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Personalized Explainable Recommendation Algorithm Integrating Self-attention

%

Mechanism and Prompt Learning

WU Yong-Qing, LIU Xiao "
(Software College, Liaoning Technical University, Huludao 125105, China)

Abstract: In personalized explainable recommendation systems, user ID is an important identifier for personalization.
Existing algorithms usually adopt the encoder-decoder architecture to generate personalized explainable
recommendations, however, this approach increases the complexity and computational cost of the algorithm and limits the
accuracy performance of'the glgorithfn. To address this problem, this study proposes a personalized explainable
recommendation algogsithm .(PERSP) that incorporates self-attention mechanism and prompt learning. The algorithm
enhances the interpretability of the algorithm by introducing and fine-tuning prompt learning in the input layer of BERT.
To overcome the inability of BERT to directly use user IDs for personalized recommendations, the algorithm uses a self-
attentive mechanism to splice user IDs with other commands and feeds the sequences into the input layer of BERT for
training and inference. To verify the effectiveness of the algorithm, comparative experiments are conducted on
TripAdvisor, Amazon, and Yelp datasets. On the TripAdvisor dataset, the PERSP algorithm improves the root mean
squared error (RMSE) and mean absolute error (MAE) by 3.7% and 4.7%, respectively, compared to other baseline
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algorithms; on the Amazon dataset, the improvements are 1.05% and 4.1% respectively; and on the Yelp dataset, the

improvements are 1% and 2.5% respectively. The results show that the algorithm has better performance in personalized

explainable recommendation tasks, effectively improving the accuracy and interpretability of recommendation systems.

Key words: recommendation system; self-attention mechanism; natural language algorithm; graph neural network (GNN);

personalized generation; prompt learning
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NRT 0.07 0.11 2.37 0.12 11.66  0.65 17.69 12.11 13.55 1.76 1.22 1.33
Att2Seq 0.07 0.12 2.41 0.13 1029 0.58 18.73 11.28 13.29 1.85 1.14 1.31
PEPLER 0.08 0.3 1.52 0.35 11.23 0.73 17.51 12.55 13.53 1.86 1.42 1.46
Yelp ACMLM 0.05 0.31 0.95 0.95 7.01 0.24 7.89 7.54 6.82 0.44 0.48 0.39
NETE 0.80 0.27 1.48 0.52 19.31 2.69 3398 2251 25.56 8.93 5.54 6.33
PETER 0.08 0.19 1.54 0.13 10.77  0.73 18.54 12.20 13.77 2.02, 1.38 1.49
PETER+ 0.87 0.38 1.08 0.34 20.80 3.43 3544 26.12 27.95 10.65 7.44 7.94
CER 0.86 0.37 1.08 0.30 20.62 3.42 3551 . 26.03° 27.92% 10.74 7.43 7.97
PERSP 0.89 0.42 0.91 0.41 21.17 348 3571 126390 27.98 10.96 7.51 8.06
Transformer 0.10 0.01 3.26 0.00 0.91 0.59  '19.68 11.94 14.11 2.10 1.39 1.55
NRT 0.12 0.07 293 0.17 12.93 6,96 21.03 13.57 15.56 2.71 1.84 2.05
Att2Seq 0.12 0.20 2.74 033 12.56 7 0.95 20.79 13.31 15.35 2.62 1.78 1.99
PEPLER 0.11 0.27 2.06 0.38 13.19 1.05 18.51 14.16 14.57 2.36 1.88 1.91
Amazon ACMLM 0.10 0.31 2.07« 0.96 9.52 0.22 11.65 10.39 9.69 0.71 0.81 0.64
NETE 0.71 0.19" 1.93 0.57 18.76  2.47 33.87 2143 24.81 7.58 4.77 5.46
PETER 0.12 0.21 1.74 0.29 12.77 1.17 19.81 13.80 15.23 2.08 2.08 2.20
PETER+ 0.77 0.31 1.20 0.46 19.75 3.06 34.71 23.99 26.35 9.04 6.23 6.71
CER 0.78 0.31 1.24 0.44 19.88 3.12 34.98 24.22 26.60 9.24 6.37 3.86
PERSP 0.80 0.36 1.13 0.58 20.54 3.16 3519 2449  26.86 9.36 6.45 6.95
Transformer 0.04 0.00 10.00 0.00 1279 0.71 16.52 16.38 15.88 222 2.63 2.34
NRT 0.06 0.09 4.27 0.08 15.05 0.99 18.22 14.39 15.40 2.29 1.98 2.01
Att2Seq 0.06 0.15 4.32 0.17 15.27 1.03 18.97 14.72 15.92 2.40 2.03 2.09
PEPLER 0.07 0.21 271 0.24 15.49 1.09 19.48 15.67 16.24 2.48 221 2.16
. . ACMLM 0.07 0.41 0.78 0.94 3.45 0.02 4.86 3.82 3.72 0.18 2.20 0.16
TripAdvisor
NETE 0.78 0.27 222 0.57 22.39 3.66 35.68 2486 2771 10.20 6.98 7.66
PETER 0.07 0.13 2.95 0.08 15.96 1.11 19.07 16.09 16.48 2.33 2.17 2.09
PETER+ 0.89 0.35 1.61 0.25 24.32 4.55 37.48 29.21 30.49 11.92 8.48 9.24
CER 0.88 0.39 1.62 0.32 24.66  4.61 37.04 2934 3042 11.84 9.02 9.24
PERSP 0.90 0.45 1.41 0.46 25.03 456 3743 29.26  30.76 12.05 9.10 9.28
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i H AR SN A

H Bl PEAG 1)1 25 45 SR DA R B R SR A3 R ARIE AT 1
SRR 4. W Yelp BUREFASRHH, nTLUIERE
BT PE4> 5 PETER+AI CER A& I iR 2 18] 1) — 5%
PEZ .10 DNVEAL 2 B0 R 1 AS#BR B PERSP
PETER-+22 4 A5 R 5 72 B 1) .

3.5 BHXW
3.5.1 o)X ENEBUIR R W

5 ) BAE IR ) R A R A 6, B
i SIS BRI Gt R R S B R
e % BB R 2 S I SR RO A P e B R
5 ) B EUEEAME DO, 1 v B /N AT e TG v
RIS 4 BRI, 78 TripAdvisor $¥E4 k4T

S, kS )R HIEE N 0.1 0.3 0.5, 0.8, 1.0.
W 2 fiiow, 5 ) R HUE N 0.5 3R T AL
3.5.2  Batch-size K/ ELVEBCRHIFE MR

FEYIN R0 22 B 2% 15, Batch-size 45 /2 &L AL
AW P REAR S E . & BLIEFE Batch-size X &L HT
SR R e L R A . 1 B 1K) Batch-size
2SRRI LRI G, W A7 36, WSSO B
T2, T BEAGZ AR B8 AH I, 13 B /N1 Batch-
size 4 T EUA AL KL, 18 TripAdyisor Hyn e btk
1755, ik Batch-size 43 A/ HU(E 32, 64, 128, 256,
512. Wi 3 iR, 4 Batchesize HUE A 128 B 3573 T
s | } = !

4 PR R R E A — BT A 0 5 R (%)

PEAG 44
K bR AR AL A
R PR 1 2 2 4 5 6 7 8 9 10 Mean
PETER+ 8116 ', 8153 7773 8841 864 8843 8177  89.05 91.02 5055 8221
Yelp PERSP ' 7864 8558 7669 853 823 8416 795 84.6  87.83 4822 17845
Gold standard ~ 90.17 9472 8872 9528  93.83 8493 908 9596 965  73.89  91.48
PETER+ 86.24 5581 8894  47.65 3733 7849 7387 6297 6324 8313  67.77
Amazon PERSP 8239 5021  83.29 4427 3506 7418  70.12  60.6  59.62  79.25  64.38
Gold standard ~ 89.31  57.82 9203 4856  36.18 7978  77.71 653 6782 8613  70.07
PETER+ 9284 9399  90.02 8433 9528  9l.1 9137 926  79.13 9481  90.55
TripAdvisor PERSP 87.49  88.65 74.63  80.26 9041 8543  86.88 8841 7556  88.84 8427
Gold standard 8771  89.77 8535  78.88  91.76 8413  81.52  88.06  69.1 91.72  84.78
0.630 | .
0.82 l\
\ 0.625 | /
0.81} ] /
\ 0.620 |
g \ R \\ /
0.80 < 0615}
0.610 } u ‘
0.79 + - N\ /
./ 0.605 + \ \/
0.78 : 0.600
0 4 02 04 0.6 0.8 1.0 0 02 04 0.6 08 1.0
. e =
(a) RMSEJT£k & (b) MAEHT£:

B2 2ESIRIESMRE

3.5.3  BREEEIIN LR

1 FE #5487 (gradient clipping) J& VA 5 2% > HP i FH Y
FoOR, T4 bk 2 1) K0S, 38 5 b R M (gradient
explosion) B & 2K (gradient vanishing) (1] 7] &%, 7
WZRph 22 I 28 I, B B2 R AT g P BURE AN E, PR
FH BT DA RO Ix A v @ [, 7E TripAdvisor 31

70

A BT SLES, LEBRRE 7 UE N 0.1 0.5, 1.04 1.5,
2.0. N 4 R, A6 EEHUE N 1.0 B 3R15 S AL A
3.5.4 Emsize X} SZIG B LI S2IH

Emsize i & HN 1] 5 KK/, 7852560 o 75 223
AT IEE. BB/ Emsize AT BETCE 78 3 Fo 412 1A (1)1 X
R, FEEVERIAE; MHECK M Emsize 7 g 214
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INFAER R, 3 BOS & B Gl A8 [,

A4S Emsize 43 IEUE N 64 128, 256, 512, 1024
A IEM Emsize £ XHE 2. /E TripAdvisor £ 4E I,

BEATSRYG. a0 5, Emsize BUE Y 512 WFERAG 1 UM

0.82f . 0.64 y
i
/ /
081f w 0.63f = /
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m m \
Z 080} \ < 0.62 \
\ /
\ — | /
0.79 - 0.61 " /
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/
/
0.78 1% 0.60 |
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3.6 EERSCIS

AT, T BAIE HE R AL . BERT BEAIE
AN AT SRRV R, 7E TripAdvisor 2484 Bt

K5 Emsize X Bk RE TR0

PERSP HyL¥& i1 1 LA T H Al s it

84 R4i# ¥ System Construction

(1) Disable HyER SIHLH]: K B E=E I HLHI A
PERSP 5y .
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i H AR SN A

(2) Disable BERT: :¥f BERT M PERSP % i /lH .
(3) Disable $£75%% 3] 5 BERT FHE7R 2% STl .

% Bx BERT Ji5, HVER A AR 2 2K R o dfa 4
I o TSR % BT, (SRR TR R IR, 22

BERT "R 5, BRAK T HiEMERE. ik 8 E
FERJINLE] . BERT BUR 7R % ) #C iR IS S A Ak
RRAARSEZIREE R 5, SEIR R I, AR SR AR
TE AT R EAT A8 ARG ISR
# 5 PERSP BN AL

it A AR AR et RE
- FMR FCR DIV USR BLEU-1 BLEU-4 RMSE MAE
Disable H i & S pLi 0.05 0.20 1.60 0.78 0.05 0.80 0.81 0.62
Disable BERT 0.05 0.41 2.14 0.81 0.05 0.80 3.22 3.08
Disable $&/r%:7] 0.04 0.39 2.54 0.85 20.24 3.56 0:83 0.65
PERSP 0.89 0.42 1.41 0.46 25.03 4.56 0.60

$.0.79

3.7 fEgEEHA

ARICHEH PERSP HIETEMEFEMERE L A MR
AT AR HEFE AT T LA, PMFU OV — b o (4 MR
ZRAR By iR 7 1%, B TR R 3 ORRAE PRI
SVD++P1FI TP 052 B3 SR SR g 7E R 3R

PERSP Jiii: i fxd Hodh 5 WA 6. i AT L, A
F2 1K) PERSP 5 A8 A R0 oif 97 50 7E 1T fifRe
P 77 T B A A . JE A R R AL BT
H. ¥ PP 5% N3] BERT 5L HER 2 2], 380 BERT
BVEIIBR, RS2 ARE ), W BAETU AR, 28 B RT
A, ASCHEH ) PERSP Sk AR T HARIE L 51k, X I8 E
T AT H @A B R AL R R 2 S T
ANPEAGRT R I D7 T R % 9 F P S R T D v 1

# 6 RMSE fll MAE &R HEFE ML fE L

wom Yelp Amazon TripAdvisor

RMSE MAE RMSE MAE RMSE MAE
PMF 1.09 0.88 1.03 0.81 0.87 0.70
SVD++ 1.01 0.78 0.96 0.72 0.80 0.61
NRT 1.01 0.78 0.95 0.70 0.79 0.61
NETE 1.01 0.79 0.96 0.73 0.79 0.60
PETER 1.01 0.79 0.95 0.71 0.81 _ 0.62
CER 1.01 0.79 0.95 072 + 0381 0.63
PERSP 1.00 0.77 0.94 0.6 0.78 0.60

4 4k

EF%F BERT A B &AL BE ) 1 Il 8, A SCH2
T G E R LRI RN 2 T AL AT R HE T
Hk A E A BEE IYLEE S ID. IUH
ID. RRAERERE R G BT 41, 4 7 5 i N £ BERT &
%, IS E BERT BE o 5] N B 5 21 H0 gk A7 il
W, )5, A BEER SHUEA Al ke, SiRah R,
PERSP Sy 78 A= il e Jot & AR b B A T oAt B 2
SVE, WA T SRR ROt R SRE FUK S FEAE T AR

B A O, DLt 25 SRS T AR

SR

1 A%, &R BERE, % AN S MREEAE IR K
SV BTN R RN THEVLR SR, 2023, 32(12):
276-283. [doi: 10.15888/j.cnki.csa.009338]

2 Zhang YF, Chen X. Explainable recommendation: A survey
and new perspectives. and Trends® in
Information Retrieval, 2020, 14(1): 1-101.

3 LiL, ChenL, Dong RH. CAESAR: Context-aware explanation

Foundations

based on supervised attention for service recommendations.
Journal of Intelligent Information Systems, 2021, 57(1):
147-170. [doi: 10.1007/s10844-020-00631-8]

4 Tan JT, Xu SY, Ge YQ, et al. Counterfactual explainable
recommendation. Proceedings of the §Ot}\1'»ACM International
Conference on Information and.Knowledge Management.
ACM, 2021. 17841793

5 A, Ik € K2 FT T4 ) 1 3 I B s 43 S
PR THEALN T, 2023, 43(9): 2721-2726.

6 Chen H, Chen XX, Xu HT, et al. Personalized fashion
recommendation with visual explanations based on
multimodal attention network: Towards visually explainable
recommendation. Proceedings of the 42nd International
ACM SIGIR Conference on Research and Development in
Information Retrieval. Paris: ACM, 2019. 765-774.

7 Chen HX, Chen X, Shi SY, et al. Generate natural language

explanations for recommendation. arXiv:2101.03392, 2021.

BREAL, X228, FRW, 55, 2T BERT A EIXHEEF =

T3 £ 1) SCAS A% o3 Hr . T SEHLRL F F 9T, 2024, 41(3):

786-793.

9 Hanna M, Liu O, Variengien A. How does GPT-2 compute

o0

greater-than?: Interpreting mathematical abilities in a pre-
trained language model. Proceedings of the 37th International

Conference on Neural Information Processing Systems. New
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