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1. Introduction

LLMs

Al Agents

Graph Foundation Models
Retrieval-Augmented Generation

Knowledge Graphs

Presented by Xin Huang
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Large Language Models

* Large Language Models are transformer-based neural networks trained on
massive text corpora to learn patterns, structure, and meaning in language.

e Large language models (LLMs) showcase strong generalization abilities to
handle various NLP tasks, such as question answering and machine translation.

& cdeepseek AN =

GPT - 4

)| ©openar

Key Capabilities

=) ok S =
= < ~ Nb ®
Text Code Question Translation Reasoning Summarization

Generation Generation Answering 4



Scale matters: modern
R\ |

QO LLMs often contain billions
?&

1\ of parameters and are
trained on trillions of
tokens.

—— \

- e o : Notable Examples
/ \,\ \
/ I\
// ' \ / \
, [ () Meta Al
{ DEEPLEARNING[DL) \ !
|

‘ N p

4 .
Gemini
» Copilot
\. ChatGPT

\
| LARGE LANGUAGE |

MODELS (LLMS) ,'

https://blog.dataiku.com/large-language-model-chatgpt 5



The LLM Family Tree

From encoders to alighed multimodal systems — the progression reflects increasing scale, adaptability, and

task generality.

2018 g
BERT
Bidirectional encoder, masked language modeling
2 2019-2020
GPT-2/3
2022 3 Autoregressive generation at scale
InstructGPT / ChatGPT
RLHF alignment
4 2025-2026
GPT-40 / 03, Gemini 2.5, Claude 3.7, LLaMA 4,
DeepSeek-V3

Reasoning-first models, long-context, agentic capabilities,

and open-weight frontier models

6



The Power & Limits of LLMs

[ Strengths

Semantic understanding, zero-shot generalization, natural language interfaces for data-

intensive applications (Fernandez et al., VLDB 2023; Halevy et al., VLDB 2023)

Core Challenge Hallucination Problem

Limitations in structured reasoning and multi-hop logic Lack of grounding in verifiable facts or relational
context — LLMs are mainly designed to process
pure text, yet many real-world scenarios involve
rich graph-structured information (Jin et al., TKDE
2024)

"While LLMs have shown pure text-based reasoning ability, it is underexplored whether such ability can

be generalized to graphs" (Jin et al., TKDE 2024) 7



Al Agents

Al Agent is an autonomous software entity that perceives its
environment, makes decisions, and acts to achieve specific goals.

Al agents can interact with users, other agents, or systems.

Examples:

— Virtual Personal Assistants: Siri, Alexa, Google Assistant, Open Claw
— Autonomous Vehicles: Waymo, Tesla’s Autopilot

— Game Non-Player Characters (NPCs): Chess Al (Stockfish)




Graph

* Graph G(V, E) is a mathematical model to describe various
entities V and their relations E.

* Graph can be explained as a general language to describe
entities’ connections and interactions in nature and society.

Fox News
#foxnews

Subject 2

Protein-Protein Network Brain Network Follower Network
[Nature 2013] [Luo et al. KDD 2020] [Nature 2013] 9



Text-attributed Graphs

* Text-attributed graphs with raw and detailed text attributes,
capturing rich and comprehensive semantics.

O
s 14 t
Citation networks Social networks Molecular graphs

10



Graph Foundation Models

A foundation model is a model trained on broad data that can
be adapted to a wide range of downstream tasks

l“e

[60.5/0"2
TRADITIONAL GNNs GRAPH FOUNDATION e, [ e ]
MODELS ¢ 80,0
d LLM Social Network W
(Cé Elloasgiﬁcation} Alignment @ -
% QN @ Graph —
- & . —| Foundation | _f_p .
Link Cof) “Croph oy B 3= Model (GFM) classification
ﬁ Prediction Tl o © 5 oae
Ap Molecules
% Graph 2\,3 o X
Classification @ AL Link
T Prediction
Transportation

Mao, H., et al. “Position: Graph Foundation Models Are Already Here.” ICML. (2024)
11



Goal: Train one graph foundation model
for all classification tasks

Node
Classification

Graph
Classification

Predlctlon

B
=
oo

What’s the category
of this node?

l....2....3. ...

Does this molecular
graph inhibit HIV?
Yes or No

What’s the relationship
between these two nodes?

l....2....3. ...
12



Retrieval-Augmented Generation

RAGs can enhance the capabilities of LLMs by integrating
them with search or retrieval systems.

— Access up-to-date knowledge and external data source

Examples:

— Microsoft Bing Chat

— GitHub Copliot

— Medical Question Answering

STANDARD RAG

&

STANDARD RAG

GRAPH RAG

GRAPH RAG

13



Microsoft GraphRAG

o Key idea: convert documents into a knowledge graph and
then retrieve the relevant document communities

o Phases:
o Builds entity-relation graph from documents
o Detects communities via Leiden algorithm
o Generates community-level summaries for global QA

= Microsoft

GRAPH %

R
R A G —/‘ V vr//"/v
7

14



Knowledge Graphs

* A knowledge graph keeps a structured network of entities (such
as people, places, or things) and their fact/relationships.

 Knowledge graphs enable LLMs, Al Agents, and machines to
understand and utilize the complex interconnected information.

&

 Examples: O i
— Google Knowledge Graph KNOWLEDGE GRAPH
— Wikidata ) @ O

-
— Amazon Product Graph

— Biomedical Graphs for Drug Discovery

15



2. LLMs for Graphs - cen

A. Graph Understanding
- Graph Computation
B. Graph Learning
- LLMs-as-generators
- Unsupervised Graph Representation
- Graph Diffusion Prediction
C. Graph Foundational Models

Presented by Xin Huang



A Survey on LLM-based Generative
Graph Analytics

/gégc@
Q&cz

N {%‘%*¢

~

yo anﬁni1y1-
Graphs LLMs
\_ LLM-GGA -
_____________________ N
v v v
Graphs  LLM-GQP LLMs Graphs LLM-GIL LLMs Graph-LLM-based

8eg, oo% g, emovnd
Q& Query 7m£ ' Q&E} Tnferenc® Smini

* Graph structure understanding * Graph learning

* Knowledge graphs ;
* Graph representation

* Graph-formed reasoning

applications

® @ [/
ve o3 o

* Recommendation systems
* Conversational understanding

Wenbo Shang, Xin Huang. A survey of large language models on generative graph analytics: Query, learning,

and applications. IEEE TKDE 2025.

17



Graph Structure Understanding

(a) Graph Size Calculation

Given <graph>, what is the number
of nodes and edges in this graph?

Please answer with the number of
nodes: X, number of edges: X.

(d) Path Search

@9 O)
®—0O@

Given <graph>. Simple path: Find a single
path from node 0 to node 4 connected by

edges in the given graph. Shortest path: Give

the shortest path from node 0 to node 4.

(j) Topological Sorting

e
o0

(b)

Degree Calculation

@ 2 ®
@
Given <graph>, what is the degree of

node 4? Or, like, find the node degree
of node [given node] in the given graph.

(e) Attribute Retrieval

(c) Clustering coefficient computing
%o
®—0

Given <graph>, what is the clustering
coefficient of the node 1?

(£) Graph Diameter

e
@—0

And Recognition.

Abstract: Text in curve orientation,
despite being one of the common...
Title: Total Text A Comprehensive
Dataset For Scene Text Detection

@9 ©
—©

Given <graph>, what is the title of node 0?

(h) Maximum Flow
_10

In a directed graph with 5 nodes numbered
from 0 to 4: node 0 should be visited before
node 1, ... Q: Can all the nodes be visited?
Give the solution.

In a directed graph with 5 nodes numbered

from 0 to 4, and the edges are: an edge from
node 0 to node 1 with capacity 10... Q: What
is the maximum flow from node 0 to node 3?

Polynomial-time Problems

Given <graph>, what is the diameter
of the given graph?

(i) Bipartite Graph Matching

® ®
® 0@

mere are 2 job applicants numbered from 0 toh
and 3 jobs numbered from 0 to 2. Each applicant
is interested in some of the jobs. Each job can
only accept one applicant and a job applicant can
be appointed for only one job. Applicant 0 is
interested in job 1, ... Q: Find an assignment of

jobs to applicants in such that the maximum
interested in. /

Qjmber of applicants find the job they are

18



Graph Structure Understanding

(J) Graph Edict Distance (k) Maximum Clique

o B Q
AN
e
\ > N
» \
N
S
\

(1) Minimum Vertex Cover (o) Travelling Salesman

(0)
® ., 15
2
2 = 3

(n) Graph Coloring (m) Maximum Independent Set

(0

'\-b

NP-hard Problems 19



Graph Structure Understanding
Methods

Frozen LLM 3% A

1)
t

New contexts: Text description of
input graph generated by LLM itself.

Final output: The clustering
coefficient of node X is ...

t

Frozen LLM 3

%

API call prompt: The diameter of the binomial tree is Cerulean
[GR(GL(*“gpr”, “binomial_tree”), “toolx:diameter”) — r|

4
(Trainable LLM @,

¢
4

Manual prompt: Given <graph>, what is the number of nodes
and edges in this graph? Please answer with the number of nodes:
X, number of edges: X.

Manual prompt

Instructor: You are a brilliant graph master that can handle anything
related to graphs like retrieval, detection and classification.

Graph description language: GML, GraphML, etc.

Query: What is the clustering coefficient of node X?

Self-prompting

Regular prompt: What is the diameter of the binomial tree?

API call prompts

20



Graph Pattern Comprehension

Terminology-based Topology-based Data-driven

The tattetn. named Saiare The pattern, defined as G, is an
is a f_ node ,cy e withq each’ undirected graph with four Node m

node connected to exactl 0,1,2,3. Node 0 is connected
two others y to Nodes 1 and 2. Node 1 is i:%
' connected to Nodes 2 and 3.

________________

--------------------

------------

What'’s different? E' ! i
Show significant ! ! E
patterns for set1 | ! i E
i |
1
S 1
________________ ]
1
1
, \I :
! What'’s different? i i |
i — show significant [ o@ :
N | patterns for set2 :‘ i i
: : * S R ey O ;A
= ;

label 2
graphs

-------------------

________________

Sampling Identifying

[1] How Do Large Language Models Understand Graph Patterns? A Benchmark for Graph
Pattern Comprehension [ICLR25] 21



Graph Pattern Comprehension

1.0
®m triangle ® square ®m diamond W house
. 1.00
g ¢ 0.75
o
B
0
=07 0.50
0.6 - —e— GPT40_E.L. 0.25
—=— GPT40_A.L.
/ —+— O1-mini_A.L. L
0.51 u o Ol‘mlnl_EL 0.00 " N Y .
' , : : ' ' X @ LRSS
3 4 5 6 7 8 éz'\ & ®.{.\ \>,b<° & S S
Node degrees Q) ) O S

[1] How Do Large Language Models Understand Graph Patterns? A Benchmark for Graph
Pattern Comprehension [ICLR’25] 22



LLM on Graph Computational Problems

Polynomial-Time Problems

-

7 \
0 \
[ | I
1 1
L I
(| I
(| !
] !
£ !
T I
1 I

1 1

]

. Connected Componen:r/l \_ Graph Diameter

_______________

- ——— = ===

b

OpenFlights DBpedia DBLP  PubChem

- == - e -

_______________

- ———m e e ==

Maximum Maximum Minimum

. Common Subgraph ,’ ‘. Independent Set ., ‘_  Vertex Cover -

!

_____________________________

______ l— e NP-Complete Problems

N

[1] GraphArena: Evaluating and Exploring Large Language Models on Graph Computation
[ICLR’25] 23



LLM on Graph Computational Problems

i .— = Xt -~ ~
[/ Problem Generation ~—-> LLM Inference —> Scorer ! Small Graphs
I You are required to solve the e ) 1
I Maximum Clique Problem for an : ! . . 1 . .
: undirected academic network. " I'| Deepseek-V2: [Claudiu, Daniel, 1 STI"OIQh?'fOf’WGI"d Exhaustive
| <Task Definition> )| Nicola. Valentin] | Computation Enumeration
| <Example Demonstration> 1\ ) "
I Problem to Solve: 1 |
I Authors in the network: Claudiu, : | N 1
I Daniel, Nicola, Fabien, Valentin 1| 6PT-40: The Maximum Clique 1 .
: Research collaborations between : I'| in the given network consists > ! Di f‘Cer Me‘l:a
; these authors: Claudiu and Nicola, ) : of the following authors: . P Reasonmg Plﬂnnmg NP
| Claudiu and Daniel, Claudiu and i 1 \_[Daniel, Nicola, Valentin] ) :
| Valentin, Daniel and Nicola, Daniel and | | |
I Fabien, Daniel and Valentin, Nicolaand I |
: ::ialcr:itif;\,tll;licol:a and I;‘t al::itchn. ) : : : Lo ng-range Heuristic
en e € que Wit the marimum Llama3-8B: One Maximum i A i i
I N I i roximation
; Dumber of authors in this netwo.rk. . : Clique: [Claudiu, Daniel, Nicola, : Location PP
y Present your answer in the following I | Fabien]
 format: [AuthorA, AuthorB, AuthorC, | | :
AuthorD, ...]. /
e ] AN L Large Graphs
Evaluation Framework Reasoning Quadrants

[1] GraphArena: Evaluating and Exploring Large Language Models on Graph Computation
[ICLR’25]



Graph Learning

(a) Node Classification

(b) Link Prediction

e Abstract: Text in curve orientation,
despite being one of the common...

Title: Total Text A Comprehensive

Dataset For Scene Text Detection

N

And Recognition.

2 (D
NV

Given <graph>, which arxiv CS subcategory does
paper “paper title” with abstract “"paper abstract”

belongs to? use the abbreviation to answer.

(d) Graph Classification
©, )
©  G©

Given <graph>, is this molecule
active with H3C4?

Given <graph>, are these two central
nodes (node 1 and node 4) connected?
Give me an answer of "yes" or "no".

(e) KGQA
s starred by
\,\’r;'
\ %
\
\Z

Oppenheimer

Given <knowledge graph>, the director who
directs Inception also direct what?

(c) Graph Construction

Francisco Uranga was born in
1905 and represented Argentina
at the 1928 Summer Olympics. He
competed in the men's 50 metre
freestyle.

Transform the text into a semantic graph.

(£) GQL Generation

Leonardo

Given <graph>, the director who directs Inception
also direct what? Use Cypher to answer.

25



Graph Learning

e LLMs-as-enhancers

- Text Attributes LLMs Enhanced
Text Attributes

i e . Unlabeledodes Annotation with LLM 2. &G text attributes
i e

1

, -

1 Text Embeddings g—_]

: D g =

: + - Text Attributes -

| et

1

1

; ~ o LLMs  Explanation for
[

reasoning process

g m e ————

Graph Structure Training GNN Nodes with pseudo labels Designed Queries

(a) encoding text attributes into embeddings (b) generating graph pseudo labels  (c) providing external knowledge/explanations

* LLMs-as-predictors

I Response: There is 4 C-C-O triangle in the molecule. x l

K X " | Response: There is 1 C-C-O triangle in the molecule.
’ Response: There is no C-C-O triangle in the molecule. x

5
Frozen LLM 3% = N
------ | Response: There is 1 C-C-O triangle in the molecule.  «/ | = '
o
...... g Frozen LLM 3
N =] o T eeeees
...... Trainable LLM @&, = Tunable
I ssssss
...... | =3 | module
=
...... o ! seeene
Manual prompt: The title of one paper is <Title> and its abstract is A ————
<Abstract>. This paper is cited by the following papers: <Titlelist1>. | { ~ ~ eesens 1
Each of these papers belongs to one category in: <Categories™>. You A A A A A A
need to analyze the paper’s topic based on the given title and abstract. A - - | Instructions: How many C-C-O triangles are in the molecule? |
Instructions: How many C-C-O triangles are in the molecule?
(a) Prompting LLMs (b) Supervised fine-tuning (SFT) LLMs. (c) Efficient tunable modules

26



Graph Learning

* LLMs-as-generators

["Francisco Uranga", "occupation”,
"swimmer"], ["Francisco Uranga",
"date of birth", "01 January 1905"],

["Francisco Uranga", "country of

citizenship", "Argentina"]......

Semantic graph

o

ﬁVerify/Modify

Frozen LLM 3%

Transform the text into a semantic graph. Francisco
Uranga was born in 1905 and represented Argentina
at the 1928 Summer Olympics. He competed in the

men's 50 metre freestyle.

27



LLM-powered GraphQL Generator

(StepZen)

l

One time process
for each schema

-
GraphQL Engine J

1 :‘[ Output NL }_[ Prompt + IBM Granite ]_r GraphQL Engine i

| Generation Foundation Models I (StepZen)
‘\ ________________________________________ .?. _________
) NL Summary [ Automated GraphQL |
Output e Gen:eration y

GraphQL Query
‘F Query time IB;M Granited | i
it m ey process | Foundation Models |
T

Schema Schema 1
Enrichment Simplification J

Prompt
Generation

[1] LLM-powered GraphQL Generator for Data Retrieval [IJCAI'24]

28



LLM-powered GraphQL Generator

IBM Research Natural Language to GraphQL

Setup Schema

Select a Test Scenario

Query Databases
Query REST APIs

© Query Databases and REST APIs together
Custom sources

Scenario Name: Query Databases and REST APIs together

Schema
type People {
Birth_Date: String
Birth_Place: String
Height: Float
Name: String
People_ID: Int!
Weight: Float
body_builder: [Body_builder]
@materializer(query: "body_builderUsingBody_builder_People_ID_fkey")
}

N\

Schema

type Query {
bb_stats: Body_builder_stats
@rest(endpoint: "http://host.docker.internal:6003/")

} Y

Add Custom Source

[1] LLM-powered GraphQL Generator for Data Retrieval [IJCAI'24] 29



LLM-powered GraphQL Generator

Natural Language Query:

Choose a model: Few shot strategy

© Granite-20B-Code Base Model 5
Granite-20B-Code Instruct Model

Generate Prompt

Instruction: ew shots Prompt: Test Query:

Your task is to write an API Training Example 0: Test Example:
request for a custom

database schema based on CUSTOM SCHEMA: CUSTOM SCHEMA:
the API reference provided. T e

For guidance on how to type Query { type Body_builder {
correctly format this API o Body_Builder_ID: Int!

request, consult the API return list of persons Clean_Jerk: Float
rofaranca hara* Nnta* Plaaca 4 i 7 Snatch: Float 4

Generate GraphQL

[1] LLM-powered GraphQL Generator for Data Retrieval [IJCAI'24] 30



LLM-powered GraphQL Generator

Natural Language Query:

Generated GraphQL:

graphgl {
operationName =
query =
query {
body_builder(Body_Builder_ID: 1) {
Body_Builder_ID Y

Execute GraphQL
g O
Generate NL Summary

NL Summary: The name of the body builder is Jack Campbell. The height of the body builder is 182 cm.
The weight of the body builder is 80 kg. The total time of the body builder is 317.5 seconds. The clean jerk
of the body builder is 175.0 seconds. The snatch of the body builder is 142.5 seconds. The birth date of the
body builder is January 1, 1992. The birth place of the body builder is Port Huron, Michigan.

[1] LLM-powered GraphQL Generator for Data Retrieval [IJCAI'24] 31



ComGPT: Detecting Local Community Structure
with LLMs

‘ @® Nodes in community ©  Potential nodes O Other nodes ‘

r) please select a node that you think is P
. most likely ... " @
A O

G describes a graph

The selected node

among nodes... /
Graph text - Community
R Expansion
Guide 1:The more a
outside nodc is connccted { =

N
)

/
Y
N

/

. b NN G describes a graph among nodes:1,2,3,5,6,7.
to other outside nodes ... ( — 0 ¢ it
0 offier outsice nodes ChatGPT p I ol o E Node 1 is connected to nodes 2,3.
att E‘ - O B Node 2 is connected to nodes 1,3,5,7.
NSG Node selection by GPT T ) Graph Node 3 is connected to nodes 1,2,5,6.

Node 5 is connected to nodes 2,3.

\ topology Node 6 is connected to nodes 3,7.

Node 7 is connected to nodes 2,6.

/ Please analyze whether these nodes
* should be added to the community...

Nodes in the current community:[1,2,3]
The outside nodes contains:[5,6,7]
Node 5 is connected to nodes in community:[1,3]

nodes... / > -
Graph text Node 5 is connected to nodes outside community:null
@ Supplementary Nodo 6 e P
Nodes in the same community O A connected to nodes i} Communlty:[ 1
are tightly connected. while \ O—0 knowledge Node 6 is connected to nodes outside community:[7]

the nodes in different ... J\\_/} Node 7 is connected to nodes in community:[2]
Node 7 is connected to nodes outside community:[6]

G describes a graph among

Community definition prompt ChatGPT

Node supplement by GPT

[1] ComGPT: Detecting Local Community Structure with Large Language Models [TCSS'26] 32



WalkLM

1) Random walks can hardly cover the bridge edges between different dense groups.

2) Random walks can easily involve noisy nodes to damage the embedding quality.
Meanwhile, the node texts of irregular paths cannot match the linguistic rules,

bringing more difficulty for learning models.

3) The transferability of WalkLM to LLMs with causal language modeling is limited,

as it 1s primarily designed for relatively small LMs with masked language

modeling
Noisy node Previous work
(50 O? )
Noisy embeddings with Node Link
Random Walk shallow semantic features \Classification Prediction

33



Path-LLM

* Leverage graph structures, graph information, and representation
capabilities of a large language model to derive unified graph embeddings
for graph learning tasks and one NP-hard task, keyword search.

Noisy node

Our work
‘/'U1 Ve )

V3 p
4
vy 6\0/6 [Path-LLM]
’ \ V1 V3 )
v
* L2SP-based Dﬁ]

Vs Shortest Path ngh-quallt-y Path-LLM
embeddings with
Long Shortest Path deep semantic features

f? ? )

Node Link
@Iassification Predictioy
4 q: q3 )

q1

\_ Keyword Search )

Shang et al.. 2024. Path-LLM: A Shortest-Path-based LLM Learning for Unified Graph Representation

34



Path-LLM Framework

al s e e o m T e e e Rl 1 1

. ! i
Prefix tokens (natural language) | ([t |t )t it te t —| ts to tio | |
p i Yy  meemmm--aa [ bt T --==== | ----,.-__l 1 1
\ ’ o 1
[t )l )t )t ]— node v; edge GOUOYZ s o0 0 Comerated nexincde’ |

1
1
1
Generated :
1
1

I

I .

| .’ node v3

next token
B o e e | Path-LLM generates &D \V3

I

I

|

the L2SP <vq, v, v3>

Pre-training task for Path- LLM '

O source node :--/%'. T Phase-lll: Path-LLM self-supervised pretralnlng
1 @I SESETIE S S RN N S — -
target node E % E I'(-) E 0/0\0/0 ! () l_“jan% ~ \‘§ Path-LLM p.l-'.etrammg &
1
1 1 1 : O :
BFS : Pl : O\O\O’O : |_|F%
1 I 1 O~ !
" Cl/f : .. -0 ,! L2SP-based texts —
1 1 ==
! : L2sP Node text Path-LLM
Text-attributed graph , ————— ! (Convert long shortest paths att:ri(:)utta:s ——— embeddings
p o EEmsE to short shortest paths)
Construct long {\[?‘L% —
shortest paths Phase-lI: =
Phase-I: L2SP selection Path textualization Phase-IV: Path-LLM embedding generation

35



L2SP Selection

* Three path sampling for a comparison

O source target

-

A bndgex—x o et brldge g,

\

l [ 1
\
/
/ W2 \\ // \\\ Wlwzw

(a) Random walk (b) Random short SP (c) L2SP

36



Experiments

Statistics of graphs The number of training paths
Dataset #Nodes  #Edges Graph type  #RW-paths [86] #L2SP-paths The ratio of saving paths
PubMed [87] 63,109 244,986 heterogeneous 295,512 19,670 93.35%
Cora [60] 2,708 5,429 homogeneous 100,000 12,932 87.07%

Citeseer [27] 3,312 8,554 homogeneous 100,000 11,504 88.50%
OGB-ARXIV [21] 169,343 1,166,243 homogeneous 350,000 20,523 94.14%
Datasets PubMed Cora ARXIV Citeseer
Metrics Macro-F1  Micro-F1  Macro-F1  Micro-F1 Macro-F1 Micro-F1 Macro-F1  Micro-F1
GCN [43] 0.2593 0.3570 0.3628 0.4040 0.1681 0.5199 0.4627 0.4903
GraphSage [31] 0.2140 0.2430 0.3684 0.4140 0.1962 0.5581 0.4903 0.5240
GATv2 [5] 0.2501 0.2870 0.3706 0.4740 0.1199 0.4443 0.4816 0.5530
WalkLM [86] 0.2721 0.3699 0.4031 0.5336 0.0872 0.3823 0.5761 0.6616
Llama 2 [18] 0.7167 0.7246 0.6608 0.6946 0.3484 0.5748 0.6739 0.7281
GrathPT [74] 0.7088 0.7202 0.6766 0.7097 0.3610 0.5811 0.6785 0.7335
Path-LLM (Ours) 0.7471 0.7555 0.7524 0.7773 0.4529 0.6616 0.6807 0.7411
Datasets PubMed Cora ARXIV Citeseer
Metrics AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy
GCN [43] 0.5155 0.5426 0.6680 0.7018 0.5216 0.4415 0.6392 0.6052
GraphSage [31] 0.5133 0.5211 0.7445 0.4052 0.5110 0.3120 0.7822 0.5227
GATv2 [5] 0.5204 0.5011 0.5143 0.4488 0.2550 0.6120 0.7488 0.5986
WalkLM [86] 0.5962 0.5684 0.8581 0.7746 0.8799 0.7923 0.9149 0.8424
Llama 2 [18] 0.7144 0.6665 0.8568 0.7809 0.9157 0.8379 0.9290 0.8550
GrathPT [74] 0.7134 0.6631 0.8679 0.7857 0.9221 0.8430 0.9329 0.8570

Path-LLM (Ours) 0.7497 0.7111 0.9244 0.8476 0.9655 0.9060 0.9499 0.8825




Case Study: Keyword Search

T . Gene () Disease Chemical/Organ
Imﬁaired glucose ™\
a4 lonomycin homeostasis 493/ T s
P @ -
q & —
2] Acromegaloid MHPC %

wsg Acromegaloid

C cranioracia
inomalies
(a) Original TA

\tion \pairm \

Sca-1+  NDH-2 wg Impaired glucose

5 Y @& homeostasis
Ws) 6
(\qu/ Acro_rﬁegaloid Imﬁzi;f:og:::&se Q4 — _
q, Craniofacial q, Craniofacial (C) Path-LLM
anomalies (b) WalkLM anomalies
BCD HGD END ®mCD MND MNPY ESD ECA ERuL GA HBENN BRL CB HPM HNETH
. %
A&
53¢ gt ~ kb
o ey
LN j"'::g .x % N
(a) WalkLM (b) Path-LLM (a) WalkLM (b) Path-LLM
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Information Diffusion Cascade

* Many social platforms allow users to post various content and communicate on
topics of mutual interest, facilitating the fast diffusion of information and form
information cascades.

* Diffusion prediction aims to predict the potential users who will be infected based
on the observed diffusion cascades.

weibo ?
f .4
@)

Instagram
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Motivation

* As the authentic diffusion process 1s unknown,
unexplainable, and non-transparent,
constructing Z becomes challenging.

N Cho i o)

Q " —>  f1 Social relation r@\ 3
El\l & @ o0 Extract ] (9@(9 f 2 Active time Derive r@ S
@ r@v — : ngwr@ﬁroﬁ f3 User profile : ’Q M
"ot Eoo G A
m o > @@ f4 Comments g
BN L
Online social media Extracted diffusion influencing factors Diffusion influence graph Gy
40

Shang et al. Make Information Diffusion Explainable: LLM-based Causal Framework for Diffusion Prediction. NeurIPS 2025.



Method

Key factor 1: Potential diffusion pathways (social relationships) 1/)

Cascade sequence

C

Social network

Diffusion path
search

2

N,

Cascade subgraph
Cascade subgraph

by

Potential diffusion pathways

Key factor 2: Temporal order T

O A0

Potential diffusion path

@ O
O O
Temporal order;

O

Key factor 3: User profile ()

* { Influence level
& W Activity level
User profile

Potentlal diffusion path

Key factor 4: Comments B

Key sentence
extraction E\

Potential diffusion path

O s

Z

Prompt AN 6 P
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2 PP A~ et \ AN
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Reasoning \ / ..... + 9
Q" 7
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Diffusion prediction

Influence subgraph {E I}

C-Z Z-Y

Diffusion influence graph
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Key Interaction Evaluation

We assess whether Gr can observe the high-frequency interactions among participants.

To avoid information leakage, we split the dataset by the cascade initiation time in an
8:2 ratio. We assess whether our method can observe key interactions in the 20% of
newly occurred cascades based on the interactions in the 80% of historical cascades.

| Social Network w/ Shortest Path w/o Temporal Order Ours I
. 0.7 1
G1more effectively captures 0.7
1 P 0.6 1
strong ties and key 2 061
. . = |
Interactions among g 02
. . . 0.5
participants in new cascades. 0.4
0.4 - ‘ ; 0.3 — :
News Weibo News Weibo

(a) Diffusion Pathways

(b) Key Interaction
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Experiments

* Datasets: News and Weibo, including the social network structure, detailed

user profiles, and information diffusion cascades.

 Competitors: 8 state-of-the-art diffusion prediction methods

* MILD significantly outperforms eight state-of-the-art baselines on two
real-world information diffusion prediction datasets, achieving average
improvements of 6.3% on Hits@K and 7.4% on MAP@K.

Datasets News Weibo
Metrics H@10 H@50 H@100 M@10 M@50 M@100 | H@10 H@50 H@100 M@10 M@50 M@100
DyHGCN [37] 1894  24.50 27.31 10.50 10.76 10.80 10.51 15.39 18.50 6.01 6.23 6.27
MSHGAT [28] 20.10  25.82 28.85 11.68 11.95 11.99 11.41 18.34 21.77 6.16 6.48 6.53
DisenIDP [3] 20.47  26.33 29.08 12.03 12.29 12.36 12.04 18.83 22.61 6.73 7.01 7.06
RotDiff [23] 20.95 27.02 29.80 12.52 12.80 12.84 12.99  20.46 24.70 7.76 8.12 8.18
MINDS [14] 20.04  25.66 28.70 11.72 11.93 11.98 11.69 18.07 21.66 6.24 6.51 6.57
MGCL [5] 21.26  28.11 31.93 12.90 13.18 13.24 13.04  20.18 24.75 7.60 7.99 8.03
GODEN [29] 22.01 29.14 33.17 13.34 13.67 13.73 14.08 21.95 26.71 8.09 8.28 8.52
CARE [41] 22.47  28.71 32.01 14.53 14.81 14.85 13.35 21.96 26.62 7.65 8.05 8.11
MILD (Ours) 24.07 31.33 35.52 15.50 15.85 15.91 14.71  23.37 28.17 8.71 9.10 9.17
Improvement (%) | +7.12  +7.52 +7.08 +6.67 +5.19 +7.14 +4.47  +6.42 +5.47 +7.66 +9.89 +7.63
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Experiments

» Ablation study on Four Key Factors.

» Ablation study on Gr.
Datasets News Weibo
Metrics H@10 H@50 H@100 M@10 M@50 Me@100 | H@10 H@50 H@100 M@10 M@50 M@100
w/o Path Selection 23.14  29.20 33.72 14.53 14.76 14.82 14.33 21.96 27.15 8.44 8.82 8.87
w/o Post Content 23.72  29.98 33.65 14.90 15.21 15.24 14.58  22.87 27.64 8.51 8.96 9.02
w/o Time Information | 23.16 30.08 33.97 14.77 14.83 14.89 14.36 22.15 26.83 8.49 8.84 8.89
w/o User Profile 23.77 30.73 34.62 14.96 15.24 15.28 14.52 22.81 27.46 8.52 8.90 8.93
w Social bias 22,92 27.64 31.35 14.68 14.75 14.90 14.33 22.12 26.64 8.45 8.77 8.96
w/o Influence bias 21.81 27.52 30.62 14.03 14.31 14.35 14.08 21.98 26.21 8.26 8.62 8.68
Full Model | 24.07 31.33 35.52 15.50 15.85 1591 | 14.71  23.37 28.17 8.71 9.10 9.17
» MILD across Different LLMs
News Dataset Weibo Dataset ©0.05
35 [0) Avg. Node Degree Graph Scale
§ §0-04 t777 Degree 40 771 50k Nodes
— | D= = e g S A N o =X Degree 80 =3 100k Nod
30 Bl © P =t e R e - Hgm %0-03 ngriz 100 300k Ngd:z
_:: -~ H@50 —= H@50 .§0.02 E—1 Degree 120 E—1 1M Nodes
T 25 O_O—O§O.\0_HO@LOOO O—'O—O\o— 5 __O_OH@loo ;0.01 F @ [§ a 4\\* E f;,\\i
A «\\“‘c\a"6 @\P’)w% o o e «\\“‘c@’d \NN% o o 20.005g 100k 300k S §o =
e e Oeeo Number of Nodes (Graph Scale) Avg. Node Degree (Graph Density)
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UniGraph: Graph Foundation Model for
Text-Attributed Graphs
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[1] UniGraph: Learning a Unified Cross-Domain Foundation Model for Text-Attributed Graphs
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UniGraph: Graph Foundation Model for
Text-Attributed Graphs

UniGraph consists of three main components:

 Cascaded LM-GNN Backbone
— Language Model (LM) encoder for processing text attributes
— Graph Neural Network (GNN) encoder for capturing graph structure
— Fusion layer to combine LM and GNN outputs

* Graph Siamese Masked Autoencoders
— Masked Language Modeling (MLM) for text understanding
— Latent space regularization for better representation learning
— Target networks with exponential moving average updates

* Instruction Tuning
— Zero-shot transfer capabilities
— Task-specific instruction processing
— LoRA-based parameter-efficient fine-tuning

[1] UniGraph: Learning a Unified Cross-Domain Foundation Model for Text-Attributed Graphs
[KDD’25] 46



Text-Attributed Graphs

UniGraph: Graph Foundation Model for

Node Classification Edge Classification Graph Classification

Cora PubMed Arxiv Products Wiki-CS  FB15K237  WN18RR HIV PCBA
Use word2vec to encode raw text as input features.
Linear 50.12+0.12  61.99+0.21  50.11+0.17  66.29+0.21  66.23+0.11  81.21+0.21  69.03+0.32  60.99+0.31  54.35+1.34
DGI 51.99+0.45  55.76+0.56  55.21+0.21 64.21+0.32  67.11+0.12  26.99+0.22  52.04+0.22  60.12+0.32  54.22+1.23
BGRL 56.73+0.23  63.77+0.23  62.21+0.21  66.22+0.39  70.12+0.15 64.91+0.22  56.44+0.21  60.67+0.39  54.89+1.11
GraphMAE 60.12+0.87 66.22+0.35 65.22+0.22 67.19+0.39 68.11+0.12 61.11+0.12 59.76+0.29 59.21+0.31 52.10+1.24
GraphMAE2 61.19+045  65.99+0.21  67.19+0.11 67.73+0.12  68.84+0.37 63.76+0.12  60.24+0.23  60.23+0.35  53.90+0.99
GCN 71.98+1.33  69.86+1.01  70.11+0.14  79.12+0.12  78.12+0.37  90.21+0.56  74.21+0.63  70.11+1.35 60.23+0.45
GAT 72.42+1.21 70.45+1.21 70.89+0.43  79.67+0.34  79.09+0.67 88.65+0.26  74.80+0.64 71.12+1.34  56.24+1.01
Use DeBERTa-base to encode raw text as input features.
Linear 29.34+0.11  48.51+0.22  43.22+0.25 41.29+0.21  41.09+0.10  78.11+0.32  65.03+0.11  60.11+0.34  53.46+1.02
DGI 30.36+0.36  52.91+0.51  49.15+0.21  56.18+0.36  63.15+0.52  29.12+0.13  51.98+0.53  59.12+0.34  53.23+0.47
BGRL 40.10+0.34 52.99+0.41 56.19+0.22 60.15+0.44 66.87+0.32 45.69+0.25 46.15+0.39 61.33+0.62 54.22+1.04
GraphMAE 43.11+0.51  54.14+0.32  57.11+0.64  65.22+043  69.01+0.33  56.21+0.21  53.22+0.39  62.01+0.65 51.45+1.01
GraphMAE2 42.87+0.43  53.98+0.31  59.39+049  67.91+048  70.47+0.13  55.82+0.28  51.78+0.24  61.42+0.61  52.35+0.35
GCN 48.42+1.33  60.33+1.98  60.76+2.42 66.98+2.32  77.43+0.43  85.23+0.65 72.04+0.32 66.24+1.31  58.21+1.04
GAT 47.99+1.89 61.01+1.18 63.11+2.24 67.02+2.11  78.10+0.34 83.01+1.01  73.98+0.23 67.12+1.23  56.45+0.45
Use raw text as input features.

GIANT-XRT 70.23+0.87 64.35+0.43  70.87+0.11  66.93+0.32  70.13+0.88  89.65+0.85  72.78+0.66  65.14+0.32  51.34+1.98
+GraphMAE2  80.11+0.35  69.43+0.45  72.01+0.24  75.23+0.34  76.58+0.21  76.12+1.03  57.32+0.66  67.23+0.98  52.01+0.45
“NoPretrain ~ 40.98+032  53.01+035  62.22+020 67.1240.21  73.2120.15  23.19+021  51.03:029 5801021 51.01+0.43
UniGraph 81.43+0.55 74.33+0.23 72.91+0.42 80.11+0.23 79.98+1.21 94.81+1.32 85.45+0.34 71.23+1.93 57.67+0.85

[1] UniGraph: Learning a Unified Cross-Domain Foundation Model for Text-Attributed Graphs
[KDD’25]
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Graph Foundational Model for All Classification
Tasks
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[1] One for All: Towards Training One Graph Model for All Classification Tasks [ICLR’24] 43



3. Graphs for LLMs

A. Question-Answering: GraphRAG
- From RAG to GraphRAG
- RAG vs GraphRAG
B. Agent Memory: Memory Graph
C. LLM Planning: WorkFlow Graph
D. LLM Selection: GraphRouter

Presented by Longxu Sun



From RAG to GraphRAG

R

PDF, SQL,
JSON etc

Document
Loader and Text
Splitter

—___

Q="

User

Standard RAG retrieves flat text chunks by semantic similarity.

| Answer

Text Chunk >
Generation _
Text Chunk — Model Embeddings
Text Chunk
Similarity
Embedding — - Vector Database
Generation [ Embediiyin _—
l Model g
Top - k matches
LLM <
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From RAG to GraphRAG

1. You ask something

3. It retrieves the most relevant
chunks

What are the key takeaways
from this 50-page PDF
on quantum computing?

Then uses those as So the answer is
context to generate grounded in real info,
the answer. not vibes or hallucinations.

V4

2.The Al doesn't try to answer

immediately

Okay, let me check
the relevant parts
from this doc first”

k——___’_/ U
Breaking that doc
into chunks Similarity Relationships
g 1 |
Turning chunks .3 OJ @ A ,’f\
into embeddings . ! SN LN
(aka mathy summaries) . é e 64D

\__\.__’_’___ﬁ_,/ p’/

database Vector Database Knowledge Graph

GraphRAG enables structure-aware retrieval and generation. 51



GraphRAG Surveys

Most GraphRAG systems can be viewed as a three-stage pipeline:

1. Graph-based indexing
Build graphs, communities, or hierarchical indexes from documents/KGs.

2. Graph-guided retrieval
Retrieve nodes, paths, subgraphs, neighborhoods, or community summaries.

3. Graph-enhanced generation
Generate answers using structured and connected evidence.

Representative directions:

e Community-based global summarization

e Attributed hierarchical retrieval

e Unified analysis and benchmarking: VLDB’25 unified framework

[1] https://arxiv.org/abs/2501.13958
[2] https://arxiv.org/abs/2408.08921
[3] https://papers.ssrn.com/sol3/papers.cfm?abstract_id=6713979 52



From Local to Global: A GraphRAG Approach to

Query-Focused Summarization WE |\ jicrosoft
{ Source Documents J [ Global Answer ]
text extraction query-focused
and chunking summarization
( Text Chunks } [ Community Answers ]
domain-tailored query-focused
summarization summarization
{ Entities & Relationships J [ Community Summaries J
domain-tailored domain-tailored
summarization community summarization
( Knowledge Graph } detection >[ Graph Communities ]
{ Indexing Time } Pipeline Stage [ Query Time ]

[1] https://arxiv.org/html/2404.16130v2 53



ArchRAG: Attributed Community-based Hierarchical
Retrieval-Augmented Generation [AAAI’26]

Issue

Description

Low Community Quality

Limited Compatibility

High Generation Cost

Inaccurate Entity
Recognition

Inaccurate Retrieval
Process

Leiden algorithm relies solely on graph structure, ignoring
semantic info. Produces mixed-topic communities with
poor summaries, degrading performance.

Global and local search operate only at a single granularity.
Cannot handle abstract and specific queries
simultaneously, limiting real-world applicability.

Abstract queries perform well, but analyzing many
communities is costly. On Multihop-RAG, 2,984
communities detected; 100 questions required ~$650 and
106M tokens.

Methods like HippoRAG show recognition issues: 5.0% of
HotpotQA questions missed entities; 15.8% of recognized
entities were low quality, causing irrelevant retrieval.

Graph RAG often returns irrelevant content during search
(e.g., GraphRAG local search inaccuracies), reducing
overall performance.




ArchRAG: Attributed Community-based Hierarchical
Retrieval-Augmented Generation [AAAI’26]

\/ O Community O Entity D/ @Community Vector @Enﬁfy Vector

—
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: / : Search
1 |
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1 1
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g

[A-‘ Based on the
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( Community ] (
» | _-Title: General Blood and Hospitals| —
Query Vector " Descrigﬁon:The company ...

I

Q: What flow
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i Community i ( P L
Title: General Blood General Bl’::c])g/ ?.i:sinvolved
| Description: In the community, 2 e
General Blood serve as a in the distribution of
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D Hierarchical Search

[1] https://arxiv.org/pdf/2502.09891v2

services were  platelets, and plasma. ... r and plasma | distributing human

managed and | blood, platelets, and

distributed by d\.‘ f Entity ) Analysis plasma.

General Blood? ~~. | Title: Flow of goods and services There is no evidence in o J
o _LE::::L‘ erl\;eone of the factor the provided data ..
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primary focus was on
managing and

@ Adaptive Filtering-based Generation
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ArchRAG: Attributed Community-based Hierarchical
Retrieval-Augmented Generation [AAAI’26]

Zero-shot

Jesse Schell.
He is the CTO of Calm and was the lead designer on the “Star Wars" theme park ride at Disney.

Vanilla RAG

It seems like there are multiple articles and topics discussed in this text. Here’s a brief summary of each section:
1.Robotics predictions. The article discusses the future of robotics, with predictions made by Brian Heater. </>
2.TechCrunch’s Week in Review. This section summarizes various tech industry happenings. </~

3.Bumble gets a new CEO. Bumble announces a change in leadership. </>...

HippoRAG
There is no question in the provided text. It appears to be a collection of news articles and updates related to OpenAI’s ChatGPT. </~

GraphRAG-Global

Key Points and Implications

The individual associated with generative Al technology who was reportedly ousted is Andrew Ng. </>
According to multiple analysts, Andrew Ng [Data: Reports (5, 6)] </>

Implications of the New Venture </~

ArchRAG

Sam Altman.

This information is supported by multiple analysts’ reports, which highlight Sam Altman’s involvement in various Al-related projects.
The direct answer is simply "Sam Altman". </>

Note: I have not included any information from Analyst 2, 3, or 7 as their reports are not relevant. </>

[1] https://arxiv.org/pdf/2502.09891v2 56



In-depth Analysis of Graph-based RAG in a
Unified Framework [VLDB’25]
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[1] https://arxiv.org/pdf/2503.04338
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RAG vs GraphRAG: When Does Graph Help?

RAG works well when:

e Questions ask for local factual details.

e Relevant evidence is contained in a few text chunks.
e Simple and efficient retrieval is preferred.

GraphRAG helps when:

e Questions require multi-hop reasoning.

e Evidence is distributed across the corpus.

e Corpus-level themes, communities, or relationships matter.

e Structured aggregation improves answer coverage and diversity.

Design implication:

GraphRAG should be selected and configured based on task type,
graph quality, retrieval granularity, and computational cost.

[1] https://arxiv.org/abs/2502.11371, [2] https://arxiv.org/abs/2509.16780
[3] https://arxiv.org/abs/2411.05844
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AriGraph: Learning Knowledge Graph World Models
with Episodic Memory for LLM Agents [lJCAI’25]

Motivation:
LLM agents need long-term memory to accumulate and reuse
knowledge from past interactions.

A/—[ Ariadne LLM Agent
--="""1 Semantic memory

Key Idea: AriGraph represents

" \ - §A°°“?n“'3v‘.z%3:”efa' agent memory as a graph world
- EERSS model that combines:
/ A / =
G v
o L e e Semantic memory:
AriGraph Decision making

accumulated general knowledge
J e Episodic memory: specific past
@ observations and events
Environment e Graph-based retrieval for

planning and decision-making
59




AriGraph: Learning Knowledge Graph World Models
with Episodic Memory for LLM Agents [lJCAI’25]

Semantic
Memory
Episodic ‘ A.
Memory O] 02 ‘ 03
Semantic Edge: —J»  Semantic Vertex: Episodic edge: Episodic Vertex: ‘ 02 ‘

At each step:

1. The agent receives a textual observation.

2. LLM extracts semantic triplets: (objectl, relation, object2)
3. Triplets update the semantic memory graph.

4. The original observation is stored as an episodic vertex.

5. Episodic edges link the observation to the extracted triplets. 60



Benchmarking Agentic Workflow Generation
[ICLR 2025]

()
gl -]
i Check if the emails admin@site.com and manager @site.com are disposable and )

o { get their MX records. :
’ 1
Planning Steps:
1: Check if the email admin@site.com is disposable
2: Check if the email manager@site.com is disposable
3: Get the MX records for the email admin@site.com
4: Get the MX records for the emall manager@sute com.
# Linear Workflow |{3¥ Graph Workflow
| On®©
CaOuOOxOxO NS ©
ﬁ
| OmO
| ==p ==p Sequential Execution Inefficient | -c; Parallel Execution Efficient 4
o | The Application of Wdrkflow A
%ﬁ Chain-of-Thought Augmentation & Structured Prior Knowledge
Parallel Planning Steps @%I Shorten Planning Steps J

[1] https://arxiv.org/pdf/2410.07869 61



Benchmarking Agentic Workflow Generation
[ICLR 2025]

e b i ,_Eﬂi Sector 1: Benchmark Construction  *======ssssssea,, 5, irnmneasesssuseszes Sector 2: Quality Control =~ ‘=reseresserennen,, 1
Task Description Action List : & .
“How to pack a carry on bag full of fun for a Q - .
long plane ride?” (Open-Grounded) Q -
“put a clean soap bar in toilet.” (Embodied) 0%°% HH : : 1
“Who is the present food minister of the state 5 \)\ HH Retrieve (
where Kankumbi is located?” (Problem-Solving) [—. ] \ \d v ¥
“What is the precipitation forecast for the next ] i Action List ) I el
A e E § . : ; - Sorted ;(small number first) 1
GPT-4 fWorkrow Graph : \J v \ ¥ ¥
i : ; LN Aﬂom‘e\’} )
i . > Gold,\ discard @“’@@"@

.
-----------------------------------------------------------------------------------

awOw o0 .

RETTETIPETTITITE uo:g—ui} Sector 3: WorFEval = ssssssssssnases, SERCLILTTELED EE Sector 4: A Detailed Case in WorFBench s+ssssssesnean,, :
§ s s Input 9@° s
¢ (. __. ... (umberedbyindex) W Gold Graph @ 110 Task: :

' o 4 : Topological _ : < Check if the emails admin@site.com and manager@site.com are disposable and
oy P A . Sort H get their MX records.

o e - abedbatlerdot 5 H The action list you can select from:

H {name: check_for_disposable_emails, description: ..., parameters: ...}
{name: validate_email, description: ..., parameters: ...}
o o a : {name: get_the_mx_records, description: ..., parameters: ...}
Maximum Common - {name: normalize, description: ..., parameters: ...}
o Subgraph Matching H - Output

_ Predicted Graph % : @ Node:
- 1: Check if the email admin@site.com is disposable.

2: Check if the email manager@site.com is disposable.

3: Get the MX records for the email admin@site.com.

4: Get the MX records for the email manager@site.com.

5 : @ Edge: -G :
s % (START) (START,2) (1,3) (2,4) (3,END) (4,END) ;

.
---------------------------------------------------------------------------------

4

e Multi-faceted scenarios. e Strict quality control and data filtering.
 Complex workflow structures. ¢ Accurate quantitative evaluation (WorfEval).

[1] https://arxiv.org/pdf/2410.07869 62



Benchmarking Agentic Workflow Generation
[ICLR 2025]

Model | as Function Call ] 7/ Problem-Solving ‘ E&Embodied ‘ . -=0pen-Grounded ‘ Average
| f]-chain flgraph ’ f]-chain f]-graph ‘ flchain flgraph | f]-chain f]-graph ‘ f]-chain flgraph
Closed-Sourced
Claude-3-5-sonnet-0620 | 65.58 51.93 62.44 45.45 65.04 48.47 61.73 41.49 63.70 46.84
Claude-3-5-sonnet-1022 | 66.44 55.06 67.28 55.50 71.74 56.71 61.33 42.88 66.70 52.53
GPT-3.5 73.36 60.32 69.86 54.50 64.57 49.17 47.67 28.10 63.86 48.02
GPT-4 74.87 62.11 67.18 55.24 70.94 56.17 56.30 36.36 67.32 52.47
Ol-preview 70.68 57.11 72.76 59.25 69.90 54.19 53.47 35.97 66.70 51.63
Open-Sourced

GLM-4-9B 59.27 36.34 58.91 40.15 5317 36.15 44.04 22.56 53.85 33.80
Phi-3-small 57.66 40.71 55.76 39.75 54.77 8752 44.65 22.66 53.21 35.16
Llama-3.1-8B 63.30 43.62 64.49 46.79 56.23 36.40 44.58 25.48 57.15 38.08
Mistral-7B 67.30 51.67 61.27 45.35 64.59 48.83 40.97 21.48 58.53 41.83
Qwen-2-7B 70.79 55.50 68.65 52.13 62.83 46.25 39.29 20.89 60.39 43.69
InternLM-2.5-7B 68.43 52.99 72.92 57.80 65.77 48.09 40.84 21.27 61.99 45.03
Llama-2-13B 53.32 34.33 53.74 38.69 44.27 30.55 3717 23.14 47.12 31.68
WizardLM-13B 55.78 36.94 65.42 49.71 55.41 37.34 3723 21.66 53.46 36.41
Vicuna-13B 53.75 37.66 64.58 50.25 57.99 42.61 38.93 23.11 53.81 38.41
Qwen-1.5-14B 65.73 46.86 58.80 43.89 60.55 44.14 41.73 21.44 56.70 39.08
Phi-3-medium 67.71 47.26 71.15 54.85 65.11 49.99 42.73 23.77 61.68 43.97
WizardLM-70B 63.47 45.46 63.92 47.93 59.15 42.87 45.27 26.89 57.95 40.79
Mixtral-8 x 7B 66.13 48.83 71.89 57.58 72.08 54.94 42.96 23.21 63.26 46.14
Llama-3.1-70B 64.41 52.72 70.37 57.05 69.98 59:52 53.64 33.06 64.60 49.59
Qwen-2-72B 71.67 52.31 70.63 58.13 73.24 58.49 5343 32.89 67.24 50.46

[1] https://arxiv.org/pdf/2410.07869 63



GraphRouter: A Graph-based Router for LLM
Selections [ICLR 2025]

Task Query LLM Response Performance Cost

Task
Query A . . .
C ) Alpaca | Give three tips for staying healthy? | LLaMA-3 (7b) Nutrition plays... 0.19

Router

Choose <:> Alpaca | What are the three primary colors? | LLaMA-3 (70b) | Red, blue, and yellow. 0.21
ﬁ Response GSM8K | How many musicians total...? LLaMA-3 (7b) There are 55... 0.00
- Effect / Costk J
GSM8K | How many seats are there...? % i
User LLM,

LLM Selection Process:
a) User input associated with a specific task

b) Router analyzes the input and selects the appropriate
LLM

c) Selected LLM generates the final output

d) Evaluation of the output's effectiveness and cost

e) Feedback training loop for continuous improvement
[1] https://arxiv.org/pdf/2503.04338 64



GraphRouter: A Graph-based Router for LLM
Selections [ICLR 2025]

"Train Stage L-th GNN Layer
Task  Query LLM Performance Cost ! £ Quez}’(lg\l()de : hEL) :
1 Task }\Jodc 4 LLM Nod%l)(obscrvcd) !
h () ]
Alpaca | Qi | LLaMA-3(7b) 0.19 103.8 : t , /h’l’i" ' y Concat
- y () DA N
- () & v
; Wiq _4 (Effect/ . \‘;/
! / Wing C o \
Alpaca | Q> | LLaMA-3 (70b) 0.21 467.1 | Translate to ! /(%St Ed‘&b ( th> h(tL)
Graph ! — $
rap : \_/ AGG: = vy
! v ‘ Dot Q?boftmax LLM
Qs ! 1 product
GSMBK ’ LLaMA-3 (7b) 0.00 230.1 A
Gsmsk |

o A o T ol o S o

Overall Framework:

GraphRouter converts the interaction data among
tasks, queries, and LLMs into a graph by representing
each as nodes and their relationships as edge features.
Then, it uses a GNN to generate the probability
distribution for selecting the appropriate LLM.

[1] https://arxiv.org/pdf/2503.04338 65



4. KGs for LLMs Gen!

v

P

Large Language Models

Knowledge Graphs

KGs as background knowledge for LLMs
KGs as reasoning guidelines for LLMs
KGs as refiners and validators for LLMs

LLM+KG for domain-specific applications (e.g., data integration)

Presented by Arijit Khan



LLMs - Introduction

GPT—4 GPT35 < Gemini @ tama [ Mistral
: o ..

A\ Claude A Azure OpenAl l ) Bing Chat Pl Pi Al

Perplexity Al Open Router Q Llava

Bl Wi 8 e @ comconny p(w) = p(wy) x p(ws|ws) x p(ws|ws. W) x p(wj|wy. ... W_1)
3 openAssistant  ® Replit Code Phi-2 .Gemma Wl

;:; quen2 (&) Deepseek  #Ava aya M Orca-Mini Grok

gﬁ)& Midjourney &, Stable Diffusion Il ElevenLabs PBo Amazon Bedrock
M‘—T Amazon Nova @ Google Deepmind @ GitHub Copilot

l. Microsoft Copilot i Cursor

LLM models The students ____

books
KGenerative Al (genAl): Al system whose primary t% The students opened ___ / laptops
is to generate content, e.g., GANs, VAEs, RNNs, LLMs, /

VLMs, VALL-E. The students opened their "~

* Models the probability of the next word, given
the history (context) of preceding words.

3§
L2 GPT-4 for ALL

The

exams

* Large Language Models (LLMs): Generative Al minds
systems primarily designed for natural language
processing tasks. [the rest of the LM's vocabulary]

* Foundation Models (FMs): Al systems serving as the
basis for a wide range of Al applications - can be
adapted to a range of different, more specific purposes.
E.g., LLMs, VLMs, speech FMs.

then used interchangeably. /
67

Language models text generation




PLMs and LLMs Architecture

Decoders Encoders Encoder-decoders

* GPT, Claude, Llama, ..

* BERT, RoBERTj, .. * BART, T5, ..
* Text generation

* Text comprehension * Both text
* Emergent properties (text (sentiment analysis, text comprehension and
classification, classific-ation, guestion- generat?on (machine
summarization, translation, answering, and named translation,

entity recognition) summarization, and

guestion answering, and
diverse tasks) guestion answering)
* New tasks without

updating model parameters

via prompt-based in-context

learning and retrieval

augmented generation

(RAG)
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LLMs — Benefits

Storytelling

Real-world
Applications
of LLMs

Applications of LLMs

Emerging abilities; generalizing to unseen tasks; task
descriptions provided as text.

Scaling the models, compute, and data leads in increase
in performance.

Perform new and creative tasks using prompt-based
Interaction and retrieval-augmented generation (RAG)
without updating model parameters.

Vv LM pipelines remove task-specific supervision and need
for labeled data — easy to use, less expensive, and fast to
iterate.

V LLMs act as knowledge bases - can be probed for QA and
qguerying tasks.
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LLMs — Challenges

* Alignment Problem: LLMs may produce harmful, unsafe, toxic, or undesirable outputs —
inappropriate language, misinformation, bias, and discrimination.

* Hallucination: Parametric knowledge, lack consistent representations of knowledge, fail to
understand a question due to lack of context, knowledge gap (lack up-to-date and domain-specific
knowledge), cannot recall facts (about not so popular or long-tail entities), output unreliable and
incoherent responses, hallucinate by generating factually incorrect statements.

* Lack of Consistency: Generate logically contradicting outputs, low semantic similarity of LLM
outputs due to paraphrased versions of a question (meaning-preserving text alternations), violate
important relational properties such as negation, symmetry, and transitivity; Adversarial LLM
Jailbreaks.

* Privacy Concern: Data privacy, personally identifiable information, data retention policy, IP
leakage, security vulnerabilities, legal compliance.

* Black-box Model: Many LLMs are proprietary and little information is released about them.
Difficult to explain LLM predictions with billions of parameters. Knowledge in LLMs is hard to
interpret, update, and is prone to bias. Challenging to deploy LLMs in decision-critical applications.

* Environmental Concern: High cost, energy consumption, carbon emissions, and water usage.

* Societal Impacts: Job loss, disparities, phishing, fraud, manipulation, plagiarism, cheating, fake
news, big tech monopolies, societal unrest, ...

/0



KGs — Introduction

* Integrating knowledge + data at large scale @ Knowledge graph

Google Knowledge

Graph things | like”

Facebook graph
search

Factual Knowledge

Knowledge Representation

Panama Papers The Power Players

King Salman bin Abdulaziz bin
Abdulrahman Al Saud

“People who like Panama Papers

investigation, led by IClJ,
exposed highly
connected networks of
offshore tax structures

used by world’s richest
elites

Hype Cycle for Artificial Intelligence, 2020

Expectations

Peak of
Innovation Inflated Trough of Slope of Plateau of

Trigger Productivity

Time
less than 2 years @ 2t05years @ 50010years A more than 10 years ® obsolete before plateau s of July 2020

gartner.com/SmarterWithGartner

R it ; Gartner

In 2020, Gartner put
Knowledge Graphs at
the peak of its Al hype
cycle
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KGs — Data Sources and Categories
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Knowledge Graphs (KGs) — Components,

Representation, and Usage

[KG Components]

® Nodes: entities, concepts, or instances within a domain,
e.g., people, places, organizations, concepts, events, etc.

® Edges: relationships and connections between nodes,
e.g., Is-a relationship, Part-of relationship, Related-to
relationship, etc.

® Properties: additional descriptive information and
metadata associated with nodes or edges, e.g., attributes,
features, labels, Qualifiers, metadata, etc.

® Ontology: schema and vocabulary used within the KG,
providing a structured framework for representing domain

knowledge.

[ KG Representations]

® RDF Triples: collection of <subject, predicate, object>
triples.

® Property Graph: graph model having nodes and edges
with arbitrary number of properties, where a node (a
subject or an object) denotes an entity and a directed
edge (a predicate) is a relationship between two entities.
* KG Embedding: Vector representation of KG nodes and
edges in low-dimensional space, such that the original
structures and relations in the KG are preserved in these
learned semantic vectors.

|KG Applications |

Knowledge Graph Applications

Question-Answering

Semantic Searching

Data Governance

Automated Fraud Detection
Insider Trading

Personl isNamed
Person2 isNamed
Person3 isNamed
IOVi 1 hasTitle
Moviel hasActor

vlz
ovie2
ovie2

RDF Triples

Recommender System

"John Waters"
"Stephen Spielberg"
"Darren E. Burrows"
"Cry-Baby"

Person3

Moviel hasDirector Personl [
hasTitle "Amistad"
hasActor Person3
hasDirector Person2

\J

Knowledge Sharing

Dashboard

Knowledge Management

Domain-

Specific

Y

Finance

Education

Clinical DSS
Medical <:
Information Retrieval

7

Type: Movie

1990

Darren E [Type: Actor
Burows | [Bom In: Kansas

Directed |4
1997

ype: Director
Born In: Maryland

[Born In: Ohio

[Type: Director I

Property
Graph

KG
Embedding



KGs — Benefits and Challenges

| KG Benefits |

structured, highly curated, and reliable representation of knowledge via explicit relationships.

support symbolic reasoning and inference, with answer validation and explainability.

\/ schema-flexible: updated dynamically with new knowledge via addition or deletion of triples/ nodes
& edges.

\/ offer accurate explicit knowledge in many downstream applications, e.g., web search, QA, semantic
search, personal assistants, fact-checking, and recommendation.

|KG Challenges

* Difficult to construct.
* Difficult to query due to incompleteness, schema-flexibility, heterogeneity, and massive-scale.

* User Barriers in SPARQL/Cypher-Style Querying: non-professional users find it challenging to
write an accurate query, e.g., via SPARQL, Cypher, Gremlin, GSQL, etc., since users must have full
knowledge of the query language, schema, and the vocabulary used in a KG. Current KG querying
approaches generally lack language understanding, are inadequate to deal with unseen entities
and new facts, and often ignore multi-modal information in KGs.

* Interoperability issue: existing methods are tailored for specific KGs or downstream tasks.
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LLMs+ KGs: Synergy

| KG for LLM |

KGs offer external knowledge (up-to-date, domain specific, and symbolic knowledge) for
enhancing the accuracy, consistency, transparency, and the overall capabilities of LLMs.

KG-enhanced pre-training, fine-tuning, and inference (KG-RAG).

KG-enhanced validation (LLM guardrail) and explainability.

| LLM for KG |

LLMs augment KGs via knowledge extraction, auto-completion, and incorporating multi-
modal information, enhancing usability and performance of downstream tasks with natural
language understanding and generalization capabilities.

LLM-enhanced KG creation and completion.

LLM-enhanced KG embedding.

V LLM-enhanced KG guerying, analytics, and domain-specific applications.
[ LLM+KG |

Downstream applications benefit from the complementarity of LLMs and KGs — LLMs and
KGs offer parametric vs. explicit knowledge, respectively.
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Role of KGs in Synthesizing with LLMs

Our Recent Survey

— LLMs Meet Knowledge Graphs for Question Answering: Synthesis and

Opportunities [EMNLP Main 2025] https://github.com/machuangtao/LLM-KG4QA

CLargc Language Models Meet Knowledge Graphs for QA)
I

KGs as Back-
ground Knowledge

KGs as Reasoning
Guidelines

KGs as Refiners
and Validators

Advancements

Knowledge Inte- }InfuserKl (Wang et al., 2024a); KEFF (Zhao et al., 2025a); KnowLA (Luo et al., 2024b); KG-

gration and Fusion \Adapter (Tian et al., 2024); GAIL (Zhang et al., 2024d) )

{

Retrieval Aug- }(PLRTQA (Alawwad et al., 2025); GNN-Ret (Li et al., 2025b); GRAG (Hu et al., 2024b); )

mented Generation \LEGO-GrathAG (Cao et al., 2024); KG-RAG (Xu et al., 2024); KG2RAG (Zhu et al., 2025)

{ Offtine KG Guidelines }—

SR (Zhang et al., 2022); InfuserKI (Wang et al., 2024a); KnowLA (Luo et al., 2024b); KG- B

\Adapter (Tian et al., 2024); GAIL (Zhang et al., 2024d); KELDaR (Li et al., 2024b) )

{ Online KG Guidelines }—

Oreo (Hu et al., 2022); KBIGER (Du et al., 2022); LLM-ARK (Huang, 2023); ToG (Sun et al.,

2024a); ToG-2 (Ma et al., 2025b); KG-CoT (Zhao et al., 2024b)

(

Agent-based
KG Guidelines

J—(KG Agent (Jiang et al., 2024); ODA (Sun et al., 2024b); GREASELM (Zhang et al., 2021)

r

-

KG-Driven Filter- ACT-Selection (Salnikov et al., 2023); Q-KGR (Zhang et al., 2024c); KG-Rank (Yang et al.,
ing and Validation 2024); KGR (Guan et al., 2024)

~

\ Output Refinement

KG-Augmented

Tvbrid Method KG-RAG (Sanmartin, 2024); LongRAG (Zhao et al., 2024a); KG-Rank (Yang et al., 2024);
y FRAG (Zhao, 2024); KGQA (Ji et al., 2024)

]—(EFSUM (Ko et al., 2024); InteractiveKBQA (Xiong et al., 2024); LPKG (Wang et al., 2024b) )

Oolirization PG-RAG (Liang et al., 2024b); KGP (Wang et al., 2024d); SPOKE KG-RAG (Soman et al.,
P 2024); GoR (Zhang et al., 2024b); KG-Retriever (Chen et al., 2024b)

Chuangtao Ma, Yongrui Chen, Tianxing Wu, Arijit Khan, and Haofen Wang, "Large Language Models Meet Knowledge Graphs for Question
Answering: Synthesis and Opportunities", in Conference on Empirical Methods in Natural Language Processing 2025 (Main).
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Question Answering (QA): Introduction

* QA: QA deals with answering unstructured natural language questions (NLQs)
— it also includes a natural language understanding task.

|QA Categories |

* Simple vs. Complex Questions:

v Simple question [ a single triple and a single relation, e.g., “where was Albert
Einstein born?” can be answered based on the relation ‘born’: <Albert Einstein,
born, ?place>.

v Complex question B multiple KG relations (multi-hop) and/or additional

operations (e.g., aggregate, order, temporal), e.g., “what was the first movie of
James Cameron that own an Oscar?”

| QA Applications |

Multi-document QA
Multi-lingual QA  Text generation, chatbots, dialog
Multi-modal QA generation, web search, entity linking,
lti- d conversational QA natural language query, fact-checking, ...
Multi-run an * Open-domain QA, domain-specific QA

TemPPra| QA « Al, NLP, information retrieval, and data
Factoid QA management

Explainable QA

77



LLM+KG for QA: Motivation and Challenges

* PLMs & LLMs for QA based on their pre-trained knowledge and natural language
understanding capabilities [35]

[ Challenges of PLMs and LLMs in QA ]

* Limited reasoning ability for complex QA
* Lack of up-to-date and domain-specific knowledge
* Hallucination and inconsistency

[Motivation of KGs+LLMs in QA |

KGs can offer external, precise, up-to-date, and domain-specific knowledge
to LLMs via pre-training, fine-tuning, and RAG (Graph RAG, KG-RAG)
v Improve LLM’s accuracy and consistency
v Support answer validation (LLM guardrail) and explainability.

[Challenges of KGs+LLMs in QA

* Knowledge conflict

* Poor relevance and quality of retrieved data, limited context size of LLMs
* Large-scale and dynamic KGs

 Lack of iterative and multi-hop reasoning: /8



LLM+KG for QA: Roles of KG in Complex QA

| Approach Strength KG Requirement .

KG as Broad Coverage
Background
i Knowledge
KG as Reasoning  Multi-hop Computational
Guidelines Capabilities Overhead
KG as Refiners Hallucination Validation
and Validator Reduction Latency

Static Knowledge High Domain

Comparison of Approaches with

SRNETEEE Different Roles of KG

Rich Relational
Paths

High Accuracy &
Recency

Approach Multi-doc QA Multi-modal QA Multi-hop QA -

Al £ KG as Background
'shment o Knowledge
Approaches to :
KG as Reasoning v
Complex QA Guidelines
with Different :
Roles of KG KG -as Refiners and X
Validator
Hybrid Methods v

v v X v
X v v X
v v v v
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Relevant Tutorials
GenA

| QA LLMs,KG | v

* Danqi Chen and Wen tau Yih. 2020. Open-domain question answering. In ACL. 34-37.

* Lihui Liu, Zihao Wang, Jiaxin Bai, Yangqiu Song, and Hanghang Tong. 2024. New frontiers of knowledge graph
reasoning: Recent advances and future trends. In WWW. 1294-1297.

* Jizhi Zhang, Keqin Bao, Yang Zhang, Wenjie Wang, Fuli Feng, and Xiangnan He. 2024. Large language models for
recommendation: Progresses and future directions. In WWW Companion (2024). 1268-1271.

| LLMs+KGs/Graphs, RAG |

* Wengi Fan, Yujuan Ding, Liangbo Ning, Shijie Wang, Hengyun Li, Dawei Yin, Tat-Seng Chua, and Qing Li. 2024. A
survey on RAG meeting LLMs: Towards retrieval-augmented large language models. In SIGKDD. 6491-6501.

* Chao Huang, Xubin Ren, Jiabin Tang, Dawei Yin, and Nitesh Chawla. 2024. Large language models for graphs:
Progresses and directions. In WWW. 1284-1287.

* Qiang Zhang, Jiaoyan Chen, Zaigiao Meng. 2024. Integrating Knowledge Graphs and Large Language Models for
Advancing Scientific Research. Learning on Graph Conference (LoG).

* Chuangtao Ma, Yongrui Chen, Tianxing Wu, Arijit Khan, and Haofen Wang, "Unifying Large Language Models and
Knowledge Graphs for Question Answering: Recent Advances and Opportunities ", in EDBT 2025.
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KGs as Background Knowledge

" KGs and Text Alignment: Joint Learning with PLMs

— Where are KGs?
Entity

- KGs and text data are stored separately (Common scenario for QA task) Linking

- KGs (entities or relations) having the textual description (Text-KG pair) KG
Retrieval

: K6 Retrieval Cross-model Joint Learning |
E \ Encoder :
5 LW L | :
L Kés | Entity wer Jl
E \ Link '

L &

LP
—>
Parser D]]]]

LS Entities |/ 5
Eﬁggl Input Response :

Questions

V

Joint learning
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KGs as Background Knowledge

» Knowledge Integration and Fusion

* Joint Learning: Unified representation for KG and PLM [ACL2021]

- Encode textual description of entity as entity embeddings and jointly train the KE

and MLM on the same PLM

+
P : L=Lig+L
— ] \\t KE T AMLM;
Encoder ’ ’ Embeddings ’ ‘ Encoder Encoder ‘
T |
<s> Johannes Kepler was a German astronomer ... <s> An astronomer s a scientist in the field of . ... Kepler <mask> to have had an epiphany on ...
texty text, !
h r t .
[l Johannes Kepler JTEIIIN Astronomer ) / JOInt IOSS for
y . knowledge
{ ‘ embeddings and

masked language
model

Wang, X., et al. A unified model for knowledge embedding and pre-trained language representation. ACL, 2021, 9: 176-194. 82



KGs as Background Knowledge

= Knowledge Integration and Fusion

* Joint Learning: Bidirectional language and KG pretraining

[NeurlPS2022]
- Retrieving relevant subgraph from KG based on text to create text-KG pair.
- Leveraging cross-modal encoder that fuses the input text-KG pair bidirectionally.

- Unifying masked LM and KG link prediction for and joint learning reasoning.

- ot g o ":“::LM (KG:'"bk”h"’d:“r") M.odzfllity interaction (Mint)
S Y bjecie \ T with interaction token and
e node to mix representation
- for joint learning
4 o l ! 2
g : f[ f\ “Jied Ba. [h nt? € znt] = MInt([hmt7 znt])

If it is not
bair, 2 cound brysh is an
exanple of [MASK] [MASK].

Text Local KG

Raw data Pretrain DRAGON

Yasunaga, Michihiro, et al. Deep bidirectional language-knowledge graph pretraining. Advances in Neural Information
Processing Systems 35 (2022): 37309-37323. 83



KGs as Background Knowledge
» Knowledge Integration and Fusion
* Fine-tuning: Parameter-efficient fine-tuning (KG-Adapter) [ACL 2024]

® Only ~28M adapter parameters are trained, while the 7B-parameter LLM remains frozen.

....... * KG-FIT (NeurlPS 2024): fine-tunes the KG
gwfaysi B itself using open-world knowledge

ﬁ - | extracted from LLMs.
Knowledge Graph
.................. \;T.efr.lz.e.(.‘is.sﬁf.}(f.S.n.lfme) LLM i Previous: Fine-tune LLM with KG
/I \\
I \
H Q: Who'is the brother of i Classification Data \:L‘} >
: K& ( ok father, Jeremy Bieber)' ---- : <SpaceX, launched, Starlink>
: (deremy Bieber, son, ) : <Elon Musk, founder of, Google> 8 4
: 1 <Twitter, renamed to, X> (] ( "
) A: Justin Bieber does not have a brother. x | VN : Open-Source
| : LLMs/PLMs
\ Prompt-based Method J aalid oot L
sharing | KG-FIT: Fine-tune KG with LLM

Entity Knowledge

! Directaccess KG- \

I structured KG 1 Ada;ter :

1 | )

i @ i @ i. Entity Description p O’\“.’o
F : <Pikachu, “Pikachu is a fictional species

: Q:Who'is the ‘/ : of the Pokémon media franchise .."> @ “‘ E [&)

1| brother of > ! {'O‘) : ®)

! ! @

: ]
... Lama-7b_| _ Our Method KG Any LLMs &8 ii.Entity Hierarchy KGs

Shiyu Tian et al. KG-Adapter: Enabling Knowledge Graph Integration in Large Language Models through Parameter-Efficient
Fine-Tuning. ACL 2024.

Jiang, Pengcheng, et al. KG-FIT: Knowledge graph fine-tuning upon open-world knowledge. Advances in Neural Information
Processing Systems 37 (2024): 136220-136258. 84



KGs as Background Knowledge

Retrieval Augmented Generation (RAG): from PLM to LLM
® Semantic RAG: retrieve document or chunks with limited reasoning abilities

®* KG-RAG: retrieve subgraph (triples) from KGs with factual-based relationships

(a) Language Model Prompting w/o Knowledge Augmentation
[Prompt]
! Question: Which member of Black Eyed Peas appeared in Poseidon?
— Answer:
; @ [Generated Answer]
Retrieved chunks Tariq Al
LLM-only Iml (b) Knowledge-Augmented Language Model Prompting
> -Res 0nse .
= B Knowledge Graph N
LLM 't _member las_par
[Poseidon - e =
06 Graph RAG .
[Prompt] Retrieval
KG Sl Below are the facts that might be relevant to answer the question: #*
ubgrap (Black Eyed Peas, has part, Fergie), (Black Eyed Peas, has part, Kim Hil),
(Poseidon, cast member, Fergie)
Question: Which member of Black Eyed Peas appeared in Poseidon?
L L M A RAG A Answer:
G ra p h R AG Li:gni:rated Answer]
How to fuse and align LLM Prompt-based
? .
and KG ? Augmentation

Xiangrong, Zhu, et al. Knowledge Graph-Guided Retrieval Augmented Generation. arXiv preprint arXiv:2502.068641 (2025).
Baek, Jinheon, et al. Knowledge-augmented language model prompting for zero-shot knowledge graph question
answering. arXiv preprint arXiv:2306.04136 (2023). 85



KGs as Reasoning Guidelines

= KGs serves as reasoning guidelines to LLMs for QA
* Offline KG guidelines: KGs-based reasoning before LLMs reasoning
® Online KG guidelines: KGs-based reasoning directly involves in LLMs
reasoning

* Agent-based KG guidelines: Agent-based autonomous reasoning

Prompting “’Graph Neural Network (GNN) on Knowledge Graph (KG)
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whose writers also wrote Birdy?

Liu, Guangyi, et al. Dual Reasoning: A GNN-LLM Collaborative Framework for Knowledge Graph Question Answering. CPAL,
(2025).



KGs as Reasoning Guidelines

= Online KG Guidelines

* KG-based CoT Reasoning for KGQA [EMNLP, 2024]

Integrate the reasoning process and subgraphs into knowledge retrieval

Employ instruction tuning and continual pre-training to learn the KG reasoning

KG Retrieval

Question @
What is the name of
Justin Bieber brother?

o o . e s s . =

-

: Let’s think step by step: '™
1

1 1. Identify Justin Bieber's *
! Siblings ... :
: 2. Find the Brother ... |

(

»' Question H@
Rl SN
-->: Question  Stepl

1 see
| Question Stepl «e.s Stepn

T,

V
\

Answer
Jaxon Bieber

KG reasoning LLM

Justin Bieber:
sibling_s:
- m.Ogxnnwc
- m.Ogxnnwp
Jaxon Bieber:
sibling_s: m.Ogxnnwp

»

.'Instruction Tuning

! =1
| Entity-level Task 0&® 1
| Please predict the entity [...] :
| Relation-level Task |
1 Please recognize the relationship [...J;
| Graph-level Task 1

| Please convert them into sentences :

1 =
| Justin Bieber: (8]
I profession:

1 o
V- Musician

| - Record producer

I album:

: - All Bad

\ - Believe Acoustic ... ...]

|r KG Reasoning Training @
1
| Hereis a problem, o

I along with clues from

1
1
I KGs and answers. M
| Please provide the aD
| corresponding [l
| reasoning process.
. g

\ 4

Prompt 1: Generating CoT for Retrieval

Please think step by step and then answer the given
question.

Here are some examples:

Input: <Demonstration Question>

CoT: Let’s think step by step. <Demonstration CoT>
##H Output: <Demonstration Answer>

Input: <Question>
CoT: Let’s think step by step.

Prompt 2: Utilizing KG to Reason

Please think step by step and then answer the given
question. Please keep the answer as simple as
possible and return all the possible answers as a list.
If there are hints, please combine this information to
answer.

Here are some examples:
Input: <Demonstration Question>
Hints: <Demonstration Knowledge Graph>
> CoT: Let’s think step by step. <Demonstration CoT>

#it# Output: <Demonstration Answer>

Input: <Question>
Hints: <Knowledge Graph>
CoT: Let’s think step by step.

Ji, Yixin, et al. Retrieval and reasoning on KGs: Integrate knowledge graphs into large language models for complex question
answering. EMNLP. (2024).
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KGs as Reasoning Guidelines

= Agent based Reasoning

* KG-Agent: Agent-based autonomous reasoning for KGQA [ACL 2025]

Which sports team for which Cristiano

Ronaldo played in 2011 was founded last ?

The answer is .
football team

Knowledge Memory Updating

Portugal national

Autonomous Reasoning

=1 :
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founded ’y Output y,
constraint 2 - ans=end (v3) v0=get tail entity(m.02xt6q, team)

Agent-based autonomous
reasoning over KG

Agent autonomously iterates
the tool selection and
knowledge updating for
reasoning util reaching the
answer entities

Example of instruction fine-tuning data synthesis and KG reasoning for the input-output pairs

Jiang, Jinhao, et al. KG-Agent: An efficient autonomous agent framework for complex reasoning over knowledge 88
graph. https://aclanthology.org/2025.acl-long.468/ (2025).




KGs as Refiners and Validators

= Refine and validate the answers for QA
* KG-Driven Filtering and Validation: validate and filter out the
incorrect answers

* KG-Augmented Output Refinement: refine intermediate output for

final answer —

Question: When is Frédéric Chopin's father's birthday?
Proposed Answer: Frédéric Chopin's father is Nicolas Chopin,

NLP ED:E'] Ké Matcher(<headl, relationl, tailld he was bom on June 17, 1771.

: . ; > Claim: ["Frédéric Chopin's father is Nicolas Chopin",
Questions %EDID% % <head?2, relation2, tail2d "Nicolas Chopin was bom on June 17, 1771
Parser Retrieval |<head3, relation3, tail3>

e @ Entities K6s — >> Verify Claim: Frédéric Chopin's father is Nicolas Chopin.
& One-hop >> Searched triples in KG: [(Frédéric Chopin', 'father’, ‘
'Nicolas Chopin')]
Initial answer 1 relation
Claiml; I @  Theevidence suggests that Frédéric Chopin's father is indeed
Initial answer 2, ] S tg’l Nicolas Chopin.
Generation Claing; Ranking >> Verify Claim: Nicolas Chopin was born on June 17, 1771. °
D00 Claim >> Searched triples in KG: [('Nicolas Chopin', 'date of birth', a
LLMs Initial answe n, e "1771-04-15T00:00:002)]
f Verification
Claim n

The evidence suggests that Nicolas Chopin was born on April 15,
1771, not June 17, 1771 as stated in the proposed answer.

feja-

Response Above all, Frédéric Chopin's father is Nicolas Chopin, but he

<headl, relationd, t"in’J was bomm on Apri 15, 1771, notJune 17, 1771,

Reﬁ"eme”t(— <head?, relation2, tail2d
Refined < < Verified ead?, relation2, tai
Answers Claim Question: When is Frédéric Chopin's father's birthday?
Here's the most possible answer: Frédéric Chopin's father is

Top-k triples
LLMs Nicolas Chopin, he was born on April 15, 1771.

Befe-

Guan, Xinyan, et al. Mitigating large language model hallucinations via autonomous knowledge graph-based retrofitting. AAAL.
(2024).



Takeaways

" KG-RAG

* \Vector-based graph retrieval: vector-based search is time-consuming and
computing-consuming task for large KGs.

* Query-based graph retrieval: convert NLO, to GQL is still a challengeable task as
the specific schema structure is agnostic for LLMs.

® KG-guided Reasoning

* Complex reasoning: reasoning over the large-scale KGs is a time-consuming
and computing-consuming task.

* Faithful reasoning: generate the reasoning paths from KGs relies on the
prompt and tuning LLMs while the faithful of the KG reasoning need to be

addressed.
® LM and KG Alignment

* Effective knowledge fusion: integrating LLMs with KGs with the prompt-based
fusion is not the optimal one as the topological information of KGs will be lost
during the conversion.

* Knowledge conflicts mitigation: the knowledge conflicts between the internal
knowledge of LLMs and the retrieved external knowledge need to be
mitigated.
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KG for LLM: Domain-specific Applications \
GenP

® Bishwamittra Ghosh, Sarah Hasan, Naheed Anjum Arafat, and Arijit Khan, "Logical

Consistency of Large Language Models in Fact-checking", in ICLR 2025.

® Feiyang Li, Peng Fang, Zhan Shi, Arijit Khan, Fang Wang, Weihao Wang, Xin Zhang,
and Yongjian Cui, "CoT-RAG: Integrating Chain of Thought and Retrieval-
Augmented Generation to Enhance Reasoning in Large Language Models", in
EMNLP 2025 (Findings)

® Chuangtao Ma, Sriom Chakrabarti, Arijit Khan, and Balint Molnar, "Knowledge
Graph-based Retrieval-Augmented Generation for Schema Matching, under
submission. https://arxiv.org/abs/2501.08686

® Chuangtao Ma, Zeyu Zhang, Arijit Khan, Sebastian Schelter, and Paul Groth, "Cost-
Efficient RAG for Entity Matching with LLMs: A Blocking-based Exploration®, under
submission. https://arxiv.org/abs/2602.05708
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Logical Consistency of Large Language Models in Fact-checking

Fact

Thomas Mann

award winner

in Literature

Nobel Prize

~

Y~

Consider the context: $Context.

AN

[ICLR 2025]

BES starting
from Thomas Mann

Knowledge graph

—

T.S. ) g
. -~ awan . awan —
Eliot winner 7 Nobel Prize & nominee
in Literature

Aldous
Huxley

A

Leo
Tolstoy

award
winner
~

award

. influenced by
winner )
~

7/

Franz & influenced — Thomas

Henri
Bergson

Kafka Mann

[s the fact correct given the context? $Fact.
LLMQuery (Prompt)

T.S. Eliot | award winner | Nobel Prize in Literature
Thomas Mann | influenced | Franz Kafka

Thomas Mann | award winner | Nobel prize in Literature

Context

Figure 1: Our LLM-based fact-checking framework with the KG context. The LLMQuery shown is
an example of zero-shot prompt, that 1s, it does not contain examples or demonstrations.

* What is their consistency over logically equivalent changes in the input query?
* How to improve an LLM's consistency under logically equivalent perturbation in input query?

~

Datasets Fact types and Rules Training Evaluation Test
Freebasel FC P. PP AGPV(q 1K (x4) SK (< 4) 5K (x4)
parlgvr),pvigar),pvqgeoqvpprqgeqADp — 5K (x4) 5K (x4)
NELLLFC All above fact types and rules — 5K (% 8) 5K (x8)
WikiLFC p, —p — 5K (x2) 5K (x2)
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COT-RAG (EMNLP 2025): Background

Standard Prompting Chain-of-Thought Prompting

- D B

Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?

A: The answer is 11. A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples

) do they have?
C W

nswer is9. ¢

(Chain-of-Thought Prompting Elicits Reasoning in Large Language Models) by
Google in NeurlPS 2022



Input

Roger was helping the cafeteria
workers to pick up lunch trays, but he
could only carry 4 trays at a time. If
he had to pick up 10 trays from one
table and 2 trays from another, how
many trips will he make?

Let's think step by step.

Output

Let's break down the problem step by
step:
1.Determine the number of trays from
each table:

From the first table,Roger needs to
pick up 10 trays.

From the second table.he needs to
pick up 2 trays.

2.Calculate trips for each table
The first table: 10/4=2.5=3trips

The second table: 2/4=0.5=1tirp

3.Total trips:
Add the trips from both tables:
3(from the first tabel)+1(from the

second table)=4 trips

Therefore,Roger will make a total of 4

trips.
(a) Zero-shot-CoT x

Input

#Question:Roger was helping the
cafeteria workers to pick up lunch
trays, but he could only carry 4 trays at
a time. If he had to pick up 10 trays
from one table and 2 trays from another,

how many trips will he make? # Answer

this question by implementing a solver()
function. def solver(): # Let’s write a
Python program step by step, and then
return the answer # Firstly, we need to
define the following variable:

Output

import math
# Step 1: Define the number of trays
needed from each tabel

trays tablel = 10; trays table2
# Step 2: Define the number of trays
Roger can carry at a time

trays per trip=4

# Step 3: Calculate trips needed for the
first table
trips tablel

"

math.ceil(trays tablel
trays per trip) #Round up

# Step 4: Calculate trips needed for the
second table
trips_table2 = math.ceil(trays table2
trays per trip) #Round up

# Step 5: Calculate total trips

total trips = trips_tablel + trips table2
return total trips

@ Python Interpreter -
(b) PoT

Input

Roger was helping the cafeteria
workers to pick up lunch trays, but he
could only carry 4 trays at a time. If
he had to pick up 10 trays from one
table and 2 trays from another, how
many trips will he make?

Let’s first understand the problem
and devise a plan to solve the
problem. Then, let’s carry out the plan

and solve the problem step by step.

Output
Plan:

1.Determine how many trips he
needs to make for the first table:
2.Determine how many trips he
needs to make for the second table:
3.Sum the trips: Add the trips from
both tables

Step-by-Step Solution:

1.For the first table (10 trays):
Divide 10 trays by 4 trays per trip:
10/4=3 trips #Round up

2.For the second table (2 trays):
Divide 2 trays by 4 trays per trip:
2/4=1 trip #Round up

3.Total trips:

3 trips+ 1 trip =4 trips total.

Conclusion: Roger will make 4 trips

in total.
(c)PS x

Input

Roger was helping the cafeteria
workers to pick up lunch trays, but he
could only carry 4 trays at a time. If
he had to pick up 10 trays from one
table and 2 trays from another, how
many trips will he make?

The given reasoning logic is as
follows: first add up the trays of two
tables and then calculate trips.

Output

To solve the problem, let's follow the
reasoning logic you provided:

1.Calculate the total number of trays:

From the first table: 10 trays

From the second table: 2 trays

Total trays = 10 + 2 = 12 trays
2.Determine how many trays Roger
can carry per trip:

Roger can carry 4 trays at a time.
3.Calculate the number of trips
required:

Total trips
trip

Total trips
trip = 3 trips
Thus, Roger will make 3 trips to pick
up all the trays.

Total trays / Trays per

12 trays / 4 trays per

(d) Manual Intervention V

Motivation 1 : The low reliability of relying solely
on LLMs to generate reasoning chains

Figure 1: Example inputs and outputs of GPT-40 mini with (a) Zero-shot-CoT (Kojima et al., 2022), (b) PoT (Chen
et al., 2023), (c) PS (Wang et al., 2023a) and (d) Manual Intervention on MultiArith (Roy and Roth, 2015). 94



Motivation 2 : The poorer reasoning
performance from natural language prompts
compared with code prompts

Math Word Problems Planning Multi-hop QA Relation
Method GSM8K  SVAMP  MultiArith  ASDiv. AQuA | SayCan | StrategyQA Date Sport | CLUTRR
Greedy Decoding
Standard 19.6 69.5 43.8 721 315 82.5 63.9 513719 42.0
CoT 63.3 71.3 96.5 80.0  42.1 86.4 72.5 59.9 986 48.5
LtM 38.3 80.3 74.0 76.5  40.6 T1.7 72.2 76.6  99.5 412
Faithful CoT (ours) | 723 83.4 98.8 80.2  47.2 89.3 63.0 81.6 99.1 58.9
Self-Consistency Decoding
CoT 78.0 86.8 100.0 842 520 89.3 79.8 63.8 98.0 45.7
LtM 33.8 80.5 74.0 763 449 76.7 71.9 712 994 50.9
Faithful CoT (ours) |  80.0 88.8 99.2 844 614 94.2 65.2 85.5 99.0 719

v' The above Table demonstrates the poor performance of natural-language
reasoning methods (CoT, LtM)

v Prior work[2,3] establishes the superior performance of code over natural
language prompts.
[1] Faithful Chain-of-Thought Reasoning. /JCNLP-AACL 2023

[2] PAL: Program-aided Language Models. /ICML 2023
[3] AdaPlanner: Adaptive Planning from Feedback with Language Models. NeurlPS 2023 Qf



CoT-RAG: A reasoning framework integrating Chain-of-
Thought (CoT) and Retrieval-Augmented Generation
(RAG)

1) Knowledge Graph-driven CoT Generation
[ef LLM(case,question,description): \

LLM_answer=Given the question, the case
is « historical example about the question.

o o o i o o
,’ Node2 N

decomposition

<
/<< .@coT ¢
<

< Luw Node | decomposition x

Please study this example and answer the
question based on the description

return LLM_answer
sub_question="How many lunch trays can
the person carry at once?"
sub_descriptionl=""
sub_casel="
Description: Tom is helping the restaurant
staff to collect dishes, but he can only carry 6
plates at a time.
Answer:Tom can carry 6 plates at a time."
answerl=LLM(sub_casel,sub_question!,sub

_descriptionl) /

Initialize Pseudo-Program
Knowledge Graph

3) Pseudo-Program Prompting Execution

 def LLM(case,question,description): \

LLM_answer=Given the question, the case

o

®

b0

®

= -

Modification
Expert

N

7

&

Construction

Expert

!
|
|
|
|
|
|
|
|
|
|
|
|
|

T ————————— >

lode 3

Knowledge Graph knmm /

- - -

\\ Decision Tree

T -

Decision tree node decomposition
Update Decision Tree Prompt for Extraction

2) Learnable Knowledge Case-aware RAG

ol ([Fo==== Y
9 User Input (Sub-description I: "\
|| Roger can only carry 4 |
|\ N‘u)t\' at a time.

/- o e -\\ is a historical example about the question.
[ Qllely descrlptlon | Please study this example and answer the
i [ 1 uestion based on the desc
My name is Roger, and I'm a helpful s e s

return LLM_answer

ription

Output

indiv [xl‘uuyl .‘,‘ /uf fl/:! ays h:lw to lffl{xl‘ a ~ o T ke
hand where ’,!m’“l‘ Toazy, Ljound .@ l /Sub-de“‘”p”on 2: \‘lR \(w the person c":’)'flnnct.’"" “.Theﬁnal

l R()(rg, have to /)1( k up A\ | sub_descriptionl= Rugerum e

| only carry 4 trays at a time.” |:> ’::> answer 1s that

I 10 trays from the first st e
IUI)III;IIII ,ﬁ was ;II”L\’””/”“I 1o get I‘/n \[(l/ )/ €. ) /‘l m;"m";":;‘d;::"‘bw‘::‘:::ﬂ':’;’:::"';"h R~ tl'l‘[)S 1
Job done ¢| IULII v. S0, [ had to make — : o

‘/Sub'descriptiﬂn 3: \I er‘:;:wl:;;l’nm:an carry 6 plates at a time." carry all the

from a different table. It was a bit of a
workout, but I was happy to

contribute to the smooth operation of

I\I/l(' cafeteria... /

Extract Sub-descriptions

LLM

‘\lql)/a

Roger have to pick up 2
trays from the second

answerl=LLM(sub_casel,sub_question],sub_
description])

NI

Update Pseudo-Program
Knowledge Graph

LLM

trays. ...

Execute Pseudo-Program
Knowledge Graph
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Knowledge Graph-driven CoT Generation

7’

! Question: \

| How much time will the person spend ? 1

| Knowledge case: '

I Tom needs to make 4 trips to collect all :

I > 2% > v 9 o

| the plates as he has a total of 24 plates to |
|
|
|
|
|

| pick up and can only carry 6 plates at a
I time. Since each trip takes 3 minutes, to
| find out the total time, we multiply the

7’
! Question:
1 How many trips will the person make?
| Knowledge case:
I Tom assists the restaurant staff in

collecting dishes, but he can only carry 6 {1V

| Plates at a time. He needs to pick up 15
I plates from one table and 9 plates from
Vanother. The total number of plates from |
both tables amounts to 24, so he needs to |
\carry them 24/6=4 times. /
o N

\
|
|
I
|
|
|
|
|

Decision Tree

Key Innovations:
Structuring LLM reasoning with expert-defined, coarse-grained

decision trees

\dnswer I: Initial value is null

N

Sub-question 1: Entity 1

How many lunch trays can the person
carry at once?

Sub-case I:

Description: Tom is helping the restaurant
staff collect dishes and he can only carry 6
plates at a time.

Answer: Tom can carry 6 plates at a time.

Sub-description 1: Initial value is null /
. Entity 2

@h-qum‘rmn Z:L’ ity 2

How many trays does the person need to

pick up from the first table?

plates from one table and 9 plates from

another. Answer: Tom needs to pick up 15
al value is null

\@swerz: Initial value is nul

pick up from the second table?

Sub-case 3:

another. Answer: Tom needs to pick up 9

plates from the second table.

Sub-case 2:

Description: Tom needs to pick up 15

plates from the first table.

Sub-description 2: Initial J
) o

Sub-question 3: Entity :

How many trays does the person need to

Description: Tom needs to pick up 15

plates from one table and 9 plates from

Sub-description 3: Initial value is null

nswer 3: Initial value is null

@b-question 5 Entity 3

How many trips will the person need to
make to carry all the trays?

Sub-case 5:

Description: Tom can carry 6 plates at a
time and Tom needs to carry 24 plates in
total. Answer: 24/6=4. Therefore Tom
needs to make 4 trips.

Sub-description 5: Answerl+Answerd
\@swer 5: Initial value is null

gub-ques(ion 4 Entity 4
How many trays does the person need to
carry in total?

Sub-case 4:

Description: Tom needs to pick up 15
plates from the first table and 9 plates
from the second table. Answer: 15+9=24,
Tom needs to carry 24 plates in total.
Sub-description 4: Answer2+Answer3

nswer 4: Initial value is null

N

J@mm- 7
\

Triplet

<Entity I, Answer Provision, Entity 5>

<Entity 2, Answer Provision, Entity 4>

%

9[ Entity 10
Entity 11

Entity 8

O

AN

N

/ N

Knowledge Graph

Decomposing trees into fine-grained knowledge graphs to model
complex relationships
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Learnable Knowledge Case-aware RAG

Decision tree node decomposition
Update Decision Tree Prompt for Extraction

2) Learnable Knowledge Case-aware RAG Key Innovations:

g"»"‘% User Innut ( ;b_d — _1_ “l « Extracting sub-descriptions
rin ub-description 1: :
SCMIIBY HOHRID 5 from user queries by
/ S | | Roger can only carry 4 | o
Query description |\irays at a time. retrieving relevant sub-
My name is Roger, and I'm a helpful
individual who always likes to lend a l I cases frOm the knOWIGdge
hand where needed. Today, I found o e "
rlii’.si'/;l{(;z(firllfz my support to the @ Sub-descrlptwn 2. IRAG g ra ph
cq/‘;t/cm/( n'(?lr/\'u'r.s'vl.{v/1('l/v11'nv‘g'rv//zcnjill’z’)v I R()Uel' /1 ave to p ] Ck U p
pick up lunch trays. However, there's S : 4 |
a bit of a challenge — I can only carry |:> |::> 1() travs f[’()m f/?@ //II'St Q
4 trays at a time. Despite this o ‘ . [
/in:i;'a;i()n,(l was (letc'll'milwd to get the I [able. I i Updatlng the deCISlon tree
Jjob done efficiently. So, I had to make .
multiple trips, picking up 10 trays "
»;i'uinzlf)mu table and another 2 trays LLM Sub-descrlptlon 3,‘ | dynamlca”y based On user
rom a different table. It was a bit of . . S
i, i | Roger have to pick up 2 || input to optimize the
contribute to the smooth operation of % ¥
\the cafteric. ) ||t (11)[19]/ om the second | kn owledge graph
favle.
Extract Sub-descriptions ~ \=rm——=m———— <
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Pseudo-Program Prompting Execution

3) Pseudo-Program Prompting Execution

\

LLM_answer=Given the question, the case
is a historical example about the question.
Please study this example and answer the
question based on the description

return LLM_answer
sub_questionI="How many lunch trays can
the person carry at once?"

sub_description]= "Roger can

| only carry 4 trays at a time."
sub_casel="

Description: Tom is helping the restaurant
staff collect dishes, but he can only carry 6
plates at a time.

Answer:Tom can carry 6 plates at a time."
answer]=LLM(sub_casel,sub_questionl,sub_

Knowledge Graph

def LLM(case,question,description): \

description])
)
Update Pseudo-Program

Output

@ ... [he final
[> answer is that
Roger needs to
@a make 3 trips to

carry all the
LLM trays. ...

Execute Pseudo-Program
Knowledge Graph

Key Innovations:

Replaces natural language
with structured pseudo-code
prompts to boost the logicality
of LLM-generated reasoning
chains

Leverages the clear structure

and broad applicability of
pseudo-program
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Experimental Results

Method AQuA  GSM8K  MultiArith ~ SingEq  HotpotQA CSQA  SIQA  Letter  Coin  Average

Without external knowledge and exemplars

Zero-shot 42,6 71.8 95.9 86.8 80.1 74.5 713 358 767 71.9

Zero-shot-CoT 434 78.3 96.7 88.5 81.4 75.6 780 345 756 724

PS 50.1 82.8 96.9 89.4 83.0 74.2 763 447 795 75.2

QDMRPS 473 83.8 95.2 90.7 86.7 76.6 778 365 763 74.5

With exemplars

Manual-CoT 54.3 85.8 97.2 92.3 85.7 79.6 824 396 792 71.3

Auto-CoT 478 82.4 97.5 91.6 86.1 76.4 80.6 410 812 76.1

Complex-CoT S17 83.5 96.6 92.8 82.8 76.9 785 3717 8L9 75.8

[ter-CoT 51.6 80.0 97.8 934 64.8 76.9 713 418 775 73.5

ZEUS 51.9 88.4 97.3 92.8 84.9 714 §1.7 428 825 71.7

Pattern-CoT 52.8 85.3 97.7 91.3 82.5 76.3 789 414 837 76.7

With external knowledge

KD-CoT 22.3 68.4 76.0 62.3 799 85.6 908 246 583 63.1

[RCoT 20.7 65.6 783 65.1 87.5 82.8 8§79 282 545 63.4

KG-CoT 123 66.8 78.6 61.5 13.5 88.9 92.1 267 532 61.5
With both external knowledge and exemplars

CoT-RAG (ours)  65.7 94.7 98.5 98.7 98.4 97.9 98.7 546 947 89.1

CoT-RAG significantly outperforms the existing CoT methods on 9
datasets in the fields of arithmetic, common sense, and symbols,
with an accuracy improvement of 4.0% - 44.3% 100



Experimental Results

Method LaB LeB CFB AGI  Average
Graph-form LLM-based RAG methods
GraphRAG 948 915 731 546 80.0
KG-CoT 893 936 728 326 72.1
ToG 86.7 902 683 642 774
PoG 938 917 895 453 80.1
RRKG 913 924 747 274 71.5
RoG 904 8.1 8.7 675 83.7
Graph-CoT 47 682 631 247 527
ToG-2 925 937 766 708 834
AtomR 836 825 713 315 70.2
Variants of CoT-RAG

CoT-RAG (IndexFlatL2) ~ 92.7 937 852 6738 84.9
CoT-RAG (IndexFlatlP) ~ 91.5 919 871 724 85.7
CoT-RAG (IndexIVFFlat) 936 921 868 753 87.0
CoT-RAG (IndexLSH) 908 925 8.1 746 86.5
CoT-RAG (IndexPQ) 93.1 929 8§14 739 86.8
CoT-RAG (IndexIVFPQ) ~ 93.6  93.1 878 76.2 87.7
CoT-RAG (Zero-expert) ~ 93.6 947 863 748 87.4
CoT-RAG (ours) 993 986 947 883 95.2

CoT-RAG significantly outperforms existing Graph form LLM
based RAG methods on four datasets across three vertical

domains of law, finance, and logic, with an accuracy

improvement of 8.9% -40.6%
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Summary

Motivation:

(D The low reliability of relying solely on LLMs to generate reasoning chains

@ The poorer reasoning performance from natural language prompts compared with code

prompts

Method:

A reasoning framework integrating Chain-of-Thought (CoT) and Retrieval-Augmented
Generation (RAG)

v Key Technique 1: Knowledge Graph-driven CoT Generation
v" Key Technique 2: Learnable Knowledge Case-aware RAG
v" Key Technique 3: Pseudo-Program Prompting Execution

Experimental Results:
Compared with CoT methods, CoT-RAG has increased accuracy by 4.0% -44.3%, and compared

with Graph form LLM based RAG methods, accuracy has increased by 8.9% -40.6%

Key Achievement:
v CoT-RAG: Integrating Chain of Thought and Retrieval-Augmented Generation to
Enhance Reasoning in Large Language Models. EMNLP Findings 2025
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KG-RAG4SM

KG+LLM for domain-specific schema matching https://arxiv.org/abs/2501.08686

Challenges: LLMs without sufficient background knowledge tend to hallucinate results for schema

matching and retrieve the relevant subgraphs from the large-scale external KG is expensive.

Motivation: We introduce a KG-based RAG for schema matching that integrates multiple retrieval

mechanisms to extract the relevant subgraphs from KGs for augmenting LLMs in schema matching.

"hun_case_i (o)

CASE NO'

v

"MRN'
"ADMIT_DATE'
‘ADMIT_TIME'

"ADMIT_REASON'

"CONDITION_OCCURRENCE'

“Condition_occurrence id"

“person_id’
“condition_start_date"
“condition_concept_id"

“condition_start_datetime’

"DISCH_DATE®

‘DISCH_TIME

‘CASE_STAT' —>
i~ 'ATTEND_DOCTOR"

i INTERN_TYPE' \

! | The user identifier of the
treating doctor of the

-1 case; Aforeign key that
refers to the stamp_no
identifier in hun_doctor
table recording the
reating doctor.

(@) The hun_case_i(o) (c) The medical condition table
table and attributes from  and attributes from the target data

“condition_end_date’
‘condition_end_datetime’
“condition_status_concept_id"
“condition_type_concept_id"
“stop_reason’

“provider_id
‘visit_occurrence_id"

“condition_source_value’

| “condition_source_concept_id"

\ “condition_status_source_value'

visit_detail_id"

the source data model. model.

Figure: Example of schema matching in the

“hun_case_diag’

CASE_NO'

‘TYPE'
‘DESCR_ORIG*
| ‘DOCTOR'
‘DESCR_USER'
‘DIAG_DATE'
‘DIAG_TIME'

Textual Descriptions:

provider_id:

Aforeign key to

the Provider in the
PROVIDER table who was
responsible for capturing
diagnosing) the Condition.

(b) The hun_case_diag
table and attributes from
the source data model.

EHR data model.

l ‘hun_case_i (o) | ATTEND_DOCTOR'

The user identifier of the treating doctor of
the case.;A foreign key that refers to the
stamp_no identifier in hun_doctor table
recording the treating doctor.

'CONDITION_OCCURRENCE" | “provider_id"

Aforeign key to the Provider in the
PROVIDER table who was responsible for
capturing (diagnosing) the Condition.

i Retrieve Relevant Subgraph from KGs

Occupation
———__instance o i

" /Medical doctor \

\\7 (physician)r_ ) instance of

subclass of
7 Tsubclass of - subclass of

?:;'::nal Senvkce ) |
& R provider / |

R?

hema Matching Question:

atched with each other?

Do the attibute ATTEND_DOCTOR
(des1] from table hun_case_i (0) and the attribute provider_id with its
extual [des2] from table CONDITION_OCCURRENCE are semantically,

N

with its textual description

Augmented with
retrieved subgraphs
E——

/ Given the provided Knowledg}
—\'/Graph (KG) context, it
C=_-J suggests a potential semantic

similarity between the two

attributes, as they both refer to
healthcare providers involved
in medical processes.

The semantic match can be

/ considered partial match in

Nl y

/ Both are foreign key}
—\. / referencing other tables,
[%_-) they point to different
entities. The semantic
difference lies in their

specific roles and the
tables they reference.

These attributes are not
X semantically matched with

\ each other. /

Figure :The Role of KG context in augmenting
LLMs for schema matching.()3


https://arxiv.org/abs/2501.08686

KG-RAG4SM

= Method: We introduce a novel KG-RAG4SM that identifies the most

relevant subgraphs from external large KGs to augment LLMs for schema

matching.
) chema Matching Question:
KG Triplet: S A Do the atribule ATTEND.DOCTOR with its
<head entity 1, realtion 1, tail enity 1> R' extual description [des1] from table hun_case_i (o) and
) . L he attribute provider_id with its textual [des2] from!
<head entity n, realtion n, tail entity n> able CONDITION_OCCURRENCE are semantically
KGs atched with each other?
B Question
KG Triplet = Question Embedding
Vector / Vector
(1) Vector Similarity
Search
(3) Augment
Top-10 Retrieved KG Triplet: Prompts with
<Patient (Q181600), subclass of (P279), customer(Q8525835)> Subgraph r
<Customer(Q8525835), subclass of (P279), beneficiary (Q2596417)> )
<Hospital Records Database(Q5908569), instance of (P31), database(Q8543)> RN k‘\
<DrugBank (Q11225544), instance of (P31), online database (Q7094076)> \/J

:CPR number (Q366795), instance of (P31), national identification number (Q1140371)>

(2) Subgraph Refinement :1 ﬂzeﬁned Top-2 KG Triplet:
based on rarking = ——>{patiem. subclass of, customer,
ry

with vector score % icustomer, subclass of, beneficia

Figure: Overview of our proposed KG-
RAG4SM method

Retrieve the relevant KG
triplets based on vector
similarity search between
guestions embeddings
and KG triplet embeddings

Prune the retrieved
relevant KG triplets with
vector similarity-based
ranking.

Augment prompts with
the retrieved and refined
subgraphs from large-size
KG and generate the final
answer for the given
schema matching
questions.
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KG-RAG4SM

=  Results: The results on 6 benchmark across domains demonstrated that
our KG-RAG4SM outperforms PLMs and LLM-based SOTA methods in

terms of effectiveness and efficiency.

Dataset | Mot KGRAGEM LM Dataset | Metri (%) | KGRAGASM [ ot AT
(%) | GPT-domini | Jellyfish-88 || GPT-4o-mini | Jellyfish-8B Trained | Fine-tuned || Trained

P 6.25 9.52 (135.89%) 6.25 6.81 P 6.25 0.04 0 0.04

MIMIC | R 33.33 66.66(133.34%) 33.33 100 MIMIC R 33.33 99.99 0 100
F1 10.52 16.66(130.56%) 10.52 12.76 F1 10.52 0.09 0 0.09

P 20.00(190.11%) | 26.31(1150%) 15.00 10.52 P 20.00 0.37 0 11.82

Synthea | R | 36.36(133.33%) | 45.45(125.00%) 271.27 36.36 Synthea R 36.36 99.99 0 100
F1 | 25.80(158.21%) | 33.33(1104.2%) 19.35 16.32 F1 25.80 0.74 0 21.15

P | 52.38(117.86%) | 23.33(]22.23%) 4444 30.00 P 3238 0.97 59.99 31.57

CMS R 44.00(18.33%) | 28.00(]22.22%) 48.00 36.00 CMS R 44.00 99.99 35.99 48.00
F1 | 47.82(13.61%) | 25.45(]22.21%) 46.15 32.72 F1 47.82 193 44.99 38.09

P 3.03(11.67%) 0 2.98 0 P 3.03 0.04 0.98 1.25

EMED | R 50.00 0 50.00 0 EMED R 50.00 99.99 2499 100
F1 5.71(T1.42%) 0 5.63 0 F1 5.71 0.09 1.88 2.46

P | 66.67(1200.05%) | 28.57(128.58%) 22.22 22.22 P 66.67 137 39.99 136

Bank 100 100 100 100 Bank R 100 99 | 99 100
F1 | 80.00(180.02%) | 44.44(122.22%) 36.36 36.36 F1 80.00 270 57.14 2.70
100(1200.03%) | 100(1300%) 33.33 25.00 P 100 170 99.99 170

IMSA 16.67 16.67 16.67 16.67 IMSA R 16.67 99.99 33.33 100
F1 | 28.57(129.86%) | 28.57(129.99%) 2222 20.00 F1 257 332 49.99 3.32

Figure : Effectiveness of KG-RAG4SM against

LLM baseline

Figure : Effectiveness of KG-RAG4SM against

PLM baseline
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KG-RAG4SM

=  Results: The results on 6 benchmark across domains demonstrated that
our KG-RAG4SM outperforms PLMs and LLM-based SOTA methods in
terms of effectiveness and efficiency.

KG-RAG LLMs PLMs

Dataset KG-RAG4SM (GPT-40-mini) Jellyfish-8B | GPT-40-mini Unicorn SMAT
E%ﬁi;;?ﬁg Retrieval | Generation || Generation | Generation || Fine-tuning | Training | Training
, Time (Sec) | Time (Sec) || Time (Sec) | Time (Sec) || Time (Sec) | Time (Sec) | Time (Sec)

Time (Sec)
MIMIC 0.01 2.60 0.64 0.26 0.77 3389.90 1627.45 3064.62
Synthea 0.04 2.59 0.51 0.26 0.60 2039.59 752.77 1404.00
CMS 0.04 2.89 0.58 0.25 0.59 1766.67 651.01 1399.92
EMED 0.05 2.55 0.61 0.21 0.67 3526.78 2062.03 7890.48
Bank 0.04 6.25 0.60 0.26 0.69 62.83 21.55 196.20
0.04 3.89 0.53 0.25 0.64 146.70 52.82 391.20

Efficiency of KG-RAG4SM against LLM and PLM baselines
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CE-RAGAEM

KG+LLM for domain-specific entity matching https://arxiv.org/abs/2602.05708

Challenges: The knowledge grounding gap in LLM-based entity matching and costly retrieval

and inference overhead in directly adapting vanilla RAG to entity matching in large-scale

data integration.

Motivation: We propose a blocking-based batch preprocessing strategy that groups similar

records into the same batch, reducing redundant retrieval and inference for efficient RAG-

based entity matching.

table a table b

=
w
=
Es

=

1 @0 @
® @30 FEEE
) @ l"—“ﬂﬂ"—”l
94 PB pL p16
B 3@ FEEE

=
o
=
~

=

= B =
EGQ

EM
Query

&Q)

Retrieved knowledge for each
query of matching pairs

. . Knowledge
External ) povrieval [ context 1
. . Knowledge| ———— | sontext 2
Base Per Qery | context 3

context 14 h

context 6
context 7 .. context 15
context 8 context 16 )

Prompt
Instructlon

6

<

®Ex-d HJ\

@ “@¢- BB

(a) Vanilla RAG4EM per-query retrieval/generation.

External
Knowledge | ——
Base

table a [ p5 )
B0
\ block 1 block 2
—~
blank 4
table b p3
block § /

Blocking-based matching pairs generation

Retrieved knowledge for aggragated
query of matching pairs per block
Knowledge

Retrieval [%ontext 1 context 2 context 3]

Per Block | context 4 context 5

Prompt

Aggragated
EM Query

&CD

Instruction

13
@aCEMN o

poy s '@ X
@@ x| eV

"@x- X

->

(b) CE-RAG4EM with blocking-based batch retrieval/generation.

Figure : Vanilla RAG4EM vs. CE-RAG4EM. Matched records share the same color.
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CE-RAG4AEM

= Method: We introduce a cost-efficient RAG framework for zero-shot
entity matching that reduces computation through blocking-based batch

retrieval and generation.

(d) Knowledge Enrichment and (e) Knowledge Agumentation
Refinement Inference

Pair Generation :
%/ Enbedding . |
Raw Entity [ i) u :
L‘ | LLM
Vector DB External KB/K6 KB/K6 REST API ’
N N | - -
Vector Search —> |=
=|li:= ks [ Retreived Top-k Relevant J —> Q l: % @
[ 5 i d Predi
Entity and Predicate Fetch Textual Ranking-based Knowledge

Table a Table b
Description with Refinement Agumentation

D\ Embedding |
1
Q score 1 | Ent Pred 1| score 1 : N identifier Inference
Blocking | Deduplication score 2 | g o | |pred 2| score 2 Q ( —
nriche

! Contextual
score 3 | Ent 3 | |Pred 3| score 3 THpIE Seore /5 : \ I
EXP Enriched an wiedg f \
LLM Generated

and Expansion ) Enriched and
Refined Prompt

i/BFS Refined oy Answers for EM

i structio
Qka Ent k | |Pred k scmy ! E:z;zza::d Triple nstruction — e -
‘ (@) X

(a) Blocking-based Batch (b) Contextual Knowledge Retrieval (¢) Triple Search and Expansion

Batch Candidate Pair
Geneartion within Block

pra]
Lg=el]

: pg “ : Similarity | Ranking-based Multi-hop 1-hop ;
; r5 ' " i entit - 161 . .
: ‘ p9->q9 q Score Selection triple triple identgfier <head identifier (r3 p9 ¥5 :
' o el ! Crroidte) (description), H '
‘... Do 3 &@ Selected Top-k ! P pred identifier . > p5, 5 X
3> Relevant Entity e (description), ; :
—_— g;z::;:;:r tail identifier p13 %
EM Query Per Batch } \G ' .

(sub-)block a—> batch a L
ey . b,

Figure: Overview of CE-RAG4EM. The framework consists of five phases (a)—(e). A check mark
indicates that the LLM predicts Yes for the corresponding EM query, whereas a cross mark

indicates No. 108



CE-RAG4AEM

= Method: We design a space exploration of CE-RAG4EM is structured
around two core dimensions: blocking-based optimization and retrieval

granularity.

_ Retrieval Granularity (RG)
Algorithm 1 End-to-End CE-RAG4EM

1: Input: Table with entity records to be matched T, T;, KG G, ( Batch E n tl ty & Tr I p l e
LLM 711, max batch size maxy,g, max triple search depth Dy, s : .
retrievi]gudgetk Optlmlzatlon) BO Predlcate
2. Output: Answer for the given EM query A .
3 Initiation: R — T, UT;, 8,P5,B — 0, Qg,Gg « 0, A 0 Batch Retrieval CE-RAG4EM-BR CE-KG-RAG4EM-BR
4 B « ArpLYBLOCKING(T, T}) ( B R)
5. for each block B € 8 do
6 {Pp,Biq}|Pp € R — GENERATEMATCHINGPAIRS(B, T, T;) .
v Bt DESURLOHTOH(ES) Batch Generation @ CE-RAG4EM-  CE-KG-RAG4EM-BG
g if |Pg| > maxys then (BG) BG
9: Bsup < BATCHDECOMPOSER (P, maxys)
0. else - BR & BG CE-RAG4EM-  CE-KG-RAG4EM-BR-
11: B« PB,Bl‘d
122 endif BR-BG BG
13 B« BUBgy,
. end f . .
e e bach b € B do Table: Summary of the Design Solutions of
16 Qp < AGGREGATEQUERIES(Pp) CE-RAG4EM.

171 Vi, Py < BATCHRETRIEVAL(Qp, G, k)
18 Gp « TRIPLESEARCH(Vk, G, Dinax)
19 Gp < ENRICHREFINEMENT(G3, G)
2:  bx « SERIALIZER(P, Gp)

2. A« Frop INFERENCE(bx)

22: end for

23: return A
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CE-RAGAEM

= Results: Extensive experiments on nine benchmark datasets show that
CE-RAG4EM achieves comparable or improved matching quality while

substantially reducing end-to-end overhead.

_— (%) Precision (%) Reaal %) »] H  CERGABH il LN
CE-RAGIEM LLM-EM | CE-RAGIEM LLM-EM | CE-RAGEM LLM-EM ) 1
DBGO | 8077 (+2422) 6502 | 9245(-073) 9313 | 7L71(+43.47)  49.98 T -z
ITAM | 7261(+1270) 6443 | 97.62(-0.18) 9744 |58.03(+2052) 4815
FOZA | 83.11(+103) 7532 | 100.00(0.00) 10000 | 7121(+17.50)  60.61 .
AMGO | 5547 (+14.02) 4865 | 5140(-17.60) 6237 | 6026(+55.00)  38.89 vs
BEER | 7349 (+873) 6759 | 9667(+0.3) 8843 | 5952(-870) 5476 F
DBAC | 8187(+7.12) 7643 | 95.14(-105) 9615 |7085(-1326) 6344
WAAM | 7485(-5.84) 7072 | 8459(-113) 8556 | 67.18(-1405)  58.89 e [N T EW Ter e e me
WDC | 7335(:5.13) 6977 | 8174(-207) 8347 | 6653(+11.01)  59.93 (a) End-to-end matching time per entity pair.
ABT | 7872(+324) 7625 | 9127(235) 9347 | 6926(+7.21) 64,60
64+ [ Ditto: Train (amortized) [0 CE-RAGAEM: Retrieval+Expansion
Overall Performance CE-RAG4EM vs. LLM-EM o B i o artan)
Dataset F1 (%) Precision (%) Recall (%) 1:_

CE-RAG4EM  Ditto  Unicorn | CE-RAG4EM  Ditto  Unicorn | CE-RAG4EM  Ditto  Unicorn

WAAM | 7485 5650 6147 8459 6432 7099 6718 5037 6801
ITAM | 7261 6433 6745 9762 6732 6812 5803 6159 6679 2
WDC | 7335 4516 7003 8174 4989 7024 6653 4126 6983
DBGO | 8077 7762  78.06 %45 8123 8171 NN T3 T2
FOZA | 8311 6964 8261 10000 8916 9013 721 5113 7625 05
ABT 7872 6150 7872 9127 6471 8941 6926 5943 7032
DBAC | 8187 829 8872 95.14 8765 9212 7185 7876 8557
BEER 7349 8419 8220 967 8733 8439 5952 8127 8013 sion time (CE-RAG4 EM),
AMGO | 5547 5386  68.86 5140 5670 6797 6026 5129 6977

Time per pair (s)

WAAM ITAM woC DBGO FOZA ABT DBAC BEER AMGO

(b) Amortized training time (PLMs) vs. retrieval + expan-

Efficiency comparison of CE-RAG4EM against (a)
Overall Performance CE-RAG4EM vs. PLM-EM LLM-EM and (b) PLM baselines. 110



4. KGs for LLMs GenA

v

P

Large Language Models
Knowledge Graphs
KGs as background knowledge for LLMs

KGs as reasoning guidelines for LLMs

KGs as refiners and validators for LLMs

LLM+KG for domain-specific applications (e.g., data integration)

Presented by Arijit Khan



5. LLMs for Knowledge Graphs - cen®

/

A. Knowledge Graph Link Prediction
B. Knowledge Graph Embedding

C. Knowledge Graph Construction
D. Knowledge Graph Completion

Presented by Longxu Sun



Unifying LLMs and Knowledge Graphs

LLMs
Factual Knowledge
V
¢ Structural Fact ¢ General Knowledge

« Domain-specific Knowledge e Language Processing
e Symbolic-reasoning o Generalizability

|

3 & [ LLMs } [ KGs
Text=>[ LLMs ]={>Output KG-reIated=>[ KGs ]={>Output V}

Input Tasks
Knowledge Representation

a. KG-enhanced LLMs b. LLM-augmented KGs c. Synergized LLMs + KGs

1. KG-enhanced LLMs
Use KGs to improve LLM pre-training, inference, or interpretability.

2. LLM-augmented KGs
Use LLMs for KG embedding, completion, construction, QA, and graph-

to-text generation.

3. Synergized LLMs + KGs
Jointly leverage LLMs and KGs for bidirectional reasoning.

[1] https://arxiv.org/pdf/2306.08302 113



Knowledge Graph Large Language Model
(KG-LLM) for Link Prediction [ACML’24]

— e — — TR { e ek | g e e - Stage 7 = — e — ﬁ f_ — Prompt — 7
' ©° ### Instruction: y
| | | Below is the detail of a I
; .. knowledge graph path. Is .
| | | node_1 connected with |
. Knowledge Graph Prompt Question : : Natural Language Open Source Large - - node_n?[..] ;
| (Structure Data) (Natural Language) | | Prompt+ Answer Language Model | | #### Input: o
; Node_1 has relation_id with

We use instruction finetuning with the : - node_2, and node_2 has[...]

. . | ### Response: |
prompt-answer pairs on the right - [..] The answer is yes.

We process all graph paths using the
graph preprocess function.

| |
KG-LLM idea:

e Convert KG paths into natural-language prompts.

e Use chain-of-thought style reasoning over KG paths.

e Fine-tune LLMs with instruction-following objectives.

e Predict whether two nodes are connected, or what relation holds
between them.

[1] https://arxiv.org/pdf/2403.07311 114



LambdaKG: A Library for Pre-trained Language
Model-Based Knowledge Graph Embeddings

B Unified K6 Encoder ﬁF Core Module
Graph structure Text description
Plato
. e Trainer&Evaluator
\f , live in Plato:Plato was Pre-trained > : . Bag of Tricks
+ .+ | Athenian philosopher Language Model g o
%(.nwl\ « Melrics
'_—)'\ :
. 1 |
O Tasks (3 Model Hub Large LMs Small LMs
Generation-based ! Discrimination-based
|
B [ ke |
, KG-BERT PKGG
i QA GPT-3 KGTs '
. - ' :
ﬁ [ Rec | StAR SimKGC
- ~ ChatGPT GenKGC l
LAMA | KNN-KGE
|

[1] https://ar5iv.labs.arxiv.org/html/2210.00305 115



Extract, Define, Canonicalize: An LLM-based
Framework for Knowledge Graph Construction
[EMNLP’24]

Phase 1: Open Information Extraction

Extract relational triplets from the text: ‘Alan Shepard
participated in the Apollo 14 mission’

[ [Alan Shepard, participatedin, Apollo 14]}

1001

rm

-

Phase 2: Schema Definition

Write a definition for the relation ‘participatedin’ in the
current context

The subject entity took part in the mission specified
by the object entity

1001

[1] https://arxiv.org/pdf/2404.03868

g

Phase 3: Schema Canonicalization

=) The most semantically similar relation in the schema
is ‘mission’

wn | Can the relation ‘participatedin’ be replaced by
‘mission’ given the current context?

‘ Yes! The converted relational triplet is
100

[Alan Shepard, mission, Apollo 14]
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Extract, Define, Canonicalize: An LLM-based
Framework for Knowledge Graph Construction

[EMNLP’24]
o
== Query % Augl:peur;ted @ Generate @
—— —l @ > o 0 ——————p
Input Text Retriever EDC Refined KG

Look-u Relevant
P Components

Shié

KG Schema

g1l

—

[1] https://arxiv.org/pdf/2404.03868 117



Extract, Define, Canonicalize: An LLM-based
Framework for Knowledge Graph Construction
[EMNLP’24]

Given a piece of text, extract relational triplets in
the form of [Subject, Relation, Object] from it.
Here are some examples:

Example 1:

Text: The 17068.8 millimeter long ALCO RS-3
has a diesel-electric transmission.

Entities: ['[ALCO RS-3', 'Diesel-electric transmis-
sion’, '17068.8 (millimetres)'] . .
Triplets: [[[ALCO RS-3', 'powerType', 'Diesel- Final KﬂOWledge Graph.
electric transmission’], [[ALCO RS-3', 'length’,
'17068.8 (millimetres)']]

[‘Alan Shepard’, ‘birthDate’, ‘Nov 18, 1923’]
[‘Alan Shepard’, ‘mission’, ‘Apollo 14’]
[‘Alan Shepard’, ‘selectedByNasa’, ‘1959’]

Now please extract triplets from the following
text: Alan Shepard was born on Nov 18, 1923
and selected by NASA in 1959. He was a member
of the Apollo 14 crew. Entities: ['Alan Shepard’,
‘Nov 18, 1923', ‘NASA’, ‘1959, ‘Apollo 14']
Here are some potential relations and their de-
scriptions you may look out for during extraction:
1. birthDate: The subject entity was born on the
date specified by the object entity.

2. mission: The subject entity participated in the
event or operation specified by the object entity.
3. selectedByNasa: The subject entity was se-
lected by NASA in the year specified by the object
entity.

[1] https://arxiv.org/pdf/2404.03868 118



LGC-CR: Few-shot Knowledge Graph Completion via LocalGlobal
Contrastive Learning and LLM-Guided Refinement [CIKM’25]

Support Query
;- S Y ™\
Victor § i .
Wemban ‘j’a B playfop > ::’ anAntonio
Spurs N

7

Jayson ‘ £ ) Boston % playfor » o A
Tatum W0 " playfor 1 B & J  Celtics ) V8 i
o 'O/O .
Stephen J’/gh :
Curry
LeBron i - playfor ﬁlf LosAngeles N D
James ¥ M/I( Lakers « Nvidia X
& v \_ 4 \NVIDIA )
Person Organization
/Player /Sportsteam

 How to effectively achieve knowledge graph completion under few-
shot conditions?

few-shot relation: playfor
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LGC-CR: Few-shot Knowledge Graph Completion via LocalGlobal
Contrastive Learning and LLM-Guided Refinement [CIKM’25]

(a) Local-Global Neighbors Contrastive Network i tAdd 0 > high-order relation @ Tunable !

{ Local Neighbor enhancement N Plocal @ Concatenate —> one-hop relation % Frozen
Context subgraph i

! /.,S ! b
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o5 . ’ Task-aware Entity pair-aware |—» Ly ( ) 7 Sim Y work
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& e err————— e A = .
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T Y
Filter + GAT,
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..................

0@0
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L: o Output
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(a) Local-Global Neighbors Contrastive Network (b) Fusion-based Similarity Network
(c) LLM-guided Refinement
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LGC-CR: Few-shot Knowledge Graph Completion via LocalGlobal
Contrastive Learning and LLM-Guided Refinement [CIKM’25]

Cross-Attention Local Enhaﬂcement.

@
= © attet (1) Neighbors more task-relevant
e receive higher weights.
“A:df. - (2) Neighbors more similar to
—_c o paired entities receive higher
(1)Task-aware (2)Entity pair-aware weights.
ResGCN-FilGAT Global Enhancement.
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LGC-CR: Few-shot Knowledge Graph Completion via LocalGlobal
Contrastive Learning and LLM-Guided Refinement [CIKM’25]

e A fusion similarity network

(b) Fusion-based Similarity Network -, integrates three complementary similarity
i | metrics, which constructs a learnable non-

\ ,_ ~ linear metric space.
Adaptive & [ Fused Similarity " |
—

Prototype Network
Learner

e ,
Clessr, || * Hard Negative Loss

“ " Instead of treat all negative samples equally,
focus more on hard negative samples that are
FKGC Model difficult to distinguish during training.

— ."@ <
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LGC-CR: Few-shot Knowledge Graph Completion via LocalGlobal

Contrastive Learning and LLM-Guided Refinement [CIKM’25]

few-shot examples

T
©66

Description:[playfor] is a
relationship that ...

Nei3

prompt pool LLM

You are an expert in refining initial meta-learning outputs.
Please refine the list of tail entities based on the given
information, select 10 winnners and output as entl | ent2..
Query: Which team does Curry play for?
What team is Curry currently on?
few-shot examples:
Lebron James, playfor, Lakers...

Entity Des:American basketball....
Relation Des:[playfor] is a relation...

Path triples:
Draymond Green, teammates, Cur
Curry, team_location, San Francisco, venue_of, Chase

top-m entities:

Lakers, Celtics, Heat, ...

top-k
Candidates

* |Instruction Retrieval

Retrieve query-relevant
structural and semantic
knowledge.

 Knowledge Selector
Diversity-aware Sampling:
selects representative
relations covering diverse KG
information.

Centrality-aware Sampling:
focusing on high-centrality
relations while avoiding noise.
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6. Graphs for Al Agents

Al Agents

Agent Interaction With Task Planning Graphs
Agent Interaction With Task Execution Graphs
Agent Interaction With Memory Graphs
Multi-Agent Coordination Graphs

Presented by Arijit Khan

Genh!

v

P



Agents - Introduction

state reward

’_[Agent

action
S, | |R, i,
E< Rt+1 F
S.. | Environment J«

\.

What would we like an agent to do? - ACT!
Agentic systems autonomously make decisions and take actions to achieve a specified
goal, operating within the constraints of their environment and design.

4
Agent .
N

Components of an Agent:

*Required: Grounding, Agency, Planning, Memory,
Learning

*Additional: Embodiment, Communication, World
Modeling, Multimodality
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Al Agents

Text input ——' — Text output
LLM

————————

Action

Koy —
= ) —

|
| .
Ramieval LLM Perceptions. ~ ENVironment
: Reasoning & Feedback
| Planning
o RN 74
Agent
1950s-1980s 1990s 2000s 2018-2020 2023 2025
—Q O O O O O
Early Al, Intelligent Machine AutoGPT. Maturity  AgentOps,
expert systems, agents —  Learning and BabyAG| — of Agentic orchestration
intelligent basic NLP early Agentic Al platforms,
agents autonomy, improvements Al prototypes frameworks enterprise
rule-based Watson (QA Multi ¢ appear Agentic Al
systems systems), f - |—age'r: (CrewAl, adoption
Deep Learning rameworks | angGraph)
rise AP P Ay
(CrewAl,
LangGranh)
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Al Agents

Wha’r IS What is an
Generative AI? Al Agent?
Acts in the real or

Learns patterns from vast digital world

amounts of data.

What is
Agentic AL?

Goals into actionable plans

Goal
romp ew mgre |en Se r\\
(ques'rlon Content (ff =
- = &%) E=
0, - e
//\ Performs actions to 6 ]
— achieve your goals 6 [terates
Learns patterns \ as needed
from vast amounts
of data.
source: (S0 gle Trends
I Al agents | Agentic Al

Nov 2022 Nov 2023

Generative Al produces content such as text, code, or
intermediate reasoning steps.

Agentic Al refers to architectures that use these models to
plan, reason, and orchestrate multi-step workflows.

Al Agents are the concrete entities that carry out those
workflows by invoking tools, interacting with environments,
and executing actions.

Nov 2024

2025

Al
Agents

Agentic Al

Reasons and plans
complex goals

Generative Al

Creates raw content
or information
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Agentic Al Frameworks

Types of Agentic
Al Frameworks

Planner +
Worker
Architecturess
MetaGPT, BabyAGI

Planner agent
generates tasks
- Worker agents

Single-Agent
Frameworks
LangChain Agents

single LLM
agent + tools

Multi-Agent
Frameworks

CrewAl, AutoGen,
LaugGraph

Multiple agents

collaborating execute
Tool-Use Agentic.
Agentic Orchestration
Frameworks / AgentOps
Semantic Kernel, AgentOS, Letta, Aidev
OpenDevin Full orchestration
Emphasis: agent platforms to manage
interacting with external tools/APls agent lifecycle and govermanance

Agentic Al frameworks range from single-agent systems
to complex multi-agent orchestration platforms.
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Graphs Meet Al Agents [Bei et al., https://arxiv.org/abs/2506.18019]

[ (1) Graph Methodology ] ' (2) AT Agent Methodology
- )
Graph Graph Learning Please help Al Agen‘l's B T
Data Organization  Knowledge Extraction me [.] f \ Multi-Agent Coordination...
.\\’ $ User [> i" Foundation Model “E é’ Learning Par'adigm “i
¢ e - &@G; u‘b”@ Lelel
(8) AI Agents for Graphs (4) 6raphs for AL Agents
! @ Graph Annotation and Synthesis ! :, . . Agent Planning o ‘ Agent Ex'ecuﬁon . '
: m Annotation | @ l$ : : . Task Reqsomng Tosk&)‘wonpes‘mon Dnls'z; $¢crchug : : . Tool Usage O ;- i::'m 3 E
| | I : Q¥R il e
A /\,Ofb i :Q l{ "5 525 S ﬁ)@ 200 |
| Synthesis | 1 ‘P" ‘-»% 1
o e e e e e e - J | I T I i e e s | !
SofisiTiziiziiiiiiiiiiic: d B 1
w.(

Agent Memory

:% Graph Understanding : ) ) )
{Memory Organization:i Memory Retrieval '

] ]
| ]

I : ]

: Node Classificationt s i

- $ @ $ 1 : : r HH

| = . = § @ LJ) >
: = Link Prediction 1 : 3 é ¢ @ 5

(5) Applications (6) Challenges and Opportunities
;,'Qz Scientific Computing SS Embodied AI |g/f Benchmarking Evaluation & ?::Tg::::d“m’“ Models
Agentic Information E Industrial and <:> . . .
@ Retrieval Automation Systems Privacy and Security a@ Multimodal Agents
L‘ &
+.%) Game AL &@“ Human Society & Model Context Protocol Open Agent Network

Fig. 1: An overall illustration of graphs meet Al agents. (1) Graph Methodology: graph data organization and knowledge
extraction with graphs. (2) Al Agent Methodology: LLM-based foundation models and RL-based learning paradigms, forming
core Al Agent pipelines. (3) Al Agents for Graphs: the powerful capabilities of agents in graph modeling and learning, such as
graph annotation, synthesis, and understanding. (4) Graphs for AI Agents: the role and potential of graphs and graph learning
in empowering the core functionalities of agents, including agent planning, execution, memory, and multi-agent coordination.
(5) Representative Applications. (6) Challenges and Future Opportunities. 129



Graphs for Agentic Planning

Analyze Google's development frends in
LLMs by reviewing the related top
conference papers it published and
their main research directions over the
past three years.

-

)8 D@D

External Agent

Knowledge Graph

There are 10 balls in a box: red, blue,
and yellow. There are 2 more red balls
than blue balls, and one fewer yellow
ball than red balls. How many balls of
each color are there?

@ Input

°2)
=

Agent Thought Graph

Task Reasoning

Fig. 3: An illustration of graphs for agent planning.

Database Design

Frontend Notes

Develop a web-based online note-taking
application that allows users to register
and log in, create, edit, delete, and view
their notes, and support multi-device
synchronization.

4 L
Agent

@ Decomposing into
Subtasks

Requirements Analysis

System Design Frontend Initialization

Backend Initialization

User Authentication

API Design

Management UL
Notes Function
Development
Task Zizgadency Deployment & Testing

Task Decomposition

Please design a path for the agent
that minimizes obstacles and total

travel distance, ensuring optimal
completion of the task.

Agent
@ Action Planning

Expansion 1
O Backpropagation
/If
Simulation 7 State Space Graph

Task Decision Searching
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Graph-of-Thought Reasoning

Basic Input- Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT) [ Graph of Thoughts (GoT) <
-Thought : [This work]
(CoT) '
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lnput / \ Branching out B/ y from a chain "
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¥ | & an ' o LN
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N A I
5 ” \ \
Thoughts: ‘ v,“ [ ]
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L}
22‘1"3 ‘ : Aggregating A;BE;EB;‘::E
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score Outpllt Abandon a chain Olltpllt o CIrSC) Olltput ’
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Figure 1: Comparison of Graph of Thoughts (GoT) to other prompting strategies.
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Task Decomposition and Dependency Graph

S ’(“mp,d;\ Update Candidate /7\ s : :\\
e " DAG Generation | O Openate | | Nodes Common nght.Arm
LIM \ o FY Candidate Nodes DI Cuntulnge Mo Z.Gao, Y. My, J. Qu, M. Hu, L.
/\ Occupy ) "';} """""" ’ N Guo, P. Luo, and Y. Lu, “Dag-
R — K Left Priority Left Arm . f f
Candidate Nodes Candidate Nodes plan '_Generatmg directed
I l I\ 2 acyclic dependency graphs for
Completeness ) . e R -
‘ o I Right Priority dual-arm cooperative
check and Reflect AN : ‘ ot Nades . . .
Q e, 4 % ) planning,” arXiv preprint

Ll arXiv:2406.09953, 2024
/ Human Instruction \ v
Ve N CEE——

Clean the table. The fruits Skill lerary' Checks and Cost
should into the plate. The

el N ‘ calculate of Nodes
‘ table should be wiped by ‘ Pour Stir Wipe ‘ G
sponge. The cup and sponge ‘ Detection ! | | Combinations J

should in drawer.

[ Model 1
Environment Description b g \ e u Mk,} e -

Object names:

9 [*sponge”, “mug”...] - A 4
Object descriptions:
["sponge™: "sponge" is on beﬂ Arm: Right AGrm |
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Fig. 1. An overview of DAG-Plan. The DAG-Plan generates a DAG based on human instruction and environmental description. It checks the graph’s
completeness and reflects the LLM to regenerate if incomplete. Once a valid DAG is obtained, DAG-Plan performs task inference to identify executable
candidate nodes. The occupied arm and free arm are assigned priority candidate nodes and common candidate nodes respectively. The framework then evaluates
all candidate combinations for feasibility and cost. DAG-Plan selects the nodes with the lowest cost and employs skill in library for execution. DAG-Plan
updates the graph, iterating inference until the DAG is fully executed.

User Request . '

i Please generate an image
where a girl is reading a
'book, and her pose is the
'same as the boy in

-
N - J ol o r
'“example jpg”, then please . 4 Lo)*
idescribe the new image Image ' e
'with your voice. Classification s Text-ton
Speech

L O task node

X. Wu, Y. Shen, C.
Shan, K. Song, S.
Wang, B. Zhang, J.
Feng, H. Cheng, W
Chen, Y. Xiong et al.,
“Can graph learning
improve planning in
liIm-based agents?
NeurlPS 2024.

Image-
to-Text

Figure 1: Illustration of Task Planning in Language Agents (e.g., HuggingGPT [46]) 132



Graphs for Agentic Execution

--------------------------------------------------------------------------------------------------
.,
o

PLease"perfﬁr'm a “technical ?ealfh ; RepoFetchen
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GitHub repository: branch: str = "main") — RepoDir
run a static vulnerability scan, :
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r‘epor"f with remediation pf‘lOf‘lTle.S. g RepoDif‘) — Lisf[VuIn] RepoDir) — Dic‘l’[sff‘l Score] g
O es QB -
-
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Fig. 4: An illustration of graphs for agent execution.
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Graph-based Agentic Tool Learning

01

HuggingGPT

Solving Diverse Al Tasks by Connecting
ChatGPT with Hugging Face Models

TaskBench

A Comprehensive Benchmark for Evaluating
LLM Agents on Task Automation

Tool-Planner

Enhancing Task Planning with Clusters across
Multiple Specialized Tools
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HuggingGPT: Solving Al Tasks with ChatGPT and
its Friends in Hugging Face

Yongliang Shen'~%*, Kaitao Song®*:1, Xu Tan?,
Dongsheng Li%, Weiming Lu’', Yueting Zhuang'!
Zhejiang University', Microsoft Research Asia?
{syl, luwm, yzhuang}@zju.edu.cn, {kaitaosong, xuta, dongsli}@microsoft.com

https://github.com/microsoft/JARVIS

37th Conference on Neural Information Processing Systems (NeurIPS 2023).
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HuggingGPT: The Four-Stage Pipeline

(0] % ¥ HuggingGPT

Can you describe this picture and count how

e S S S S ———

I

many objects in the picture?

[ Atext can describe the given image: a herd of
giraffes and zebras grazing in a fields. In
addition, there are five detected objects as
giraffe with score 99.9%, zebra with score 99.7%, zebra
with 99.9%, giraffe with score 97.1% and zebra with
score 99.8%. The bounding boxes are shown in the
above image. | performed image classification, object
detection and image caption on this image. Combining
the predictions of
, - and ¥
models, | get the results for you.

I Task

Planing

[V Response
Generation

Prediction

I Model
Selection

Prediction

~ facebook/
detr-resnet-101 |

4 ‘ A

[II Task Execution

¥ nlpconnet/
vit-gpt2-image-captioning




lllustration of Task Planning in
HuggingGPT

User Request |

.Please generate an image
.where a girl 1s reading a
'book, and her pose is the
'same as the boy in
“example.jpg”, then please
\describe the new image
'with your voice.
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HuggingGPT: Key Results & Findings

Effectiveness on
Complex Tasks

HuggingGPT successfully
completed a wide range of
challenging tasks that are
difficult for any single model,
demonstrating the power of the
"LLM as a controller"
paradigm.

Performance
Dependence on

Controller

The choice of controller LLM
(GPT-3.5 vs. GPT-4)
significantly impacted results.
GPT-4, with its superior
reasoning ability, led to a much
higher success rate in task
planning and model selection.

Broader Impact: The Catalyst for LLM Agents

Key Limitations
Identified

Latency: Significant delays
from chaining multiple calls.
Error Propagation: Planning
mistakes lead to complete
failure.

Context Limit: Constrained by
the LLM's context window size.

HuggingGPT demonstrated that the true power of LLMs lies not just in their internal knowledge, but in their ability to interact
with and leverage external tools and models. It acted as a critical catalyst for the "LLM Agent" movement, shifting focus
towards building autonomous systems that can coordinate specialized models to solve complex real-world problems.
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“# TaskBench: Benchmarking Large Language
Models for Task Automation

Yongliang Shen', Kaitao Song?', Xu Tan?, Wenqi Zhang',
Kan Ren?, Siyu Yuan®, Weiming Lu'', Dongsheng Li?, Yueting Zhuang'!
Zhejiang University', Microsoft Research Asia®, Fudan University®

{syl,luwm,zhangwenqi}@zju.edu.cn, syyuan21@m.fudan.edu.cn
{kaitaosong, xuta, dongsli}@microsoft.com

https://github.com/microsoft/JARVIS

38th Conference on Neural Information Processing Systems (NeurIPS 2024) Track on Datasets and Benchmarks.



TaskBench: Motivation & Core Problem

The Core Problem

As LLM agents become more prevalent,
there is a lack of standardized,
comprehensive benchmarks to evaluate
their ability to automate complex tasks.

Existing benchmarks often focus on
isolated capabilities(e.g., coding,
reasoning) rather than the holistic ability
to complete end-to-end tasks.

Task
Complexity

Covering a wide spectrum
of difficulties to challenge
agents at various skill
levels.

Reasoning
Steps

Requiring agents to plan,
decompose, and execute
long, multi-step
sequences.

Tool Usage

Incorporating external
tools (APls, databases) to
mimic real-world
workflows.

Real-World
Scenarios

Using practical,
meaningful tasks that
reflect actual industry and
daily needs.
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LLM-Based Task Automation

=T ucion TR

I want to convert a landscape
video (video.mp4) into an anime
style, then dub the video based
on a story (script.txt). Finally, |
want to post the newly created
video on my TikTok.

\
\ Audio Generation

Video Share

-

Task Decomposition

Siep 1: Obtain a descriptive caption from the video video.mp4.
Step 2: Rewrite the original caption into an anime-style one..
Step 3: Generate a new video according to the rewritten text.
Step 4: Generate an audio based on the provided "script.txt".
Step 5: Merge the newly created video with the voice.

Step 6: Share the final video on TikTok.

\

Video Editing ;'

{"Tool": "Video Editor"}

L {"Tool": "Share-on-Tiktok"}]

< — {"source": <node-1>, "target": <node-2>}

/ . . . nebelte. 1 e E
| Text Generation Video Generation ' links": . i 7 i i
‘ | X - {"source": <node-5>, "target": <node-6>} ) |
\ i‘E'-.script.txt ,’

"param":

......

9 ‘ {"<node-5>": ["<node-3>", "<node-4>"]}
{"<node-3>": ["<node-2>"]}




TaskBench: Benchmark Design

Step 1. Tool Graph Construction

Tool Collection

Arguments:

, Step 2. Graph Sampling

Sampled Graphs

( N ( N (

O

 Node ) \  Chain ) \  DAG

| am a data producer that

synthesizes user instructions
and associated task graphs.

Step 3. Back-Instruct

\
Aligned or not? @
)

Data for Task Automation \
]

Instruction

anime style, then dub the video based on a story
(script.txt). Finally, | want to post the newly created

video on my TikTok.

Task Steps:

I want to convert a landscape video (video.mp4) into an

7

Step 2: Rewrite the original caption into an anime-style one..
Step 3: Generate a new video according to the rewritten text.
Step 4: Generate an audio based on the provided "script.txt".
Step 5: Merge the newly created video with the voice.

q Step 6: Share the finol video on TikTok.

\
Step 1: Obtain o descriptive caption from the video video.mp4.

Tool Invoking Graph:

o videomps
Video Captioning

Text Generation

o azniptta

\
Video Generatio:,




TaskBench: Benchmark Design

01. Task
Taxonomy

A comprehensive classification
system defining tasks along three
key dimensions:

Domain Scope
Software Dev, Data Analysis,
Support

Complexity Level
Steps count, tooling needs,
cognitive load

Functional Type
Extraction, Transformation,
Decision-Making

02. Task
Creation

Tasks are engineered for realism,

mirroring real-world automation
scenarios with well-defined
parameters:

Clear Definition:Specific goal,
input data & output.

Example Scenario:

Process CSV sales data - Calculate
regional revenue - Generate chart
- Write summary.

03.
Evaluation
Metrics

A multi-dimensional assessment
framework to quantify agent
performance:

Success Rate
Ability to complete the task
correctly.

Efficiency
Minimizing steps and token
consumption.

Robustness
Handling input variations &
unexpected errors.
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TaskBench: Key Features & Capabilities

Tested

Tool
Usage

APls: RESTful services for
real-time data retrieval.
DBs: SQL queries for data
manipulation.

Code: Python execution for
data processing.

Files: Full read/write
filesystem interaction.

Multi-step
Planning

Agents must execute tasks
in a strict logical sequence,
understanding complex
dependencies between
steps.

Example: Calculate quarterly
revenue first, then use that
result to generate a trend
visualization.

Robustness

&
Adaptability

Designed to test resilience
against ambiguous inputs
and simulated failures.
Example: Clarifying vague
user requests or recovering
gracefully from a broken API
endpoint.
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Primary Goal

Successfully resolve a
customer complaint
regarding a delayed order by
gathering info and providing
a resolution.

Initial Input

A raw customer support
ticket containing the specific
Order ID and a free-text
description of the delay

Task: Customer Support Ticket Resolution

01. Query Order

Database

Execute SQL query using the
Order ID to fetch critical details
(current status, shipping
address).

02. Check Shipping

API

Call external shipping API to
retrieve real-time package
location and latest delivery
status update.

TaskBench: Example Task Walkthrough

04. Generate

Response

Draft a personalized email with
tracking info and resolution
details (e.g., unique discount
code).

05. Log Final Action

Update the support ticket
database with the full resolution
log for future reference.

issue. 03. Analyze & Decide TASK OUTCOME

Evaluate status; offer discount if Validates agent's ability to handle DB,
delay is significant. API, reasoning, and generation.

145



Performance Variability

A significant performance gap exists
between LLMs. Top-tier models (GPT-
4, Claude 3) consistently outperformed
smaller models in success rate and
task efficiency.

Planning vs. Execution

Capability divergence was observed:
some models excelled at creating
detailed plans but failed in execution
(e.g., syntax errors), while others were
strong executors but poor planners.

TaskBench: Experimental Results

Key Findings from Initial Benchmarking

Tool Mastery is Key

Models demonstrating strong tool
understanding performed significantly
better. This includes correctly
formatting API calls and accurately
parsing JSON responses from tools.

Common Failure Modes

Key breakdowns included incorrect tool
selection for subtasks, passing invalid
arguments (parameter errors), and
planning oversights (missing critical
workflow steps).
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TaskBench: Discussion & Significance

Standardized

Evaluation

Established a common
ground for comparing the
task automation
capabilities of diverse LLM
agents objectively.

Broader Impact & Value

Revealing A Diagnostic Tool (Not Just a Test)
Limitations TaskBench helps developers understandwhyan agent failed a
Systematically identified task, delivering actionable, granular feedback that accelerates
key failure modes, the iteration and improvement cycle.

providing crucial insights
to guide targeted R&D for
future agents.

Promoting Cornerstone of the LLM Agent Community

Innovation It has become the de facto standard for evaluating progress,
enabling researchers worldwide to build on each other's work

E
ncourages healthy and move the field forward collectively.

competition and drives the
evolution of LLM-based
automation.
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Tool-Planner: Motivation & The Problem
of Multi-Tool Coordination

Key
The Problem Our Goal
Challenges
Many complex tasks cannot be Identifying Relevant Tools Develop a robust planning
solved by a single tool or a Selecting the right subset from a framework that excels at

large library for a specific task.

simple sequence. They require identifying and

thecoordinateduse of multiple coordinating clusters of
tools with overlapping or Orchestrating the Flow tools to efficiently solve
complementary functionalities. Determining optimal order and complex, multi-faceted
interaction patterns between tasks.
tools.

Example: Data analysis using

SQL (extract) — Python TOOL-PLANNER
Managing data and context as it SRCNEREEE

(clean) — Visualization (plot). Maintaining State

flows between different tools.
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Tool-Planner: The Core Idea - Tool
Clusters

What is a Tool Cluster? The Tool-Planner Approach

A tool cluster is a cohesive group of specialized tools that
are frequently used in combination to solve a specific type

of problem or accomplish a well-defined goal, capitalizing Cluster Identification
on common usage patterns. O 1 LLM first maps the user's task
description to the most relevant pre-

defined tool cluster(s).
Example Clusters

Intra-ClI r Plannin
Data Analysis Cluster tra-Cluster Planning

MatolotlibPlot 02 sequence of tool invocations required
atplotli o

*within* the identified cluster.

Web Scraping Cluster

HTTPRequest -+ BeautifulSoupParse
N teE e Inter-Cluster Coordination

0 3 Orchestrates data flow and context

sharing between multiple clusters for

Code Dev:CodeGenerator - e, Tl amn e,

TestRunner -+ Linter
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Tool Clustering

4 Toolkits
.- I Recipe Access

I Fresh Market

I Delivery Service

\ i\ﬂi
\
/ s0 e
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Overview of Tool-Planner

| love cooking, but sometimes I'm stuck.
ﬁ | need something easy that helps me learn
= new recipes and cooking tricks that fit my
" 4* tastes.
e\ Can you help me out?

-

Deprecated Node

————
-

Selected Node

OH

| 3
[+a)

P Deprecated Path
Vs | Backtracked Path
E—» Selected Path

<Rl

Recipe Access APIs

| R —

—— o ——— — —— —

Ll g

Foer

508 - Cal [

4 |

. A

Nutritionix APl Yummly API Google APl YouTube Data APl Chef Watson API

' |
6 B W — o E

Collect users' dietary ~ Recommend recipes  Find nearby grocery ~ Access cooking Provide cooking tips for
preferences and based on users' stores and provide video tutorials. improvement based on
\ health data. personal information.  navigation services. user feedback.




Tool-Planner: Mechanism - The Planning

Process

Cluster
Selection

The LLM parses the user's task
and leverages its understanding
of pre-defined clusters to select
the most semantically relevant
cluster(s) for execution.

PRACTICAL EXAMPLE

For "Analyze sales data &
generate a report", it selects
"Data Analysis" and "Report
Generation" clusters.

Workflow
Instantiation

For each selected cluster, the LLM
retrieves its manifest and
instantiates a concrete workflow
template, dynamically filling in
task-specific parameters.

PRACTICAL EXAMPLE

Takes the "Data Analysis"
template and specifies the
exact input file path, analysis
algorithm type, and output
format.

Inter-Cluster
Chaining

When multiple clusters are
involved, the LLM plans the
logical flow, defining how the
output artifact of one cluster is
passed as input to the next.

PRACTICAL EXAMPLE

Ensures the CSV output from
"Data Analysis" is automatically
converted/formatted to match
the required input schema for
"Report Generation".
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Tool-Planner: Example Workflow

TASK OBJECTIVE

"Scrape the latest headlines from a news website, summarize the top 3 stories, and post a summary to a
social media platform."

01. Cluster o 03. Inter-Cluster
] 02. Instantiation
Selection Flow
Identified core functional * Scrape: HTTPReq —
groups: SoupParse — ExtractHeadlines Data is pipelined sequentially:
[Web Scraping] - [Text * Summarize: Extract — Summarize —
Summarization] - [Social P TIIE U SOVn =e) Format & Post

) . * Post: FormatPost —
Media Posting] SocialAPIPost

OUTCOME: AGENT CAPABILITY

The Tool-Planner agent efficiently combines three distinct clusters of tools to decompose and execute
a complex, multi-step task with clear data flow.
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Improved Performance on

Complex Tasks

Outperformed baseline planners on
multi-tool coordination tasks, achieving
significantly higher success rates and
task execution efficiency compared to
flat list approaches.

Enhanced Generalization
Capability

The cluster-based framework enabled
the agent to reuse known workflows.
This resulted in strong generalization to
novel tasks that aligned with the
existing cluster patterns.

Tool-Planner: Experimental Results

Accelerated Planning
Efficiency

Leveraging pre-defined clusters
drastically reduced the search space.
The LLM considered far fewer tool
combinations, leading to a significantly
faster decision-making process.

Robustness to Tool

Variations

The system demonstrated resilience to
tool updates or failures. When a
specific tool was unavailable, the agent
effectively adapted by substituting
another compatible tool within the
same cluster.
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Tool-Planner: Discussion & Significance

Coordinated Multi-

Tool Use .- -
A structured framework Broader Impact & Future Vision

for tackling tasks
requiring the coordinated
orchestration of multiple

diverse tools. Beyond Sequential Execution

Tool-Planner advances Al capabilities from simple linear task chains
to sophisticated tool orchestration. This represents a critical

Patterns evolutionary step in agent design.
Learning and exploiting
tool usage clusters

signifi.cantly simplifies the Real-World Applicability

planning process for ) o

complex goals. This work paves the way for building agents that can perform
complex, multi-faceted real-world jobs. It demonstrates how Al can

integrate diverse software tools seamlessly, mirroring the way

human experts combine different applications to achieve a goal.

Leveraging Usage

Improved

Robustness
Cluster-based
approaches yield agent
behaviors that are far
more robust and
generalizable across
tasks.
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Tool-Planner: Critical Analysis & Future
Directions

CRITICAL ANALYSIS Dynamic & Adaptive Clusters

Empower the agent to create or modify clusters on-
Dependency on Cluster the-fly, adapting to new task structures or evolving

Quality tool usage patterns in real-time.

Planning effectiveness is directly
tied to the definition of learned
clusters. Poorly structured

clusters lead to flawed planning Hierarchical Meta-Planning

outcomes.
Develop a high-level planner that decides whether to
e e .. leverage pre-defined clusters or to generate entirely
Limitation in Novel Tasks o
new, ad-hoc tool combinations from scratch.
Performs optimally for tasks
fitting existing clusters, but
struggles with highly novel or . .
unstructured scenarios requiring Continuous Cluster Evolution

ad-hoc tool combinations. Enable the system to continuously update and refine

its cluster knowledge base as it accumulates more
experience and data from tool interactions.
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Graph-based Agentic Memory

Energy conservation underlies classical
mechanics: in an isolated system, total

merely toggles between potential, kinetic, and
other forms; a swinging pendulum illustrates this.
Atomic experiments shattered fixed-orbit
models, giving rise to quantum mechanics. Wave-
particle duality preserves energy bookkeeping
probabilistically, explaining atomic spectra and
enabling semiconductor technology.

Extreme energy or gravity stresses quantum
rules once more, demanding relativity and
yielding quantum field theory. Electroweak and
strong forces now fit this scheme, while string
and loop quanfum gravity aim fo complete energy-
conserving unification for all four interactions.

Extreme energy

gravity stresses

quantum rules
once more, ....

Energy conservation

underlies classical
mechanics: in an

isolated s

Atomic experiments
shattered fixed-orbit
models, giving rise to
quantum mechanics. ..

or

'———‘

N
)

Historical Memory =

v

Memory Graph

Memory Organization

Energy conservation

underlies classical
mechanics: inan
isolated s

Atomic experiments
shattered fixed-orbit
models, giving rise fo
quantum mechanics. ..

Extreme energy or
gravity stresses
quantum rules

How does wave-particle
duality preserve energy
conservation withina

probabilistic framework?

é

Memory Retrieval

Fig. 5: An illustration of graphs for agent memory.

Energy conservation

underlies classical
mechanics: inan
isolated s

Atomic experiments
shattered fixed-orbit
models, giving rise to
quantum mechanics. ...

gravity stresses
quantum rules

once more, ...

————

Testing four-force
unification hinges on
detecting quantum-

gravity signatures. ...

New Memory Node

Memory Maintenance
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Memory
Type

Semantic

Reflective

What It Represents

Facts, concepts,

stable knowledge

Time-stamped
experiences,
interactions, tool
calls

Lessons learned,
distilled insights,
strategies

Primary
Substrate

Vector Stores

Memory Types in Agentic Systems

Why This Mapping Makes Sense

Semantic memory is structured,
relational, and context-free — exactly
what knowledge graphs encode: entities,
attributes, and relations.

Episodic fraces are unstructured,
high-dimensional, and sequential. Vector
stores excel at storing and retrieving
such embeddings efficiently.

Reflection is produced by analyzing
episodes and extracting reusable rules.
This is implemented through self-critique
loops that generate new
meta-knowledge.
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Graphs for Agentic Memory

Ariadne LLM Agent &

_______________

N

/ ———— f Semantic memory |
1 Accumulated general !
— \ J : knowledge :

_______________

03

Decision making

./

Environment

The architecture of our Ariadne agent, equipped with
AriGraph memory. AriGraph integrates both semantic
knowledge graph and past experiences. Memory in the
form of a semantic knowledge graph extended with
episodic vertices and edges significantly enhances the
performance of LLM-agent in text-based games.

P. Anokhin, N. Semenov, A. Sorokin, D. Evseev, M.
Burtsev, and E. Burnaev, “Arigraph: Learning
knowledge graph world models with episodic memory
for llm agents, https://arxiv.org/pdf/2407.04363

Patent Matching Task

|:];‘> b) Ontology Traversal

e:“> (a) Entity Traversal

Query [, Candidates [ seEsEmRsesmeeesenmmees, ‘@ || cemmmeesRasammRERmamST) 0P
o |9 Pas -, PD @ | Extract key entities from the giving patent p (gl | Generate three ontologles classification from — >/
. e o e Vnput | | | giving patent p @gand its entities V¢ (p) & 15—+
Assessing the similarity of P I 2 ‘nput
technological innovations between : (" T T~ T~ N\ BB (T @ a N
A A the query and its candidates. vt % I }
Q. Xiong, Z. Xu, Z. Liu, M. Wang, Z. Chen, Y. L v l \
. . I | |
Sun, Y. Gu, X. Li, and G. Yu, “Enhancing the Represent Memory Graph @ @ | |
. - Lm '
patent matching capability of large <=y Memory Graph v; @ vt v um ! X !
. ” . { 5 Generate Entities Vs Generate | N }
|anguage models via memory graph, N \‘~>é, Zino=VE(po) Through Traversal Ontologies : . |
\ \ \
\ 5 - 7/ Through Traversal | . | 4 |
ACM SIGIR 2025. W lveey +veen + || , | 294 > w8 DI |
éf,;" et VO () 25 Ve(p)= [Ent. 1, Ent. 2, Ent. 3, Ent. 4, .., Ent. n] A VO(p) | [ont.1, ont.2, oOnt3] |
em T SRR el o R B -
Memory Graph Augmented Patent Matching )
2 = P e e e e e e ~ c)
Retrieve 1. Afolding frame and a folding I | Refer to the following patents: & Zp,. \/ Correct
I:> vehicle. The folding frame ...... | | AR e Matching!
Zpoc | 2. An integrated plastic mulch ..... Select the most similar patent based on Input

from [ Query and [§p Candidates

| i

[ ' l’_°|

|| ! B |
| I

I :

- o| A28 Gen
2 Query Patent : Agricultural machinery > The classification lnfo_rmatlon Is:| izl a
“ Planting equipment > Peanut planter design Only choose from options A/B/C/D. |:'I >
Zgem Option A : Agricultural machinery > ... \Answer: Tin



https://arxiv.org/pdf/2407.04363

Graphs for Multi-Agent Coordination

R S ——

____________________________________

Subtask 2

____________________________________

Env.
Relation 3

____________________________________

____________________________________

00 = a[=s]- Environment-Specific
= E Relationship

~ -

Fig. 6: An illustration of graphs for multi-agent coordination.
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-

) IS Lo 0
‘——‘_ 1 Sp? 1
- Nink 1 PARN 1
() N, T = So
- N\, Sl N
N, ’ N

? Unknown Multi-Agent Relationship

a

Optimized Topology
>
(=)

Optimizer

b4

@ Effective Multi-Agent Relationship

Coordination Topology Optimization
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Graphs for Multi-Agent Coordination

"""""""""""" g C. Qian, Z. Xie, Y.
“a b | 2% : g Wang, W. Liu, K.

Zhu, H. Xia, Y.
Dang, Z. Du, W.
Chen, C. Yang, Z.
Liu, and M. Sun,
“Scaling large
language model-
based multi-agent
collaboration,” in
ICLR 2025.

RIRTIFRET "

Figure 1: Multi-agent collaboration network (MACNET) uses directed acyclic graphs to arrange agents
for collaborative interactions, facilitating autonomous task-solving through collective reasoning.

CHAIN: | TREE : INSTRUCTION
O O € —O—
! O ) O O “Add GUI”
¢ /O O O
O © O Q.0
: Chain ' Star Tree
GRAPH 0O
NGO~ O—0—0
S O O 1
RSP ok o/ |/
— O O—C—0) NODE
............... Mesh O layer O 7 Random
Figure 3: Assign functionally bipartite agents
Figure 2: Representative topologies. on nodes and edges, respectively.
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6. Graphs for Al Agents

Al Agents

Agent Interaction With Task Planning Graphs
Agent Interaction With Task Execution Graphs
Agent Interaction With Memory Graphs
Multi-Agent Coordination Graphs

Presented by Arijit Khan



7. Al Agents for Graphs -

/

A. General Graph Problem Solving

B. Tool-Augmented Graph Algorithmic Reasoning
C. Domain-Specific KG Construction

D. Community Search

Presented by Longxu Sun



MA-GTS: A Multi-Agent Framework for Graph
Problems (EMNLP 2025)

Existing Methods  Real-World Graph Problem MA-GTS
o long sequence I_ J ® Semantic
L™ limitation Understanding
/(_.7_, \\\ | QI
0 ; -

¢ Programming

|y' Noise Delivery Network Multi-Agent ¥ aluasishon
Imprecise  gonantic )
‘Graph Problems  Loss % -
Wireless Channel Target “85
@ Poor Answer Allocation Navigation @ Great Answer
* Problem: Real-world graph problems (logistics,
networks, traffic) are complex, noisy, and irregular

* Limitations of LLMs: limited accuracy, input length
constraints, suboptimal algorithm selection

[1] https://aclanthology.org/2025.emnlp-main.973.pdf 165



MA-GTS: A Multi-Agent Framework for Graph
Problems (EMNLP 2025)

Existing Methods  Real-World Graph Problem MA-GTS
) long sequence ®Semantic
It? ™ . limitation Understanding
o , -~
% \\ 7 Noise TE— -
~ I/ Impact. Bl:vgry MNeti\:’o?-irk ‘M"m -Agent  JAlgasithn
? ogatics o9 "collaboration  Selection
(
lmpreclse :
Understanding of Samaniic 4 ® Noi ¢ Programming
Graph Problems  LOSS LA\ R
Removal
Wireless Channel Target 0
Poor Answer Allocation Navigation v/ GreatAnswer

e Solution: MA-GTS decomposes complex problems
via agent collaboration

[1] https://aclanthology.org/2025.emnlp-main.973.pdf 166



MA-GTS: A Multi-Agent Framework for Graph
Problems (EMNLP 2025)

fﬂ\\_/,ﬂ A=GS Information Extraction Knowledge Integration Algorithm Execution A

———————————————————————————————— l—_---_-_--__--__---
Graph Th
] o Graph Theory IOptimal Algorithm | ——] Alg::'i':hm Leioryry
. . oop ‘ Knowledge Base | Description =
‘ J <> j
| TextuaL ation
| ExtractionAgent
I ‘ | \

L diE)) ",’ Fi\ a ‘.; v ‘n&.,c..mi

Code Interpreter _

heory Agent | Standardized o

I Extraction Agent | Structure Graph ‘ ’
3 '
1 I
D D) == ED), =
Graph Problem| // l - Mgormm =
I Structure Information : Structured Graph Solving Agent Fmal |
\_ L Extraction Agent L ] Information Agent __ Solution Ij

* Pipeline: Text-based graph - structured
representation - dynamic algorithm selection

[1] https://aclanthology.org/2025.emnlp-main.973.pdf 167



MA-GTS: A Multi-Agent Framework for Graph
Problems (EMNLP 2025)

G-REAL GraCoRe NLGraph

Model Method Delivery Logistics Wireless Channel Network Monitoring Target Navigation TSP Shortest Path Cyel
Problem (TSP) Allocation Problem (Coloring) Problem (Vetex Cover) Problem (Shortest Path) " L yee
o03-mini Direct 11.8% 80.1% 68.7% 47.1% 79.7% 100.0% 97.3%
CoT 12.9% 83.1% 72.8% 41.8% 80.0% 98.4% 97.8%
GPT-40-mini Direct 2.5% 23.4% 0.3% 7.1% 1.1% 27.3% 50.9%
CoT 3.1% 25.1% 0.0% 6.4% 1.1% 27.6% 51.1%
GPT-3.5 Direct 0.1% 0.7% 2.5% 4.0% 1.9% 30.5% 50.0%
CoT 2.1% 7.6% 4.8% 3.6% 1.6% 34.7% 49.9%
Owen2.5-7B Direct 0.6% 16.2% 17.4% 4.6% 3.8% 22.1% 49.6%
CoT 0.6% 8.8% 8.5% 5.8% 3.0% 27.3% 52.7%
Liama3-7B Direct 3.6% 10.1% 7.2% 4.3% 0.3% 12.6% 53.7%
CoT 4.1% 14.3% 6.7% 4.2% 0.3% 19.4% 50.9%
Deepseek-V3-660B Direct 4.9% 27.2% 21.1% 11.4% 10.5% 50.8% 78.1%
; CoT 5.5% 28.3% 22.2% 32.2% 18.8% 92.9% 77.8%
OWL (GPT-40-mini) Multi-Agent 10.2% 47.4% 7.8% 19.1% 4.4% 36.3% 49.7%
GraphTeam (GPT-40-mini) Multi-Agent 8.8% 90.0% 12.0% 87.7% 84.4% 98.4% 100.0%
MA-GTS (Deepseek-V3-660B) | Multi-Agent 76.2% 88.2% 99.1%(126.3%) 88.2% 93.1% 93.8% 100.0%
MA-GTS (GPT-40-mini) Multi-Agent 94.9% (182 %) 94.5%(14.5%) 93.2% 91.7%(14%) 96.9%(112.5%) | 97.8%( 98.9%

Results

93.6%

G-REAL

96.9%

GraCoRe

[1] https://aclanthology.org/2025.emnlp-main.973.pdf

98.4%

NLGraph
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GDS Agent for Graph Algorithmic Reasoning

-Neoyj

Graph Table RAW /, / <k 0 Node details

UndergroundStation

Key Value
<id> 4:9fc80800-f0b8-4863-bdc7-2 ©
94698216e7d:167
Padding-

ton Edgwar- display_name Paddington ©
e Road (... id "193" ®
latitude 51.5154 ©
longitude -0.1755 ©
name "Paddington” ©
rail 1 ©
total_lines 4 ©
zone 1 ©

Warwick Roval Q

Avenue Oak Q

 GDS Agent is a graph algorithm reasoning agent designed to
address the challenges LLMs face when processing and reasoning
over large-scale graph-structured data.

[1] https://arxiv.org/pdf/2508.20637 169



GDS Agent for Graph Algorithmic Reasoning

| want to know a few gton — —
-\

quickest ways that | can go — H\ \Bayswa London

- from Paddington to
London Bridge. =

T 3 A
get_node_properties_keys @ l Projected Graph

A

name, id, total_lines, zone

: _—
get_relationship_properties_keys @ \

line, distance, time « 42 :
yens_shortest_paths J{T —
Node: “Paddi : 0 :
targetiode: -London Bridge’, K . Procedure:
lationshipWeightP ty: “ti T [
" hodeldentifiorProperty: ‘name”, @ . Il 1.User Query
k3. ... = ESOSSSSNRRSRRRRESRSSNEE SRS
2.Tool Invocation
PATH_O: {costs: [0.0, 3.5, ...], nodelds: [42, 256, 73, ...]. . .
path: (:Station {name: ...})-[:PATH_O {cost:3.5} — @ 3A|g0 r|thm SEIGCUO”
(:Station {name: ..})-[:PATH_O {cost: 5.5}) — 4 P t
< JFarameter
(:Station {name: “London Bridge”, total_lines: 4, zone: . .
2)} 5.Cypher Projection & GDS
PATH_1: {costs: ..., nodelds: ..., path: ...},
PATH_2: {costs: ..., nodelds: ..., path: ...) Execution

.Result & Final
[1] https://arxiv.org/pdf/2508.20637 6.Result & Final 170



GDS Agent for Graph Algorithmic Reasoning

@ | have a underground map in my database. | want to know a few convenient ways | can go

from London Bridge to Paddington.

I'll help you find convenient routes from London Bridge to Paddington using your
underground map database. Let me first explore the structure of your graph to understand
what data is available.

N get_node_properties_keys b

Great! I can see your database has London Underground data with station names,
coordinates, zones, and line information. Now let me find the shortest paths between London
Bridge and Paddington using different algorithms to give you several route options.

N find_shortest_path v
Now let me find alternative routes using Yen's algorithm to give you multiple path options:

N yens_shortest_paths v

 An example where an LLM with GDS Agent is able to pick shortest path
and Yen's algorithm to answer my question about travel plan:

[1] https://arxiv.org/pdf/2508.20637 171



GDS Agent for Graph Algorithmic Reasoning

Based on your underground map database, here are the convenient ways to travel from
London Bridge to Paddington:

Route 1 (Most Common Path - 8 stops):

London Bridge — Bank — Waterloo — Westminster — Green Park — Bond Street — Baker
Street — Edgware Road — Paddington

Route 2 (Alternative via Southwark - 8 stops):

London Bridge — Southwark — Waterloo — Westminster — Green Park — Bond Street —
Baker Street — Edgware Road — Paddington

Both routes are equally efficient with 8 stops total. The key differences:

Route 1 goes via BanKk - this connects you to the Northern/Central lines and gives you more

* LLMs equipped with GDS agent can decide and accurately execute the
appropriate parameterised graph algorithms over the graph you have in your
Neo4j database.

[1] https://arxiv.org/pdf/2508.20637 172



UrbanKGent: A Unified Large Language Model Agent
Framework for Urban Knowledge Graph Cop&ruction

;i... NEURAL INFORMATION
%%J-,, PROCESSING SYSTEMS

o3,

* Previous UrbanKG Construction (UrbanKGC) Studies

— Manually designed methods: 1) rely on deep
understanding of the application domain; 2)labor-intensive.

— Language model based methods: 1) rely on annotated
corpus; 2) need model retraining.

e Motivation

— Leverage the remarkable zero-shot capability of LLM in
autonomous domainspecific task completion.

— Construct tailored LLM agent compatible with various
UrbanKGC tasks to address the aforementioned limitations
in UrbanKGC.

[1] https://arxiv.org/pdf/2402.06861 173



UrbanKGent: A Unified Large Language Model Agent
Framework for Urban Knowledge Graph Construction

i
Relational Triplet Extraction Knowledge Graph Completion gee
lunnl

Inference on UrbanKGC Tasks

A
Knowledgeable Tool-Augmented Iterative Hybrid Instruction
Instruction Generation Trajectory Refinement Fine-Tuning

UrbanKGC Agent Construction
A

AOI Road Network POI Review Web Page

Urban Geographic and Text Data Sources

Overview

* A unified LLM agent framework for automatic UrbanKG
construction.

* Three steps: 1) urban data collection; 2) UrbanKGC
agent construction; 3)Inference on UrbanKGC task.

[1] https://arxiv.org/pdf/2402.06861 174



UrbanKGent: A Unified Large Language Model Agent
Framework for Urban Knowledge Graph Construction

Feedback

o
(]
4 ine-tunin
rajec .
Updater Refine Verifier Refined UrbankKGC agent
Trajectories
§§ External Geospatial Tools Inference l
O k
G B i W o >
= Distance Q Point I /
Qo s | |
o oke pa Polygo || |
5 b Relational Triplet Knowledge Graph
Geohash v Polygon within | | Extractionp Compfition P I
( Encoder Polygon ) N———— )
R R
: . b) Toolaugmented Iterative Trajector (c) Hybrid Instruction
(a) Knowledgeable Instruction Generation (®) en R —s J y Fine-tuning

UrbanKGC Agent Construction

* Knowledgeable instruction generation for aligning LLM to
UrbanKGC tasks;

* Tool-augmented iterative trajectory refinement to enhance
and refine generated trajectory;

* Hybrid Instruction Fine-tuning for cost-effectively
completing UrbanKGC tasks.

[1] https://arxiv.org/pdf/2402.06861 175



CS-Agent: LLM-based Community Search via
Dual-agent Collaboration

Graphs Input Sample Metrics

—— Graph Verbalization
7 \\\ Query node: 1, Nodes are numbered from 1to 5 ,
/ S Adjacent List: {17 [2, 4, 5], ...}
/2
Problem Instruction

2] © .

( | 1] # Metric definiton Core  Clique

\ / / / A k-core subgraph 1s ...

&)

N - _//// / # Task-specific instructions
- Please find the maximum 3-core ... and return all

the nodes with their ids with format:
{"Community": [list_of node ids]}.

= —— — ST EmEEEEEEEsms= -~ \
\ [

/" Output Sample | {  Output Sample |

| . ] | I Here is the Python code to find |

| STuobﬁud ltlh ¢ maximum 3-core | I the maximum 3-core: I

graph containing the query | | |

: node, we need to iteratively | I 4 Python code |

| nove nodes .With degr?e.s I | import networkx as nx !

I less than 3 until all remaining | | |

: nodes have a degree of at least | | G = nx.Graph(adj_list) |

3 within the subgraph. | : core= nx.k_core(G, k=3) :
| .

: Here is the 3-core subgraph I LLMS I Output bias |

. ] I

| fsntammg t.he"querzf node:. | : When you run this code, it will I

| {"Community": [1,2.3.4]} ¢ | | return the 3-core subgraph I

I\ Incorrect II | containing the query node. X |

~— e e e - N e e e e e e e e e 4

[1] https://arxiv.org/html/2508.09549v2 176



CS-Agent: LLM-based Community Search via
Dual-agent Collaboration

( Feedback
[
|
I
[
[

### Verification and Suggestions
Node 3 is connected to nodes ..

### Score
{Score: [4]}

Add more connections between nodes

=\ g Solver

|
|
|
L
\

= @ Validator

Decider Modulg

Feature aggregation

-

/
| |
Input Tasks \
p Y
### Graph Information
Query Node: 1, Nodes are number from 1to 5,
Adjacent List:{ “1":[2,4,5], *2":[1,3,4], "3":[2,4],
“4"[1,2,3], “s":[]}
##% Question
A k-core subgraph is 2 maximal subgraph in which every
vertex is connected to at least k other vertices within the
subgraph. Please follow a step-by-step process to find
the maximum 2-core contains the query node according

Solver Structure

Memory

Roundl | Community-{[]}

Prompt

[Validator’s Feedback].

You are 2 Graph Analytics Solver, ... In order to improve

‘your previous answer, please recalculate according to the
feadbacks above.

Validator Structure

Memory
Roundl | Commmmity:{[]} | score: 0

Prompt

You are a Graph Analytics Validator, ...

Given a subgraph G = [Solver’s answer].

Firstly, check the connections between vertices in subgraph G.
Secondly, give some suggestions for modification and display
your score in the format of "{Score: [X]}" to evaluate the
cohesiveness of G.

to the given graph and return all the nodes with their ids
with format: {"Community": [list_of_node_ids]}"} %

\ 4

Answer sets

C = {g(o)' g(l)' _“’g(t_l)}
§={s0,sD,  t-13

Comm Avg. sco Freq.
0 0 1

(1, 2] 35 2

[1,2,3] 4 1

_

\
®

l Select Function

s

Output )

Comm Avg. sco Freq.
-~

0 0 1 / A\
[1.2] 3.5 2  — ( \
[,2,3] 4 1 v \ /

o

7
_

[1] https://arxiv.org/html|/2508.09549v2
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8. Future Directions

Explainability, Responsibility, and Reliability
Security and Privacy

Knowledge Graph-based Agentic Memory
Al Agents with Graph DB & Graph Analytics

Domain-specific Applications

Presented by Arijit Khan

GenA

v

P




Explainability, Responsibility, and Reliability

based Retrieval-Augmented Generation. Zhuoling

- Explainability over GraphRAG

Li, Ha Linh Hong Tran Nguyen, Valeria

Bladinieres, Maxim Romanovsky

& Query:

“What material is the gift Della buys for Jim made of?

i Entity Importance
g [ Original Answer
& 3 .
Input Document III @ husband = Prighe mnew Gold Watch: [N 90%
The Gift of the Magi Gold Watch b 4 © e Della: 50%
Knowledge Graph

Della
Retrieved Subgraph Jim: [ ] 20%

Graph-level Perturbation

- Circuits for Mechanistic Interpretability: computational

subgraphs responsible for the model’s behavior.

Stage 1: Group examples by computational similarity A' Stage 2: Discover one circuit per group }

Dataset Per-example circuit Clustering One circuit per cluster

‘ ¢ ‘ E . ‘oo e
S
® 6 o ' B % ° ° °

Circuit 1 Circuit 2 Circuit 3

Data-driven Circuit Discovery for Interpretability of Language Models, Daking Rai, Mor Geva, Ziyu Yao
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Explainability, Responsibility, and Reliability

Arijit Khan, Xiangyu Ke, Yinghui Wu, and

- Data-driven and User-focused Explanations  rancesco sonchi, “onn explainers 2.0: user-

centric and Data Driven Insights“, WSDM 2026

) Explanation Criteria Tutoria
O
A= =3 O < O o
AT 212|218 _|BElIE =B -3 5
“L o ® oll= = =l Sl|15 2|2 >
- o) . w)
W E || [[2||=]|[8c|2allE gll2allzss]| @
Input el Q S +anl|INS|k &N ||3 =i
P X = o > o 0 [z 2L ol )
Data P 3 S 20| |3 = = |3 a
‘ P 5 o S ™ nc_,
NV N R o
|
N :
Pretrained E 3
Model R o
) s J
*‘ﬁ 2.0 / / \ \ \ \
Prediction Views || Robustness || Fairness || Skyline || Slicing || Adversarial
e/

Data Management Principles 180



Explainability, Responsibility, and Reliability
- Evaluation science that measures and explains failures at the process level

and identifies where misalignment emerges inside graph-structured

reasoning.
LLM
—
‘! |
@ Task v @ Tool '
Planning Selection H - Current benchmarks mainly focus on

final answer accuracy and do not assess
intermediate capabilities such as

@/

User'f
@(a) Response . .
Generation sequential graph comprehension or
b) Response ®czﬁ.°n'g quantitative conflict detection between
) Ge“e““”@ tool outputs and model knowledge.

Environment

Workflow of tool learning

GraphToolBench ShortcutsBench ToolEyes SoAyBench ToolHop StableToolBench TaskBench ToolBench ToolSword APIBench

Aspect (Ours) fii 2i B f4] (51 6 1 3 9]

Sequential Graph Comprehension ? v X X X X X X X X X
Quantitative Conflict Identification ? v X X X X X X X X X
One-time Multi-tool Invocation ? v X X X X X X X X X
Offline Evaluation ? v X X X v v X X X X
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Security and Privacy

o Security & Privacy:
» Unifying domain-specific KGs raises privacy risks.

* Differential Privacy

* Federated Learning
* Anonymization

.\m_\o\;\z\i LLMs  Access Control

Compositional guarantees — enforce policies across agents, models, and workflows.
Policy-aware retrieval — ensure queries respect access controls and governance rules.
Leakage-aware design — prevent sensitive data exposure in embeddings, memory, and
intermediate states.

Cross-user privacy — manage shared context without violating individual confidentiality.
Sustained interactions — long-running, context-rich exchanges demand new abstractions
for secure state management.

Auditable compliance — log agent intent, provenance, and data use for accountability.
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Knowledge Graph-based Agentic Memory

Unified graph memory — Knowledge graphs unify text, logs, sensor streams,
documents, and multimodal data, aligning heterogeneous signals into a coherent
temporal-causal context.

Long-horizon, multi-session workloads — KG memory maintains evolving state,
schema, and causal dependencies across sessions, making it uniquely suited for

sustained reasoning beyond single queries.

Transparency & auditability — Provenance-rich KG traces provide explainable
reasoning, causal attribution, and compliance, ensuring trustworthy agentic planning.

Corrective knowledge — Counterfactual reasoning captures why past actions failed,
encoding reusable graph-linked constraints that prevent agents from repeating errors.

Shubham Agarwal, Asim Biswal, Sepanta Zeighami, Alvin Cheung, Joseph Gonzalez,
and Aditya G. Parameswaran, “Arming Data Agents with Tribal Knowledge”
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Al Agents with Graph DB & Analytics

Agent-driven hypothesis exploration — data
analysts will orchestrate swarms of agents to
probe diverse hypotheses across complex

datasets.

Combinatorial query space — agents must
navigate an exponential landscape of possible

queries, including NP-hard graph problems.

Graph DBs for agentic workloads — future
systems must evolve to support adaptive,
multi-agent query planning, optimization, and

analytics at scale.




Domain-specific Applications

o The combination of LLMs and KGs leverages LLMs’ natural language
understanding and KGs’ structured knowledge to enhance
applications like:

Personalized
Recommendations

Personalized Customer Service Medical Financial Decision-

Recommendations Diagnostics Making

o Future: Smarter, knowledge-rich solutions across domains.
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Thank You!

+GRAPH

THE THIRD INTERNATIONAL WORKSHOP ON DATA MANAGEMENT
OPPORTUNITIES IN BRINGING AGENTS WITH GRAPH DATA

In conjunction with
the 52nd International Conference on Very Large Databases

August 31, 2026, Boston, MA, USA

https://seucoin.github.io/workshop/ag2026/
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