;‘K o) Eﬂ]ft?iﬁ

ACTA AUTOMATICA SINICA

RSB MR A2 M 22 B A5 B I P R4 BRI 5T

A X LEK FEE

Research on Explainable Rating Prediction by Fusing Attribute Preference and Multi-order Interaction Information
ZHENG Jian—Xing, LI Qin—-Wen, WANG Su-Ge, LI De-Yu

TELR %152 View online: https://doi.org/10.16383/j.aas.c210457

T ARG A SCEE

BT LE R PRI P RS R 25 4 R 2%
Attention—based Collaborative Convolutional Dynamic Network for Recommendation

H3hk2A40. 2021, 47(10): 2438-2448  hitps://doi.org/10.16383/j.aas.¢190820

ST ZWrE SRS AT AT
Multi—order Information Fusion Method for Human Action Recognition

H alifb22 4. 2021, 47(3): 609-619  https://doi.org/10.16383/j.aas.c180265
BT ZE B I AR TR BRI 1 QI

Anaphora Resolution of Uyghur Personal Pronouns Based on Multi-attention Mechanism

H 3244 2021, 47(6): 1412-1421  https://doi.org/10.16383/j.aas.¢ 180678

ST AL RS A AR ARIESE
Conceptual Sentence Embeddings Based on Attention Mechanism

F Bk 2020, 46(7): 1390-1400  https://doi.org/10.16383/.aas.2018.¢170295
ST 2B BOE ROITHL ) 2 T S el BRI 5

Multiple Navigation Sensor Fault Diagnose Research Based on Multi-stage Attention Mechanism

H3k2F40. 2021, 47(12): 2784-2790  hitps://doi.org/10.16383/j.aas.¢190435


http://www.aas.net.cn/article/doi/10.16383/j.aas.c210457
http://www.aas.net.cn/article/doi/10.16383/j.aas.c190820
http://www.aas.net.cn/article/doi/10.16383/j.aas.c180265
http://www.aas.net.cn/article/doi/10.16383/j.aas.c180678
http://www.aas.net.cn/article/doi/10.16383/j.aas.2018.c170295
http://www.aas.net.cn/article/doi/10.16383/j.aas.c190435

H50E %11 H z) tb % k&
2024 5 11 A ACTA AUTOMATICA SINICA

Vol. 50, No. 11
November, 2024

A B M IRIFF 2 M 32 B 15 28V A R 4 FUN A 21
Fa ' ERXT O EEK FEE

W E CHMHEREREETHP-DE A Bk > A 7 A E W R oR, 2428 BRI, 5 RE Rk
FERR, HEE IS REZ AT AR, HIER A P -TH Z BAT AT P2 E R, =#HE T —Mal & B w202 545
SRR ARV 43 T T 3%, AR S i 4 R HERE A5 BT RS, o, FE TR UL A T R P R E R S B S 14
FRAEIRFR, BB T R B M i R )5, Ba T - E R AR h T R B & R HARJE PR AR AR, il
BRI LS 2 2] T 39 s 2 BAT ARIER N B, G T 59 s 08 1 (i A REAE A28 BAT AAFAE, 767 R T E B
6] R 2% 20 7 P AN E BiE SURMER 7R, R 2 2 BOnHLSE L T 4 B, JF7E MovieLens A1 Douban ##5 £ _L5E T 77
TR R, SEIREE R, BT AT FI4xT R 7% (Mean absolute error, MAE) Fl#5 77 #R 1% % (Root mean square error,
RMSE) fiatr A &% m THER RANWIRE L, 2 T HUR MY 5 NI T M GRS AR 0 1) 8, 32T T HEFE 45 SR (0 v AR 1.
KR BMmL, 2 EAGE, RIS, AT AERHESE

SIAME MEM, IS, RN, FEE. BEE R 2 A 5 R R0 BINAT . B3k, 2024,
50(11): 1-14

DOI 10.16383/j.aas.c210457 CSTR 32138.14.j.aas.c210457

Research on Explainable Rating Prediction by Fusing Attribute

Preference and Multi-order Interaction Information

ZHENG Jian-Xing' LI Qin-Wen> WANG Su-Ge' LI De-Yu'

Abstract Existing recommender systems mainly learn the vector representation of users and items based on their
interaction matrix. However, when the interaction matrix is sparse, the accuracy of recommender systems is low and
the recommendation results lack explanation. Considering the rating tag information from user-item interaction be-
haviors, this paper proposes an explainable rating prediction method by fusing attribute preference and multi-order
interaction information, and explains the recommendation results through the attribute preference. First, based on
the attention mechanism, we analyze the relationship between attribute information and rating tags for users and
items, and model the attribute preference embedding of nodes. Second, by aggregating information about nodes, in-
teractive neighbors and rating tags from user-item interaction matrix, we learn the multi-order interaction behavior
embedding of nodes with graph neural networks. Finally, after fusing attribute preference embedding and interaction
behavior embedding of nodes, the semantic embeddings of users and items are learned in the heterogeneous type-
specific spaces. We make the rating prediction through the multi-layer perceptron and verify the validity of the method
on the MovieLens and Douban datasets. The experimental results show that the proposed method can effectively
improve the accuracy of recommender systems in mean absolute error (MAE) and root mean square error (RMSE)
indexes, which alleviates the problem of poor performance of the model in the scenario of sparse data, and improves
the interpretation of recommendation results.
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mendation
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N TSR B R, Sz ik AR A SR
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256, 512} T EAE RN LEE, M {32, 64, 128, 256}
FRAER R 4. R, T B bR
L4, dropout ZHAE {0.2, 0.3, 0.4, 0.5} JEH T T
K, WE4E FAHEH T early stopping JKA5 1E 1%k, @
I A7 B OB SR i 2 2. A 48 I 28 i 1 2R
Relu B0 o6 %, %+ SGD X RIFAT AL, %>
RIWEN 0.01. LRI R, MBSy fl gl 25
B 3R HUASE AR ) A A MR RE . /E MIL-L-S ¥ 4 |
y=011n= —09%EMAMEIEEL ~ =07, n =
—0.3 ; f£ Douban #(#i4E I, v =08, n= —0.2.
N T ARIEHE ) AP, A30FK NGCF M1 Light GCN
(VP73 T2 A8 22 2 BT 5256 L A

44 ERHERSHH

A CAE = H AR FB R ) Incor AttMO-
IntRec HA 5 EEUERIAH4T 7 MAE fl RMSE Lt
5, SR RNER 2 k.

* 2 AFEFEE=ZAEIEE LK MAE A1 RMSE 4553

Table 2 MAE and RMSE results of different
methods on three datasets
N ML-L-S ML-1M Douban
ik MAE RMSE MAE RMSE MAE RMSE

UserKNN 0.8752 12784 0.7710 0.9693 0.649 4 0.825 6
ItemKNN 0.6808 0.8869 0.7394 0.9257 0.697 4 0.872 8
BiasedMF 0.6769 08824 0.6845 08724 0.5775 0.728 4
SVD++ 0.6724 08770 0.6729 0.8633 0.5690 0.720 0
NCF 0.6685 0.8680 0.6956 0.8866 0.578 1 0.730 4
AFM 0.6651 0.8673 0.6880 0.8739 0.564 3 0.713 6
Wide&Deep 0.6742 0.8754 0.6863 0.8735 0.5654 0.714 1
ACCM 0.6628 0.8657 0.6734 0.8566 0.5789 0.730 1
NGCF 0.664 7 0.8664 0.6821 0.8690 0.576 8 0.727 1
LightGCN 0.6626 0.8611 0.6759 0.8578 0.5709 0.721 3
AFN 0.6579 0.8525 0.6780 0.8604 0.565 5 0.715 2

IncorAtt-
NCOTALE- o 645 1% 0.837 2% 0.659 4** 0.843 3** 0.558 3 0.708 0
MOIntRec

VE: MM R A SRR S, F IR IR S IR R, %
I p-value /M T 0.05; “**”FRIR p-value /N F 0.01.
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1) A3 IncorAttMOIntRec #&8 7E = 2H £ 4
£ EH S g AL T HARAAY. 75 ML-L-S %48
££ I, IncorAttMOIntRec B A ) MAE. RMSE #H
Eb B 22 I 48 ) NGCF Al Light GCN #E AL T 1
1.96%- 2.92% F1 1.75%- 2.39%; £ ML-1M ##i 4
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Fig.3 MAE results of different methods on ML-L-S
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Fig.4 RMSE results of different methods on ML-L-S
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Fig.6 RMSE results of different methods on ML-1M
dataset with different sparsity
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Fig.7 MAE results of different methods on Douban
dataset with different sparsity
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4.5 BEBBEDH

451 HRNEE

RN YRS R R HE R E R R R R 2
—. YERE UGS B SR 2 ST S HUR A A 5
HINGREE; 4RI, TRE S BRI A, A
BRSO N B, R, ASCIRSRLE {64, 128, 256,
512} 45 _F R R N ZE B s B AT RS20
Rk 3 fw.

A LLE B, £ ML-L-S #4448 F4ERE N 128 B
) MAE Al RMSE &R i, i ML-1M ##i 48 E
4k N 256 I ITERE LT, Douban i 4 b 4k &

#£ 3 IncorAttMOIntRec J7iETEAFIR AN ZERE T )
MAE #! RMSE %%
Table 3 MAE and RMSE results for IncorAttMOIntRec
method with different embedding dimension sizes

ML-L-S ML-1M Douban
MAE RMSE MAE RMSE MAE RMSE

RANYERE

64 0.6503 0.8479 0.6622 0.8497 0.5583 0.708 0
128 06451 08372 06595 08446 05637 0.7117
256 0.6488 0.8440 0.6594 0.8433 0.5685 0.717 2
512 0.6516 0.8493 0.6626 0.8457 0.5766 0.7231

T I RN % R AR A R



10 H )

A 64 MItERERAR. LI FEH, IncorAttMOInt-
Rec BALE ML-L-S, ML-1M 1 Douban ## 4
(PR N ZEJE 3591 ¥ BN 128, 256 F 64.
452 FEHEE

T T 4 T TR R o A R TN P R AT B
ARLIRPFAE {32, 64, 128, 256} 4EFF XA &
NAEFER R E TR, R4 BR T ZHEdEE L
ANF R 4 P X R R 2 SR se M. AR 4 ]
PLVE B, AL JVEAE ML-L-S #1 Douban 445 &
ER SRR E N 64 B R BT, 782 ML-1M 4
£ EYERE N 128 BRI B, MiER T4 E
BRI, B RO R 2 M A 22 ) X e T 4R T
KK G FEEAGI LG, ok e lisk i P fa H
W JE PEVE A SRR A R, 2 ST IAE SURHIE R R’ L
FARZE. R, SI8d FE A, Incor AttMOIntRec £}
AIE ML-L-S, ML-1M fil Douban #(#54E _F[K)i% &
JIYERE S Sl BN 64, 128 Fil 64.

F 4 IncorAttMOIntRec FiETEAFEE I4EE T
MAE I RMSE 45 1
Table 4 MAE and RMSE results for IncorAttMOIntRec
method with different attention dimension sizes
ML-L-S ML-1M Douban
R
MAE RMSE MAE RMSE MAE RMSE

32 0.653 2 0.8487 0.666 2 0.8475 0.566 2 0.714 7
64 0.6451 0.8372 0.6571 0.8463 0.558 3 0.708 0
128 0.6486 0.8424 0.6594 0.8433 0.5669 0.718 6
256 0.6502 0.846 1 0.6592 0.8459 0.5731 0.7226

TE: AT AR RR A S R

4.6 jHRRSEIE

7E IncorAttMOIntRec B b 3 53 b 25
(Rating-tag). 22 HA5 & (Interaction). J& 4 &F H¥
fiE (Att-preference). ZHrZ HAZE (Multi-order
interaction). £ FE A+ th (MLP-outputlayer)
XS B H T SR R N RS o DA SV TR RS 2
BAHRw. N 78Uk AR KR MAEH, 7£ Incor-
AttMOTIntRec A b 2 AL — N & 5 5 R A AL i3t
4T MAE #l RMSE xftb. % 5 g 7 =4 b
(P SEIG KT L g

MERFLERATLLEH: 1) L TR AL
AR B RIFRAE. 2 HAER . 2 2B
WA RE, B MEREHCA TR, R T
AR PP R AN PRI H I E SURHIER R B
FTHER. 2) ZWra2 BT B 2SR (1) 5 1 AH %
BR, iz N s e A VERE N T 4.33% 5.29%,

S 50 &
*£ 5 ZHEYEE LM IncorAttMOIntRec J7 2 VH miAE 7T
Table 5  Ablation study of IncorAttMOIntRec
method on three datasets
- ML-L-S ML-1M Douban

WARES
MAE RMSE MAE RMSE MAE RMSE
Rating-tag 0.653 8 0.854 7 0.667 9 0.847 7 0.568 3 0.713 4

Multi-order

. . 0.688 4 0.890 1
Interaction

0.680 2 0.866 7 0.574 6 0.722 8

0.656 2 0.854 9 0.668 9 0.848 6 0.569 5 0.717 6

0.580 3 0.731 9

Att-preference

Interaction 0.700 7 0.908 7 0.738 1 0.924 5

MLP-outputlayer 0.667 5 0.873 6 0.710 5 0.896 2 0.568 4 0.713 7

IncorAttMOIntRec 0.645 1 0.837 2

E: I T RR B IR A

0.659 4 0.843 3 0.558 3 0.708 0

2.08%- 2.34% 1 1.63%- 1.48%, iXLLLE LKW T %
B 22 EAG SAE P AN R AR ) R 2 AR,
REfs A AR THRHIER R 22 S i i 3) 72 L
PR NG, R4 L1 MAE Al RMSE 4 3
BT 0.87%- 1.75%, 0.85%, 0.44% Al 1%, 0.54%,
R T A5G VP4 bR 2545 B AT LA T P AT H 1
W, dET R E v I AR . 4) SR —F
FR, 4w Pk O A R B A2 LA S JE X B A
ISz R, R BAG B S, —HEdE4E L
) MAE fil RMSE 75l FB& T 5.56% 7.15%,
7.87%- 8.12% M 2.2%, 2.39%; 2 J& 4w 1435 11F
R, SRR TR T 1.11%. 1.77%,
0.95%- 0.53% 1 1.12%, 0.96%. X &KW T Incor-
AttMOIntRec J7iEfA T @ MEmUF FRAEFI A2 HAS
B, KT P RTIE RS RN R R R
RIHER, 825 TIFo TR . 5) £ 258
Bt 5 R 2 W 8 A B, RES B AT b AR P AN
T H RN GRS, 0T PR 0 T () s SR B . AR
7T REMEM S G, —HEEE LK MAE
1 RMSE 735 N T 2.24% 3.64%, 5.11%-
5.29% F1 1.01%, 0.57%.

AL A

FE A5 M e S R AR R s A b, JE R PR
VR JIBUE AT DL B o6 T PR ) s T
P AT E 18 MERE, 9 45t T R P AT E F
I YOOI AT fg e = 0. AR o vh, P -, IH -
e 1t 1] R T B AR T R M AE P O3 (w4 rh AR 2
PIAEF . B P 20297 % B 52 “Diner” I FUM 4>
U 2.67, ELSLAHCN 3. ATUAE F, M 420297
B H5Z “Diner” 1 e f 7] iR B A2 A “U2029—~ Grad
Student—U2074—Diner”, “U2029—Youth—U2074—
Diner” #1“U2029— Solaris—~Drama—Diner”. =%k
PRAZ AR RERLME N 0.3333 x 0.3332%x2=0.2221,

4.7
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Fig.9 Explainable example of rating prediction for
users and movies

0.3332x0.3331x2=0.2220, 4x0.3314x0.6532 =
0.865 9, BUE B R /N I B T 6 4% B HE 2 R RE e .
BRI, AT T BUE R 1) 0.865 9 iEFE#k 4R 3 1F
A EH, B @MW E T Drama KA H S Sol-
aris, &P BEiE = Drama 2R L5 Diner”.
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Fig.10  The embedding representation of user and movie
nodes on ML-1M dataset (before transformation)
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Fig.11  The embedding representation of user and movie
nodes on ML-1M dataset (after transformation)
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Fig.12 The embedding representation of user and movie
nodes on ML-L-S dataset (before transformation)

HRR R P SRS R B R A B T R R T
ML-L-S Al Douban ¥4, ¥ 12 A& 14 Ay
53 FH T SO LS B R AT X 4y, T4t 75
KR SRR, B 13 ATE 15 FIR PR
TSI SOOI B L X 23 k. Gl A i 3R B AR Y
FZRETWAMRRAMEEZ G, B RHRFEEN
B, A B TR TR T P e

5 ZEERIE

B B B M R HE R 1), AR S0
J& T R YEAS BANTE 52 LA BAE T R SRR T
TR, SR T Rl o 1 i 4 A0 22 i 52 LA U2 B R A
BV BTV, E o, ot TR RS B 5 W0 de



12 =l 3

50 %

Ik
=

K13 ML-L-S Hdife LR - A s 1T
RAFRIR (Bt )m)
Fig.13  The embedding representation of user and movie
nodes on ML-L-S dataset (after transformation)
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Fig.14 The embedding representation of user and movie
nodes on Douban dataset (before transformation)
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Fig.15 The embedding representation of user and movie
nodes on Douban dataset (after transformation)
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