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ABSTRACT

Detecting concept drift is a critical task in machine learning, particularly when work-

ing with nonstationary real-world data streams that evolve. The ability to identify such

drifts promptly and accurately is vital to ensuring that deployed machine learning mod-

els remain effective. However, the performance of drift detection algorithms is highly

sensitive to the choice of hyperparameters, which must be appropriately configured for

each application scenario. Despite this, existing approaches to hyperparameter tuning

are often impractical, lack theoretical soundness, or fail to deliver optimal results. To

tackle this problem, we introduce ProtoTune—a structured, zero-touch approach for

selecting optimal deployment-time hyperparameters in error rate-based drift detection

algorithms. Designed to function effectively across a wide range of data stream use

cases, ProtoTune eliminates the need for both offline pre-tuning and online retrospec-

tive adjustments. This is particularly important because traditional tuning methods are

frequently infeasible in real-world settings, where there is often limited prior knowl-

edge, a lack of labeled drift points, and the constraints of streaming data that cannot be

revisited once processed. At the core of our approach is an error behavior descriptor,

derived from early profiling of a model’s error stream. This descriptor informs the

identification of a suitable hyperparameter space. We then leverage a meta-learning

framework using prototypical networks to learn the relationship between the error be-

havior descriptor and the ideal hyperparameter configurations. This enables us to pro-

vide a scalable and effective solution for deployment-time tuning. To our knowledge,

this is the first method specifically developed to address this pressing challenge. Exper-

imental results confirm that ProtoTune consistently surpasses current practical strate-

gies, which often perform no better than random guessing. Our findings underscore

the value of leveraging historical error information and offer a systematic solution to a

growing operational challenge in adaptive machine learning.

Keywords: Concept Drift Detection, Hyperparameter Optimization, Online Learning, Proto-

typical Networks
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