposed Method
The goal of the proposed method is not simply to
maximize overall ranking performance, but to

r= r"}. (8)

improve balanced decision-making ability and
worst-case robustness for federated SLA risk
prediction under unseen operating regimes. The
task is built on cross-layer 6G RAN telemetry data
with a leave-oneregime-out protocol, where one
regime is held out as an unseen test environment
and the remaining regimes are used for training
and validation. The final method combines client
heterogeneity modeling,
aggregation, and validation-stage calibration to
better support federated prediction under unseen
conditions.

regime-aware
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Figure 1. Overview of the proposed method for unseen-regime federated SLA-risk forecasting.

4.1 Sequence Encoder
Let the latest L telemetry windows for a client at
time t be X (tL+1:t) € RNLxF), where F is the

cross-layer feature dimension. A single-layer GRU

ht - (}R.[I(X_f_L.+1;t).

The motivation is that SLA risks are often
associated with recent changes in traffic load,
wireless status, and quality of service, so short
temporal windows provide a compact and effective

4.2 Portrait Conditioning

Relying only on temporal telemetry makes it

difficult to fully express statistical heterogeneity

among clients. The client portrait vector p_c is
z. = MLP(p.).

The sequence representation h_t is then

concatenated with the portrait representation z_c

g = g([heizc]).
This design lets the model share global parameters
while remaining aware of longterm differences
across clients. Ablation results show that removing

4.3 Federated Optimization

Training  uses  FedProx-based  federated
optimization. In each communication round,
several eligible clients are sampled, updated locally

encodes the recent telemetry history, and the
hidden state at the final time step is used as the
sequence representation:

9
dynamic context. The sequence length was
searched fold-wise and the most stable value was

selected for each held-out fold.

therefore extracted from the heterogeneity table
and mapped into an embedding space through a

lightweight MLP:

(10)

and passed to the prediction head to produce the
risk logit:

(11)
portrait conditioning reduces AUROC, F1, and
balanced accuracy, indicating that it supports
robust prediction under unseen regimes.

for a small number of epochs, and then aggregated
into the global model. Given local parameters w
and global parameters w’Ng), the client
optimization objective is:
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n p
Lo= Lo+ ‘5||w — w2, (12)

Here, W is the proximal coefficient of FedProx. The
task loss uses class-balanced focal BCE with label
smoothing to reduce bias caused by class
imbalance. The study also evaluates Centralized-
GRU, HistGB, and vanilla FedProx-GRU so that
the contribution of the enhanced design can be
separated from the effect of federated training
itself.

4.4 Regime-Aware Aggregation and Decision
Calibration

Beyond standard federated averaging, the method
introduces regime-aware client weighting together
with EMA:style global updates to reduce the
excessive influence of a single client or regime on
the aggregated result. The purpose is not to
become the strongest global ranker, but to obtain
better balanced thresholded decisions under
unseen regimes. During validation, probabilities
are calibrated using temperature scaling and, when
needed, isotonic regression. Threshold selection is
also made regime-aware by considering global F1,
macro balanced accuracy, and worstregime
performance. Final evaluation reports AUROC,
AUPRC, F1, balanced accuracy, Brier score, and

macro and worst-regime metrics.

5. Experimental Setup

5.1 Dataset and Task

The experiment uses two CSV files: one
containing time-organized crosslayer telemetry
features and another containing client
heterogeneity profiles. The dataset covers 200
clients across four operating regimes: heavy,
impaired, light, and medium. The task is defined
as nextwindow SLA status prediction and is
further framed as binary risk prediction,
indicating whether SLA risk will occur in the next
window. Inputs consist of recent telemetry
histories together with clientlevel portrait
features.

5.2 Evaluation Protocol

To evaluate generalization under unseen regimes,
the paper adopts a leave-one-regime-out protocol,
yielding four folds. In each fold, one regime is held
out as the test set and the remaining three regimes

are used for training and validation. For the
sequence model, the sequence length is searched
within each fold over {8, 12, 16}, and the value
with the best validation performance is selected.
This protocol more directly reflects robustness
under new operating conditions than evaluation
on seen distributions alone.

5.3 Baselines

Four methods are compared: HistGB as the non-
sequential tree baseline, Centralized-GRU as the
centralized sequence upper-bound reference,
FedProx-GRU as the standard federated sequence
baseline, and Proposed_Full as the complete
portrait-conditioned and regime-aware federated
method. This setup supports comparison between
centralized and federated learning, as well as
between vanilla and enhanced federated designs.

5.4 Metrics

The evaluation reports ranking metrics,
thresholded decision metrics, and probabilistic
quality metrics, including AUROC, AUPRC, Fl1,
balanced accuracy, and Brier score. To better
reflect cross-regime robustness, the paper also
repotts macro balanced accuracy, worstregime F1,
and worstregime AUROC. Because the study
emphasizes robust decision-making under unseen
regimes, balanced accuracy and worstregime
metrics receive particular attention in the analysis.

5.5 Implementation Details

The model is implemented with PyTorch and
scikit-learn and trained in a CUDA environment.
The federated sequence model uses a GRU
encoder with FedProx optimization. The complete
model  additionally  incorporates  portrait
conditioning, regime-aware weighting, and EMA-
style aggregation. Validation-stage probability
calibration and threshold search are applied under
the same leave-one-regime-out protocol for all
compared methods unless otherwise noted.

6. Results and Discussion

This section analyzes the results from overall
comparison, unseen-regime robustness, and
ablation studies. Overall, the findings are
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consistent with the paper’s central claim:
centralized models remain stronger in AUROC,
whereas the proposed method performs best on
the balanced decision metrics that are more
directly relevant to deployment and clearly
outperforms the vanilla federated baseline.

6.1 Main Comparison

The overall comparison under leave-one-regime-
out evaluation shows that Centralized GRU
achieves the highest mean AUROC of 0.882,

followed by HistGB at 0.872. Proposed_Full
reaches a mean AUROC of 0.832. Although it is
not the strongest ranker, it performs best on
several metrics more closely tied to decision
quality: macro balanced accuracy reaches 0.676,
mean F1 reaches 0.708, and worstregime F1
reaches 0.485. Compared with vanilla FedProx-
GRU, Proposed_Full consistently improves
AUROC, Fl1, and balanced accuracy, indicating
that profiling and regime-aware design improve
the quality of federated risk decisions.

Main Results Across Models

1.0

model

= Centralized_GRU
- HistGB

value
=4
o

<
=

o
o

mean_fl

0.0
mean_auroc

metric

mmm Proposed_Full
s FedProx_GRU

worst_regime_auroc

macro_balanced_accuracy

Figure 2. Main comparison across models under leave-one-regime-out evaluation.

From an application perspective, the paper is less
concerned with which model has the highest
overall ranking score and more concerned with
which model provides more balanced and robust
risk decisions under unseen regimes. Under that
criterion, Proposed_Full clearly outperforms the
vanilla federated baseline and also compares
favorably against some methods with higher
AUROC but weaker balanced decision-making

performance.

6.2 Unseen-Regime Robustness
Per-held-out-regime F1 results show that the light
fold is the most challenging scenario across
methods. HistGB reaches only 0.148 on this fold,
Centralized-GRU reaches 0.414, FedProx-GRU
reaches 0.442, and Proposed_Full achieves the
highest value at 0.485. Because the light regime
contains a very low proportion of positive cases, it
better reveals model robustness under unseen and
imbalanced conditions. Compared with earlier
experimental versions, the final method avoids
severe collapse on the hardest fold, indicating
more stable thresholded decision-making.
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Figure 3. Per-held-out-regime F1 results under leave-one-regime-out evaluation.

Meanwhile, all models are close to saturation on
the impaired fold, which means that this fold
alone cannot distinguish model quality very well.
For this reason, the paper emphasizes macro
indicators and worst-regime indicators rather than
relying only on a single average score. Overall,
Proposed_Full  provides balanced
decision-making under unseen regimes, which is
one of the key findings of the study.

stronger

6.3 Ablation and Sequence-Length Findings
Ablation results show that removing regime-aware
weighting reduces AUROC to 0.762 and balanced
accuracy to 0.639, while removing portrait
conditioning further reduces AUROC to 0.713
and balanced accuracy to 0.648. Both values are
lower than those of Proposed_Full, indicating that
both- - components contribute to the final
performance. Portrait conditioning appears to
have a larger effect on AUROC, whereas regime-
aware weighting is particularly important for
balanced decision quality.

Ablation Results

1.0
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model
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Figure 4. Ablation results for portrait conditioning and regime-aware weighting.
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Fold-wise sequence-length search further shows
that the heavy, impaired, and medium folds tend
to favor shorter historical windows (L = 8), while
the light fold selects a longer window (L = 16). This
suggests that short-term context is often sufficient,
but longer histories can still help in the most
difficult and sparse regimes. Accordingly, the
paper does not claim that a fixed short sequence is
always optimal; instead, the choice of sequence
length should depend on the statistical
characteristics of the held-out regime.

6.4 Discussion and Limitations

The main strength of the proposed method is not
that it is the best overall ranker, but that it
provides more balanced and robust federated risk
decisions under unseen regimes. Centralized
models still remain stronger on AUROC,
indicating that room for improvement remains in
federated settings. The overall calibration of
Proposed_Full is also not claimed to be the best.
In addition, the current data still exhibit
structured characteristics, whereas real-world large-
scale 6G deployment environments are likely to be
more complex. External validity therefore still
requires further validation in more realistic
network scenarios.

7. Conclusion

The proposed portrait-conditioned federated
method is not the strongest model in terms of
overall ranking ability, but under leave-one-regime-
out regime-shift evaluation it performs best in
robustness-oriented balanced decision-making and
worstregime decision quality within federated
settings. The paper studies next-window SLA risk
prediction on cross-layer 6G RAN telemetry and
proposes a portrait-conditioned FedProx-GRU
that combines client profile modeling with regime-
aware aggregation. Experimental results show that
although centralized baselines remain stronger on
AUROC, the proposed method achieves better
balanced decision performance in federated
settings and the strongest worstregime F1,
suggesting more practical thresholded decision
robustness under regime shift. Future work should
further reduce the gap with centralized upper
bounds and test generalization and deployment

stability under more realistic and complex
network scenarios.
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