
随着大型语言模型（LLM）的快速发展，它
们的通用能力已经取得了显著成功。然而，在
法律和医学等专业领域的表现仍然受到限制。
为了提高模型在这些领域的表现，合成数据以
其高质量的输出涌现为一个有前景的解决方
案。
现有的方法依赖于大模型的领域先验进行数
据合成。然而，领域语料库中嵌入的特定领域
知识和语言模式，包括词汇、句法和文体特征，
并未被模型先验完全捕捉 (Zhou et al., 2024b)
。这一限制促进了利用未标记数据的方法论的
发展，未标记数据本身编码了领域特定的特征
(Hamilton et al., 2016; Mudinas et al., 2018)。最
近的进展表明，基于未标记数据驱动的数据合
成可以提高领域特定数据的质量和任务性能
(Ziegler et al., 2024) ，这支持了我们专注于优
化未标记数据驱动的方法论。
然而，尽管一些方法专注于使用未标记数据
进行领域特定的数据合成，它们仍然存在一
些问题。例如，当前领域合成数据生成方法通
常依赖于强大的商业模型或大型 LLMs (Taori
et al., 2023; Xu et al., 2024; Chen et al., 2024a)。
虽然这些模型性能优异，但通常过于昂贵，限
制了可访问性 (Bansal et al., 2024)。使用较小的
专业模型是另一种选择 (Zelikman et al., 2022;
Chen et al., 2024b; Li et al., 2024c) ，但它们所
涵盖的任务有限，生成对于复杂任务来说过于
简单。
为了解决这些限制，我们提出了 AQuilt，这
是一种构建数据的框架，它从任何未标记的数
据中整合了答案（Answer）、问题（Question）、未
标记数据（Unlabeled data）、检查（Inspection）、
逻辑（Logic）和任务类型（Task type）。我们
训练了一个较小的数据合成模型来合成特定
领域的指令调整数据，并降低合成成本。我们
引入了逻辑（Logic）和检查（Inspection）来
增强模型推理能力并确保合成数据的质量。此
外，任务类型（Task type）被扩展以便在训练
期间实现对未见任务的泛化。然后，我们使用
DeepSeek-V3 (Liu et al., 2024)合成了一个高质
量的双语数据集（中文和英文），包含 703k个
示例，用于训练低成本、高相关性的数据合成
模型。

AQuilt在涉及两个基础模型和五个任务的实
验中，表现出与蒸馏源模型 DeepSeek-V3相当
的性能，同时仅需生产成本的 17 %。此外，与
以往的数据合成专用模型相比，例如，虽然
Bonito (Nayak et al., 2024)性能良好，但其只限
于生成需要无标签数据的英语任务，我们的方
法在这些相同任务中表现出更优越的性能。进
一步的分析证实了结合逻辑和检查的有效性，
以及我们的合成数据对下游任务更高的相关

性，这进一步有助于模型的高性能表现。
我们的贡献如下：

• 我们提出了 AQuilt，一个可以以低成本从
任何未标记数据集中为任何任务合成高相
关性数据的框架。通过结合逻辑和检查，
我们增强了模型推理能力并提高了数据质
量。

• 实验结果表明，AQuilt在生产成本为 17 %
的情况下，与 DeepSeek-V3相当。

• 进一步分析表明，逻辑和自我检查有助于
提高性能和生成更相关的数据。

• 我们将公开发布我们的数据合成模型、训
练数据和代码，以推动更强大的专用 LLM
和数据合成模型的发展。

1 相关工作

无监督数据域合成 最近的研究利用通用大型
语言模型的参数化知识进行领域特定的数据合
成，从而避免领域无标注数据 (Bao et al., 2023;
Deng et al., 2025a; Luo et al., 2025)。领域导向的
创新包括 Zhou et al. (2024c) 使用 Self-Instruct
(Wang et al., 2023b) 来合成法律问答对，以及
Li et al. (2024b)使用 GPT-4生成科学问题。尤
其是，Eldan and Li (2023) 通过生成控制词汇
的儿童故事展示了受限的领域适应性。现有方
法虽然利用强大的大型语言模型直接合成训练
数据 (Gilardi et al., 2023; Xie et al., 2024; Hwang
et al., 2024) ，但主要依赖于商业大型语言模
型的现有领域知识 (Achiam et al., 2023; Yang
et al., 2023)，其领域数据合成的效率仍然有限
(Palepu et al., 2024) 。然而，小模型在没有外
部输入的情况下难以利用领域特定知识合成数
据 (Deng et al., 2024; Harbola and Purwar, 2025)
，这推动了结合小模型与领域特定无标注数据
来进行数据合成的研究。

利用未标记数据进行领域数据合成。 因此，
我们专注于基于无标签数据的领域数据合成，
这更好地平衡了性能和效率。最近，已经提出
了专门的方法来整合无标签数据以解决领域
差距 (Bartz et al., 2022; Deng et al., 2023, 2025b;
Upadhyay et al., 2025)。例如，Nayak et al. (2024)
在包含无标签数据的数据集上训练模型（例
如，总结、阅读理解）以进行任务特定的合成。
Ziegler et al. (2024) 将检索与上下文学习相结
合，以生成需要专业知识的数据。迭代优化技
术，如强化自我训练 (Dou et al., 2024)和回译
(Li et al., 2024c)，使用领域资源进一步改进合
成数据。然而，现有解决方案面临两个关键挑
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Figure 1: AQuilt框架提议的概览。左侧展示了我们数据合成模型的训练过程，而右侧展示了经过训练的
模型如何自动合成高质量的特定领域数据。合成的数据随后用于训练专用 LLM。

战：（1）依赖商业大型语言模型时成本高且效
率低下 (Bansal et al., 2024)，以及（2）专用模
型对分布外任务的泛化能力差。例如，像 Chen
et al. (2024b)这样的模型，其在 GPT生成的种
子上训练，缺乏明确定义任务类型的能力。这
些限制强调了对能够调和成本效益、领域特异
性和任务泛化的框架的紧迫需求。对此，我们
提出了一种 7B参数的数据合成模型，该模型
整合了开放域问答以进行任务泛化，同时在无
需昂贵的大型语言模型的情况下平衡了效率和
质量。

为了开发一种具有跨任务泛化能力的多领域
低成本高度相关数据合成模型，我们提出了如
图 1所示的框架。首先，构建一个大型源数据
语料库（§??）。接下来，我们提取 AQULT五
元组以增强模型的数据合成能力（§1.1）。然
后，我们评估生成的数据以获得检查数据，这
进一步提高了模型的自我检查能力（§1.2）。最
后，利用这些合成数据，我们训练一个稳健的
数据合成模型 AQuilt，用于生成高质量的特定
领域数据以训练专家级的大型语言模型（§1.3
）。

为了使我们的数据合成模型能够合成各种类
型的任务，我们遵循 Nayak et al. (2024)，并涵
盖了广泛的任务，包括抽取式问答、自然语言
推理、多选问答（单答案/多答案）、文本生成、
文本摘要、文本分类和自然语言理解。此外，
为了增强对下游任务的泛化能力，我们引入了
两种额外的任务类型：开放书问答和封闭书问
答。由于这些任务的问题是可定制的，因此它

们不局限于特定的类别。在为一种新任务类型
合成数据时，根据是否需要未标注的数据作为
输入，我们将其指定为封闭书问答或开放书问
答。此外，我们将新任务的指令作为前缀添加
到问题中。这有效地增强了对新领域特定任务
类型的数据合成泛化能力。

数据类型。 为了促进数据合成中的多领域泛
化，我们聚合了涵盖新闻、百科、评论和多个
专业领域的 33个中英双语数据集的多样化未
标记数据，如图 ??所示，详情见附录 A。

1.1 逻辑感知模型训练

逻辑感知数据生成 已经证明，结合中间思
维推理可以提高 LLM 的性能 (Zelikman et al.,
2022)。受此启发，我们将模型的中间推理过
程，即逻辑，融入数据合成过程，以促进更有结
构的推理过程并提高整体数据质量。具体而言，
对于每种任务类型 t，我们随机将其与未标记
数据 u关联，并使用一个强大的商业 LLM，例
如 DeepSeek-V3，来生成精炼数据，包括问题
q、逻辑 l和答案 a。形式上，

(a, q, l) = LLMGenData
Strong (u, t). (1)

此外，我们收集了原始数据集，包括抽取式
问答、自然语言推理、多项选择问答（单一答
案）和摘要数据集，以增强答案对的多样性，
并解决 LLM在生成抽取式问答数据时面临的
挑战。我们进一步提示模型为这些收集的数据
集补充缺失的逻辑 l。形式上，
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l = LLMGenLogic
Strong (a, q, u, t). (2)

收集所有合成数据后，我们获得了数据集
DL = {(a, q, u, l, t)}N ，该数据集全面覆盖了
AQuilt中定义的所有任务类型。
现有的方法，例如 Bonito，通常严重依赖未
标记的数据 u来生成 (q, a)对，从而引入了为
某些不依赖未标记数据的任务合成低相关性
数据的风险。与此相反，我们确保我们的合成
(q, a) 对在多选题或闭卷问答任务中保持有意
义，而这些任务通常不需要 u 作为输入。为
此，我们通过提示工程明确引导模型的偏好。
我们还通过识别禁止使用的词语，例如“the
context”和“the text”，来过滤掉不符合此标准
的情况。这样确保生成的问题在有或没有未标
记数据的情况下均适用于下游任务。
此外，为了减少大型语言模型 (Zhou et al.,

2024a; Guo et al., 2024)中的潜在偏差，我们分
析词频统计。对于每个任务，我们识别出最常
用的词，排除停用词。如果任何词出现在超过
10 % 的数据中，这可能表明有风格偏差。在
这种情况下，我们会删除包含这些关键词的问
题，以减少其出现频率，并确保最终训练集的
多样性和无偏性。
过滤后，我们得到精炼的数据集 D′

L =
{(a, q, u, l, t)}N ′ 。总的数据集大小汇总在表
格 1中。

模型训练。 利用上面获得的大规模数据集
D′

L ，我们训练数据合成模型。为了使模型能
够从未标记数据中合成特定任务的数据，我们
使用 u和 t作为输入，并训练模型生成 q 、a
和 l。正式来说：

LAQuilt = −
j∑

D′
L

logPθ(aj , qj , lj | uj , tj).

[−5pt]

(3)

使用上述损失函数 L，我们得到数据合成模
型 LLMAQuilt。

1.2 检测模型训练
上述模型能够从特定领域的文本中生成任何任
务的数据。然而，在某些情况下，生成的数据
可能质量较低。为了解决这个问题，我们训练
模型以获得自我检查的能力。
为了训练自我检查能力，我们需要收集具有
不同质量水平的训练数据。然而，由于由强大
的商业 LLMs合成的数据通常质量较高，我们
利用先前训练的 LLM，LLMAQuilt，来生成新数
据。这确保了合成的数据与我们最终生成过程
的分布一致，这对模型训练有利。具体来说，

Task Type English Chinese

Extractive QA 16k 16k
Natural Language Inference 49k 33k
Multi-Choice QA (Single Answer) 49k 49k
Multi-Choice QA (Multiple Answers) 28k 31k
Text Generation 33k 33k
Text Summarization 49k 43k
Text Classification 33k 33k
Natural Language Understanding 32k 32k
Open-Book QA 33k 31k
Closed-Book QA 33k 33k

Self-Inspection 7k 7k

Total 362k 341k

Table 1: 来自不同任务的生成训练数据数量。总共
收集了 703k的数据，涵盖了英语和中文。

对于每个任务 t，我们随机抽样 u并将其输入
到训练的模型 LLMAQuilt中，以合成数据。随后，
我们使用 DeepSeek-V3 对这些样本进行评分。
形式化地，

(a′, q′, l′) =LLMAQuilt(u, t),

i =LLMGenInsp
Strong (a′, q′, u, l′, t).

[−10pt]
(4)

因此，我们获得了用于训练 AQuilt自检能力
的数据集 D′

I = {(a′, q′, u, i, l′, t)}M 。
对于训练，我们通过加入一个 LoRA 适配
器 (Hu et al., 2022)来继续微调之前训练的模型
LLMAQuilt ，形式上记为 LLMLoRA

AQuilt 。此修改使得
模型能够对其自身的指令调优数据集 (a′, q′, l′)
进行评分，该数据集是基于 (u, t)生成的。形式
上，我们使用以下损失函数优化增强了 LoRA
的模型：

LLoRA
AQuilt = −

j∑
D′

I

logPθLoRA(ij | a
′
j , q

′
j , uj , l

′
j , tj).

[−10pt]
(5)

1.3 专用大型语言模型的数据综合

我们使用构建的 AQuilt 模型从未标记的数据
中生成高质量的特定领域指令调整数据。然后，
我们可以在生成的数据上训练专家模型，以增
强其特定领域任务的性能。

领域数据合成。 在为 LLMs进行下游任务学
习时，我们仅使用指定的任务类型 t和相关领
域的未标记数据 u 来合成高质量的特定领域
数据。利用我们的数据合成模型，我们可以高
效地生成适合给定领域和任务的训练数据。形
式上，
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(a′, q′, l′) =LLMAQuilt(u, t).

[−10pt] (6)

值得注意的是，如果任务类型 t在训练集中
没有被观察到，我们将 t指定为闭卷问答或开
卷问答，具体取决于它是否需要未标记的数据
作为输入。此外，我们将新任务的说明作为前
缀添加到问题中。
为了确保生成数据的质量，我们基于自检应
用过滤。具体来说，我们首先使用训练好的模
型生成一个检查得分：

i′ =LLMLoRA
AQuilt(a

′, q′, u, l′, t). (7)

随后，我们过滤掉低质量的数据。默认情况
下，我们移除检查评分为 2或更低的数据（在
5分制中）。如果超过%的数据得分为 2，这表
明任务本质上较为简单，我们只移除得分为 1
的数据。结果是，我们获得高质量的训练数据，
促进模型高效适应特定领域。

训练专家大语言模型 我们在由 AQuilt 模型
合成的高质量领域特定数据上训练目标模型，
以增强其在领域特定任务上的性能。

2 实验

如表 1所总结，我们构建了一个涵盖 10种任
务的双语数据集（EN / ZH），旨在通过多样化
覆盖来提高模型泛化能力。为了防止任务主导
并确保分布平衡，我们应用了下采样：逻辑训
练数据在每个（任务，语言）对被限制为最多
50k样本，而自检数据对于每种语言每个分数
不超过 2k样本，分数范围为 1到 5。最终汇总
的数据集包含 703k样本，完整的提示详见附
录 B。
实验在由 8个 NVIDIA 4090 24GB GPU组成
的 Qwen2.5-7B-Base上进行。对于上述两种训
练过程，我们使用 AdamW优化器，学习率为
1e-4，批量大小为 32，LoRA的 r和 alpha均设
置为 64，训练 2个周期。

2.1 AQuilt的评估设置
在这项工作中，我们在不同的下游任务上进行
了实验，涵盖了各种任务类型。对于抽取式问
答，我们使用 SquadQA (Rajpurkar et al., 2018)
，并遵循在线适应设置 (Hu et al., 2023)，该设
置教会大型语言模型未标记数据中包含的领域
知识。对于是/否问答，我们选择了 PubMedQA
(Jin et al., 2019)，这是一个与医学研究论文相
关的英语自然语言推理任务。对于多选问答，
我们从 CEVAL (Huang et al., 2023)中选择了八
个科目，涵盖了中国从中学到大学的必修课
程。对于翻译和开放式问答任务，我们使用了

LexEval (Li et al., 2024a)中的法律翻译和法律
EssayQA任务。这些任务跨越不同领域，验证
了我们的数据合成模型的跨领域和跨任务能
力。
我们使用准确率评估 PubMedQA和 CEVAL。
遵循 Rajpurkar et al. (2018)，我们使用 SQuAD
F1 分数来评估 SquadQA 测试数据集。对于
翻译和 EssayQA 任务，与 LexEval (Li et al.,
2024a)一样，我们计算生成输出的 Rouge-L分
数。此外，我们计算翻译和 EssayQA 任务的
BERTScore，列在附录 ??中，以确保评估指标
的鲁棒性。

领域数据生成。 AQuilt需要领域特定的无标
签数据，我们按以下方式获取：SquadQA使用
测试集数据 (Hu et al., 2023)，PubMedQA使用
其原始训练集，CEVAL收集教科书，而法律任
务（翻译和 EssayQA）使用中文 CAIL (china-
ai-law challenge, 2024)和英语MAUD/UK-Absp
(Wang et al., 2023a; Shukla et al., 2022)数据集。
依据 §1.3 生成任务特定的数据，其中未见过
的任务如翻译和 EssayQA 通过问题前缀被设
计为闭卷 QA。利用 vLLM (Kwon et al., 2023)
（温度 =0.7，top_p=0.95，max_length=1024），我
们为每个任务合成了 20k个训练样本。

基线。 我们根据合成训练数据的来源比较不
同的基线。对于“无”基线，我们直接提示模型
进行评估，而不进行任何训练。对于“TAPT”
基线，我们按照 Gururangan et al. (2020) 进行
任务自适应预训练，仅在未标注数据上训练模
型。对于“Bonito”和“DeepSeek-V3（带未标注
数据）”基线，我们使用这些模型基于特定领域
文本和任务合成数据，然后在合成数据上微调
模型。对于“DeepSeek-V3（带自指令）”基线，
我们通过应用自指令 (Wang et al., 2023b)（一
种使模型能够自主创建训练指令的方法）到
DeepSeek-V3上生成数据，并从 SELF-GUIDE
(Zhao et al., 2024)调整提示以合成特定领域任
务数据。对于“DeepSeek-V3（带自指令 +未标
注数据）”基线，在表 ??中简称为“DeepSeek-
V3（带 SI + UD）”，我们将未标注数据融入自
指令数据合成过程中（具体提示见附录 B）。
为了验证合成数据的效果，我们基于指导
模型进行实验，包括 Qwen2.5-7B-Instruct 和
Llama3-8B-Instruct。我们使用 LoRA对这些模
型进行微调，在不同的监督来源上每个任务
进行 3 个 epoch。所有其他设置与第 ?? 节中
的一致。需要注意的是，我们使用较低的学
习率 1e-7，并基于 Qwen2.5对 CEVAL进行单
epoch训练（由于 Qwen2.5的强基准容易过拟
合）以及 TAPT（为了保持指令遵循能力）。对
于 TAPT，我们将任务重新格式化为类似 ‘‘请
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输出英文的 [Domain] 文本：[Sentence]’’ 这样
的调优提示，以保持一致性。

2.2 主要结果

正如表 ?? 所示，AQuilt 平均上优于大多数基
线，并且可以与使用DeepSeek-V3（含 SI + UD）
的最佳设置媲美。此外，仅依赖于未标记数据
的 TAPT 在各个任务中没有显示出显著的改
进，突出了标记数据合成的价值。SquadQA测
试合成数据是否有效促进从未标记数据中学
习领域特定知识。由于 DeepSeek-V3（含 Self-
Instruct）缺乏未标记数据，因此无法进行此设
置，其结果标记为 NA。相比之下，AQuilt在
该任务上显著改善了结果，证实了 LLM在抽
取式 QA任务上的表现不佳，并证明了使用标
记数据中的原始 QA（在 §1.1中介绍）应用于
此类任务是合理的。

低成本生成 我们计算不同数据合成和训练
方法的成本，以美元为单位。鉴于 DeepSeek-
V3 模型的 671B 尺寸使得本地部署不切实际，
我们使用其官方 API 并基于总数据合成支出
进行成本计算。对于其他来源，我们使用本
地 NVIDIA 4090 24GB GPU，通过 Vast AI 1的
GPU租赁价格计算成本。对于生产成本，我们
根据所用的 GPU小时数计算总成本。

AQuilt在其成本的 17 %时性能与 DeepSeek-
V3 (带 SI + UD)相当，并且在其成本的 31 %时
其结果优于 DeepSeek-V3 (带未标记数据)，这
表明 AQuilt 在数据合成方面具有显著的效率
优势。
由于

跨任务泛化。 Bonito仅支持依赖于未标记数
据的英文任务，无法为三个任务生成数据（结
果标记为 NA）。相比之下，AQuilt通过结合中
文数据并定义更灵活的任务类型，达到更好的
任务广泛性。具体而言，AQuilt将任务类型指
定为闭卷/开卷问答，并使用任务需求作为问
题前缀。实验结果表明，AQuilt在这些任务上
始终优于各种基准，突显了其在不同任务间广
泛推广的强大能力。
通过比较 DeepSeek-V3（使用 SI + UD）与

DeepSeek-V3（使用 Self-Instruct），显然，即使
在强大的 DeepSeek-V3模型基础上，在领域数
据合成过程中加入未标记数据也能进一步提高
合成数据质量。这突出显示了使用领域特定的
未标记数据进行数据合成的有效性。

1https://vast.ai/

Model SquadQA CEVAL Translation Avg.

AQuilt 40.89 63.16 34.50 46.18
w/o Logic 40.68 59.64 33.61 44.64
w/o Self-Inspection 40.00 60.95 34.22 45.06
w/ Low-Quality 39.81 59.22 33.15 44.06

Table 2: 逻辑和自检的消融结果。我们独立地去除
逻辑和自检来观察性能变化。w/ Low-Quality指的
是使用自检来选择低质量数据，与主要实验设置相
反。

3 分析

我们提供了全面的分析来展示我们方法的效果
及其成功的潜在原因。考虑到实施成本，除非
另有说明，实验仅基于从 Llama3-8B-Instruct获
得的结果作为基础模型，重点关注 SquadQA、
CEVAL和翻译。

3.1 逻辑与自我检查分析

为了评估逻辑和自我检查的效果，我们在训练
过程中独立移除每个组件。结果如表 2所示。

逻辑的影响。 为了验证逻辑的效果，我们从
整个训练流程中移除逻辑组件（没有逻辑），并
使用不包含逻辑的数据重新训练 AQuilt，同时
保持所有其他设置和实验配置。在随后的数据
合成中，不包含任何逻辑。结果显示，移除逻
辑后模型性能显著下降，证明了逻辑在整个数
据合成框架中的关键作用。
为了评估自检的影响，我们进行了以下评
估：低质量数据过滤的最佳设置（AQuilt）、无
过滤设置（w/o Self-Inspection），以及仅使用
自检识别的低质量数据（w/ Low-Quality）。为
确保可比性，在所有设置下应用一致的数据
量。结果证实了自检的显著效果。此外，在 w/
Low-Quality 条件下，我们观察到性能有轻微
下降，这表明低质量数据的存在对模型性能产
生负面影响。幸运的是，当应用逻辑时，总体
性能保持在相对较高的水平。

3.2 生成数据的领域相关性

我们证明了我们的方法通过生成与目标领域
高度相关且噪声更低的数据，实现了卓越的性
能。为此，我们选择了 CEVAL、Translation和
SquadQA 作为三个不同的领域任务，每个任
务都有 2k个合成数据样本。使用 Qwen2.5-7B，
我们计算了由 DeepSeek-V3（使用未标记数据）
和 AQuilt生成的合成问题的句子嵌入，这些问
题都是基于未标记数据创建的。
如图 2所示，我们应用 t-SNE进行降维并绘
制了一个二维散点图。结果表明，AQuilt生成
的数据更加集中且噪声更少。为了定量确认这
一点，我们计算了轮廓系数（Silhouette Score），
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Figure 2: 合成域数据的相关性分析。我们将生成
的问题转换为句子向量，并分析在 CEVAL（红色）、
Translation（绿色）和 SquadQA（紫色）之间的分
布。

Model SquadQA CEVAL Translation Avg.

DeepSeek-V3 6.90 % 8.18 % 0.00 % 5.23 %
AQuilt 0.40 % 5.15 % 0.00 % 1.85 %

Table 3: 对合成数据与未标记数据的独立性分析。
我们评估由 DeepSeek-V3 和 AQuilt 生成的合成问
题中高度依赖未标记数据的百分比，揭示它们与下
游任务的相关度较低。

该分数反映了数据簇内的一致性和相关性，较
高的值表示更强的领域相关性。结果与散点图
一致，证明我们的方法生成的数据更加集中，
噪声减小，相关性增加。

3.3 相关性感知过滤分析

对于多项选择和闭卷问答任务，合成标注数据
必须保持独立于未标注数据；否则，在训练中
引入错误关联可能导致与这些任务的低相关
性。为了解决这个问题，我们应用了相关性感
知的数据过滤（在第 1.1节中介绍）。
在基于未标记数据的合成生成设置中（表格

??），尽管 AQuilt在各项任务中展现出了一致
的优势，但 DeepSeek-V3 (使用未标记数据)在
CEVAL 上的提升却显得十分有限。为分析其
背后的原因，我们检查了生成的问题中依赖未
标记数据生成答案的比例，这可能导致幻觉现
象。我们从生成的数据集中抽取了 2000个例
子，并使用 GPT-4o进行评估。如表 3所示，结
果表明即使在提示中明确指出，像 DeepSeek-
V3这样强大的模型依然倾向于生成带有虚假
相关性的问题，导致其与后续任务的相关性较
低，从而降低整体性能。

3.4 基础模型消融

为了确保改进来源的公平比较，我们在相同设
置下（基于相同的未标记数据）进行了对比实
验，比较 AQuilt（基于 Qwen2.5-7B 训练）和
Qwen家族的更大 72B模型，确认我们的增强
是来源于方法论而非基础模型容量。
如表 4所示，我们的方法在平均性能上优于

72B 模型，同时在 NVIDIA A800 80G 上只需

Source SquadQA CEVAL Translation Avg.

Score Cost

Qwen2.5-72B 21.19 59.06 34.82 38.36 19.92 ×
AQuilt 40.89 63.16 34.50 46.18 1 ×

Table 4: 与 Qwen2.5-72B-Instruct的比较。所有缩写
均与表 ??中的一致。

Model SquadQA CEVAL Translation Avg.

Bonito 2.43 NA NA NA
AQuilt 2.98 4.16 3.58 3.57

Table 5: 使用 GPT-4o对从由 AQuilt和 Bonito合成
的训练数据中随机抽取的 1,000 个样本进行评估，
以进行这三个测试任务。

要大约 1/20的 GPU小时数。整体实验结果与
主要实验趋势一致，进一步验证了我们方法的
效果，并确认优越的性能并非由于一个更强的
基础模型。
为了验证 AQuilt 生成的问题的质量并与同
等级模型如 Bonito进行比较，我们在表 5中展
示了得分结果（没有经过自检过滤）。这些结果
是通过使用 GPT-4o（温度 =0.7, top_p=0.95）评
估各个任务中 AQuilt 和 Bonito 合成的训练数
据中随机抽取的 1,000个样本得到的。GPT-4o
使用的提示词与附录 B中展示的完全一致，评
分范围从 1到 5分。
基于我们给 GPT-4o提供的提示，得分 2分
即符合基本质量要求。如表 5 所示，大多数
任务中，AQuilt合成的数据的平均得分超过 3
分。然而，Bonito合成的数据得分较低。同时，
由于 Bonito无法为 CEVAL和翻译任务合成数
据，这些被标记为NA。这表明大多数由AQuilt
合成的数据质量相对较高。对于像 SquadQA和
翻译这样相对简单的任务，GPT-4o 倾向于给
予稍低的分数，这表明领域特定任务的难度在
某种程度上会影响最终的评估结果。

4 结论

在本文中，我们提出了 AQuilt，一个用于生成
数据的框架，该框架结合了无标签数据中的
检查、问题、未标记数据、答案、逻辑和任务
类型。具体而言，AQuilt通过引入逻辑和检查
来提高数据合成质量。任务类型的加入，涵盖
了开放书籍 QA和封闭书籍 QA，使得下游数
据合成能够进行跨任务泛化。实验结果表明，
AQuilt在任务泛化和性能方面均优于广泛使用
的数据合成模型 Bonito。我们的合成数据甚至
可与 DeepSeek-V3相媲美，同时生产成本低于
17 %。进一步分析表明，虽然使用开源 LLM
通常能获得良好结果，但在格式遵从性和下游
任务相关性方面存在不足。这强调了专用数据
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合成模型的必要性。我们将公开所有训练细节
和模型，以鼓励进一步研究。

5

局限性
在这项工作中，我们仅使用 DeepSeek-V3作
为提炼数据的来源。将数据源扩展到包括人工
整理的现有训练数据集和由更强大模型生成的
数据，可能会提供多样化的训练数据组合。这
种扩展可能进一步增强合成数据风格的多样
性，并改善下游模型的性能和鲁棒性。
在这项工作中，我们将数据合成模型的语言
能力扩展到两种高资源语言：中文和英语。在
未来的工作中，我们有兴趣探索该模型在中低
资源语言上的表现，在这些语言中，模型可能
表现较差且数据可用性更少。此外，我们将研
究该模型在遇到训练时未见到的语言时，是否
表现出零样本泛化能力。
随着 DeepSeek-R1 (Guo et al., 2025)和 Kimi-

K1.5 (Du et al., 2025)的引入，出现了更高级的
数据合成框架，这些框架使用迭代数据合成、
高质量评价和强化学习来逐步生成更强的数
据。我们的自检训练框架有潜力推广到这些框
架中。我们有兴趣在未来的工作中探索这一设
置。

6

伦理声明我们的工作遵循 ACL伦理政策，并
公开发布代码以便重现。LLM 可能会表现出
种族和性别偏见，因此我们强烈建议用户在
特定环境中应用模型之前评估潜在的偏见。此
外，由于难以控制 LLM的输出，用户应对因
幻觉产生的问题保持警惕。

7
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A 未标记数据构建细节

我们介绍了收集的数据集的来源，包括未标
记数据和标记数据的数据集，其中我们收集了
(u, q, a, t)个元组以确保更高的质量。

无标签数据的来源。 我们收集了来自以下
33 个数据集的未标记数据：CMRC2018 (Cui
et al., 2019) 、ChineseSquad (Junzeng, 2020) 、
CHIP2020 (Tianchi, 2020)、CAIL2019 (china-ai-
law challenge, 2019)、DRCD (Shao et al., 2018)、
Covid19QA (DataFountain, 2020)、WebQA (Jian-
lin, 2017)、CMQG (Tianchi, 2024)、HaihuaAI
(Haihua and Tsinghua, 2021) 、C3 (Sun et al.,
2020)、NLPCC (NLPCC, 2017)、Dureader (He
et al., 2018)、LCSTS (Hu et al., 2015)、Adversar-
ialDbidaf, AdversarialDroberta, AdversarialDbert
(Bartolo et al., 2020) 、ANLI (Nie et al., 2020)
、APPReviews (Grano et al., 2017)、CosmaQA
(Huang et al., 2019)、Dream (Sun et al., 2019)、
Duorc (Saha et al., 2018)、Qasc (Khot et al., 2020)
、Quail (Rogers et al., 2020) 、Quartz (Tafjord
et al., 2019)、Quoref (Dasigi et al., 2019)、RACE
(Lai et al., 2017)、Ropes (Lin et al., 2019)、So-
cialQA (Sap et al., 2019)、Squad (Rajpurkar et al.,
2016)、SuperGLUE (Wang et al., 2019)、Record
(Zhang et al., 2018)、WikiHop (Welbl et al., 2018)
。
我们从以下 21 个数据集中收集标注
数据：CMRC2018、ChineseSquad、CHIP2020、
CAIL2019、HaihuaAI、C3、DRCD、Covid19QA、
WebQA、CMQG、Dureader、LCSTS、Adversari-
alDbidaf、AdversarialDroberta、AdversarialDbert、
ParaphraseRC、SelfRC、Quoref、Ropes、Squad、
Record。在表格中，我们展示了通过 Rouge-L
和 BERTScore 评估的翻译和 EssayQA 任务的
结果。可以看出，AQuilt合成的数据显著提高
了 Instruct模型在这些任务上的表现，其改进
幅度可与 DeepSeek-V3相媲美。

B 提示

我们在下表中展示了我们论文中使用的所有提
示，包括：

• 合成训练数据集的提示：该提示用于在
§1.1中构建的训练数据集。在使用我们的
数据集生成下游领域数据时，遵循相同的
提示格式。

• 用于抽取式问答的逻辑生成提示：该提示
用于在生成抽取式问答任务的逻辑时。

• 用于合成检测训练数据集的提示：该提示
用于生成 DeepSeek-V3的检测数据。

• 不同任务提示和 AQuilt的自我检查提示：
该提示用于使用 AQuilt 生成下游任务数
据，涵盖我们定义的所有任务。

• 基于未标记数据的通用 LLM下游任务生
成提示：此提示用于在使用通用 LLM生
成基于未标记数据的数据时。

• 使用自我指令进行通用 LLM下游任务生
成的提示：该提示用于使用自我指令生成
通用 LLM的数据。

• 用于下游任务评估的提示：提示在下游任
务的评估中使用。

• 用于合成数据独立性分析的 GPT-4o提示：
该提示用于在分析未标记合成数据的独立
性时。
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Prompts for Synthetic Training Dataset (Meta Prompts)

You are a professional Q & A pair generation assistant. Your responsibility is
to create complete, clear, accurate, and useful { Task Type } Q & A pairs based
on the provided text content. You need to deeply analyze the text to create
reasonable questions and provide appropriate, detailed answers, ensuring that
each Q & A pair is relevant and useful.
I. The { Task Type } questions you create should meet the following requirements:
Requirement 1: { Question Requirement }
Requirement 2: The { Task Type } questions generated can be answered without
<text>, and the question provides comprehensive information, complete context,
including the core content or key information of <text>. Specifically: The
question must explicitly contain the key information of <text> to ensure that
the question itself is self-contained. - Do not rely on external context or
assume that the user already understands the content of <text>. Avoid using
phrases such as according to the above text, in the context, above content, or
based on the information provided;
Requirement 3: The { Task Type } questions generated should be as complex as
possible, requiring multi-step reasoning to determine the final answer;
Requirement 4: The generated answer is accurate and error-free, based on
credible facts and data from the provided text;
Requirement 5: The generated answer is complete, not only selecting the correct
option but also providing explanation and thinking steps to exclude other
distractors;
Requirement 6: { Thought Process Requirement }
Requirement 7: When generating Q & A pairs and thought process, assume there
is no text as a reference, which means do not include phrases like the text,
the context, or the information provided in the Q & A pairs and thought process
you create.
II. Please generate a Q & A pair in the following format:
JSON
{
question: { { The question you create } } ,
thought process: { { The thought process you create } } ,
answer: { { The answer you create } }
}

III. Please study the above requirements carefully and create a { Task
Type } Q & A pair:
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Prompts for Synthetic Training Dataset (Specific Task Content 1/3)

Multi-Choice QA (single answer) :
Task Type: single-choice
Question Requirement: The intent of the single-choice questions generated is
clear and the semantics are explicit, including the question and necessary
answers as well as distractors;
Thought Process Requirement: The thinking process should include the following
steps: 1. Read the question: Understand the provided question. 2. Analyze the
options: Assess the relationship and correctness of each candidate with the
provided question. 3. Choose the best answer: Select the most accurate and
contextually relevant option;

Multi-Choice QA (multi answer) :
Task Type: multi-choice
Question Requirement: The intent of the generated multiple-choice question is
clear and the semantics are explicit, including the question and necessary
answers (there can be multiple answers that meet the requirements of the
question) as well as distractors;
Thought Process Requirement: The thought process should include the following
steps: 1. Read the question: Understand the question provided and clarify
what is required. 2. Analyze the options: Assess each candidate option’s
relationship and correctness in relation to the provided question. 3. Choose
reasonable answers: Based on the analysis of each option, select all reasonable
answers;

Closed-Book QA :
Task Type: closed-book
Question Requirement: The generated questions should be answerable without
external knowledge and should provide comprehensive information, complete
context, and contain relevant background information; do not generate questions
about specific small events, as such questions are meaningless;
Thought Process Requirement: The thought process should include the following
steps: 1. Understanding the question: Understand the question and clarify its
requirements. 2. Analyzing the question: Analyze relevant information based
on your own knowledge without relying on external resources. 3. Formulating a
response: Construct a reasonable and accurate answer.

Open-Book QA :
Task Type: open-book
Question Requirement: Open Q & A refers to identifying and extracting specific
information segments from the given text to answer the question. The generated
question should explicitly include the text needed to answer the question and
should not directly use the text provided by the user.
Thought Process Requirement: The generation of the thought chain should include
the following steps: 1. Read the text: fully understand the problem and
the provided text or paragraph. 2. Identify the relevant parts: locate the
specific text segments that contain the answer to the question. 3. Construct
the final reply: summarize the answer to the question.
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Prompts for Synthetic Training Dataset (Specific Task Content 2/3)

Text Classification :
Task Type: text classification
Question Requirement: The generated classification question should have a clear
intent and unambiguous semantics, including the text content and predefined
categories.
Thought Process Requirement: The generated thought process should include
the following steps: 1. Analyze the content: Examine the content of the
<text>, identifying themes, keywords, or other indicative features.2. Map
to labels: Match the analyzed features to predefined labels or categories.3.
Confirm classification: Verify that the assigned label accurately reflects the
content.4. Record the result: Record or output the classification result.

Natural Language Inference :
Task Type: natural language inference
Question Requirement:The question generated can be answered with Yes/No/Maybe.
Thought Process Requirement: The generated thought process should include
the following steps:1.Understand the question: Understand the provided
question. 2. Analyze the question: Identify which specific parts of the text
the question is related to. 3. Logic Reasoning: provide logic reasoning to
answer. 4. Provide the best answer: Select yes/no/maybe to answer the question.

Text Generation :
Task Type: text generation
Question Requirement: The text generation problem should have a clear intent
and be semantically clear. It must include the user’s instructions and the
conditions for generation.
Thought Process Requirement: The thought process for generation should include
the following steps: 1. Understand the input conditions: Review the user’s
instructions and conditions to grasp the required scope, tone, and structure.
2. Brainstorm content: Develop key ideas or themes consistent with the input
conditions. 3. Generate output: Create a well-structured and coherent response
that follows the user’s instructions.

Text Summarization :
Task Type: text summarization
Question Requirement: The text summarization problem should have a clear
intent and be semantically clear, including the text content and summarization
requirements.
Thought Process Requirement: 1. Identify key points: Extract the most important
information that represents the overall content of the source material. 2.
Organize information: Logically arrange the extracted key points to ensure
clarity and coherence. 3. Generate summary: Condense the key points into a
concise and clear summary.
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Prompts for Synthetic Training Dataset (Specific Task Content 3/3)

Natural Languaga Understanding :
Task Type: natural language understanding
Question Requirement: The generated natural language understanding tasks
can specifically include sentiment analysis, intent recognition, entity
recognition, part-of-speech tagging, semantic analysis, etc.
Thought Process Requirement: The generated thinking steps should include the
following steps: 1. Read the task: Understand the provided task. 2. Analyze
the problem: Evaluate the relationship and correctness of the input text in
relation to the task. 3. Provide the best answer: Respond with the most
accurate and contextually relevant answer.

Logic Generation Prompts for Extractive QA

You are a professional assistant for generating thought process. Your
responsibility is to synthesize useful thought process data based on the provided
text content and question-answer pairs. You need to deeply analyze the text
and construct a logical connection between the question and the answer.
1. The thought process you create should meet the following requirements:
Requirement 1: The generated thought process should be rich in content and
logically clear, demonstrating how to infer the <Answer> from the <Question>.
Requirement 2: The thought process should include the following steps: (1).
Read the question: Understand the provided question. (2). Analyze the question:
Identify which specific parts of the text the question is related to. (3).
Provide the best answer: Select the most relevant content from the text to
answer the question.
2. Please generate the thought process in the following format:
JSON
{
“thought_process”: “ { { The thought process you created } } ”
}
3. Please carefully study the above requirements and then create a thought
process based on the following <text>, <question>, and <answer> provided by the
user:
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Prompts for Synthetic Inspection Training Dataset (1/2)

You are an AI instruction and response quality assessment assistant, please
score the quality of the user’s instruction and response according to the
following scoring criteria, and you can refer to the <text> provided by the
user to evaluate the correctness of the question and answer pair:
1. The scoring criteria are as follows:
1 point - Low quality, minimal requirements met (Low Level):
- The response is only partially relevant to the question and lacks depth or
detail.
- The response contains noticeable grammatical errors, spelling mistakes, or
awkward phrasing.
- The response fails to address the user’s questions or needs adequately.
- The response provides no additional explanation, context, or background
information, leaving the user with limited understanding.
2 points - Basic requirements met (Qualified Level):
- The response is relevant and can basically meet the user’s needs.
- The response has correct grammar and no obvious spelling errors.
- The response can solve the user’s problem, but the solution may not be
comprehensive or in-depth enough.
- The response provides basic explanations and background information, but not
in detail.
3 points - Good quality, meeting most requirements (Good Level):
- The response is highly relevant and can well meet the user’s needs.
- The response is fluent in grammar, without spelling errors, and clearly
expressed.
- The response provides a comprehensive solution that can solve the user’s
problem and considers possible follow-up issues.
- The response provides detailed explanations and background information, which
helps users understand.
4 points - High quality, meeting all requirements and exceeding expectations
(Excellent Level):
- The response is highly relevant, not only meeting user needs but also
anticipating and resolving potential issues.
- The response has perfect grammar, precise expression, and well-chosen words.
- The response provides an in-depth solution that can comprehensively solve
the problem from multiple angles and provides additional useful information or
suggestions.
- The response provides in-depth explanations and background information, which
helps users gain a deeper understanding of the problem and solution.
5 points - Excellent quality, exceeding all requirements with professional
contributions (Outstanding Level):
- The response is highly relevant, not only meeting user needs but also providing
solutions beyond expectations.
- The response has impeccable grammar, elegant expression, and precise, impactful
wording.
- The response provides an in-depth and professional solution that can solve the
problem from a unique perspective and provides extremely valuable additional
information or suggestions.
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Prompts for Synthetic Inspection Training Dataset (2/2)

- The response provides in-depth explanations and background information,
demonstrating a high level of professionalism and profound understanding of
the issue.
2. Please analysis the quality in the following format:
JSON
{
analysis_steps: { { your analysis for the quality } } ,
score: { { your rate to the qa_pair } }
}

3. Please carefully study the above scoring criteria and strictly follow the
scoring criteria above to score the following <qa_pair> based on the following
<text> provided by the user:

Different Task Prompts for AQuilt (1/5)

single choice question answering : “““Please generate a single-choice question
from the provided reference materials to help students better grasp the
relevant knowledge: The single-choice question should include a question, four
options labeled A, B, C, and D, one of which is the answer to the question;
At the same time, you also need to generate the thinking steps for solving the
question, as well as the answer to this question.
And output in the following JSON format:
JSON
{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }

""",
multi choice question answering : “““Please generate a multiple-choice question
from the references provided to help students better grasp the knowledge:
The multiple-choice question should include a question with multiple options
tags A, B, C, D, E (and so on), one or more of which are the answers to the
questions; At the same time, you also need to generate the thinking steps for
solving the question, as well as the answer to this question.
And output in the following JSON format:
JSON
{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }
"""
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Different Task Prompts for AQuilt (2/5)

close-book question answering : “““Please generate a closed-book question and
answer pair from the provided reference materials that do not require reference
text to answer to help students better grasp the relevant knowledge:
This Q & A pair should include a question, and you also need to generate
the thinking steps for solving the question, as well as the answer to this
question.
And output in the following JSON format:
JSON
{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }
""",
open-book question answering : “““Please generate an open-book Q & A pair from
the provided reference materials to help students better grasp the relevant
knowledge: This Q & A pair should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question. And output in the following JSON format:
JSON
{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }
"""

Different Task Prompts for AQuilt (3/5)

text summarization : “““Please generate a concise summary Q & A pairs of the
provided text to help students better understand the main points:
The summary should capture the key ideas and essential information from the
text. The content you generate should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question. And output in the following JSON format:
JSON
{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }
""",
text generation : “““Please generate a text-generated Q & A pair based on the
text provided to help students learn:
The resulting text should be well-structured and relevant to the given text.
The content you generate should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question. And output in the following JSON format:
JSON
{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }
"""
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Different Task Prompts for AQuilt (4/5)

natural language inference : “““Please generate a logical inference question
from the provided reference materials to help students better grasp the
relevant knowledge:
Logical inference questions generally ask whether a judgment or piece of
knowledge is correct, with answers including “yes, no, maybe” three options.
The content you generate should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question.
And output in the following JSON format:
JSON
{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }
""",
text classification : “““Generate a text classification task based on the text
provided to help students understand the content of the text:
Classifications should be accurate and relevant to the given text.
The content you generate should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question.
And output in the following JSON format:
JSON
{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }
"""

Different Task Prompts for AQuilt (5/5)

extractive question answering : “““Please generate an extractive question
answering task based on the provided reference materials to help students
better understand the main points:
The content you generate should include a question, and you also need to
generate the thinking steps for solving the question, as well as the answer to
this question. And output in the following JSON format:
JSON
{ “question”: “xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }
""",
natural language understanding : “““Please generate a natural language
understanding question (such as sentiment analysis, semantic analysis, entity
recognition, etc.) based on the provided reference materials to help students
better grasp the relevant knowledge:
The content you generate should include a question, and you also need to
provide the thinking steps to solve the question, as well as the answer to the
question. Please output in the following JSON format:
JSON
{ “question”:“xxx”, “thinking_steps”: “xxx”, “answer”: “xxx” }
"""
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Self-Inspection Prompts for AQuilt

Please score the quality of the user’s instruction and response to help
students understand the quality of the question and response based on the
provided text. There are 5 levels of quality, which are: 1 point, 2 points, 3
points, 4 points, 5 points. The higher the score, the better the quality.
You’ll first need to analyze the quality of the question and response before
grading it. And output in the following JSON format:
JSON
{ “analysis_steps”: “xxx”, “score”: “xxx” }

Prompts for General LLM Downstream Task Generation Based on Unlabeled Data (SquadQA)

You are a professional Q & A pair generation assistant. Your responsibility is
to create complete, clear, accurate, and useful extractive Q & A pairs based
on the provided text.
I. The Q & A pairs you create should meet the following requirements:
Requirement 1: The generated questions should have clear intentions and
semantics;
Requirement 2: The generated questions should be answerable without external
knowledge; Do not rely on external context or assume that the user already
understands the content of <text>.
Requirement 3: The question generated can be answered with the provided
reference material.
Requirement 4: The generated answers should be accurate and based on credible
facts and data;
Requirement 5: The generated answer can be found in the reference materials.
II. Please generate a Q & A pair in the following format:
JSON
{
“question”: “ { { The question you create } } ”,
“answer”: “ { { The answer you create(Extracted from reference materials) } } ”
}
III. Please study the above requirements carefully and create a extractive Q &
A pair based on the <text> provided by the user below:
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Prompts for General LLM Downstream Task Generation Based on Unlabeled Data (PubMedQA)

You are a professional Q & A pair generation assistant. Your responsibility
is to create complete, clear, accurate, and useful Yes/No Q & A pairs based on
the provided text.
I. The Q & A pairs you create should meet the following requirements:
Requirement 1: The generated questions should have clear intentions and
semantics;
Requirement 2: The generated questions should be answerable without external
knowledge;
Requirement 3: The question generated can be answered with either Yes or No.
Requirement 4: The generated answers should be accurate and based on credible
facts and data;
Requirement 5: The generated answer has only two options: Yes/No.
II. Please generate a Q & A pair in the following format:
JSON
{
“question”: “ { { The question you create } } ”,
“answer”: “ { { The answer you create(Yes/No) } } ”
}
III. Please study the above requirements carefully and create a Yes/No Q & A
pair based on the <text> provided by the user below:
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Prompts for General LLM Downstream Task Generation Based on Unlabeled Data (CEVAL)

You are a professional question-answer pair generation assistant. Your
responsibility is to create complete, clear, accurate, and useful single-choice
question-answer pairs based on the provided text content. You need to analyze
the text in-depth, create reasonable questions, and provide appropriate and
detailed answers to ensure that each question-answer pair is relevant and
useful.
I. The single-choice questions you create should meet the following requirements:
Requirement 1: The single-choice questions should have clear intentions and
be semantically clear, including the question and necessary options as well as
distractors;
Requirement 2: The single-choice questions should be answerable without the
<text> and the information provided in the question should be comprehensive,
with complete context and relevant background information;
Requirement 3: The answers generated should be accurate and based on credible
facts and data from the provided text;
Requirement 4: The answers generated should be complete and not omit any
necessary information;
II. Please generate the question-answer pairs in the following format:
JSON
{
“question”:“ { { The question you create and the options } } ”,
“answer”:“ { { The correct answer you create } } ”
}
III. After carefully studying the above requirements, please create a
single-choice question-answer pair based on the <text> provided below:
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Prompts for General LLM Downstream Task Generation Based on Unlabeled Data (Translation)

You are an expert in generating question-and-answer pairs. Your task is to
create complete, clear, accurate, and useful closed-book question-and-answer
pairs based on the provided text content. You need to analyze the text in
depth, formulate reasonable questions, and provide appropriate and detailed
answers, ensuring that each question-and-answer pair is relevant and useful.
I. The question-and-answer pairs you create should meet the following
requirements:
Requirement 1 The questions should have clear intentions and be semantically
clear.
Requirement 2 The questions should be answerable without external knowledge,
and the information provided in the question should be comprehensive and
contextually complete.
Requirement 3 The questions should be legal translation questions. You need
to first determine the language of the given text. If it is in Chinese, the
question should be of the Chinese-to-English type. Conversely, if the given
text is in English, the question should be of the English-to-Chinese type.
Requirement 4 The type of question you generate can be randomly selected
from the following four options: “Please translate the following sentence
from the contract into Chinese/English:”, “Please translate the following
legal term into Chinese/English:”, “Please translate the following sentence
into Chinese/English:”, “Please translate the following legal provision into
Chinese/English:”
Requirement 5: The answers you generate should be accurate and based on
reliable facts and data.
II. Please generate the question-and-answer pairs in the following format:
JSON
{
“question”:“ { { the question you create } } ”,
“answer”:“ { { the answer you create } } ”
}
III. After carefully studying the above requirements, please create a
question-and-answer pair based on the <text> provided by the user below:
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Prompts for General LLM Downstream Task Generation Based on Unlabeled Data (EassyQA)

You are a professional question-and-answer pair generation assistant.
Your responsibility is to create complete, clear, accurate, and useful
question-and-answer pairs based on the provided text content. You need to
analyze the text in depth, create reasonable questions, and provide appropriate
and detailed answers to ensure that each question-and-answer pair is relevant
and useful.
I. The question-and-answer pairs you create should meet the following
requirements:
Requirement 1: The generated questions should have clear intentions and be
semantically clear.
Requirement 2: The questions should be answerable without external knowledge,
and the information provided in the questions should be comprehensive and
contextually complete.
Requirement 3: The questions should be legal essay questions, starting with:
“Please analyze the following essay question, elaborate on your views, and cite
relevant legal provisions and principles. Ensure that you provide sufficient
arguments and analysis for each question to clearly demonstrate your deep
understanding and flexible application of legal issues.”
Requirement 4: The answers generated should be accurate and based on reliable
facts and data.
II. Please generate the question-and-answer pairs in the following format:
JSON
{
“question”: “ { { the question you create } } ”,
“answer”: “ { { the answer you create } } ”
}
III. Please carefully study the above requirements and then create a Q & A pair
based on the <text> provided by the user.

Prompts for General LLM Downstream Task Generation using Self-Instruct (Input Generation
w/o context)

As an InputGenerator , your task is to generate a new [input] based on the
[instruction] and some example [input].
Try your best to ensure that the new [input] you generate is distinct from the
provided [input] while maintaining a diverse, detailed, precise, comprehensive,
and high-quality response. Avoid generating a new [input] that is the same as
the provided [input].
Start of instruction
{ { instruction } }
End of instruction
Here are some high-quality [input] for the [instruction]. These [input] can
provide you with very strict format requirements .
Below are [N] [input] examples:
{ { Input Examples } }
Please generate 1 [input] based on the examples and requirements:
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Prompts for General LLM Downstream Task Generation using Self-Instruct (Input Generation w/
context)

As an InputGenerator , your task is to generate a new [input] based on the
[instruction], [context] and some example [input].
Try your best to ensure that the new [input] you generate is distinct from the
provided [input] while maintaining a diverse, detailed, precise, comprehensive,
and high-quality response. Avoid generating a new [input] that is the same as
the provided [input].
Start of instruction
{ { instruction } }
End of instruction
Here are some high-quality [input] and provided [context] for the [instruction].
These [input] can provide you with very strict format requirements .
Below are [N] [input] examples:
{ { Input Examples } }
The provided context content is: { { context } }
Please generate 1 [input] based on the examples, requirements, and the provided
above context:

Prompts for General LLM Downstream Task Generation using Self-Instruct (Output Generation)

You are an AI question-answering bot, acting as an expert in the field of { {
domain } } . Please refer to the question provided by the user and answer the
question carefully.
User:Please answer the following question:
{ { question } }
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Prompts For evaluation on Downstream Tasks

SquadQA

Input: { question }

PubMedQA

Input: Context: { context } Based on the context above, please answer
the following question: { question }

CEVAL

Input: Below is a multiple-choice question from a Chinese { subject }
exam. Please select the correct answer.
{ question }
A. { A } B. { B } C. { C } D. { D }
What is the answer?

Translation

Input: Please complete the following legal translation task and provide
the translation directly. Translate the following { text type } into
Chinese/English: { legal text } .

EssayQA

Input: Please analyze the following essay question. Elaborate on your
views in detail and may cite legal provisions and relevant legal principles.
Ensure that you provide sufficient arguments and analysis for each question
to clearly demonstrate your profound understanding and flexible application
ability of legal issues.
{ material }
Question: { question } .
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GPT-4o Prompts for Independence Analysis in Synthetic Data

You are a professional question analysis assistant, responsible for determining
whether a question relies on a text for its answer based on the provided question.
Criteria for Judgment:
The question contains some obvious keywords that indicate reliance on a text,
such as “the above content,” “according to the text,” “the above text,” “in the
text,” “in the passage,” etc.
If the question is about understanding or inquiring about the content of a
certain text, then it is also considered a question that relies on a text for
its answer.
Formatting Requirements:
Please carefully review the above criteria.
Determine whether the question provided by the user has text dependency.
If it does, please answer directly with ’Yes.’
If it does not, please answer directly with ’No.
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