Computer Science and Application HE 1R} 58, 2024, 14(11), 70-82 Hans X
Published Online November 2024 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2024.1411217

HAaXEEHREMARRAEMREEERS
HEEFE

o, HRTHY, £ F, Zra

TTARTNREEA SR, AR T
TRAGEEMEE S RGELWE, TR M
TR ITR A RN RE, TR M

Weks H . 20244104 120 FHER: 20244F11H11H; KA H: 20244F11 200

R

EAESR, ETAIRERE (KGR ARSI T EIE T BE#HR, ENFTERERNZE T AFEER%E
R EMESHKRRE, THRRESGHRE BN RNKEITR=ZTTABRFE M T, HEERHER
ZFm. Ak, RAOTRET —MEGRESEE(LLMBAREWER RS EETE. ETRESERIT
RonHNg, H—PWERT KESRAEEY RARELEHRE R POmMUAR, NEmEs T LEH
PERIE SCGRIERE AT« BEAh, Bt T —FRHRBR EAES, ZAESA ORI AR B 5 i SR 7 1
FHHISTHA U RS RO AR, HMA RSN UARTHER R EREHRE LHTER
SRR, RANKTTEEFEE I mashup BT APURFHEFN T LA Bt KB LT .

XK ia

LLM, HNRREE, MRBRMEN, REHEE

Graph Enhancement

Service Recommendation

Method Combining Large

Language Model and

Knowledge Perception Reconstruction

Yongjian Zhang'2, Kezhou Chen23, Tao Wang'2, Lianglun Cheng23

1School of Automation, Guangdong University of Technology, Guangzhou Guangdong
2Guangdong Provincial Laboratory of Information and Physical Fusion System, Guangzhou Guangdong
3School of Computer Science, Guangdong University of Technology, Guangzhou Guangdong

SCEES| R TKAKARE, WRATI, E¥E, FERAG. S5 E IR F R R RN T () B SR A 55 HERE T VAL TSR
5%, 2024, 14(11): 70-82. DOI: 10.12677/csa.2024.1411217


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2024.1411217
https://doi.org/10.12677/csa.2024.1411217
https://www.hanspub.org/

Tk fE 5

Received: Oct. 12t, 2024; accepted: Nov. 11", 2024; published: Nov. 20", 2024

Abstract

In recent years, service recommendation methods based on knowledge graph (KG) have made re-
markable progress, but the performance of existing methods is still limited by the quality of node
information attributes and the limitations of graph structure, especially under the influence of in-
sufficient entity description information and a lot of irrelevant triplet noise, which affects the rec-
ommendation accuracy. Therefore, we propose a knowledge structure update service recommen-
dation method combined with a large language model (LLM). The suggestion strategy based on
thought chain design further enhances the output effect of large language model in expanding
knowledge graph data description information, thus comprehensively improving the semantic ex-
pression ability of entity data. In addition, a knowledge perception reconstruction task is designed,
which effectively identifies the key association subgraphs in the knowledge graph, weakens the neg-
ative impact of useless triples on the recommendation results, and then optimizes the graph struc-
ture to improve the recommendation performance. Experimental results on real data sets show that
our approach is superior to several advanced baseline approaches for Mashup-oriented API service
recommendations.
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Figure 1. Research framework
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Table 1. Prompt policy
1. RN

KG Object Prompt

Provide complete information about the given entity based on the {Entity}’s name or exist-

Entiti . . . R
nhities ing information, and be detailed and accurate.

This {Relation} is the relationship edge in the knowledge graph that connects two entities.

Global Relations Please provide details about this relationship and its importance in the graph.

This is a triplet (head entity, {relation}, tail entity), please simplify according to the descrip-

Local Relations tion of the relationship provided to the triplet.
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‘3. Complementary Tools: Both tools serve a similar purpose in the realm of website optimization,
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Figure 2. Example of large language model rich extended knowledge graph information

2. KBS HEFEYT RAMRERESRA

3.3. ANRREEW

Raw KG(part)

Knowledge Aware Update And Isolate

Raw KG(part) New KG(part)

change to good

~ __

Figure 3. Flow chart of knowledge perception reconstruction module
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Figure 4. Structure of knowledge graph
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Table 3. Experimental results of overall performance
3. BRI R

recall@20 NDCG@?20 recall@40 NDCG@40
KGAT 0.0915 0.0609 0.1160 0.0615
KGIN 0.0970 0.0645 0.1214 0.0654
KGCL 0.0973 0.0648 0.1197 0.0657
My 0.1119 0.0735 0.1428 0.0762
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Figure 5. Baseline model compared experimental data
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(4) NOT-Knowledge-Reconstruction (NKR): 25 i AR 80 B R AR ER , R B8 I B R B kb 78 4™ g il ]
B8
TEFE 6 FIE 7 R R THRRSEEG 2 5, AT H LA R 4518 XTS5 KRB A EEH(NL 1£55), NKR 1
55 IS HA SR IR e EE AL AT HR 25 A AR () HE AR E A R R T K, XA AR TR R P S5 ) FR B R S A
o X TR B SRR AR (5 BB O RIARAR S BRI, M OEP 1 ORP HyREE T H H, L

DOI: 10.12677/csa.2024.1411217 78 TFENUER S N A


https://doi.org/10.12677/csa.2024.1411217

Tk fE 5

PR RS S AN T84 B A OR A HE R FE IR LR R R S BN R E W&, AR is L e ¥
PP HERZ G5 R XM 1 e A5 AN A Ay BE IR =F o O HERR 45 SO RIS, KRR SEAAs B 32
=R R, SRR R SRR 7, SR A B A A ARR IR

Ablation Study: Recall Metrics Comparison

0.18 4

0.16 1

=
3
g 0.14 4
0.124
0.104
recali@l() recali@40 recali@f;() recali@SO recalll@l 00
Metrics

Figure 6. Results 1 of the ablation experiment at recall@N
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Figure 7. Results 2 of ablation data at NDCG@N
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Figure 8. Comparison of experimental results of different LLM
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