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Abstract
This study addresses the challenges faced by traditional recommendation systems that rely on
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rating information and contend with data sparsity, as well as the lack of interpretability in deep
learning models. It proposes a Multi-Grained Attention Recommendation (MGAR) model that in-
tegrates rating data with textual information (reviews, product descriptions). Utilizing two paral-
lel Convolutional Neural Networks (CNNs) to process user and item reviews and descriptions, the
model employs word-level, phrase-level, and sentence-level attention mechanisms to extract se-
mantic information across various granularities. This facilitates a deep integration of review text,
enabling a more effective capture of user preferences and product characteristics. Experimental
results on four Amazon datasets indicate that the proposed model outperforms traditional rat-
ing-based recommendation systems and the recently popular DeepCoNN model in terms of predic-
tive accuracy.
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Forr, PRI AN A LR SCAS LS T BB (R SURFAE - A0 151 1 B JEE s AN [RDRE BE R PR SCAS (B L s
A7) R LA 7R P AR [ o B AR 2 451 G0 #4R] - outstanding, superb 4%, 451% . newfound love, great writer,
star of this show, amazing actor %%, %JF: Just an outstanding job with the writing and the acting is superb all
around %,

Reviews

Better Call Saul
K%k kK 4.9 out of 5 stars
7911 global ratings Season6 v Rk kkok (7,911) 2022 [xRay) [18+] (=]

Better Call Saul's final season concludes the complicated journey and transformation of its
compromised hero, Jimmy McGill (Bob Odenkirk), into criminal lawyer Saul Goodman.

5 star

4 star @
3star ¢ Genres  Drama

2 star Subtitles None available
1 star ¢

. M. Alvarez Rev in the United States on October 7, 2022

Y% % kK Fantastic Writing and Acting. Loved it more than Breaking Bad
Verified purchase

Just an outstanding job with the writing and the activating is superb all around. | have a newfound love for Bob
Odenkirk as an actor knowing he's already a great writer. But Rhea Seehorn is the star of this show in my opinion. Just
an amazing actor and her character starts off small, but finishes big. | loved this more than Breaking Bad as it took me
a long time slugging through the first 3 seasons to really get into it. Breaking Bad certainly went through its last two
seasons with a bang, but | found it easy to get into Better Call Saul from start to finish. Maybe because | saw Breaking
Bad first, my interest in Better Call Saul was more peaked. Regardless, you should watch this after Breaking Bad.
Completely worth it and one of the best shows I've had the privilege to watch in my 46 years.
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Figure 2. The neural network architecture of MGAR
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Amazon a5 2 HLT 1 25 S T A RGBSR 2 —, B8 T 6 (AH . #2512
A B 10 1245 . K20 SR F Amazon T D4 iib () 5-core $iiE4E, ZEUIRER S T e 20
A 5 &R AT H . SR1, 5-core HdEAE Tk S B SE37 S AR SE AR R IO B A A . IRk, ARSC
KH 7 Amazon [ raw review data 255, 37180 HidlE ERAN H 5 o BdE (B F item 1D A IR TS
BTG, TERT BrdE s .

A M REEL 7 Musical Instruments. Digital Music. Video Games 1 All Beauty 1 g 74 () S256 %45
L RgE TIX AN EARYER R TR S B . O TV, BENLIE BN EEE S 80% A T IR,
10%1FE IR, R4 10%H T 36 E 4 LR BB S 5.

Table 1. Statistical details of the datasets
= 1. BRSNS

R REURE LURTE ¢ THHL Wi %
Musical Instruments 903,058 112,132 17,31,700 99.983%
DigitalMusic 127,174 66,009 194,569 99.977%
VideoGames 1,539,732 71,909 1,967,985 99.982%
All Beauty 319,335 32,486 382,532 99.963%

)77 % 7 (Mean Squared Error, MSE) & [RS8 B VAN $8 A5 < —, FH -7 S A ) T E 5 B SB[ 1
ZESFREEE . MSE ISR AW T
1 ~ 2
MSE _WZ(RUJ ~R,;)

u,i

Hofr, R, FORISEE, R, FORTIME, N RRREARR,
4.2, BB MSHLE

N T BAEASE R A R, A SRR T — N T BSR4 F R AR AL (PMIF) R0 A R 2 2
D5 E KA TRV A ) S 3ERE Y (ConvMF . DeepCoNN. D_ATTN. MPCN F1 NARRE){E Ay EL AL,

PMF (Probabilistic Matrix Factorization) & #E 7 54t H i FH I — Mo RE 7 #7715 . PMF B H P A
st Z [A) (R0 53 R DA EH F P A0 it ARV CE SRR 7, Fadas 6 B M 10 D7 ¥k 2 =) R P ) ot PRV AE ARFALE

ConvMF (Convolutional Matrix Factorization)+& PMF ({)—F &, ‘&R G B4R N 48 Sk 2 3 P Al
VIOV TERFE . ConvMF REBSAT RGmARFH P A S 2 R R OC &R, B s Y e P

DeepCoNN (Deep Collaborative Filtering) R H £ J2= 4 F7 i £ I 45 >k 2% 51 F 7 R4 il 1R 95 6 R 1IE
DeepCoNN R ZEmAE H I i 2 AT 200 R, A4 st B (1 1 e

D_ATTN (Deep Attention-Based Recommendation) & FH i & 71 ALl K 2% 21 FH - R4 i 2 18] FRUAF 1
D_ATTN BB A Bl F - A i 2 TR BE B O &, AT A A P M i

MPCN (Multi-Perspective Collaborative Filtering) ¥ F 2 ¥ 1 >k 2% 31 F - i) b O 2 5 1E - MPCN #E
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NARRE (Neural Attention-Based Recommendation Evolution) & — it 4 1 & L A, B ft
AR P A 2 1A A5 5 . NARRE B8 20 m s R R K Ik A

b7 EiRREIR A, 32 JROR T AR MGAR [HRFHIE .

Table 2. Comparison of features of different models

2. FRIEREAFEXSEE

PMF ConvMF DeepCoNN D_ATTN MPCN NARRE MGAR

o B v v v v v v v

g A Y Y Y Y

VRIS 5] v v v v Y Y

WL v v Y v Y
TR T Y v
FB R TERE WL Y
AL S v

Wy A g

AR F RS R 7ok i e B S i UE . 4T PMF, 3RATTE{4, 8, 16, 32, 64, 128} 1k
HIBTE R T %R, 1 M{0.001, 0.01, 0.1, LO}HEFE S M A IENSEH. *FT ConvMF. DeepCoNN.
D-ATTN. MPCN. NARRE. Fl MGAR, 4}%I#£{0.005, 0.01, 0.02, 0.05}#1{4, 8, 16, 32, 64, 128, 256} {4
RGN S RS R T 5E. #-A717E{0.1,0.2,0.3,0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0} 44k dropout i,
FHAE{25, 50, 100, 150} H L FEHLALEE R /N o AR SC S A R AR B2 — N TR, (iR AR
WO RN E T 1000 1A BEAT T SR X TR T VER LS D_ATTN. MPCN. NARRE Fl
MGAR, A1 {4, 8, 16, 32, 64, 128, 256} H il # i 2= /1 K/ /£ MGAR H, AT TI{4, 8, 16, 32, 64, 128, 256}
R A T AN R LT 1D RN RS 2 4

4.3. SKIREERIH

MGAR 575N LS AL DU B s 48 EROTEREELIAE S 3 /A . Wik NI fizs, PMF B K
TRZE, Rl MEEEEAEE MR . M2 T, HAh S AMERAE USSR S LR IAVE T PMF, 1X

Table 3. Experimental result
FILWHER

Musical Instruments Digital Music Video Games All Beauty

PMF 1.401 1.211 1.629 1.091
ConvMF 1.191 1.084 1.419 0.960
DeepCoNN 0.924 1.046 1.217 0.868
D_ATTN 0.901 1.027 1.192 0.846
MPCN 0.923 0.914 1.122 0.823
NARRE 0.848 0.868 1.048 0.766
MGAR 0.824 0.759 0.925 0.725
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TN T ANEAHRFE, 780 R T Y0 e & ) E1E UEE.

4.4. HRASCI

N U B R R SR RE SR T IR FREA, BATEEH T MGAR 1 DR AR 44 . AT ST EE AR U R
EERE, ‘BN BREBRAMEM T ERAIBEMITHE, LEBRS MK E R,

MGARL Z5H PN 47 1) CNN FIT F R 2 R A8 7, BEAN R FH N4 119 22 62 B (Bl 4 AR 2]
AN FGo)ER SIMLE], AN I b R STk

MGAR2 7 MGARL (1134l E38mAEAPEAL 22 060 B vE = oL .

MGAR3 7E MGAR? [ttt b3 finp b F 3R SO

MGAR4 7£ MGAR2 {3 K AR AN Ak i 22 0L PV 2 JI L S AN AL 22 0L R T 2 S L

MGAR K H =R AR /E PUA B 45 M RE LB RAE R 4 h e W15k 4 FioR, BN RARAE DA Bds
£ ENBT R ERS SR ER T B, RERE IS TR R A L. BAAKEL, 5 MGARL AH
tb, MGAR2 [T BB T R H2 71, SR IR EE IR i A 5 1035 (S ISR CNIN B Ab B RE 1 2 A 1,
11 N R AL AT CABRAGAS B R & VTS, IR IR SR EME R, MimfmtEit. 5 MGAR2
FHEL, MGAR3 S0 79 Rk SO, GG a2 SR 2, PEo T e B0 T — iR TR
MGAR2 1 MGAR4 1] L HL, MGARA MY ] LAEA(E B33 I PFi, 38 nT DA H OCHRIR], [RIR th 3R B
AMEAI 1D FFAELE 7 B R T BCE R R R i S A8 T A U E R - B PR B, BRATHE— P IHIE T I
1T CNN. ML Z WL B LRI A ) i 38 M5 B RVE R, X5 FH-HEFE 1t Bl 1A Rtk .

Table 4. Ablation experiment
4 HASEIE

Musical Instruments Digital Music Video Games All Beauty
MGAR1 1.041 0.974 1.251 1.007
MGAR2 1.013 0.935 1.232 0.971
MGAR3 0.995 0.894 1.212 0.938
MGAR4 0.964 0.865 1.124 0.856
MGAR 0.824 0.759 0.925 0.725

45. NS

BTR, BATSASCIRE AT 2 0 = I HLE AT oT AL o, DA S T g ml i . 3%
5 &7~ T MGAR 7E Digital Music 2845 F AL P IFIe VE R IR . AL BEE] RN A8 0 2= L
il R P8 A A B B AR VRS ) e M i ) B, 4R e B A N AR B A TC e e R EE . BRI
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BEAF PR X A F PE S IRE . ik, REBRS. R, A 7TERTTE, RAITEA R
RSB EARRA A . a0 5 Fras, 5540k 5% 0 5 S 1] AR 15 78 N2 FH MR B R AN R
JINLHT T PR A [ R P R B

AMEAL AT G R IR PR Xt s PR R A T, 2505 8 32 W RO PPIR 0 i il B I BUE
N 5 Pw, SR AP EIES T, WG BAEPRHE TSR] TR R, Bk, XIRTEIRIRTG
THERERANE. S5HAHP MR, BTS00 R, 5 A IR IR UK
R IR
Table 5. Interpretability analysis
5. RS

ilF* 1D 5 FIP i

Clever, inspired and moving. This is a great album from one of the finest Christian artists
A25ZT870MIPLNX 5 ever. God took him home early, but not before leaving us with a great message and music.
Keith Green makes Bible lessons come to life with his music. (FE& /J#(E: 0.191)

I’ve enjoyed this collection since | was a kid. Michael Card has a very pleasant voice &
A1XAB8ZX068G0OPJ 4  terrific songwriting talent. Listening to this brought back a lot of memories ... enough so
that I'm now on the lookout for the songbook. (J3: 7 /J#LEE.: 0.056)

5. B&

BEXS PP B AR SO IR R DAS i JR B IRl R, ASCHR Y T MGAR B, i RR I JF4T
CNN fEHESE, JEAI User-Net Al Item-Net SEHUH VI8 W5 TR W) i 3R A0 TR AE ARG AE . A RN
ID AL R E R I, DA SRR AR VPR b B DR BA] . SCBAEIEAE B iFie. ARJa,
R F PR AL AN SR EAT BB ARCSE L, DLSE ROV o 72 DO A JCsie t R s £ B )2 s 45 R
K], MGAR HIPFr FIPEREDE T8N IEL AR . BEAk, MGAR 5 DU E FLE AL T ke 7>
S WM s AR A AEVEBE SR T R B EA R . AEACR, BATRAESS TR mHE e 4 R U VR
At B, RRZ VPRI Z RN FEE), SR R SR, SRR R B .
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