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Abstract

Wearable devices for real-time electrocardiogram (ECG) monitoring impose stringent require-
ments on computational resources and inference latency, typically necessitating the analysis of
extremely short, localized signal segments. However, lightweight models operating on such short
windows suffer from a performance bottleneck in arrhythmia classification due to the lack of
global contextual information before and after the heartbeat. To resolve the conflict between the
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extremely low latency requirement and the absence of local information, this paper proposes an
arrhythmia classification method based on future-guided learning. This method constructs an
asymmetric teacher-student network architecture. During the training phase, the teacher model
utilizes a wide window that asymmetrically extends before and after the heartbeat to capture long-
term evolution mechanisms such as compensatory intervals. Subsequently, through cross-temporal
knowledge distillation, it transfers structured dark knowledge to the student model, which only re-
ceives a narrow window as input. Furthermore, to address the severe class imbalance in the dataset,
a class-balanced cross-entropy loss function based on the effective number of samples is designed
to stabilize the training process. Experimental results on the MIT-BIH Arrhythmia Database demon-
strate that this framework significantly increases the macro-averaged F1-score from 94.12% (base-
line model) to 95.60% without adding computational cost during the student model’s inference
phase. Notably, for morphologically complex and easily confusable supraventricular ectopic beats
and fusion beats, absolute improvements of 3.57% and 2.15% in F1-score were achieved, respec-
tively.
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Figure 1. Comparative chart of baseline removal effects by median filtering in ECG signals
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Figure 2. Comparison of waveform morphology preservation before and after preprocessing
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Figure 3. Asymmetric teacher-student network architecture diagram
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Figure 4. Two-stream temporal alignment sampling diagram
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Figure 5. Two-stage training flow diagram
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Figure 6. Comparison of F1-scores across various classes
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