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Abstract

随着大型语言模型（LLM）向更类人化且
人机交流日益普遍的方向发展，提示词已
经成为一个决定性组成部分。然而，关于
什么确切量化了自然语言提示词，尚未达
成概念上的共识。我们尝试通过对来自领
先 NLP和 AI会议（2022–2025）以及博客
的 150多篇与提示词相关的论文进行元分
析来解决这个问题。我们提出了一个以属
性和人为中心的框架用于评估提示词质量，
涵盖 21个属性，这些属性被归类为六个维
度。然后我们检验现有研究如何评估这些
属性对 LLM的影响，揭示其对不同模型和
任务支持不平衡的问题以及显著的研究差
距。此外，我们分析高质量自然语言提示
词中属性之间的相关性，从中得出提示词
推荐。随后，我们在推理任务中对多属性
提示词增强进行实证探索，发现单一属性
增强通常具有最大的影响。最后，我们发
现对增强属性的提示词进行指令微调可以
得到更好的推理模型。我们的研究结果为
以属性为中心的提示词评估和优化奠定了
基础，弥合了人与 AI沟通之间的差距，并
开启了新的提示词研究方向 1 。

1 引言

预训练 LLMs (Brown et al., 2020; Chowdhery
et al., 2022; OpenAI, 2022; Touvron et al., 2023a;
Team et al., 2023; Guo et al., 2025) 以其生成类
似人类文本的能力而闻名，并且在各种自然语
言处理任务中表现出色。尽管它们的有效性受
到自然语言提示 (Sahoo et al., 2024) 质量的深
刻影响，但有效提示的艺术和科学仍未被充分
探索。随着人机交互变得普遍，深入理解这些
自然语言提示至关重要，因为它们是人类与人
工智能系统之间的主要交流界面。
尽管理解自然语言提示非常重要，但在如何
量化它们方面仍然缺乏共识。当前的方法主
要依赖于以结果为中心的测量，如特定模型的
性能指标 (Deng et al., 2022; Lin et al., 2024; Shi
*Equal contribution. Works done during the internship at
WING, NUS.

1我们的代码和数据将在这里 公开提供。

et al., 2024)以及可能导致提示被优化为机器解
释而非人类理解的迭代试错测试 (Pryzant et al.,
2023; Long et al., 2024a)。这可能导致在解释和
验证它们时遇到困难，并可能在大型语言模型
中引入对抗性行为 (Zou et al., 2023; Zhu et al.,
2023)，引发关于一致性、透明度、整体可靠
性，甚至人类与人工智能通信方面的担忧。
最近，一些提示研究 (Bsharat et al., 2023; Lin,

2024)和指南 (OpenAI, 2024b; Anthropic, 2024)
引入了增强某些提示属性的建议，例如“指定
输出的所需长度”。这些以属性为中心的建议
侧重于提示质量而非模型性能，提供了可解释
的策略，并可以补充以结果为中心的方法。然
而，它们有关键的局限性。首先，没有统一或
理论上以属性为中心的框架在抽象上涵盖此类
实际建议，这阻碍了对这些策略的系统理解、
分析和比较。其次，不清楚这些建议是否在跨
模型和任务中提供普遍的好处，还是更倾向于
特定的模型或任务。第三，这些建议之间的相
互作用及其对模型性能的综合影响仍然未被充
分研究。
为了应对这些限制，我们提出了一项元分析
来系统地研究自然语言提示。我们调查了 2022
年至 2025年顶级 NLP和 AI会议的提示论文
以及顶级科技公司撰写的博客（完整列表见
§B），并在六个评估维度中识别了 21个提示
级属性，从而提供了一种新颖的以属性和人为
中心的视角（§3）。基于此，我们研究了先前
的研究如何评估通过增强每个属性来使哪些模
型和任务受益，揭示了支持每个属性的 #论文
在模型和任务中存在显著的不平衡分布以及研
究空白（§4）。接下来，我们分析了这些属性
在一个高质量自然语言提示子集中的相关性，
得出提示设计的实际建议（§5）。随后，我们
进行了一个关于推理任务的案例研究，以了解
增强多个提示属性对模型性能的影响（§6 ）。
值得注意的是，我们观察到不同的提示属性在
任务中对模型的影响不同，增强多个属性并不
总是带来更大的提升；单一属性通常是最有效
的，并且在属性增强的指令上对模型进行微调
会进一步提高这种有效性。我们的贡献总结如
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下：

1. 我们引入了一种新颖的以属性和人为为中
心的框架，用于评估自然语言提示的质量，
识别了跨越六个评估维度的 21个关键属
性，以实现从以结果为中心到以属性为中
心的评估转变。

2. 我们对 2022-2025 年 NLP/AI 会议和博客
中的先前研究进行了荟萃分析，调查这些
属性如何影响模型性能，揭示了显著的研
究不平衡和空白。

3. 我们分析了一组高质量提示中的这些属性
之间的相关性，并得出实用的建议以指导
有效的提示设计。

4. 我们研究了推理任务中的提示和微调模
型，发现优化单一提示属性通常比结合多
个属性表现更优，且这种效果在不同的任
务和模型中有所不同。

2 相关工作

提示在发挥大型语言模型（LLMs）全部潜力中
起关键作用，引发了对提示分析研究的广泛兴
趣。现有研究主要集中在两个主要方向。第一
个方向分析提示的结构组成部分，强调它们在
格式和措辞方面的变化如何导致性能上的显著
差异，以及它们的出现频率。这些研究旨在理
解提示组件及其对模型性能的影响。第二个方
向通过实际实验分析提示，提供设计建议，如
链式思维提示、对 LLMs保持礼貌，甚至是一
些通用指导原则。然而，这些提示分析研究往
往是任务特定的，或关注于提示的特定属性。
在这项工作中，我们首次引入一个统一的属性
中心框架，该框架抽象地组合这些实际建议，
便于系统理解、分析和比较提示策略。

提示工程与优化。 提示工程 (Wei et al., 2022;
Zhang et al., 2023; Zhou et al., 2023c) 和优化
(Deng et al., 2022; Pryzant et al., 2023; Long et al.,
2024a)旨在寻找能够最大化语言模型在特定任
务中表现的提示。尽管现有的大多数研究集
中在提高基准性能上，但最近有一些新兴的努
力强调更广泛的提示属性，例如清晰度 (Lin,
2024; Anthropic, 2024)、礼貌性 (Bsharat et al.,
2023; Yin et al., 2024) 、结构化格式 (OpenAI,
2024b)，甚至是输出生成中的公平性 (Ji et al.,
2023; Yuan et al., 2023)。然而，目前尚不清楚这
些属性是否能在不同模型和任务中提供普遍的
好处，或者它们的效果是否是特定于模型或任
务的。此外，它们的相互作用及其对模型性能
的综合影响仍然基本未探索。我们在 Sections 4
to 6中解决了这些差距。

3 提示质量评估

我们开始研究，通过对超过 150篇论文和博客
进行全面调查。我们的方法很简单：首先，我
们检查从 2022年至 2025年在 ACL Anthology
2上发表的 ACL、EMNLP、NAACL的论文，以
及在 OpenReview 3 上发表的 ICLR和 NeurIPS
的论文。通过在 Google上进行关键词搜索，进
一步识别相关论文。在力求全面的同时，我们
也承认可能会无意中遗漏一些相关的论文。然
后，我们手动识别这些论文中影响模型性能的
提示目标和建议，并将其概念化为提示属性。
这些属性及其证据（缩写为 e.b.）定义如下。

一、交流与语言。 先前的研究强调了特定的
沟通特性对于获得期望的语言模型结果的重要
性。例如，Yin et al. (2024)发现不礼貌的提示
会在各种任务和语言中降低模型结果，而 Shi
et al. (2023)发现不相关的背景会分散大型语言
模型的注意力，更明确的提示则能够提升模型
性能 (Bsharat et al., 2023; Lin, 2024)。受到这些
研究的启发以及大型语言模型更具 humanoid
特性的影响，我们认为在评估提示时应该考
虑类似人类的沟通特性。我们引入了四个用于
评估的特性，部分受到 Grice会话准则的激励
(Grice, 1975)：

• 令牌数量：提示在提供最佳和相关信息的
同时最小化令牌使用的程度，在信息完整
性和效率之间取得平衡（例如，Shi et al.
(2023); Jiang et al. (2023b)）。

• 方式：提示的清晰和直接程度（跨回合），
同时最大限度地减少不必要的歧义、复杂
性和混淆（例如 Anthropic (2024)）。

• 互动和参与：提示在多大程度上通过提出
澄清或确认的问题（例如Deng et al. (2023)
）来明确鼓励模型收集必要的细节和要求。

• 礼貌：提示保持尊重、专业和上下文特
定礼貌的程度，包括礼貌语言的使用（例
如，“请”、“谢谢”）（例如，Yin et al. (2024)
）。

二、认知。 Wei et al. (2022); Zhou et al. (2023a)
首创了引入提示方法，将复杂的推理任务分
解为更简单的步骤，从而提升了大型语言模
型（LLM）的性能。后续研究广泛探讨了优化
子任务的策略，以进一步使其符合模型的能力
(Khot et al., 2023; Suzgun and Kalai, 2024)。此
外，Sun et al. (2022)表明整合自我生成的知识
2https://aclanthology.org/
3https://openreview.net/
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Property Real-world chat Eval. suit Reasoning/QA Generation NLU Others
AlpacaEval/ATLAS/ MMLU/C-Eval/ GSM8K/Comm.QA/ CNN/Arxiv-March23/ GLUE/CommitmentBank/ Safety/Persona./
ShareGPT/. . . BIG-Bench/. . . HotpotQA/ELI5/. . . HumanEval/Translation/. . . DBPedia/. . . Judging/Retrieval/. . .

Better quantity 4 4 9 4 1 0
Better manner 0 0 0 0 0 0
Better engagement 2 0 1 2 0 1
Better politeness 1 2 1 4 2 2

Better intrinsic 3 2 7 2 3 8
Lower extraneous 0 1 3 0 0 3

Better germane 1 1 2 1 0 0

Better objective(s) 1 1 1 1 1 0
Better external tool(s) 1 2 2 1 0 1
Better metacognition 0 2 2 0 1 1
Better demo(s) 1 2 8 4 3 1
Better reward(s) 1 2 2 1 0 1

Better structure 1 1 4 2 1 0
Better context logic 0 0 1 0 0 1

Better hallu. awa. 0 0 1 1 0 0
Better fact. and cre. 0 0 0 0 0 0

Lower bias 1 0 0 1 0 2

Better safety 0 0 0 0 0 1
Better privacy 0 0 0 0 0 1
Better reliability 0 1 1 0 0 1
Better societal norms 0 0 0 0 0 0

Table 1: Summary of the number of papers supporting specific properties across various tasks and models. Model logos are
used as follows: : ChatGPT / Codex； : LLaMa / OPT / RoBERTa / BART； : Qwen； : Mistral； : Alpaca；
: Yi； : PaLM / FLAN / Gemma； : BLOOM / LongChat / T0； : ChatGLM； : Claude； : Command R； :

DeepSeek； : EleutherAI； : InternLM； : LLaVa； : mDeBERTa / Orca / WizardLM； : OFA； : OpenChat；
: Pegasus； : PolyLM； : Swallow； : Vicuna； : XGLM。支持各种属性的论文分布在模型和任务之间是

高度不平衡的。我们将在 §4中详细讨论结果。

可以提高 LLM的问答性能。从哲学上讲，这
些工作意味着，要最大化 LLM的学习和问题
解决能力，必须仔细管理它们的认知负荷。

Sweller and Chandler (1991)引入了认知负荷
理论，将认知负荷分类为固有（任务复杂性）、
外来的（不清晰或设计不佳的指令）和锗烷
（理解、记忆和组织信息的努力）。受此启发，
提示评估应关注 LLMs上的三种负荷：

• 管理内在负荷：这评估了提示在显式指导
模型将复杂任务分解为与语言模型技能
（例如 Zhou et al. (2023a)）一致的可执行
步骤方面的效果。

• 减少无关负担：提示通过简化语言和移除
冗余或不相关的信息以减轻不必要的复杂
性程度（例如 OpenAI (2024b)）。

• 鼓励相关负荷：提示在多大程度上明确地
让模型与其先验知识或深层工作记忆（例
如，“自问”(Press et al., 2023) ）进行互
动，以便将其与现有和新知识结合用于解
决问题（例如 Sun et al. (2022); Mialon et al.
(2023); Fan et al. (2024)）。

III.指导。 提示的教学价值对于实现期望输出
(Sahoo et al., 2024)至关重要。借鉴加涅的九项
教学事件 (Gagné, 1985)和元认知理论 (Schraw
and Moshman, 1995)，我们提出教学标准来评
估它们，与其他维度不重叠。

• 目标：提示在多大程度上明确传达任务目
标，包括预期的人物角色、输出结果、格
式、限制、受众以及其他适用的标准（例
如 Chang (2023); Long et al. (2025b)）。

• 外部工具：提示明确引导模型识别何时需
要超出任务目标的特定外部工具或知识资
源的程度，以及执行相应外部调用（例如
Yao et al. (2023)）。

• 元认知：其评估明确指导模型推理、自我
监控和自我验证输出，以满足期望并增强
可靠性（例如Wang and Zhao (2024)）。

• 示例：提示中明确包含示例、演示和反例
以说明所需输出的程度（例如 Dong et al.
(2024)）。

• 奖励：提示在多大程度上明确建立反馈
和强化机制，以鼓励模型达到期望的输出
（例如，Bsharat et al. (2023)）。

四、逻辑与结构。 事实证明，连贯的结构性提
示在各种任务中都很有效 (Wang et al., 2024a;
Huang et al., 2024a)。此外，提示指南 (Guide,
2024; OpenAI, 2024b) 还建议对输入和输出进
行结构化，以获得性能更佳的提示。对于逻
辑，最近的研究 (Wang et al., 2024g; Pham et al.,
2024)强调了上下文一致性的重要性，其中提
示内的知识冲突会严重降低语言模型的性能。
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基于这些见解以及已建立的人类逻辑有效沟通
标准 (Grice, 1975; Mercier and Sperber, 2011) ，
我们引入了两个逻辑标准：

• 结构逻辑：这评估了提示的结构在逻辑
上的清晰度和连贯性，以及组件之间的进
展（例如，Wang et al. (2024a); Zhou et al.
(2024b)）。

• 情境逻辑：这用于评估提示内及交互轮次
间指令、术语、概念、事实和其他组成部
分的逻辑一致性和连贯性（例如，Pham
et al. (2024)）。

五. 幻觉。 提示可能导致幻觉，其中模型生成
看似合理但实际上不准确的内容 (Huang et al.,
2024b)。尽管预测一个提示是否以及何时会引
发幻觉仍然具有挑战性 (Farquhar et al., 2024)，
但可以设计提示来鼓励模型意识到这个关键问
题。我们建议，提示评估应解决两个与幻觉相
关的标准：

• 幻觉意识：提示在多大程度上明确引导模
型生成基于事实和证据的响应，同时尽量
减少推测性或无根据的断言（例如，Gao
et al. (2023)）。

• 在事实性与创造性之间取得平衡：指明提
示如何明确引导模型在创意生成与事实准
确性之间取得平衡，包括在哪些任务中及
何时强调创造性和事实性孰轻孰重。迄今
为止，我们尚未观察到专门为这一标准设
计的提示方法。然而，Sinha et al. (2023)提
出了一个用于平衡语言模型这两个方面的
训练方法。

在这一维度中，我们不评估提示中的幻觉，
因为它与沟通的“数量”部分重叠。
这种维度强调负责任的提示，旨在缓解与包
容性、隐私、安全性、偏见、可靠性、公平性、
透明性和社会规范相关的担忧，特别是在涉及
敏感话题或多样化观众的任务中。

• 偏见：指的是提示在多大程度上不带有偏
见，并明确鼓励模型生成不含文化、性别、
种族或社会经济偏见的内容，并避免刻板
印象（例如，Si et al. (2023b)）。

• 安全性：指提示中不含不安全内容并明确
鼓励模型生成安全输出的程度，避免有害
内容，如关于危险活动或武器制造的指导
（例如，Zou et al. (2023); Zheng et al. (2024a)
）。

• 隐私：提示不包含敏感隐私信息的程度，
并明确鼓励模型生成不含个人敏感或可
识别信息的内容（例如，Edemacu and Wu
(2024)）。

• 可靠性：提示在多大程度上能够明确地
鼓励显式的推理过程和归因，包括对模型
局限性和不确定性的承认（例如 Si et al.
(2023b); Long et al. (2024b)）。

• 社会规范：提示在何种程度上排除有害
的规范，并明确鼓励模型生成符合广泛接
受的文化、伦理和道德标准（例如，Yuan
et al. (2024b)）的包容性和适当内容。

4 属性如何影响模型性能？

为了评估 §3中的属性如何影响模型性能，我
们分析了截至目前的调查论文，以确定这些方
面是否被研究过。我们将所探讨的任务分类为
六组：（1）现实世界对话，包括从真实用户中收
集的基准测试，如 AlpacaEval (Li et al., 2023c)
和 ShareGPT (ShareGPT, 2023)；（2）评估套件，
其中有多个评估任务，如 MMLU (Hendrycks
et al., 2021)和 C-Eval (Huang et al., 2023c)；（3）
推理/问答，涵盖推理和问答任务，如 GSM8K
(Cobbe et al., 2021) 和 HotpotQA (Yang et al.,
2018) ；（4）生成，专注于文本生成基准测
试，如摘要 (Nallapati et al., 2016)和翻译；（5）
自然语言理解（NLU），包括自然语言理解
任务，如 GLUE (Wang et al., 2018)和 Commit-
mentBank (De Marneffe et al., 2019)；（6）其他，
包括安全性、个性化、判断和检索任务。我们
在下面的 Table 1中讨论我们的发现作为可操
作的提示建议。
首先，在现实世界的聊天中，通信属性是最
受到支持的，其次是指令和认知属性。这是因
为在实际使用大型语言模型时，用户通常会精
心制作丰富且信息量大的提示来处理复杂和多
样的任务。这些提示可以扩大到数万个标记，
有时可能包含冗余细节或缺乏重点，特别是在
多轮交互中。此外，指令属性的重要性反映了
聊天的互动性，而认知属性对于实现期望的结
果至关重要。其次，对于评估套件，认知、指令
和通信属性被研究得最多，其中逻辑在推理/问
答任务中尤为强调。这与这些基准的性质一致，
其中良好的认知指令对于加强大型语言模型的
推理能力至关重要。此外，逻辑和结构逻辑也
强调了对于此类任务系统解决方法的重要性。
第三，对于生成任务，通信属性得到的支持最
多，其次是指令。这种观察反映了在生成任务
中高效标记管理的重要性。有趣的是，一些研
究强调了礼貌的有效性，可能反映了大型语言
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模型在处理良性查询而非非正式查询时的固有
偏见。第四，目前针对自然语言理解（NLU）
任务的提示研究有限，最常被探索的是指令属
性，其次是认知属性。这可以用 NLU任务要求
模型准确解读提示，以便深入推理语言意义或
超越表面理解的含义来解释。最后，较低的外
部性和更好的保护提示已被证明能够有效增强
安全性，更好的内在性可以用于个性化，更好
的内在性和较低的偏见可以用于判断，较低的
外部性可以用于检索。这些发现虽然突出了任
务需求与显示的属性之间的细致对齐，但在探
索如何增强其他属性以进一步提高模型在这些
任务上的表现方面仍然存在显著的研究空白。
具体来说，OpenAI的专有模型（CodeX (Chen

et al., 2021)，InstructGPT (Ouyang et al., 2022)
，ChatGPT (OpenAI, 2022)，GPT-4/4o (OpenAI,
2023, 2024a)）是被研究得最为广泛的，其次
是开源的 LLaMa模型 (Touvron et al., 2023a,b;
Dubey et al., 2024) ，以及谷歌的模型（FLAN
(Chung et al., 2024) ，PaLM (Chowdhery et al.,
2022)，Gemma (Team et al., 2024)）。我们假设
不同的属性对模型有不同的益处，并且这些益
处在不同的任务中也可能有所不同，并在 §6
中进行了验证。
我们的分析揭示了任务特定与普遍属性：虽
然更好的内在负载管理、示范以及外部工具
被认为是普遍有效的，幻觉意识和责任感似乎
更具任务特定性。更好的内在负载突出了当前
LLM 在无需明确指导的情况下，隐性且有效
地将复杂任务分解为较易管理的子任务的薄弱
环节。此外，示范属性强调了从例子中学习的
价值，而使用外部工具表明即便降低了认知负
担并提供了良好的示范，LLM 仍然能够受益
于工具以处理某些任务。

开放问题（Oq）。 ( Oq1 )不同模型由于其固有
知识的差异，属性的有效性也会有所不同，因
此，一个对某个模型有利的属性是否对另一个
模型有用还是一个未解的问题。此外，Table 1
中缺失的条目强调了几个关键但未被探索的属
性。例如，( Oq2 ) 虽然推理是人类解决任务
(Pearl, 1998) 的基础，但是否培养更深层次的
推理（改善基本认知负荷）、反思行为（增强
元认知）或责任感能促进在真实世界的聊天、
评估套件和自然语言理解任务中提升大语言模
型的结果尚待研究。此外，( Oq3 )尽管创造力
对生成等多项任务具有直观的重要性，但其对
大语言模型的有效性仍然是一个未解的问题。
此外，对属性动态的理解仍存在显著差距，特
别是 ( Oq4 )某些相关或甚至与任务无关的属
性 (Taveekitworachai et al., 2024)在何种条件下
变得有效以及原因。最后，( Oq5 )关于特定任

务属性和通用属性的观察引发了关于提示工程
和优化是否应当优先考虑其一以及哪一个更重
要的重要问题。研究 ( Oq1 )-( Oq5 )对推动大
语言模型的效率、可靠性和一致性具有巨大潜
力。未来的研究可以对不同的大语言模型和任
务进行比较研究，开发可量化的指标以评估多
个维度的提示，并探索结合特定任务和通用提
示属性的混合策略。

5 这些属性如何在高质量提示中出现并
相互关联？

我们研究高质量的自然语言提示，以调查这些
属性之间的相关性，从而得出提示的建议。我
们手动收集了我们的测试集，该测试集由 765
个单轮提示组成，来自提示工程论文、Chat-
GPT提示集合 4、Awesome ChatGPT Prompts 5

、Alpaca (Taori et al., 2023)、Natural Instructions
(Mishra et al., 2022)、Complex Instructions (He
et al., 2024)，以及 50个来自 LMSYS-Chat-1M
(Zheng et al., 2024b)、包含 204个提示的真实
世界多轮（> 2 轮）对话，总计 969 个提示
于附录 Table 4中。我们使用 GPT-4o-2024-11-
20 (OpenAI, 2024a)，设 Self-consistency (Wang
et al., 2022)为评判标准，对这 21个提议的属
性进行了评估。我们还测试了开源模型，包括
DeepSeek R1 Distill Qwen 32B (Guo et al., 2025)
和Mistral Small 24B It 2501 (Jiang et al., 2023a)
，作为评委。然而，由于 DeepSeek和Mistral只
取得了 65.42 %和 71.19 %，并且我们在遵循显
著评价格式时遇到了问题 (Long et al., 2025a)，
因此最终没有使用它们。除了 GPT-4o，我们还
补充了来自 Gemini-2.0-flash (Team et al., 2023)
的发现以支持我们的相关性结果，见附录 ??。

方法。 使用大语言模型进行的自动评估可能
不可靠，特别是考虑到评估提示中的可变性
(Doostmohammadi et al., 2024)。这在从这些评
估中得出可靠的相关性结论时造成了重大挑
战。为了解决这个问题，我们首先在 21个属
性中随机手动标记 50个提示，然后设计评估
提示以与人工判断紧密对齐。每个注释均由我
们的三位具有学士学位并至少有六个月经验的
提示研究人员一致同意。
对于每个评估维度，我们从一个与 Zheng

et al. (2023)提出的 1-10分无参考评判提示相
似的提示开始。然而，我们发现这种方法与人
类评分者的 Cohen’s Kappa一致性结果非常低；
在 21个主题中有 15个主题得分低于 0.15，参
见附录 Fig. 2和原始评估。然后，我们为每个
4ChatGPT Prompts Collections
5https://github.com/f/awesome-chatgpt-prompts
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Figure 1: Correlations of properties evaluated by GPT-4o. We do not consider correlations between pairs of properties concur-
rently having average scores below 5/10 (hatched by “\\”) since they naturally but may falsely suggest correlations.

标准补充了类似于 (Yuan et al., 2024a) 的增量
评分系统，这显著提高了一致性。然而，相关
负担、目标、奖励和责任属性的得分仍然很低。
这是因为评估者倾向于根据隐式指令而不是预
期中的明确提示给它们比人类更高的评分。为
解决此问题，我们明确指示评估者评判明确的
信号，结果显著提高了一致性（附录 Fig. 2中
的我们的）。我们用“我们的”评估了所有提
示。

发现。 对于这组特定的提示，属性相关性在
Fig. 1中提供。如果两个属性的平均得分均低
于 5/10（由“\\”标识），我们不考虑属性之间
的相关性，因为低平均得分自然会但可能错误
地建议相关性。我们观察到在 21个属性中有
17/210个强相关性（≥ 0.7）。其中一些与其现
实世界中的重叠一致。例如，令牌数量、方式、
结构逻辑、上下文逻辑和额外负载反映了令牌
效率、清晰度、直接性、排除不相关细节和逻
辑一致性之间的自然相关性。在维度中，我们
注意到结构逻辑与上下文逻辑强相关；幻觉意
识与真实性和创造力；安全性与社会规范。令
人惊讶的是，我们注意到目标与内在负载之间
以及目标与有益负载之间的强相关性；幻觉意
识与可靠性之间的强相关性。这些可以归因于
有效的人类提示的性质：当我们优化内在和/或
有益负载时，我们倾向于更清晰地表述目标。
同样，增强幻觉意识本质上有助于增强可靠性
意识。
我们从对这一组提示的分析中学习到提示推
荐。首先，优化提示的直接性、清晰性和简洁
性可能会提高词汇效率和逻辑一致性，并减少
额外的认知负荷。其次，当提示具有逻辑结构
时，自然会产生清晰的目标，引导模型自我监
控其生成过程或逐步执行任务。第三，在提示
中明确加入幻觉意识可能会导致更好的可靠性
能意识。最后，由于这些提示是由人类精心选
择的，某些不明显的关联，如结构逻辑、上下

文逻辑、词汇数量和方式之间的关联，表明这
些属性应该共同优化。

开放问题 (Oq)。 虽然我们的分析揭示了提示
属性之间的某些相关性，但仍有若干开放性问
题需要未来研究。首先，(Oq6)我们假设不同
提示集，尤其是那些特定任务的提示集，之间
的相关性可能会有所不同，从而导致不同的提
示建议。我们将这一点留待未来研究。其次，
(Oq7)当两个属性表现出强相关性时，尚需确
定是在一个属性上增强提示是否会因果地增强
另一个属性，还是这些属性仅仅在我们的数据
集中同时出现。最后，(Oq8)，了解这些相关性
如何影响模型性能对推进提示优化方法至关重
要。对（Oq6）-（Oq8）的研究提供了一条通过
分析属性相关性和消除优化冗余来优化 LLM
提示的途径。未来的工作可以使用因果推断工
具，例如结构方程模型，以区分单纯的共现和
影响，并进行多样的模型和任务特定实验，以
更精确地量化这些效果。

6 在实验过程中，我们是否应该增强提
示的属性？

我们对结合这些属性对模型推理性能的影响
进行了初步调查。我们的实验在两种设置下进
行：（1）提示（§6.1），（2）微调（§6.2），并
在 MMLU (Hendrycks et al., 2021)，常识问答
(Talmor et al., 2019) 和 ARC-挑战 (Clark et al.,
2018)，以及 GSM8K 数据集上进行。

6.1 属性增强提示

我们的提示实验是在 Llama-3.1-8B-it (Dubey
et al., 2024)、Qwen2.5-7B-it (Qwen Team, 2024)
和 OpenAI o3-mini (OpenAI, 2025) 上进行的，
主要关注三个维度：沟通、认知负担和指导。
我们排除了演示、目标和外部工具，因为之前
的研究已经广泛探讨了这些特性。我们从零次
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MMLU Comm.QA ARC-C GSM8K
Zero-shot CoT 65.00 76.00 81.50 82.0

L
la

m
a-

3.
1-

8B
-I

t + Politeness 68.00↑ 83.50 ↑ 84.50 ↑ 87.5 ↑
+ Germane load 66.00↑ 75.50↓ 82.00↑ 82.0↓
+ Metacognition 61.00↓ 81.50↑ 81.00↓ 81.5↓
+ Rewards 64.00↓ 80.50↑ 82.00↑ 84.0↑
+ Pol. + Ger. 67.00↑ 79.50↑ 80.50↓ 80.5↓
+ Met. + Rew. 66.00↑ 80.00↑ 83.50↑ 83.5↑
+ Pol. + Ger. + Met. 69.50 ↑ 75.00↓ 82.50↑ 81.5↓

Zero-shot CoT 45.50 55.00 59.50 76.5

Q
w

en
-2

.5
-8

B
-I

t + Politeness 41.00↓ 45.50↓ 54.00↓ 79.0↑
+ Germane load 44.50↓ 56.50 ↑ 53.50↓ 90.0 ↑
+ Metacognition 52.50 ↑ 56.50 ↑ 62.00 ↑ 83.5↑
+ Rewards 40.50↓ 48.00↓ 52.00↓ 66.0↓
+ Pol. + Ger. 46.00↑ 54.00↓ 59.00↓ 86.5↑
+ Met. + Rew. 41.00↓ 55.50↑ 54.50↓ 88.5↑
+ Pol. + Ger. + Met. 46.50↑ 53.50↓ 62.00 ↑ 89.5↑

Zero-shot CoT 92.00 88.50 94.50 97.0

o3
-m

in
i

+ Politeness 88.50↓ 87.00↓ 93.50↓ 96.0↓
+ Germane load 88.00↓ 82.00↓ 95.00 ↑ 96.5↓
+ Metacognition 90.00↓ 85.00↓ 94.00↓ 95.5↓
+ Rewards 89.50↓ 85.50↓ 94.50 96.0↓
+ Pol. + Ger. 81.00↓ 71.00↓ 88.50↓ 97.0

Table 2: 模型（%）在不同配置下各种任务上的性能。箭
头表示相对于零样本 CoT的变化。

CoT提示 (Kojima et al., 2022) “逐步回答以下
问题。”开始。然后我们引入以下修改：(1)添
加“请”以促进礼貌；(2) “在解决问题之前，
反思你已有的知识，以更深入地理解问题。”以
鼓励贴切负荷；(3)“彻底自我验证你的回答，
以确保每个推理步骤都是正确的。”以促进元
认知；(4) “每正确推理一步将奖励你 100美
元。”以改善奖励。

研究结果。 我们在 Table 2中的结果表明不同
的提示属性以不同的方式影响模型，其影响在
不同任务中有所不同。总体而言，大多数属性
组合对 Llama-3.1有利，但对其他模型产生负
面影响。此外，我们观察到，结合多个正面属
性并不一定会产生更好的改进;相反，单一属
性通常更为有效。具体而言，在 Comm.QA和
ARC-C 数据集上，礼貌属性为 Llama 带来了
最佳效果，而在所有任务中，元认知为 Qwen
取得了最高性能。关于属性的结合，尽管礼貌
和重要负荷单独都能提升 Llama在 MMLU和
ARC-C上的表现，二者结合反而导致性能低于
仅使用礼貌时的表现。在 CommQA数据集中，
类似模式在将元认知与奖励结合用于 Llama时
也被观察到。令人惊讶的是，对于 o3-mini模
型，我们观察到大多数属性导致负面影响。我
们假设这可能是由于模型过度训练在链式思维
数据上，导致属性将提示推向分布之外。最后，
我们还注意到，在没有观察到任何改进的情况
下，这并不意味着这些属性缺乏影响。相反，
更复杂或优化的提示方法可能更好地促进这些
属性，从而带来改进。我们将这些探索留给未
来的研究。

6.2 属性增强微调

为了更好地理解模型特定因素，特别是指令
微调，如何影响提示属性的有效性，我们在
Qwen-2.5-7B-It模型上进行了一项有针对性的
微调实验。我们选择这个模型是因为在使用更
礼貌的提示时，它并没有表现出更好的推理能
力。我们使用充满礼貌的数据或保持原始形式
的数据，对 Qwen-2.5-7B-It的两个变体进行微
调。具体而言，我们从 Alpaca-GPT-4o数据集
6中采样 2,500个例子，并创建两个微调集：一
个在每个指令中添加“请”，另一个则保持不
变。
如 Table 3 所示，首先，在有礼貌提示上微
调 Qwen-2.5-7B-It，在输入中添加“请”字时，
性能有显著提升。这表明，将带有明确礼貌标
识的数据用于指令微调可以增强模型对礼貌提
示风格的敏感性，实现仅靠简单提示水平的礼
貌无法达到的性能改进（§6.1）。其次，令人
惊讶的是，与原始数据相比，使用礼貌增强的
数据进行指令微调在几乎所有属性增强的实验
中都取得了更好的结果。这表明，在指令微调
过程中融入礼貌或更广泛地说，某些属性，可
以导致更有效和更有鲁棒性的推理模型。

7 结论

本文通过一种新颖的基于属性的视角，探讨了
自然语言提示及其对模型性能的影响。我们对
超过 150项提示研究进行了调查，并引入了一
种 21个关键属性的分类法，用于评估提示质
量及其对模型性能的影响。我们的分析揭示了
在不同模型和任务中对不同属性的不均衡重
视，暴露了基于属性的提示优化中的显著研究
空白。我们进一步识别了良好自然语言提示中
的属性之间的相关性，从而提供了可操作的提
示建议。在一个推理任务的案例研究中，我们
发现增强单个提示属性往往比多属性组合表
现更好，并且对这些属性进行微调可以改进推
理，这挑战了组合属性总是能产生更好结果的
假设。随着该领域的不断发展，我们希望这项
工作能激励研究人员对提示属性与模型行为之
间的关系进行更深入的研究，并推进提示评估
方法及其在不同应用中的影响。

8

局限性
尽管我们尽最大努力进行严格和全面的研
究，但我们承认我们的方法中存在几个局限
性。

6https://huggingface.co/datasets/vicgalle/
alpaca-gpt4
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Method MMLU CQA ARC GSM8K Avg.
Zero-shot CoT 60.0 / 67.00 67.5 / 69.00 73.5 / 68.50 85.00 / 85.00 71.50 / 72.38
+Politeness 69.5 ↑ / 62.50↓ 72.5↑ / 70.00↑ 85.0↑ / 79.50↑ 85.00 / 88.50↑ 78.00↑ / 75.13↑
+Germane load 49.0↓ / 45.00↓ 47.5↓ / 43.00↓ 49.0↓ / 51.00↓ 84.00↓ / 88.00↑ 57.38↓ / 56.80↓
+Metacognition 61.0↑ / 54.00↓ 72.0↑ / 68.00↓ 75.0↑ / 71.00↑ 86.50↑ / 89.00↑ 73.63↑ / 70.50↓
+Rewards 61.0↑ / 65.00↓ 72.5↑ / 69.50↑ 76.5↑ / 74.00↑ 81.50↓ / 82.50↓ 72.88↑ / 72.75↑
+Pol. + Ger. 49.5↓ / 51.50↓ 62.5↓ / 63.00↓ 70.0↓ / 67.50↓ 85.00 / 78.00↓ 66.75↓ / 65.00↓
+Met. + Rew. 54.5↓ / 57.00↓ 69.5↓ / 68.00↓ 68.0↓ / 67.50↓ 85.00 / 85.50↑ 69.25↓ / 69.50↓
+Pol. + Ger. + Met. 69.0↑ / 66.50↓ 77.5 ↑ / 79.50 ↑ 86.5 ↑ / 83.50 ↑ 82.50↓ / 81.50↓ 78.88 ↑ / 77.75 ↑

Table 3: 在不同设置下，两种微调的 Qwen-2.5-7B-it模型（%）在礼貌数据/非礼貌数据上的表现。

首先，我们的研究受限于我们所调查文献的
范围。由于人力资源的限制，我们无法覆盖该
领域的所有相关论文。尽管我们努力通过调查
来自不同会议和主题的多元出版物来减轻这一
影响，但仍有可能遗漏了一些相关研究。这可
能会影响我们研究结果的全面性，从而影响我
们得出的结论。

其次，我们的相关性属性分析仅限于一组预
定义的属性。尽管这些属性经过精心选择，以
代表多样且有意义的维度，但分析其他属性可
能会产生不同的结果。为了解决这个问题，我
们确保收集的提示是多样化的，并通过人工审
核进行验证。然而，属性选择的固有变化性给
我们的研究结果的普遍性带来了潜在限制，在
将这些结果推广到其他背景时应谨慎行事。

我们也同意某些维度，尤其是“责任”（包括
“偏见”、“安全”、“隐私”、“可靠性”和“社会
规范”），可能过于宽泛，涵盖了多种复杂问题。
尽管更细致的细分可以提高分析精度，我们当
前的方法主要是基于这样一个事实：先前研究
中很少有探索这些维度的提示。如在 Table 1
中所示，这个维度仍然基本上未被充分探讨，
大多数单元格为空。然而，随着更多研究的涌
现，我们认识到进一步细化的重要性。随着该
领域研究的进展和更细致的调查结果的出现，
我们将相应地更新我们的研究以反映更细致的
分类。

最后，我们的多属性提示增强实验是使用最
简单形式的补充提示进行的，没有针对特定模
型进行优化。虽然这种方法建立了基础分析，
但可能导致在处理某些属性时效果不佳，并且
忽视了这些属性对于单个模型的更精致提示的
潜在优势。这一限制影响了我们研究结果的稳
健性，并强调了未来研究提示优化技术的必要
性。

总之，虽然我们采取了重要措施来减轻这些
限制，但它们反映了在进行如此规模和复杂性
的研究时固有的挑战。我们希望我们的工作能
够成为该领域进一步探索和改进的基础。

9

伦理考虑 我们的分析可能被滥用于优化恶意
目的的提示，例如生成错误信息、仇恨言论或
侵犯隐私。虽然我们的研究并非旨在此类应
用，但要完全防止潜在的滥用本质上是具有挑
战的。尽管我们的研究可能会提高对抗性应用
和恶意行为者的有效性，但我们并不认为其在
恶意目的上会比在积极应用上更有优势。最后，
我们以每小时 $ 20的工资补偿我们的注释员，
这高于当地的最低工资。
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关于我们的代码实现和本研究中使用的自定义提示的更全面概述，请参阅附加的补充材料。
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Figure 2: Agreements between human evaluators and LLM-based evaluation methods measured by Cohen’s Kappa.

PE papers ChatGPT PC Awe. ChatGPT Prompts Alpaca NI CI Multi-turn Total

25 66 44 108 462 60 204 969

Human Human Human Machine Human Machine Human

Table 4: Prompt evaluation statistics

B 调研论文

Table 5: 具有自动索引增长的表格

Index Category Title Conference
and year

Best prompt means?

PE Structured Chain-of-Thought Prompting for Code Gen-
eration (Li et al., 2023)

ACM Trans-
actions 2022

Highest Performance

PE TSGP: Two-Stage Generative Prompting for Unsuper-
vised Commonsense ... (Sun et al., 2022)

EMNLP 2022 Prior Knowledge Engagement

PE Chain-of-Thought Prompting Elicits Reasoning in
Large Language Models (Wei et al., 2022)

NeurIPS 2022 Highest Performance

PE Ask Me Anything: A Simple Strategy for Prompting
Language Models (Arora et al., 2023)

ICLR 2023 Highest performance

PE Augmented Language Models: a Survey (Zhao et al.,
2023)

Preprint 2023 Enhanced Task Decomposition

PE Large Language Models are Human-Level Prompt En-
gineers (Zhou et al., 2023c)

ICLR 2023 Highest Performance

PE Least-to-Most Prompting Enables Complex Reasoning
... (Zhou et al., 2023a)

ICLR 2023 Enhanced Task Decomposition

PE Decomposed Prompting: A Modular Approach for
Solving Complex Tasks (Khot et al., 2023)

ICLR 2023 Enhanced Task Decomposition

PE Chain-of-Thought Prompting Elicits Reasoning in
Large Language Models (Wei et al., 2022)

ICLR 2023 Highest Performance

PE Prompting GPT-3 to be Reliable (Si et al., 2023b) ICLR 2023 Reliability Enhancement

PE Large Language Models Can Be Easily Distracted by
Irrelevant Context (Shi et al., 2023)

ICML 2023 Contextual Relavance

PE Answering Ambiguous Questions via Iterative Prompt-
ing (Sun et al., 2023)

ACL 2023 Performance-Diversity Balance

PE Causality-aware Concept Extraction based on
Knowledge-guided Prompting (Yuan et al., 2023)

ACL 2023 Bias Mitigation
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PE DIFFUSIONDB: A Large-scale ProWe agree that some
dimensions, particularly "Responsibility" (including
“Bias”,“Safety”,“Privacy”,“Reliability”, and“So-

cietal norms”) may be too broad and encompass mul-
tiple complex issues. While a more fine-grained subdi-
vision could enhance analytical precision, our current
approach is mainly motivated by the fact that there is a
lack of prior studies that explore prompting with these
dimensions. As reflected in Table 1, this dimension
remains largely underexplored, with most cells empty.
However, we recognize the importance of further re-
finement as more studies emerge. As research in this
area advances and more fine-grained investigations be-
come available, we will update our study accordingly
to reflect a more nuanced categorization.mpt Gallery
Dataset for Text-to-Image ... (Wang et al., 2023i)

ACL 2023 Highest Performance

PE Exploring Lottery Prompts for Pre-trained Language
Models (Chen et al., 2023c)

ACL 2023 Highest performance

PE Improving Domain Generalization for Prompt-Aware
Essay Scoring via... (Jiang et al., 2023c)

ACL 2023 Domain Generalization Capabil-
ity

PE MVP: Multi-view Prompting Improves Aspect Senti-
ment Tuple Prediction (Gou et al., 2023)

ACL 2023 Diverse Outcomes

PE Prompting Language Models for Linguistic Structure
(Blevins et al., 2023)

ACL 2023 Highest performance

PE PromptRank: Unsupervised Keyphrase Extraction Us-
ing Prompt (Kong et al., 2023)

ACL 2023 Highest Performance

PE Prompting PaLM for Translation: Assessing Strategies
and Performance (Vilar et al., 2023)

ACL 2023 Highest Performance

PE PromptNER: Prompt Locating and Typing for Named
Entity Recognition (Shen et al., 2023b)

ACL 2023 Highest Performance

PE Open-Domain Hierarchical Event Schema Induction ...
(Li et al., 2023b)

ACL 2023 Enhanced Task Decomposition

PE Retrieving Multimodal Information for Augmented
Generation: A Survey (Zhao et al., 2023)

ACL 2023 Multimodal Enhancement

PE Towards Understanding Chain-of-Thought Prompting ...
(Wang et al., 2023a)

ACL 2023 Coherence and Relevance

PE The Art of Prompting: Event Detection based on Type
Specific Prompts (Wang et al., 2023e)

ACL 2023 Highest performance

PE Plan-and-Solve Prompting: Improving Zero-Shot
Chain-of-Thought ... (Wang et al., 2023d)

ACL 2023 Highest Performance

PE PESCO: Prompt-enhanced Self-Contrastive Learning
for Zero-shot ... (Wang et al., 2023h)

ACL 2023 Highest Performance

PE MEEP: Is this Engaging? Prompting Large Language
Models for Dialogue Evaluation in Multilingual Set-
tings (Ferron et al., 2023)

ACL 2023 Engagingness Evaluation

PE PAL to Lend a Helping Hand: Towards Building an
Emotion Adaptive Polite and Empathetic Counseling
Conversational Agent (Mishra et al., 2023)

ACL 2023 Emotion-Aware Interaction

PE Query Refinement Prompts for Closed-Book Long-
Form QA (Amplayo et al., 2023)

ACL 2023 Enhanced Task Decomposition

PE Tailor: A Soft-Prompt-Based Approach to Attribute-
Based Controlled ... (Yang et al., 2023b)

ACL 2023 Highest Performance

PE Prompting and Evaluating Large Language Models for
Proactive Dialogues ... (Deng et al., 2023)

EMNLP 2023 Highest Performance

PE Cross-lingual Prompting: Improving Zero-shot Chain-
of-Thought Reasoning across Languages (Qin et al.,
2023)

EMNLP 2023 Highest Performance
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PE CoF-CoT: Enhancing Large Language Models with
Coarse-to-Fine Chain-of-Thought Prompting for Multi-
domain NLU Tasks (Nguyen et al., 2023)

EMNLP 2023 Highest Perfomance

PE Exploring Chain of Thought Style Prompting for Text-
to-SQL (Tai et al., 2023)

EMNLP 2023 Effective Reasoning Support

PE G-EVAL: NLG Evaluation using GPT-4 with Better Hu-
man Alignment (Liu et al., 2023)

EMNLP 2023 Highest Performance

PE Gentopia.AI: A Collaborative Platform for Tool-
Augmented LLMs (Xu et al., 2023a)

EMNLP 2023 Highest Perfomance

PE Self-prompted Chain-of-Thought on Large Language
Models for Open-domain Multi-hop Reasoning (Wang
et al., 2023c)

EMNLP 2023 Highest Perfomance

PE LLMLingua: Compressing Prompts for Accelerated In-
ference of Large Language Models (Jiang et al., 2023b)

EMNLP 2023 Performance-Preserving Seman-
tic Compression

PE Towards Mitigating LLM Hallucination via Self Reflec-
tion (Ji et al., 2023)

EMNLP 2023 Hallucination Mitigation

PE ClarifyGPT: A Framework for Enhancing LLM-Based
Code Generation via Requirements Clarification (Mu
et al., 2024)

ACM 2023 Highest Performance

PE Breaking the Bias: Gender Fairness in LLMs Using
Prompt Engineering and In-Context Learning (Dwivedi
et al., 2023)

Journal 2023 Bias Mitigation

PE Enhancing Recommender Systems with Large Lan-
guage Model Reasoning Graphs (Wang et al., 2023g)

Preprint 2023 Highest Performance

PE Who’s Who: Large Language Models Meet Knowl-
edge Conflicts in Practice (Pham et al., 2024)

EMNLP 2024 Conflict Resolution

PE The Death and Life of Great Prompts: Analyzing the
Evolution of LLM ... (Ma et al., 2024)

EMNLP 2024 Coherent Structure

PE Enhancing Incremental Summarization with Structured
Representations (Hwang et al., 2024)

EMNLP 2024 Effective Structured Representa-
tions

PE A Survey on In-context Learning (Dong et al., 2024) EMNLP 2024 Effective Demonstrations

PE Distract Large Language Models for Automatic Jail-
break Attack (Xiao et al., 2024)

EMNLP 2024 High Attack Success Rate

PE Multi-expert Prompting Improves Reliability, Safety
and Usefulness of Large ... (Long et al., 2024b)

EMNLP 2024 Reliability and Usefulness En-
hancement

PE How are Prompts Different in Terms of Sensitivity? (Lu
et al., 2024)

NAACL 2024 Highest Performance

PE Role Prompting Guided Domain Adaptation with Gen-
eral Capability Preserve... (Wang et al., 2024c)

NAACL 2024 Effective Role Assignment

PE Mitigating Hallucination in Abstractive Summarization
with Domain-Conditional Mutual Information (Chae
et al., 2024)

NAACL 2024 Hallucination Mitigation

PE Metacognitive Prompting Improves Understanding in
Large Language Models (Wang and Zhao, 2024)

NAACL 2024 Highest Performance

PE Effective Demonstration Annotation for In-Context
Learning via Language Model-Based Determinantal
Point Process (Wang et al., 2024b)

EMNLP 2024 Highest Performance

PE Self-Prompting Large Language Models for Zero-Shot
Open-Domain QA (Li et al., 2024b)

NAACL 2024 Effective Contextualization

PE Learning to Compress Prompt in Natural Language For-
mats, (Chuang et al., 2024)

NAACL 2024 Token efficiency

PE Should We Respect LLMs? A Cross-Lingual Study on
the Influence of ... (Yin et al., 2024)

SICon 2024 Prompt Politeness

PE Resolving Knowledge Conflicts in Large Language
Models (Wang et al., 2024g)

COLM 2024 Conflict Resolution
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PE A Survey on RAG Meeting LLMs: Towards Retrieval-
Augmented ... (Fan et al., 2024)

KDD 2024 Effective Knowledge Integration

PE Can LLMs Effectively Leverage Graph Structural Infor-
mation ... (Huang et al., 2024a)

TMLR 2024 Coherent Structure

PE A Survey on Hallucination in Large Language Models:
Principles, ... (Huang et al., 2024b)

ACM 2024 Hallucination Mitigation

PE Democratizing LLMs for Low-Resource Languages
by Leveraging their English Dominant Abilities with
Linguistically-Diverse Prompts (Nguyen et al., 2024)

ACL 2024 Effective Exemplars

PE Active Prompting with Chain-of-Thought for Large
Language Models (Diao et al., 2024)

ACL 2024 Enhanced Task Decomposition

PE Prompt Refinement with Image Pivot for Text-to-Image
Generation (Zhan et al., 2024)

ACL 2024 Highest Performance

PE Learning to Trust Your Feelings: Leveraging Self-
awareness in LLMs for ... (Liang et al., 2024)

KnowledgeNLP
2024

Hallucination Mitigation

PE Should We Respect LLMs? A Cross-Lingual Study ...
(Yin et al., 2024)

SICon 2024 Optimal Politeness Level

PE LLM-based Multi-Level Knowledge Generation for
Few-shot Knowledge Graph Completion (Li et al.,
2024c)

IJCAI 2024 Knowledge Integrity

PE AdaComp: Extractive Context Compression with Adap-
tive Predictor ... (Zhang et al., 2024b)

Preprint 2024 Relevance and Efficiency

PE LangGPT: Rethinking Structured Reusable Prompt De-
sign Framework for LLMs from the Programming Lan-
guage (Wang et al., 2024a)

Preprint 2024 Reusable Prompts

PE TACO-RL: Task Aware Prompt Compression Optimiza-
tion with Reinforcement Learning (Shandilya et al.,
2024)

Preprint 2024 Highest Performance

PE LangGPT: Rethinking Structured Reusable Prompt De-
sign Framework ... (Wang et al., 2024a)

Preprint 2024 Coherent Structure

PE Meta-Prompting: Enhancing Language Models with
Task-Agnostic ... (Suzgun and Kalai, 2024)

Preprint 2024 Task-Agnostic Scaffolding

PE Investigating the Role of Prompting and External Tools
... (Barkley and van der Merwe, 2024)

Preprint 2024 Hallucination Mitigation

PE Principled Instructions Are All You Need for Question-
ing LLaMA-1/2 ... (Bsharat et al., 2023)

Preprint 2024 Designed Principles Guidance

PE Privacy Preserving Prompt Engineering: A Survey
(Edemacu and Wu, 2024)

Preprint 2024 Privacy Risks Mitigation

PE Aligning Large Language Models with Human Opin-
ions through Persona Selection and Value–Belief–Norm
Reasoning (Do et al., 2025)

COLING
2025

Effective Persona Utilization

PO Do Prompt-Based Models Really Understand the Mean-
ing ... (Webson and Pavlick, 2022)

NAACL 2022 Highest Performance

PO Exploring the Universal Vulnerability of Prompt-based
Learning Paradigm (Xu et al., 2022)

NAACL 2022 Highest Performance

PO Using Natural Sentences for Understanding Biases in ...
(Alnegheimish et al., 2022)

NAACL 2022 Bias Mitigation

PO On Measuring Social Biases in Prompt-Based Multi-
Task Learning (Akyürek et al., 2022)

NAACL 2022 Bias Mitigation

PO On Transferability of Prompt Tuning for Natural Lan-
guage Processing (Su et al., 2021)

NAACL 2022 Domain Generalization Capabil-
ity

PO Test-Time Prompt Tuning for Zero-Shot Generalization
in Vision-Language ... (Shu et al., 2022)

NeurIPS 2022 Consistent Performance

PO PLOT: Prompt Learning with Optimal Transport for
Vision-Language ... (Chen et al., 2023a)

NeurIPS 2022 Domain Generalization Capabil-
ity
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PO ASK ME ANYTHING: A SIMPLE STRATEGY FOR
PROMPTING ... (Arora et al., 2023)

ICLR 2023 Highest Performance

PO TEMPERA: Test-Time Prompt Editing via Reinforce-
ment Learning (Zhang et al., 2022)

ICLR 2023 Highest Performance

PO Automatic Prompt Optimization with “Gradient De-
scent” and Beam Search (Pryzant et al., 2023)

EMNLP 2023 Highest Performance

PO Compressing Context to Enhance Inference Efficiency
of Large Language Models (Li et al., 2023e)

EMNLP 2023 Efficiency and Performance

PO Robust Prompt Optimization for Large Language Mod-
els Against ... (Li et al., 2023a)

EMNLP 2023 Domain Generalization Capabil-
ity

PO Hard Sample Aware Prompt-Tuning (Xu et al., 2023b) ACL 2023 Effective Sample Utilization

PO MVP-Tuning: Multi-View Knowledge Retrieval with
Prompt Tuning for ... (Huang et al., 2023b)

ACL 2023 Highest Performance

PO Prompt Tuning Pushes Farther, Contrastive Learning
Pulls Closer ... (Li et al., 2023d)

ACL 2023 Effective Representation

PO Prompts Can Play Lottery Tickets Well ... (Liang et al.,
2023)

ACL 2023 Domain Generalization Capabil-
ity

PO Towards Understanding Chain-of-Thought Prompting:
An Empirical Study of What Matters (Wang et al.,
2023a)

ACL 2023 Coherence and Relevance

PO Large Language Models Can Be Easily Distracted by
Irrelevant Context (Shi et al., 2023)

ICML 2023 Relevance Maintenance

PO Discrete Prompt Compression with Reinforcement
Learning (Jung and Kim, 2024)

Preprint 2023 Highest Performance

PO VisLingInstruct: Elevating Zero-Shot Learning in
Multi-Modal Language ... (Zhu et al., 2024)

Preprint 2024 Highest Performance

PO Concentrate Attention: Towards Domain-Generalizable
Prompt Optimization ... (Li et al., 2024a)

NeurIPS 2024 Domain Generalization Capabil-
ity

PO Efficient Prompt Optimization Through the Lens of
Best Arm Identification (Shi et al., 2024)

NeurIPS 2024 Highest Performance

PO Localized Zeroth-Order Prompt Optimization (Hu
et al., 2024)

NeurIPS 2024 Highest performance

PO Prompt Optimization with EASE? Efficient Ordering-
aware Automated ... (Wu et al., 2024c)

NeurIPS 2024 Highest performance

PO Teach Better or Show Smarter? On Instructions and Ex-
emplars in Automatic ... (Wan et al., 2024)

NeurIPS 2024 Highest performance

PO Connecting Large Language Models with Evolutionary
Algorithms Yields ... (Guo et al., 2024)

ICLR 2024 Highest Performance

PO PromptAgent: Strategic Planning with Language Mod-
els Enables ... (Wang et al., 2023f)

ICLR 2024 Highest Performance

PO On Prompt-Driven Safeguarding for Large Language
Models (Zheng et al., 2024a)

ICML 2024 Safety Optimization

PO Dynamic Rewarding with Prompt Optimization En-
ables Tuning-free ... (Singla et al., 2024)

EMNLP 2024 Highest Performance

IF ToolPlanner: A Tool Augmented LLM for Multi Gran-
ularity Instructions with Path Planning and Feedback
(Wu et al., 2024a)

EMNLP 2024 Instruction Alignment

PO Fine-Tuning and Prompt Optimization: Two Great
Steps that Work ... (Soylu et al., 2024)

EMNLP 2024 Prompt Effectiveness

PO PRompt Optimization in Multi-Step Tasks (PROMST):
Integrating Human ... (Chen et al., 2024)

EMNLP 2024 Highest Performance

PO Multi-Scale Prompt Memory-Augmented Model for
Black-Box Scenarios (Kuang et al., 2024)

NAACL 2024 Highest Performance
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PO Learning to Compress Prompt in Natural Language For-
mats (Chuang et al., 2024)

NAACL 2024 Efficiency and Transferability

PO Universal Prompt Optimizer for Safe Text-to-Image
Generation (Wu et al., 2024d)

NAACL 2024 Safe and Semantic-Preserving

PO Black-Box Prompt Optimization: Aligning Large Lan-
guage Models without Model Training (Cheng et al.,
2024a)

ACL 2024 Human Preference Alignment

PO LongLLMLingua: Accelerating and Enhancing LLMs
in Long Context Scenarios via Prompt Compression
(Jiang et al., 2024)

ACL 2024 Highest Perfomance

PO LLMLingua-2: Data Distillation for Efficient and Faith-
ful Task-Agnostic Prompt Compression (Pan et al.,
2024)

ACL 2024 Highest Performance

PO Lost in the Middle: How Language Models Use Long
Contexts (Liu et al., 2024a)

TACL 2024 Effective Context Utilization

PO Do Prompt Positions Really Matter? (Mao et al., 2024) Preprint 2024 Highest Performance

PO Prompt Compression with Context-Aware Sentence
Encoding for Fast and Improved LLM Inference
(Liskavets et al., 2024)

AAAI 2025 Highest Performance

IF How to talk so AI will learn: Instructions, descriptions,
and autonomy (Sumers et al., 2022)

NeurIPS 2022 Contextual Relevance

IF Training language models to follow instructions with
human feedback (Ouyang et al., 2022)

NeurIPS 2022 User-Aligned Guidance

IF Instruction-Following Evaluation for Large Language
Models (Zhou et al., 2023b)

Preprint 2023 Verifiable instruction

IF Protecting User Privacy in Remote Conversational Sys-
tems: A Privacy-Preserving framework based on text
sanitization (Kan et al., 2023)

Preprint 2023 Privacy Preservation and Data
Utility

IF ICU: Conquering Language Barriers ... (Wu, 2023) EMNLP 2023 Cross-Language Clarity

IF Benchmarking Generation and Evaluation Capabilities
of Large Language ... (Liu et al., 2024c)

NAACL 2023 Comprehensive Instruction Clar-
ity

IF Enhancing Large Language Models Against Inductive
Instructions with ... (Wang et al., 2024d)

NAACL 2023 Enhanced Instruction Adherence

IF InstructEval: Systematic Evaluation of Instruction Se-
lection Methods (Ajith et al., 2023)

NAACL 2023 Highest Performance

IF Interpreting User Requests in the Context of Natural
Language Standing ... (Moghe et al., 2024)

NAACL 2023 Highest Performance

IF Instruction-following Evaluation through Verbalizer
Manipulation (Li et al., 2024d)

NAACL 2023 Enhanced Instruction Adherence

IF HuggingGPT: Solving AI Tasks with ChatGPT and its
Friends in Hugging Face (Shen et al., 2023a)

NeurIPS 2023 Highest Performance

IF Judging LLM-as-a-Judge with MT-Bench and Chatbot
Arena (Zheng et al., 2023)

NeurIPS 2023 Effective Evaluation Criteria

IF Recommender AI Agent: Integrating Large Language
Models for Interactive Recommendations (Huang et al.,
2023a)

Preprint 2023 Highest Performance

IF Evaluating ChatGPT as a Recommender System: A
Rigorous Approach (Di Palma et al., 2023)

Preprint 2023 Highest Performance

IF RecMind: Large Language Model Powered Agent For
Recommendation (Wang et al., 2024e)

NAACL 2024 Highest Performance

IF R-Tuning: Instructing Large Language Models to Say...
(Zhang et al., 2024a)

NAACL 2024 Refusal Awareness

IF Benchmarking Complex Instruction-Following with
Multiple Constraints ... (Wen et al., 2024)

NeurIPS 2024 Comprehensive Instruction Clar-
ity
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IF Instruction Embedding: Latent Representations of In-
structions Towards ... (Li et al., 2024f)

NeurIPS 2024 Highest Performance

IF Evaluating Large Language Models at Evaluating In-
struction Following (Zeng et al., 2024)

ICLR 2024 Enhanced Instruction Adherence

IF MUFFIN: Curating Multi-Faceted Instructions for Im-
proving ... (Lou et al., 2024)

ICLR 2024 Enhanced Instruction Adherence

IF Self-Rewarding Language Models (Yuan et al., 2024a) ICML 2024 Self-Rewarding Guidance

IF A Theory Guided Scaffolding Instruction Framework
for LLM-Enabled Metaphor Reasoning (Tian et al.,
2024)

NAACL 2024 Effective Reasoning Support

IF Can LLMs Generate Human-Like Wayfinding Instruc-
tions? Towards Platform-Agnostic Embodied Instruc-
tion Synthesis (Dorbala et al., 2024)

NAACL 2024 Highest Performance

IF From Language Modeling to Instruction Following: Un-
derstanding the Behavior Shift in LLMs after Instruc-
tion Tuning (Wu et al., 2024b)

NAACL 2024 Comprehensive Instruction Clar-
ity

IF MATHSENSEI: A Tool-Augmented Large Language
Model for Mathematical Reasoning (Das et al., 2024)

NAACL 2024 Highest Perfomance

IF UniverSLU: Universal Spoken Language Understand-
ing for Diverse Tasks with Natural Language Instruc-
tions (Arora et al., 2024)

NAACL 2024 User-Aligned Guidance

IF InsCL: A Data-efficient Continual Learning Paradigm
for Fine-tuning Large Language Models with Instruc-
tions (Wang et al., 2024f)

NAACL 2024 Highest Performance

IF Answer is All You Need: Instruction-following Text
Embedding via Answering the Question (Peng et al.,
2024b)

ACL 2024 Highest Performance

IF ABLE: Personalized Disability Support with Politeness
and Empathy Integration (Mishra et al., 2024)

EMNLP 2024 Highest Performance

IF Seemingly Plausible Distractors in Multi-Hop Reason-
ing ... (Bhuiya et al., 2024)

EMNLP 2024 Multi-Hop Reasoning Capabili-
ties

IF Generating Demonstrations for In-Context Composi-
tional Generalization in Grounded Language Learning
(Spilsbury et al., 2024)

EMNLP 2024 Highest Performance

IF Do LLMs Know to Respect Copyright Notice? (Xu
et al., 2024)

EMNLP 2024 Copyright Compliance

IF Factual Dialogue Summarization via Learning from
Large Language Models (Zhu et al., 2025)

COLING
2025

Consistent Perfomance

C 支持 Table 1中性质的论文列表

我们观察到，我们之前分析中发现的大多数强相关性仍然保持一致，包括（标记数量；方式；结
构逻辑；上下文逻辑；额外负担）、（目标；内在负担）、（结构逻辑；上下文逻辑）和（安全性；
社会规范），其中两个相关性稍微不如以前那么强（现在是 Gemini-2.0-flash的 0.6，而 GPT-4o
是 0.7）：（幻觉意识；事实性和创造性）和（目标；相关负担）。这些额外的结果进一步支持了
观察到的相关性在不同高性能大模型中（几乎）具有普遍性，而不是仅限于特定模型组（例如
OpenAI模型）。
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Property Real-world chat Total

Better quantity (Jiang et al., 2023b; Pan et al., 2024; Li et al., 2023e; Jung and Kim, 2024) 4
Better manner - 0
Better engagement (Bsharat et al., 2023; Ferron et al., 2023) 2
Better politeness (Mishra et al., 2023) 1

Better intrinsic (Bsharat et al., 2023; Nguyen et al., 2023; Wang et al., 2023b) 3
Lower extraneous - 0
Better germane (Zhu et al., 2025) 1

Better objective(s) (Bsharat et al., 2023) 1
Better external tool(s) (Shen et al., 2023a) 1
Better metacognition - 0
Better demo(s) (Bsharat et al., 2023) 1
Better reward(s) (Bsharat et al., 2023) 1

Better structure (Bsharat et al., 2023) 1
Better context logic - 0

Better hallu. awa. - 0
Better fact. and cre. - 0

Lower bias (Dwivedi et al., 2023) 1
Better safety - 0
Better privacy - 0
Better reliability - 0
Better societal norms - 0

Table 6: Property impact on Real-world chat.

Property Eval. suit Total

Better quantity (Jiang et al., 2023b, 2024; Pan et al., 2024; Liskavets et al., 2024) 4
Better manner - 0
Better engagement - 0
Better politeness (Yin et al., 2024; Xu et al., 2024) 2

Better intrinsic (Wei et al., 2022; Li et al., 2023) 2
Lower extraneous (Bhuiya et al., 2024) 1
Better germane (Sun et al., 2022) 1

Better objective(s) (Wu, 2023) 1
Better external tool(s) (Xu et al., 2023a; Das et al., 2024) 2
Better metacognition (Zhou et al., 2024d; Lee et al., 2025) 2
Better demo(s) (Chen et al., 2023b; Wu et al., 2024c) 2
Better reward(s) (Pyatkin et al., 2023; Yuan et al., 2024a) 2

Better structure (Wang et al., 2024a) 1
Better context logic - 0

Better hallu. awa. - 0
Better fact. and cre. - 0

Lower bias - 0
Better safety - 0
Better privacy - 0
Better reliability (Long et al., 2024b) 1
Better societal norms - 0

Table 7: Property impact on Eval. suit.
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Property Reasoning/QA Total

Better quantity (Jiang et al., 2023b; Shi et al., 2023; Li et al., 2023e; Wang et al., 2023a; Pan et al., 2024; Jiang
et al., 2024; Chuang et al., 2024; Zhang et al., 2024b; Shandilya et al., 2024)

9

Better manner - 0
Better engagement (Deng et al., 2023) 1
Better politeness (Yin et al., 2024) 1

Better intrinsic (Wei et al., 2022; Arora et al., 2023; Qin et al., 2023; Tai et al., 2023; Madaan et al., 2023; Wang
et al., 2023b,c)

7

Lower extraneous (Shi et al., 2023; Bhuiya et al., 2024; Liu et al., 2024a) 3
Better germane (Sun et al., 2022; Li et al., 2024c) 2

Better objective(s) (Wu, 2023) 1
Better external tool(s) (Yao et al., 2023; Wu et al., 2024a) 2
Better metacognition (Wang and Zhao, 2024; Zhou et al., 2024d) 2
Better demo(s) (Levy et al., 2023; Yang et al., 2023a; Michaelov et al., 2023; Opsahl-Ong et al., 2024; Qin

et al., 2024; Spilsbury et al., 2024; Li et al., 2024b; Wu et al., 2024c)
8

Better reward(s) (Pyatkin et al., 2023; Yuan et al., 2024a) 2

Better structure (Wang et al., 2024a; Zhou et al., 2024a; Cheng et al., 2024b) 3
Better context logic (Liu et al., 2024b) 1

Better hallu. awa. (Gao et al., 2023) 1
Better fact. and cre. - 0

Lower bias - 0
Better safety - 0
Better privacy - 0
Better reliability (Si et al., 2023b) 1
Better societal norms - 0

Table 8: Property impact on Reasoning/QA.

Property Generation Total

Better quantity (Jiang et al., 2023b; Li et al., 2023e; Pan et al., 2024; Shandilya et al., 2024) 4
Better manner - 0
Better engagement (Ferron et al., 2023; Mu et al., 2024) 2
Better politeness (Mishra et al., 2023; Yin et al., 2024; Mishra et al., 2024; Xu et al., 2024) 4

Better intrinsic (Li et al., 2023; Wang et al., 2023b) 2
Lower extraneous - 0
Better germane (Zhu et al., 2025) 1

Better objective(s) (Long et al., 2025b) 1
Better external tool(s) (Xu et al., 2023a) 1
Better metacognition - 0
Better demo(s) (Wu et al., 2024c; Peng et al., 2024a; Wang et al., 2024b) 3
Better reward(s) (Pyatkin et al., 2023) 1

Better structure (Hwang et al., 2024; Ma et al., 2024) 2
Better context logic - 0

Better hallu. awa. (Chae et al., 2024) 1
Better fact. and cre. - 0

Lower bias (Dwivedi et al., 2023) 1
Better safety - 0
Better privacy - 0
Better reliability - 0
Better societal norms - 0

Table 9: Property impact on Generation.
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Property NLU Total

Better quantity (Jiang et al., 2024) 1
Better manner - 0
Better engagement - 0
Better politeness (Mishra et al., 2023, 2024) 2

Better intrinsic (Arora et al., 2023; Wang et al., 2023b; Nguyen et al., 2023) 3
Lower extraneous - 0
Better germane - 0

Better objective(s) (Wu, 2023) 1
Better external tool(s) - 0
Better metacognition (Wang and Zhao, 2024) 1
Better demo(s) (Si et al., 2023a; Peng et al., 2024a; Wang et al., 2024b; Zhou et al., 2024c) 4
Better reward(s) - 0

Better structure (Huang et al., 2024a) 1
Better context logic - 0

Better hallu. awa. - 0
Better fact. and cre. - 0

Lower bias - 0
Better safety - 0
Better privacy - 0
Better reliability - 0
Better societal norms - 0

Table 10: Property impact on NLU.

Property Others (Judging, Personalization, Retrieval, Safety) Total

Better quantity - 0
Better manner - 0
Better engagement (Ferron et al., 2023) 1
Better politeness (Mishra et al., 2024; Xu et al., 2024) 2

Better intrinsic (Zheng et al., 2023; Liu et al., 2023; Wang et al., 2023b; Di Palma et al., 2023; Huang et al.,
2023a; Wang et al., 2023g, 2024e; Do et al., 2025)

8

Lower extraneous (Xiao et al., 2024; Liu et al., 2024a; Do et al., 2025) 3
Better germane - 0

Better objective(s) - 0
Better external tool(s) (Wu et al., 2024a) -
Better metacognition (Lee et al., 2025) 1
Better demo(s) (Li et al., 2024e) 1
Better reward(s) (Yuan et al., 2024a) 1

Better structure - 0
Better context logic (Pham et al., 2024) 1

Better hallu. awa. - 0
Better fact. and cre. - 0

Lower bias (Zheng et al., 2023; Echterhoff et al., 2024) 2
Better safety (Zheng et al., 2024a) 1
Better privacy (Kan et al., 2023) 1
Better reliability (Long et al., 2024b) 1
Better societal norms - 0

Table 11: Property impact on Others.
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C.1 认知维度提示细节

COG_FORMAT = “ { ’Intrinsic load’: 1-10, ’Extraneous load’: 1-10, ’Germane load’: 1-10 } "
COG_JUDGING_PROMPT = f“““You are a highly experienced judge tasked with evaluating a prompt on
criteria.
The prompt given to you is provided below:
< 开始提示 > [[输入 _ 提示]] < 结束提示 >
Your task is to evaluate the above prompt on the following criteria on a scale of 1-10:
- Intrinsic load: This evaluates the prompts in explicitly guiding models to break complex tasks
into actionable steps aligned with LM skills.
- Extraneous load: The extent to which prompts exclude irrelevant materials to reduce unnecessary
load.
- Germane load: The degree to which prompts explicitly engage models with their prior knowledge
or deep working memory (e.g., “ask itself”) to integrate it with existing and new knowledge for
problem-solving.
The scoring system is provided below:
> Intrinsic load :
- 1-2 (Poor): The prompt provides little to no guidance on breaking down the task. It is overly
vague, abstract, or assumes the model can handle complexity without guidance.
- 3-4 (Below Average): The prompt provides minimal guidance but fails to clearly break the task
into actionable steps. The model is left to infer most of the process.
- 5-6 (Average): The prompt partially breaks down the task but lacks clarity or completeness in
defining actionable steps. Some guidance is present, but it is inconsistent or incomplete.
- 7-8 (Good): The prompt effectively breaks the task into clear, actionable steps. It aligns
well with the model’s skills but may lack some nuance or optimization.
- 9-10 (Excellent): The prompt perfectly breaks the task into logical, actionable steps. It is
highly aligned with the model’s capabilities and ensures clarity and efficiency in execution.
> Extraneous load :
- 1-2 (Poor): The prompt includes excessive irrelevant information, making it difficult for the
model to focus on the core task. It is cluttered or overly verbose.
- 3-4 (Below Average): The prompt contains some irrelevant information, but the core task is
still somewhat discernible. The extraneous load is noticeable and distracting.
- 5-6 (Average): The prompt includes some unnecessary details but generally stays focused on the
task. The extraneous load is moderate but not overly detrimental.
- 7-8 (Good): The prompt is concise and mostly free of irrelevant information. It minimizes
extraneous load effectively, with only minor distractions.
- 9-10 (Excellent): The prompt is perfectly concise and excludes all irrelevant materials. It
is optimized to reduce extraneous load to the bare minimum.
> Germane load :
- 1-2 (Poor): The prompt does not engage the model’s prior knowledge or working memory. It
provides no cues or instructions to leverage existing knowledge.
- 3-4 (Below Average): The prompt makes minimal attempts to engage prior knowledge but does so
ineffectively or inconsistently. The model is left to infer connections on its own.
- 5-6 (Average): The prompt partially engages the model’s prior knowledge but lacks depth or
clarity in integrating it with new information. The engagement is superficial.
- 7-8 (Good): The prompt effectively engages the model’s prior knowledge and encourages
integration with new information. It provides clear cues or instructions for leveraging existing
knowledge.
- 9-10 (Excellent): The prompt perfectly engages the model’s prior knowledge and deep working
memory. It explicitly guides the model to integrate existing and new knowledge for optimal
problem-solving.
Your evaluations must focus on explicit instructions rather than implicit instructions.
For example, if the prompt does not say “Reflect on your prior knowledge” then you should not
assume that the prompt is effective in encouraging germane load.
Begin your evaluation by providing a short explanation for each. Be as objective, thorough, and
constructive as possible.
After providing your explanation, please rate the response on all the criteria on a scale of 1
to 10 by strictly following this format:
<begin of explanation> ... <end of explanation>
< 开始评分 > { 认知 _ 格式 } < 结束评分 >
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C.2 指令维度提示细节

INS_FORMAT = “ { ‘Objectives’: 1-10, ‘External tools’: 1-10, ‘Metacognition’: 1-10, ‘Demos’:
1-10, ‘Rewards’: 1-10 } "
INS_JUDGING_PROMPT = f“““You are a highly experienced judge tasked with evaluating a prompt on
criteria.
The prompt given to you is provided below:
<begin of the prompt> [[INPUT_PROMPT]] <end of the prompt>
Your task is to evaluate the above prompt on the following criteria on a scale of 1-10:
- Objectives: How well prompts explicitly communicate the task objectives, including expected
outputs, formats, constraints, audiences, and other applicable criteria.
- External tools: The extent to which prompts explicitly guide models to identify when
specific external tools or knowledge resources are needed, and perform tool calls to support
problem-solving.
- Metacognition: This assesses prompts in explicitly guiding models to reason, self-monitor, and
self-verify outputs to meet expectations and enhance reliability.
- Demos: The extent to which the prompts explicitly include examples, demonstrations, and
counterexamples to illustrate the desired output.
- Rewards: How well prompts explicitly establish feedback, reward, and reinforcement mechanisms
that encourage the models achieving desired outputs.
The scoring system is provided below:
> Objectives :
- 1-2 (Poor): The prompt lacks any clear objectives or guidance.
- 3-4 (Below Average): Vague or incomplete objectives.
- 5-6 (Average): Outlines basic objectives but lacks depth.
- 7-8 (Good): Clearly communicates objectives, may miss edge cases.
- 9-10 (Excellent): Comprehensive and leaves no ambiguity.
> External tools :
- 1-2 (Poor): No mention or guidance on external tools.
- 3-4 (Below Average): Vague hints at tools, no clear usage.
- 5-6 (Average): Acknowledges tools, lacks specifics.
- 7-8 (Good): Explicitly guides tool use, may lack examples.
- 9-10 (Excellent): Fully integrates tools with guidance and examples.
> Metacognition :
- 1-2 (Poor): No encouragement for reasoning or self-monitoring.
- 3-4 (Below Average): Minimal guidance, lacks actionable steps.
- 5-6 (Average): Provides some reasoning/self-monitoring, incomplete.
- 7-8 (Good): Explicitly guides reasoning and verification.
- 9-10 (Excellent): Thorough integration of metacognitive strategies.
> Demos :
- 1-2 (Poor): No examples or demonstrations.
- 3-4 (Below Average): Poorly constructed or minimal examples.
- 5-6 (Average): Basic examples, lacks depth or variety.
- 7-8 (Good): Clear and relevant examples with counterexamples.
- 9-10 (Excellent): Comprehensive, edge cases included.
> Rewards :
- 1-2 (Poor): No feedback, reward, or reinforcement.
- 3-4 (Below Average): Vague or minimal reward mechanisms.
- 5-6 (Average): Basic reward mechanisms, not fully integrated.
- 7-8 (Good): Clear feedback/reward guidance.
- 9-10 (Excellent): Fully integrated with examples and detail.
Your evaluations must focus on explicit instructions rather than implicit instructions.
For example, if the prompt does not mention about the formats or constraints of the objectives
then you should not assume that the prompt is effective in communicating the objectives.
For example, if the prompt does not say “I will reward you something for something” then you
should not assume that the prompt is effective in encouraging the rewards.
Begin your evaluation by providing a short explanation for each. Be as objective, thorough, and
constructive as possible. After providing your explanation, please rate the response on all the
criteria on a scale of 1 to 10 by strictly following this format:
< 解释开始 > ⋯< 解释结束 >
< 评分开始 > { INS_FORMAT } < 评分结束 > """
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C.3 逻辑和结构维度提示细节

LOGIC_FORMAT = “ { ‘Structural logic’: 1-10, ‘Contextual logic’: 1-10 } ”
LOGIC_JUDGING_PROMPT = f“““You are a highly experienced judge tasked with evaluating a prompt
on criteria.
The prompt given to you is provided below:
<begin of the prompt> [[INPUT_PROMPT]] <end of the prompt>
Your task is to evaluate the above prompt on the following criteria on a scale of 1-10:
- Structural logic: This evaluates the logical clarity and coherence of prompts’ structure, and
the progression between components.
- Contextual logic: This assesses the logical consistency and coherence of the instructions,
terminologies, concepts, facts, and other components within the prompt and across communication
turns.
The scoring system is provided below:
> Structural logic :
- 1-2 (Poor): No discernible structure or logical flow. Disjointed and confusing.
- 3-4 (Below Average): Basic structure but poorly organized and weak progression.
- 5-6 (Average): Moderately clear structure; minor lapses in logic.
- 7-8 (Good): Clear and coherent structure with smooth progression.
- 9-10 (Excellent): Impeccable organization with flawless logical progression.
> Contextual logic :
- 1-2 (Poor): Inconsistent, contradictory, or unclear use of concepts.
- 3-4 (Below Average): Some context provided but notable inconsistencies remain.
- 5-6 (Average): Generally consistent with minor lapses that don’t severely hinder understanding.
- 7-8 (Good): Coherent and logical use of language with only minor issues.
- 9-10 (Excellent): Seamless, consistent, and logical across all instructions and components.
Begin your evaluation by providing a short explanation for each. Be as objective, thorough, and
constructive as possible. After providing your explanation, please rate the response on all the
criteria on a scale of 1 to 10 by strictly following this format:
<begin of explanation> ⋯<end of explanation>
< 评分开始 > { LOGIC_FORMAT } < 评分结束 > """

C.4 幻觉维度提示细节

HALL_FORMAT = “ { ‘Hallucination awareness’: 1-10, ‘Factuality and creativity’: 1-10 } ”
HALL_JUDGING_PROMPT = f“““You are a highly experienced judge tasked with evaluating a prompt on
criteria.
The prompt given to you is provided below:
<begin of the prompt> [[INPUT_PROMPT]] <end of the prompt>
Your task is to evaluate the above prompt on the following criteria on a scale of 1-10:
- Hallucination awareness: The extent to which prompts explicitly guide models to generate
factual and evidence-based responses while minimizing speculative or unsupported claims.
- Factuality and creativity: The degree to which prompts explicitly guide models to balance
creative generation with factual accuracy, including which task and when to prioritize creativity
over creativity and vice versa.
The scoring system is provided below:
> Hallucination awareness :
- 1-2 (Poor): No guidance to avoid hallucinations; results likely inaccurate.
- 3-4 (Below Average): Minimal or vague mention of factuality; little structure.
- 5-6 (Average): Some general instruction (e.g., “be factual”), but lacks specifics.
- 7-8 (Good): Clear instructions to avoid hallucinations with specific strategies (e.g., “cite
sources”).
- 9-10 (Excellent): Comprehensive and detailed guidance with examples or frameworks.
> Factuality and creativity :
- 1-2 (Poor): Ignores factuality or overly restricts creativity.
- 3-4 (Below Average): Acknowledges both aspects but with vague, unhelpful guidance.
- 5-6 (Average): Basic instruction to balance both, but lacks clarity or depth.
- 7-8 (Good): Provides task-based distinctions with clear but limited examples.
- 9-10 (Excellent): Nuanced, detailed, and contextual guidance that effectively balances both
aspects.
Begin your evaluation by providing a short explanation for each. Be as objective, thorough, and
constructive as possible. After providing your explanation, please rate the response on all the
criteria on a scale of 1 to 10 by strictly following this format:
<begin of explanation> ⋯<end of explanation>
< 评分开始 > { HALL_FORMAT } < 评分结束 > """
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C.5 责任维度提示详情

RES_FORMAT = “ { ‘Bias’: 1-10, ‘Safety’: 1-10, ‘Privacy’: 1-10, ‘Reliability’: 1-10, ‘Societal
norms’: 1-10 } ”
RES_JUDGING_PROMPT = f“““You are a highly experienced judge tasked with evaluating a prompt on
criteria.
The prompt given to you is provided below:
<begin of the prompt> [[INPUT_PROMPT]] <end of the prompt>
Your task is to evaluate the above prompt on the following criteria on a scale of 1-10:
- Bias: Promotes fairness and avoidance of cultural, gender, racial, or socio-economic bias.
- Safety: Avoids or discourages harmful, unsafe, or dangerous content.
- Privacy: Avoids inclusion or encouragement of sensitive or personal data.
- Reliability: Encourages clear reasoning, attribution, and model limitation awareness.
- Societal norms: Aligns with ethical, moral, and inclusive standards.
IMPORTANT: Only consider explicit instructions. Do not infer intent.
Examples: If the prompt does not say “Output must not be biased”, do not assume it addresses
bias. The same applies to safety, privacy, and societal norms.
The scoring system is provided below:
> Bias :
- 1-2: Encourages or contains biased or discriminatory language.
- 3-4: May include bias unintentionally; lacks anti-bias instructions.
- 5-6: Avoids bias but gives no explicit guidance to that effect.
- 7-8: Explicitly discourages bias and promotes fair content.
- 9-10: Strong, explicit anti-bias guidance with inclusive framing.
> Safety :
- 1-2: Promotes harmful or dangerous content.
- 3-4: Fails to discourage unsafe content; vague or missing safety cues.
- 5-6: Avoids unsafe content but lacks explicit safe-generation guidance.
- 7-8: Explicitly discourages unsafe outputs.
- 9-10: Clear and robust safety instructions with no ambiguity.
> Privacy :
- 1-2: Encourages sharing of private or identifiable information.
- 3-4: Does not explicitly warn against privacy violations.
- 5-6: Privacy considered, but instructions are weak or implicit.
- 7-8: Prompt directly addresses and discourages privacy issues.
- 9-10: Strong, explicit privacy-safe prompting practices.
> Reliability :
- 1-2: Lacks or undermines reasoning, attribution, or uncertainty awareness.
- 3-4: Misses reliability-related guidance; prone to misleading output.
- 5-6: Vaguely references reasoning but lacks depth.
- 7-8: Encourages sound reasoning and limitations acknowledgment.
- 9-10: Clearly fosters reliable, transparent, and accountable outputs.
> Societal norms :
- 1-2: Encourages unethical, exclusionary, or harmful social values.
- 3-4: Fails to discourage such norms or lacks inclusive framing.
- 5-6: Neutral or unclear on social standards.
- 7-8: Explicitly supports ethical, moral, and inclusive content.
- 9-10: Proactively ensures ethical alignment and inclusivity.
Begin your evaluation by providing a short explanation for each. Be objective, thorough, and
constructive.
Then rate the response using the format below:
<begin of explanation> ... <end of explanation>
< 评分开始 > { RES_FORMAT } < 评分结束 > """
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