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国际规划竞赛IPC(International Planning Competition)

https://ipc2023.github.io/ • International Planning Competition，隶属ICAPS (International 

Conference on Automated Planning and Scheduling)会议

• 始于1998年，通常每2-3年举办一次

• 统一采用PDDL语言作为领域标准

• 里程碑规划器：
• FF (Fast Forward) (IPC-2000)：引入了忽略删除列表的启发式 

规划，现代规划器的鼻祖

• Fast Downward (IPC-2004)：引入了 SAS+ 翻译和多启发式搜索

架构，至今仍是学术界的基础框架

• 新趋势：
• HTN 复兴：分层规划重新引起重视

• RL + Planning：传统搜索仍然强势，但RL正在冲击榜单

• LLM+Planning：开始尝试基于大模型做规划任务

https://ipc2023.github.io/


LLM for Planning

https://openreview.net/pdf?id=FkKBxp0FhR 

https://openreview.net/pdf?id=FkKBxp0FhR


LLM for Planning

https://arxiv.org/pdf/2206.10498 

https://arxiv.org/pdf/2206.10498


前沿趋势：LLM + PDDL
LLM充当自然语言到形式化语言的翻译器，调用符号求解工具完成规划任务

LLM+P: Empowering Large Language Models with Optimal Planning Proficiency. https://arxiv.org/pdf/2304.11477 

https://arxiv.org/pdf/2304.11477
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符号主义人工智能的痛点：符号接地

https://arxiv.org/html/cs/9906002 

Symbolic AI 的核心假设是：智能是对符号的操作

• 离散性与确定性：On(Block A, Block B) 是一个非常明确、

没有歧义的状态

• 组合性：符号可以无限组合。学会了“拿”，学会了

“苹果”，就能理解“拿苹果”，不需要重新训练

• 长程推理能力：在数学证明、规划、逻辑谜题中，符号

系统可以进行几十甚至上百步的推理 

• 经典AI的困境： 对于一个纯符号系统，它知道 Apple 是

一种 fruit，fruit可以 eat。但如果你给它看一张苹果的照

片，或者让机器人去抓一个苹果，它完全不知道这个符

号对应现实中的哪一个物体

• 鸿沟： 现实世界是连续的、嘈杂的（像素、声波、电

压），而符号世界是离散的、抽象的，Symbolic AI缺乏

一个将“连续信号”映射为“离散符号”的转换器

https://arxiv.org/html/cs/9906002


观点1：仅依赖大模型

大语言模型、多模态大模型已经展现初步的推理能力，尽管还存在幻觉、不可靠

等问题，但只要能够持续Scaling，就能实现性能提升

More data, More compute, Larger models



观点2：Neuro-Symbolic AI

Neural Networks Symbolic

神经网络的感知、
识别能力
(System 1)

符号推理的严谨
逻辑、可靠性、
可解释性

Neuro-Symbolic AI: 结合两种AI范式的优势，创造即聪明

又可靠的下一代人工智能系统



快思考与慢思考(系统1与系统2)

• 1 + 1 = 2

• 12345 * 54321 = 670592745

• 窗外的树有些是绿色的

• OOOOO ← 这里有5个圈

• OOOOOOOOOOOOOOOOOO ← 这里有18个圈

• “我只给自己不理发的人理发，所以我可以给自己理发”

认知科学中的猜想：人类的认知分为系统1与系统2 [Kahneman, 2011]

你能多快判断一下命题的正误



快思考与慢思考(系统1与系统2)

• Human Cognition: System 1 (Neural 

Network) + System 2(Symbolic Reasoning)

• Neuro-Symbolic AI: Combine true symbolic 

reasoning with a neural network

• Neural Network for Perception

• Symbolic for Rigorous Reasoning
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End-to-End Visual Reasoning
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End-to-End Visual Reasoning
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Human-Like Reasoning
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Human-Like Reasoning
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Human-Like Reasoning
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Human-Like Reasoning
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Human-Like Reasoning
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Neuro-Symbolic AI
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Neuro-Symbolic AI
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Neuro-Symbolic AI
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Neuro-Symbolic AI
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Neuro-Symbolic AI
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Neuro-Symbolic AI



Neuro-Symbolic AI



Neuro-Symbolic AI (before LLM)

• Neuro helps Symbolic

• Neuro ↔ Symoblic



Neuro for Symbolic

NN State Estimator

Monte-Carlo Game Tree Search
• AlphaGo(2016),  AlphaZero(2017)

• 问题：传统符号搜索时间复杂度高

• 策略网络 (Policy Network)

• 缩小搜索空间，只探索可能性大的动作

• 价值网络 (Value Network)

• 节省大量模拟过程

• 神经网络提供启发式估计

• MCTS进行严谨符号化搜索

• 搜索结果辅助神经网络训练



Neuro for Symbolic

• 目标： 给定一个复杂的目标分子（药物），如何

用简单原料合成它?

• 符号空间： 化学反应规则是离散的符号(例如：A

物质 + B物质->C物质)，逆向搜索空间极其巨大

• Symbolic: 蒙特卡洛树搜索 (MCTS)，树的节点是

分子，边是化学反应规则

• Neural: 训练一个深度神经网络，输入当前分子结

构，预测哪种反应规则最有可能成功将其分解为

更简单的片段（类似 AlphaGo 预测下一步棋）

Planning Chemical Syntheses with Deep Neural Networks and Symbolic AI. Nature 2019.

化学领域的“AlphaGo”：逆合成分析 (Retrosynthesis)

https://www.nature.com/articles/nature25978
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Neuro for Symbolic

• AlphaGeometry: An Olympiad-Level AI System for Geometry

• Neuro-Networks guide the symbolic engine by suggesting constructs

Solving olympiad geometry without human demonstrations. Nature 2024.

https://deepmind.google/blog/alphageometry-an-olympiad-level-ai-system-for-geometry/


Neuro →← Symbolic →←

符号推理与神经网络联合优化?

• 神经网络依赖梯度优化，但是经典逻辑不可微，难以联合优化

• 实值逻辑(Real Logic)：一种将逻辑真值映射到连续实数域([0, 1])的数学框架

逻辑与(⋀) 逻辑或(∨) 逻辑非(¬)



Neuro →← Symbolic →←

∀x: Cat (x) → HasTail(x)

Logic Tensor Networks. Artificial Intelligence 2022.

https://arxiv.org/pdf/2012.13635


手写数字加法



手写数字加法

• 输入：两张手写数字图片

• 已知：它们的数字之和

• 缺失：每张图片各自独立

的标签

我们能否在不看到单个数字

标签的情况下，教会机器识

别每个数字？



DeepProbLog

• 第一步：神经网络的初步猜测

• 神经网络接收图片，输出类别概率分布，由于未经训练，它的输出

是模糊和不确定的

DeepProbLog: Neural Probabilistic Logic Programming. NeurIPS 2018.

https://arxiv.org/abs/1805.10872


DeepProbLog

• DeepProbLog引擎根据X+Y=8的规则，计算所有满足该规则的可能

世界的概率



DeepProbLog

系统的目标是最大化P(sum=8)，根据损失函数反向更新权重



Neuro →← Symbolic →←

• Neuro-Symbolic Concept Learner (NS-CL)

• 神经网络负责感知，符号系统负责推理

• 通过反向传播端到端优化

The Neuro-Symbolic Concept Learner: Interpreting Scenes, Words, and Sentences From Natural Supervision. ICLR 2019.

https://arxiv.org/abs/1904.12584
https://arxiv.org/abs/1904.12584
https://arxiv.org/abs/1904.12584


Neuro →← Symbolic →←

• Abductive Learning (ABL)：无需逻辑可微

反绎标记
监
督
学
习

分类器

A ¬B C 反绎推理

知识库A ¬B ¬C

伪事实

推
理

分类器

样本
伪标记

最小化
不一致性



Abductive Learning (ABL)

步骤1：机器学习预测



Abductive Learning (ABL)

步骤2：知识库检查

计算：2+4=6 机器学习模型输出与

逻辑推理存在矛盾



Abductive Learning (ABL)

步骤3：反绎推理(Abduction)

已知最终结果必须为8，且

加法规则是X+Y=Z

为了让X+Y成立，X,Y可能

是什么?

生成一致性假设



Abductive Learning (ABL)

反绎修正



Neuro-Symbolic Methods with LLMs

Symbolic 
Approaches

Large Language 
Models

Provided 
Data Call

Symbolic 
Approaches

Large Language 
Models

Hybrid

Symbolic 
Approaches

Large Language 
Models



Supervision for Reasoning & Planning Tasks

Outcome 
Label

Process
Label

The denominator of a fraction is 7 less than 3 times
the numerator. If the fraction is equivalent to 2/5,
what is the numerator of the fraction? (Answer: 14)

Data Collection, especially the label collection is very expensive. Different from classification 
tasks, reasoning requires not only the outcome label but also the reasoning process label



Automatic Data Generation
Many heuristic methods can be developed to generate large-scale datasets from seed examples

• Rephrasing, Template-based Augmentation, Numeric Perturbation, LLM Generation, etc

However, these data generation methods often fail to ensure data 
diversity and accuracy



Symbolic -> LLM

p Basic Ideas：
• Symbolic Generation, LLM Imitation：Utilize symbolic engines (e.g., logic solvers, search algorithms) 

to generate reasoning paths, and fine-tune LLMs to imitate the capabilities of symbolic methods

• LLM Formalize, Symbolic Augment：Employ LLM to transform informal natural language data into a 

formal symbolic language, and perform data augmentation within the formal space

LLM Formalize, Symbolic AugmentSymbolic Generation, LLM Imitation



Symbolic Generation, LLM Imitation

Symbolic Generation, LLM Imitation



Symbolic Generation, LLM Imitation

[1] Stream of Search (SoS): Learning to Search in Language. COLM 2024.

SOS: Use search algorithms to generate solution paths for Countdown problems, 

And then fine-tune the LLMs on this data so that it acquires backtracking ability



Symbolic Generation, LLM Imitation

[1] Stream of Search (SoS): Learning to Search in Language. COLM 2024.



Symbolic Generation, LLM Imitation

[1] Stream of Search (SoS): Learning to Search in Language. COLM 2024.

LLMs fine-tuned on 

search process data
outperform those trained on 

optimal path data



Symbolic Generation, LLM Imitation

[1] Beyond A∗ : Better Planning with Transformers via Search Dynamics Bootstrapping. COLM 2024.

SearchFormer: Train transformer with A* generated traces for maze navigation tasks 
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Symbolic Generation, LLM Imitation

[1] Beyond A∗ : Better Planning with Transformers via Search Dynamics Bootstrapping. COLM 2024.

Train a Transformer to predict the next token via teacher forcing



Symbolic Generation, LLM Imitation

[1] Beyond A∗ : Better Planning with Transformers via Search Dynamics Bootstrapping. COLM 2024.

Search-Augmented vs. Solution-Only Models



Symbolic Generation, LLM Imitation

[1] Beyond A∗ : Better Planning with Transformers via Search Dynamics Bootstrapping. COLM 2024.

Search-Augmented vs. Solution-Only Models

Search-augmented is much
more parameter & data efficient!



LLM Formalize, Symbolic Augment

LLM Formalize, Symbolic Augment



LLM Formalize, Symbolic Augment

[1] Neuro-Symbolic Data Generation for Math Reasoning. NeurIPS 2024.

NSDG：Convert math problems into SMT-LIB language, perform data augmentation within the 

formal space, and finally use an LLM to translate the formal language back into natural language



Neuro-Symbolic Data Generation for math reasoning

[1] Neuro-Symbolic Data Generation for Math Reasoning. NeurIPS 2024.

Supervised fine-tuning of the base model on the constructed dataset 

achieves consistent performance improvements



LLM Formalize, Symbolic Augment

[1] NeSyGeo: A Neuro-Symbolic Framework for Multimodal Geometric Reasoning Data Generation. AI4Math Workshop @ ICML 2025.

NeSyGeo: A DSL for plane geometry was defined, and data augmentation was performed based on 

this DSL representation to generate a large number of high-quality geometric figures



LLM Formalize, Symbolic Augment

[1] NeSyGeo: A Neuro-Symbolic Framework for Multimodal Geometric Reasoning Data Generation. AI4Math Workshop @ ICML 2025.

Reinforcement 
Fine-tuning

Supervised 
Fine-Tuning



Application: Chinese Legal Reasoning

[1] LawGPT: A Chinese Legal Knowledge-Enhanced Large Language Model. ICLR 2025 Workshop @ SCI-FM.

LawGPT：Knowledge-Enhanced Legal Reasoning Data Augmentation

For legal reasoning, no suitable 
symbolic language representation

• LLM generates text data

• Verifies the synthetic data via 
abductive reasoning based on a 
legal knowledge base

• Improve the quality of data 
iteratively 



Application: Chinese Legal Reasoning

[1] Zhi Zhou, Jiang-Xin Shi, Peng-Xiao Song, Xiao-Wen Yang, Yi-Xuan Jin, Lan-Zhe Guo, Yu-Feng Li. LawGPT: A Chinese Legal Knowledge-Enhanced Large Language 
Model. ICLR 2025 Workshop @ SCI-FM.

Scalability of the data generation:

More data, higher performance

Compared to general and legal-specific LLMs, 
performance is improved across multiple

legal reasoning tasks



Summary & Open Problems

p Key Idea: 

• Generate reasoning path with symbolic methods directly

• Augment data in the symbolic language represented space

p Open Problems: 

• How to evaluate the quality of reasoning data? 

• How to select the optimal subset of the training data?

• Can symbolic methods help data evaluation and selection?

• ……



Option Two: Neuro-Symbolic Methods

Symbolic 
Approaches

Large Language 
Models

Provided 
Data Call

Symbolic 
Approaches

Large Language 
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Hybrid

Symbolic 
Approaches

Large Language 
Models

LLM -> Symbolic



LLM -> Symbolic 

Solver/Program Aided Methods 

Solver/
ExecutorAnswer

Symbolic 
Representation

Tool Integrated Methods 

Language
Problem

Language
Problem

Subgoal-1

Subgoal-2

…

Subgoal-n

Tool

ToolAnswer

Search Augmented Methods

… …

Answer

ErrorProblem

p Basic Ideas：
• Solver/Program Aided Methods：LLM converts Natural Language into Formal Language, then call a 

symbolic solver

• Tool Integrated Methods：LLM decompose original problem into multiple steps, where intermediate 

steps can call external tools for solving, such as symbolic solvers, calculators, APIs, etc.

• Search Augmented Methods：LLM’s decoding process is a search problem and can be optimized via 

different search strategies, e.g., MCTS, A*, etc.



Solver/Program Aided Methods

Solver/Program Aided Methods 



Symbolic Solver Aided Methods

[1] LOGIC-LM: Empowering Large Language Models with Symbolic Solvers for Faithful Logical Reasoning. EMNLP 2023.

Convert natural Language into formal Language, then call a symbolic reasoner, 
such as First-order Logic Prover, SMT solver, Constraint Optimizer, etc.



Symbolic Solver Aided Methods

[1] LLM+P: Empowering Large Language Models with Optimal Planning Proficiency. Arxiv 2023.

For planning tasks, first generate the PDDL descriptions, then use a PDDL Planner

(e.g., FastDownward) to produce the plan



Symbolic Solver Aided Methods

• 神经网络：

• 理解玩家消息

• 与用户进行对话

• 符号推理

• 进行策略推理，生成最佳行动

• 游戏规则引擎 + 博弈论求解器 

Human-level play in the game of Diplomacy by combining language models with strategic reasoning. Science 2022.

外交风云：沟通与策略桌游

https://noambrown.github.io/papers/22-Science-Diplomacy-TR.pdf
https://noambrown.github.io/papers/22-Science-Diplomacy-TR.pdf
https://noambrown.github.io/papers/22-Science-Diplomacy-TR.pdf


Program Aided Methods

[1] PAL: Program-aided Language Models. ICML 2023.
[2] Program of Thoughts Prompting: Disentangling Computation from Reasoning for Numerical Reasoning Tasks. TMLR 2023.

Convert the reasoning process expressed in natural language into a programming language 

(e.g., Python, SQL, etc.), and then execute the program interpreter

Few-Shot Zero-Shot



Tool Integrated Methods

Tool Integrated Methods 



Tool Integrated Methods

[1] Visual Programming: Compositional visual reasoning without training. CVPR 2023 (Best Paper).

LLMs decompose the reasoning task and invoke tools/APIs/models to accomplish subgoals



Tool Integrated Methods

[1] ToRA: A Tool-Integrated Reasoning Agent for Mathematical Problem Solving. ICLR 2024.

LLMs decompose the reasoning task and invoke tools/APIs/models to accomplish subgoals



Search Augmented Methods

Search Augmented Methods



Search Augmented Methods

Since LLMs rely on next-token prediction, search algorithms can be applied 

over candidate tokens to optimize the reasoning path



Application: China Travel Planning

[1] ChinaTravel: A Real-World Benchmark for Language Agents in Chinese Travel Planning. https://arxiv.org/pdf/2412.13682 

Given user requirements, including travel preferences, budget, and other constraints, 
generate a reasonable travel plan.

https://arxiv.org/pdf/2412.13682


Application: China Travel Planning

[1] ChinaTravel: A Real-World Benchmark for Language Agents in Chinese Travel Planning. https://arxiv.org/pdf/2412.13682 

Environment constraints: transportation; attraction 
opening hours and ticket prices; restaurant hours, 
prices and categories; hotel information; temporal and 
spatial constraints, etc.

Domain-Specific Language (DSL) for logical constraints

Examples of DSL expressions for logical constraints

https://arxiv.org/pdf/2412.13682


Application: China Travel Planning
Neuro-Symbolic Methods: LLM +Search; LLM + Constraint Optimizer

LLM understands the query, and then models
travel planning as a next-POI prediction problem 

and solves it using search algorithms

LLM understands the query, and then model

travel planning as a mixed-integer optimization
problem and solve it using an MILP solver



Application: China Travel Planning

Pure LLM methods Neuro-Symbolic Methods

Exploit search or optimization methods clearly improve the planning accuracy



Summary & Open Problems

p Key Ideas: 

• LLM converts natural language into symbolic Language

• Symbolic solvers solve the formal reasoning and planning

p Open Problems: 

• Quality of Natural Language to Symbolic Language

• Open Environment with new symbolic concept

• Limited Generalization of Symbolic Solvers: how to automatically select or learn 

the most suitable symbolic representation



Neuro-Symbolic Methods

Symbolic 
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LLM + Symbolic 

p Basic Ideas：
• Symbolic Formatted Reasoning：representing the reasoning process in symbolic language, instead 

of the natural language

• Differentiable Symbolic Module：Design differentiable symbolic modules to enable joint 

optimization with neural networks?

• Symbolic Feedback：Symbolic feedback provides more fine-grained losses or rewards, thereby 

guiding the optimization process



Symbolic Formatted Reasoning

Symbolic Formatted Reasoning



Explicit Reasoning vs. Implicit Reasoning

Explicit reasoning express the reasoning process via natural language

Implicit reasoning handles the reasoning process internally across different layers or states



Symbolic Formatted Reasoning

How about represent the reasoning process with symbolic language?



Symbolic Formatted Reasoning

[1] Chain-of-Symbol Prompting for Spatial Reasoning in Large Language Models. COLM 2024. 

A straightforward example: Chain-of-Symbol



Differentiable Symbolic Module

Differentiable Symbolic Module



Differential Symbolic Module

[1] Neuro-Symbolic Visual Reasoning: Disentangling “Visual” from “Reasoning”. ICML 2020. 

Disentangle perception and reasoning: use LLMs or MLLMs for perception and symbolic systems for 

reasoning, and make logical reasoning differentiable by incorporating techniques such as fuzzy logic



Differential Symbolic Module

[1] Neuro-Symbolic Visual Reasoning: Disentangling “Visual” from “Reasoning”. ICML 2020. 

An example of the language system: natural language -> DSL program -> DFOL <->FOL formula



Differential Symbolic Module

[1] Neuro-Symbolic Visual Reasoning: Disentangling “Visual” from “Reasoning”. ICML 2020. 

Some Visual Reasoning Examples



Differential Symbolic Module

[1] Neuro-symbolic Training for Spatial Reasoning over Natural Language. Arxiv 2025. 

Convert logical constraints into differentiable soft logic and 
add them to the objective as a regularization term



Symbolic Feedback

Symbolic Feedback



Symbolic Feedback

[1] RLSF: Reinforcement Learning via Symbolic Feedback. Arxiv 2024. 

RLVR: For reinforcement Learning, introduce symbolic tools (e.g., theorem provers, logic 

solvers, code compilers) instead of a reward model to provide verifiable rewards



Symbolic Feedback

[1] RLSF: Reinforcement Learning via Symbolic Feedback. Arxiv 2024. 

Example task: Natural Language Pseudo-code to C++ Code 

• Task: Automated code synthesis from natural language descriptions

• Symbolic Feedback: g++ Compiler and Test Suite provide feedback



Symbolic Feedback

[1] RLSF: Reinforcement Learning via Symbolic Feedback. Arxiv 2024. 

Example task: Chemistry (Molecule Generation, Forward Synthesis and Retrosynthesis)

• Task: Molecular Generation (MG), Forward Synthesis (FS), and Retrosynthesis (RS)

• Symbolic Feedback: RDKit, a widely adopted cheminformatics toolkit



Summary & Open Problems

p Key Ideas: 

• Represent the reasoning process with symbolic representation

• Symbolic systems provides feedback for reinforcement learning

• Differentiable symbolic reasoning modules

p Open Problems: 

• Differentiability of symbolic reasoning

• More efficient joint optimization techniques

• The interpretability of the reasoning process

• ……



Summary

https://github.com/LAMDASZ-ML/
Awesome-Neuro-Symbolic-Learning-with-LLM 

Thanks For Your Lisenting!

Our Survey in IJCAI 2025
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