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Abstract

Objective: To address ambiguous appliance states and cumulative energy-consumption deviations in
minute-level aggregate power data, this study proposes a semantic graph guided method for nonintru-
sive load monitoring. Methods: Low frequency spectral-temporal features are integrated with prior
knowledge of appliance relationships to construct graph-biased attention for joint prediction of appli-
ance states and disaggregated power, with an aggregate-power upper-bound constraint suppressing
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over-disaggregation and prototype calibration supporting the review of anomalous events. Results: On
REFIT, UK-DALE, and BLOND, the state macro-averaged F1 scores reach 91.7%, 93.1%, and 87.4%, re-
spectively, and the corresponding mean absolute power errors are 20.4, 15.6, and 7.8 W; compared
with the latent abstraction bridge Transformer, F1 increases by 1.2, 0.5, and 1.7 percentage points, re-
spectively. Ablation experiments show that graph biases improve state discrimination and power esti-
mation, while the upper-bound constraint reduces cumulative energy-consumption deviations. Con-
clusion: Appliance relationships and electrical observations are complementary, and incorporating the
aggregate-power upper-bound constraint can improve the accuracy of low frequency load monitoring
and support appliance-level energy-use analysis.
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Figure 1. Semantic graph guided multitask load monitoring workflow
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Figure 2. Index alignment between relation biases and attention scores
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Table 1. Data sources and low frequency observation conditions
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Table 3. Feature engineering and model training parameters
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Table 4. Within-domain monitoring performance on three datasets
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Figure 3. Within-domain comparison with the LAB Transformer
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Figure 4. Performance changes after removing individual components
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Table 6. Bidirectional transfer performance for common appliances
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Table 7. Model complexity and inference latency
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