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Why do we need Sample Design Engineering(SDE) compared to Prompt Engineering(PE) Motivation
The efficacy of PE relies on the size of LLMSs.

Compa_nies prefer customizing smaller, open-source models for their needs due to high costs [E:;:';‘g:mg] ..... >Tnput —>|  LLMs  —>Output
and privacy risks of large models. For Zers-ahoh/TEL Frozen, vry large LLMs
Information extraction (lE) require our focus il
IE tasks is highly valuable in a wide range of industrial scenarios. e v
There’s a fundamental challenge arises from the discrepancy between the unstructured nature [ AT ]> wallhs Output

For downstream-tuning Trainable, smaller open-source LLMs

of the LLMSs’ generative paradigm and the requirement for structured output.
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(a) Performance of different sample design strategies with increasing training sizes: 500, 1000, 2000 and 4000. (b)
E | f y) . Robustness on decoding sampling randomness, training size = 500. (c) Robustness on instruction content variation,
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KEY CONCLUSIONS: ¢ ¢ ¢ Lines, PU(Placeholders for Unmentioned), TxtLabel output designs

Better to place instruction first KEY CONCLUSIONS:

Lines format is reliable ES-SDE maintains advantages across tasks and training sizes
Placeholders for Unmentioned targets Is better than Omit them ES-SDE Is stable on decoding randomness

Subtle impact of CoT on ID, while significant on OOD ES-SDE is robust to instruction variation
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