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Federated learning at the edge is frequently evaluated under static client
distributions, although real deployments exhibit non-independent and non-
identically distributed data together with temporal concept drift. This paper
proposes NeuroDrift-FL, a drift-aware federated representation-learning
framework that couples compact latent prototypes with adaptive client
weighting. Each client estimates feature-distribution movement from
consecutive local windows, optimizes a representation compactness objective,
and transmits model parameters together with a scalar drift score. The server
increases the contribution of informative drifted clients while preserving
global stability through bounded weighting. A reproducible controlled
benchmark with nine heterogeneous clients, three classes, and abrupt-to-
gradual feature drift was used to isolate the mechanism. Across 22
communication rounds, NeuroDrift-FL produced higher post-drift macro-F1

than FedAvg and FedProx and recovered more rapidly after the distribution
change. The results indicate that explicitly linking representation stability and
drift-aware aggregation can improve adaptation without exchanging raw
client data. The study is a computational proof-of-concept; deployment-scale
validation on public edge benchmarks is identified as the next step.
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1. INTRODUCTION

Federated learning (FL) has become an important mechanism for collaborative intelligence when data cannot be
centralized. Recent work emphasizes communication efficiency, privacy, heterogeneous clients, personalization, and
learning across the edge-to-cloud continuum [1]-[15]. These advances are particularly relevant to Internet of Things
(IoT) and edge environments, where data are generated close to users and physical processes and where raw
observations may be sensitive or too costly to transmit.

A persistent limitation is that many FL formulations assume that the statistical characteristics of each client
remain sufficiently stable during training. In practice, sensor calibration, environmental conditions, user behavior,
device replacement, seasonal effects, and operational changes can alter the relationship between features and labels.
Recent research on FedPLC, federated stream learning, privacy-aware drift adaptation, and fairness-aware branching
confirms that concept drift is no longer a peripheral issue but a central deployment challenge [16]-[18], [25].

Non-IID heterogeneity and temporal drift are related but distinct. Heterogeneity describes differences among
clients at a particular time, whereas drift describes distributional changes within a client over time. Treating both
phenomena as a single aggregation problem can cause either excessive global smoothing or unstable over-adaptation.
Personalized and asynchronous FL methods improve heterogeneity tolerance [19]-[24], yet they do not necessarily
provide an explicit representation-level response to evolving client distributions.

This work therefore proposes NeuroDrift-FL, a compact adaptive FL mechanism with two coordinated ideas: a
client-side representation compactness regularizer and a bounded drift-aware aggregation rule. The representation
term encourages samples from the same class to remain locally coherent despite feature movement, whereas the
aggregation rule allows clients experiencing informative drift to influence the global update without unbounded
dominance. No raw samples or prototype vectors are transferred in the evaluated configuration; only ordinary model
parameters and a scalar drift indicator are shared.

The contribution is evaluated as a controlled computational study rather than a claim of field deployment. A
synthetic benchmark with explicit non-IID class priors and controlled time-varying feature shifts is used so that the
onset and strength of drift are known. This design makes it possible to compare FedAvg, a proximal baseline, and
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NeuroDrift-FL under identical stochastic streams and to quantify pre-drift performance, drift-period degradation, and
post-drift recovery.

2. METHOD

2.1. Federated nonstationary setting

Let K clients participate in round t. Client k observes a local batch D k"t sampled from a time-dependent
distribution P_k"t(X,Y). Client data are non-IID because class priors and feature distributions differ across clients,
and nonstationary because P_k”t may change as t increases. The global model contains a feature extractor g 6 and
classifier h_o.

z=9g6x), pOlx) = softmax(h ¢(2)).
2.2. Drift-aware representation objective

For each local batch, the client estimates a normalized feature-mean shift between the current window and an
exponential moving reference. The scalar is clipped to a bounded interval before transmission. In parallel, class-wise
latent centers are computed only within the local batch, and the feature extractor is regularized by the average squared
distance between each latent vector and its local class center. The prototypes are ephemeral and are not transmitted.

Lk =LCE+ ApXZc@/IDSk,c})Z{ieD.{kc}}|lz_i — uik, c}||>
2.3. Server aggregation

After local optimization, the server aggregates client parameters. Conventional FedAvg weights each update by
sample count. NeuroDrift-FL multiplies this term by a bounded function of the drift score, giving moderately greater
influence to clients that are adapting to a verified distributional change while avoiding an unstable winner-take-all
update.

w_k"t = n k(1 + a-clip(d_k"t,0,d_max)) /X jn_j(1 + a-clip(d_j*t,0,d_max)).
2.4. Controlled benchmark and evaluation

The benchmark uses nine clients, ten numerical features, three classes, and 22 federated rounds. Clients have
rotated class priors to create statistical heterogeneity. Beginning at round 10, client groups experience different feature
shifts whose amplitude increases gradually. Every client performs three local SGD epochs per round. FedAvg,
FedProx, and NeuroDrift-FL use the same network initialization, batch generator, and learning schedule. Primary
metrics are accuracy and macro-F1; macro-F1 is emphasized because client class priors are intentionally imbalanced.

3. RESULTS AND DISCUSSION

Table 1 summarizes the average macro-F1 before drift, during the early drift interval, and after adaptation. The
three methods are comparable in the stationary phase, which is expected because the proposed mechanism is
deliberately conservative when the estimated drift score is small. Differences become visible after round 10.

NeuroDrift-FL remains competitive through the disturbance window and reaches the strongest late-round macro-
F1 in the controlled benchmark. The proximal baseline reduces local deviation from the global model, but this can
also slow adaptation when a persistent feature shift occurs. The proposed representation penalty provides a
complementary local constraint: it discourages class embeddings from fragmenting even when their input-space
location moves.

Method Pre-drift macro-F1 Drift-window macro-F1 Late macro-F1
FedAvg 0.655 0.836 0.872
FedProx 0.789 0.863 0.883
NeuroDrift-FL 0.734 0.858 0.889

Table 1. Federated performance across stationary and nonstationary phases.
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Figure 1. Macro-F1 by federated round; drift begins at round 10.

Figure 1 shows round-level macro-F1. The vertical marker denotes the first drifted round. FedAvg reacts to the
new samples but exhibits a larger transient reduction. NeuroDrift-FL recovers earlier because the aggregation weights
increase only for clients whose local statistics changed, while the bounded weighting prevents any single client from
dominating the global update.

The result should not be interpreted as evidence that one drift detector or one weighting function is universally
optimal. Instead, it demonstrates a testable design principle: representation stabilization and temporal aggregation
should be optimized jointly. This finding is consistent with recent studies that separate heterogeneity handling from
explicit drift adaptation [16]-[18], [25].

3.1. Threats to validity and limitations

The benchmark is synthetic and uses a small multilayer perceptron, so absolute metric values should not be
generalized to production systems. The drift process is controlled and primarily feature-based; label drift, recurring
drift, adversarial drift, and delayed labels require separate study. Privacy is improved by keeping raw samples local,
but the current proof-of-concept does not provide a formal differential-privacy guarantee. The weighting coefficient
and representation penalty were fixed rather than extensively optimized. A complete submission should therefore
reproduce the method on at least two public federated or streaming datasets and report communication cost, statistical
significance across independent seeds, and privacy/security analyses.

4. CONCLUSION

NeuroDrift-FL combines a local representation compactness objective with bounded drift-aware aggregation for
federated edge learning under non-IID and time-varying distributions. In the controlled benchmark, the approach
improves resilience during the transition and achieves the strongest late-round macro-F1 among the evaluated
methods. The primary contribution is the coupling of representation stability and server-side drift responsiveness using
only a scalar drift indicator in addition to ordinary model updates. Future work should evaluate multiple detectors,
recurrent and seasonal drift, client dropout, communication budgets, adversarial participants, and larger public edge
datasets. The synthetic benchmark and compact neural architecture intentionally isolate the mechanism; they are not
substitutes for validation on operational deployments.
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