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Abstract
大型语言模型（LLM）代理在解决实际数
据科学问题方面显示出巨大潜力。LLM驱
动的数据科学代理有望自动化整个机器学
习流程，但其在实际中的效果仍然有限。
现有框架依赖于固定的预定义工作流和缺
乏灵活性的编码策略；因此，它们仅在相
对简单的经典问题上表现出色，并未能体
现出人类实践者在复杂创新任务中带来的
经验专业知识。在这项工作中，我们引入
了 AUTOMIND，一个适应性强、知识丰富
的 LLM 代理框架，通过三个关键进展克
服了这些缺陷:（1）一个精选的专家知识
库，使代理扎根于领域专家知识，（2）一
个代理知识树搜索算法，策略性地探索可
能的解决方案，以及（3）一个自适应编码
策略，动态调整代码生成来适应任务复杂
性。在两个自动化数据科学基准上的评估
表明， AUTOMIND相较于最先进的基线提
供了优秀的表现。额外分析证实了其在效
果、效率和解决方案质量上的优势，突出
了 AUTOMIND作为全自动数据科学的高效
而稳健的一步。

1 介绍

数据科学代理旨在利用 LLM代理来自动化以
数据为中心的机器学习任务，这些任务从任
务理解、数据探索和分析开始，通过特征工程
推进，并最终在模型选择、训练和评估中达到
高潮，成为未来 AI代理实现自主科学发现的
重要组成部分。许多与数据科学相关的基准
(Huang et al., 2024a; Jing et al., 2024; Chan et al.,
2025; Chen et al., 2024)已被提出，以提供基于
现实世界数据科学挑战的结构化任务，以评
估整个问题解决过程的性能。由于这些任务的
复杂性，现有的大多数数据科学代理框架依赖
于预定义的工作流程，并通过搜索和优化在特
定的工作流程之上进行优化 (Jiang et al., 2025;
Hong et al., 2024a; Trirat et al., 2024) ，或者扩
展到多代理框架，以更好地激发每个工作流节
点的性能 (Li et al., 2024b)。

* Equal Contributions.
† Corresponding Author.

然而，目前的数据科学代理都忽视了模型能
力的基本限制：尽管在大量基于代码的语料库
上进行了训练，这些代理本质上缺乏人类实践
者在数据科学任务中积累的丰富经验 (Zheng
et al., 2025a)。此外，现有的数据科学代理主
要采用一种不灵活的编码策略，并且倾向于在
实践中仅为相对简单和经典的任务实现代码
(Guo et al., 2024; Li et al., 2024b)。然而，现实
世界问题的多样性和复杂性需要一种动态的、
具有上下文感知的编码策略。实际上，解决那
些真正复杂甚至前沿的任务——这些任务需要
高水平的创造力和创新性——对于数据科学代
理在生成适合此类复杂任务的高质量代码时构
成了显著挑战。
为了解决这些问题，我们提出了 AUTOMIND

，一种适应性强的知识型 LLM代理框架，用
于自动化数据科学挑战。如图 1所示， AUTO-
MIND引入了三个主要创新：一个数据科学专
家知识库、代理知识树搜索算法，以及一个自
适应编码策略。我们在两个自动化数据科学基
准测试上评估了 AUTOMIND ，分别使用两种
不同的基础模型系列。实验结果表明， AUTO-
MIND在这两个基准测试上均表现出优于基线
的性能。具体来说，在官方 MLE-Bench 排行
榜上， AUTOMIND超越了 56.8 %的人类参与
者，相比之前的最高水平（SOTA），AIDE，提
高了 13.5 %。此外，我们进行了深入分析以检
查 AUTOMIND 的有效性和效率，发现 AUTO-
MIND 在效率上提升了 300 %，并相比之前的
SOTA减少了 63 %的 token成本。

2 预备知识

基于最近在将树搜索策略与 LLM代理工作流
集成方面的成功，我们将由 LLM代理驱动的
自动化数据科学建模为一个优化问题，并应用
树搜索算法来解决它。
形式上，我们将某个数据科学任务的可能解
记为一个元组 s = (p, σ, η)，其中 p表示概述
所提出方法的文字计划，σ是对应的 Python代
码片段，而 η 是用于评估执行结果的验证指
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Figure 1: 我们 AUTOMIND的框架。

标。设 S 为所有可能解的空间，目标是找到最
优解：

s∗ = arg max
s∈S

η

where η∗ = max{η | (p, σ, η) ∈ S}
(1)

与通用代理 (Yao et al., 2023; Hong et al.,
2024b; Shinn et al., 2023; Chen et al., 2023) 不
同，后者将问题解决概念化为一个长视野的顺
序决策过程，旨在通过基于所有先前观测的行
动选择来最大化累积奖励，我们的建模方法通
过直接评估和比较数据科学任务的可能解决方
案显著简化了目标。

3 AUTOMIND

在本节中，我们介绍了我们的 AUTOMIND，一
种旨在解决自动化数据科学挑战的自适应知识
丰富的 LLM代理框架。如图 1所示， AUTO-
MIND引入了三大创新：一个用于数据科学的
专家知识库（§3.1），一个代理知识树搜索算
法（§3.2），以及一个自适应编码策略（§??）。
首先，代理的专业知识检索器从专家知识库中
提取多个相关的论文和技巧。接下来，代理知
识树搜索模块启动一个迭代循环，在其中它根
据搜索策略选择一个父节点，执行一个将任务
信息与检索到的知识结合以产生新解决方案的
操作，并将结果节点整合到解决方案树中。同
时，在每个操作的代码实现阶段，调用自适应
编码策略，将解决方案的复杂性与 LLM的固
有编码能力调和。一旦达到迭代限制或时间预
算耗尽，选择方程 (1)识别的解决方案树中最
优节点，提交并评估为最终解决方案。以下各
节深入探讨每个组件的关键实现细节。

3.1 数据科学的专家知识

数据科学竞赛具有挑战性，因为它们要求在
设计有效解决方案方面有高质量的经验 (Chan
et al., 2025; Trirat et al., 2024)。仅使用 LLMs来
解决这些竞赛是有挑战性的，因为它们依赖于
静态的、预训练的知识，这可能缺乏特定领域
或最新的见解。为了解决这个挑战，我们构建
了一个知识库，以有效地解决这些问题。它是
基于特定领域的资源建立的，包括顶级会议和
期刊的论文，以及从高级别竞赛解决方案中采
集的专家见解。

3.1.1 知识库构建
根据人类的专业知识，我们从不同的竞赛中收
集排名靠前的解决方案技巧，以期充分释放现
有方法的能力，并且还收集了论文，以在解决
数据科学任务时提供更具表现力的策略。在机
器学习任务中，微小但有效的技巧可以显著提
升模型性能。为了在我们的框架中融入这些人
类智慧，我们收集了排名靠前的解决方案的讨
论。具体来说，我们识别所有公开分享解决方
案的 Kaggle 竞赛 1 ，然后存档竞赛描述和相
关技术论坛帖子的内容。在筛选掉无效的竞赛
和帖子后，收集了 455个具有有效解决方案的
Kaggle竞赛，包括 3,237条包含顶级解决方案
的公共论坛帖子。然后，将描述竞赛导向的技
术类别的不同标签附加到每个解决方案帖子
上，以便后续检索。
此外，经过同行评审后接受的论文在解决
不同的机器学习任务方面具有高质量的知识。
为了利用这些知识，我们首先收集最近三年
内在顶级会议上发表的论文，如 KDD、ICLR、

1我们使用来自 https://github.com/faridrashidi/
kaggle-solutions 的列表收集了所有附有解决方案的
Kaggle竞赛。
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NeurIPS、ICML、EMNLP 以及领域特定的期
刊如 Bioinformatics。对于每篇论文，保存元信
息（包括标题、作者、摘要和关键词）以及主
要内容，从中我们获得准备好的论文知识。

3.1.2 知识检索
直接仅使用任务描述来检索相关知识是具有挑
战性的，因为现实世界的任务描述与可用的技
术方法之间的关联性较弱。因此，传统仅依赖
于任务描述嵌入的检索方法在我们的背景下被
证明是无效的。为了解决这一限制，我们提出
了一个标记系统以促进知识的检索、过滤和重
新排序。
我们构建层次标签来精确描述技巧的集合。
更具体来说，我们首先在所有收集的机器学
习任务的基础上借助大型语言模型构建了一
个层次标签集，其中包含 11个顶级类别和相
应的子类别（例如，类别是计算机视觉，子类
别是图像分类）。然后，为了给每个技巧标注，
AUTOMIND首先选择最相关的顶级类别，然后
从相应的子类别中识别出最合适的标签。我们
通过五次独立迭代和基于投票的仲裁的自一致
性策略来确保标注质量，从而为每个技巧获得
精确的标签。与为比赛收集的技巧相比，论文
在数据和技术上更加多样化，这给设计层次标
签带来了困难。然后，我们使用大型语言模型
从数据（包括类型、领域和数据集名称）、机
器学习任务、提出的技术和关键贡献的角度为
每篇论文生成简要总结。通过这种方式，可以
从不同的角度检索论文以解决不同的比赛。
在检索阶段，输入任务使用相同的标记技巧
进行分析。对于每个标签，AUTOMIND在知识
库中执行相似性搜索以检索相关知识。然后，
在筛选出相同目标任务的解决方案或技巧以避
免抄袭之后，检索结果基于上述标签优先顺序
重新排序，我们据此获得最终检索的知识。

3.2 主动知识树搜索

解节点 ( N ) 为了便于探索可能的解决方
案，我们将搜索空间建模为一个解树 T ，其
中每个节点 N ∈ T 对应一个不同的解决方
案 s = (p, σ, η)，并被标注为有效或有缺陷。每
个解节点 N 存储以下属性信息：

• 计划 p ：端到端文本解决方案计划通常
包括数据预处理、特征工程、模型训练和
推断等顺序阶段。

• 代码 σ :实现所述解决方案计划的 Python
代码片段。

• 指标 η ：从代码执行输出中提取的任务
特定验证得分；如果执行失败，则不记录
任何指标，并将该节点标记为有错误。

• 输出 o：在代码执行过程中生成的终端输
出，可以用作反馈信号。

• 摘要 γ : 一个由 LLM驱动的验证器生成
的简要报告，该验证器在给定计划 p 、代
码 σ 、指标 η 和输出 o的情况下，评估
每个解决节点并将其标记为有效或存在问
题。

搜索策略（π） 在每次 AUTOMIND的迭代开
始时，搜索策略 π 接收解树 T 的当前状态，
选择一个节点作为父节点，并指定当前迭代的
动作。搜索策略的算法由概率超参数和基于规
则的启发式方法驱动，并在算法 1中概述。

作用（A） AUTOMIND的动作空间由三种不
同的操作组成：起草 Adraft 、改进 Aimprove 和
调试 Adebug。如图 1所示，每个动作都要经过
类似的流程——包括计划生成、代码实现和执
行，以及输出验证——但主要在计划生成阶段
提供的具体输入上有所不同。在起草动作中，
代理将任务描述与从专家知识库检索到的相关
论文结合起来，以制定初步计划。在改进动作
中，代理获得父方案——包括计划 p 、代码
σ 和输出 o——以及从专家知识库中检索到的
技巧，并被提示相应地改进计划。在调试动作
中，代理仅接收有缺陷的父方案，并被提示修
改计划以解决错误。代码实现、执行和输出验
证的程序在所有动作类型中统一应用。动作完
成后，所得方案 s 成为解决方案树 T 中的一
个节点 N ，然后开始下一次迭代。
为了应对数据科学工作负载的广泛谱系，从
简单的机器学习模型到多阶段的最先进架构，
我们在 AUTOMIND 中引入了一种自适应编码
机制，将解决方案的复杂性与 LLM的编码能
力相结合，如图 1所示。在动作的代码实现阶
段，我们基于专业评分标准，采用 LLM作为
评判者，对任务和解决方案计划的整体复杂性
进行五分制评分。当此评分低于预设阈值时，
表明代理认为该计划较为简单，代理会一次性
实现该计划的整个代码，以最大化效率。相反，
对于超过阈值的计划，代理采纳一步步的策略，
通过将计划分解为连续的子步骤，并在每个子
步骤中融入执行反馈。具体来说，对于每个子
步骤，代理执行抽象语法树（AST）检查，然
后在终端会话中执行相应的代码。如果测试通
过，代理进入下一个子步骤；否则，代理使用
错误信息作为反馈重新生成子步骤的实现。此
循环重复进行直到所有子步骤测试成功，此时
代理将子步骤的代码整合为一个完整的实现；
或者是任何子步骤达到预定义的重试限制，迫
使代理放弃当前计划。
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Algorithm 1在 AUTOMIND中搜索策略 π

Require: T ▷ Current state of solution tree
Require: Ninit ▷ Hyper-parameter of the number of initial draft nodes
Require: Hdebug ▷ Hyper-parameter of the probalitity of whether debug a node
Require: Hgreedy ▷ Hyper-parameter of the probability of whether select the best node
Ensure: ( N , A ) ▷ Select one parent node and specify the next action

1: Ndraft ← Get the number of draft nodes in T
2: if Ndraft < Ninit then return ( Nempty , Adraft ) ▷ Draft a new solution
3: end if
4: pdebug ← Get a random floating-point number from 0 to 1
5: Nbuggy ← Get a random buggy node in the solution tree
6: if pdebug < Hdebug and Nbuggy is not None then return ( Nbuggy , Adebug ) ▷ Debug a buggy

solution
7: end if
8: pgreedy ← Get a random floating-point number from 0 to 1
9: Ngreedy ← Get the best node in the solution tree

10: Nnon-greedy ← Get a random valid node in the solution tree
11: if pgreedy < Hgreedy and Ngreedy is not None then
12: return ( Ngreedy , Aimprove ) ▷ Improve a valid solution
13: else if pgreedy ≥ Hnon-greedy and Ngreedy is not None then
14: return ( Nnon-greedy , Aimprove ) ▷ Mitigate getting trapped in local optima
15: end if
16: return ( Nempty , Adraft ) ▷ No solution to debug or improve, draft a new solution

4 实验

4.1 实验设置

4.1.1 基础模型和基线

基础模型 在我们的主要实验中，通过更换
基础模型来评估代理。具体来说，我们评估
了两个不同的模型：OpenAI 的 o3-mini 2 和
DeepSeek的 deepseek-v3 3 。

基线代理 考虑到基线复现所需的大量计算
资源，我们的主要实验中的定量比较仅限于
AIDE (Jiang et al., 2025)，其表现优于MLAB
(Huang et al., 2024a)和OpenHands (Wang et al.,
2025)，并代表了MLE-Bench (Chan et al., 2025)
上的先前最佳 (SOTA)。我们在附录 B中提供
了复现我们不同代理结果所需的详细超参数。

4.1.2 基准和指标

MLE-Bench 我们选择 MLE-Bench (Chan
et al., 2025) ，它包括 75 个离线 Kaggle 竞赛，
用于评估 LLM代理，作为我们测试基准的一
部分。我们进一步应用基于规则的过滤来处理
MLE-Bench中的任务，详见附录 A。结果，我
们获得了一个简化版本的MLE-Bench，其中包

203-迷你-2025-01-31
3DeepSeek-V3-0324

括 16个任务 4，这些任务根据人类经验和之前
SOTA的表现分为简单、中等和困难等级。我
们在附录 A中包括了用于评估的 MLE-Bench
任务的完整列表。

顶级 AI 竞赛 对原始 MLE-Bench 的检查表
明，大多数任务都是在 2023年之前策划的，其
中一些经典的机器学习任务可以追溯到 2018
年或更早。考虑到基础模型在预训练期间可
能已经看过相应的任务，我们补充了两项来
自最近顶级 AI竞赛的任务进行评估。具体来
说，我们包括了 KDD Cup 2024上开放学术图
谱 (OAG) 挑战的 WhoIsWho-IND 赛道，评估
指标是 ROC曲线下面积 (AUC)，以及 NeurIPS
2024比赛的 BELKA挑战，评估标准为平均精
度 (AP)。更多细节见附录 A。

评价指标 对于 MLE-Bench，我们通过比较
AUTOMIND 和之前 SOTA 的方法与人类参与
者在每个 Kaggle 比赛的官方排行榜上的提交
结果，并在所有指定的分割中取平均值，来评
估其性能。我们报告一个称为 Beats ( % )的指
标，定义为 LLM代理超越的人类参与者的比
例。对于两个顶级 AI比赛，我们采用组织者
的官方任务指标，直接通过其原始得分评估代

4为了便于说明，我们仍然将这个简化版本称为MLE-
Bench。

4

www.xueshuxiangzi.com



Benchmarks Split Metric
Prior SOTA

AUTOMIND

w/o Knowledge
AUTOMIND

o3-mini deepseek-v3 deepseek-v3 o3-mini deepseek-v3

MLE-Bench

Easy
Beats ( % ) 52.5 10.8 74.0 2.9 81.8 0.7 7.8 71.8 4.3 19.3 81.2 0.1 7.2

Submissions ( # ) 93.7 0.2 90.7 33.0 25.8 12.4 14.6 0.2 18.2 3.3

Medium
Beats ( % ) 20.3 3.0 29.0 6.4 39.2 5.3 10.2 24.9 6.1 4.6 44.3 0.4 15.3

Submissions ( # ) 103.5 44.3 72.3 40.8 15.9 2.2 8.7 1.6 18.1 9.2

Hard
Beats ( % ) 10.7 1.2 18.4 1.8 23.6 6.4 5.2 36.6 9.4 25.9 38.7 14.3 20.3

Submissions ( # ) 102.1 86.8 36.0 7.1 14.1 6.2 18.9 7.2 6.3 0.7

All
Beats ( % ) 30.0 0.2 43.3 3.0 52.1 1.0 8.8 45.4 1.7 15.4 56.8 1.4 13.5

Submissions ( # ) 99.5 38.2 70.1 25.9 19.9 2.8 13.4 2.3 15.2 4.7

Top AI
Competitions

OAG
AUC âĘŚ 0.56 0.03 0.52 0.03 0.50 0.00 0.02 0.55 0.08 0.01 0.58 0.04 0.06

Submissions ( # ) 16.0 15.6 14.5 13.4 48.5 41.3 4.5 2.1 4.0 1.4

BELKA
AP âĘŚ 0.09 0.06 0.33 0.03 0.19 0.03 0.14 0.44 0.02 0.35 0.39 0.05 0.06

Submissions ( # ) 5.0 4.2 2.0 0.0 2.5 2.1 9.0 1.4 8.5 0.7

Table 1: MLE-Bench和顶级 AI竞赛的主要结果。“Beats”（%）表示代理在官方排行榜上超过的人类参与
者的百分比，并作为MLE-Bench的主要评估指标。“Submissions”（#）报告代理在 24小时内所提交的有
效次数，仅作为描述性统计而非评估指标提供，因为其数量并不能直接反映代理的能力。AUC和 AP分
别是 OAG和 BELKA竞赛的官方评估指标。相对于基线的性能提升记为 ，而下降记为 。

理。

4.1.3 运行时环境设置
在我们的实验中，LLM 代理被加载到一个
Ubuntu 20.04 的 Docker 容器中，该容器包含
为每个任务准备的数据集，以及预安装了用
于机器学习的标准 Python包（例如，PyTorch,
scikit-learn）的 Anaconda环境，从而提供所有
代码实现和执行所需的依赖项。容器运行在一
个计算节点上，该节点配备 48个 vCPU，448GB
的内存，9.6TB的 SSD存储，以及一块NVIDIA
GeForce RTX 3090 GPU，这些都对代理完全开
放。对于MLE-Bench和顶级 AI竞赛中的每项
任务，LLM代理分配了 24小时的时钟预算来
进行最终提交。我们为每个任务重复所有实验
两次，以报告性能的平均值和标准误差。

4.2 主要结果

如表所示， AUTOMIND在MLE-Bench和顶级
AI 竞赛中与之前的 SOTA 相比，尽管有效提
交次数较少，但还是取得了更好的表现。我们
发现，在MLE-Bench的官方排行榜上，AUTO-
MIND（o3-mini）和 AUTOMIND（deepseek-v3
）分别超越了 45.4 %和 56.8 %的人类参与者，
比之前的 SOTA（AIDE）分别提升了 15.4 %和
13.5 %。此外， AUTOMIND 在 MLE-Bench的
Hard分项中表现出显著的优越性，o3-mini提
升了 25.9 %，deepseek-v3提升了 20.3 %，超
过之前的 SOTA。值得注意的是，即便在没有
专家知识库的情况下运行 AUTOMIND ，仍然
在 Beats（%）指标上超过之前的 SOTA 8.8 %。
在顶级 AI竞赛中的 OAG和 BELKA挑战赛上，
AUTOMIND 的表现至少与之前的 SOTA 相当，
并且在大多数情况下超越之前的 SOTA。尤其

是， AUTOMIND（o3-mini）在 BELKA挑战
赛中达到了 0.44的平均精度，比之前的 SOTA
提高了 0.35的绝对值。

5 分析

5.1 消融实验

为了验证我们设计的有效性，我们在
MLE-Bench 的 Medium 分割上对 AUTOMIND

（deepseek-v3）进行消融实验，分别禁用 AU-
TOMIND中的两个主要组件：专家知识库和自
适应编码策略。
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Figure 2: 对 deepseek-v3 进行的消融研究，针对
MLE-Bench的Medium分组的 AUTOMIND。Beats
表示该代理在官方排行榜上超越的人类参与者的
百分比。Valids 表示代理在 24 小时时间预算内所
提交的所有解决方案中有效提交的百分比。

专家知识为自我驱动的树搜索提供了额外有效
的监督。 当在没有专家知识库访问的情况下
运行 AUTOMIND 时，代理被迫完全依赖其内
部知识来起草和改进解决方案。图 2中的结果
表明，删除专家知识库导致 Beats（%）和Valids
（%）指标分别下降了 5.0 %和 1.3 %。图 3展示
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Figure 3: 测试时间扩展结果在 MLE-Bench上。我们记录了在 deepseek-v3实验中，代理者在 24小时时
间预算内超越人类参与者最佳解决方案的百分比的每小时快照。

了 24小时预算内 Beats（%）指标的每小时快
照，证明装备了专家知识库的 AUTOMIND 始
终优于没有的变体，即使在搜索进度的最初几
个小时内也是如此。我们将这些性能提升归因
于专家知识的整合，这对代理的解决方案搜索
空间施加了额外的约束。通过利用经过人类验
证的知识， AUTOMIND 减少了对有限的内部
知识的依赖，并将探索集中在更有前途的可能
解决方案的搜索空间内。

自适应编码为更复杂计划的实施提供了强有力
的支持。 我们通过在 AUTOMIND 的代码实
现阶段完全替换为一次编码策略来消解自适应
编码机制。图 2中的结果显示，用一次策略替
换自适应编码机制导致 Beats ( % ) 和 Valids (
% )指标分别下降了 24.6 %和 19.0 %，突显了
其在处理复杂任务和计划方面的显著局限性。
我们将这种下降归因于基础 LLMs的有限编码
能力，这在一次生成中不足以应对复杂任务和
计划。通过对复杂计划进行步骤分解，并结合
AST检查和执行反馈，可以最大化地减少一次
策略生成的代码早期段中的错误累积，从而保
持后续代码段的高效执行。至于较简单的任务
和计划，自适应编码策略本身允许使用一次生
成，从而在 AUTOMIND 中在效率和鲁棒性之
间取得平衡。

5.2 效率分析

测试时缩放 为了评估不同代理框架的效率，
我们通过在实验中跟踪 deepseek-v3中 AUTO-
MIND 和先前最先进的 AIDE 在 24 小时时间
预算内的性能来研究测试时间扩展。如图 3所
示，随着可用测试时间的增加，这两个代理都
能够逐步改善其解决方案。值得注意的是，在
MLE-Bench上， AUTOMIND 平均仅需 6小时
便达到了先前最先进技术在 24小时内的性能，
相当于时间效率提高了三倍。此外，即使在没
有运行专家知识库的情况下， AUTOMIND 几
乎将时间效率提高了一倍，仅需 13小时即可

达到先前最先进技术的 24小时性能。

Agents Input Output Total

AIDE (24h) 2.27 ś 0.28 0.22 ś 0.03 2.49 ś 0.31

AUTOMIND(6h) 0.86 ś 0.07 0.11 ś 0.01 0.90 ś 0.04

w/o knowlege (13h) 2.06 ś 0.47 0.26 ś 0.03 2.32 ś 0.50

Table 2: 所有MLE-Bench任务的 Token成本。我们
展示了与 deepseek-v3的实验中，输入、输出及总
的 Token成本，每个都以百万 Token为单位进行量
化。

代币成本 我们对每个代理框架实现之前最新
技术（SOTA）的 24小时性能时的累计令牌成
本进行量化。如表 2 所示，由于效率的提高，
AUTOMIND在令牌成本上实现了 63 %的减少，
即使是没有专家知识库的变体也实现了 7 %的
令牌成本减少。
如图 4所示，我们对 Belka数据集进行了案
例研究，以验证我们提出的 AUTOMIND的有效
性。Belka竞赛旨在预测小分子（提供该分子的
SMILES和三个构件）对特定蛋白质靶点（氨
基酸序列可用）的结合亲和力。AUTOMIND首
先从构建的知识库中检索到 MolTrans (Huang
et al., 2021)和 DeepDTA (Öztürk et al., 2018)论
文。然后，它利用这些论文设计了一种频繁子
序列挖掘策略和双重CNN模块。代码脚本是根
据设计方案生成并执行的。相反，AUTOMIND

（不使用知识）侧重于提取分子的统计特征，
仅采用简单的 MLPs 来预测结合概率。对于
AIDE，最终采用了梯度提升模型，这对于解
决这一复杂任务来说过于简单。与 AIDE 和
AUTOMIND（不使用知识）相比，AUTOMIND

能够检索潜在的文献，并为复杂任务设计更具
表现力的模型，其更高的性能可以证明构建的
知识库和检索策略的有效性。

6 相关工作

大语言模型代理 大型语言模型具有卓越的
推理 (Qiao et al., 2023; Sun et al., 2025; Chen
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MTLRAAVFDLDGVLALPAVFGVLGR……

Amino Acids Sequence 

Task Description

C#CC[C@@H](CC(=O)O)NC
(=O)OCC1c2ccccc2-c2ccccc21

BB1
Nc1ccc(F)c(Cl)c1F

BB2

BB3
Nc1nc(F)nc2nc[nH]c12

MTLRAAVFDLDGVLALPAVFGVLGR……

AutoMind (w/o knowledge) AutoMindAIDE

# Load data 
...
# Generate fingerprints 
smiles_to_fingerprint() 
protein_encoder = LabelEncoder() 
# Train models 
model = GradientBoostingClassifier() 
for protein in protein_encoder.classes_: 

... 
# Generate test predictions 
for i, protein in enumerate(protein_test): 

model = models[protein] 
... 

# Create submission

# Load Data 
... 
compute_molecular_features() 
# Compute features for building blocks 
train_df[f"bb{i}_feat_{j}"] = ... 
model = ProteinBindingModel().to(device) 
# Training and evaluation 
for epoch in range(30): 

model.train() 
model.eval() 
... 

# Make predictions on test set 
outputs = model(test_loader) 
# Create submission

if __name__ == "__main__": 
# Load training data 
D_train, _ = step1_data_loading() 
# Extract feature vectors 
V_protein, V_smiles = step2_fcs_mining() 
# Tokenize protein and SMILES sequences 
X_train_protein, X_train_smiles, \

_, _ = step3_tokenization() 
# Initialize model architecture 
model, _, _ = step4_model_initialization() 
# Train the model 
step5_model_training() 
# Evaluate on validation set 
step6_validation_evaluation()

Plan
I'll propose a solution using a simple 
gradient boosting model with molecular 
fingerprints as features. 
The evaluation metric will be average 
precision score calculated per protein 
group and then averaged. 
We'll use RDKit to generate Morgan 
fingerprints from the SMILES strings.

Plan

Refined Version:
• Data Preparation: molecular/ statistics
• Building blocks interaction feature
• Multi-task  NNs
• Model training and evaluation
• Prediction & Submission

Knowledge

↑
↑

MolTrans : Frequent Consecutive 
Sub-sequence mining

DeepDTA: Dual CNN encoder 

• Frequent Chemical Subsequence (FCS) 
• Sequence processing
• Dual-Channel CNNs
• Training and Evaluation

File Description

Input File Submission Sample
/
├── train.csv
│   ├── id
│   ├── buildingblock1-3_smiles
│   ├── molecule_smiles
│   ├── protein_name
│   └── binds
├── test.csv
│   ├── ... (same as above)
└── protein.json
├── sEH BRD4 HSA

A binary classification indicating 
whether each small molecule binds 
to the specified protein target.

id, smiles 1-3, molecule, protein binds

… … … ... … … … … 0

… … … ... … … … … 0

… … … ... … … … … 1

Plan

Figure 4: 在 BELKA挑战中的一个实例。我们比较了由 AIDE和 AUTOMIND生成的提议解决方案计划和
相应代码实现。

et al., 2025) 和规划 (Huang et al., 2024b; Wei
et al., 2025a) 能力，正在成为 AI 代理的核心
控制组件 (Wang et al., 2024; Xi et al., 2023; Du-
rante et al., 2024)，并逐渐应用于软件工程 (Qian
et al., 2024; Hong et al., 2024b; Yang et al., 2024;
Wei et al., 2025b) 、深度研究 (Li et al., 2025;
Zheng et al., 2025b; Wu et al., 2025) 、GUI 操
作 (Wu et al., 2024; Lai et al., 2024; Gou et al.,
2024; Hu et al., 2024) 、科学发现 (Chen et al.,
2024; Hong et al., 2024a; Trirat et al., 2024)、体
现智能 (Ahn et al., 2022; Singh et al., 2023; Song
et al., 2023) 等领域。目前大多数的大型语言
模型代理框架依赖于两种范式。一种是无需
训练的通用架构，依靠基础模型的强大能力和
精心定制的工作流程 (Hong et al., 2024b; Qian
et al., 2024; Trirat et al., 2024; Li et al., 2024b) 。
另一种是针对特定领域进行模型微调。先前的
研究主要集中于基于大量轨迹数据的模仿学
习 (Chen et al., 2023; Zeng et al., 2023; Wu et al.,
2024; Qiao et al., 2024)。然而，随着类似 GRPO
算法的出现 (Shao et al., 2024; Yu et al., 2025;
Yue et al., 2025) ，模型现在可以通过基于规
则的奖励 (Song et al., 2025; Jin et al., 2025; Wei
et al., 2025b; Lu et al., 2025; Feng et al., 2025)自
我探索来学习完成目标任务。

用于数据科学的大型语言模型代理。 数据科
学代理旨在利用 LLMs 自动化以数据为中心
的机器学习任务，包括数据分析、数据建模和
数据可视化，成为未来 AI代理实现自主科学
发现的重要组成部分。大多数现有方法根据
人类专业知识将数据科学任务分解为具有明
确界限的不同子任务，并在单个或多个代理
中将其作为工作流程执行 (Zhang et al., 2023;
Li et al., 2024a; Guo et al., 2024; Li et al., 2024b)
。此外，Hong et al. (2024a); Jiang et al. (2025);
Trirat et al. (2024); Chi et al. (2024)使用反思和
基于搜索的优化方法。然而，这些方法忽略了
模型能力的基本限制：尽管经过大规模代码数
据集的训练，这些模型本质上缺乏数据科学中
人类实践者积累的丰富经验。为了整合人类专
业知识，DS-Agent (Guo et al., 2024)通过收集
专家 Kaggle 解决方案并应用基于案例的推理
来调整这些遗留解决方案以适应新任务，从而
采取了一种基于知识的方法。此外，数据科学
任务类型的内在复杂性需要多样化的问题解决
策略，而当前的解决方案主要在所有任务中采
用统一的方法。为了弥补这些差距，本文提出
通过将人类专业知识（来自研究论文、Kaggle
竞赛等）作为专家知识库，并实施动态编码策
略选择机制，以适应不同的任务要求，从而增
强代理能力。

7

www.xueshuxiangzi.com



我们介绍了 AUTOMIND ，这是一个适应性
强、知识驱动的 LLM代理框架，专为自动化数
据科学量身打造。通过整合专家知识库、基于
树的推理代理和自适应编码策略，AUTOMIND

在MLE-Bench和两项最近的 AI竞赛中超越了
之前的最先进水平（AIDE）。

7

局限性

基准和基线 由于计算资源有限，我们没有评
估全部 75个MLE-Bench (Chan et al., 2025)任
务集，而是选择了一个有代表性的 16个任务
的子集，这些任务是根据实验需要涵盖整个难
度级别和任务类别而选择的。此外，由于MLE-
Bench只提供整体性能指标而不提供基线代理
的每个任务的原始得分，我们不得不在我们的
16 任务子集上重复评估过程，这导致了相当
大的计算开销。因此，我们仅以 AIDE (Jiang
et al., 2025)作为基线进行实验，因为它在MLE-
Bench上表现优于MLAB (Huang et al., 2024a)
和 OpenHands (Wang et al., 2025)，并且代表了
先前的最先进水平。

基础模型的编码能力 AUTOMIND 在很大程
度上依赖于基础模型的编码能力。如果基础模
型的编码能力不足以实现具有高潜力的复杂解
决方案，我们的方法可能会比传统数据科学代
理表现不佳。
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A 基准测试

A.1 MLE-Bench

原始的 MLE-Bench (Chan et al., 2025)包含 75
个用于评估 LLM代理的离线 Kaggle比赛。我
们应用基于规则的过滤来筛选 MLE-Bench 中
的任务。具体而言，我们首先排除那些无法从
先前 SOTA中提交有效结果的任务，从而消除
对 LLM代理来说可能过于困难或不适当的任
务。从剩下的任务中，我们抽样得到一个平衡
的子集，每个任务类别（例如，图像分类，训练
LLMs）保留至少一个且不超过两个任务。因
此，我们获得了一个简化版的MLE-Bench，包
含 16个任务，根据人类经验和先前 SOTA的
表现将任务划分为简单、中等和困难级别。表
格 3中包含了用于评估的 MLE-Bench任务的
完整列表。

A.2 顶级人工智能竞赛

BELKA数据集来自 Kaggle比赛 5 ，该比赛预
测小分子与特定蛋白质靶点的结合亲和力。它
提供了 2.9B分子-蛋白质对的训练数据。在本
文中，我们从完整的训练数据中依据标签分布
抽取了 2.2M行训练数据和 590K行测试数据，
并使用 AP分数来评估这些方法。
本文使用的 OAG数据集是从 KDD杯 Who-

is-Who错误分配检测任务 6中收集的。给定每
位作者的论文分配和每篇论文的元数据，该任
务是检测每位作者的论文分配错误。在这个任
务中，每篇论文包含标题、摘要、作者姓名及相
应的组织、关键词、会议地点及年份。训练数据
包含若干作者及相应的论文分配。为简单起见，
我们从给定的论文列表中抽取了 10k 篇论文，
然后保留与这些论文相关的相应作者。这些作
者根据训练数据中使用的标签分布被分类为训
练和测试数据。评估指标是

∑M
1 wi × AUCi ，

其中M 是测试作者数量，

wi =
#ErrorsOfThisAuthor

#TotalErrors
.

B 超参数

我们在表格 4 和表格 5 中分别列出了 AUTO-
MIND和 AIDE的详细超参数。

5https://www.kaggle.com/competitions/
leash-BELKA

6https://www.biendata.xyz/kdd2024

C 提示

在本节中，我们展示了一些用于 AUTOMIND

完整流程中的提示，作为参考。
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Tasks Task Type Dataset Size (GB) Metric Type Original Complexity Split

aptos2019-blindness-detection Image Classification 10.22 Max Low Easy
random-acts-of-pizza Text Classification 0.003 Max Low Easy

spooky-author-identification Text Classification 0.0019 Min Low Easy
google-quest-challenge Training LLMs 0.015 Max Medium Easy
stanford-covid-vaccine Tabular 2.68 Min High Easy

predict-volcanic-eruptions-ingv-oe Signal Processing 31.25 Min High Easy

lmsys-chatbot-arena Text Classification 0.18 Min Medium Medium
us-patent-phrase-to-phrase-matching Text Regression 0.00214 Max Medium Medium

mlsp-2013-birds Audio Classification 0.5851 Max Low Medium
statoil-iceberg-classifier-challenge Image Classification 0.3021 Min Medium Medium

petfinder-pawpularity-score Image Regression 1.04 Min Medium Medium
tensorflow-speech-recognition-challenge Audio Classification 3.76 Max Medium Medium

denoising-dirty-documents Image to Image 0.06 Min Low Hard
new-york-city-taxi-fare-prediction Tabular 5.7 Min Low Hard

tgs-salt-identification-challenge Image Segmentation 0.5 Max Medium Hard
ventilator-pressure-prediction Forecasting 0.7 Min Medium Hard

Table 3: 我们的工作中用于评估的MLE-Bench中任务的完整列表。

Hyperparameter Value

agent.retriever.model gpt-4o-mini-2024-07-18
agent.analyzer.model gpt-4o-mini-2024-07-18
agent.planner.model & TARGET_MODEL
agent.coder.model & TARGET_MODEL
agent.improver.model & TARGET_MODEL
agent.verifier.model gpt-4.1-mini-2025-04-14
agent.steps 500
agent.search.num_drafts 5
agent.search.max_debug_depth 20
agent.search.debug_prob 1
agent.search.trick_prob 0.8
agent.search.greedy_prob 0.8
agent.time_limit 86400
exec.timeout 32400

Table 4: AUTOMIND 的 超 参 数。 &
TARGET_MODEL 是 被 评 估 的 基 础 模 型。
agent.search.num_drafts 是初始草稿节点的
数量。agent.search.debug_prob是调试一个节点
的概率。agent.search.trick_prob是使用技巧来
改进一个节点的概率。agent.search.greedy_prob
是选择最佳节点的概率。

Hyperparameter Value

agent.code.model & TARGET_MODEL
agent.feedback.model gpt-4o-mini-2024-07-18
agent.steps 500
agent.search.num_drafts 5
agent.search.max_debug_depth 20
agent.search.debug_prob 1
agent.time_limit 86400
exec.timeout 32400

Table 5: AIDE的超参数。 & TARGET_MODEL是被评
估的基础模型。agent.search.num_drafts是初始
草稿节点的数量。agent.search.debug_prob是调
试一个节点的概率。
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Prompt for plan generation of drafting

# Introduction
You are an expert machine learning engineer attempting a task. In order to complete this task, you
need to come up with an excellent and creative plan for a solution, which will be implemented by
another engineer. We will now provide a description of the task.

# Task description
{ task_description }

# Memory
Take the Memory section into consideration when proposing the solution plan, don't propose the
similar solution but keep the evaluation metric exactlty the same.
{ memory }

# Knowledge
Some of the tricks that have proved useful for the same type of task are provided as follows:
{ tricks }
You should carefully consider these tricks when designing your solution.

# Data Analysis
{ data_analysis }

# Instructions

# # Response format
Your response should be a detailed outline/sketch of your proposed solution in natural language.
You do not need to implement the solution but you should provide enough detail for another
engineer to implement it in Python code. There should be no additional headings or text in your
response. Just natural language text followed by a newline.

# # Installed Packages
Your solution can use any relevant machine learning packages such as: 'torch-geometric==2.6.1',
'xgboost==2.1.3', 'torchvision==0.17.0', 'lightgbm==4.5.0', 'transformers==4.44.2',
'matplotlib==3.9.2', 'scipy==1.11.4', 'statsmodels==0.14.4', 'pandas==2.1.4', 'torch==2.2.0',
'optuna==4.0.0', 'timm==0.9.7', 'scikit-learn==1.2.2', 'numpy==1.26.2', 'bayesian-
optimization==1.5.1', 'seaborn==0.13.2'. Feel free to use any other packages too (all packages
are already installed!). For neural networks please use PyTorch because of the unavailability of
TensorFlow in the environment.

# # Plan guideline
- DO NOT CHEAT ON EVALUATION. The solution should calculate the evaluation metric de-
scribed in the task description on a hold-out validation set.
- If the evaluation metric is not provided, you should propose a reasonable evaluation metric for
the task and calculate it.
- The solution should print the evaluation metric computed on the hold-out validation set at the
last step of the solution.
- Try to come up with more modern and powerful methods to feature engineering and modelling
and avoid using outdated methods. For example, if the task is a classification task, you should use
modern transformer-based models instead of traditional models like CNN or LSTM.
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- The solution should adopt appropriate methods to prevent model overfitting, such as data aug-
mentation, early stopping, regularization, dropout, and others.
- Don't suggest to do model ensembling.
- Don't suggest to do Exploratory Data Analysis.
- Don't suggest to do hyperparameter tuning.
- The data is already prepared and available in the './input' directory. There is no need to unzip any
files.
- The solution should use os.walk to get the paths of all available files in the '. /input' directory for
data loading.
- If a 'sample_submission.csv' file existes, directly load it and use it as a template for the
'submission.csv' file. The solution should save predictions on the provide unlabeled test data
in the 'submission.csv' file in the ./submission/ directory.

Prompt for plan generation of debugging

# Introduction
You are an expert machine learning engineer attempting a task. You are provided with the plan,
code and execution output of a previous solution below that had a bug and/or did not produce a
submission.csv, and should improve it in order to fix the bug. For this you should first propose an
reasonanle improvement and accordingly outline a detailed improved plan in natural language,
which will be implemented by another engineer. We will now provide a description of the task.

# Task description
{ task_description }

# Previous Solution

# # Previous Plan
{ prev_plan }

# # Previous Code
{ prev_code }

# # Previous Execution Output
{ prev_output }

# Data Analysis
{ data_analysis }

# Instructions

# # Response format
First, provide a brief explanation of your reasoning for the proposed improvement to the previous
plan (wrapped in <think></think>). Then, provide a detailed outline/sketch of your improved
solution in natutal language based on the previous plan and your proposed improvement (wrapped
in <plan></plan>). You do not need to implement the solution but you should provide enough
detail for another engineer to implement it in Python code.

# # Installed Packages
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Your solution can use any relevant machine learning packages such as: 'torch-geometric==2.6.1',
'xgboost==2.1.3', 'torchvision==0.17.0', 'lightgbm==4.5.0', 'transformers==4.44.2',
'matplotlib==3.9.2', 'scipy==1.11.4', 'statsmodels==0.14.4', 'pandas==2.1.4', 'torch==2.2.0',
'optuna==4.0.0', 'timm==0.9.7', 'scikit-learn==1.2.2', 'numpy==1.26.2', 'bayesian-
optimization==1.5.1', 'seaborn==0.13.2'. Feel free to use any other packages too (all packages
are already installed!). For neural networks please use PyTorch because of the unavailability of
TensorFlow in the environment.

# # Improve guideline
- You should pay attention to the execution output of the previous solution, and propose an im-
provement that will fix the bug.
- The improved plan should be derived by adapting the previous plan only based on the proposed
improvement, while retaining other details of the previous plan.Don't suggest to do Exploratory
Data Analysis.
- Don't suggest to do hyperparameter optimization, you should use the best hyperparameters from
the previous solution.
- If a 'sample_submission.csv' file existes, directly load it and use it as a template for the
'submission.csv' file. The solution should save predictions on the provide unlabeled test data
in the 'submission.csv' file in the ./submission/ directory.
- When describing your improved plan, do not use phrases like 'the same as before' or 'as in the
previous plan'. Instead, fully restate all details from the previous plan that you want to retain, as
subsequent implementation will not have access to the previous plan.

Prompt for plan generation of improving with tricks

# Introduction
You are an expert machine learning engineer attempting a task. You are provided with the plan,
code and execution output of a previous solution below and should improve it in order to further
increase the test time performance. For this you should integrate integrate several useful tricks
provided and accordingly outline a detailed improved plan in natural language, which will be
implemented by another engineer. We will now provide a description of the task.

# Task description
{ task_description }

# Memory
Take the Memory section into consideration when proposing the solution plan, don't propose the
similar solution but keep the evaluation metric exactlty the same.
{ memory }

# Previous Solution

# # Previous Plan
{ prev_plan }

# # Previous Code
{ prev_code }

# # Previous Execution Output
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{ prev_output }

# Knowledge
Here are some tricks that have proved useful for the task:
{ tricks }
You should carefully consider these tricks when designing your solution.

# Data Analysis
{ data_analysis }

# Instructions

# # Response format
First, provide a brief explanation of your reasoning for the proposed improvement to the previous
plan (wrapped in <think></think>). Then, provide a detailed outline/sketch of your improved
solution in natutal language based on the previous plan and your proposed improvement (wrapped
in <plan></plan>). You do not need to implement the solution but you should provide enough
detail for another engineer to implement it in Python code.

# # Installed Packages
Your solution can use any relevant machine learning packages such as: 'torch-geometric==2.6.1',
'xgboost==2.1.3', 'torchvision==0.17.0', 'lightgbm==4.5.0', 'transformers==4.44.2',
'matplotlib==3.9.2', 'scipy==1.11.4', 'statsmodels==0.14.4', 'pandas==2.1.4', 'torch==2.2.0',
'optuna==4.0.0', 'timm==0.9.7', 'scikit-learn==1.2.2', 'numpy==1.26.2', 'bayesian-
optimization==1.5.1', 'seaborn==0.13.2'. Feel free to use any other packages too (all packages
are already installed!). For neural networks please use PyTorch because of the unavailability of
TensorFlow in the environment.

# # Improve guideline
- You should focus ONLY on integrating the provided tricks in the knowledge section into the
previous solution to fully leverage their potentials.
- Make sure to fully integrate these tricks into your plan while preserving as much details as
possible.
- Ensure that your plan clearly demonstrates the functions and specifics of the tricks.
- Identify the key areas in the previous solution where the knowledge can be applied.
- Suggest specific changes or additions to the code or plan based on the knowledge provided, and
avoid unnecessary modifications irrelevant to the tricks.
- If a 'sample_submission.csv' file existes, directly load it and use it as a template for the
'submission.csv' file. The solution should save predictions on the provide unlabeled test data
in the 'submission.csv' file in the ./submission/ directory.
- When describing your improved plan, do not use phrases like 'the same as before' or 'as in the
previous plan'. Instead, fully restate all details from the previous plan that you want to retain, as
subsequent implementation will not have access to the previous plan.

Prompt for plan generation of improving without tricks

# Introduction
You are an expert machine learning engineer attempting a task. You are provided with the plan,
code and execution output of a previous solution below and should improve it in order to further
increase the test time performance. For this you should first propose a reasonable improvement
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and accordingly outline a detailed improved plan in natural language, which will be implemented
by another engineer. We will now provide a description of the task.

# Task description
{ task_description }

# Memory
Take the Memory section into consideration when proposing the solution plan, don't propose the
similar solution but keep the evaluation metric exactlty the same.
{ memory }

# Previous Solution

# # Previous Plan
{ prev_plan }

# # Previous Code
{ prev_code }

# # Previous Execution Output
{ prev_output }

# Data Analysis
{ data_analysis }

# Instructions

# # Response format
First, provide a brief explanation of your reasoning for the proposed improvement to the previous
plan (wrapped in <think></think>). Then, provide a detailed outline/sketch of your improved
solution in natutal language based on the previous plan and your proposed improvement (wrapped
in <plan></plan>). You do not need to implement the solution but you should provide enough
detail for another engineer to implement it in Python code.

# # Installed Packages
Your solution can use any relevant machine learning packages such as: 'torch-geometric==2.6.1',
'xgboost==2.1.3', 'torchvision==0.17.0', 'lightgbm==4.5.0', 'transformers==4.44.2',
'matplotlib==3.9.2', 'scipy==1.11.4', 'statsmodels==0.14.4', 'pandas==2.1.4', 'torch==2.2.0',
'optuna==4.0.0', 'timm==0.9.7', 'scikit-learn==1.2.2', 'numpy==1.26.2', 'bayesian-
optimization==1.5.1', 'seaborn==0.13.2'. Feel free to use any other packages too (all packages
are already installed!). For neural networks please use PyTorch because of the unavailability of
TensorFlow in the environment.

# # Improve guideline
- You should conduct only one expert-level actionable improvement to the previous solution.
- This improvement should be atomic so that the effect of the improved solution can be experi-
mentally evaluated.
- The improved plan should be derived by adapting the previous plan only based on the proposed
improvement, while retaining other details of the previous plan.
- Don’t suggest to do Exploratory Data Analysis.
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- Don’t suggest to do hyperparameter optimization, you should use the best hyperparameters from
the previous solution.
- If a 'sample_submission.csv' file existes, directly load it and use it as a template for the
'submission.csv' file. The solution should save predictions on the provide unlabeled test data
in the 'submission.csv' file in the ./submission/ directory.
- When describing your improved plan, do not use phrases like 'the same as before' or 'as in the
previous plan'. Instead, fully restate all details from the previous plan that you want to retain, as
subsequent implementation will not have access to the previous plan.

Prompt for complexity scorer

# Introduction
You are an expert machine learning engineer attempting a task. In order to complete this task,
you are given a discription of the task and a solution plan proposed by another engineer and need
to assess the complexity of the task and the proposed solution. We will now provide a description
of the task.

# Task description
{ task_description }

# Proposed Solution
{ proposed_solution }

# Data Analysis
{ data_analysis }

# Instructions

# # Response format
First, provide a brief explanation of your reasoning for the assessment of the complexity of
the task and the proposed solution (wrapped in <think></think>). Then, provide ONLY ONE
average complexity score as floating point number between 1 and 5, which can contain 0.5 points
(wrapped in <score></score>).

# # Task complexity scoring criteria
- 5 = Extremely complex and cutting-edge task with high levels of innovation required. This
involves solving a unique or highly specialized problem that may push the boundaries of existing
knowledge or technology.
- 4 = Complex task that involves advanced techniques or methodologies, requiring considerable
expertise in the domain, such as building novel algorithms, optimization methods, or handling
advanced data.
- 3 = Moderately complex task that requires significant problem-solving, such as integrating dif-
ferent methods or creating custom algorithms for specific use cases.
- 2 = Simple task with some level of complexity, such as basic algorithms that need some degree
of fine-tuning or adjustment to meet the specific requirements of the project.
- 1 = Very simple task that requires minimal effort, such as basic data manipulation or applying
standard algorithms without any customization.

# # Proposed solution complexity scoring criteria
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- 5 = A groundbreaking or transformative solution that pushes the envelope in the field. It in-
troduces a novel approach that is scalable, efficient, and offers long-term value or sets a new
standard.
- 4 = A highly original and effective solution that shows a deep understanding of the problem
domain and offers a significant contribution to the field. The solution is well-optimized and
efficient.
- 3 = An original and creative solution with a reasonable level of complexity. It involves designing
and implementing custom solutions or combining existing methods in a new way.
- 2 = A somewhat original solution that involves adapting existing tools or methods with some
customization to meet the needs of the project. There may be room for optimization or improve-
ment.
- 1 = Very basic solution, perhaps using standard, off-the-shelf tools with minimal adaptation,
lacking originality or novel contributions.

# # Complexity scoring guideline
- Evaluate the complexity of the task and the proposed solution, and assign a score between 1 and
5.
- Assign an average score between 1 and 5, consider factors such as the task's complexity, the pro-
posed solution, the dataset size, and the time and hardware resources required for implementation
and execution.

Prompt for code implementation through one-pass coding

# Introduction
You are an expert machine learning engineer attempting a task. In order to complete this task,
you are given a discription of the task and a solution plan proposed by another engineer and need
to assess the complexity of the task and the proposed solution. We will now provide a description
of the task.

# Task description
{ task_description }

# Proposed Solution
{ proposed_solution }

# Data Analysis
{ data_analysis }

# Instructions

# # Response format
Your response should be a single markdown code block (wrapped in ''') which implements this
solution plan and prints out and save the evaluation metric.

# # Installed Packages
Your solution can use any relevant machine learning packages such as: 'torch-geometric==2.6.1',
'xgboost==2.1.3', 'torchvision==0.17.0', 'lightgbm==4.5.0', 'transformers==4.44.2',
'matplotlib==3.9.2', 'scipy==1.11.4', 'statsmodels==0.14.4', 'pandas==2.1.4', 'torch==2.2.0',
'optuna==4.0.0', 'timm==0.9.7', 'scikit-learn==1.2.2', 'numpy==1.26.2', 'bayesian-
optimization==1.5.1', 'seaborn==0.13.2'. Feel free to use any other packages too (all packages
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are already installed!). For neural networks please use PyTorch because of the unavailability of
TensorFlow in the environment.

# # Code guideline
- The code should **implement the proposed solution** and **print the value of the evaluation
metric computed on a hold-out validation set**,
- **AND MOST IMPORTANTLY SAVE PREDICTIONS ON THE PROVIDED UNLABELED
TEST DATA IN A 'submission.csv' FILE IN THE ./submission/ DIRECTORY.**
- The code should save the evaluation metric computed on the hold-out validation set in a
'eval_metric.txt' file in the ./submission/ directory.
- The code should be a single-file python program that is self-contained and can be executed as-is.
- No parts of the code should be skipped, don't terminate the code before finishing the script.
- DO NOT WRAP THE CODE IN A MAIN FUNCTION, BUT WRAP ALL CODE in the
'__main__' module, or it cannot be executed successfully.
- All class initializations and computational routines MUST BE WRAPPED in 'if __name__ ==
"__main__":'.
- DO NOT USE MULTIPROCESSING OR SET 'num_workers' IN DATA LOADER, as it may
cause the container to crash.
- Your response should only contain a single code block.
- All input data is already prepared and available in the './input' directory. There is no need to
unzip any files.
- DO NOT load data from "./data" directory, it is not available in the environment.
- Do not save any intermediate or temporary files through 'torch.save' or 'pickle.dump'.
- Try to accelerate the model training process if any GPU is available.
- DO NOT display progress bars. If you have to use function intergrated with progress bars,
disable progress bars or using the appropriate parameter to silence them.
- Don't do Exploratory Data Analysis.

Prompt for stepwise decomposition

# Introduction
You are an expert machine learning engineer attempting a task. In order to complete this task,
you are given the proposed solution and supposed to decompose it into multiple steps. We will
now provide a description of the task.

# Task description
{ task_description }

# Proposed Solution
{ proposed_solution }

# Instructions

# # Response format
- Your response should be a single JSON code block (wrapped in ''') which contains the decompo-
sition steps of the proposed solution.
- The generated JSON should have the following format:
{

"decomposed steps": [
{
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"step": "Name of the step",
"details": "Detailed description of the step",

} ,
...

],
}

# # Solution decomposition guideline
- You should decompose the proposed solution into multiple steps, and provide detailed descrip-
tions of each step.
- DO NOT MODIFY THE PROPOSED SOLUTION. In the description of each step, you should
keep as many details of the proposed solution as possible, especially the exact hyperparameters
and sample code.
- DO NOT CHEAT ON EVALUATION. The solution should calculate the evaluation metric de-
scribed in the task description on a hold-out validation set.
- If the evaluation metric is not provided, you should propose a reasonable evaluation metric for
the task and calculate it.
- The solution should save the evaluation metric computed on the hold-out validation set in a
'eval_metric.txt' file in the ./submission/ directory.
- The solution should use os.walk to get the paths of all available files in the '. /input' directory for
data loading.
- If a sample_submission.csv file existes, directly load it and use it as a template for the
'submission.csv' file. The solution should save predictions on the provide unlabeled test data
in the 'submission.csv' file in the ./submission/ directory.
- You should **print the value of the evaluation metric computed on a hold-out validation set**
in the last step of the decomposed steps.
- Don't do Exploratory Data Analysis in the decomposition steps.
- If you find improvements suggestions in the plan, you should take them in serious consideration
and include them in the decomposition steps.
- You do not need to implement the code in the decomposed steps.
- Note that the order of the decomposed steps determines the order in which the code is imple-
mented and executed.

Prompt for code implementation through stepwise coding

# Introduction
You are an expert machine learning engineer attempting a task. In order to complete this task,
you are given the code for previous steps and need to implement the current step of a natural
language solution plan proposed by another engineer in Python code. We will now provide a
description of the task.

# Task description
{ task_description }

# Current Step
{ current_step }

# Previous Steps Code
You should continue the following code for previous steps to implement the current step of the
solution plan, but do not repeat it:
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{ prev_steps }

# Data Analysis
{ data_analysis }

# Instructions

# # Response format
First, provide suggestions for the current step based on the previous steps and the failed last try
step if provided (wrapped in <think></think>). Then, provide a single markdown code block
(wrapped in ''') which implements the current step of a solution plan.

# # Installed Packages
Your solution can use any relevant machine learning packages such as: 'torch-geometric==2.6.1',
'xgboost==2.1.3', 'torchvision==0.17.0', 'lightgbm==4.5.0', 'transformers==4.44.2',
'matplotlib==3.9.2', 'scipy==1.11.4', 'statsmodels==0.14.4', 'pandas==2.1.4', 'torch==2.2.0',
'optuna==4.0.0', 'timm==0.9.7', 'scikit-learn==1.2.2', 'numpy==1.26.2', 'bayesian-
optimization==1.5.1', 'seaborn==0.13.2'. Feel free to use any other packages too (all packages
are already installed!). For neural networks please use PyTorch because of the unavailability of
TensorFlow in the environment.

# # Code guideline
- You should first provide suggestions for the current step based on the previous steps and the
failed last try step if provided, and then implement the current step of the solution plan.
- **You should ONLY implement the code for the current step of the solution plan, rather than the
entire solution plan.**
- DO NOT MODIFY THE CURRENT STEP. You should implement the current step exactly as it
is.
- You should **print the value of the evaluation metric computed on a hold-out validation set** if
it is calculated in the current step.
- You should save the evaluation metric computed on the hold-out validation set in a
'eval_metric.txt' file in the ./submission/ directory if it is calculated in the current step.
- DO NOT PRINT ANYTHING ELSE IN THE CODE, except for the evaluation metric and
completion message for the current step.
- The code should be a single-file python program that is self-contained and can be executed as-is.
- DO NOT WRAP THE CODE IN A MAIN FUNCTION, BUT WRAP ALL CODE in the
'__main__' module, or it cannot be executed successfully.
- All class initializations and computational routines MUST BE WRAPPED in 'if __name__ ==
"__main__":'.
- DO NOT USE MULTIPROCESSING OR SET 'num_workers' IN DATA LOADER, as it may
cause the container to crash.
- No parts of the code should be skipped, don't terminate the code before finishing the script.
- **DO NOT REPEAT the code for previous steps, you should only import them from
prev_steps.py.**
- DO NOT REPETITIVELY IMPORT THE SAME MODULES IN PREVIOUS STEPS, but you
can import other modules if needed.
- **AND MOST IMPORTANTLY SAVE PREDICTIONS ON THE PROVIDED UNLABELED
TEST DATA IN A 'submission.csv' FILE IN THE ./submission/ DIRECTORY.** if predictions
are involved in the current step.
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- All input data is already prepared and available in the './input' directory. There is no need to
unzip any files.
- DO NOT load data from "./data" directory, it is not available in the environment.
- Do not save any intermediate or temporary files through 'torch.save' or 'pickle.dump'.
- You can reference to the based code to implement the current step, but do not completely repeat
it.
- Try to accelerate the model training process if any GPU is available.
- DO NOT display progress bars. If you have to use function intergrated with progress bars,
disable progress bars or using the appropriate parameter to silence them.
- Don't do Exploratory Data Analysis.

Prompt for output veirification

# Introduction
You are an expert machine learning engineer attempting a task. You have written code to solve
this task and now need to evaluate the output of the code execution. You should determine if
there were any bugs as well as report the empirical findings.

# Task description
{ task_description }

# Code
{ code }

# Execution Output
{ execution_output }

# Tool
{

"type": "function",
"function": {

"name": "submission_verify",
"description": "Verify the execution output of the written code.",
"parameters": {

"type": "object",
"properties": {

"is_bug": {
"type": "boolean",
"description": "true if the output log shows that the execution failed or has some bug,

otherwise false.",
} , "is_overfitting": {

"type": "boolean",
"description": "true if the output log shows that the model is overfitting or validation

metric is much worse than the training metric or validation loss is increasing, otherwise false. ",
} , "has_csv_submission": {

"type": "boolean",
"description": "true if the code saves the predictions on the test data in a

'submission.csv' file in the './submission/' directory, otherwise false. Note that the file MUST
be saved in the ./submission/ directory for this to be evaluated as true, otherwise it should be
evaluated as false. You can assume the ./submission/ directory exists and is writable.",
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} ,
"summary": {

"type": "string",
"description": "write a short summary (2-3 sentences) describing the empirical find-

ings. Alternatively mention if there is a bug or the submission.csv was not properly produced.
You do not need to suggest fixes or improvements.",

} ,
"metric": {

"type": "number",
"description": "If the code ran successfully, report the value of the validation metric.

Otherwise, leave it null.",
} ,
"lower_is_better": {

"type": "boolean",
"description": "true if the metric should be minimized (i.e. a lower metric value is

better, such as with MSE), false if the metric should be maximized (i.e. a higher metric value is
better, such as with accuracy).",

} ,
} ,
"required": ["is_bug", "is_overfitting", "has_csv_submission", "summary", "metric",

"lower_is_better"],
} ,

} ,
}
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