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Background

« KGQA (Knowledge Graph Question Answering)
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Background

« TKGQA (Temporal Knowledge Graph Question Answering)
v ARPEEDE ISR XA J2i T (Temporal KG)E &5
- A|ZHE X|efo] ZotE AR Hole A2 SH

v" (Head, Relation, Tail, Timestamp) WEH2| Quadruple= H2A
= (Joe Biden, make_a_visit, Belgium, 2021-06-14)
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Background

KGQA vs TKGQA
KGQA TKGQA
X|4] Jefm XM= (Static) KG AlZt HEE Eekot Temporal KG
XA 29 Triple Quadruple

(Head, Relation, Tail )

(Head, Relation, Tail, Timestamp)

Answer type
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Background

« A|2FS ZE2(Temporal Question)
Z|4 SHLF O[] A[ZEH|2FS EEISEHLE, B 2 TimestampE &+10k= 2=
SLCH AROEE AIZEX|efof| w2} BO| IAH EEE = U=
= Ex)UFC Strawweight8| S&XH= F=10F?
2022'3 UFC's strawweight 25Xt -> Carla Esparza
20243 UFC's strawweight £5X}-> Weili Zhang

Overlap
w/ Comp. Before/After E‘qual _”
~ — P il . During/Include
Temporal Temporal Constraints
Constraint ~ ™ start/End
Composition / \“‘\--\_
4 Question Content Ordinal
w/o Comp. / \
Time Granularity Time Expression ——  Explicit
ol / \ ‘l"‘
Year A v
Day v
— Implicit
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Background

o«  AIZFHES| MIES (Granularity)
v Year, Month, Day

o A|2HE3 (Temporal Expression)

o Implicit Question Explicit Question
‘/ EXp“Clt After the Danish Ministry , After 2016-01-05 ,
| Who was the first to visit Iraq? who was the first to visit lraq‘.’)
L EX) 2026_01 _1 3, September 2023 1) Retrieval I I (1) Retrieval
. 4 Temporal Knowledge Graph A
v Implicit v Dt iy o O
n X2 2 57| 2lsH <70 220H 4EJII_9_ o =
== |- | Tl H B |-_I . = \gllls-iu-lu x 2016—01-05 2016-01-06 2016- lll 0M9x )
| | EX) 2024 ]Il'El %F_II:!EI 2 Reasoning l l @ Reasoning

Evan is the first to visit Iraq
| in 2016-01-04. x

(] Output
Jack is the first to visit Iraq
in 2016-01-06.v

«  X|2EH|2F (Time Constraint)
R R E
= Before/After

= Equal

= Qverlap

= During/Include
= Start/End

=  Ordinal
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Background

* Answer Type
v ZE0IM ALEE 22 A0 2[eh 27

==
v oTT

= Entity
- Who?
= Timestamp
— What Year?, When?

« Complexity
v Simple Question
= SHLQ|FactPCE2E HE ==

v Complex Question
= O FactE Sl HE ==
= Ex) 280t 0|Fe| 0= CHEF2 =211
— (Obama, President of, USA, 2009, 2017) -> 2009 0|&
— (George W. Bush, President of, USA, 2001, 2009)
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Challenges in TKGQA

+ Temporal Expression Understanding
v U2 AHFE0| BA|ER Timestamp CHA RFA[HQT A |2 Hois It
v' Ex) After the Danish Ministry, who was the first to visit Irag?

o rel oy =1 Yoy
> RS YA X202 Hetol= 22 LR

* Temporal Constraint Reasoning
v AREED|= Tttt EEZO0| OF

v" Ex) Before/ After, During/Overlap

— CHS Hefel 2tta Al 2500k gt

 Multi-hop Temporal Reasoning
v S EES O Fact, AlZFA[Q, =M 25 12450k =t

v Ex) Who was the U.S. president before Obama?
> AR+ I X2 43
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Traditional Approach

1. Semantic Parsing (SP-based)
v X0 HES TKGE 22oP| Rt =2| BiC = tHzt
v EHEo| ZE

= Entity
= Relation
= Time ConstraintE =010 =2| MO 2 s D=5 HEHZ B3t
v EX)
. TEQU”_A Temporal Question
= SYGMA Question Understanding
EncodedVOuestion
v Jél-?él Logical Parsing
. HOPHE IMEIAS £2 WS B D« s (@ @ @)
v I:’|_|-x|:-ll Ungrounded Logical Form
= Logical form L{2| 2 QF = Qlol 22| &l ATj TKG Grounding
Executatv)le Query

Query Execution

Answers

Konkuk university 10 Graph & Language Intelligence Lab.



Traditional Approach

2.  TKGEmbedding (TKGE-based)

v HRIHTKGE| Quadruple2| KAt HIE{R Q1A TSHE HIE] o|0] QAL O] T2} 342

v Ex)
= TTransk
=  CronKGQA
= TComplEx

bob ok o
12 ox
no

L OO

]

> 1 g 02
g
N o=

=
H
ek
o>-|
mE
rII
o§
<
Iy
Mo

Konkuk university

.7_*’51 2e0M=-8350] 2 X5}
H) AlZEA|erel 2|0] = Z O[shstK|
.|

11

Temporal Question TKG
Question Embedding TKG Embedding
Qent C’time
entities timestamps

Answer Ranking

Answers

==kols
X O

Graph & Language Intelligence Lab.



[2021][ACL][CronKGQA]

Q11613: Harry

Barack __ Posi,
Obama | 555> " heig 19,45
~201g ™ ;
/President i
ne\d_y of USA <empty>
arry A5 -\ '
Truman ~ %" N Kg&"ﬁ;ﬂ'el —>{ Q11696: President
of USA

significant Truman
event .
1939 - 1945 Q362: World
War Il

Temporal KG Embeddings

o
v ZI2& Query embedding@ 2 Edzt

Harry Truman

!

softmax

-2.1,30.2, ... -3.1,-50, ...

BERT

[CLS] Who was the President of USA
after World War Il

v TKGFactE TKGC 222 £l Time-aware Fact Embedding@ = H o

v Query embedding2} Fact Embedding 22| S A= H|n

- oA
v ARMASfS F5A B0 2)E
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Recent Approach (LLM-based TKGQA)

Iz

o MMEXO|TKGQA HIHE x| Al LE= Ol 2910 9|

LLO 71 L—

. 2FTHARNEOIS REXOR M2 (ot T Sy

— L. =2—

v Implicit
v Multi-hop
v" Multi-constraint
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Core Idea of LLM-based TKGQA

* Query Decomposition with LLM
Q : Before Kuwait, which country received the visit last?
v" Sub-question Decomposition

. SEBEL S 0200|519l BRoR o

i I =
= 2 Sub-question2 SEX O = et o~ = HE|
Ex)

— Q1: When did Kuwait receive the visit?
— Q2: Which countries received the visit before #17
— Q3: Which oneis the latest?

v" Plan- based Decomposition
= ARSF=EEPlanez F9f
= EI20|Op-| O1AICHIE AHM
EX
— 1. FIND event: Kuwait received visit — t
— 2.FILTER events before t

— 3. SELECT last event

F

:

Konkuk university 14

Graph & Language Intelligence Lab.



Core Idea of LLM-based TKGQA

* Retrieval-Augmented Generation
v AR HEE XAS R X|A|(TKG) 2R E Aot =

CIEOS Xx=X<3oF A 0|O
. —:Lj-|7||:||_f9 I:IE_I_EOEI-_I_AAIE

v Eeo| AR 7210 Ol HE AIZF 220 = 2H B/ IS E
= ATl RAGE RAIE 7|RH0| 244
— ARZPEEIEA
= Retrieval THA0{AM A|2HEE e
— Timestamp
- JI2t

— Time Constraint
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[2025][EMNLP][RTQA]

Query Decomposition (Sub-question )

RTQA : Recursive Thinking for Complex Temporal Knowledge Graph Question
Answering with Large Language Models



[2025][EMNLP][RTQA]

- JIE EANE

v EESEARRFEOO) LS HIBHEOl £ 2
= LLMO| L X|A] of=
= UAIFAIZEXF K2 X
. SOPEQI QXS M2 [BHeD| 0242

v" Decomposition 7 |2t BAI0| @ = T} Fx|

-+ 34 ofo|ciof
2O|EOP| HEL R Fof
= XHHQ!I Bottom-up T2 3
v' Divide-and-conquer 2f
= PAHARIEEFS
= Before, Last M2 M &
v' Multi-path answer aggregation E== S0l 12| =2 &t e
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* Temporal Question Decomposer
v LIMES Sol| =& AR ECIE 02 519 HESE el Tree2 E5
v ARMERS FEEE IEIES CIE2X 4%

(a) RTQA

Root: When Stalin end his leadership in his own
country, what job did Churchill work for?

&

IR_answer: Chor—ccllc" o‘ the Exchcqwr

Childanmr the Prime Minister ¢ ¢ United
Answer: the Prime Mirnuster of the United Kinadom
Sub[1]: When was Stalin end Sub[2]: When #1,what
his leadership in his own country?  job did Churchill work for?
IR_onswer: 1953 IR,M:"’:-’":-\" =
Child_answer: 1929 I S LML
Sub[3]: Stalin was the Sub[4]: When was Stalin
leadership of which country? end his leadership in #37

IR_answer: 1929

IR_aonswer: the Soviet Unior
: Answer: 1929

Arswer: 'he Soviet Ur
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* Recursive Solver
v Botton-up &4

v |eaf E

v Leaf =EJ} O} A

. OJH B9 WSO E

4 Temporal Question Decomposer

Before Kuwait, which 1/
country received the [
Government
Delegation of North
Korea { visit last?

(

I Youare an expert in
I question decomposition. |
‘.

T,

o

Konkuk university

Q1: When did Kuwait
I receive the Government

Delegation of North
Korea's visit?

Q2: Before #1, which
country received the
Government Delegation
of North Korea's visit?

Q3: Which country was
R 7V the last one among them? <=

wesslly- Recupsive forward reasoning

= oiX| TKGREE] 21 AM 244 =
= Verbalization 2 Dense EncoderE Sdl| AL 7|2 Top-k
S 0l RE A ER &

Hl-o:|ol-02| ;t%

4

Recursive Solver

Q1: When did Kuwait receive the Government Delegtion of

North Korea's wsat?
Facts ost a

IR Answer 2014 06-04

Q2: Before 2014-06-04, which country received t
Government DeIegahon of North Koren s ws:t?

Facts ( r

IR Answer Chma 2006-02-04, South Korea 2

Q3: Which countr‘y was The last one arnong Them?

Facts: i
IR_Answer: South Korea

LLMZ 2 =50 HHHAl

SXPR O 2 Kz

= w= == Recursive backtracking

Answer Aggregator

Root question:
Before Kuwait, which
country received the
Government
Delegation of North
Korea's visit last?
Facts:

IR_Answer: Vietnam
2014-08-02
Child_answer: Sourth
Korea
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[2025][EMNLP][RTQA]

* Answer Aggregator

o
, .
4 Temporal Question Decomposer
]
i ——
I . ‘ 4 |
1 Q1: When did Kuwait |
: 0 I receive the Government == < l—
I de°b Delegation of North <= = = e
1 - 1 Korea's visit?
: | - :
I
 (Tnput ] | | TKG
I Before Kuwait, which 1 Q2: Before #1, which I |
: ‘°“"TG"V "“e“’ef the [ country received the =
I pel o:grnmfer'\\] e Government Delegation - N i
I g on o of North Korea's visit? |
1 Korea /: visit last? I kX
1 /’ \
1 ,/ H \ ) 1
1p== | PR - | Retriever I
: | Youare an expert in |
j! question decomposition. 1 Q3: Which country was —
AT T T e ——— 7V the last one among them? <= - -
I S
\
\ . .
b wessssllp- Recursive forward reasoning
\\

v LLMZ

|
=

Konkuk university

= k4

= P2 EEAHHEEITKGFactE
HE Treel| XA LEZE BH

Soll Lhs + S gl =

C
1% e e
HAST S L LM E2Z H 004 A
HOfzl

Recursive Solver

Q1: When did Kuwait receive the Government
North Korea's wsﬂ?
Facts ost a vis

IR Answer 2014 06 04

Q2: Before 2014-06-04, which country recei
Governmenf DeIegahon of Nor1'h Koren s wsn'?

IR Answer Chma 2006 02-04, South Kore

Q3: Which counfr'y was The last one among The

Facts: China 2 )4 South Korec
IR_Answer: South Kor'ca

= == w= Recursive backtraclli

Answer Aggregator

elegation of

-
K4

d the

2006-06-14

Root question:
Before Kuwait, which
country received the
Government
Delegation of North
Korea's visit last?
Facts: (Kuwait

IR_Answer: Vietnam
2014-08-02.
Child_answer: Sourth

Korea
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Query Decomposition (Plan)

Plan of Knowledge: Retrieval-Augmented Large Language Models for Temporal
Knowledge Graph Question Answering
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- JE=XIE

v X0 220] LitE STt 2|01, AP MIefS 2PHs| ZA5 | 0ds

—t

v" Temporal constraintE H<ts| O|sHsHK| 2&t
v HIAE J|HIRAGE Q|0 FAIE0| ofE

—

= Z20j| ZEHE Temporal constraintE £A|

1 O[0|C| O
‘/ =I5 222 Syb-objective R 28H5HH TKG| A|2HX|AIS ErA
V' Semantic ZE2f Temporal 2& SA|0H| 12{5k= Retriever

= Question representation0i| Task Prompt =&

= Contrastive Learning (5) Plan of Knowledge

' Break task into sub-objectives:

' Response:

' 1.Retrieve: When Danish visit Iraq?
' 2. Rank: Rank events by time.

:l 3. Reason: Who is the first?

|
|
|
|
l
|
|
l
|
l

L
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* Plan of Knowledge
v LLMS &893 Plan2 g
= 0% Retrieval, Reranking, Reasoning2| 70| = &t

= PN W e e g G
< TKS Construction === 1 (@) Plan of knowledge ool Box !
I — 1 s - R " '
: Time { (Jack Straw, visit, : ,-::::'.'.'..: Decompose the given temporal %‘ :
| Incorrect Iraq, 2017-01-05) | : question into a sequence of sub-objectives Retrieve :
) I i i i 0 v 0 R R O *
: Igg::fenctt (JI?—Z'; Szt(r)a;\g,-(;:;)-rasg;lt. ‘|l 1. Retrieve: The time Danish Ministry visit Iraq. Ei:b :
| S ' 2. Reason: When the Danish Ministry visit Iraq? :
i Both (Evan Bayh, consult, 1 L o Rank ;
. Incorrect Iraq, 2017-01-05) | 'l 3. Retrieve: Who visit Iraq after [answer 1]? 1
I 1 ]
| Hard Negative pairs ‘|, 4. Rank: Rank these facts by time. @' 1
3 1
j R LB Sl e - 'I'.5. Reason: Who is the first among these facts? eSOl )
,‘ ' InfoNCE Loss - L o e e e e e e R
1 AT s . | (b) Temporal Retrieval 1| (c) Reasoning “®- k
| ( e e Y o _.' ST T 1 e E T )
| = ~U == : | et Answer the question )
| I : — : — : I * i based on retrieved facts :
I Y 1 - R e B SO Y B R S R RSP AR v 3
: I | 1.TKS I : 'y 1
E : 1 (iGonsiiciont 2. Retrieve | Retrieved Quadruples :
i [CLS] [QP]J? Question :: [CLS] (s.p.o0,t) i | ! = 1 - [
Bt e I = ', (Straw, visit, Iraq, 2016-01-06) !
P s e e el | g rar- | s 1 g : : (Obama, ViSit, Iraq, 201 6-01-07) :
.. After 2016-01-05, who7§§ )kt ;r ¥ —— 'y |
(wasthefistiovisitiraq? . (@b | b ' 1! 3Rerank 4.Quadruples !i (Obama,visi, Iraq, 2016-01-09) '
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* Prompt-quided Temporal Encoding
v" Prompt TokenZ Y= sequenced]| &S0, Temporal Constrainto| &%

v SR OISSHHE|R B

: . =1
: TKS Construction =

Hard Negative pairs

1

1

| I
: Time (Jack Straw, visit, :
| Incorrect Iraq, 2017-01-05) | |
[ < i
: Content (Jack Straw, consult, -
: Incorrect Irag, 2016-01-06) |
I N i
' Both (Evan Bayh, consult, |
Incorrect Iraq, 2017-01-05) | -

i

|

i

‘ [CLS] [QP]P Question [CLS] (s, p.o0.1)
1:'.',i'.','.‘.'.'.'.'.:'.'.‘.'.:','.‘.',:'ﬂ'.','.',:'.I'.',:'.'.:'.'.'.:'f,'.'.',ffZfif:iifi ijfﬁﬁffff]lfﬁ.'fﬁ]ﬁiﬁlﬁ!f.'ffi.'ffﬁﬁiffﬁﬁfffiﬁ: ¥
.| After 2016-01-05, who | N | | N o0 ||
': was the first to visit Iraq? i ;| % 2N

-

o —
o —
o —
o —

Tool Box

* ----- Decompose the given temporal %‘

question into a sequence of sub-objectives | Retrieve

1. Retrieve: The time Danish Ministry visit Iraq. Etl:l
2. Reason: When the Danish Ministry visit Iraq?

3. Retrieve: Who visit Iraq after [answer 1]?

4. Rank: Rank these facts by time. @
5. Reason: Who is the first among these facts?

— - - —————

' 2. Retrieve

3.Re-rank 4.Quadruples

N o o o o e - - - -

Konkuk university

e o e e, o e e o, et

—

oy P “ Answer the questlon
* based on retrieved facts

Retrieved Quadruples
(Straw, visit, Iraq, 2016-01-06)
(Obama, visit, Iraq, 2016-01-07)

(Obama, visit, Iraq, 2016-01-09)

- . e e e e e o o = - o —

sssne!
L S S
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* (Contrastive Time-aware Fine-Tuning

v
v

AZFE R[ob2

TKS Construction

Hard Negative pairs

1
I

|

Time (Jack Straw, visit, ; :
Incorrect Iraq, 2017-01-05) | P
I

Content (Jack Straw, consult, 5
Incorrect Irag, 2016-01-06) 1
=~ 1

Both (Evan Bayh, consult, !
Incorrect Iraq, 2017-01-05)  j
g

1

|

welghts

[CLS] [QP]P Question

: After 2016-01-05, who : :
': was the first to visit Irag? : :

125 | 2ldH, 5= HHlE S 2
37X 82| negative sample 444
» InfoNCE LossE S5 2|0|HC = H

F 7|Et Contrastive learning =&

ABIX[OFA|ZER O 2 EHRE| Fact 1

(a) Plan of knowledge Tool Box !
: e .
....-:::'.'...: Decompose the given temporal : @ :
i question into a sequence of sub-objectives | Retrieve |
............................................................................ a I

y Retrleve. The time Danish Ministry visit Iraq. ﬁ:l: :
2. Reason: When the Danish Ministry visit Iraq? Rank :
3. Retrieve: Who visit Iraq after [answer 1]? :
1

4. Rank: Rank these facts by time. @ 1
1

5. Reason: Who s the first among these facts? _ 250"

- - e e e

Konkuk university

(b) Temporal Retrieval ‘: [ (c) Reasonlng @ \:
\ I’  iieesekeseikessuinbhiie i suab et e abennT
v 1= : i o “Answer the question T
! = ' h based on retrieved facts :
' ‘ i I Meiicccscscesisensesssiissascssssnesassaiensssasissencssassesenssssssseest i
2. Retrieve Retrieved Quadruples :
I
|
e : . (Straw, visit, Iraq, 2016-01-06) !
A |' (Obama,visit, Irag, 2016-01-07) 1
o — I i |
1 T |
3.Re-rank 4.Quadruples ! . (Obama, visit, Iraq, 2016-01-09) |
________________ N e e e e e e o o e o o o - o — —
25 Graph & Language Intelligence Lab.
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» Temporal Retrieval and Reranking

v 22 Y|P TKSO| ME el 2= Factel FAR! FAIEE

v Time Filtering

: . =1
: TKS Construction =

Hard Negative pairs

1

1

| I
: Time (Jack Straw, visit, :
| Incorrect Iraq, 2017-01-05) | |
[ < i
: Content (Jack Straw, consult, -
: Incorrect Irag, 2016-01-06) |
I N i
' Both (Evan Bayh, consult, |
Incorrect Iraq, 2017-01-05) | -

i

|

i

‘ [CLS] [QP]P Question [CLS] (s, p.o0.1)
1:'.',i'.','.‘.'.'.'.'.:'.'.‘.'.:','.‘.',:'ﬂ'.','.',:'.I'.',:'.'.:'.'.'.:'f,'.'.',ffZfif:iifi ijfﬁﬁffff]lfﬁ.'fﬁ]ﬁiﬁlﬁ!f.'ffi.'ffﬁﬁiffﬁﬁfffiﬁ: ¥
.| After 2016-01-05, who | N | | N o0 ||
': was the first to visit Iraq? i ;| % 2N

-

o —
o —
o —
o —

ALt (FAISS)

Tool Box

* ----- Decompose the given temporal %‘

question into a sequence of sub-objectives | Retrieve

1. Retrieve: The time Danish Ministry visit Iraq. Etl:l
2. Reason: When the Danish Ministry visit Iraq?

3. Retrieve: Who visit Iraq after [answer 1]?

4. Rank: Rank these facts by time. @
5. Reason: Who is the first among these facts?

— - - —————

' 2. Retrieve

3.Re-rank 4.Quadruples

N o o o o e - - - -

Konkuk university

e o e e, o e e o, et

—

oy P “ Answer the questlon
* based on retrieved facts

Retrieved Quadruples
(Straw, visit, Iraq, 2016-01-06)
(Obama, visit, Iraq, 2016-01-07)

(Obama, visit, Iraq, 2016-01-09)

- . e e e e e o o = - o —

sssne!
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Query Decomposition (Plan)

Temporal Reasoning over Evolving Knowledge Graphs
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- J|IEEXME
v KG-augmented "2 KGL| Static Snapshoto]| 2|=
v 2MAC] XA LR AP O 2 He5H= 58 S4S it

L O"1/ 0O

.+ Hioh

v" Multi-Route Decomposition
= ZEE28 02§ 72| Reasoning route(Plan) 2 &3

v" Global Initializalization
= Sf0[R, ARFRSE E2k]= Topic entity 14

v" Local Exploration

= Beam search
» O|R5t=relationf entityd| CHoHAM R 22te| 242 Hazt
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 Multi-Route Decomposition
v E22 02 72| Route(Plan)o 2 £si
v’ 2tPathQ| CostE AHAt517| Q{oH BHAE 27
= J}5%t 2 HE relation type i<, relations £

om H1
(N
T
0 08

Multi- Route Temporal Global Temporal Local £237 _, Answer
Ve Decomposm Initialization * Exploration 'ﬁ Synthesis
\ N
(rl Get Jen Halley's hlms J'VI.T) Retrieval v
geezl;;rz;:;les during n, = = Jen Halley & Rerank [ Route A: ... answer is Yes! ] :nflwar: Ye:. :an
Jen alley worked as
\3' Check for involvement ) 7, =None Halley, a producer and
> : ~ | F Self-Validation d in movies
during 200 S0 m, =Movies 2001 S
'.2‘- l?‘e‘f" eac:,{“ Jen 2001 <71,<2008 [ Route B: ... answer is Yes! ] and 2013. -
T & alley's credits J)
- > U I e e
o
c Perfect Romance
8 ZGN (2004)
m
(141 Was Jen Jordan
q, Halley involved in ROUtO A - Kessler, bornin 1974, g
o movies released i - - served as the head of
o during 2001 and FE T { animation at Pixar A
> Lunch wit et g Studio from 2010 to 0
w harles (2001)/ . - ;
o 6 2010-2015 O \
- = Upda_ted
Knowledge Graph _ _ _ _ _ _ _ _ _ — _ _ R e e = =
‘ O Person O Year Yoy Jordan
O Work At Kessler,
-
. O Movie O Place 2010-2015 A&iM i .
Jordan Birthday:
Acted In Work At Update Keaalar Pixar - 1976 (conf: 30%)
Rel: d Studio : 5
elease 1974 (conf: 70%) Partial KGs (V/,, E )

Relation Evolution < Entity Contextualization €= KG Extraction
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. GIobaI Initializalization
v ZE0M AgE entlty(M)EEf 0] sl otz ARt 2M ==(T) - (M,T)
v (M, T)E 2 UM 2, 2E entity embeddingZt SALE 72t Top-k L= 1EH
v LLME 7[8te 2 #t/d T|& Reranking

Multi-Route Temporal Global Temporal Local £257 Answer
/' Decomposition Initialization * Exploration %_) Synthesis

e N\ £ 3 A
r1. Get Jen Halley's hlms\ (JM'T) Retrieval v
2. Filter movies during m. = IElGie & Rerank Route A: ... answer is Yes! ] Answer: Yes. Jen
2001 and 2008 1 y Jon Halley worked as
Halley, a producer and

acted in movies
between 2001
and 2013.

during 2001 and 2008

\3. Check for involvement ) [ 7, =None
< .7-'}[ Self-Validation

1. List movies released m, =Movies 7 ]
2001 <r,<2008 I Route B: ... answer is Yes! ]

2. Check each for J
T Hal‘l.e:":s g::dit:r o -
- J) \_
h W e BRSNS S N S O S A . .
c l i Perfect Romance
8 |- @ 2004 (2004) -
= m
(141 Was Jen i Jordan
Q Halley involved in I o J O 1-0‘ Route A - Kessler, born in 1974, g
oc movies released IR B i - - served as the head of =
o) during 2001 and OUte i - { animation at Pixar
> ? I ’ - Studio from 2010 to 0
w I Charles (202 - | O —— N l
Evolving - Updated O '
Knowledge Graph I N ..o.......... . T
‘ O Person O Year M Jordan
O WOrkA Kessler,
-
' O movie () Prace Jora 2010-2015 A&i|M -Birthday:
Acted In Work At Update K:sl;l?r Pixar - 1976 (conf: 30%)
Rel: d Studio : 5
elease ‘ 1974 (conf: 70%) Partial KGs (V) g)

Relation Evolution < Entity Contextualization €= KG Extraction
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» Temporal-aware Local Exploration
v LLMO| SubgoalZ} relation 221 =2 scoringot Relation £H A1EH
v 2H edge/entity= A& Al2F2}2| Overlap2 2 Temporal Filtering
v 2t quadruple= Verbalization & A= H|t

Multi-Rm..lt_e .
/' Decomposition ==

Temporal Global 2a?

poral Gl @ -t Temporal%ocal - Answer.
Initialization *- Exploration A ynthesis
(r \

1. Get Jen Halley's hlms\ (JM'T) Retrieval VO
2. Filter movies during = Hall & Rerank Route A: ... answer is Yes! Ahswer: Yes. Jen
2001 and 2008 m; = Jen halley Jen alley worked as
\3. Check for involvement ) 7, =None Halley, doroducer and
1. List movies released ) Self-Validation abted in movies
. ST movies relLea — ]
during 2001 and 2008 m, =Movies 2001
2. Check each for Jen 2001 <r,<2008 [ Route B: ... answer is Yes! ] -
T Lﬂal‘l.ey s credits )
/ [ ]
L J
) - —
= l s Perfect Romance
8 , - 2004 (2004) - =
- =g m
(141 Was Jen i N - Jordan
()] Halley involvedin | | % 7 O 19‘ Route A = Kessler, born in 1974, g
oc movies released IR B i - - served as the head of =
o) during 2001 and oute ,:' 5 - { animation at Pixar
> I Lunch wit e g Studio from 2010 to 0
1T] ' Charles (2001)/ . = . ~ l
. - ) 010‘2015 O )
Evolving - Updated
Knowledge Graph _ _ _ _ _ _ _ _ _ . _ _ Relatons =~ _ _
| - ‘
o Person Year Jordan
- - O O O Work At Kessler,
’ (O Movie O Puace Jord 2010-2015 A&i|M -Birthday:
Acted In Work At Update K:sl;l?r Pixar - 1976 (conf: 30%)

Released | Studio - 1974 (conf: 70%)

Relation Evolution < Entity Contextualization €= KG Extraction
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Right Answer At The Right Time —temporal Retrieval-augmented Generation via
Graph Summarization
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- J|EEAE
v AMAHIe] XA 2EX o 2 Temporal
v" Vanilla GraphRAGE Time-sensitive Query0i| CHsHA] SHAHIE T+
= o0& FAME 7[2to| HM2 temporal constraintE 21}

- S+ OlO|C|Of
A|ZFe}HEE Rule Graph
= Ruple graph0i|A Propagation ~&i610{ HAH 52F |
v Query?} F0{X|H, Seed eventE A|#35}11 Personalized PageRank
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* Vanilla GraphRAG2f2| H| 1!

‘Quesﬂon: After establishing diplomatic cooperation with Qatar, what did Oman immediately do?

Graph Qatar @2011-04-26 0.8
. Sampling Qatar, intend_cooperate,.similarity Score»
Vanilla South Korea @2007-02-01 0.4
6raphRAG —~ Similarity :
'—Q Comparison Iran, intend_cooperate, <Similarity Score>

intend_cooperate Qﬂ? ar) Oman @2007-02-01

«Japan-» South_Korea» «Oman->Qatar>

«Iran-» China»

/'/-7 - --7\\
Japan, intend_cooperate, / Country |

South_Korea @2015-12-31

«Vietnam-» Laos»
. |

_____ . visit

S 022 ¥ politician / |
o b {
Sudan, visit, Ethiopia  §faSummarize ~~ Country \-/' ~—

@2015-12-28 (intend_cooperate ) o >
. N __Country .~ S

Iraq, sign_agreement,
Romania @2009-01-26

| -

STAR-RAG

7 Country ™ |
| sign_agreement -
. Country 7 |

Rule graph

34

Konkuk university

Oman, intend_cooperate, <Similarity Score»

i

Vanilla 6raphRAG 12 6%

' @ Assistant: STAR-RAG 44 4%

The given event
\references don't _+
give information
about the action
of Oman.

0.3 Accuracy
- «Sudan-> President of 2
Ethu:;‘a» . @ Assistant
«Oman-» President
of Iran . -
L China> President d Propagation on Oman, intend_cooperate,
of Japan» rule graph Qatar @2011-04-26
- Similari Oman, sign_agreement,
- <China> Japars =) Cc::;r;;:n Qatar @2011-04-27

Oman, visit, Ali_Muhammad
@2011-05-08

«Irag-» Romanio»

--«Japan-» South_Korea»

Graph & Language Intelligence Lab.
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* Rule Graph Building

v EventZ Rule nodeZ R9F5}111

EI Q=S

B 2t Time-sensitive edgeE 914

o |
= Temporal “What-follows-What" 212 & HZ61 1 20401 MO} JHs

Japan, intend_cooperate, ...  Japan, negotiate, ...

Oman, intend_cooperate, .. Oman, negotiate, ...

Qatar, sign_agreement, Oman, support ,

Japan, .suppor‘r .
Oman, reject_proposal,

Japan, sign_.agreemem,
Oman, provide_aid,
Qatar, provide_aid, Qatar, reject_proposal,

C(Oman) = {Country,, Country,}

Country, = (intend_cooperate, sign_agreement, provide_aid)'

Country, = (negotiate, support, reject_proposal)

Step 1: Entity labeling via mine frequent
relation subsets.

Konkuk university

Rule node u

-

Japan, intend_cooperate, China@2005-07-09
Oman, intend_cooperate, Qatar@2011-04-26

Rule node v

South_korea, sign_agreement, China®2006-08-19 |

Oman, sign_agreement, Qatar@2011-04-27

China, sign_agreement, Iran@2009-02-12

S*rep 2: Map the events to candidate
rule nodes.

35

4

Iran, intend_cooperate, France@2008-08-15 /

Search the optimal model M ™ :

M* =arg ‘mm (L(M) + L(G | M))

Coverage cost
u
Temporal cost

Step 3: Select the candidate nodes
and edge via MDL.

Graph & Language Intelligence Lab.
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* Entity Labeling

v BE Entity0]| CHoH, SHE entity? | §°&6F= Relation &&= =&
v’ Apriori§112|F O 2 X3 el S7S}H= relation subset=2 &1, 22H0| Labeling

v’ Ztentityz= XI0| = relation £210| CHS &= label 2 O

fjo 1o

= Ex)Oman — Country 1

Japan, intend_cooperate, ...  Japan, negotiate, ...

Oman, intend_cooperate, .. Oman, negotiate, ...

Qatar, sign_agreement, Oman, support ,

Japan, ‘suppor‘r .
Oman, reject_proposal,

Japan, sign_.agreement,
Oman, provide_aid,

Qatar, provide_aid, Qatar, reject_proposal,

C(Oman) = {Country,, Country,}

Country, = (intend_cooperate, sign_agreement, provide_aid);

Country, = (negotiate, support, reject_proposal)

Step 1: Entity labeling via mine frequent
relation subsets.

Konkuk university

Rule node u

( Japan, intend_cooperate, China@2005-07-09 )

Oman, intend_cooperate, Qatar@2011-04-26

Iran, intend_cooperate, France@2008-08-15

Rule node v
" South_korea, sign_agreement, China@2006-08-19
Oman, sign_agreement, Qatar@2011-04-27

China, sign_agreement, Iran@2009-02-12

S'rep 2: Map the events to candidate
rule nodes.

36

Search the optimal model M :

M* = =arg mm (L (M) + L(G| M))

Coverage cost
Uu
Temporal cost

Step 3: Select the candidate nodes
and edge via MDL.

Graph & Language Intelligence Lab.
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* Node
v 2t Temporal Event (Quadruple)2 (label, relation, label) @EH2| Rule Schemaz Hi&=
= (Oman, Intend_cooperate, Qatar, 2011-04-26 ) — ( Country, intend_cooperate, County)
* Edge
v' Hamming H2|Z 2 & Edge 44
" <Zagra, >,< b, ', b, >=1[aszb]| + 1[r#r'] + 1]a,#
t O

b,]
v Rule Node0j| ZL&t=l event £0{|A BXO| Z4X|= event A0 FS2F A|2HXFO| AH|AL
= A2t HOZ OftH IHEI0| O|0{X[=X| 20!

Rule node u

( Japan, intend_cooperate, China@2005-07-09 ) mmsmmmsemessssmecsessssessssanananeen.. :

Japan, intend_cooperate, ...  Japan, negotiate, ... Search the optimal model M* :

Oman, intend_cooperate, ...  Oman, negotiate, ... Oman, intend_cooperate, Qatar@2011-04-26
Qatar, sign_agreement, ... Oman, support , ... | Iran, intend_cooperate, France@2008-08-15 . M =arg ‘l}nll&r (L(M) + L(G | M))
Japan, sign_.agf\eemenf' Japan, .suppor"r = s + (Country,, intend_cooperate, Country,) !
Oman, provide_aid, ... = Oman, reject_proposal, ... Balasndes ; . t
atar, provide_aid, ... atar, reject_proposal, ... : OVERags coo
Qatar, p — SuTanReyeci propo South_korea, sign_agreement, China@2006-08-19
________________________________________________________ . Temporal cost
C(Oman) = {Country,, Country,} - Oman, sign_agreement, Qatar@2011-04-27
Country, = (intend_cooperate, sign_agreement, provide_aid); China, sign_agreement, Iran@2009-02-12

Country, = (negotiate, support, reject_proposal) ,: T s ;

Step 1: Entity labeling via mine frequent Sfep 2: Map the events to candidate Step 3: Select the candidate nodes
relation subsets. rule nodes. and edge via MDL.

Konkuk university 37 Graph & Language Intelligence Lab.
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«  MDL(Minimum Description Length)

v" Coverage Cost
= X5 O[0{X|=A| (Z0tLf B2

IS event)

=  Support set2| 37|
v Temporal Cost

= AIZFXIOPH 2Rt IiE S 20|=X

O -

Japan, intend_cooperate, ...  Japan, negotiate, ...
Oman, intend_cooperate, ... Oman, negotiate, ...
Qatar, sign_agreement, ... Oman, support , ...

Japan, sign_.agreement, Japan, .suppor‘r,
Oman, provide_aid, ...  Oman, reject_proposal, ...
Qatar, provide_aid, ... Qatar, reject_proposal, ...

C(Oman) = {Country,, Country,}

Country, = (intend_cooperate, sign_agreement, provide_aid):
' Country, = (negotiate, support, reject_proposal)

Step 1: Entity labeling via mine frequent
relation subsets.

Konkuk university

Rule node u
a Japan, intend_cooperate, China@2005-07-09
Oman, intend_cooperate, Qatar@2011-04-26

\_ Iran,intend_cooperate, France@2008-08-15

Rule node v
" South_korea, sign_agreement, China@2006-08-19 |
Oman, sign_agreement, Qatar@2011-04-27

Chinag, sign_agreement, Iran@2009-02-12

rule nodes.

38

Search the optimal model M ™ :

M* =arg G}il&f (L(M) + L(G | M))

Coverage cost
Uu
Temporal cost

Step 3: Select the candidate nodes
and edge via MDL.

Graph & Language Intelligence Lab.
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« XiQ10{ Z2EF2 Rule Graph 2| SeedZ B2t ( Personalization Vector)

* Rule Graph <{0l|A2] Propagation
v" Personalized PageRank (PPR)
= T EEEE Ruled]| DS K|

» Top-k Rule Node MEH = Rule Nodedi| Z2HEl Fact =&

<Japan-» South_Korea» «Oman->Qatar> - > .~ «Sudan-> President of .
Japan, intend_cooperate, «Vietnam-» Leos> dron- Chin / Country Etivop @ e
South_Korea @2015-12-31 A S Al
e ot Politician / | ° "= Propagation on Oman, intend_cooperate,
Sudan, visit, Ethiopia ifiSummarize - Country — o r:}’_;a;::' o rule graph Qatar @2011-04-26
@2015-12-28 el  intend_cooperate |0 :
STAR-RAG . Country ) - Similarity Oman, sign_agreement,
: AT  ecChinas Jpae = Q ot Qatar @2011-04-27
Iraq, sign_agreement, Rule graph C°“""'Y ? Oman, visit, Ali_Muhammad
Romania @2009-01-26 sign_agreement [~ <Ireq Romanie: @2011-05-08
: Counfry . ?
--«Japan-» South_Korea>
39 Graph & Language Intelligence Lab.
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Diversifying Differentiable Graph Retrieval with Topic-Adaptive Multi-Intent
Learning



TARD

. 1= =Y
v ZXIO|IE BILIO| HEO 2 Qb=
= M| Eoj= ofa] o||NQl XTHS IwSks|)| IHR0)| iSRRI A LR
v 0|2 27Fs5H0|AFM 0| MEHO| of=

=

-

= Retriever, ReasonerE =& &A O = X|XMg}

.+ s Ofo|C[O;

ELl IEZ 02 8E F&F CFE 2|5 2+85[0] Retriever2t Reasonerg 5-& /&3t
=  Gumbel Softmax? |2F STE(Straight Through Estimator)

v Adaptive DPO

r HEH0| 2 E2IES YBRIT HEA0| SRRHHIZ B =2 E21Z iR
Query '— %‘é » Embedding } » Retriever

Knowledge i 1}
Graph /

Weak Supervision
(a) Single-Embedding Retrieval
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e (Qverview

1. Topic-Adaptive Intent Learning

(Ldecorr + LSSW)

» Lyec *

Lol

J Query | | Query Topic Predicted
Cgﬂ?gon Ny < (BOW) 4 (Embedding) Distribution (BOW)
z~a(0 Intent-Word Logits
Construct ‘ Emb (K xV) (K x D)
Dictionary Embedding "X) » Intent Matrix
Matrix J

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

2. Intent-Aware Retriever Learning

Knowledge
Graph

(Lret & ['decorr)

--------- distribution ]
o Sl
| Topic | jmE—
Emb | Model [ [
1
1
Intent Selector

fopic

Matrix

Intent#1

il

Intent#3

Y

Intent#4
Intent#5

Intent#6

Intent Matrix

Intent

ML
: —»| Dasc

Relation

DDE
Intent-Aware Retriever

' Lret

Weak Supervision
(Shortest Path)

Konkuk university
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Generation
Loss
i Consensus
Gumbel i Aware Textual I
Softmax | i Selection Embedding '
i Matrix LLM
P X K Structural S
jector :
Embedding yi 8 dpot Ll
True
Answer

Graph & Language Intelligence Lab.
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Topic-Adaptive Intent Learning

1. Topic-Adaptive Intent Learning * Eoer
(£decarr * LSSW) ‘ D
Query | | Query Topic Topic Predicted
Cc%ﬁl:iltsi,on g < (BOW) 3%5 (Embedding) Distribution Decoder (BOW)
r i
z~a(6 Intent-Word Logits
Construct ‘ Emb (KxV) (K x D)
BOW BOW 1 (VX D) i :
Dictionary Embedding =Q(/ > Intent Matrix
= Matrix J

- Ciot B SHE ZAGE | 2[5f, 0 Z2/0| S/l oA ol== efaohe B8™ ol M
EHj | EOI
v EL QHae £l Zlo| 21| 2= Al Q| (latent intents) £ SHESHEE AdH|
v O|0|XOZ QASHEIOIE0| QAL 2 (intent distribution)S &iAd

.+ oL EXfot TIF Ol S 50101 LIS 5010|242 R
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Topic-Adaptive Intent Learning

1. Topic-Adaptive Intent Learning

* Ligc *

(Ldecarr + LSSW) ‘ D

Query - Query | | Query _ Topic Topic Predicted
Collection {1 N (BOW) gt (Embedding) Distribution Decvoda | (BOW)
Construct ‘ Emb Ill‘[ﬂlt(—}\?())(l’({]/ g_oglts -
BOW BOW | vxD) Lssw _
Dictionary ‘{ El‘i};;g?;ng | =Q(/ > Intent Matrix
-
+ e =i

v Reconstruction Loss L.
= Topic Encoder®t Decoder?} €t&%t 07+ BoWE X|CHE £2/6H= X|
v" Spherical Sliced-Wasserstein Loss L
= Encoder?}2HS 79t 78 1 Ajo|o| XN HBS QA[IEE Hst
= T HEPDSIRO Z2|X| 25 RS, 2|0|H =770,

=

N
0
>_
rot
Nag!
10

e Z%[=Loss

Lselector = [’rec + LSSW

Konkuk university 44

CHE =2l= Ee HiX|

Graph & Language Intelligence Lab.



TARD

Intent-aware Retriever

.........................................................................................................................................................................................................................................................................

2. Intent-Aware Retriever Learning
(Lret W Edecorr)

topic i
"""""""" distribution
$
IRl
Tople . MLP
Emb P = — ; —| based
Knowledge Model < : Seor,
Graph = Scorer
3
Intent Selector Intent-Aware Retriever
Intent Matrix * Lret
Weak Supervision
(Shortest Path)

 Adaptive Intent Selector
v ELRIS 2202 SX0HH AR G el (Al Ly Oote] 2| =2 gd s}

i L = ITL_ L_

= ZOIEZCHE £9| oot ek}

(@) ={k| ) ) <v}
j<k
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Intent-aware Retriever

- % . T S1
2. Intent-Aware Retriever Learning H 5 f CoSoleotel Tiiplen |
(Lret + Ldecorr) L s i (Consensus) ..
Correlation Laecorr
Matrix
topic
"""""""" distribution ]
&
% 5 MLP
Topic | [F——
. Emb - —| based
Knowledge Model — Seor,
Graph J S
H
Intent Selector Intent-Aware Retriever
Intent Matrix * Lret
Weak Supervision
(Shortest Path)

* Intent-specific Triple Scoring
v’ J|Z SOTA E&9I SubgraphRAGS| 1 X2 7 |HIO 2 O| = & HI
v YN MEEEI Q| E DO 2 O ZE0|| THoH 2| B S At
sk(q,h,1t) = fpred (Ll ql|R|l7 ]It |dppED

= SO EC|SO0RE QRO Hot LE = US
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Intent-aware Retriever

.........................................................................................................................................................................................................................................................................

i (Em— ot ¢ T S1
2. Intent-Aware Retriever Learning H - " Co-Selected Triples
(Lyet + Ldecorr) HH 53 : (Consensus) ;

Correlation Ldecorr

Matrix Distribution
topic
"""""""" distribution
Intent#1 ;
— 8
& =
c . MLP
Emb Topic | —— : based
Knowledge Model — :
Graph = — | | Scorer
p
] o
Intent Selector Intent-Aware Retriever
Intent Matrix * Lret
Weak Supervision
(Shortest Path)

. SRAEY
v Retriever Loss L,
= Ranking Loss £ gnk

= Binary Cross Entropy Loss £yc.

|>

v" Decorrelation Loss(B|AEH  Liecorr
= O 2 H BEORARHAIE ZE BX[OH| 2[5

Konkuk university 47
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Differentiable Triple Selection

- % . T S
2. Intent-Aware Retriever Learning H 5 {CoSel et Thiflen | :
(Lret + Ldecorr) HH s P (Consensus)
Correlation Lgecorr Gumbel
Matrix i Distribution
topic
"""""""" distribution : l
& : el
4 || $5 — S |
, s Head MLP : oftmax
Topic | }— 7 i
: Emb : —{ based :
Knowledge Model — St
Graph 1 Relati EHeniEt
L » Projector |
Intent Selector Intent-Aware Retriever
Intent Matrix * Lret
Weak Supervision
(Shortest Path)

« 7|& Triple Selection2 O|4FHQ1 Q4410 |7| IR 0|2 27
v Gumbel softmaxZ Solj O| LRI MEH 1P S SEXN Ef = ZAISH Gradient?t S EH| TS
v 0|2 Edl{ E2|E ME0| Differentiable sampling EHZ $H2tz|0] Retriever2t LLM & £|H2} JHs

—_—

» Ol 2hots ol S @89S 2loll 2= Top-kIHe| E|S EM
=

o
v Ef|EieECENA B BR R A=l GLHO [ HAPLL RAIE = US
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Consensus-aware Prompt Construction

.........................................................................................................................................................................................................................................................................

2. Intent-Aware Retriever Learning 3. End-to-End Differentiable Optimization
H S5 i Co-Selected Triples : :
(Lret Iy Edecorr) || Sg (C‘onsensus) - (Lret * Edecorr * le + [’adpo)
C orrela‘tion- Laecorr Sl
Matrix Distribution Distribution ™., Cenembiti
________________ topic - LO;S
d?.sf‘r'lbufron E fuiRsesninacnnennunanen E -_
81| | [oumpa §Comensstl — I
g b 7 ; : | Gumbe i Aware extua
3%& ¢ | MLP i | Softmax [ '} Selection i Embedding ‘
Topic | [ }— » i i R
Emb - —{ based : { Matnx LLM
Knowledge Model - Seor : ﬂ Eaadiancivad
Graph ] BGOTET _ x K S tricii Reasoner
y DDE | Frojeston Embedding £ dpo' Lo
Intent Selector Intent-Aware Retriever True
Intent Matrix * Lret Answer
Weak Supervision -
(Shortest Path)

+ O] oot SSHO=E HEot ER|S2 FEM =30| El= 3HE /e d0l =5
v EZ|Z Y2 o|- 50| MEsH 210} confidence(AI2]E) £ AHASI0] gho

I
1
Ct:ZYt,i; gt:1+72yt'i
1 i=1

v &, Consensus’t =25 Ax (715X £H)

—_—
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Consensus-aware Prompt Construction

2. Intent-Aware Retriever Learning
(Lret W Edecorr)

topic
"""""""" distribution
: [
o -
Emb Topic | }—
Knowledge H Model —
Graph ]
1
Intent Selector

Correlation Ldecorr

Matrix

Intent#1
Intent#2
Intent#3

Cc.;-éelec-ted 'i'ripies
: (Consensus) :

Distribution

Intent#4

Intent#5

Intent#6

Intent Matrix

Intent i
Query &
Head MLP

Tall —{ based

- Scorer
Relation

DDE
Intent-Aware Retriever

| Gumbel | { Aware

3. End-to-End Differentiable Optimization
"see ...,,__._.(I:ret + Ldecorr + le + Ladpo)

Gumbel

Distribution i s
----- . Generation
l ....................... = Loss

Textual

| Softmax | % Selection i

LLM
Reasoner

Embedding

Matrix

— - Bu > K

Structural

® Lret
Weak Supervision
(Shortest Path)

-« 2 EZ[E2 F2H (Structural), 2|0]& (Semantic)

o)
EEET T
v oo ERE
o¥
o

Struct(t) = MLP([h]|rl|t]),

Konkuk university
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» Projector * Embedding Ladpo' i
True
Answer
_— 7 e}
T t|'7é||0-||k| HA

o
triple= XIQ10| E20 2 HEIoH £ LLM2| Embedding LayerE S| 2244 o|0|E Ht

Sem(t) = ELLM(Tok(h, T, t))

Graph & Language Intelligence Lab.
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Consensus-aware Prompt Construction

.........................................................................................................................................................................................................................................................................

2. Intent-Aware Retriever Learning s 3. End-to-End Differentiable Optimization
] S5 i Co-Selected Triples : :
(Lret Iy Edecorr) || Sg (C‘onsensus) - (Lret * Edecorr * le + [’adpo)
C orrela‘tion- Laecorr Sl
Matrix i Distribution . el
________________ topic - LO;S
d?.sf‘r'lbufron E fuiRsesninacnnennunanen E -_
81| | [oumpa §Comensstl — I
g b 7 ; : | Gumbe i Aware extua
3%& ¢ | MLP i | Softmax [ '} Selection i Embedding ‘
Topic | [}— Thienia . : i e
Emb : —{ based : i Matrix ¢ LLM
Model [ based J—— .
Graph ]ZI : L i@ X K p—— casoner
P Jector * Embedding £ dpo' Lo
Intent Selector Intent-Aware Retriever : T

: rue

Intent Matrix * Lret Answer
Weak Supervision -
(Shortest Path)

o = IPEHO| Rt M ALt gate g, 2 &6 triple THRI2| Triple blockE 44
v Gates Triple selection= 0|27 st SHE L2, &= B0 Holls 2 2M end-to-end &5 7 s
B(t) = [gp Struct(t) || g Sem(V)]

P(q) = Concat({é(t)|t €T(q),g: >0}
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Adaptive DPO

..................................................................................................................................................................................................

2. Intent-Aware Retriever Learning CoS electedTnples

3. End-to-End Differentiable Optimization

(Lret + Ldecorr) H S3 (Consensus) A (Lyet + Laecorr + Lim + Ladpo)
Correlation Ldecorr Gumbel ..
Matrix Distribution Distribution ", Cenembiti
................ = fO_pTC'. e i LO;S
d?.sf‘f'lbl!f?on fuiRsesninacnnennunanen E -_.
$ vl o 1
- - ; | Gumbe Aware i Textua
3%‘ \ | MLP | Softmax | i Selection i Embedding .
Topic | [}—— Tntents3 i R =
Emb : —| based i Matnx LLM
Knowledge Model - " Eaadiancivad
i 5 - Scorer XK Reasoner
Graph o
il » Projector Structura
ntent#> DDE > Embedding £l dpo' Lim
Intent Selector Intent-Aware Retriever T

rue

Intent Matrix * Lret Answer
Weak Supervision
(Shortest Path)

« 2= 9 SH7t &M Reasoning SES AP = A2 01
v Q3|2 Noise R It
= Ex) {2 Q0N ZEX O 2 MEHSH TripleO| Thzs hub nodeQ! 22
v &, Consensus Frequency # Informativeness
Y
v &9 St A Reasoning 22 =01= BT =t = Adaptive

Lappo(q) = —loga(p - A(q)) - 1{Pref(q) # None}
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TARD

Adaptive DPO
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3. End-to-End Differentiable Optimization
.. __.___.__(Lret + Laecorr + Lym + [’adpo)

2. Intent-Aware Retriever Learning
(Lret W Edecorr)

Correlation Ldecorr

Co-Selected 'i'ripies
: (Consensus) i

Distribution

Matrix

topic
"""""""" distribution _
7
% 0
Topic | ———((Tntent#3 )
Knowledge Emb Model —
Graph 1
L
Intent Selector

Intent Matrix

Gumbel
Distribution

l

| Gumbel
| Softmax

$
MLP
; —| base
Scorer
DDE
Intent-Aware Retriever
LTEF

Weak Supervision

(Shortest Path)

SEA
) OI-EHH:II:I-l

(@]
v’ EJHX| Prompt ContextS 111

»  Weighted Context (yV) : &2 SH? UXEI ZEIE
= Plain Context (y?): 10| 5Pt X EX| gt 0|2 T2TE

v E= Context 2Z1210{|A]2] log-likelihood X}0 | E5H Preference 27
A(q) = logrg(¥"' | q) — logme(YP | @)
v A(g) 320 2} 0= 20| O LI2X| THEH (S22t 39
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Pref(q) =

yP
None
5

» Projector

g

‘e,

Generation
Loss

LLM
Reasoner

Textual
i Selection i Embedding

Matrix

Structural

Embedding

Ladrot Lim

True
Answer

E0|E X)

yWo ifAQq) > 6,

if A(q) < 6,
otherwise
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Method

Training Strategy

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

3. End-to-End Differentiable Optimization
-..._____(Lret + Laecorr + Lim + Ladpo)

2. Intent-Aware Retriever Learning

Co-Selected Triples
(Lret hi ACdet:arr) i

(Consensus) _

Gumbel ™,

Matrix Distribution .. G i
topic e1iera 0n
"""""""" distribution J.......................g 0SS
= -% ‘ Gumbel Cc:&lsensus X Textual
7 Query A 1 ware Xtua
gg Tort MLP Softmax Selection ; Embedding ‘
Emb opic ERMEEE S . | based Matrix LM
Knowledge Model - Seor ‘_ ..........
Graph 1 L x K 3 | Reasoner
H i L5 Projector tEuciura
DDE > Embedding £l dpﬂ' Lim
Intent Selector Intent-Aware Retriever T
rue
Intent Matrix * Lret Answer

Weak Supervision
(Shortest Path)

« Phase 1. Intent Selector, Intent-Aware Retriever Pretraining

Lselector — Lrec + LSSW

» Phase 2. Joint training

Lyet = Lpce + Lrank + Laecorr

Ljoint =P Lygr + (1 - ,0) * Lym + Paecorr * Ldecorr T Padpo * Lapro

Konkuk university
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