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Introduction
• Token-level, left to right decision making process can fall short in tasks that require exploration,

strategic lookahead, where initial decisions play a pivotal role.

• Consider multiple different reasoning paths and enable looking ahead and backtracking.



Introduction
A stronger tree generated by Marte Carlo Tree Search (MCTS):

Each reasoning step
can be evaluated based
on how likely it could lead
to the correct answer.



Roadmap

• Tree of Thoughts. NeurIPS 2023

• Monte Carlo Tree Search Boosts Reasoning. NeurIPS 2024 Workshop.

• ReST-MCTS*. NeurIPS 2024

• Forest-of-Thought. ICML 2025

• Algorithm of Thoughts. ICML 2024



Motivation (ToT)

By the time of 2023, language models are confined to token-level,
left–to-right decision processes during inference, and they can fall
short in certain tasks:



Method (ToT)

Use LLM to generate and evaluate intermediate reasoning steps, and use BFS
and DFS to enable systematic exploration of the ToT with lookahead an
backtracking.

 1) Decompose the intermediate process into thought steps;
  2) Generate potential thoughts from each state
  3) Evaluate state
  4) Search algorithm: use BFS/DFS to select node and query
  LLM with input question and current state (contains previous
  reasoning steps) to generate the next one.

Prompt
Engineering



Method(ToT):

A case study: cross – word task

T A S K S

M O T O R
Rows:
h1: …
h2: …
h3: Pretentious; flowery
h4: …
h5: …

Columns:

V1: to heap
…

V5: Desiccator



Method (ToT)

Step 1: Thought Decomposition

Specify the format in the prompt: ‘using the format "h1. apple (medium)”’



Method (ToT)

T A S K S

M O T O R
Input clues
 

A Cross-Word Task

h2.motor

h1.tasks

Tree

Step 1: Thought Decomposition



Method (ToT)
Step 2: Thought Generator

propose_prompt = '''Let's play a 5 x 5 
mini crossword, where each word 
should have exactly 5 letters.

{input}

Given the current status, list all 
possible answers for unfilled or 
changed words, and your confidence 
levels (certain/high/medium/low), 
using the format "h1. apple (medium)". 
Use "certain" cautiously and only 
when you are 100% sure this is the 
correct word. You can list more than 
one possible answer for each word.
'''

DFS (controller)

Python file.

Queery LLM (question, clues,
previous words, )



Method (ToT)

T A S K S

M O T O R

S A L O N

Input clues
 

A Cross-Word Task

h2.motor

h1.tasks

Tree

Step 2: Thought Generator

h4.salon

DFS search strategy



Method (ToT)
Step 3: State Evaluator 



Method (ToT)

T A S K S

M O T O R

S A L O N

Input clues
 

A Cross-Word Task

h2.motor

h1.tasks

Tree

Step 4: Evaluate and Search

h4.salon
h3.grand

(backtrack)

Prune



Experiments (ToT)

Keep b among
multiple candidates



Contribution (ToT)

• First to model reasoning path with tree structure;

• Discuss tasks that are suitable for deliberate search ;

• Simple yet effective design;



Transit from ToT to MCTS modeling….

Vote



Transit from ToT to MCTS modeling….

Problem: Solve for x in 2x + 10 = 20.

Flawed Reasoning Trace:
1) First, we add 10 to 20 to get 30 (Error 1];
2) Then, we divide 30 by 6 [Error 2] to get x = 5 [Correct Answer].



Transit from ToT to MCTS modeling….

We want a stronger tree that :
1) works for more complex problems,
2) with step-level signal,
3) and more advanced search strategy



MCTS-Enhanced Iterative Preference Learning

Method: iteratively
conducts step-level
preference data
sampling via MCTS
and preference
learning via DPO to
update the policy.

w l



MCTS-Enhanced Iterative Preference Learning

Step 0:
Finetune Mistral-7B on Arithmo dataset (540 K math and code
problems) as an initial policy .

Why: 1) Otherwise the model may fail to produce correct reasoning
among all the paths;
2) Align the format to generate intermediate reasoning steps;



MCTS-Enhanced Iterative Preference Learning

Step 1: MCTS:
 1) sample a batch of samples as
 2) for each x , elicit a search tree of max depth T via

: MCTS sampling strategy that construct a reasoning tree
using the policy (finetuned LLM) for response generation
and self evaluation.

Call LLM (x, previous reasoning step) to generate next step reasoning



MCTS-Enhanced Iterative Preference Learning
To construct a search tree, we have the following steps:

a. Selection with PUST (Predictor + Upper
Confidence bounds applied to Trees)

where is the value of taking action a in state st;

Exploration Exploitation

denotes the policy
’s probability distribution for generating a step a;

N(s_t) is the visit frequency of state s_t;



MCTS-Enhanced Iterative Preference Learning

b. Expansion (only if selection cannot reach to
a terminal state):

• Form subtrees in the next level and rollout (continue to
reason until get an answer ;

• We evaluate the answer with

, where O denotes outcome correctness (1, -1, 0) and
C is self-evaluation score;

 



MCTS-Enhanced Iterative Preference Learning

c. Backup : carry out a bottom-up update
from the terminal node back to the root:
• Transition value: 1

 , where = - ;
is state value for the next step;

• state value : weighted average of Q values of all its
immediate successor nodes;

• Increment visit frequency



MCTS-Enhanced Iterative Preference Learning

Step 2: collect preference pairs ( ) for each step:
 -- : node with highest Q
 -- : node with lowest Q
        
 Step 3: Preference Learning (DPO) :

 
       



MCTS-Enhanced Iterative Preference Learning
1) Compare with the baseline:

75.9 %-> 80.7% on GSM8k;
28.9 %-> 32.2% on MATH.

2) instance -level V.S step-level:
79.7% (Instance-level Online-DPO);
80.7% (Ours)

3) w/G. T. : add the ground-truth reasoning
as one of the branch:

80.7% (Ours)
81.8% (Ours w/ G.T.)

• NR: without training a separate reward model;
• OG: training data is generated by the updated policy;
• OF: Online feedback -- updated based on the content (Q) generated

by the latest policy ;
• NS: use both positive and negative samples (many self-training algorithm

only use positive samples)
• w/G.T: Add the ground-truth reasoning step as one of the branch



MCTS-Enhanced Iterative Preference Learning



MCTS-Enhanced Iterative Preference Learning

• Iterative Learning (Cumulative): ensemble of models at all checkpoints;
• Iterative Learning (Pass@1): Inference once;
• Sampling Only (cumulative): SC;

K: # candidate
answers

1) Iterative Learning (pass @1)
≈ Sampling 60+; (ARC-C)

2) For complex math competition
problems that requires long
reasoning chain, training fail to
internalize the reasoning ability;

3) SciQ as unseen validation set:
demonstrate the training improves
general reasoning ability;



MCTS-Enhanced Iterative Preference Learning



Transit from MCTS via PL to ReST-MCTS* …

“When compared to Math-Shepherd, which also utilizes process supervision in 
preference learning, our approach achieves similar performance enhancements 
without the necessity of training separate reward or value networks. This suggests 
the potential of integrating trained reward model signals into our MCTS stage to 
further augment performance “

       
        -- MCTS via PL
    



ReST-MCTS*

Motivation: To solve the cost problem in process supervision

Method: For each iteration:
 1) use MTCS to automatically mark the reward score for each step
 (difference : not preference A > B, but the probability to reach to a

correct answer from the current state);

 2) After each round of MCTS, they use the actual success rate as ground truth to
finetune the reward function;

 (difference: instead of collect preference pairs, they train a reward function);
 3) self-training: only use good traces to finetune;
 



ReST-MCTS* Step 1: Use MCTS to construct
reasoning trees and collect
reward data;

Difference: MCTS-via-IPL update
Q based on self evaluation and
correctness, while this method
use reward function to estimate
the probability of success from
current state;

Step 2: Collect the most promising
path instead of preference pairs ;

Step 3: Finetune policy model with
good traces only;

Step 4: Update reward function



ReST-MCTS*



Algorithm of Thought

Motivation:
ToT use search algorithm (BFS/DFS) as external controller to assign
reasoning task, which require frequent LLM queries.

Method: encode tree structure and perform search inside LLM.



Algorithm of Thought



Algorithm of Thought



Forest of Thought

Motivation: Previous work typically perform a single pass of
reasoning and may fail to revisit flawed paths;

Method: introduce a dynamic self-correction strategy that enables 
real-time error correction



Forest of Thought



Forest of Thought
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