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LLM reasoning & planning is still a hard 
problem

Number of Cities

Number of People

Trip planning

Meeting planning

[H. S. Zheng et al, NATURAL PLAN: Benchmarking LLMs on Natural Language PlanningΣ ŀǊ·ƛǾΩнпϐ



LLM reasoning & planning is still a hard 
problem
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Reasoning by Search
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Option One: Reasoning by Search

LLM Chain of Thoughts

If we cannot get the correct solution right now from LLMs, 
use more compute to simulate the search behaviors.  



Searchformer: A* Search as a Token Prediction 
Task
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[L. Lehnert, et al, Beyond A*: Better Planning with Transformers via Search Dynamics Bootstrapping, /h[aΩнп]
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Searchformer: A* Search as a Token Prediction 
Task

<trace><plan>
bos
create 0 2 c0 c3  
close  0 2 c0 c3 
create 0 1 c1 c2 
close  0 1 c1 c2 
create 0 0 c2 c1 
create 1 1 c2 c1 
close  0 0 c2 c1 
create 1 0 c3 c0  
close  1 0 c3 c0 
plan   0 2 
plan   0 1 
plan   0 0 
plan   1 0
eos

0 1 2
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0

Start

Goal

Plan step

Frontier state

Closed state

Wall
<prompt>
bos
start 0 2
goal  1 0
wall  1 2
wall  2 0
eos



Train a Transformer to predict the next token via teacher forcing.

Training Method

Encoder

<prompt> <trace><plan>

DecoderEncoder

<prompt> <plan>

Decoder

Solution-Only Model Search-Augmented ModelModel

(100-400 tokens) (100-6500 tokens)
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Search-Augmented vs. Solution-Only Models

30x30 Maze Navigation

Search-augmented is much 
more parameter & data efficient!



Search-Augmented vs. Solution-Only Models

Search-augmented is much more parameter & data efficient!

Sokoban



How to go beyond?

Imitation 
Learning

Fine-tuning

¦ǎƛƴƎ ǎƻƭǾŜǊΩǎ ǘǊŀŎŜ ǘƻ ǘǊŀƛƴ ǘƘŜ 
Transformer with teacher forcing

Fine-tune the model to achieve shorter 
trace but still leads to optimal plan!

(Reinforcement Learning task)

Search-augmented Models Searchformer



Search

Augmented

A*

Searchformer

A*

Searchformer

A*
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Beyond A*: 
Improving search 
dynamics via 
bootstrapping



Improving search dynamics via bootstrapping

Thinking length 
becomes shorter
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Fine-tuning improves 

performance initially.

Improving search dynamics via bootstrapping



Searchformer 

outperforms largest 

solution-only model.

Improving search dynamics via bootstrapping



DualFormer (Searchformer v2)

[D. Su et al, Dualformer: Controllable Fast and Slow Thinking by Learning with Randomized Reasoning TracesΣ L/[wΩнрϐ
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DualFormer (Searchformer v2)

Dualformer automatically switches between fast mode (System 1) and slow mode (System 2) 
and works better for dedicated models on either modes. 



Fast mode performance

Slow mode performance

Dualformer

<plan>

<create>
Slow thinking 

Fast thinking 



Math Problems

Baseline Dualformer



Token Assorted (Searchformer v3)

[D. Su et al, Token Assorted: Mixing Latent and Text Tokens for Improved Language Model ReasoningΣ ŀǊ·ƛǾΩнрϐ

Regular CoT

Assorted CoT



Token Assorted (Searchformer v3)

How the latent codes 
are constructed?

Using VQVAE



Better Performance



Shorter CoT



²ƘŀǘΩǎ ǿǊƻƴƎ ǿƛǘƘ hǇǘƛƻƴ One?

If search can solve the problem, why not 
using traditional symbolic solvers?



Option Two: Reasoning by Representation

Complicated search if we ŘƻƴΩǘ 
understand the problem

Simple and straightforward to the 
destination if we understand the problem

Instead of reasoning exhaustively, we reason smartly.



Option Two: Reasoning by Representation

Neural 
Representation

Representation

(Traditional) Symbolic 
representation



Option Two: Reasoning by Representation

Emerging Symbolic 
Structure

Representation

Neural 
Representation

(Traditional) Symbolic 
representation



CoConut (Chain of Continuous Thought) 

[S. Hao et al, Training Large Language Models to Reason in a Continuous Latent SpaceΣ ŀǊ·ƛǾΩнпϐ



How to train Coconut?



Interpreting the embeddings



Ground Truth Solutions



Chain of thoughts lead to hallucinations
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Continuous Thoughts

(Hallucination)

(Wrong Target)
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target
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Two-step Continuous Thought works!

(Correct Path)
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Two-step Continuous Thought works!
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Why the same continuous thoughts 
lead to different path?!
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²ƘŀǘΩǎ 
inside?
Dead-end

1

[ŜǘΩǎ ǇǊƻōŜΗ

άlempusέ ƛǎ ƴƻǘ ƻƴ ǘƘŜ ǊƛƎƘǘ ǇŀǘƘ ōǳǘ ŦƻǊ ǎǘŜǇҐмΣ ƛǘ ƛǎ ǘƘŜ most promising



²ƘŀǘΩǎ 
inside? Promising node Ą dead-end

Interestingly, it encodes all possible paths!

1 2



Performance in ProsQA


