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Abstract

Recommendation algorithms based on deep learning have emerged as a prominent research in the
field of recommender systems. However, most existing approaches rely solely on user-item interac-
tion data and lack interpretability. This article thoroughly explores user reviews and incorporates
additional item information to alleviate the cold-start problem and enhance the accuracy of recom-
mendation algorithms. The proposed approach employs the BERT pre-trained model to process tex-
tual data and integrates review-based features of users and items with latent features obtained
through matrix factorization. Finally, the Kolmogorov-Arnold network is utilized for feature learn-
ingin the rating prediction task. Comparative experiments on Amazon review datasets demonstrate
that the proposed algorithm significantly outperforms baseline methods in terms of rating predic-
tion accuracy and recall. By deeply mining user review texts and item descriptions, this study vali-
dates their substantial impact on improving recommendation accuracy and offers new insights for
recommender system research.
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HedE R A% 0 B b5 2@ i R A HEREE R 25 LA B FH P BT H i 38K 0045 B #n /1], #E#
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() 3 0 B 0, i O A IS 28 ) Dy T I ) R RN R TR R P HE AR [ 5] T AT I 3 B oA 0
SRR AU T 507 VR 3R AT F P B Pt () B AR AURE (6], BB JS A AR AR FE P s i /e 9 <8, T
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HLECHERE O, M) A BRHE v Re U FE 2 SR . S0, R E R, EREHEE S, W N
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B 71 2 it o % X A A e VR Ml 2 SR 2 R A S5 R (13 ] IR W 0 T 3 3 1) il e
PR A3 5 o

REHERE TR & 2 A TR s, DATE IR — 4R A R R R, 3R THESE R G R HERA I
AN FEVE () — RIS 14]

AT X AR ART R FE P A o RTINS SR R AR THE A S0 (v B R DR 2% IR sl e R, IRAIIT AL T
MR SCAR G 777%, B AESREUT M S PR L ARRAIE, 42 T3 TIHE 2R Y Kolmogorov-
Arnold [ £5 FRIVR FEAETE S o

2. xIE

2 R GG A O TE T = P 52 5 M 2 2 AR A HOC &, XSGR 21 5 3 3 n T 4
TSI ERE, fEME bR E T, @l g NP A, BaaHh @R P 598 2 R ALkt sc B
REE, T RO B LT AR DRI 15] 0 R EE 2% S HOR et A RGR A 7 59 2 M 2 A AR A HOC R
[16], AHUCALGEHER FIAAE ML HEE RS FE AR B B A [17].

MCFSAE [18]i#3d One-Hot Zafidxt 2 A4 5h ) ID BEATRAMER R, 435 P -4 54346 P Rk
&, PR EYER O, 2R A R LR A A ST A TR . SR, 2 IO AL ER AR T AN
B IS T o) 248 B ¢ X 1) B . DualDeepME [ 1911 F XUIE AR A6 23 Al 3R 45 P R S i fE R, 2 )R
R FH o 22 0 286 1 =l e M AR R 10 SR % AR R R 2 e i PR 8 P e B R AR T 5 B8 0 A R T e ) 52 PR ) A
DELCR [20 3@ R A BARSEEH ' 59 BB TERHIER R, R XS S5 K555 F = R it 3 G 3347 R AR
230, B JE R SAGEAT VR TR o 1 3 5 TR 2 o R SR AN AR T Y P ke 42 it ) VP 2 5040
HHATFREAE

BEA TR S RS R R, P rE N A SR ARE R S BRI, R B TR K 1 P VR
Bl . HPRIVFR RS TR ThEE . TR LA 2 R PN E R, MR ASZ SR 7 R
TP T BB RO S, IR T HERE R G HORSHEVE R AN A K P B A SN . DeepCoNN [21]
LA CNN MIERHAESE, MR T — MRUBIE AT M SE ), 2R SRS B K 2% =1 B A b 1 s
AE, ZSEEGUEI T A PR SCA AT DA R SR P ) . NARRE [22]7F DeepCoNN [f3EA: |, 5] A3
BN LA P R 5P IR (DT RRECE, 8IS R AR T AE BB N A R ESR S /2, M
177 32 5 $RTH AR ) TG B 5 P R VE . CAMIL [23 14 H — b ELVE B8 ) T AR Ve AR A R, ) T 4 A0
fRPEAT 55 2 8] (R AH DS MEHE T P & (4 B« PETER [24]4 ] Transformer [25]14244, S+ H 7 A4 & 1 1D 24T
A, VLT A LR SO AT 55 SRIERE ID FIVES SCA,  WRIE L AN H ID (R 7 A 4 A0 AR A
BE, DASRASn] AR I HEDE -

RECHEZHI TAERA CNN REEEURH AW T8 T BRFE, (X Fh o7 iR AE A B K P 51 A
B AETE R SR BRI . At LA J5 A PEor TOAT 55 b £ ARG T MLP, 3 BRI P VPR SOARAE
B 28 T A T R E A A YRR S B AT A, T YA 5 B )
R HEEMBBIER . AT H Y RCKAN (Review Constrained Kolmogorov-Arnold Network) 7 F 771
YRf() BERT [26]#5 R SR AL T SC AR, A 2% 7 iRk T CNN SRR B4 AE A R BRI, 51N T W0 8 Btk SRy,
R A SR B ] R AR AL T TS, I HAEVE S TRIAE S5 A KAN [27] 8 4% 4 MLP 3 —D4g
TE T VRS TROIAE 25 i AE
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Figure 1. Schematic diagram of RCKAN algorithm design
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Figure 2. Schematic diagram of review constraint feature en-
coding module
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M@ TR
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rev, = Pooling[Softmax(a, )-uy,-++,Softmax (e, ) - um} 4)
AR R PR3, PP ¢ O A IR F P, X — BRI - PR AE &, IRl review_encoder
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KAN(x) = (®;°®,°®, )(x) (6)

5 MLP Lk, B2 7 HOE R SESEREFE, T EEAIELMER T © 1ikE . JEL MR ECRH

TR0 B BRI R ) & SR Sk (spline) R A, T AT PR

O(x)= w[b(x)+spline(x)] @)
Hrb, o R THoE R B ERIER, HAMERRE b (x) A RE@) iR,

X

b(x)=silu(x)= o 3
TR B 5, b B AR RBIIE S H ¢, WX R, AR ().
spline(x) = ¢,B,(x) )

ASORE B R LR PR L ACRHIE 5 7 DL IR EDF 3%, Z S FI T KAN 2% Fi 0
MR EIPEr, A KA0)FR.
7, = KAN[ concat (rev,,rev,.e, O¢,)] (10)
N T RMAR TS AR R PPy, AR SO 1 BT R Z BRI A A DR, BN ERE A AL
BT EWNIE 5 P> Z R ZE 5, R TR O s i |l AR5 (29].
Loss =Y (7, —r, ) (11)
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Figure 3. Calculation diagram of KAN
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4. SIS 9
4.1. WIESE

Amazon Review Dataset A AR LT 1 H 7 0F 2 S 30b 9 3 %5287 i B VPPAN s A SCIREU H1 Movies
and TV a8 LUGTE AT He 5. 28R Ea S 12 IR P X 5 IRy, WakXEh 1 2
5, [AIRGA 1, DARELE 167 HRFEVFR, A 158 THE TR A) AR S Mz 48 v 23 il i X 5000 DA
J% 10000 %4 FH - I BT A SR e 19256, 78 )5 8245188 Amazon-5000 F1 Amazon-10000. 25304 iR % dE
LI 80%, 10%, 10%[H LE BRI 0 N ZRER . B SR AIIINASE , AN S AN E T I R8Tl 4

DOI: 10.12677/s€a.2025.142032 364 BAF AR5 R


https://doi.org/10.12677/sea.2025.142032

e &%

ANIREE T P VR B, IR E R RENLE TR, AT LR, A S R A SEge A .
4.2. TN IEIR
AR SCAS ¥ 456 1% 22 (Mean Absolute Error, MAE). #5177 #R 1% 22 (Root Mean Square Error, RMSE) >k ¥

HV 5 BRIAOUR 2 . MAE JRIBE 1500 U4 55 1 P2 SEBRIF4) 2 RO 2%, RMSE 27 BRI P14 55
SR F A2 W22 R T IRE . EAI0E SUAR(2)R(13)Fi.

ZieTeyt i — f i

MAE — ut ut 12
Test| (12)
A |2
RMSE = ZieTest i ~ T (13)
|Test|

FEHEAT Top-K HEFERS, AT AR B VE /3 &A1), R R G0k 75 EEARYE Pt 45 S ye i FH P =
T H FEREATHET, AR SAEFE S 2R o R AR ST 1) AR AR FH E — 4 37453 22013 25 (Normalized Dis-
counted Cumulative Gain, NDCG) A1 % #A % FH 48 br(Half Life Utility, HLU) [30]R 1Pl H#E 1 51 38 A HE P 14
fit, NDCG WA (1HF(15)Fr, HLU WA z(16)Firs.

DCG=) R + 14
z I;H 10gb ( )
m DCG
; max (DCG, )
NDCG="——"+——"*7 (15)
m

fE NDCG 1, b NS/ T, ARG T EN 2. N LRHFEEIIRBIHE DL m RonHErz 5k
M. ROV 1R EXNEEANTHE, 080 RSP AEHIEAIH , i ns oK i BIHE 7 14 fe i

o
» max (r, —d,0)
; 27 (h-1)
HLU = (16)
m
£ HLU ™, b FoR-F e, EASCISE T EN 2, d Z PR, ARSI 1
TS HEAT 5.

K1 % (Precision)  #E#f K (Accuracy) A1 [A] 2 (Recall )il # R & HEFE FIE R o 2 bERE, HA X
(A7)~ (I)F(19)FT7R-

.. FP

Precision = —— (17)
TP+ FP

Recall =~ 2 (18)

TP+ FN

TP+ T
Accuracy = TN (19)

TP+ FP+ FN+TN

4.3. B&EZE

N T VFEASCHR 11 RCKAN FIPERE, ASCRHS HAM AT 7 LRI fEbr I LL . ey
SRR SO i S AR b

DOI: 10.12677/s€a.2025.142032 365 BAF AR5 R


https://doi.org/10.12677/sea.2025.142032

e &%

(1) LIBMF il 56 BE A AR AR, 4 H - - W0t P93 30 B o3 Al A P AR R R, DT Tl oK 6 9 43

(2) DSS [31 1@ THE BT H 2 [/ VP45 22 5 R o B P R BE RS, Jfadid Bz /R 3 & 50450 7 1)
FRARABLRE , ek AEALLRE DT80 7 11 R A A 34 P 7 FRD 408 Ja DT F0 7 53 o

(4) PETER 1§/ Transformer 4244, XfF P A4 0] ID EATEEAE, it 17— B R SChil i 4E 55k
BB ID FIVFS SCAS, AR A P RIIE 1D [RIE 72 A 4 22 R AR RO

(3) DELCR M HR N A A 3R AT IR B8 35 1) 12 Sy SR PR R FE AR R I 465, AT TR Js P P AR it 1 RO 45
4, I ELF FH P 59000 0 P R B R 38 4 28 4 265 11 i o 2 AT F5000 973

(5) RCKAN NASCIR I EE, ARSCKIETERE IR /N E 9 300, {5 Adam 44 255k i #2455 1Y
MZH, 222 % B E N[0.001, 0.005, 0001, HEXK/NEEA[16,32, 64, 128], KAN ML 50154 E N2,
3,4], BERUERZ TN B B J9[900, 600, 300, 100], 7E iR 1 B ih FHAER 1 Bk S5

4.4. XWERSHH

44.1. ZIRFRXTHLER

& HEAE Amazon-5000 F1 Amazon-10000 #5451 () MAE Ml RMSE 45 Bxf bt 1 s, Hrps
I R AR A SR AR IR AR S St I T AR R el . %4417 5, RCKAN [ MAE {E Al RMSE {E7E
PR AR AR T HAR IR A L35 A B T el o, £ Amazon-5000 H', RCKAN ] MAE {5 RMSE
E53 179 0.7934 F1 1.0663, AHELT HAh B 53 AP AR T 5.47%F1 9.61%. fE Amazon-10000 H1,
RCKAN ) MAE {45 RMSE 84> %14 0.7612 F1 1.0339, AHE T HABIELLH 0 B PEIBRAR T 5.42%F1
9.38%.

Table 1. Comparison results of MAE and RMSE for each algorithm
* 1. BREEER MRS TE MAE #1 RMSE BYSJEE4ER

Amazon-5000 Amazon-10000

Methods
MAE RMSE MAE RMSE
LIBMF 0.8207 1.0960 0.7888 1.0475
DSS 0.8606 1.2301 0.8337 1.2016
PETER 0.9022 1.2395 0.8635 1.2088
DELCR 0.8087 1.0842 0.7757 1.0531
RCKAN 0.7934 1.0663 0.7612 1.0339

%2 BoR T & 5IER NDCG Al HLU 76 M4 F i 4s R0 t, NDCG #1 HLU ¥ H i s HE % 41
RIOHEF MRS . EPIAN SR ST, PETER 78 NDCG #84s FI U T 5edr s, 3 B AR HE P A S Oy T
R E, DSS £ HLU fabr E R AE, AL 7 HAEHER Z R A PE 7 L% . RCKAN ¥ NDCG A
53109 0.7171 F10.7244, £ NDCG fabrh 4 5% —, (KT PETER, 54 % —¥ PETER Iy %=
0.74%. HLU {E4> 724 0.7478 #10.7641, {£ HLU f5hrHHE4 5 =K T DSS 5 PETER, H 1 DSS #1123
T HARSRE, BB L RR G B R BRI T H HEEHEE SR IR &, 8T T F P R Bx LL 1
H e

%3 BN TS REIELE S R ARAR EROXEEE R, o LIBMF. DSS LA PETER 7E 4 Bl 45 FRIMEL
7, RCKAN 7EH M 4E 11 Recall HIJHE4 25—, DECLR 4 [Fl¥EFR 5 RCKAN #23f, b RCKAN
IR 2.87%, Ut BHAS SCHE HH I SRE RE 0 S F P R0 HEHERE S 2 1 AR I H o 7E Accuracy $845H, RCKAN
Vi 5% —, W& T DELCR, 7EP NS5 i B BEARSETH 50 R 2.11%H0 2.18% . Precision fEbrH1#HE4
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/& LIBMF, Lt RCKAN “F3J&EH 2.89%, Ui RCKAN fEFSHE R A H P B S mar (4 5 7 i, A1)
FAE— BRI IR

Table 2. Comparison results of NDCG and HLU for each algorithm
® 2. BFEREMNEIEE D NDCG # HLU BIRTEEEER

Amazon-5000 Amazon-10000
Methods
NDCG HLU NDCG HLU

LIBMF 0.7018 0.5530 0.7069 0.5939

DSS 0.7052 1.0829 0.7008 1.0127
PETER 0.7214 0.9283 0.7309 0.9367
DELCR 0.6829 0.6319 0.6884 0.6434
RCKAN 0.7171 0.7478 0.7244 0.7641

Table 3. Comparison results of classification metrics for each algorithm

* 3. REEERMIBER TR ER

Amazon-5000 Amazon-10000

Methods
Accuracy Precision Recall Accuracy Precision Recall
LIBMF 0.5734 0.6425 0.5140 0.5956 0.6458 0.5196
DSS 0.5767 0.6138 0.5491 0.6008 0.6112 0.5442
PETER 0.5383 0.5726 0.5041 0.5414 0.5781 0.5096
DELCR 0.5814 0.5959 0.6869 0.6022 0.6041 0.6902
DPFLE 0.5886 0.6216 0.7049 0.6068 0.6307 0.7118

FEARIGEE RN 4 Fron, A H RCKAN £ MAE. RMSE. Accuracy P Recall X PYANFE R
IIEAS T B RSOR . SRR A R, RCKAN A8 T HoAh SR 28 Sk 0T B L ) TURS 15, AR P 1)
PRt E T FEE MR BB NIGRE L, XS BRI 7R R Y 1 2 AR
I e o A O T PR E B, A RT3 9 5L B TR v, T HLAE AR 2R A Rl 4
b EA DRI SR, (EHERESIR BHEFYERE T T RCKAN RILFFA H 6, T H 2 8] (1A 2
BEX Oy Re 0SS, SEGEMMEDUHE PHES T REAEE T H

LIBMF

S

@
e
©

Performance
o
o
;
Performance
[ =5
o

o
IN
f
e
IN
f

0.24 0.2 A

0.0- 0.0-

MAE RMSE NDCG HLU AccuracyPrecision Recall MAE RMSE NDCG HLU AccuracyPrecision Recall

(a) Amazon-5000 (b) Amazon-10000

Figure 4. Overall experimental comparison of algorithms
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4.4.2. S

7 4 J&7R T 1E RCKAN 2 MA Y IR (5 21 MAE 5 RMSE X EHE45 5, H A RCKAN-desc
FORTET S PR LA, NI S HA o 8 Se6 45 Fnl &, N T s #AR i RCKAN 5
R AR P8 45 E ) RCKAN-desc 1) MAE 5 RMSE %% (%, Hf MAE “FHFEK T 2.51%, RMSE
SPRIBEAC T 1.97%, BRI Y SRR Bk e se ) it @ v, mT DATE AR DT EC A - IR G, AT A 20
[0 jiea s APRI )

Table 4. The impact of adding item descriptions on experimental results

4. R IER X LI AR R AR

Amazon-5000 Amazon-10000
Methods
MAE RMSE MAE RMSE
RCKAN-desc 0.8132 1.0871 0.7814 1.0533
RCKAN 0.7934 1.0663 0.7612 1.0339

K 5 BoR TR KAN #E g 5465000 MLP (3 TR 22 56 Lh g R, Hod RCKAN-MLP &R
FEVPA TR B F MLP # 48 KAN, RCKAN-desc-MLP it 8 H IS L0, AR
IR I FLAE TR B B AE A MLP .. 1 S256:45 57 %10, RCKAN-MLP 7£ i %8 4 7 1) MAE 1823 %14 0.8028
F110.7701, RMSE {H43 %14 1.0885, 1.0564, FIH KAN R4 HEAT VR T AT MLP AH%:, MAE P33 F#(%
T 1.17%, RMSE “FHIFEAE T 2.09%, Wil KAN P4 585 m] 5% > 1) ek 508 AR [ o 100 eh 5, K 4830
GG PE S HOE A & R BOY A B e, 83 R4 M G RN R B A ARG P Rk H i R 4 TR
RN Z AR R ), LRI 3P0 5 VP AT 5 B BRI, JF H3 58 T A8 (1 ml ffRe
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