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01 Retrieval-Augmented Generation (RAG)

- Enhancing Large Language Models (LLMs) by providing relevant information retrieved from corpus
« Allow LLMs to answer queries based on massive data that exceeds the models’ context window

* VectorRAG: Standard RAG setup that retrieves chunks using embedding-based similarity search
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01 Limitations of VectorRAG

» Lack of Global Understanding
* While VectorRAG approaches work well for localized queries that can be answered with a small set of records,
they struggle with sensemaking queries that require a global, holistic understanding of the entire data.
* Fragmented Information

« Since VectorRAG approaches treat each text chunk in isolation, they fail to integrate knowledge across
different sources and connect related concepts, often resulting in fragmented and disjointed answers.
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01 GraphRAG

* RAG approaches that leverage graphs as a data source
« Constructing knowledge graphs from source text to enable reasoning over structured entities and relations

« Linking isolated data segments to integrate fragmented information across diverse sources

» GraphRAG enhances factual accuracy and multi-hop reasoning of LLMs
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01 Common Pipeline of GraphRAG

 Indexing: Construct a structured representation of the input corpus

Retrieval: Retrieve graph elements relevant to the input query

* Generation: Integrate the retrieved elements to answer the query

Input Query
How did the artistic movements of the 19th century impact the development of modern art in the 20th century?
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loz VectorRAG vs. GraphRAG

* Global Context Understanding

* While VectorRAG works well for retrieving local information for specific queries, it falls short when answering
global sensemaking queries that require an understanding of the entire corpus.

« GraphRAG enables global query processing by organizing the entire dataset as a graph, allowing it to
synthesize overarching themes and high-level insights.
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loz VectorRAG vs. GraphRAG

« Multi-Hop Reasoning Capability

« Although VectorRAG is efficient for retrieving documents relevant to a query, it struggles when the answer
requires complex LLM inference to bridge pieces of evidence across multiple sources,

* GraphRAG inherently supports multi-hop reasoning by traversing graphs, linking fragmented concepts
across diverse sources during the indexing stage.
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02 VectorRAG vs. GraphRAG

Interpretability

» VectorRAG offers limited interpretability as it merely provides the retrieved documents as isolated
fragments, providing little context on how the information is interrelated.

« GraphRAG delivers highly interpretable responses by leveraging graph structures such as paths or
subgraphs, allowing users to clearly trace the logical connections within the knowledge network.
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|03 GraphRAG (arXiv 2024)

« Convert source documents into a unified knowledge graph by extracting entities and relations
« Construct communities using the Leiden algorithm, and generate a summary for each community

« Leverage summaries to generate partial answers, and aggregate them to obtain the global answer

[ Source Documents J [ Global Answer }
text extraction query-focused
and chunking summarization

[ Text Chunks J [ Community Answers J
domain-tailored query-focused
summarization summarization

[ Entities & Relationships J { Community Summaries J
domain-tailored domain-tailored
summarization community summarization
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{ Knowledge Graph J ceoon >[ Graph Communities }

{ Indexing Time J Pipeline Stage { Query Time J
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|03 GraphRAG (arXiv 2024)

« Generate global sensemaking questions to evaluate the capability of global sensemaking
» Given a high-level description of a document, propose multiple personas of hypothetical users
* For each hypothetical user, specify tasks that the user would use the document for

» For each (user, task) pair, generate multiple questions

Dataset Example activity framing and generation of global sensemaking questions

Podcast User: A tech journalist looking for insights and trends in the tech industry

transcripts Task: Understanding how tech leaders view the role of policy and regulation
Questions:

1. Which episodes deal primarily with tech policy and government regulation?

2. How do guests perceive the impact of privacy laws on technology development?
3. Do any guests discuss the balance between innovation and ethical considerations?
4. What are the suggested changes to current policies mentioned by the guests?

5. Are collaborations between tech companies and governments discussed and how?

News User: Educator incorporating current affairs into curricula
articles Task: Teaching about health and wellness
Questions:

1. What current topics in health can be integrated into health education curricula?

2. How do news articles address the concepts of preventive medicine and wellness?

3. Are there examples of health articles that contradict each other, and if so, why?

4. What insights can be gleaned about public health priorities based on news coverage?
5. How can educators use the dataset to highlight the importance of health literacy?
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|03 GraphRAG (arXiv 2024)

* Achieve comprehensiveness win rates between 72-83% compared to VectorRAG

* Require 26-33% and 97% fewer tokens for low-level and root-level summaries, respectively

Podcast transcripts

SS TS CO C1 C2 C3 SS TS CO C1 C2 C3

Comprehensiveness Diversity Empowerment Directness

News articles

S§ TS CO C1 C2 C3

Comprehensiveness Diversity Empowerment Directness
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|03 HippoRAG (NeurlPS 2024)

* Model the human brain’'s memory system to solve complex queries

* LLMs as neocortex, KGs as hippocampal index, and encoders as parahippocampal regions
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|03 HippoRAG (NeurlPS 2024)

« Offline Indexing: Utilize an LLM to extract triplets, and link similar entities in the knowledge graph

* Online Retrieval: Discover relevant entities via Personalized PageRank

Ny
Neocortex Parahippocampal Regions Hippocampus

LLM Retrieval Encoders KG + Personalized PageRank
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|03 HippoRAG (NeurlPS 2024)

« Combining HippoRAG with multi-step retrieval methods shows strong performance

* Improve the question answering performance on multiple datasets

MuSiQue 2Wiki HotpotQA Average
R@2 R@5 R@2 R@5 R@2 R@5 | R@2 R@5
Retrieval IRCoT + BM25 (Default) 34.2 447 61.2 756 65.6 79.0 | 53.7 66.4
IRCoT + Contriever 39.1 522 516 63.8 659 81.6 | 52.2 65.9
Performance IRCOT + ColBERTY2 A7 537 641 744 67.9 820 | 57.9  70.0
IRCoT + HippoRAG (Contriever) 43.9 56.6 753 934 658 823 | 61.7 774
IRCoT + HippoRAG (ColBERTV2) 45.3 57.6 758 939 67.0 830 | 62.7 78.2
MuSiQue 2Wiki HotpotQA Average
Retriever EM F1 EM F1 EM F1 | EM F1
Question Answering None 125 241 31.0 396 304 428 | 246 355
ColBERTV2 15.5 264 334 433 434 57.7 | 30.8 425
Performance HippoRAG (ColBERTvV2) 19.2 29.8 46.6 59.5 41.8 55.0 | 359 48.1
IRCoT (ColBERTV2) 19.1  30.5 354 45.1 45.5 58.4 | 33.3 44.7
IRCoT + HippoRAG (ColBERTV2) 21.9 33.3 47.7 627 457 592 | 384 51.7
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| 03 HippoRAG2 (ICML 2025)

« The performances of GraphRAG approaches on factual memory tasks are lower than standard RAG.

* Improve HippoRAG by enabling query-based contextualization

Factual Memory Sense-making Associativity

2 What is George Rankin's occupation? ) How did Cinderella reach her happy ending? 2 What county is Erik Hort's birthplace a part of?

XK Oliver Badman is a politician. Cinderella attended the royal ball. [ Erik Hort's birthplace is Montebello. ]

..'h
~

-~

[X Marina is born in Minsk. ] ," Associated

e
[ Montebello is a part of Rockland County. J

The prince used the lost glass slipper to

George Rankin is a politician | search the kingdom.

When the slipper fit perfectly, Cinderella

X Thomas Marwick is a politician. _ |
\ | was reunited with the prince.

65

30
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| 03 HippoRAG2 (ICML 2025)

* Introduce passage nodes to enrich KGs and remove isolated concepts

« Retrieve triplets relevant to a query before PPR-based graph search

Offline Indexing

Pas sages Trlples

/ (O  Phrase Node \

(O  Passage Node
@ @ Seed Node

Relation Edge
=-=-=-= Synonym Edge

\— - Context Edge /

Online Retrieval & QA

L
.
Retrieving passages and triples
o Ranked Passages (1) g passag p
.

Ranked Triples  Filtered trlples

9 Recognition memory (triple filtering)
9 Assigning seed node weights

o PPR graph search

9 QA reading with selected passages
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| 03 HippoRAG2 (ICML 2025)

* Achieve the highest average F1 scores among RAG approaches

« Show comparable efficiency to the original HippoRAG

Simple QA Multi-Hop QA UIES;‘I’;‘;;?%
Retrieval NQ PopQA  MuSiQue 2Wiki  HotpotQA  LV-Eval NarrativeQA Avg
Simple Baselines
None 54.9 32.5 26.1 42.8 47.3 6.0 12.9 38.4
Contriever (Izacard et al., 2022) 58.9 53.1 31.3 41.9 62.3 8.1 19.7 46.9
BM25 (Robertson & Walker, 1994) 59.0 49.9 28.8 51.2 63.4 5.9 18.3 47.7
GTR (T5-base) (Ni et al., 2022) 59.9  56.2 34.6 52.8 62.8 7.1 19.9 50.4
Large Embedding Models
GTE-Qwen2-7B-Instruct (Li et al., 2023)  62.0 56.3 40.9 60.0 71.0 7.1 21.3 54.9
GritLM-7B (Muennighoff et al., 2025) 61.3 55.8 44.8 60.6 73.3 9.8 23.9 56.1
NV-Embed-v2 (7B) (Lee et al., 2025) 61.9 55.7 45.7 61.5 75.3 9.8 25.7 57.0
Structure-Augmented RAG
RAPTOR (Sarthi et al., 2024) 50.7 56.2 28.9 52.1 69.5 5.0 21.4 48.8
GraphRAG (Edge et al., 2024) 46.9 48.1 38.5 58.6 68.6 11.2 23.0 49.6
LightRAG (Guo et al., 2024) 16.6 2.4 1.6 11.6 2.4 1.0 3.7 6.6
HippoRAG (Gutiérrez et al., 2024) 55.3 55.9 35.1 71.8 63.5 8.4 16.3 53.1
HippoRAG 2 633" 562 486" 70 75.5 12.91 25.9 59.8
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|03 KG?RAG (NAACL 2025)

« Traditional RAG retrieves isolated text chunks purely based on semantic similarity

* Organize the retrieved text chunks based on the structure of the extracted KG

. N (@ . ™
o Coomotgogran e
In which part of New York City is the director of the romantic comedy 'Big Stone Knowledge graph

Gap' based?

Green Village

Retrieved chunks

romantic comedy

based in

1 Big Stone Gap is a 2014 American drama romantic Big Stone Gap

Semantic-based comedy film written and directed by Adriana Trigiani.

Retrieval Girocted b
5 Big Stone Gap had its world premiere at the Virginia dri | Cirected By
Q Film Festival on November 6, 2014. Adriana Trigiana
3 I Love NY, also known as I Love New Year, is an . Virginia Film Festival J
Indian romantic comedy film directed by Radhika Rao.
+ Graph-guided
Expanded chunks Expansion

Adriana Trigiani is an Italian American best-selling
+1 | author and film director based in Greenwich Village,
New York City. Organized paragraphs

Big Stone Gap is a 2014 American drama romantic

1 comedy film written and directed by Adriana Trigiani.
The film had its world premiere at the Virginia Film

/| Festival on November 6, 2014. Adriana Trigiani is an
Italian American best-selling author and film director
based in Greenwich Village, New York City. ]

KG-based Context
Organization 2

I Love NY, also known as I Love New Year, is an
Indian romantic comedy film directed by Radhika Rao.
The main plot was taken from the Russian romantic

\
i
1
L] E —— \ o B comedy "The Irony of Fate" (1976).
| Big Stone Gap™ ~-~- . _
i i .
~ LLM Generation
o Y — . [rcmmmin]
T —— Virginia Film Festival| ) Greenwich Village, New York City. |
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|03 KG?RAG (NAACL 2025)

« Retrieve text chunks relevant to the query, and expand the chunks via subgraph extension

* Organize the resulting chunks using depth-first search on the retrieved subgraph

. N (@ . ™
o Coomotgogran e
In which part of New York City is the director of the romantic comedy 'Big Stone Knowledge graph

Gap' based?

Green Village

Retrieved chunks

romantic comedy

based in

1 Big Stone Gap is a 2014 American drama romantic Big Stone Gap

Semantic-based comedy film written and directed by Adriana Trigiani.

Retrieval Girocted b
5 Big Stone Gap had its world premiere at the Virginia dri | Cirected By
Q Film Festival on November 6, 2014. Adriana Trigiana
3 I Love NY, also known as I Love New Year, is an . Virginia Film Festival J
Indian romantic comedy film directed by Radhika Rao.
+ Graph-guided
Expanded chunks Expansion

Adriana Trigiani is an Italian American best-selling
+1 | author and film director based in Greenwich Village,
New York City. Organized paragraphs

Big Stone Gap is a 2014 American drama romantic

1 comedy film written and directed by Adriana Trigiani.
The film had its world premiere at the Virginia Film

/| Festival on November 6, 2014. Adriana Trigiani is an
Italian American best-selling author and film director
based in Greenwich Village, New York City. ]

KG-based Context
Organization 2

I Love NY, also known as I Love New Year, is an
Indian romantic comedy film directed by Radhika Rao.
The main plot was taken from the Russian romantic

\
i
1
L] E — N o e comedy "The Irony of Fate" (1976).
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~ LLM Generation
v g — \ [ G
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|03 KG?RAG (NAACL 2025)

« Show improvement over standard RAG and GraphRAG approaches

* The retrieval quality drops without organization, while the response quality drops without expansion

Method Hotpot-Dist Hotpot-Full Shuffle-Hotpot-Dist Shuffle-Hotpot-Full
ethods

F1 Precision Recall F1 Precision Recall F1 Precision Recall F1 Precision Recall
LLM-only 0.237 0.259 0.234 0.237 0.259 0234 0.158 0.175 0.158 0.158 0.175 0.158

Semantic RAG  0.617 0.646 0.643 0.528 0.558 0.535 0.508 0.533 0.524 0422 0.449 0.433
+ Rerank 0.652 0.685 0.665 0.587 0.613 0.603 0.532 0.560 0.546 0.447 0.476 0.456
Hybrid RAG 0.653 0.676 0.655 0.551 0.582 0.558 0520 0548 0.534 0443 0473 0.446

LightRAG 0.293 0.288 0480 0.261 0.259 0.364 0.285 0.284 0404 0202 0.199 0.293
GraphRAG 0.400 0.408 0491 0.169 0.157 0.429 0351 0.365 0401 0.163 0.155 0.362
KG’RAG 0.663 0.690 0.683 0.631 0.665 0.643 0.545 0.572 0.566 0.507 0.539 0.512

Table 1: Comparisons in terms of response quality between KG?RAG and baselines.

Hotpot-Dist Hotpot-Full Shuffle-Hotpot-Dist Shuffle-Hotpot-Full
Methods

Fl Precision Recall F1 Precision Recall F1 Precision Recall Fl Precision Recall

Semantic RAG  0.343 0.206 0.894  0.300 0.178 0.790 0.321 0.201 0.837 0.268 0.167 0.708
+ Rerank 0.357 0.224 0,932 0.306 0.197 0.833 0339 0.213 0.886 0.286 0.179 0.754
Hybrid RAG 0.354 0.222 0921 0.302 0.189 0.795 0334 0210 0.837 0279 0.174 0.739

LightRAG 0.234 0.150 0.638 0.132 0.083 0.340 0.227 0.148 0.535 0.116 0.073 0.295
GraphRAG 0.255 0.167 0594  0.180 0.113 0.470 0210 0.138 0482 0.199 0.126 0.510
KG?RAG 0.436 0.301 0908 0.310 0.203 0.838 0.405 0.279 0.840  0.305 0.193 0.790

Table 2: Comparisons in terms of retrieval quality between KG?RAG and baselines.
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|O3 LightRAG (EMNLP 2025 Findings)

» Consider the adaptability of RAG systems to new data updates

* Provide a dual-level retrieval paradigm for comprehensive and cost-efficient retrieval

% LightRAG v1.2.8/1.2.2 Documents GEELECXEC M Retrieval  API P & b

o Agriculture (o) (

~ g v Node \ 8 K|

) \ |
ID : LLM
Labels : LLM
Degree : 8
Properties
\/OVLLM\ Description : LLM (Large Language Model) Z...

Name : LLM

Type : organization
file_path : unknown_source

SrclD : chunk-53a8a87188396a3fe8941c43b...

Circular ‘ GraphRAG | ‘/.W\ Relations(within subgraph)

Circlepack Syt N/
> - Neigh : Knowledge Extraction

Random Neigh : GraphRAG |

i

Noverlaps Neigh : Faithfulness
O Force Directed Neigh : Key Value Pair Generation
G Force Atlas '® Knowledge Graph Neigh : Knowledge Graph
= (‘e Knowledae Extraction Neigh : Graph Based Text Indexing |
b "1 e Kev Value Pair Generation . N
@ (- Graph Based Text Indexing Neigh : Prompt Engineering

T e Faithfulness |
o Faithfulness £ = Neigh @ LightRAG

Q
)
Lo
b Depth: 3 Degree: 0 @ Connected
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|O3 LightRAG (EMNLP 2025 Findings)

« Perform deduplication to optimize graph operations by reducing KG size

* Provide the entities, triplets, and chunks retrieved using both low- and high-level keywords

%EEKEEP FR ‘s practices mvcﬁ D() Entity Name: Beckeeper /k-——ETi;iekz-—— \
thy rategl loyed . Entity Tvpe: PERSON "Beekeeper”,”A Beekeeper 15 an
. ! .. - : ther related products, playi
colonies and ensure their health and Deduphc ation an individual who produces ... Low-level Keys . O Entities :;u:ajrfol;in pro s. playing a
productivity. A Beekeeper is an| ! Original Chunks ID: Xxx ﬁ ﬂ‘ - -
individual who produces honey and P(.) :Match A beckeeper — k'RE|aﬂon5h|kp5'
. .‘ o "Beekeeper"”,”"bee”,"Beekeepers
Othe:" ]r.el?t‘?d products, playing a Beekeeper is an person Query + LLLM O . manage bees but do not develop
Cmcll; L EEELEE = who individual relationships with them
Beekeepers|engage in various tasks, — Source: Honey Bee due to the limited interaction time
including | observing| [bee | behavior, LLM Profiling X< @ [ Farat Inchistial et tire L ._oRelations ith oach hive
monitoring hive conditions, . A Agriculture [§ Production : -—-Contexts--—--

, _ ; R() Observe -| Keywords: Agriculture .. ontexts
pr_e.vc_nm1g pc_st infestations, and 3 Beekeeper Bees Index Graph Description: Honey Bees are ) BEEKEEPER's practices involve the
utilizing techniques to handle bees, - _ p Tt et Environmental Impact PES Original Text l methods and strategies employed
such as using smoke to calm them ... Elltlty & Rel Extraction used for Retrieval Original Chunks ID: xxx High—level Keys Re tI'i;VG d Content beekeepers to manage ...... /

Graph-based Text Indexing Dual-level Retrieval Paradigm
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|O3 LightRAG (EMNLP 2025 Findings)

* Outperform the baseline RAG approaches across multiple criteria

« Show a significant reduction in LLM token costs compared to GraphRAG (arXiv 2024)

Agriculture CS Legal Mix
NaiveRAG LightRAG NaiveRAG LightRAG NaiveRAG LightRAG NaiveRAG LightRAG
Comprehensiveness 32.4% 67.6% 38.4% 61.6% 16.4% 83.6% 38.8% 61.2%
Diversity 23.6% 76.4% 38.0% 62.0% 13.6% 86.4% 32.4% 67.6%
Empowerment 32.4% 67.6% 38.8% 61.2% 16.4% 83.6% 42.8% 57.2%
Overall 32.4% 67.6% 38.8% 61.2% 15.2% 84.8% 40.0% 60.0%
RQ-RAG LightRAG RQ-RAG LightRAG RQ-RAG LightRAG RQ-RAG LightRAG
Comprehensiveness 31.6% 68.4% 38.8% 61.2% 15.2% 84.8% 39.2% 60.8%
Diversity 29.2% 70.8% 39.2% 60.8% 11.6% 88.4% 30.8% 69.2%
Empowerment 31.6% 68.4% 36.4% 63.6% 15.2% 84.8% 42.4% 57.6%
Overall 32.4% 67.6% 38.0% 62.0% 14.4% 85.6% 40.0% 60.0%
HyDE LightRAG HyDE LightRAG HyDE LightRAG HyDE LightRAG
Comprehensiveness 26.0% 74.0% 41.6% 58.4% 26.8% 13.2% 40.4% 59.6%
Diversity 24.0% 76.0% 38.8% 61.2% 20.0% 80.0% 32.4% 67.6%
Empowerment 25.2% 74.8% 40.8% 59.2% 26.0% 74.0% 46.0% 54.0%
Overall 24.8% 15.2% 41.6% 58.4% 26.4% 13.6% 42.4% 57.6%
GraphRAG LightRAG GraphRAG LightRAG GraphRAG LightRAG GraphRAG LightRAG
Comprehensiveness 45.6% 54.4% 48.4% 51.6% 48.4% 51.6% 50.4% 49.6%
Diversity 22.8% 77.2% 40.8% 59.2% 26.4% 713.6% 36.0% 64.0%
Empowerment 41.2% 58.8% 45.2% 54.8% 43.6% 56.4% 50.8% 49.2%
Overall 45.2% 54.8% 48.0% 52.0% 47.2% 52.8% 50.4% 49.6%

: BDILab KAIST Big Data Intelligence Lab

BIG DATAINTELLIGENCE



|03 RAG-Anything (arXiv 2025)

« Expand the GraphRAG settings to consider multimodal inputs such as images, tables, and equations

« Extend LightRAG by incorporating multimodal processors to generate cross-modal KGs

Question: Which model combination for the Evidence Inference

dataset has the highest AUPRC value? GPT-4o-mini LightRAG =1
The model combination for the Evidence Inference The model combination "BERT + LSTM -
(Table with spatial smbignity) dataset with the highest AUPRC value is the BERT- Attention" has the highest AUPRC value for the
: Pt _AAC Cier MH) to-BERT model. achieving an AUPRC of 0.455. Evidence Inference dataset at 0.429.
rr:-:t-:: I‘;“I‘:Tm\:h-m on 0429 2
GoWslST.Line &5 60l  oms ams
GloVe + LSTM - Rundom 0429 004 Q001 0026 NINIGrathAG Ex = RAG_An}rthing((Olrrect 1_?-‘ ):
:'.ll:d\':'- LETM - Atiension 0,471 0.525 ame o022 The model combination for the Evidence Inference The model Combination for ‘[he Evidence
Gt sLST.Lme . o4  60m  adm  oiss ' alue i "Bert-To- : :
GRWoLSTM Rmim 047 oM  as0 0808 datafe‘ with the .hlghes'[. AUPRC ‘aTl“e is the "Bert-To-  ypference dataset with the highest AUPRC
i Bert" model. which achieved an AUPRC score of value is GloVe + LSTM - Attention, achieving
Multimodel Document Evidence table in the document 0.708. .
a value of 0.506.
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|03 RAG-Anything (arXiv 2025)

« Convert multimodal inputs into textual descriptions using VLMs and LLMs

« Extract a cross-modal KG using the generated descriptions, and merge it with a text-based KG

= T o T T T -TTTTTT o T T T oo T TT T T T ST T T T T T T T ~
. 1| Multimodal Knowledge Unification- ' Dual-Graph Construction for Multimodal Knowledge : Qquery -ooo-- ~
aput Documents \
. : ' p ! (each document) I : Could you share insights |
[ = | é":p:’ : I : - Knowledge Graph « = = = = = « || on the experimental ]
1 148, Structured Content List N e & * !/ Text-Based Knowledge Graph \ 'y results and data tables? ' = = = = - \
1 @ ) 8 T, = | I{Texf Info Pr'ocessmgl En1’|1‘y & Relation ! : Ve J |
S | P by 1 ----- Extraction | K6 over All Documents | L [P, [
1 | - I Beckeeper 1o
| poc| | : Hierarchical Text K ! ! 111 ke Query High-/Low-level Keys Extractiony !
! 5 I : Extraction > — ! : --------- ~ | Observe T I -
= | —(‘ Multi-modal Info Proce:ssmgl ! UL SoN |
g M- | L puthp i I o T 2557 '
I . = ¢! . 8 e %g |
' | ImageCaption& @& ' ! dal Knowledge 8 e
X ! 1 mage Captiona 8 . j  Cross-Mo wedge g 11 | Structura Knowledge X !
! | Metadata Extraction ® 1 Graph Naviaation =< 1
@8] ._. | _ ! o gat g
1 I —=h L Multi-modal — I _ Parent Node: Multi- 1! I a !
,  ®a : : ° | ! Processors § ] ) modal Instance o o :
\ P = I 1o ———— 8
e 0 i) gl ]
I | PU& | e | 1l 1 Lo Text Encode.r' ] =3
a o 2 Lovwum o , R v , B :
| ﬁ G = ! = D ! Child Node o g |
| e ! , S ! T S <1 -
X ! 1 LaTeX Equation = e 3 .. [ =4 '
; — ! | Recognition = ! = — — — = Vector Database .__. | | e I
jxes | | 1 ° [ S \ Semantic Similarity [
[ I — | Text VDB [ .
o I = VDBover All ! Matching LLM
Ul o . 3 I !
| | | ! > ' Documents | o ;
[ : = ! Text Encoder 1 = ol C] |
I 1 | g‘ | : | mmm———————— = 1 | I Tr
& I ; (]
: }: T : : ;I'abil-e 51_*;”‘:*_""'3 & w | : [:] : Multi-modal VDB 8 : (. Fm——-- Response t%?—.;l\
ontentParsing X y.!' (Y
: = | uc By D : [ D : ! : ' Based on the experfmeﬂfa/
" : | | o " | data, ﬁreresu/?‘srevea/ed|
e e e - T o o e o o e e e e o e e e - T o e o o e e o o e e e e e e e e e e e e e e e e e e e S e e e e e e e e e e o e e omm omm omm omm omm owmm omm mm e o wm w
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|03 RAG-Anything (arXiv 2025)

« Achieve high overall performance compared to GraphRAG-based approaches

« Show superior performance in information-dense domains such as research reports and finance

Method Domains Types Overall
Aca. Fin. Gov. Law. News Txt. Mm. Una.
DocBench GPT-4o-mini 403 469 603 592 610 610 438 49.6 512
LightRAG 53.8 562 595 61.8 657 850 59.7 4638 58.4
MMGraphRAG 64.3 528 649 400 61.5 67.6 66.0 60.5 61.0
RAGAnything 61.4 67.0 61.5 60.2 663 850 763 46.0 63.4
Method Domains Overall
Res. Tut. Acad. Guid. Broch. Admin. Fin.
MMLong Bench GPT-40-mini 35,5 440 246 33.1 29.5 46.8 31.1 33.5

LightRAG 40.8 34.1 362 394 41.0 444 383 38.9
MMGraphRAG 40.8 36.5 357 358 28.2 469  38.5 37.7
RAGAnything 46.6 435 38.7 439 34.0 45.7 43.6 42.8

% KAIST
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|04 Applications of GraphRAG

* Recommender Systems
e G-Refer (WWW 2025)
* Perform node-level and path-level retrieval to generate informative explanations for recommendations
« K-RagRec (ACL 2025)

* Retrieve subgraphs and utilize a GNN-based encoder to deliver the extracted knowledge to LLMs

. 1
(a) Hallucinations I (b) Lack of Knowledge
User I User
. . . . I have watched {Godfather} L have watched Dune 1l }
1. Hyb”d Graph REtrleval 2. KnOWIEdge Prunlng 3' Retrleval_augmentEd FT What movie do you recommend l What movie do you recommend
T watch next? I watch next?
""""""""""""""""""" \ ,""'-"-"""‘s\ foTTTEEEE, -
""""" ! ' Explicit CF Info. 1 Users ! ! H i T |-|-M LLM—
Ilz Doctor Strangé : i P : qc‘ E I, """"" E User i i Item EE EXPIICIt : g A ]
'gountr\;: Len iyl Pathlevel [ ! . (tsht”-g'?t“ra' A i il :Uifrs i Profile 11 Profile il CFInfo. | You may want to watch As of December 2022, 3 \30
i 1 Genre: Fantasy, . > 1 Forthe given user- 1o I -@) RN S
L : g\;ﬂventurBe i i Retriever \P/G(( | item pair, here are i :‘t____ & ! ?:D g g the movie Godmother ... L " ][;j:: I: have knowledge about l.'r 1
1 arring: Benedict 1 Cl ovaral related nathe LN =7 1 | E [ e
: | Comberbatch, . 1 L ey N trems o 1| 5|} U » 4 = e I e
_________ - al == 1 .
i e i items through their | s R el [ LLMs (¢) K6 RAG for LLM Recommendation
! f =
:. 3 Sherlock i ) interactions:[...]. i If - ] ! ! i i LoRA [o===SEISIszSzsssenc
H :gzﬁ:gvMU;e ! k’?: For the user-item pair, | :_,____P: o ! l:::'l User K"°WIedge Sub-graphs |:
: : Crime; Dr;maw’ : Node-level é: : here are some related : \_‘:::: _____ 'SI ntyl,._:::::_‘ T have watched {Dune Il } . | Timmy : <
! <1 |Starring: Benedict i} ~ | usersand items. ! L _________________________ What movie do you recommend {\3? . i ‘}’é
! 21 icumberbatch ! Retriever | users:[...]. Items: [... .1 i . ! I watch next? i %
1 IA e: 28 I D ’ 1 1 ,( 1 X
: |Ingterests Marvel | \Martin Freeman, ... 1i l\ (Semantic CF) ; L.E:?ET?.T_I—:IEI:_E.X.FJ_IETEEIPP_ 9' Generated EXpl_aP_afl_o_ll__-: Rommceii Vector
h == faiduiittttel— i science n  Database
Based on_your watching u
] =
history, T recommend you L S - = =
o watch Interstellar, Y Retrieve 78

G-Refer (WWW 2025) K-RagRec (ACL 2025)
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|04 Applications of GraphRAG

« Medical Reasoning
* MedRAG (WWW 2025)

« Construct a diagnostic KG from an EHR database to enhance healthcare copilots

* MedGraphRAG (ACL 2025)

« Convert clinical texts into a KG and adopt top-down retrieval & bottom-up refinement for precise reasoning

Input KG-elicited Reasoning RAG
Patient

EHRDB EHR Indexing Embeddings

Patient ‘

.é Embedding
% ) ——
g
£
.é Diagnostic Differences KG Searching Clinical Features
Text b ini Matching
Description Clinical Fea.tlfres

>

Prepr g

Top-k relevant

Backbone LLM

Reasoning

Upward Traversal

Diagnostic

Output

0
%,(I!’ Diagnose

[@ Treatment

0%9 Medication

. Differences KG
- °®. Follow-up
3 ) M@ Questions

Doc chunking & Entities Extraction

Triple Graph Construction

Triple Linking

Chunk1

Type: Clinical Drug Type: Disease
Context: Remdesivir's || Context: The

This trial identified an

antiviral therapy of
-19... effectiveness is
i 19..

Geographic T
. . 2 ‘ -
Diagnostic KG Construction Disease N ! .
Di Clusterif i i Knowledge Graph Diagnostic
Isease Clustering Hlerarchl.cal 8 P Knowledge Graph
EHR DB Aggregation
—-
@ — Augment
e @
ST e 78— kg
Expert/LLM

This trial also suggests

Name: Name: Covid-19

treatment of Covid-

V

Dexamethasone

with femdesivir have Name: Respiratory

prevented the disease Type: Hormone

progression to severe || | Type: Disease Context:
Context: remdesivir

appears to prevent...Q) || part of ..

Name: Glucocorticoid

Glucocorticoid was

Med Books & Papers

|
4;_0\(;\,\

e "
e Med Vocabularies

_—

Avariety of v
therapeutic Name:Extracorporeal|| Name:D Name: Glucocortcoid Remdesivir  Respiratory disease
approaches are wpe‘Them‘;eu“c ation|| Type: Pha Defintion: A group of CO
needed for Covid-19... : ! hydrate metabolism (GLUC s live Med — MetaGraph G,
. Preventive Procedure ([ Context: Dex's benefits lcogen deposiion evatonof 800D SUGAR) nii Hl
Chunk2 | [Context: .. © || additive to.. (@) : ‘ '
U-Retrival
Tag the Graphs Top-down Precise Retrieval Bottom-up Response Refinement
_ Refine {RESPONSE2}
Layerl—1 | given Graph Tags (T2}
Layer! Gum
Tags of Gy, Refine {(RESPONSE1}

BODY_FUNCTION: 7, BODY_FUNCTION: T, BODY_FUNCTION: 7y,

respiratory support,  Blood circulation, Blood circulation, Muscle
oxygen use, mechanical respiratory function,  coordination, oxygen
ventilation... oxygen saturation saturation,
MEDICINE: Remdesivir, MEDICINE: MEDICINE:

L heparin, L heparin,
MED_FORM: Intravenous Paracetamol,... Remdesivir...
PROCEDURE: MED_FORM: Intravenous MED_FORM: Intravenous

Mechanicalventilation, PROCEDURE: Doppler ~PROCEDURE: chestX-
ECMO... study, CT scan, ... ray, ECMO, ...

given Graph Tags {T"'}

ﬁ%_

Query: After treated RESPONSE1
with blood thinners for 4
COVID-19, will I need =+
regular scans to monitor _—
my circulation?

um

Given context G,

MedRAG (WWW 2025) MedGraphRAG (ACL 2025)
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|04 Applications of GraphRAG

* Legal Domain Question Answering
» GRAF (ACL 2025 Findings)
* Apply GAT to both the claim graph and the legal domain KG to retrieve triplets for multiple-choice legal QA
» LegalGraphRAG (ACL 2026)
« Leverage ontology graph, fact graph, and rule graph to verify evidences of LLM reasoning

r
Question ) Cross Claim @y | Stagel: Exploring Heterogeneous Legal Knowledge
Sample Choice Extract | = e Pk
Choice A [N —_— Language — | ermermresmrererer e N
Choice B R R Encoder i ! ' "o
JSUSHPl| (Question, Choice) 2 - { Researcher, . ' i
Claim Extract o 2 v 1
LM xm v Query | | Defendant Zhang signed a labor AGL -
o8 @ ° 2 E ! | contract with the Xiangjiaba Hydropower HS ! il
Claim Graph mas — i ! | station Yaojiaba Tunnel Project Department of | * i I Query | | The defendant Zhang Mou entered into a labor contract i
x ; @ vt e original Sichuan Road and ... Lo . with the ... serving as the head chef of the project department. His [
S5 @ ! - \ﬁ\ N ' 1 i |main responsibility was handling the-financial reimbursement for the [
[ ] ® 23 2 @ H : Mapping to Predict : i : E 11| monthly expenses of all canteens ... Lo
® @ . legal essence directly H !cP < HE T T : '
- . B 1 — 1
- ® i} InEf)(;trr:lzt:gn i : Case Feature : ‘ : i i ' Ef“il;:lﬁ?(l;::e‘:‘k ot ' i
= ® i i | D:Employee... C: Misappropriafion of funds... | /! T : cfis not State : i
! i | V:Company funds... M: Subjedtive intent... < ! [ i Article 382 P
[ S 0 ——— 1 el - s
Target Domam Samplmg ® E i TR 3 : ! E : State functionaries Who, !akmg ad\amage of their office, : |
@ Algorithm ! i andidate(d f“ges 4 : Pl i mlsappropnafte stegss ega f1eans to mkef .
@ Sub KG ' 1| Embezzlement, Misappropriation of funds... ; [ ' i o] publl the crime o i
@ o i P [
@ 17 ! i [ i
® i ! E [ P
| ! e
' S Dt I
@ ° ! = Symbols i Rule Graph B ! Prune Irrelevant Documents H
- 1 _ i Gra i T e Ty H
v 9 Z AN\ [ I— ' — L i R | i Adjudicator! i
i oy | Fmatcontext || AD(CED(@3) 000 | LS ooooC
Xiracted Aggregate SN Z [ — | 8 Community Node 8(:““’““" i Dby [ @O® T
niormation ) : Case Feature Node () Offence Node ! N ! [
A\ %. 2 /7 i O: Article Node(G) () Article Node(G,) : il | : Final Results | | Charge: job-related embezzlement  Articles: 271 Tmprisonment: 18 :
X : Judicial Interpretation Node ; T 1 1+ | Resoning: Zhang served as the head chef of the project department and was .. :
AN = —/ E o : P11 [ comesponds to Article 271 Paragraph ... i
! H ta |l om ds to Cases1([Charges: job-related [Name: Xu 3Mou]). H
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PP PSP T PR

GRAF (ACL 2025 Findings) LegalGraphRAG (ACL 2026)
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|05 GraphRAG Demonstration

* LightRAG Server o0
 https://github.com/hkuds/lightrag

* Provide an interactive Web Ul and support API calls

git clone https://github.com/HKUDS/Li1ghtRAG.git
cd Li1ghtRAG

make dev

% LightRAG v1.2.8/1.2.2 Documents Retrieval APl =] @ > source . VenV/b 'l_n/aCt -Lvate

o Agriculture ¢ Node el (%
D : LLM
Labels : LM uv sync --extra test --extra offline
Degree : 8 . o
mimm source .venv/bin/activate

@ Lwv| Descri ption : LLM (Large Language Model) &...

Name : LLM

Type : organization

file_path : unknown_source

SrclD : chunk-53a8a87188396a3fe8941c43b...

cd lightrag_webut
bun install --frozen-lockfile

Cireular @ creorrac — Relations (within subgraph)
\ T LightRAG b b . _L d
Circlepack r r
Neigh : Knowledge Extraction u n r u n u -L
Random
B Neigh : GraphRAG C d
Noverlaps Neigh : Faithfulness
O Force Directed Neigh : Key Value Pair Generation
G Force Atlas ® Knowledge Graph Neigh : Knowledge Graph
o o Knowledae Extraction | Neigh : Graph Based Text Indexing
b 7# Kev Value Pair Generation. | N
a Graph Based Text Indexing Neigh : Prompt Engineering ma ke env- b ase
e aihfuness 1 Neigh : LightRAG
Q
r
i
& Connected

lightrag-server

LightRAG Server WebUI Setting up LightRAG Server
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|05 Input Corpus

* A Christmas Carol

* A novella written by Charles Dickens, published in 1843

() =®

| |
ﬁg@mﬁm&s cs 7o,

 Publicly available via Project Gutenberg
* 166 pages, 189,033 characters

IN PROSE.

Marley was dead: to begin with. There is no doubt whatever
about that. The register of his burial was signed by the clergyman,
the clerk, the undertaker, and the chief mourner. Scrooge signed
it: and Scrooge’s name was good upon ‘Change, for anything he
chose to put his hand to. Old Marley was as dead as a door-nail.

& Ghost Stovy of Shristmas,

CHARLES DICKENS.

Mind! | don't mean to say that | know, of my own knowledge, what
there is particularly dead about a door-nail. | might have been
inclined, myself, to regard a coffin-nail as the deadest piece of
ironmongery in the trade. But the wisdom of our ancestors is in
the simile; and my unhallowed hands shall not disturb it, or the
Country’'s done for. You will therefore permit me to repeat,
emphatically, that Marley was as dead as a door-nail.

LONDON :

W CHAPMAN & HALL, 186, STRAND. '
+ ‘J
MDCCCX LA, ¥

Sample Text A Christmas Carol

r@ KAIST
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|05 Example of Triplet Extraction

Scrooge never painted out Old Marley's name. There it stood, years afterwards, above the warehouse door:
Scrooge and Marley. The firm was known as Scrooge and Marley. Sometimes people new to the business called
Scrooge Scrooge, and sometimes Marley, but he answered to both names. It was all the same to him.

¥

Scrooge is an old man who serves
Scrooge as the surviving partner of the firm

I n

"Scrooge and Marley's.

The physical location above Warehouse
which the firm name "Scrooge Door

And Marley" stood.
Name Display

"Scrooge And Marley" was displayed
above the Warehouse Door.

Firm Association Partnership

Scrooge is associated with Scrooge and Marley were long-
the firm Scrooge And Marley. time business partners,

- n— Marley was a partner of Scrooge
Firm Association and his name appeared in the firm
name "Scrooge and Marley.”

Scrooge And Marley is the firm
name that stood above the Scrooge and
warehouse door. Marley

Marley's name appeared
in the firm name "Scrooge
And Marley.”

H%: KAIST
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|05 Statistics of the Generated KG

(3 -

. A o o ..“ 2
- The resulting KG consists of 650 entities and 863 triplets PERChE T SRS LA
o " 4o o 2 .® " ®ef% o
 The giant connected component of the resulting KG contains i P e o DS
575 entities and 822 triplets. 7Y e R G ¥l N,
o’ ° a ® . 8 . ® e
sk e . ’ UE
° o » i ® O,
S e AN
n artlfaCt . :. ... . ° T ® .. i *e 3 .:.0
" person .o::.. ..o .o = ... & :g.o g:‘i
location :_.s.. a e i :.;’
(gs) = concept o . o o T . o % ..- »
° = naturalobject ou o - T
N ‘G o
= organization R e . T
= creature o 'f,- s y ,"
gt .. ® o [ ] 2 @ .°.. ™
= others I e s g 2o
* ate .'l < L : | %ad 9 4
e %@ s .' oL ey
B sy
o _%, ..' ~. ®
Entity Type Distribution Visualization of the Generated KG
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|05 GraphRAG Example
Retrieved Entities (partial):

Scrooge | Scrooge is a tight-fisted old man who serves as the surviving partner of the firm "Scrooge and Marley's.”
He is wealthy but stingy, dislikes family company, and is addressed by relatives as "Uncle Scrooge."

Spirit | The Spirit is a phantom figure that points, guides Scrooge to observe people and places, and leads Scrooge
into an obscure part of town to reveal scenes relevant to the future.

Scrooge's Transformation | Scrooge's Transformation is the moral and behavioral change by which Scrooge
becomes a kinder, more generous friend and master and is accepted by society.

Retrieved Triplets (partial):

(Scrooge, ceased interaction, Spirit) | The Spirit guides and travels with Scrooge, stands beside suffering people,
leaves blessings during visits, and teaches Scrooge moral precepts.

(Scrooge, behavior change, Scrooge’s Transformation) | Scrooge undergoes a moral transformation, becoming
generous, amiable, and respected in the community.

(Scrooge, guidance, Ghost) | The Ghost guides Scrooge through past scenes and reveals memories that soften
Scrooge and provoke weeping.

Retrieved Chunks (partial):
'Here is a new game,’ said Scrooge. It was a game called Yes and No, where Scrooge's nephew had to think of
something, and the rest must find out what, he only answering to their questions yes or no, as the case was.

% KAIST
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|05 GraphRAG Example

What are the top themes in this story? =4

Below are the principal themes as they appear in the provided text, with a short explanation.

Redemption and moral transformation: The central arc follows Scrooge’s repentance and vow to change his life—
he begs to "sponge away the writing on this stone" and promises "l will honour Christmas in my heart"—showing
the story's focus on personal reform and renewed compassion.

Charity, generosity, and social responsibility: The Spirits instruct and model charitable behaviour, and Scrooge’s
eventual pledge to help others makes explicit the theme that individuals must care for their fellow humans.

Poverty, social injustice, and the human cost of neglect: The text depicts the Cratchit family's hardship, Tiny
Tim's frailty, and the allegorical children Ignorance and Want; the Ghosts rebuke attitudes that treat the poor as a
“surplus population,” highlighting social critique and the moral urgency of alleviating need.

Memory, time, and the influence of past/present/future: The three Spirits show Scrooge scenes from across
time—youthful experiences, present lives, and future outcomes—making reflection on one’s life a sustained theme.

Supernatural agency as moral pedagogy: Ghostly visitations function not merely to frighten but to teach and
guide Scrooge toward insight and action, using the supernatural to enable moral confrontation.

Each of these themes interlocks in the narrative: the supernatural revelations force memory and moral reckoning
about poverty, family, and mortality, culminating in Scrooge’s redemption and renewed commitment to generosity.

KAIST Big Data Intelligence Lab
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