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Experiment Results
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Challenges Methods p Time complexity analysis: TEMPLATE strikes a high degree of balance
between efficiency and accuracy.
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Heterogeneous Architectures, Sai = And, (3) » Ablation Study: All three metrics achieve positive ranking correlations, and

their combination yields the highest average ranking correlation.

P Pattern Learning Score :

Challenges for metrics in time series
(1) Cross-task generalization bottlerne » Quantify the model’s capability in learn primary temporal patterns.
(2] High-dimenszional infeasibility. O;
(3} Feature space mismatch. Spi= ||T||_* (4)
P Task Adaptation Score :
» Quantify the model’s capability in adapting to downstream tasks .
HSIC(K,L)
Sta = - (5)
HSIC(K,K)HSIC(L,L)
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