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Constructing Domain-Specific Knowledge Graphs from
Unannotated Technical Texts using LLMs

Suyeon Lee - Sohhyeong Park - Hyunjong Kim - Sungzoon Cho

Department of Industrial Engineering, Seoul National University

Building knowledge graphs in specific domains presents significant challenges when domain expertise is
limited. The primary obstacles include the lack of annotated datasets and domain-specific models. Although
large language models (LLMs) enable flexible extraction from unstructured text, their direct application to
technical domains often leads to domain mismatch and inconsistent relation representations. This paper presents
a hybrid framework that combines a domain-specific extraction model with LLM-based reasoning to build
knowledge graphs from unannotated patent abstracts. Using semiconductor patents as a case study,
domain-relevant entities are first identified and then refined through iterative LLM prompting to extract
relational triplets. The resulting relations are normalized and integrated into a unified knowledge graph.
Experimental results indicate improved textual faithfulness and more coherent relation structures compared to
domain-only and LLM-only baselines, demonstrating a practical approach for scalable knowledge graph

construction in unannotated technical domains.
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Figure 1. Overall Framework of the Proposed Methodology
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Table 1. CPC classification codes by subtopic.

Subtopic CPC Code

(1) Silicon wafer fabrication HOIL 21/02, C30B

(2) Oxidation HOIL 21/31, C23C

(3) Photolithography HOIL 21/027, GO3F 7/00

p=UD, ()
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71E& <IEH "71‘“% = é(Frledrlch et al., 2020; Yamaguchi et al.,
2020)E WHeA 59 HolEd A &5t wdle 724

o] & Felatr] Hla) A E At Eoke] JHA QAX(NER) &
d(Kim ef al., 2023)& 3 3 WA E3] dlo]EAlel] 22
2 &3 AIE <Figure 2> AASHAH. lF 2L TiO,,
nanocrystals 5 A 5348+0] AEE F3 o 23l o] glof,
WA ZoQlol| A A NEQl “wafer”, “polishing sys-
tem”, “etching chamber”¢} 22 7|4 T & A=A 2E
ShA] E3k3iTt A A &9 Aol A= “polishing system” 3} 2+
< 54 7l &oE s ofn delE kA Fstal
“polishing”3} Zo] o] ©9| 2 BA3h= 7 ko] El= it

Recently, the high integration of semiconductors has increased (he processing and storage
capacity of information per unit area. This has led to demands for large diameter semiconductor
waters, miniaturization of circuit line width. and multilayer wiring. In order to form a multi-
layered wiring on a semiconductor wafer, high-level flatness of the wafer is required, and a wafer
flattening process is required for such high-level flatness. One of the wafer flattening processes is a
wafer polishing process. The wafer polishing process is a step of polishing the upper and lower
surfaces of thc wafer with a polishing pad. The wafer polishing process is carricd out using a

g system having a polishing unit provided with an upper plate, a lower plate and a means

(4) Etching HOIL 21/3065, HOIL 21/768

(5) Ton implantation HO1L 21/265, HO1J 37/32

(6) Deposition HOIL 21/285, HOIL 21/768

(7) Chemical mechanical HOIL 21/304, B24B 37/00
polishing

(8) Packaging HOIL 21/56, HOIL 23/00

A A4 232 DeE 4 ()3 2ol BYHth o7]A
k=801l §={s, 55, --, s} = Al FA FAgelth 24 A
H A 5ol hssk= 24 A% D, = CPC Z=S 7RO
THE 58 5S4 A9 D, = {as,,lvas,,zv"'v%,,n}gi T
chIl=s

for supplying polishing slurry to the polishing unit. A pipe connected to the polishing unit for

supplying the slurry to the polishing unit may be provided in the polishing system.
Figure 2. Result of Applying a Materials-science NER Model to
sEmiconductor Patent Abstracts
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relations within each across subtopics
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Figure 3. Example of the Relation Refinement Process
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o] WA BEES o, LLM 7N gAE =&
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Algorithm 1: Intra-subtopic Iterative Relation Refinement (gintra)

Input: Raw relation set RL™, frequency threshold Ty . target size /&

Output: Refined relation dictionary R
1 RO+ FILTERLOWFREQUENCY (RE™, Tpyo)
2 k<0

3 while [R(¥)| > K do

4 | €+ LLMCLUSTER(R™M) ;
step-by-step prompting

5 | RUFD g

// Semantic clustering via

6 foreach cluster ¢ € C do
Trop <= SELECTREPRESENTATIVELABEL(c) ; // LLM or
heuristic

8 REFD  REFD U {rpp}

9 k—k+1:

10 R« R

11 return R, :

Figure 4. Pseudo-code of Intra-subtopic Iterative Relation

Refinement (g; ,,,,)

) AlF A4 7 BA 55

AR FARE 758 A AR (R 5,5} = AZ T
E AR FAANA AR A o2 fAR AA 28
o] FEH 23 F itk o]0 o]H T FE AAESS F
gatod, HA| dlolEld] tis) dad 2 WA AAE 75
t}. o] = #&l LLM 7|5t 34 5% 944 g, T 2851
HE WA A RT & Th 2ol Aot

r°"

R'= g (R, s€5)) 5)

A T A g, S B2 TEE <Figure 5>9
Algorithm 29 AA = o] Qlom AHA FAL AR FAE &

A kel S5, A ov] 7Rk 23138 9 i dA e,
HEF WA JF E2o A E FAH.

FAROZ, 7t MR FANA AAY A AFES s

2E 7|t v 53 A4 9= 75 181
o] 53 oA Mo 2 Hge & LLM 7)Hk oju] £ 3S vt
Bz 07 L35t 7+ 73]

& UlsEske B BRL HEso
24 37 A%e AAA 02 2480, o HHL T o4 B

Aol MBsHA| Fo wW7hA] HHEHH, on|H o= kY

%] =
Al tiE WA Jo] EEHW 0|5 HF WA A RTE
flac e
o] & 3l AE TE AR FAA APH FEHAAY
A ) BRSS dBE UE WA B0, AA) 2
2o ] gEA R A8 7hed 2FsE A AATE T
SHTh ofuf AREEF ZFZE O o A= F-5 A9 <Figure 12>
of Ak
Algorithm 2: Inter-subtopic Relation Integration (gipter)
Input: Set of refined relation dictionaries {Rs | s € S}
Output: Unified relation dictionary R*
1 R qus R, :
2 repeat
3 Can < LLMCLUSTER(R.y) :
4 Ran 0 ;
5 foreach cluster ¢ € C,;; do
6 Prep ¢ SELECTREPRESENTATIVELABEL(c) ;
7 Rail ¢ Ran U {riep} ;
8 until R,y stops changing:;
9 R* « 72“11 :

10 return R* :

Figure 5. Pseudo-code of inter-subtopic Relation Integration

(ginter )

Algorithm 13} Algorithm 20l 2 &% LLM 7|4t TEZE=
OJ/\] Eﬂ/\Ei‘:‘ 51 7H %_q}% 124 AA ]..‘:_ = }
g}, A RS APl vEHOE AHRH| YnHow
A BA £E8E T sEl L R EN A 2HE A
Ao 2 Aytslshe 98-S FPdith o] HH 4 LLM

AR OE 272 449 ¥ 285E she] dE WA=
sk, AR A WA= AR B 2R TEE A

Xty
il
ol
of
)
e
>

AL, A% FA| A gol3 37 A
AAZ BB o3 WEA v 4% I B, A
419 £R2A ol B4 IF A0 287150 42
o 9 B AL ABOR F5T Ak

(3) TA v
LLMo] 235 A #A &8
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Algorithm 3: Final Knowledge Graph Construction

Input: Raw triplets {7 aw faep. final relation dictionary R*, relation
mapping function ¢
Output: Final knowledge graph G* = (£*, R*,T*)
1 Traw.all U deD T row
2 T HV]
3 foreach (1, 7,4u.t) € Traw_an do
4 T o ) // Map to standardized relation
5 L T T U{(h,rt)}:
6 £ « {c¢|eappearsin T*} ;
7 return G* = (E,R*, T*) ;

Figure 6. Pseudo-code of Final Knowledge Graph Construction
Via Relation Mapping (¢)

Sohhyeong Park -

Hyunjong Kim - Sungzoon Cho

4.3

1239 A%

< Ad AN A LLMS GPT(Achiam et al., 2023) A€
)& AHEStATE FAH SR, AEE BA 9 #A FE T

= GPT-4.1(gpt-4.1-2025-04-14) APIZ 83}%0H,
H w2 H7} A o A= A 5 GPT(gpt-3-mini) APIE A
2= A FA A temperature 7 1,002 114
stol, A TR L SASHAAE B AE 71 ABA L 5

o= FyHANoH, vl B TS s

ot LT B} @_i}% gkl 3 AR Zy A
oA = AR FA W] BA A DA B BA ¢ K
T332 A4 8]—9\11:}

1=}
Ru
2 UE A 1A A4 T P2 A v e

= 2 A9
sit}. vl U)/S Domain-only 4], LLM-only ¥4, 718|311
Proposed Hybrid 2] 0.2 At} o] & Al Wi & 217} 1
W AH 3%, & LM 7|8 32, J283 7 HIS A
& sto| Bt Aeks tET) o] WS AR FZ o
7R Al oF 7o) AoldtRE, WA 559 22 &
%l 53} g 2Eo X YA E = A2 2o E4S Hlws}]

o3k 7)1 %02 BeHT

Domain-only %4-& LLMS AM8-8HA] 931, 713} 7)< &3
o £3be 7] Zgo]2 F=2719 ATA < Ado] A 7]t
= o]83toq A4 AYxE 538k Wolrt. UA 53 9
2ERHE 7|& #4 dHEE FE317] 913 KBIR-Inspec &
35 A 831, o] gAlolAM FEH 712 o) 2E F7HA 9
12 A glo] AE B2 A3 AHEH T o] % <EE 7+ #A
£ o9& & E4(Dependency Parsing) 235 7|HIO.2 & &
Hot. =r}l 53 S sl Eu #A 75 o] EAsHA|

o= AR T s, 3t 7uk AT Al B TR T2
o] 719kek 72 7|0k Z 2% 2 4tk 24 U] AEE A Aol
9 924 Eg| A At A2 FA FA9) Fol-FALE 2 of
(SVO) 725 £4te] A FHE A3k, “includes”,

“comprises”, “consists of’$} 22 WIS @} UYd 12E
3t sfrhel SA7}olel AEIEE @A 498 MR
t}. o] AL BAE B4 T TE AR 7ukete] 4
she AE A AR 32 Aoyl Sgan
=09l B3 el 74 7w 72
LLM-S ©% ©7)(end-to-end) F X
of Bl 2EZ R AEES} BAE FA F=
= ot 4EE g 2Ed ths] LLMo] &9 7]HEe.

O
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F8 71E Mde dEEE AEsta, olE Aol #AE
(subject, relation, object) FE} ] AHF3 0= 23 YA g o]
) AFREE TAFQ TEZEE BE A9 <Figure 13>0]] A
Al g,

Proposed Hybrid 22 3%x Aed nke} o,
Domain-only W4]ol| A 28 Tl £33} AEEE g7 A

ko g Bg3te] LLME Foll dElE AA| 8 #A FE2 5
Yotz Aol o] W2 =Rl Z|utk dEE AE S F
af 4A FZE 39 F5= deletHAE, LLMe A3 &
E 58S 283k ¥ 23S s AS FEE Ik
ol AL mu Y TS M2 e AR FE Ao it
EA S ZRE 755 A4 22| 540l ofuh 2o

£ U= AE AAH o= £467] 913t Zlolth

w
o,

439719

BAdTE =l
£ JE8 = A dFEE AR A45dS 7FoZ 3
211 A" & (precision) % recall) 7]}

7] ol gt o] 2}t A& Fgo] EASHA e zero-resource
= OFA] T (weakly supervised) 73 ol sl gk}

Choi et al.(2025)2 ©]213 B0l A 2|4 T2z FH&
WA (intrinsic) 23} 9] A (extrinsic) FH 2 FE3Fe], 2=
of 724 WG e WA ST AA SE&AAY
SRS I sk i Hrke] JaAS AlAE AT
olo] whe} A AEdto] EA) 3HA] ¥ A= Td B
& A3t oEs| T B AFSolA 8o & ¥
7L A THH o8 1Hshe Aol FE AREETH

& 0, €& g 2Eo] thgt -4 Y(faithfulness) == A
A3 (factuality)= A4 E& H7} Hopol| A e =25 o gk
S (Maynez et al., 2020; Manakul et al., 2023), L8] 3 &}4] 9]
T2 FHL 71E A 2y z 4 B4 d7oA 78 9
7} 7120 2 T A Yth(Zaveri et al., 2015; Paulheim, 2016;
Seo et al., 2022; Xue et al., 2022). T3k T 22| 1L
&AL 5H9 &8 HAl A Y &8 7HeA S Bl AR A 2
& 97+ 7 QUth(Heist et al., 2023).

olo we} F=¥ A4 gz EFAL (1) FAA
(faithfulness), (2) 724 F34 (structural quality), 2] 3L (3) 3}
A A 7149 A8 A F(extrinsic performance)] Al 7FA]
ol A 7Lt

A

ofm
2
et
o

¢

offl,

N
)
il
)
ofo -
ofr
Ol

(1) 34 A (Faithfulness)

A WA Frhe FE2E AFdol dE g2E o3| AA
2 A=A E SHSE As F3E 3tk AL E S50
A& 23| A A F =] (supported) S H7Fsl= A= LLM
o] 73} AMAEAE EA8H7] 8l Ao A8 2 AR
T2 A4 9y tFolA ithMaynez er al,, 2020,

Manakul ef al., 2023). LLM-as-a-judge(Liu et al., 2023) M2
243k, shte] Y& HAES s NEde goeR
ihol 3 AkEgto] Y 2Eo o3 WAH O E AFHAY =
A o8 AAE=AE Bgtt ¥yt B2 GPT-5-mini
(gpt-5-miniyE A&t oM, AHEH ZEIZEE FE A9
<Figure 14>°l] A| A g},

W7t mde 329 7t 453 te 7& SUPPORTED, NOT
SUPPORTED, UNCLEAR®] A 7}4] M= 5 sh2 BF3ic
SUPPORTED+ 4539 W-&o] Bl2Ed ofsf 2H{H 0=
FHHAY WA F2 7Hse 495 s, NOT
SUPPORTED+= E|2~Eo o} S35 2] ob= A R7} £
H A49¢Z o] gth UNCLEARE a9 AFE3to] 9% 33}
o] FAE Hs] HAsy] ol 9ol dAzR Fojg
o}, o2 AA AFE AA A5 Al sl JAsk,
SUPPORTEDE 7% 45| Hl&& Supported Triplet
Rate(STR), NOT SUPPORTEDZ EFH A+5dte] Wl &S
Hallucination Triplet Rate(HTR) 2 7 2] SFeh(5=4] (8)).

[teT |t is SUPPORTED|
| T ’

[teT |t is NOT SUPPORTED|

STR =

HTR =

(2) *Z3 F4 (Structural quality)

7 WA ke AR A4 Tz YW 725 4
A%t As SR E Pt} 7|EY AA T = 54 Bt
T Me 24 (completeness), ¥ 3/d(consistency), HE%
(conciseness) 5©] A4 Lz e] 4 F2H EAHOZE =9
= o] $O ™(Zaveri ef al., 2016; Paulheim, 2017), <=3+ A5
g AEE FoF 2 2 7H A BEo 2= 2|4 1
Zo] FAE S| AHsl] g ke AV A A sttt
(Seo et al., 2022). o] we}t F5A, v GA F=, EE &
S5 2 72 EAS wYstd WA 48 A Fslsi]
A3 b A xe oo AHUa, HAAE Seo et al
(2022)8 LEZA B8 T2 SAA, BA FHY T
A& Wgshs 72 71N ARE ARt A4 a2z F
Ao e FRET o g} Y 7271 vy Ao s
z2A = o] QleAld ofsf 292 A

olg|d =& iR o g, 7]E A4 Jg = FE W 4
A == 2 A FH NIES B A9 Aol g
AEsigitt, FAHCE, 22 a9 gof dEY JF £
ol Al 7FA] 22| A3, Z Entity Completeness, Redundancy
Rate, Structural Inconsistency Rate-s 4 2] 3. 2} 2| 32.9] A <]
+ <Table 2>l AA|H ] itk o] AFEL 127}t 3549
AEEE WA 720l drht E8st=A, FEHAY HIAA
Rl Argae] o= A X e =AE Y 729 #R oA

re o
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h



184 o) dl - 2 -

HeE o2 B 9% 71202 AT,

Table 2. Structural Knowledge Graph Evaluation Metrics

Metric Definition
Entit The proportion of extracted entities that appear
nti
Y in at least one knowledge graph triple.
Completeness

H{e€EID(s,r,0)EG e=5Ve=0}/|El

The proportion of duplicated (subject, relation,
Redundancy Rate |object) triples in the extracted graph.
1—lunique(G)I/I1GI

Th rtion of triples in which th ject
Structural e proportion of triples in which the subjec

} and the object are identical.
Inconsistency Rate

(s, 0)Eds =0}l/IG]

(3) 3F9 A 71 A A A5 (Extrinsic performance)

npA RO 2 FEE A2 gz dA 2 Vs E B
7¥st7] S8 53 wEtElolH <l CPC Z=E 283 9A) 4
(extrinsic) B7}He T Th HZ AT A AEdol ¢l
= A5olE, A2 IYZE o] 83l AMo & 9’]‘%'@‘ af
9] &8 FA|(downstream tasks)E TH3t I A5S AT
ogM JYxo AdA FEAS HHE 9}
CH(Heist et al., 2023; Choi et al., 2025).

CPC FEv A2 1z 75 H % 594< F &7
70| BE, T = 79k A 8] 53 FAH FxE
o A& RIYst=A & I A 0 2 rletet %}9‘%} T 3

1-

o =3 HEEA S5 Ve 515\_7} 2 AMeHE A7 B
of B 719 = 7k fAIETIC 2= A4 2 BE4 S FE
3 228}7] ot} o] 213k Wetol A CPC 7|4k 74 —'1 Ao
A e z7h 551 EA WAE Zle ofv 725 drhg

AR o Fste st YEAE 437}°}h AR
JA A Frt A2 82 5 Atk

TAHORE, 2t T4 ¢, ZFE T5H A 1Y Ze =
el 719820 node2vec(Grover ef al., 2016)S 35 14 A
o il e o 2 WshE 4 B9 Fd d.= 74 (9%
2ol s EA2] A4 1 zo) T3 JdEE] Yo F
O & Ho|gi},

1

A aE 7k IR FAEE 3
g sk BAES @ BAE 7&?—6}@1 Recall@k,
MAP@k, nDCG@kE AR o]8 3 AR5 AR AN
wopoll A de] AR HE R 37 F4 AxoH, 7|E &8
oA AAH EFE A 2| E WETHKoren et al., 2009; Schiitze et
al., 2008; Jarvelin and Kekaldinen, 2002).
AN 7k 24 99, A4 Brke

fa

24 G904 5

o, o]¢} o] A& ThE A & E 2te Al 7HA] Hot
%3l Domain-only, LLM-only, Proposed Hybrid 2] 2] &
g o7 nwiit}

(4) 724 B4 4
1o Al 7 Brhe BEH ARE 7R &

3 =5 H
SOHAIRE, o] 2’k Arte. E M2 T 75 84l o
FAHE = 729 Aol& FEI

o A2 B7F Aol )4 Hekstr] Ss, #Al 29} A
ETEETHOE R T2 ENE IR #3AH ol= A
A a2z} s A3 BIR] SR AR ARHA o
or, AE T 75 Aol WA 27|vke] Exo} AEE 3t
DA Tz ofHF Aol E wrEo e A& AHE] A%
REA Mo g9t

B Ao A= A etal slo] B & x| A 18
o A5S AR vwet AAA 2

7}‘&13}. 4380l M A3k A 7HA] —?r S 7122 2 Domain-only,
LLM-only, Proposed Hybrid i
HPH o] AMukA A= ﬁ]ﬂ_o}_,_ 5. 2{(_;_]0]]}\-]
B FZE A oi Tz x4 - on|F 5*&1% A%
o mpA e g2 53 o A= Al F- FAE 8k LY =)
ol Ak ol 71 A9 724 =g AA WS of
= AR whgshEA AP o' =it

>

>

fr-)
|

51450

344 [A F20lA A ad uket 2o, AEgE WH o) Zh Al
5 FAEE g #A Y 33 2 B A I= <Table 3>

o AABIAT LLMe B3l 2% 27] A= A5 T4
B 18709 AAZF A= Ao s 2 e AR E A
B 257 o' Ak, ] FEHAY AL
AL 250 0| H 0T YBE BA 1FOE AAHO
2 5SS g

2= 0)
TM

Table 3. Results of Clustering and Merging Relations Per

Subtopic
Subtopic 1 2 3 4 5 6 7 8
#| Triplets 595 | 511 | 570 | 635 | 564 | 677 | 566 | 593
Raw

. 186 | 184 | 187 | 190 | 200 | 181 | 182 | 183
relations
Merged
# i 16| 22| 26| 24| 25| 25| 28| 33
relations
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Table 4. Overview of Final Triplet Statistics

# of unique entities # of relations

2,899 30

# of triples
4,551

(1) 344 (Faithfulness)

<Table 5>+ LLM-as-a-judge 71{F S4A 7} 435 2o

Z}. Domain-only 3212 7} AHzglo] A 0= go] o
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Table 5. Faithfulness Evaluation Results Based on
LLM-as-a-judge

29238 FA 7| & M AE 78 Tuo) £3} x4 T = = 185

Table 6. Intrinsic Structural Quality Evaluation Results

Entity Redundancy Structural
Method .
Completeness 1 Rate | Inconsistency |
Domain-only 0.8813 0.0022 0.0027
LLM-only 0.9408 0.0019 0.0047
Hybrid 0.8875 0.0003 0.0009

(3) 3k A 718 &) A A 435 (Extrinsic performance)

<Table 7> CPC subclass 7152] 41 A4 F5< vlu s
ANE HoJFEh Hybrid ¥4 MAP ¥ nDCGS] #7 &4
Az ArbA oz 7P 53 S 7158, Y CPC
W] 55171 49 el O R H o= uiAE = A
Bk ok A E &9 Recall> k gholl whe} W 71 2fo) 71 o
A3t EA YEPHEE, B A3}= Hybrid B2]o] 3] 44
B FE SN FHH R FEjhs BT AR 1}
ot < AUt

3 CPC ZEE 7]E 74 849 75 EA ARE F
Ao E EREY, 4 DAY AU Qi FRo} e AR
WA onE AH WgetA Y=tk wekA CPC 79k HA A
T A2 a2t 2245 on)| F& F A T TAEY
B EHE AR BT AsolH, #A o9 A
3 AR FE FENSEE AH SAse AHE 8

4

Table 7. CPC-based Extrinsic Retrieval Performance

Supported Unclear
Triplet

Rate(%) 1

Hallucination

Method
eHe Triplet Rate(%) |

Triplet
Rate(%)

Domain-only 60.23 35.78 3.98

LLM-only 89.47 8.42 2.11

Hybrid 97.35 2.21 0.44

(2) 723 F34(Structural quality)

<Table 6> A ¥ o] 722 F2 & H
Sth AWbA 02 LLM-only W42 3
TFzo £HE v &o] 7HE Fo}, &
F5sHA YA s g BT B Hybrid
MHEdoly o - RH o] FYH 2L nA YA
S #5Ho, 724 o] FUHoE A2
A A o2 el o] 83 e 1 7]
HoZ Bl Y ZE A= W, LLM 7]
8 HHE Hle AAAAM F22 Wsgo] 3
T AT AL AAksT et
oA 9u A GEAS e 7 Asts A R E AR

o Rl
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(CPC-subclass)
Recall | Recall | MAP | MAP | nDCG | nDCG
Method
@10 | @0 | @10 | @20 | @0 | @20
Domain-only | 0.0262| 0.0515] 0.9258 | 0.9226| 0.9515| 0.9511
LLM-only | 0.0276| 0.0538| 0.9427| 0.9333| 0.9603| 0.9562
Hybrid 0.0284 | 0.0546| 0.9632| 0.9568| 0.9728 | 0.9686

52704 2929 724 54 $4
& 4 )| A= Domain-only, LLM-only, Hybrid 4] 0.2 5
H A4 2z Aol 5 WA 72 EE S T &
Ao Ao A AT 7 o] ARE A4 e r}

WA £HS Afud 22 23 =AE HwseE A S S
2 5t Az 724 E4S Ve o vt 2
e E ol & Sl A 73 ol g A7 A3 o
F 59 TAE WS OE FAE £FY 72 24 L 735
k.

(1) A B2 24

HA, o2 AAE A gzl JA FFel &
EEE WS vlwste <Table 8>l #|A| gt} Domain-only
A2 A 7R o FE BAE T B ©9l 9 ohekdt
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Table 8. Relation Type Distribution Statistics Across Different

Baseline Methods
4 # Distributi Normalized
Method . Relation istribution Distribution
Triplets Score
Types Score
Domain-only 7,070 3,471 10.05 0.85
LLM-only 7,818 1,597 7.66 0.72
Hybrid 4,551 30 3.61 0.65

(2) B & 7|8k &jm] 4

A E2 O] zpo|7h AA| I = F2o oW Yo ]|
TAE AHET] Sdl, 5Ye 5o ZAE WO E AR
9| FZE H| w3 AFE <Figure 7>0 AASFA T AHEIZ
ARE-3E B3] BA41(US10847349) 2] 74-$-, Domain-only 12} ]

= T8 7|€ JEEEC] 24 &Y AE 5l NEH o=
A=) Qo 1 Al A QIEE] 7F A o] A5A 9l
:rL_%i Qngh ok/\]-_Q 11] 8].24 o= ur]:,}u-\:]. o]% 33-74] }j_z:ﬂ_
o] - EAlstt s, WA 78 ko] Aol e A
2 F27tHEe] FAHA @S T A5S HAET

ololl ]3| Hybrid A 0.2 755 Jgf2ollM = Y3
HE I3 7Rke 2 A7 AA L SFE A, g5
HE] % Alolol| A Bt a4 7Hsgk thdtA] o] 3435
FFol HFHAUT o]H G Afol= BA 271vke] A3
AR T2 A 7FsAol IS A F A5E HoET
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B A o | e o4

Sohhyeong Park + Hyunjong Kim * Sungzoon Cho
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Table 9. Examples of Main Relations and Their Corresponding

Expressions
Main Relation Corresponding Relations
Form form, form in, formed by, used to form, fill, etc.
adhere to, attach, bond to, connected to, contact,
Connect
etc.
Process process, performed, performed in, result in, etc.
effect, accommodate, contribute to, strengthen,
Effect
etc.
Chemical dissolve, react, polished by, heated by, etc.
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Table 10. Summary of 30 Relation Categories Grouped Into 5

Semantic Clusters
Group Relations
Structure/ form, cover, etch, apply, produce,

Fabrication modify, divide

Material/Component | include, remove, supply, connect,

Manipulation position, protect, move, extend
Operation/Function |operate, use, activate, process, relate
Sensing/ measure, detect, comparison, property,
Characterization |effect, increase, reduce, oppose
Interactions chemical, emit
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Figure 8. Case Study Subgraph Extracted from Publication No.
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You are an expert in information extraction and knowledge graph
construction for the semiconductor industry. Given a patent abstract and a
pre-extracted list of technology-centered entities, your task is to
extract meaningful (subject, predicate, object) triplets that represent
core technological relationships. Follow these instructions strictly:

1. Use only entities from the provided list as subjects or objects in the
triplets. You may reword or introduce new entities only if you are 80%
certain they refer to or improve clarity of items in the entity list.

3. Simplify entity names to concise and clear KG node labels by removing
redundant descriptors and focusing on the core technical concept (e.g.,
“adhesive composition for semiconductor” - “semiconductor adhesive”).

4. Focus on technology-centered entities such as materials, components,
operations, and properties.

5. Do not use vague or procedural phrases (e.g., “method for dicing...”)
as entities. Convert them into technology-centered concepts or actions
(e.g., “semiconductor wafer dicing”).

6. Extract only clear logical, physical or functional relations such as
“include”, “form”, “contain”, “used in”, etc. Do not use ambiguous or
purely spatial relations like “is», “for”, “of”, “on”, “by”, etc.

Output only in the format (subject, predicate, object).
separate elements with commas, and include no extra text.

Use parentheses,

Text: {text}
Entity List: {entity list}

Figure 10. Prompt for Entity Refinement and Relation Extraction

You are an expert in the semiconductor domain. Given a list of relations
extracted from the abstract of a patent document in the semiconductor
field, your task is to systematically analyze and integrate these
relations. Ensure technical accuracy, coherence, and relevance to the
semiconductor industry.

Follow these steps:

1. Clustering: Group the relations based on semantic and contextual

similarity, especially their functional roles in  semiconductor
descriptions.
2. Merging: Within each group, consolidate semantically similar or

equivalent relations.
describes each group.
3. Dictionary Formatting: Return a dictionary where:

- Each key is the selected representative relation (e.g., “form”).

- Each value is a list of merged or semantically equivalent relations
that map to that representative.

Define a representative main relation that best

Output Format: Return only the final relation dictionary, with no
additional commentary or explanation.

Input Relations:
{relations}

Figure 11. Prompt for step-by-step Clustering and Merging
Relations Within Each Subtopic

You are an expert in the semiconductor domain. The following list of relations consists of
representative relations refined from multiple subtopics.

Although these relations were refined separately, semantically equivalent or highly similar
relations may still exist across subtopics.

Your task is to systematically analyze and integrate these relations using a structured Chain-of—
Thought approach:

(1) Alignment and Clustering:

Identify relations that express the same or very similar meanings across subtopics and group
then based on semantic and contextual similarity
(2) Merging and Canonicalization

Merge similar relations within each group and define a single representative (canonical)
relation that can be consistently applied across the entire document set.
Ensure that the integration resolves naming inconsistencies across subtopics while preserving
semantic distinctions when necessary

Maintain technical accuracy and coherence within the semiconductor domain

[Relations]
{relations}

Figure 12. Prompt for step-by-step integration and

canonicalization of relations across subtopics

You are an information extraction system for semiconductor patent text

Task:
1) Extract a list of domain-relevant entities as short noun phrases (e.g., "reacting step", "room
temperature", "wafer").

2) Extract relationships as (subject, relation, object) triplets
- subject/object MUST be chosen from the extracted entities list (string match).
- relation should be a short verb or verb+preposition phrase (e.g., "includes",
"uses®, "forms®)

"performed_at",

Rules:

- Output MUST be valid JSON that matches the provided schema

- Do not invent entities not present in the text.

- Prefer meaningful relations that are explicitly supported by the sentence.

- If the sentence enumerates steps, also add "precedes” relations following the textual order

Text:
"{sentence}"

Figure 13. Prompt for end-to-end Triplet Extraction Used in the
LLM-only Baseline Method

You are evaluating a knowledge graph extraction from a patent sentence

Sentence:
"{sentence}"

Triplet:
Subject: {subj}
Relation: {rel}
Object: {obj}

Question:

Is this triplet explicitly supported by the sentence?
Answer with only one of:

SUPPORTED

NOT SUPPORTED
UNCLEAR

Figure 14. Prompt for LLM-as-a-judge faithfulness evaluation.
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