
LEARNING GLOBAL HYPOTHESIS SPACE FOR 
ENHANCING SYNERGISTIC REASONING CHAINT

Jiaquan Zhang, Chaoning Zhang, Shuxu Chen, Xudong Wang, Zhenzhen Huang, Pengcheng Zheng，Shuai Yuan, 
Sheng Zheng, Qigan Sun, Jie Zou, Lik-Hang Lee , Yang Yang



1. Introduction & Motivation

Computational / Reasoning Challenge Core Limitations

CoT improves reasoning but relies on 
step-by-step autoregressive generation

Early errors propagate and amplify across 
the chain

Lack of global coordination → unstable 
reasoning

No mechanism for:
       global consistency correction
       redundancy pruning
       structure-aware reasoning

Existing methods (ToT / GoT / AoT):
       expand reasoning space
       but still rely on local heuristics

Core Question

How to build a globally consistent and 
structurally robust reasoning process instead of 
fragile step-by-step chains?

Key Insight

Reasoning quality depends not only on local 
correctness, but on global structural stability



2. Methodology

Framework Overview

We propose GHS-TDA, a two-
stage framework:

       Construct global hypothesis 
space

       Extract stable reasoning      
skeleton via topology



2. Methodology

System Architecture

Stage 1: Global Hypothesis Graph (GHS)

Merge multiple reasoning paths into one graph

Nodes = reasoning steps

Edges = logical relations (support / refute)

Stage 2: Topological Analysis (TDA)

Use persistent homology to extract:

       H0 → semantic clusters
       H1 → logical loops
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Key Advantages

Global hypothesis integration

Topology-guided reasoning

Multi-path coordination

Self-consistent loop detection



2. Methodology

Core Mechanism Key Advantages

Merge similar reasoning steps

Build semantic-logical graph

Extract persistent structures

Generate final reasoning chain

Reduces error propagation

Improves reasoning stability

Enhances interpretability

Enables global consistency



3. Experiments

Core Mechanism

GHS-TDA achieves best EM scores across 
benchmarks

Outperforms CoT, ToT, GoT, AoT consistently



3. Experiments

Reasoning Quality Robustness

Comparable to human-selected 
reasoning paths

Better balance between:
       accuracy/length/stability

Under perturbation:
GHS-TDA drop: 2.9%   baseline: 7.4%

Interpretability & Theory

Higher H1 persistence → higher accuracy ROC AUC = 0.74



3. Experiments

Efficiency

Fixed LLM calls (19 per task)

↓ 25–40% cost vs ToT / AoT

↓ ~30% token usage

Ablation Study

Removing semantic information → largest 
performance drop
Removing structural components → 
significant performance decrease
Removing uncertainty modeling → minor 
performance impact



4. Conclusions

Propose GHS-TDA, a structure-aware reasoning framework

Leverage topological structure to improve reasoning quality

Achieve better accuracy, robustness, and efficiency

Provide interpretable and predictive signals for reasoning


