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Historical In-Context Learning (HIC), which retrieves historical reasoning examples as ﬁmv g K&V datasets driven reasoning.
. » . . . Dual-Query Xtrrong TS-Text .
promst to p1.'0.V1de error-informed guidance for reasoning. The method improves the Tet Embedding Textire E* = Attention(Q®*, H'**', H'X") B |
reasoning ability of LLMs and unlocks the value of text. A7 _Q Tﬁt K&V , (a) Original (b) Low-pass (c) High-pass (d) Band-pass
: ° ° * h:]:/j-/j:/:l_l Q * p— - 1 1 S * *
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ablation and analysis experiments to demonstrate our effective utilization of text. Endogenous Text Alignment (ETA). D exp(sim(Z;, H;)) series-only prediction (pink), and event-driven prediction ( )
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