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__________________________________ . e
Question 1 What is the zip_code of China’s <:ap|ta|7 : Question What is the zip_code of China’s capital?
............. ' E A S A SO,
Retrieval % : Retrieval gﬁ
Method Knowledge Graph : NMethod Knowledge Graph
_________________________________ | S
. (China, capital, Beijing) ' ) (China, capital, Beijing)
Retrieve (Beijing, zip_code, 100000) 1 Retrieve (Beijing, zip_code, 100000)
________________ [,__________.,,,‘ ! OO Lo oo St S,
1
‘ Zero-Shot Question-Answering Model : KG-1o—Tixt Model
]
l 1 Stz A e e v
---------------------------------- | 5 China's capital is Beijing, and

Answer ____ 100000 ! Rewrite Beijing's zip code is 100000.
! I
: Zero-Shot Question-Answering Model
Y S —— | I ———
! Answer 100000

Retrieve-Rewrite-Answer: A KG-to-Text Enhanced LLMsFramework for Knowledge Graph Question Answering, 2023
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(3) Joint Reasoning

LLM Colombia

Q: Whence is the artist nominated for awards for “Live from Paris™?

Path I: Live from Paris > music,arfist.album_reserved - Sakira -> music.artist.origin
> Colembia
Path 2: Live from Paris = music.artist album_reserved - Sakira - paople person
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places_lived > Barranguilla > location location containedby » Colombia ...
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KG-CoT: Chain-of-Thought Prompting of Large Language Models over Knowledge Graphs
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ETmining
i Dataset

Step 1 Knowledge Detection via Question Answering

LLM py

Unknown
Knowledge

Knowledge x,: What diagnosis is associated with
the finding site of Sutura cranii?
Graph Ye: Acrocephalosyndactyly type 5.

'
[ SPAnchQuery] L NL Question J |
;

Test QAs: L

Jawiojsuel)
Jauwllojsuel)

nsturction: please generate a complex question based on the
following SPARCL statement

Jawiojsuel|

Input: SELECT v WHERE
{Venezuela governmental_jurisdiction.governing_officials ?x.

Step 2 Knowledge Integration via Infuser-Guided Adapters
?xgouemme nt, p sition_hald basic_title Pre dem l Samplmg
. o decessed pErsond 7_death %
/Downsiream Examples: Lx LLM pg with adapters FII.TER ['-‘num bRt 2 24 dere il Querying
| e
Xo: What diagnosis is associated with \ Output: Who was a president in Venezuela at some paint but died Ny - s Ny
the finding site of Sutura cranii? = =! = = before Dec 24, 20097 (s Hac e = ofing = Eerapi
x,": What anomaly affects the Sutura g g g g —_—
cranii? o = I = A Expert ngl — Light-weight
¥,: Acrocephalosyndactyly type 5. o =} =] =] e KBQA Models
p- 3 3 3 3 QA Loss GAIL Fine- .
Knowledge Statements: o o = o tuning Two-hop reasening subgraph + Constraint(<)
5.: The finding site for S i / Next Token SPARQL Convert
ot e finding site for Sutura cranii LDSS Training
is associated with = - SPARQL Query
Acrocephalosyndactyly type 5. e |0n = Gerator Agent s = Input Enhanced Dataset
Knowledge Triples: Classification 8 2] -H | . . .c: 30
< hg,Te, te =1 <Sutura cranii, has Loss T O—O O E NL Question
finding site, Acrocephalosyndactyly Generated Samples l@ ]]Updata |:> E E [ >
5> nfuser Loss ﬁ o {
fype M= B pra [Jpau 3 Fine-tuned LMM | SPARQL Query
_______ i

PPOUpdata 0 lemeeeemaeaad

InfuserKI: Enhancing Large Language Models with Knowledge Graphs via Infuser-Guided Knowledge Integration, 2024 A GAIL Fine-Tuned LLM Enhanced Framework for Low-Resource Knowledge Graph Question Answering, 2024
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= : Let’s think step by step: (a»] =
P e I ) \ Question 21 | =l Answer
| | o ! What is the name of I 1. Identify Justin Bieber's :
i | Justin Bieber: I Justin Bieber brother? 1 Siblings .. Jaxon Bieber
7 5 5 T 2 I -
: (Justin Bieber, profession, Musician), 1 profession: ! | 2 Find the Brother . 2
. . - S S .
1 (Justin Bieber, profession, Record | - Musician ]
o o I
: producer), (Justin Bieber, album, All = - Record producer KGreasoninglUM | ___________.__. e
1 Bad), (Justin Bieber, album, Believe | : album: : 1 Instruction Tuning | 1 Knowledge Graph Pretraining_ Ifxs Reasoning Training ;
% 3 1 == )
1 ' ) =5 ! ' =l
i Acoustic), : : - All Bad . : Jusz‘;ﬁr';bz | Entitylevel Task [8] : :Justm Bieber: (8] : Here s a problem, ’/.@:
o o] | - Believe Acoustic | i | Herepaitifondy | ] 1 ﬁfﬂmm: L ﬂ: along with clues from g
| 1 f - m.0gxnnwp | Relation-level Task f usician | KGs and answers. et
LS J \ _[ :'_"J __________ ,' R e | Plegse recognize the relationship [ﬂ 1 -Record producer | | Please provide the @
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Retrieval and Reasoning on KGs: Integrate Knowledge Graphs into Large Language Models for Complex Question Answering, 2024
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Triple 1
Triple 2 .
| Triple n

Explicit Knowledge Alignment

Instruction
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—

LLMs
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Causal
Attention

—

Head Description

shared weight )
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positive pairs
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—> > -— Iw -—
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KaLM: Knowledge-aligned Autoregressive Language Modeling via Dual-view Knowledge Graph Contrastive Learning, 2024
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FACCI Entity Linking

Retrieve-then-Answer

Question: From which college did the writer of "She's Everything” graduate?

<Unnamed > < education.education.institution > < Belmont University >
< Brad Paisley > < MuSIC.composer.compositions > < She's Everything >
<Brad Paisley > < people.person.education > < Unnamed >

K& few-shot prompt 1

NI We—

Question: From which college did the writer of "She's Everything" graduate?

Question Complexity Cldssifier Question Complex Question Processor

(&} —> compex —> (6] «—tenshot prompt 2
S-expression

Iabel mid
Sub-question 1: Whois the writer of
=

Sub-question 2: From which college did [#1]
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(2)(JOIN (R [ location  country , off

ken] ) [famaical ) Jomaica | m0313 —
sage]) [Jamaica])

Question: From which college did the wiiter of "She’s Everything" graduate?

few-shot prompt 1

e's Everything" graduate? ; 4
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< Unnamed > < education education degree> Brad Paisley elmentUnNEso; e —— |
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< She's Everything » < music.composition.composer | |
Question G > <Brad Paisley > (JOIN (R [ location, country , languages spoken ] ) [m 01g3x1 1) |
e © g S petion] G Instruction Tuning i
L < Unnamed > < education education.degree > < —— e |
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Entity & Relation Set

Bahamas | mOlg3xl

SImCSE Retrieve

A Framework of Knowledge Graph-Enhanced Large Language Model Based on Question Decomposition and

RGR-KBQA: Generating Logical Forms for Question Answering Using Knowledge-Graph-Enhanced
Atomic Retrieval, 2024

Large Language Model, 2025.
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¥0 = get_tail_entity(
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v0={m.050fh, _}
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get_relation(v0)
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vl = get_ent
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Task-related Knowledge Base

%Check if the emails admin@site.com and manager @site.com are disposable and }
9

get their MX records.

Workflow Knowledge

Planning Steps:

1: Check if the email admin@site.com is disposable

~

Ty 0) 5
Toolbox Executor =1 vl={m.06122,_}
Query Graph ™ 555y | KG Reasoning Program
Grounded on KG || (Cyistiano Ronaldo) i Question Toolbox
: ! get_relation (m.02xt6q) ;

recbase

team v0=get_tail e

{ m.050fh. m.03b04g

m.02eqec, m 06122 | o

wtity (vl, roster);

7 va—get tail en

roster

:

| ans=—end (v3)

KG-Agent: An Efficient Autonomous Agent Framework for ComplexReasoning over Knowledge Graph, 2024

ntity (m.02xtéq, team); .

Current KG Information

[Cutput 5 H
| v0=get_tail_entity(m 02x16q, team) |

2: Check if the email manager@site.com is disposable
3: Get the MX records for the email admin@site.com
4: Get the MIX records for the email manager@site.com.

Code Format

Flowchart Format

# Linear Workflow

Complex Task Solving

Guide

Hey, can | ook a ride for S people to the concert at the Grand Maus
Artna? We need 1o 0 be picked up at No.645 Creseent Lane lﬁlSpm

-
i

Observe

|
cJ0s03020L

o@; [Thought: The
th

expressed the need 10 book a ride, and | hav

= mmh Sequential Execution Inefficient | '(3 Parallel Execution Efficient

( The Application of Workflow )

nl ptions

2B ought; | need to pre nnwnnm s to the user for selection.
i Ikipns:“h € sever

ailable for ,w 0o @B ‘

E‘H Chain-of-Thought Augmentation & Structured Prior Knowledge

-{z Parallel Planning Steps @?l Shorten Planning Steps ) Plan&Action

0

. ‘Cnnld we go with the secand option? That price works for us. .

(Further interaction turns)

| -
am

_/

Benchmarking Agentic Workflow Generation, 2024
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Pre-training Alignment Finetuning Deployment

MRREBNE: ELAPENSRIERRMELEIRS = =3 & == | ==
TU_H {j_ 1,5 %u 'L/D\ . iﬁat 1:@ Hﬁ 3 ELLM%& 7& E)u *E ;;U /|\ ’I‘E e. g Internet data n m dala mteractmn
'{'k, g@a o Unsupervised training Supervised finetuning Domain-specific finetuning \Iodel personalization
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Human-LLM interaction

Query  Help me buy some food for my dog.

Check out these suggested chicken flavor
. dog canned foods. <links>

Pusantind Rt ledge:

! z User feedback Oh, my dog only eats vegetable. @
Dog is vegetarian

M SEAY SEmED /Oy T2 Interaction with KG-enhanced LLMs - :
EuERNIENEE, RESEAIBEEME, [ Sh el ]
Query q: Help me buy some food for my dog.
Retrieve z
F--=FT— —ROME- - - KE—--KN---MEND——KGT] m Answe]_fglg(q). Check out these suggested — |
- o=y chicken flavor dog canned foods. LLMs 6 — | *
100 % = 100 . i v Query q
- e — 2 ~ k
= .\\ =z g = s i | ﬁ:-:ﬁh"_‘———a—_ Feedback a: My dog only eats vegetable.
© 80 = 30 = A
3 .‘\ ~ ~en = \ oy |
v L Y B %5 LS e R e s X T eTET ‘
=1 . s b= i e - e [ T T
; . I T T e v TR £ " ! ._‘_\‘. - = s 3 : ~ KC optimization \|
= S aedon sed £ ‘7 Al ;7 V < dog, enjoy, vegetable > A 4 ! Goals: Am‘a"f: ; ; !
20 L 20 . L L < dog, has_diet, vegetable > <] | Q(zlq @) I — : High retrieval prob: Py (z|q) Rimove = doglscammtocte = :
1 10 1000 10000 1 10 1000 10000 - High ing prob: P ., o .
i onuen gl S of Quen i ersumaiize ! zwgq(;?::;lh prob: Py g(alq, 2) Add: < dog.enjoy, vegetable > |

AY

HTF Llama3-8BIIAE & gE{A7ECounterFact HIEE _FHEE8 — e e I

ERNFUHNED, KCTHZHMER, HERXREMRE

Knowledge Graph Tuning: Real-time Large Language Model Personalization based on Human Feedback, 2024
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KG+LLM BI85, FRE 7 IMERAIR KIS AR Zﬁ {1 LLME?]DHEE’ETE@E*%

y£1E: Chatlaw N R - E—

o EE: EFHIBESHITEEIERD @ - =
FERHIEENE . B ESEUER R ELDGKEERERYEE
BEHIEE . B EFRIMELE M KGAIE ECIEESEUEE
BEERERLE: itMoEER HXAMNSEANZIEIES
ANSFERGEN NERER, IMWEZINESEME IR HETTE,
BN RMEERTIASERARIIENER, IERBERTIEE N
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Model Parformance on | awbench

%%zm-aﬁ%

JZ.ETTChatlaWT_ v. \ﬂ:/i@E/&LaWbenchLEﬁs&
R, URFEMBEALLMAXILL, #8877 GPT4,

Chatlaw: A Multi-Agent Collaborative Legal Assistant with Knowledge Graph Enhanced Mixture-of-Experts Large Language Model, 2023.
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£ &8 FinSearch

KG +LLMB . 7=

QUERY: I've hold APPL stock for a mon
should I do with my APPL stock?

ith. What Time. @ Time: 2024.9.8-2024.10.8
tract Default: currentx

Temporal Weighting Mechanism

2 =
e e
o fle-xl272

Time2024.1038 weight0.5

TRl SEREEAS+SMERNIMEIE DA
AN ENE RIS

o HHEETEME: B LLM B E Lm0 o fE o FEi,
HEDAG, BBMZHEIKIRXER

« ENEBRNAL: ERRASTERG, ETHEESRDE
BEELTFEN, TR BRSIMAIAES .

B 18] U ANARAED: SIA 72 /NEF BB B O RO R IBIRI 4K,
MBEERERER (WMFE . RONKE) |, SRUEEXME,

Tterate through each layer
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s AP byt ) e b s G g et
Method Accuracy (%) Time (s/answer)
GPT-40  Llama3.1-405B Claude3.5-Sonnet  Deepseek  Gemini-1.5-Flash | GPT-40  Llama3.1-405B Claude3.5-Sonnet  Deepseek  Gemini-1.5-Flash

Baseline 36.13 £1.22  38.13 127 38.60 £1.28 34.07 £1.21 35.47 1.22 3.87 *o0.15 4.96 £0.25 6.66 £0.21 14.50 f0.27 5.04 +0.16
SearchAgent |46.33 £1.30 43.80 +1.24 41.87 +1.29 44.27 +1.26 42.33 +1.28 1.58 +0.06 1.61 +o.07 1.54 +0.06 1.32 +0.04 1.58 +0.04
MindSearch |52.40 +1.33  53.07 £1.34 53.60 £-1.28 49.73 £1.32 51.53 £1.29 19.09 +0.39  14.82 £0.45 17.93 +0.39 27.01 £0.58 20.14 +0.43

Perplexity Pro [ 60.27 +£1.26 61.47 +1.28 56.67 +-1.24 - - 6.12 4-0.26 3.94 Lo.15 5.85 +0.22 - -
Ours 76.20 +1.12  75.53 +1.08 78.27 +1.07 7233 £1.15 74.87 +1.08 16.03 +0.43  14.55 £+0.47 18.15 +0.35 29.31 £0.70 17.74 +0.53

TERRT AREREA LG EEESRE EFinSearchBench-24_E RS BER I E WS LL, HP AW A
ERETERSNERRS BRI TTEFHE

An Agent Framework for Real-Time Financial Information Searching with Large Language Models, 2024.
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Pattern Recognization (System-1) Hypothetical-Deductive Reasoning (System-2)
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(rewrited to open-ended question)

[ Model Training Pipelline
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; CPT Model | ST Model } RL Model

Base Model

' Comlmal Pretraining SFT-St

[ (data scale: >200B) ‘ (dntu scal: 7M) (data scale 14M) (dum sclale 60K)
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oo - R,

Citrus: Leveraging Expert Cognitive Pathways in a Medical Language Model for Advanced Medical Decision Support, 2025.
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