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Background

» LLM Factuality Hallucination

» The content generated by the model is inconsistent with the facts of the real world.

Category  Type Example Dialog ) Explanation

Instruction: What are Thomas Edison’s main contributions The response is factually incorrect. In reality, Edison

Factual to science and technology? improved the light bulb, building on earlier desi-
Contradiction Response: Thomas Edison developed the first practical tele- ns by others, and Alexander Graham Bell inven-
phone and invented the light bulb. ted the telephone.
_ _ . The response erroneously states that the construction
Factuality Instructlon:.What are the major environmental impacts of of the Eiffel Tower led to the extinction of the ‘Parisian
Hallucination the construction of the Eiffel Tower? tiger’ and sparked the global green architecture move-

Factual Response: The construction of the Eiffel Tower in 1889 led ment. In fact, there is no evidence of a ‘Parisian tig-
) - . . . .

to the extinction of the Parisian tiger, a species that played a €¥” €ver existing, making this a fabricated claim.

crucial role in the region’s ecosystem. Additionally, it is wid- Moreover, attributing the origins of green architec-

ely recognized as the event that sparked the global green ~ ture to the Eiffel Tower is an exaggeration, as this
architecture movement. movement has diverse roots and cannot be traced back

to a single event.

Fabrication

Lei Huang, Weijiang Yu, Weitao Ma, Weihong Zhong, Zhangyin Feng, Haotian Wang, Qianglong Chen, Weihua Peng, Xiaocheng Feng, Bing Qin, and Ting Liu. A survey on hallucination in large language models: Principles, taxonomy, challenges, and open questions.



Background

» RAG: Retrieval-Augmented Generation
» Split documents into chunks and retrieve relevant chunks as external augmented knowledge.

Indexing

Documents

i
i How do you evaluate the fact
User g 9, that OpenAl's CEO, Sam Altman,
went through a sudden dismissal
by the board in just three days,
OUtpUt and then was rehired by the
company, resembling a real-life
version of "Game of Thrones" in
terms of power dynamics?

...l am unable to provide comments on
future events. Currently, | do not have
any information regarding the dismissal
and rehiring of OpenAl's CEO ...

Question :
How do you evaluate the fact that the
OpenAls CEQ, ... ... dynamics?

Chunk 1: "Sam Altman Returns to
OpenAl as CEO, Silicon Valley Drama
Resembles the 'Zhen Huan' Comedy"

...... This suggests significant internal 2
disagreements within OpenAl regarding
the company's future direction and

Please answer the above questions

based on the following information : Chunk 2: "The Drama Concludes? Sam

: Chunk 1: o % e - i
strategic decisions. All of these twists Chunk 2 - Altman to Return as CEO of OpenAl,
and turns reflect power struggles and Ciunka: Board to Undergo Restructuring

k3:

corporate governance issues within
OpenAl...

Chunk 3: "The Personnel Turmoil at
OpenAl Comes to an End: Who Won
and Who Lost?"

Combine Context
and Prompts

Yunfan Gao, Yun Xiong, Xinyu Gao, Kangxiang Jia, Jinliu Pan, Yuxi Bi, Yi Dai, Jiawei Sun, Meng Wang, and Haofen Wang. Retrieval-augmented generation for large language models: A survey.



Task

» Knowledge-intensive Reasoning Task
» Relevant information is scattered across multiple locations in the document library.

> Need to make complex inferences based on valid information (e.g., Financial Report Analysis).
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. "What is the Basic Earnings Per Share for Dominari Holdings Inc.?" ¢ ~" "Which company has the highest non-current assets?" :
1 1
1 Multi-Doc Context: [ Multi-Doc Context: !
\ <d2>...</d2>... Baic Earnings Per Share is $(0.91) g d2>...</d2>... HARTE
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! Question: Ploe” 6;;s;i;l;. __________________________________________ .
! " Categorize the companies above by 'Accounts Payable' into the following groups: high [ X L . s on !
: payable (x>100,000), medium payable (1,000<x<100,000), and low payable (x<1,000)." 1 ‘'What is the trend in ARVANA INC's cash flow over the years 2022, 2023, and 2024? 1
1 Multi-Doc Context: [ Multi-Doc Context: .
; ><d2. </d2>... BIOETHICS .. xxx 1 | 2 d2>... 2022...83340 2023 ...8$139025 I
: BIOETHICS.. xxx Dominari Holdings. .. xxx ...<dn> .. .</dn> | : 2024...$(120,294) ...<dn>.. </dn> ,
) Answer: [ Answer: 1
i |~ {"high payable": ["BIOETHICS"], "medium payable": ["CLEARONE"], "low payable": | i L‘ The cash flow in ARVANA INC increased from $3,340 in 2022 to $139,025 in 2023, but

Minzheng Wang, Longze Chen, Cheng Fu, Shengyi Liao, Xinghua Zhang, Bingli Wu, Haiyang Yu, Nan Xu, Lei Zhang, Run Luo, Yunshui Li, Min Yang, Fei Huang, and Yongbin Li. Leave no document behind: Benchmarking long-context lims with extended multi-doc ga.



Task

» Existing chunk-based RAG cannot effectively solve knowledge-intensive reasoning tasks.

» High-noise External Knowledge

» Due to scattered information, the retrieved chunks contain a significant amount of text noise.

» Hard to Inference
» Based on high noise external knowledge, LLM cannot establish connections between information and

therefore cannot make the effective inference.



Motivation

» How do human beings solve knowledge-intensive reasoning tasks ?

» Cognitive Load Theory
» Transform scattered information into structured knowledge.

» Using structured knowledge to assist in completing reasoning tasks.

» Cognitive Fit Theory
» Use different types of structures for different types of tasks.
» For example: Chunk, Table, Graph, Catalogue, and Algorithm.



Motivation

» Can LLMs learn from human beings to solve knowledge-intensive reasoning tasks ? Yes !

» Cognitive Similarity of LLMs and Human Beings
» Chain of thought: let s think step by step.
» OpenAl ol, DeepSeek R1: let LLMs do deep thinking as human beings.

» Powerful Structurization Capability of LLMs
» Text-to-Table: A New Way of Information Extraction.

» UIE (Unified Structure Generation for Universal Information Extraction).



StructRAG

> Router = Structurizer - Utilizer

» Boosting Knowledge Intensive Reasoning of LLMSs via Inference-time Hybrid Information Structurization

Question: Compare development trends of company A, B and C. Scattered Knowledge Structurizer Structured Knowledge Utilizer
= e e e A e s e | Q
Documents: A Inc. get total Core Content: Financial | Questions : | Structured Knowledge | - ey 0= .
profits 390 and with value 1.23 ... reports of Company A, B, C. @ [t [l e il e = Decc:'mp;»-:tlln- LS
uob-question 1. Each company s mcome.
75 Sub-question 2. Each company’s value.
M  Structured Knowledge o
Com. Income CEO Loc. Start Value m Extracti Precise K led
Hybrid Structure Router A 390 Tom Tokyo 1996 1.23 For Sub_gﬁ:st'ign"{ reclzlfresu;q?j:\;t;ngze
—————————— 1 e o e ) ? B 380 Jerry London 1998  1.25 m A B (c A B C
| Question + Core Content | | Optimal Type is Table| C 780 Spke New 2016 102 [Z] 30 30 70 123 1235 102
% = £ 3 m i
Graph Chunk CataGgu e Algorithm  Table E Knowledge Description Inference: Final Answer
Table includes information of income, Inc. B has little less value, but has much
@ [Q @ @ Uﬂ? CEO, value, location, start time, value ... larger income, thus with the best trend.



StructRAG

» Router: determine the optimal structure type based on the current task scenario.
» Using LLM as the foundation, train a Router (which will be discussed in the next section).

> Input: the query and the core content description of documents.

» Output: the optimal structure types (currently including five possible structure types).

Question: Compare development trends of company A, B and C.

- O
Documents: A Inc. get total Core Content: Financial
profits 390 and with value 1.23 ... reports of Company A, B, C.

Hybrid Structure Router

o e e r——'—"————————|
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StructRAG

» Structurizer: transform scattered information into structured knowledge.

> Leverage the capabilities of LLMSs to achieve structured process based on manually designed prompts.

> Input: the query and raw documents.

» Output: selected type of structured knowledge and a brief description of the structured knowledge.

Scattered Knowledge Structurizer

= =
= | Questions | | Structured Knowledge
| Documents | | Knowledge Description

M  Structured Knowledge &)

Com. Income CEO Loc. Start Value

A 390 Tom Tokyo 1996 1.23

f B 380 Jerry London 1998  1.25
C 780 Spike New 2016 1.02 EI

E Knowledge Description
Table includes information of income,
CEOQ, value, location, start time, value ...



StructRAG

» Utilizer: use structured knowledge to reason out the answer.
» Decomposition: decompose complex problem into subproblems based on structured knowledge descriptions.

» Extraction: extract precise structured knowledge based on each subproblem.

» Inference: Integrate all subproblems and precise knowledge to generate the final answer.

Structured Knowledge Utilizer

) E

' Decomposition: Sub-Questions

Sub-question 1. Each company’s income.
Sub-question 2. Each company’s value.

= T
m Extraction: Precise Knowledge
@ For sub-question 1 For sub-question 2
A B (: A B ©
E| 390 380 780 250 FiE5H B
a

(/) Inference: Final Answer
Inc. B has little less value, but has much
larger income, thus with the best trend.



Router Training

» The router accuracy is the core factor of StructRAG performance.

» Use DPO algorithm to train a high-performance router.

» Set the question and core content of documents as input, the name of structure as output.

W@(UI%C’))]

7Tlref(tl | q, C)

7T9(t’w ‘ q, C)
Wref(tw ‘ q, C)

£DPO(7T9; Wref) — _E(q,c,tw,tl)NDsymheﬁc [].Og(f (B ]'Og _ B ]'Og

» However, how to construct the training dataset ?



Router Training

» LLM-based Training Data Construction
» Task Synthesis: Generate more knowledge-intensive reasoning tasks based on the given seed tasks.
» Solution Simulation: Simulate the process of solving problems by different types of structured knowledge.

» Preference Judgment: Determine the superiority between different solutions and obtain training data for DPO.

Seeding Synthesizing Simulating Judging
Select golden tasks covering Generate knowledge-intensive Describe solutions to task by Compare each solution and
all possible types. tasks via in-context learning different type of knowledge. generate DPO training pairs.

i_ Golden Tasks -; ' Synthetic Tasks ][ { Simulated Solutions } i_ Preference Judgments 1|
| 1. Given financial reports of Microsoft | : Task1. Given cast and crew list | | For Synthetic Task1: | | For Synthetic Task1: |
: and Nvidia, compare their prospects. : | of 100 HK films, identify the | | Solution1. By table, use each director as a table row and all | | Solution2 = Solution1 > Solution3, using :
| 2. Given 12 NLP papers, please find | ! director who has collaborated | : actors as columns, set table value be 0/1, then do calculate. | | graph or table can directly show relation |
| their reference and citation chain. | : with most actors in above films. | | Solution2. By graph, set director as central node and all of | | between director and actor, is helpful. |
: 3. Given a batch of meeting record, : : Task2. Given the timelines of | : collaborated actors as linking node, then do check. | : Generated Preference Data: I
|
. :

summarize the main point of the meeting. 100 historical events in the 20th : Solution3. By chunk, retrieve and read all chunks containing : | {Taskl, Table, Chunk} :
| 4. Given compiiter Gomponerits manual.. | | century, find the event that .., | | difector-sctor collaboration record, then get answer, | | {Taskl, Graph, Chiunk) '



Experiments

» Base Model
» Qwen2-7B-Instruct (for Router) , Qwen2-72B-Instruct (for Structurizer and Utilizer)

» Dataset
» Loong (Leave No Document Behind: Benchmarking Long-Context LLMs with Extended Multi-Doc QA)

> Baselines
» Long-context: Directly input the entire document as external knowledge to the LLM.
» RAG: Split document into multiple chunks, retrieve a small number of relevant chunks as external knowledge.
» RQ-RAG: Based on RAG, iteratively perform query refinement based on the retrieval results.
» GraphRAG: Construct the original document into a multi-level graph based on information extraction triples,

and retrieve sub-graphs as external knowledge.



Experiments

» StructRAG achieves the state-of-the-art performance overall.

Method Spot. Comp. Clus. Chain. Overall

LLM Score EM LLMScore EM LLMScore EM LLMScore EM |LLM Score EM

Set 1 (10K-50K Tokens)

Long-context (Yang et al., 2024a) 68.49 0.55 60.60 0.37 47.08 0.08 70.39 0.36 60.11 0.29

RAG (Lewis et al., 2020) 51.08 0.35 44.53 0.27 37.96 0.05 53.95 0.35 46.11 0.23
RQ-RAG (Chan et al., 2024) 72.31 0.54 48.16 0.05 47.44 0.07 58.96 0.25 9391 0.17
GraphRAG (Edge et al., 2024) 31.67 0.00 27.60 0.00 40.71 0.14 54.29 043 40.82 0.18
StructRAG (Ours) 74.53 047 75.58 0.47 65.13 0.23 67.84 0.34 69.43 0.35

Set 2 (50K-100K Tokens)

Long-context (Yang et al., 2024a) 64.53 0.43 42.60 0.21 38.52 0.05 51.18 0.20 45.71 0.17

RAG (Lewis et al., 2020) 66.27 0.46 46.28 0.31 38.95 0.05 46.15 0.22 4542 0.19
RQ-RAG (Chan et al., 2024) 57.35 0.35 50.83 0.16 42.85 0.03 47.60 0.10 47.09 0.10
GraphRAG (Edge et al., 2024) 24.80 0.00 14.29 0.00 37.86 0.00 46.25 0.12 33.06 0.03
StructRAG (Ours) 68.00 0.41 63.71 0.36 61.40 0.17 54.70 0.19 60.95 0.24

Set 3 (100K-200K Tokens)

Long-context (Yang et al., 2024a) 46.99 0.27 37.06 0.13 31.50 0.02 35.01 0.07 35.94 0.09

RAG (Lewis et al., 2020) 73.69 0.55 42.20 0.27 32.78 0.02 37.65 0.13 42.60 0.18
RQ-RAG (Chan et al., 2024) 50.50 0.13 44.62 0.00 36.98 0.00 36.79 0.07 40.93 0.05
GraphRAG (Edge et al., 2024) 15.83 0.00 2740 0.00 42.50 0.00 43.33 0.17 33.28 0.04
StructRAG (Ours) 68.62 0.44 57.74 0.35 58.27 0.10 49.73 0.13 57.92 0.21

Set 4 (200K-250K Tokens)

Long-context (Yang et al., 2024a) 33.18 0.16 26.59 0.08 29.84 0.01 25.81 0.04 28.92 0.06

RAG (Lewis et al., 2020) 52.17 0.24 24.60 0.10 26.78 0.00 17.79 0.00 29.29 0.07
RQ-RAG (Chan et al., 2024) 29.17 0.08 40.36 0.00 26.92 0.00 34.69 0.00 31.91 0.01
GraphRAG (Edge et al., 2024) 17.50 0.00 26.67 0.00 2091 0.00 33.67 0.33 2347 0.05

StructRAG (Ours) 56.87 0.19 55.62 0.25 56.59 0.00 3571 0.05 51.42 0.10




Experiments

» The advancements of StructRAG are even more apparent in more complex scenarios.

Spot. Comp. Clus. Chain. Overall
LLM Score EM LLMScore EM LLMScore EM LLMScore EM LLM Score EM

Method

Set 1 (10K-50K Tokens)

Long-context (Yang et al., 2024a) 68.49 0.55 60.60 0.37 47.08 0.08 70.39 0.36 60.11 0.29

RAG (Lewis et al., 2020) 51.08 0.35 44.53 0.27 37.96 0.05 53.95 0.35 46.11 0.23
RQ-RAG (Chan et al., 2024) 72.31 0.54 48.16 0.05 47.44 0.07 58.96 0.25 9391 0.17
GraphRAG (Edge et al., 2024) 31.67 0.00 27.60 0.00 40.71 0.14 54.29 043 40.82 0.18
StructRAG (Ours) 74.53 047 75.58 0.47 65.13 0.23 67.84 0.34 69.43 0.35

Set 2 (50K-100K Tokens)

Long-context (Yang et al., 2024a) 64.53 0.43 42.60 0.21 38.52 0.05 51.18 0.20 45.71 0.17

RAG (Lewis et al., 2020) 66.27 0.46 46.28 0.31 38.95 0.05 46.15 0.22 45.42 0.19
RQ-RAG (Chan et al., 2024) 57.35 0.35 50.83 0.16 42.85 0.03 47.60 0.10 47.09 0.10
GraphRAG (Edge et al., 2024) 24.80 0.00 14.29 0.00 37.86 0.00 46.25 0.12 33.06 0.03
StructRAG (Ours) 68.00 0.41 63.71 0.36 61.40 0.17 54.70 0.19 60.95 0.24

Set 3 (100K-200K Tokens)

Long-context (Yang et al., 2024a) 46.99 0.27 37.06 0.13 31.50 0.02 35.01 0.07 35.94 0.09

RAG (Lewis et al., 2020) 73.69 0.55 42.20 0.27 32.78 0.02 37.65 0.13 42.60 0.18
RQ-RAG (Chan et al., 2024) 50.50 0.13 44.62 0.00 36.98 0.00 36.79 0.07 40.93 0.05
GraphRAG (Edge et al., 2024) 15.83 0.00 2740 0.00 42.50 0.00 43.33 0.17 33.28 0.04
StructRAG (Ours) 68.62 0.44 57.74 0.35 58.27 0.10 49.73 0.13 57.92 0.21

Set 4 (200K-250K Tokens)

Long-context (Yang et al., 2024a) 33.18 0.16 26.59 0.08 29.84 0.01 25.81 0.04 28.92 0.06

RAG (Lewis et al., 2020) 52.17 0.24 24.60 0.10 26.78 0.00 17.79 0.00 29.29 0.07
RQ-RAG (Chan et al., 2024) 29.17 0.08 40.36 0.00 26.92 0.00 34.69 0.00 31.91 0.01
GraphRAG (Edge et al., 2024) 17.50 0.00 26.67 0.00 2091 0.00 33.67 0.33 2347 0.05

StructRAG (Ours) 56.87 0.19 55.62 0.25 56.59 0.00 3571 0.05 51.42 0.10




Experiments

» All three modules contribute positively to the overall framework.

Method Set 1 Set 2 Set 3 Set 4 Overall
LLM Score EM LLMScore EM LLMScore EM LLMScore EM LLM Score EM
StructRAG 69.43 0.35 60.95 0.24 57.92 0.21 51.42 0.10 60.38 0.23
w/o router 51.09 0.28 48.28 0.17 39.52 0.13 41.83 0.10 45.33 0.17
w/o structurizer 64.97 0.29 52.17 0.17 53.18 0.19 44.24 0.10 53.92 0.19
w/o utilizer 68.23 0.29 59.73 0.24 53.29 0.19 35.77 0.10 55.94 0.22

» Using any single fixed type of knowledge cannot achieve good performance on diverse tasks.

Method Set 1 Set 2 Set 3 Set 4 Overall
LLM Score EM LLMScore EM LLMScore EM LLMScore EM LLM Score EM
StructRAG 69.43 0.35 60.95 0.24 57.92 0.21 51.42 0.10 60.38 0.23
w/ only table 48.00 0.23 55.19 0.24 50.35 0.19 38.44 0.12 49.66 0.21
w/ only graph 30.59 0.09 24.05 0.05 17.46 0.03 20.96 0.04 22.71 0.05
w/ only chunk 64.97 0.29 52.17 0.17 53.18 0.19 44.24 0.10 53.92 0.19

w/ only catalogue 30.49 0.10 36.36 0.13 36.77 0.12 23.75 0.03 33.26 0.10
w/ only algorithm 43.53 0.24 32.86 0.08 31.59 0.13 16.67 0.04 32.32 0.12




Limitations

» Structure Setting

» Design a set of structural types to cover a wider range of tasks.

» Structurization Process
» Reduce the time consumed in constructing structured knowledge.

» Improve the LLM’s ability to do structurization by post-training, such as reinforcement learning.

» Structured Knowledge Utilization

» Simultaneously use multiple types of structured knowledge in one knowledge-intensive reasoning task.



End

Thanks for your listening !

lizhuoqun2021@iscas.ac.cn
https://github.com/Li-Z-Q/StructRAG
https://iclr.cc/virtual/2025/poster/30265
https://huggingface.co/papers/2410.08815
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