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AW TIX, 29 7X—Z RAG (GraphRAG) IZ
B 2EY 2 — VHFTOEENE KRS T
5. XEREHPOHET 7 7 2R3 5 NV T
H, #2727 2 MBI HHT5a3I2=74
7, BXUOHEHESEMT 2L R—- MERICEHR
L, ZNZNOFGHERNEMICEEREICS 2 25
Br, “ODOZREAMNENYF~— 27 TaliiL
7o, ZORER, VIR OSED TIRERED R
My Zehi§szr, BXvaia=74%
HTX, FEOFMXE Py ZEHNEDNT VR
B, EREE IR E IR R ZBRAEEmICEETH 5
ey hol. EBIZ, T —FR—ZADL
A— FERIZ, LLM R—ZAFEL R T, BRSNS
HREL TR OME TENA TV, ThsDHIA
ZHAEDE S Z & T, KD GraphRAG X E % K
< LE 2 EREERER L 7.

1 XL®IC

ZADHE NG HESLEMEDO H WS TIE, LLM
DNEHIEE % BICBETICHES 2 2 LWV, 2).
Retrieval-Augmented Generation (RAG) &, HEZmIRFIC
N FHBESRBRTZ 22T, ZOHINEMS
Pefl A TH 5. T, RAG [3,4, 5] DIk & L
T2 7 7 X — 2 RAG (GraphRAG) D3RR X T
W3 (6,7, 8,9, 10]. GraphRAG 1%, X EEE» S
(subject, relation, object) JERX D =-2#
(MU ZHHIL, ZOoz2MEE&r 7 7 LTH
Ebs 5. HEEmkaci, EcEE S 25 %% 7 7
T OREL, BUS LSRR Z S LTH
BrRAENT . Zduc kb, CEMEBINICOEIL T
W-HEPEH XN, RENRRPZEHER DN
EDHRFEINS.

— /T, EEESCZEMGRIIKRD 5N EBINE
IZBWT, GraphRAG O NERERETHICE 3 2 KR M 72
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EsHEH o IcH I I AT WL, BR, Y ORERE
FOMEREE EA L, RETME SRR E IS S
PRI E D K 5 ITHET 203 S TRV,

AWFFETIE, GraphRAG % EY 2 — VAL THHT
L, ixah&Re 20 MENERICEEREICS 2 25
BRHLPICT D, BICHE S 7 7 OB E MG
TH5DTIERL, COFHTHIEL, COMKE
RORRERPICHESEY TS, MY I, o
Ra=7 478, LAR—-MERIERHL, 1) P
VTR E, ) FIEREA ORE, 3) LAR—
MERBIZET S LLM O BEEERHEF T 5. 2 b
DEY 2 — NV EERZRMICEZE L, CDR-QA BL UL
DocRED-QA D =D DEZRERMIEER Y F~v—2T
M L 7z,

FERDFER, GraphRAG DENMEZ, HFks o 7
DHRTEDDHDTIFRL, it - 7E - FFELOK
FHCEEREFET 2 e gh o7z, £33, bU T
HHOMEIIHREOEBERR LAY 7 THD, /
A ZDD I N EREE I 28 U 72 B RSB M RE
ZH7607% K2, aIa=7 4 pETIR, #HE
WA K by ZERNRRIED, IRUEFZOME
FEEZED, ZEMRERELRE. X515, LE—
MERKTIX, 7 7L — FR—ZAFIED, LLM IZ &
2ERED bEWERE L ETREMEREZRL, FERE
oLy pa—raryb Lz, 2o oA ZHE
AEDE S Z T, TERFEITHARTKIEZ B
Er EBEsN. AR THWEEES IO =D
DEMISER Y F~—2 2 NHT 2D,

2 FE

GraphRAG 7L —L7—9 AWZETIE, K11
RT T BB D 572 % GraphRAG R4 75 4 ¥ %5
B33, 3, XEDS (subject, relation,

1) https://github.com/norikinishida/kapipe. AKaf
X, TACL 8% “Dissecting GraphRAG: A Modular Analysis
of Knowledge Structuring for Factoid Question Answering” (Nishida

et al.; to appear) DEARTH 3.
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' 1. NUD)LihiH =—= i :
i / / i 6. B% :
1 é I é | é l (D014635, induces, D003072) : : :
1 .
(D014635, induces, D0022124) [ 1

: 4 / / ad : ; ::I.> Iii EEI EEI < ]
¥ . > CJ
: | I | . A==+ (ﬁl}ﬁgjj) : : BRRFv>0 BRI :
! P | " ¥ :

. S — ] 1
' : 2. MIED'S JiEE 4uﬂ—h$m " 7. B EmR :
; YBES X 7. EE :
' (eg., PubMed) ¥ :
1
' [{"concept_id": ..., . . . : : :
' "canonical_name": ..., ' HRAOER '
: "synonyms": [...], AS3=5+ LA— i '
| | Sttt .3, . ¥ i — = |
: [{"subject, id”.'m * 5. Fr>ofk : : ® s :
' _id": ...,
1 "relation": ..., : : :
| sEEEEERHEE: ;
' Ak N < Xl 1
: (eg., MeSH) Fro ' 707 ~ :

X 1: AWFFETHEEET % GraphRAG 234 7T 4 > OFFEIK.

object) FERXD MU T EHH L, FER—ZHE
& ID (MeSH FIFE=° DBpedia 7 X)L 72 ) I2HoW
THET 2 THERZ 7 7 2RI 5. iz, H
kT 7 R BARNRHEBA RS2 =T 4
WHHEIL, faa=74 ZHARSTHEL K- L
ST 5. AREINELR—-FREEREF ¥~
72 HE - BlfbE h, %ﬁ%ﬁﬁ#m;’gf‘nﬁczﬁaﬁ?é
Fy I EMRL, ZA5EEML LTLLM 23H
BERERT B, AETE, E2THEDI 5, H#HD
MG - 0 - SRELEEEREST 2 =20 FHE=E
Ja—)b, Thbb ) I, aza=T4%
%,v%—bi&k%ﬁ?é oM E R I EE
L, &EHEIRB X CENERICEEREICS X 28
EERYID TS 5.

FUZILHE U SN, EARBERE
(NER), T > 7 4 7 4 KM ED), XEL N
JVEAfR I H (DocRE) D =g 57D, TF 2 b
ROy T 47 4 8 - IERIE - BAIREIEZITS.
AT, MY BBV T, X ¥ —<iil

e BEMH D FHNDRIFED R 5 =D DK
%3 %, (1) SLM-SFT TlZ, Biaffine-NER [11],

BLINK [12], ATLOP [13] £\ o /=& X 7 Bt O#
fidd h /NEESEETAEZHWS., Zhb 3Gk
& (precision) 72 b U IV EERKTEXSE—)5T, =

VT4 T 4 BISREBREIEEE T — & [14, 15] 12K
73 %. (2) LLM-ICL T!%, NER ¥ DocRE % LLM

(GPT-40-mini [16]) TE#1T\, ED TIiX BLINK O
Bi-Encoder T/ 72 &% LLM TV S v ¥ v 2
3 5. few-shot il % 7= in-context learning 1T X
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DERBLT YT 47 4 PRI TE 2 —
HC, #fID55L, /4 XRRMNBEGREEART
W[17, 18, 19].
:::“?4%% AT, FEORR S =
DREIFEZ LB L, ERSEICE L 72 H
u®ﬁﬁ%ﬁﬂ?6 Bk, EEEEAL DMK
EorElp 6 b Y T VBALORMIRLEE 79 E £ T % iR
$ 4. (1) Hierarchical Leiden /%, Leiden 7/ 31 X
L [20] Z FIRHNCEA L, FEk7 2 7 2 REERIC S
HT2FETH 5. FERLERIEW, 7774
%%%ﬁbt MREATZ D720, HERR—-2F 4
& LTHW3 [6]. (2) Neighborhood Aggregation
X, &/ —Fe 201 Ry 7L S5k 5, Mk
ErORANZII2a=T 4 2 EKT 2 FIETDH
5. TUT 47 4 PDLOBEBRXXIREREL, ~NA
NR=FG R =R T OERNCEAZIN S, (3)
Triple Level Factorization 1%, &~V 7L L7
AIa2a=74 & LTS ROBMMERSEFETD
3. B—HIRIWET 2 720BRREZLL, £
BHERICIIAMETH L Z e TSNS,
LR—FERE &233I2=7 4 3BASHE L K-
McEfE N, EELAR e SEEE TV EENT %
RE 2HS . AKFFETIE, LLMIZ X 2 EHAER L,
?V7V~Fmiéﬁi%ﬁ$ﬁ®:o®$&%
t#3 %. (1) LLM-based Report Generation T |,
AIa=T7aNOZYT 4 T4 BEFEEASEL
T, LLM (GPT-40-mini) 23X £ b, By, HE» 5
72 B RELER JSON) 24K L, 7 7L —h i
I DEXLR— PAZHT 3. (2) Template-Based
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F—&Ztvy b MU HIH Anps. Recall Ev. Recall@10

NER ED DocRE

P R F1  Acc. P R F1

Manual 11.7 26.3 100.0 100.0 100.0 100.0 100.0 100.0 100.0
CDR-QA SLM-SFT 7.7 14.5 877 89.1 884 90.7 660 702 68.0
LLM-ICL 4.8 8.4 60.6 80.8 693 895 382 902 537
Manual 18.3 45.1 100.0 100.0 100.0 100.0 100.0 100.0 100.0
DocRED-QA  SLM-SFT 18.2 33.0 88.2 88.0 881 855 665 589 625
LLM-ICL 14.5 5.6 707 76.1 733 875 10.8 18.7 13.7

7 1: CDR-QA B X IF DocRED-QA BT % + VU Uit FiED ik ¥, NER, ED, DocRE DEHE.

Report Generation Tl%, Hik27 7 7 & ICEAD &,
REWZD Oy T4 T4 ZHWEXA b
e, BT 474 BIOBERBROAENLLE L
R— b 2PUERNCERT 2. FiGSIZEND, 1F
Wt it BEMRICENS.

Froot - RER-BETFER &23I2=711
R— MIEEETF v > 7 17E L TR bxh, #E
AR I ERNCEEE#E S 2 L6k tFoF v > 7 2 HUR
L, Bl ¥ %12 LLM (GPT-40) N A L CHIE
BHERT 5.

3 &

RERRTE  AWFFETIX, GraphRAG ZIKRANICS)
Wr$ 279, EYWEF7TE D CDR-QA & — 7%
@ DocRED-QA % #1721 L7z, W7 —&Xt v b
3, BECERINLTAFTY /7 —varaEh
7o bV INCEDSKHIGEE Y 7 7 L CRIZERRETR,
ZEMHEm O OB BIE R 2 RO B 2 i 2, EIE
Neighborhood, Intersection, Multi-Hop ® —=F#H%H 25>
s GEEAER A). HREICEERER, &E
M DOWTAEREESIERT Y 74 74 (ZDFIFE
BEAD) TV DOBATWAI2EEA, £EMT
BELEE Y L TEFR I NS Answer Recall THE
fili$%. fNZ T, Evidence Recall@k ¥ LT, &EfH
DEIBERIL -V T D AL k FOMRERICE %
NBEEEHET 2. FRCHh DWIRD, B
GraphRAG D7 7 # )V FERETITS [6] - AFIT L B
MY INVEEEHWTY S 728 L, Hierarchical
Leiden THEIL, LIMIZX > TLE—MERL
F % > 7 % Contriever [21] THRE L, EiI10 %%
i LT GPT-4o THIFEZANKT 5.

BREEE GraphRAG D &G ALY E G &
HRICEZ 2 EZHANDL D, Xz Hwiz
W Direct LLM, XZEJF ¥ > 7 Z#HE 3 % Document-
RAG, GraphRAG (default i%XE), BLULEY 2 —b
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BN Direct LLM B Document-RAG
100

GraphRAG (default) B GraphRAG (best)

80

60

40

Answer Recall (%)

20

Neighborhood Intersection

(a) CDR-QA

Multi-Hop Avg.

100

80

Answer Recall (%)

Neighborhood

Intersection
(b) DocRED-QA

X 2: CDR-QA (k) 3B X U DocRED-QA () B
340D R T LD Answer Recall.

Multi-Hop Avg.

DHICHE S K REMK D GraphRAG (best) % LL#E
L. 2 1Z/R3 & 512, GraphRAG (default) 1%
Document-RAG Z L3I RED, ik~ 7 7 %
AW a2 cidtEem E2RHRIEI 2w &
BB, —HT, REZFHERZHAGDE
GraphRAG (best) 13K Z 72 PEfREM L% R L, CDR-QA
T 56.7%, DocRED-QA T 26.7%® Answer Recall %
ER L. 2o OFERIE, GraphRAG DBERIMED,
Wik o 7 0BETIE R L, Mt - 2% - SiBkic
B3 2 AEHEUCIE KT 2 28 2R LTV 5.
Rz, bV TN TFIEDE WD GraphRAG D%
BEICE 22BN =0, FE MY FAHH
(Manual), Z 2 7Rt SLM 12 X 2#1HH! (SLM-SFT),
BXUO LM I X 24 (LLM-ICL) % LbER U 7=.
FLLITRTEO1C, thoEY 2 — A Z[EE L T
L7MEE, Ry vtz ERE 5%, HEIF
EDOHTIE SLM-SFT 23—H L T LLM-ICL % L[\ -
7z. ZAUE DocRE 12 B 2 E D% (CDR :
66.0 vs. 38.2, DocRED : 66.5 vs. 10.8) X% HDT
hrrEZLNE., T DRERIE, GraphRAG D
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_ Answer Recall
23 2= 4 4

Evidence Recall@10

232274 it

Manual SLM-SFT LLM-ICL Manual SLM-SFT LLM-ICL 23 2=7 4 ¥/ — F¥

CDR-QA
Hierarchical Leiden 11.7 7.7 4.8 26.3 14.5 8.4 330 9.6
Neighborhood Aggregation  33.5 23.6 16.9 58.8 429 37.2 1,263 4.9
Triple-Level Factorization 24.7 17.5 11.0 27.2 17.8 9.7 2,435 2.0
DocRED-QA
Hierarchical Leiden 18.3 18.2 14.5 45.1 33.0 5.6 3,099 13.7
Neighborhood Aggregation  26.5 25.1 19.7 74.3 56.4 10.4 17,859 3.7
Triple-Level Factorization — 22.4 20.4 19.7 54.8 39.9 7.7 29,205 2.0

3 2: CDR-QA B X I DocRED-QA 2B %2 I 2 =7 1 JEFIEDLEL. “Answer Recall” 3 X I} “Evidence
Recall@10” RDEHNE, AT 7 7 OHEICH W M) A FRCHIN s 5. £/, FEMERS S 7%
AN Lz EDaIa=g 48 FHaIa=7 494 X/ — ) 3 TRT.

R R Answer Recall  Evidence Recall@10 N
F—&ty b LER—FMER KEIREH] (53]
HL NA TF HL NA TF

LLM-based 11.7 335 247 263 588 272 46.129
CDR-QA

Template-based 24.4 56.7 28.6 41.1 704  32.0 0.005

LLM-based 18.3 265 224 451 743 548 590.905
DocRED-QA

Template-based 22.9 26.7 25.3 624 741 593 0.070

7% 3: CDR-QA B X Of DocRED-QA 12813 3 L K — MERFEDL#E. “Answer Recall” 3 & U8 “Evidence
Recall@10” RDEFNE, AS1a I 2=F 4 OHEEICH W25 E|F (Hierarchical Leiden : HL, Neighborhood
Aggregation . NA, Triple-Level Factorization : TF) X6 S 5. £72, FENEES S 71T Hierarchical Leiden %
BHALTEONZRAI 227 42120 T 3, LAE— FMERICHD - R (49) 88 TRT.

TEREDS bV IO FBME TR SBEIZH I8 K
L, /A XRLIENBfGRZ & Lait 2 N0 H R
JICEMREZ RECIEKTEEZ 2 ZRLTWVS.
ik 272 7 nElOREIERMICE RIS 2 %
BRI B 728, fHKE Hierarchical Leiden, H
fEIHLFE 72 Neighborhood Aggregation, 3 X UMANA
@ Triple-Level Factorization % FL# L7z, 2K 2 IT/R$
X 912, Neighborhood Aggregation &3 X TD T — &
ty FBLUOHHZECBOWT B L TREDOME
BEZ /R L, Answer Recall ¥ Evidence Recall@10 D ¥{
77 CHiFE% 1Al - 72, Hierarchical Leiden 23 %%
POMKNEDaI 2 =74 Z4EML, Triple-Level
Factorization 23 Z 8 DMk ED I I 2 =7 1+ %
T 5 DI L, Neighborhood Aggregation (&HF2
BoREEZRL, HEEL DT Y ADKRD BIFT
Hotz., ZORERIX, aI 2T 4T ED LM
BRENMIT L, M3 F2 e H#amic Bz R R
TWrEN D RERERRBRERPHL <72 5) 2 ZRL
TH D, Neighborhood Aggregation 13 % D& % i ]
WML % 2 & T, MRE ZBAMmZ RIRANTSHE
TE5ZamRLTVS.
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2322574 LR—-POERTFEL LT, LLM
W EBEHMERE 7 7L — M X BERMAE
a7z, R3IWCRT LI, 771 —1F
R—ZAFEEZ, BEITRTCODEREBIVOT—&
t v FTLLM RX—XF{%% LA D, Answer Recall
¥ Evidence Recall@10 D WA TEWERER R L 7.
X 51T, WFRER B HHEWVICE L, FHEMRTHLE
NTWz. ZofRIEE, FEPLOEMIGE T,
AI2=T 4L R—-—bORBEEIDY, =74
T AREBRERNZLSRHT A2 EAHEETHD,
7Y 7 — bR—=ZERPIERNE & [0 EERE D1
VZEMNTHEZERLTWS.

BEI2—NLDHFEHIZOWTIE, B OT T
L—a VERESIRINT V.

4 HDHDOHIC

AHFFETIE, GraphRAG D EHEE Y 2 — LF&EIH
HHIGEMRRICE 2 2 B2 KRNI L 7.
GraphRAG O HMEIIHIFR 7 7 7O FEWZDH DT
3724, MU IO SE, HEREAL N ERRET,
BIUOBEIHETHRIIRET S22 2R L .
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Question Type  Question-Answer Pair

CDR-QA
Question: What chemical compounds induce
Defects, Intraventricular Septal?

Neighborhood

Answer: Sulfasalazine; Aspirin; flumioxazin

Intersection Question: What diseases are commonly induced by

both Oral Contraceptives and Unfractionated
Heparin?

Answer: Venous Thromboembolism; Venous
Thrombosis

Multi-hop Question: What chemical compounds induce the
diseases that are also induced by Clonazepam?

Answer: Amiodarone; Alprazolan; Ammonia; . . .

DocRED-QA

Question: On which platform was Shadowrun
Returns released?

Neighborhood

Answer: Microsoft Windows; Linux

Intersection Question: Which sports team do both Davy Jones
(baseball) and Bo McLaughlin play for?

Answer: Chicago Cubs; Baltimore Orioles

Multi-hop Question: What did the person who has Emily

Bronté as a sibling write?

Answer: Villete (novel), Jane Eyre

3 4: CDR-QA B X U DocRED-QA (28T % 3 HEHHD
HE XA 7of]. FHITER T > 7L — MDA
FNF T 4T 4 BRT.

A F=2EYhH

CDR-QA B & Of DocRED-QA fERX D 7= D X13% 27
S TDMREFIEEZRNRS., £F—&ZEy FlZOWV
T, MU -SRI EENEFE T
T—=>ayEA MY IVERWT, GRAES T 7
AL 7-. CDR-QA T, 1,500 4® PubMed 7 7
2 M52 257 % CDR 2 — %R [14] ZHH L,
MeSH HFEIC Y ¥ 7 SNTALFE - TERDF M (X
>¥aY)¥, Chemical-Induce-Disease BfR%
FIF L7=. DocRED-QA T, 4,051 £ Wikipedia it
7 572 % Linked-DocRED 22— %2 [15] 2 L,
DBpedia IV ¥ 7 SN [EHRH L, located_in
¥ ORE W,

R, SR 7 706, BigsHmsx—2%
S 3 -0 =FEOEMELERT S, b
X, FRICEEST 270 ER ST 7EBEDR L
M52 H 72 2. (1) Neighborhood B 1%, Ri& DR
B (zvY) 2ALT, 2/ — RICEEERINQ
TWBLYT 4 T4 %258 —Ky 7OHEHMTH
5. BlzIX, BALFWEICE > THERINLER
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TE CC RG CDR-QA  DocRED-QA
Manual NA Temp. 56.7 26.7

LLM NA Temp. 28.0(-28.7) 21.1(-5.6)
Manual HL Temp. 24.4(-32.3) 229 (-3.8)
Manual NA LLM  33.5(232) 26.5(-0.2)
LLM  HL LLM 48(-51.9) 145(-12.2)

# 5: CDR-QA B X Uf DocRED-QA I2BIF % 7 7
L—Ya iR R EzEEX L, 120
EY2-NDAEMDFRCEESRZIHED
Answer Recall (%) Z/7R3. FHENAIEEREERD &
OBBRETNE2ERT. BBEETE =1tV FHl,
CC=a3Ia=7 45| RG=LHK— MK, HL =
Hierarchical Leiden, NA = Neighborhood Aggregation,
Temp. = Template-based.

TrT 4T 4 %M. BIZIE, ZODHEAOWGIC
FoTEHINIEEREZZNQS. (3) Multi-Hop &
B, BEOBGRY?S R 2HHZ BT THEREN 2
TrT 474 %M. BIZIX, LEWED SBERY
ML TERINW IR0 EEE SR 5. FEMA
4 FWZOWT, HBOPUDERLIET YL — NI
HroOE, &7 —Xty MIOE 128 tFDEM M
R7 R L. B2 R 4 1R,

B 77L—>3> %5

AHITIX, GraphRAG D ¥ DE Y 2 — Lo EMIG
EMRER2ARICRDIREZLFLG LTV D02 M
35, MRE, PYSAME (TE), a3 2=74
57El (CO), VR—MERK (RG) D=D2TH3%. Z
DD, mbEMETH > R HAELY L, —
FBIZ—D2DEY 2 —LDAERDEFRDEDL - -
REFHRICBERZ L7 7L —> a VEBREITS.
LSIWRT LS, VYU EREaIa=
T4 DE 2 RLMEEDRNTIRICE XL 258,
CDR-QA TlX Answer Recall WK E (K RL (Zh?
#1-28.7, -32.3), DocRED-QA T & HEE DK R
Hohl (2hzh-56, 38). —F, LKR—FE
MFEDOEEIC X 2K N IXEE/NE <, CDR-QA
Tl¥-23.2, DocRED-QA TlI-02Z&¥E -7 Z
NoDFERIZ, TRTDED 2 —/LH GraphRAG D
HRICHFS L TWE—AT, M) IitioMEr
a3 2T 4 DEIOKENFHCERETH S Z L ER
LTW3.
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