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Abstract

Retrieval-augmented generation (RAG) has improved large language models (LLMs) by using knowledge retrieval to overcome knowledge deficiencies. However, current RAG methods often fall short of
ensuring the depth and completeness of retrieved information, which is necessary for complex reasoning tasks. In this work, we introduce Think-on-Graph 2.0 (ToG-2), a hybrid RAG framework that
iteratively retrieves information from both unstructured and structured knowledge sources in a tight-coupling manner. Specifically, ToG-2 leverages knowledge graphs (KGs) to link documents via entities,
facilitating deep and knowledge-guided context retrieval. Simultaneously, it utilizes documents as entity contexts to achieve precise and efficient graph retrieval. ToG-2 alternates between graph retrieval and
context retrieval to search for in-depth clues relevant to the question, enabling LLMs to generate answers. We conduct a series of well-designed experiments to highlight the following advantages of ToG-2:
1) ToG-2 tightly couples the processes of context retrieval and graph retrieval, deepening context retrieval via the KG while enabling reliable graph retrieval based on contexts; 2) it achieves deep and
faithful reasoning in LLMs through an iterative knowledge retrieval process of collaboration between contexts and the KG; and 3) ToG-2 is training-free and plug-and-play compatible with various LLMs.
Extensive experiments demonstrate that ToG-2 achieves overall state-of-the-art (SOTA) performance on 6 out of 7 knowledge-intensive datasets with GPT-3.5, and can elevate the performance of smaller
models (e.g., LLAMA-2-13B) to the level of GPT-3.5's direct reasoning. The source code is available on https://github.com/IDEA-FinAI/ToG-2.

- Owewiew Methods

The advantage of ToG-2 can be summarized as: The iterative process will be explained in two main parts, Context-enhanced Graph Search
In-depth retrieval: ToG-2 achieves in-depth and reliable context retrieval through the guide and Knowledge guided COHtEXt Retrieval. Formally, in the i-th iteration, the topic entities
of KGs and performs precise graph retrieval by treating documents as node contexts, achieving are denoted as tOpw = {el, el ..., € } and their precedlng triple paths are
a tight-coupling combination of KG and text RAG, enabling deep and comprehensive retrieval pi-t={pt pi! ..,P} . PJZ g — {p],p], D 11, where j € [1,W], W is a
processes. hyperparameter of exploration width (the max number of retained topic entities in each iteration,
Faithful reasoning: ToG-2 iteratively performs a collaborative retrieval process based on KG and pé-_l is a single triple (62_17 "“;' g 63) containing TZ ! as the relation between €§_1 and 63" in the
and text, using retrieved heterogeneous knowledge as the basis for LLM reasoning and KG, which could be either direction. Note that 7 = O indicates the initialization phase and the P"
enhancing the faithfulness of LLM-generated content Is empty.

Efficiency and Effectiveness: a) ToG-2 is a training-free and plug-and-play framework that Relation Prune
can be applied to various LLMs; b) ToG-2 can be executed between any associated KG and
document da.atabase, while for purely document database, entities can be extrac_:ted from.the PROMPTR[)(e ¢, Edge(e )) (1)
documents first, and then a graph can be constructed through relation extraction or entity
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co-occurrence; c) ToG-2 achieves new SOTA performances on various complex knowledge
reasoning datasets and can elevate the reasoning capabilities of smaller LLMs, e.g., Llama2-13B Context-based Entity Prune

to a level comparable to direct reasoning with powerful LLMs like GPT-3.5.
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Figure 1. The illustration of differences among (a) text-based RAG, (b) KG-based RAG, (c) KG+Text (Loose-coupling)
Hybrid RAG, and (d) our proposed KGx Text (Tight-coupling) RAG framework: Baseline Type  Method Datasets
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Figure 2. The workflow of ToG-2 P ( o) P 5 ( o)
100 Default 43
80 Default 41
30 Default 23
30 Adjusted 29

Table 3. Impact of KG Completeness on ToG-2.0 Performance with Default (W = 3, D = 3) and Adjusted (W =8,
D = 2) Exploration Strategies. The results suggest ToG-2.0 remains resilient to moderate KG incompleteness,
emphasize the model’s adaptability, and provide insights into potential strategies for handling incomplete KGs.
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