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1 摘要
大型语言模型（LLMs）在语言理解和交互式决策等任务上展现出卓越的性能，但其推理能力（如思维链提示）和行动能力（如行动计划生成）主要作为独立主题进行研究。本文探索利用大型语言模型以交错方式生成推理轨迹和任务特定行动，使两者之间产生更大协同效应：推理轨迹帮助模型诱导、跟踪和更新行动计划以及处理异常情况，而行动则使其能够与外部来源（如知识库或环境）进行交互并收集额外信息。
2 引言
人类智能的一个独特特征是能够无缝地将面向任务的行动与语言推理（或内心独白）相结合，这种能力已被理论化为在人类认知中发挥重要作用，能够实现自我调节或策略制定，并维持工作记忆。以厨房烹饪菜肴为例，在任意两个步骤之间，可能会有多种选择：根据冰箱中的内容调整食谱，阅读菜谱描述以了解下一步该做什么，并确保菜肴有新鲜原料和适当调料。这种在推理与行动之间进行决策的能力对于人类完成复杂任务至关重要。
最近的研究表明，在自主系统中结合语言推理与交互式决策是可能的。一方面，经过适当提示的大型语言模型展现出解决复杂任务（如数学问题和符号推理）的推理能力。另一方面，基于LLM的自主代理的最新研究已经实现了在交互式环境（如网络和具身环境）中的决策。本文提出了ReAct，一种将推理和行动与语言模型相结合以解决各种语言推理和决策任务的通用范式。
3 方法
ReAct提示方法的核心思想是将推理和行动交错进行。在知识密集型任务（如HotpotQA和Fever）中，我们从训练集中随机选择少量示例，并手动编写ReAct格式的轨迹作为少样本提示的示例。与思维链类似，ReAct是一种协调推理和行动以解决任务的提示方法。关键区别在于ReAct轨迹包含显式的思考，这些思考不仅计划和分解目标，还结合对当前状态的推理、应用常识并跟踪进度。
格式如下：思考1 -> 行动1 -> 观察1 -> ... -> 思考N -> 行动N。每个思考对当前情况和下一步要采取的行动进行推理，而每个行动可以是以下类型之一：（1）搜索实体，从相应的维基百科实体页面返回前k个句子；（2）查找字符串，返回当前段落中包含该字符串的下一句，模拟浏览器中的Ctrl+F命令。
4 相关工作
大型语言模型用于推理的工作中最著名的是思维链（Chain-of-Thought，CoT），它揭示了LLMs通过少样本提示制定推理步骤的能力。后续工作包括自一致性，用于在多个推理路径中进行多数投票，以及思维树，用于探索基于树搜索的推理模式。
在语言模型用于行动方面，WebGPT使用LLMs通过搜索和浏览来导航网页。SayCan和PaLM-SayCan使用LLMs进行机器人行动计划。Inner Monologue在具身环境中使用"内心独白"，但结合了预定义高级行动原语中的硬编码语言。相比之下，ReAct以通用方式交错自由形式的语言推理和行动。
5 结论
本文提出了ReAct，一种将推理和行动协同应用于大型语言模型的简单而有效的方法。通过一系列不同的任务，我们证明了ReAct可以产生可解释的、高性能的任务解决轨迹，优于纯行动和纯推理的基线方法。交错的推理轨迹允许模型动态地计划、跟踪和更新行动计划，同时结合对外部环境的推理。
我们相信ReAct为构建更强大和可信的LLM代理提供了一个有前途的方向。未来的工作包括：在更多样化的任务上探索ReAct，研究使用交错推理和行动来提示和微调LLM的最佳方式，以及将ReAct应用于文本之外的其他模态。


1 ABSTRACT
While large language models (LLMs) have demonstrated impressive performance across tasks in language understanding and interactive decision making, their abilities for reasoning (e.g. chain-of-thought prompting) and acting (e.g. action plan generation) have primarily been studied as separate topics. In this paper, we explore the use of LLMs to generate both reasoning traces and task-specific actions in an interleaved manner, allowing for greater synergy between the two: reasoning traces help the model induce, track, and update action plans as well as handle exceptions, while actions allow it to interface with and gather additional information from external sources such as knowledge bases or environments.
2 INTRODUCTION
A unique feature of human intelligence is the ability to seamlessly combine task-oriented actions with verbal reasoning (or inner speech, Alderson-Day & Fernyhough, 2015), which has been theorized to play an important role in human cognition for enabling self-regulation or strategization (Vygotsky, 1987; Luria, 1965; Fernyhough, 2010) and maintaining a working memory (Baddeley, 1992). Consider the example of cooking up a dish in the kitchen. Between any two specific actions, we may reason in language in order to track progress ("now that everything is cut, I should heat up the pot of water"), to handle exceptions or adjust the plan according to the situation ("I don't have salt, so let me use soy sauce and pepper instead"), and to realize when external information is needed ("how do I prepare dough? Let me search on the Internet").
Recent results have hinted at the possibility of combining verbal reasoning with interactive decision making in autonomous systems. On one hand, properly prompted large language models (LLMs) have demonstrated emergent reasoning capabilities to solve complex tasks such as math problems and symbolic reasoning. On the other hand, recent work on LLM-based autonomous agents has enabled decision making in interactive environments such as the web and embodied environments. In this work, we propose ReAct, a general paradigm to combine reasoning and acting with language models for solving diverse language reasoning and decision making tasks.
3 METHOD
ReAct Prompting. For HotpotQA and Fever, we randomly select 6 and 3 cases from the training set and manually compose ReAct-format trajectories to use as few-shot exemplars in the prompts. Similar to chain-of-thought, ReAct is a prompting method that coordinates reasoning and actions to solve tasks. The key difference is that the ReAct trajectories contain explicit thoughts that not only plan and decompose goals but also incorporate reasoning about the current state, apply commonsense, and track progress.
The format is as follows: Thought 1 -> Action 1 -> Observation 1 -> ... -> Thought N -> Action N. Each thought reasons about the current situation and the next action to take, while each action can be one of the following types: (1) Search[entity], which returns the first k sentences from the corresponding Wikipedia entity page; (2) Lookup[string], which returns the next sentence containing the string in the current passage, simulating the Ctrl+F command on the browser.
4 RELATED WORK
The most well-known work of using LLMs for reasoning is Chain-of-Thought (CoT) (Wei et al., 2022), which reveals the ability of LLMs to formulate reasoning steps via few-shot prompting. Subsequent work includes self-consistency (Wang et al., 2022b) for majority voting among multiple reasoning paths and tree-of-thoughts (Yao et al., 2021) for exploring tree search-based reasoning patterns.
On the language model for action side, WebGPT (Nakano et al., 2021) uses LLMs to navigate web pages via searching and browsing. SayCan (Ahn et al., 2022) and PaLM-SayCan (Driess et al., 2022) use LLMs for robotic action planning. Inner Monologue (Huang et al., 2022b) uses "inner speech" in embodied environments but combines hard-coded language in pre-defined high-level action primitives. In contrast, ReAct interleaves free-form language reasoning and action in a general manner.
5 CONCLUSIONS
We propose ReAct, a simple yet effective method for synergizing reasoning and acting in large language models. Through a diverse set of tasks, we show that ReAct can produce interpretable, high-performing task-solving trajectories, outperforming both action-only and reasoning-only baselines. The interleaved reasoning traces allow the model to dynamically plan, track, and update action plans, while also incorporating reasoning about the external environment.
We believe that ReAct provides a promising direction for building more capable and trustworthy LLM agents. Future work includes exploring ReAct on more diverse tasks, investigating the optimal ways to prompt and finetune LLMs with interleaved reasoning and actions, and applying ReAct to other modalities beyond text.
注：外文翻译正文内容格式要求与论文正文内容格式要求一致。
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