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What are LLMs?

• Text is a long sequence of words (including spaces, punctuations)

• An n-gram model of language learns to predict n-th word given the preceding n-1 
words

• Pr(Wn |W1...Wn-1)

• Unigram predicts each word independently (no preceding context)

• Bigram predicts each word given the previous word

• A 3001-gram model learns to predict the next word given the previous 3000 words

• The power of an n-gram model depends on

• How much text it trains on

• How big is the n (context) and

• How high-capacity is the function learning Pr(Wn |W1...Wn-1)

• ChatGPT trains on ~600 gigabytes of text on the Web

• It learns a very high capacity function that has 175 billion parameters



IIT Madras is the best engineering college in India

• LLM uses its current function to guess the next word

• IIT Kharagpur

• Predicted: Kharagpur; Correct: Madras

• Error = {Madras - Kharagpur}

• To the LLMs, all vocabulary tokens are just  vectors in some high-dimensional embedding 
space; so the difference is well defined as the vector difference

• Propagate this error back through the function, and change the parameters so the 
error is reduced.



LLMs are good at Reasoning LLMs are bad at Planning



• What works for reasoning in LLMs?

• How to leverage it for planning?

Can we leverage LLMs’ reasoning capabilities for Planning?



• Finetuning

• Instruction tuning (finetuning with instructions)

• Chain-of-Thought prompting

What works for reasoning in LLMs?



Finetuning

Pre-trained
LLM

Fine-tuned
LLM

Domain File
Problem File

⟨𝑎1, 𝑎2, … , 𝑎𝑛⟩

Output Plan

Adapt a pre-trained general LLM to excel at a specific task (planning) by training 

on domain examples.

Dataset 𝔻1: Set of
• Domain File
• Problem File
• Plan File



Finetuning with Negative Examples

Pre-trained
LLM

Fine-tuned
LLM

Domain File
Problem File

⟨𝑎1, 𝑎2, … , 𝑎𝑛⟩

Output Plan

Add some failing plans, label them as incorrect, and add them to the finetuning 

data.

Dataset 𝔻1: Set of
• Domain File
• Problem File
• Plan File 



Instruction Finetuning

Pre-trained
LLM

Dataset 𝔻1: Set of
• Domain File
• Problem File
• Plan File +

Explanation

Fine-tuned
LLM

Domain File
Problem File

⟨𝑎1, 𝑎2, … , 𝑎𝑛⟩

Output Plan

Add Explanations: Instructions teach the model WHAT planning means, not just PATTERNS in 

data. Tell it to check preconditions, apply effects, and verify goals.



Augment finetuned LLM with Chain-of-Thought Prompting 

Pre-trained
LLM

Dataset 𝔻1: Set of
• Domain File
• Problem File
• Plan File + 

Explanation Fine-

Tuning
Fine-tuned

LLM

⟨𝑠1, 𝑎2, 𝑠2⟩

Fine-tuned
LLM ⟨𝑠𝑛 1, 𝑎𝑛 , 𝑠𝑛⟩-

.

.

.

Domain File
Problem File

⟨𝑠0, 𝑎1, 𝑠1⟩

CoT Output

Dataset 𝔻2

⟨𝑎1, 𝑎2, … , 𝑎𝑛⟩Output Plan:

Making the model show intermediate reasoning steps for planning instead of jumping 

to the final answer.



PDDLInstruct

⟨𝑠1, 𝑎2, 𝑠2⟩

Fine-tuned
LLM

Final
LLM

Pre-trained
LLM

Dataset 𝔻1: Set of
• Domain File
• Problem File
• Plan File + 

Explanation

⟨𝑠𝑛 1, 𝑎𝑛 , 𝑠𝑛⟩-

.

.

.

Domain File
Problem File

Verifier
[VAL]

⟨𝑠0, 𝑎1, 𝑠1⟩

.

.

.

⟨𝑠1, 𝑎2, 𝑠2⟩

⟨𝑠𝑛 1, 𝑎𝑛 , 𝑠𝑛⟩-

.

.

.

⟨𝑠0, 𝑎1, 𝑠1⟩

Domain File
Problem File

Instruction Tuning based on VAL Feedback

CoT Output

Dataset 𝔻2
Dataset 𝔻test

⟨𝑎1, 𝑎2, … , 𝑎𝑛⟩Output Plan:

Reason
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Verma et al., PDDL-Instruct: Enhancing Symbolic Planning Capabilities in LLMs through Logical Chain-of-Thought Instruction Tuning. In ICAPS 2025 LM4Plan Workshop. 



How else can we leverage LLMs for Planning

Learn heuristics!!

Augusto B Corrêa, André G Pereira, Jendrik Seipp. Classical Planning with LLM -Generated Heuristics: Challenging the State of the Art with Python Code. In Proc. NeurIPS 2025 
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How else can we leverage LLMs for Planning

Learn heuristics!!

Augusto B Corrêa, André G Pereira, Jendrik Seipp. Classical Planning with LLM -Generated Heuristics: Challenging the State of the Art with Python Code. In Proc. NeurIPS 2025 



Learning End-to-End World Models

Liang et al.. VisualPredicator: Learning Abstract World Models with Neuro-Symbolic Predicates for Robot Planning. In Proc. ICLR 2025 
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