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Abstract

Against the backdrop of rapid e-commerce development, recommender systems have become a key
technology for enhancing user experience and driving platform growth. Traditional methods suffer
from sparse user-item interactions, cold-start issues, and insufficient coverage of long-tail items,
thereby constraining recommendation performance and commercial value. Knowledge graph (KG)-
enhanced recommendation alleviates some of these challenges by modeling structured semantic re-
lations; however, existing graph neural network approaches remain limited by knowledge incom-
pleteness, coarse-grained semantics, and computational redundancy. This paper proposes a novel
recommendation framework that integrates large language models (LLMs) with knowledge graphs.
By applying LLMs to the natural-language understanding and semantic modeling of local knowledge
subgraphs of items, the framework produces high-quality representations and avoids the efficiency
and generalization bottlenecks caused by multi-hop propagation. In e-commerce scenarios, the pro-
posed algorithm effectively captures deep relationships between product attributes and user inter-
ests, enhances recommendations for cold-start and long-tail items, and thereby supports intelligent
recommendation optimization and the growth of digital economic value for online platforms.
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1. 518

HEFE R GUAE FLT 10 55 AU 1 18 K 8 U HES L - 2 5 BE R T 57 e GRS K A% 03 0 [1] .
B P RINEAT . TSEACSR . NI B B DL I 57 B I 1) 55 22 AR 1K 0 A, HERE RS RE A RO I A
JG R I PR R S RS . FEBE A P A BAT NI RR SR R, HEEAS AL AE T o
TR T AE RAZ IR 908 R I B ENME . SUER, R IEEoC R R i
FEAT . DhRe)E PRI G555 BB B o B P I i 3T 5 05 0 SRR 1 B SRR, HEZh 1 AR B
(Knowledge Graph, KG)TEHEFAT S5 H 1) 12 B FH

SR P e e A SR (R AR R RAE) Z B 2R OR R, WS R, i
RGPt 7T B EE OEE B o I TER B, R EnR B 5 P R g8 [2] [3] Bl £E 9 2% (Graph Neural
Network, GNN)&E RS54, RIAG RARTHA B s Al BHEZE 5t R A HER It 5 R g ke d@ . SR, I
B KG MR IEIEAE =TT A 2 Ho—, HSLH R KG A E SR 5 R RIES, 15X
SERAERE, Rom IR IR [4]s H T, REBHOTEMO 2 B EIsh AL RS S K R,
HERARE S, HIREALREH BP0 B P18 (over-smoothing) il @, S8 fi &R X o PE FFE[5]: H=,
48 KG J7k2 5T B 1D Jmid 5 S5 M Bg A2 @S, Sh= 50 B ARTE & Ra 318 SOHR iR 524 Re 0,
B T HEFE R Gt IA 2 (A [6] -

Bt & K1t 5 B4 (Large Language Models, LLMs) 7t B #A15 5 #AA . AR HEEE 5500 FH 15 SO A%y TH i 58
W, FAEHER RGAURMTE S RIE 0 BIL[7]. KIE S B B4 15 0O AR A 45 M A v S Rl 1R R
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FRIC AE

71, BERSR ARG T IG5 . SRR . R RERARAEE B Y B RS S SR (prompt) it N, SEEIL
“CEIRISCT BRI RS IE SCRISRE . EAERE S, IR T - A E 8]
i KG FRISEREHONE S EFCRN, LLM WA RGE LS . BRSO & o R R [9] [10], Bt
i 2 R EUE TR 5 R A HBAE, IS KG A 5e & i UM 5115 U AR5 )8

N T AL SRR A7 b ok R RE )AL G ME BRI IANTE 73 DL SR IK 52 BR 45 1]
AR, ARSCHR T — b T 5 A 5 R T 1 L R S A SR 12O iR R TR T E
BTG I B 5 BN, R RR B 5 AP B s R T B A O ERIE B R, JF
FN KIS ST G018 Uit , T SEBL B S5 A (18 SO 5 Lk, SINZREEE il SUR G SN,
R RIE SRR R SRR B A AT AR 2, ST X s il R AR ST ORI A e /). Ay
T F B RIA RE ) 5 AR BN R 2 LA S &, ASCERAUA Rk 7 BIE R G5 v 3 2l i)
R F ST 1 HER: R G AR RE S TR SCRT R -

2. KGLM =&Y

AR ) KGLM KR s AHESR AN ) 1 piroR, B R = R AR, =35 W IF) A DASE I S8
SR TR SRR . B RO E SCEBER , B RSRBCY) R AR B R T RIS, R LR
WOy B ARIE IR, N KT 5 R DU Rl SCE I s, AT AT 08 7 ot o 2 ) R 2 SR AR
BRI PR SRR, S5 A M P SRS EAC SR S SRR SRS S, I ORI R AR b S
FIR P R, UZm AR R ARSIk 58 = ORI TR, S8 L 590 1018 SCIRON, 83T
O R B0 A R AT 70, SEBUMEAE R S5 A . R R RS T AR EE R S L s 5 OE F R
RATE SCEEMRRE 71, (EV% R B0 5 KRR A iR 7 57 T R B S S 2 AV 5 R

Prompt Engineerin,
Item-centered Subgraphs /,M

= D, LLM Item Comprehension
mbwhmdadgem&ehmufﬁpl::{ ¥
(Nokia 8600, Brand, Nokia); ¥
6600, Catezory, Mobile Phons);
inz System, Sy

=> (okia 6600, Features, Blustooth):...

Two-hop knouledge: I
Neka also released other Symbian OS
‘phones such 2s Nokia 7610 and Nokia N70;
Symbian O was widely adopted by mobile
phones in the early 2000s;
Phones with similar faztures (2 g , Bustooth,
camera) also include

Prompt Engineering User Preference 5,

User-centered Subgraphs Comprehension
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Figure 1. Overall framework of KGLM model
E 1. KGLM R8!S HESR
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2.1 PEENEE

FEH PRI S HEFATS AR (Knowledge Graph, KG)i ik @5 i 8] (O 45 f1b 55 &, BB 2K
R IETERIE SCORIG . SR, ARG AN EE 2 KA TS, FAEFELHRSHNESRA LSS, B
HmEaMur e B S BME S A5, BREI 78 RN FEN. Ak, RAIIAKRIES
7 (Large Language Model, LLM) DL 5 15 B 1 B A 508 SCEEASERE F7, WA A4) 322 B v JO A () 40 b R
fiEo FRATTIE B KIE S AL R DeepSeek-V2, 3% DeepSeek-V2 it 3 5 Ji K E T 6 A B il FH &R 54
EFRAERMERE /1, dERRE “LAE b = o4l N PR RIEAIE SR T8 . B AR
P SR . A X R S KRR, DeepSeek-V2 1E5¢ R HEFE ., HE4h 45 —Fb Eik i £ P
i, BEIE—I AP = e A BGR IR R PIgRAD IV SOAR, B RARIUE AR R ORI e S
IR BB, AR BORE KA B P50 B 0, DeepSeek-V2 EN Wit “if LHEARES” , WA ST H1R
PRI e i v o BSOS &, ANS 5 NI RIAMERR S UIZE, EEMIIZGR TR EH CMS8, A
Tz YR

A, FRATE A E s H LLM XA 5 O ) i AT RO B AR S 58 3%, 1 Skt
X TR

T, ={(v.r.e)|(v.r.e)eGy | 1)

Hep, G ForaRmiRENE, r FoRIREIKR AR, e N S5WEh v AHERIRYESIR . ESLPrrR
Wy, —ARJET REE AR AR R L SR L T AF), PR T R RE R Sk
P b AR SO TR R R B AE . 2 00 S PR Bk R RIN, FRATRAIGE— S AT “missing” #EAT b4,
CLERFFEE R SE B . BB B — B AR R TCVE 78 0 i M e SUE B, Al — D3I N Al ait, LY
51 B BN SCRIKRE ST .

E,={el(v.re)eT,} @)

N—FrasEES, WX TR veE,, BRI =TtHUMEY REAT,, & XWh:
T, ={(e,r,v’)|(e,r,v’)eGK,v’¢v} )
Iz AN, AR Z TR R R AT N, AR AT IR R T ) B R E ) L

RER S

FATE AT LA v IO —Br 5 TR R R G — R o =Je . W —Br AR, RS T,
FITA (v,re) BBl — BU AR, A2 1, s X AR, MRS — B SR ) = e AR S R, F
W FRBAER S OMIE T A, AR, DR SRR . BJE, TS RGE 4 D, MF L
W BARIEER BB A 2 For.

WEFTR¥ED, « 1, 5 1) PHERERIER, 3830 LLM XI5 v OO0 KG 7B TELRE, 254
FREATA SR EER, BATR S AR IE R T % 2

C,=LLM(D,.1,,1}) )

Hr, 1, 51, s i — 5 9 =0 AR SCARREIR, C, 8 LLM XS ELY s v oyt B RTR BT
M OB R B RO T RIRAN 4 SRR 15 CEMEZYER, AT LLM X8t
P ) EARE FIARIRE . LLM 7= O i SR 7 B A e R o e &, DU 5 P R 455 LRI
Zo NUILFRATIE F A 1) R ILAUAE) sup-SimCSE-RoBERTa-large 1E A SCAIRNKERY P(+) , iZSUARHR AR
TR B 200 o2 ST AR A 72 T B S SCRHOME, BEAE LLM 2R - Bk s A e . w]
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FEERA R 5 PR AR RSO A E, TSR T B LLM &, T 287
HigRd:, G ILE 5EAETBORA . P(-) ¥ C, F AR I B RN, SRAFY A SO RN -

/ "Assuming you are an e-commerce recommendation expert, you will

| be given a specific product, as well as its First-order information (in
the form of triples) and some second-order relations (related to
commodities) Regarding this product, please fill in the missing
information, summarize the movie content, and analyze which other
products similar to this one the user might also like.

One-hop knowledge in the format of triples:
(Nokia6600,Brand Nokia): I
(Nokia 6600, Category, Mobile Phone);...

emmeesemsssssssEssSSSsESSessSSsSSSSsSEESSsssssssssssssssssss=sSSSSEs

Two-hop knowledge:

Nokia also released other Symbian OS phones such as Nokia 7610

and Nokia N70;

Two-hop knowledge: I’
Nokia also released other phones using the Symbian operating ’
system, such as the Nokia 7610 and the Nokia N70;

Phones with similar functions (such as Bluetooth and camera) also

| include Motorola;...

Figure 2. Prompt template for item knowledge graph
E 2. 4@ EIREE R R R IR

s, =P(C,) (5)

FHG N s, MUEE TERSHRAGER, BEST LLM XHE S ZH0HRZ1E SCERAGE S, /e
HERF R e P SEIL T T SCRFIE RS AR AL . A2 ARHA RO AR 1 AR SRR A FR M B . e sk ok
Lo 2 WAERRTUARTTTHNI A AL, NJE S i SHERE IR At 1 fmn ot B 0 v SCRos kit

22. AP iEE

T T P O PR P SRR, e R R T RUR AT SRR <R, S
T3 Sh 3 AT S B3 SR B AR R ZE AT b, oA R R e R AR SR P - W
BB, K RN R BT A TR G W R S SRR, FLRI SR B B EGRIR
Hoil YRR, T R MR I R S TN . %07 VE A0 1 T B T R A 0 b
T, AN S p B R S, WA 7E B 5 R S s I b ., LTS, M
FEL P - i = e, R R U RS T T B, HR YRR A T RO e . A
SR M v e B, SRILZIR O B R T, SRR N SRR T, N
(v.r.e) « KL= TR A 5 HRYE L (W 0 SUE R, BTG T, T = TeUL T B A A L
1, R

I, =@name,:I, (6)

vely

Horh @ FoR AR, name, WL v I FR.
FEMIERL ) 458 — BRI R SRIORTES D, » BARKIIR B SLTHalA] 3 Frs
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/" Suppose you are an expert in e-commerce recommendation.
You will obtain a target user who possesses (1) first-order
knowledge represented in triples, and (2) second-order D
relationship samples extracted from the items the user has
interacted with and their corresponding attributes. Analyze the
user’s preferences by examining the items the user has
interacted with and the related attributes of these items

KG-baseduserinteractions:

{“ThinkPadT6i": 1
(ThinkPad T6l, Manufactured by, Lenovo);

(ThinkPad T61, Equipped with, Intel Core 2 Duo | 2GB RAM);
(ThinkPad T6l, Category, Laptop | Business); ...}

{“iPhone3Gs”:

(iPhone 3GS, Manufactured by, Apple);
| (iPhone 3GS, Features, Multi-touch | App Store);
\_ (iPhone 3GS, Category, Smartphone | Mobile);...}

Figure 3. Prompt template for user knowledge graph
& 3. PR EE IR IER

¥ EESE RN 2RSS A A iU WL SCAR R IR C, , B
C, =LLM(1,,D,) @)
ks IR SUARAG i Bk P NN, BAE A — AN TN ORI R P () X AT
C, H¥ NN ERIR, RIS G RIR N, 15 2 HR& M B XERR s,
s, =P(C,) (8)
X FESEEL T P AR B S S AR SRR g — @i, RS A B R AR N RIS — (1R A=
ZFEH, AESSY)RE RN VLE SRS Rt T R aF 5.

2.3. FNiRR

TE5E A 5 R P B SCEERE S, BRATI Ay BISRAS T8 U s, e RS Fil's, e R% , BT KIS & AL
TR T EE SRR . SULFER, R RGPESN ID i\ e, e R Fle, e R N B R IH TR 2
o ISP S M ESR4EREA -, BEEEREZENERT, B IIABEEFALH LLSEIE B
L

Nk, AT T R RS E AL A% M 4% (Adapter Network), T8 LLM 25 g1 St NG 2 1D
RN PITEE B VIR R 23 [ o 12 B S aod Rl i 28 1 AR 4 15 = R P B R i S B

s,=o(Ws,), s =0(W,s,) 9)
Horh, W,W, e RT A2 S IOBGEHERE, o (1) RmBug (i ELY). fEEMNZGERETY, s, 5, B
PR ERAE, RARESEHW,W, 55 EHEFEEHNSHS 514, DRIE LLM $=REERTE XUE BT

WE k.
B, AR FH B A SRR 55 J5 15 R 5588 1D IR NS T AL &, K& P 504t
ﬁ%ﬂ?:

h, :%(eV +s;), :%(eu +5,)s (10)
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ZEA R hh, e R A AR RIATAEES LLM B T A5 SCRIR, B BT 3 8B R 54
BN 5KV IR AR
TEMEEA b, FATH RS E R E RN, M@ E SR NG LB - B R R &
SCRA LightGCN fEA#ER = FAR, s BRI ME 2 ZA0E G, WA - Y 2 180 =Bk E
B9, HAikHh, 251 2R BNTHHA:
) = >

veM,

1 D) (1) _ 1 ()
———h", h=y — (11)
M, [|M,| um, /M, |[M, |

Hr, M, BRSH P uRERTIRES, M, N5 vETRRE g W =h, % =h A
WAL AR OVEHN . 2t L BAEIEIR, A% — R AT -85 L3R A3 5 2 (0 P R 3 7«

~ 1 & ) ~ 1 & )
h=—%h" - Sh 12
v L+1|§ ! n L+1|§ (12)

)5, AU S v RS EAE R TR YRR
Yo =h'h, (13)
ARG, TR RETUNF T u S v TEAEAS T TT et . BRI 26 ECRF Bayesian Personal-
ized Ranking (BPR)# 2 SR HCHEATARAL,  LARAK TEREASKT FOREA O HEREAR S, M T4 T2 (A 22 2L
A TR B O BB AR . Bl R R AL 1R = IR, TSl T SRR S RS
TR AL, (ESRTFHHE R RE IR, A 3. ARFRE s i SR T 75 2R 4

2.4, N&ER

ARG BT 7 AT B, 50 IR L S BRI B S PR L S ST B 65— WL,
AR P A 5 R0 PP 5 0 ) R U AT O SCRLAR A R U SN T L s, e R A
s, € R M BN ML AR, A 1 SCRAEFERAL VI SR IB RIS VR 45, 3886 52 B R AR 55 B0 BE T4
PRI & RIRI — St 5 2 Akt

BB BB IZE B, BRATE ERIE SOOI S A R, MR SIS S
F R, AR, 5 AR\ R TP 22 0 3 (1 HE 7 R o 7220 B, BRATRAIIZ B (1) Bayesian
Personalized Ranking (BPR)1 5 ik ¥ A Rk bR, LABEFHSERLE FE P - 400t 52 EL g e 1 7 i

L=( Z) -Ino(y,. -9, )+4lel; (14)
So, Y ={(uv ) AR A, (V)RR U ER B R, (0 ) MRS
PBEHLREE I SUREAS o () 7 sigmoid B8, FI BTS840 25§, AP u SY08h v 19T
WA A REMTRL, AUERBALIG K, 0 FoRIiH IS HES .

S BRI E IR FRRRR A BB AE RS A ST B P i FE T, DR 5h A LLM BT SR A H15 15
ST AR S, AT RERTHERE RIS RS KR 51 RS T IR

3. SEhu
3.1 SEHHESIFMNERR

AHFFEAEARH AT SIS 58 SR IR VP, FEAEF S BCEN:  Intel(R) Core(TM) i5-14600KF 3.50 GHz
Wb 45 NVIDIA GeForce RTX 5070 &, #:/E &%ty Windows 11, FT A SEIGIITE ZF & FASL 58 K,
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i se it ot A AT B « BATTI%E F A SE 0 AR 558 mi-1m, %5504 48 1 S5 [ BH JE J50A K211 GroupLens
Research Group #2fit, EHERE RGP &) 2 A bR R E 2 — . ZEURE T NIRRT 5
i, AEZ 100 A PP AS, W 6000 Z AN E 6000 AL S, B SERIE M. BUE TS
. BMEEERFE SR, S 2N T EEE. EMEM% . AR RS TS . N
AR, AT BT A R i, WEETHE RS, o — R A b NG 1
FEN 640 EFXPINZRERE, FRATRA Adam fLAbds, 2221 F 10 0.001, BRUIZRE N 2000, HEF A
PRSI EE L 1A 3, H xR N\ JZ S Ra5EZ it in Dropout 1EMI{L, Dropout L )A{0.2, 0.4, 0.6, 0.8}
HE . FETE U, AR 1 KB S84 DeepSeek-V2, HAEZ AR EAEAT 55 5 PR
AT S PRI . BRI S, FRAi15E5d 15 ] DeepSeek-V2 HIFTTR AP # 1 SEHL ARV RSO A 5 fhi I
IR AR AFEd A AR E M ST EE M, AR 24 temperature 4 0, KA R Z%L top-p iX
9 0.001. FESCATE AR BL, AR sup-simese-roberta-large 1E 9 SCA R AR, JE AN E
TNGAE . XA & LLM BOCAR RN KT vk, AR EARF I AP I 5 s
RELE, LIRS AT bt 5 A . B BRI S 50 B 1 FR:

Table 1. Model hyperparameter setting
=1 BEEESHRE

HSH {1

HRNYESE 64

Pl 18 2 3
i AN 4096
S 0.001
e 2000

AT AR R AE AR [F3 5 N I RE R I, A SCR A MR 2 AT E R v fabs: A RI%
(Recall) 55— 4¢3 45 2314 25 (Normalized Discounted Cumulative Gain, NDCG). X P f 45453l 1 45 5
PIAERYE S HEF B &, Aefe A BOTAE R Lt P A e S P e, BREmS, RS T
Recall@k 5 NDCG@k 455, HH1k €10,20, 4l s ALLERT k ANHEFF 245 5 b B Dl o P L35 5
HYI LG, LR sy op 25 RAEHERE S R W HE T A FE P . Recall i3 72 1 e Th A [l i %
R, T NDCG i — 255 4 [al 45 R (0 47 B BUBME A, 28 T RGmHEA MAH G IURE KR, [RIthRE S
BB LS SR PR HE T (AR . VAR L, R TRIESS R A S — S, ATRA T
ZHEF WL (All-Ranking Protocol), BIXHEALA 7, WKL BRI A MM ik sE, FRE A5 Bk
T 54T VS P A BE ML GORAE ik 5 BB, B W S PR R G0 b s
Vs, Re TR U BN A R S R T RE T . BVATTT S, Recall@k 5 NDCG@k 4 &1
PRA SIS I PP AE L RESGTE iy FR BB, SOGRHET L, 9 EL AN R 4 22 AR AR A TR . B
R .

3.2. EWIHMESIEMIER

N ATHVEAG A SCATHE H ) KGLM TEHEFAT 55 R PERE R I, AR 7 HoAp A R R IE M F L5
TAVE T LU 5, s T A0 R B i I s P R A BB AR B 2R . XX L i BPR-MF
[11]. RippleNet[12]. KGAT[13]. CKE [14]'5 RLMRec[15], ‘EATMASIE F T FH P b A 5 %R g1\
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T T TIRE, B RIFIAGEME ST EME. Hh, BPR-MF & —Fh& i mhd gy, SR Dnt
BR8P 50 2 R B U i 22 R AT HERE,  HARRAAE T B AR B S
SEHLR T . RippleNet I &—Fh 3T B A2 Y B iR B HERE 7 i, Sl 7E B Fp U o Sz 2 4%
¥, AREEE TP 52 Bk 2 (8 HE UCeBE . KGAT 31 ATEE S LA 1 E bl ) & b i 3 A B
BATINBCR S, T HG s 7R 2 Bhab M s i) G It 5 R IARE /1. CKE J& T HIRERER AT,
THETHIREE R EREERA RS — R R, 58P AT AT @85, RLMRec & —fhl
B KB F R AL(LLM)RE ST (0 TR st S 2 S, i 2R1E 5 127 (Prompting) SR E SEAAR 1) SCAE SRR,
NI 2 il 0 AR P 1 5 A AN S 4 Bl U R I I, AR T R 5] N R G TR R 7 1A .

TESEIS VPPN AT, AR LB A BN S RS, BATRA T Z A K NDCG@k ! Recall@k #
FFbR, HAEAHET (AN-Ranking) W3 % AR R 3EAT — Sl S0 45 R EIR, KGLM 1E & Tifehs b
B 0T Ay B AR . FEARSEEG Y, KGLM BEALEE Py DU TR br I IR LA B, JUHAE S KGAT
HI RLMRec PN BARR M 1 s AL L B HEAT 0 LU, JRILH B R 3A . Hah Rl 4 FiE] 5 For. Bk
M, £ Recall@10 #6451, KGLM iA%) 0.1683, % KGAT (0.1536)5 RLMRec (0.1610)%l#2F+ T 9.5%
5 45%; /£ NDCG@10 I, KGLM HI{E N 0.4092, #H%:T KGAT (0.3782)5 RLMRec (0.3903) %3 7l $2Ft
8.2%5 4.8%. 7E EKMHEE VIR T, KGLM [FFEERIFEE, H Recall@20 4 0.2609, =T KGAT (0.2412)
5 RLMRec (0.2515), 737l$2Tt T 8.2%5 3.7%; &£ NDCG@20 _|-JU> 0.3881, 437l i KGAT [ 6.0%
5 RLMRec ] 2.5%. {HAFEMZE, R RLMRec FIFEGIN T KiE SR I SCATE U SEMLE], (HH
TEZ SR R GRS, OB B OMIE T KGLM, R #H e G 4 miR 515 GRR
Z AN B] AT .

25 LTI, KGLM 7840 KAE T S5 M Al 518 518 S FFE A, @ i i G — I SO s AR
e, RERA THAOSH PR SRR SKEM SRR ). M TAESTE, KGLM AMUTE#E
Wt ARAR FHUS T B, BAEBA AR ) 1B RIANE 5 SeRRid A 1 7 T R I oK ),
N ARENREREHEE R G 7 B IME R EE .

R T P EAIE KGLM BLRY & SC B RE PE R s, RSO T — RAIE RS . Ed
BRAS LRI A i O 2L, A3 BT LRSS S HERRHEE R VB . Bkl FRATME 7 = Fhil A2 5
SEEEN) KGLM ZEATXF L, SEE 45 3R W& 2.

045
04
0.35 -
0.3 -
S o025
2 o2
015 | gt 0 ——Recal@10
0.1 ~#—NDCG@10
0.05
0
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Figure 4. Recall@10. NDCG@10 values of different algorithms on the dataset
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Figure 5. Recall@20. NDCG@20 values of different algorithms on the dataset
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