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Variational Auto-Encoder/Combining Complex Priori’and Attention Mechanism

SHEN Xueli,MA Yuying, LIANG Zhenxing
(School of Software , Liaoning Technical University , Huludao, Liaoning 125105, China)

[ Abstract] The traditional Variational Auto-Encoder( VAE) model typically uses the standard normal distribution as the
implicit vector“priori. When solving complex tasks such as the’recommendation system, it easily leads to over-
regularization of the model and poor performance of implicit vector decoupling. A VAE model combining a complex
implicit vector priori and attention mechanism is built to solve these problems.First, the implicit vector prior distribution
generated by a multilayer neural network is used to replace the standard normal distribution as the hypothetical prior
distribution so that the model can learn the most appropriate prior distribution based on the data and obtain more
potential representations.Next, an auxiliary implicit vector is added to regenerate the auxiliary implicit and data feature
vectors into an implicit vector based on the.single-layer implicit vector. Compared with the original structure, it can
significantly improve the low-dimensional‘representation ability and decoupling of the implicit vector.Finally, based on
the feature information selection of the-attention mechanism, the attention mechanism is added to two implicit vectors to
increase the weights of the critical. nodes so that the implicit vector can transmit more important information.
Experiments were performed on the public datasets: Movielens-1M, Movielens-Latest-Small, Movielens-20M, and
Netflix. The results show that the proposed model has better evaluation indexes than the experimental comparison model
on the Recall@20, Recall@50,and NDCG@100.The average increase values are 12.95%, 10.80%, and 10.48% , which
show increased recommendation accuracy.

[ Key words] recommendation system ; collaborative filtering ; deep learning; Variational Auto-Encoder( VAE) ; auxiliary
implicit vector; complex prior;attention mechanism
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Table 1 Dataset details

B G T % Wy it B WO T i /%
ML-LS 600 6200 48 000 1.279
ML-1M 6 000 3500 575 000 2.699
ML-20M 136 000 20 000 9 990 0.353
Netflix 437000 14 000 56 600 0.919
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Table 2 Super-parameter value ranges
HSH IRAEVE
ERE {0.01,0.005,0.002,0.001}

e ) o 4k {50,100,200,300}

e e J2 4k )i {100,200,300,400,500}

Thki A4 {100,200,300,400,500}
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34 EZKEHR

Multi-DAE" ¥ DAE JWifH Tt [al i e 5 v, If Al
FH 22 301 X 32 45 LA pR BT R e v 30 0 4R bR B, 5
% 2% S A LU T O A R

Multi-VAE" ¥t VAE [ Tt Rl 8 5503, o4l
FH B-VAE"™ it 2k sRk 2 rh 2 5 B A hy J A 5 K R
KL 5 2% 22 (B84 i 2 2500 in 211461 2% pR B

Macrid-VAE " 7E Multi-VAE B 36l F B w2 1
2L A RS N T R S e A A 3R X i A B
5 o 2 T RIVACK 20 A, 0 T AR T R

CDAE ¥ ¥ 76 R 2 A R v A Vs 21
PR LW A shm i 2B R . 5 bR iE 2L A 2h g b
R B — | {8 FH Dropout J5 =0 X6 iy A B R
M 75

NCF" 44 7 ] T U [F] 3 308 B4 et £ 000 48 45 F =7 )

HEZL, 545 F P Ay 5 v 2E RRAE S A B HE SR v
3.5 EfEiERR

EMRX 4 |, CCPAM-VAE # # fifi F] NDCG@K
Hl Recall@K W A~ PEAL 48 B S &5 A4~ F P 0 00 15t 5 HE
& I 5 S H HE A AT R

DCG@K J Hr #51 J 1T 18 25 , & — Fp X HE )7 45 2%
B 45 bR, FH P u i) DCG@K = (20) fr s, Hodr,
IVEAE R BB, r() R HER A i &, T, 02 P u sl
dd YA E S . NDCG@K J& DCG@K 48 3 11 —
b5 e BUEE [0, 1],
k 21[r(i)eTL,]_1
k.= Z lg(i+1)

Recall@Kh A 171 52, J& — il 4 #E 757 5808 1Y 48
br H A u i Recall@K W= (21) frw , K 43 B2 K
FIH R sl 0 4 i B SR /M

il[r(z’)e T,]

Recall@K, = m
3.6 ELIWERSH
3.6.1 MIRIPEREXT Hb

22 3 A Recall@20 (Recall@50 NDCG@100 3
& Fr X CCPAM-VAE B W 17 F Al | 7F % 95 48
ML-1M L, #8455 F 42 1 10.79% .5.12% . 8.74%;
15 HE 4 ML-LS b 468 45 7 ¥ £ T+ T 26.20%.
22.26% ., 17.42% 7 B 4 ML-20M L, 35 br - 2 42
T T 7.47%.,6.97% /6.97% ; 75 %4 P& 5 Netflix I, #5 b
FEIEETE T 7.34% .8.86% .8.82%, iR 45 R KB A
AT AR A | R SCR R AY AR KBRS ML-1M |
ML-20M\ Netflix | A % 4F 09 % B, 78 /> B %
ML-LS b A A1 R0H . ik 20 &2 2% e 56 RE 18 15
Bl A5 Y 2 3] T 0 52 2% 0 B0 G R L e /b A B B
PLA RO, [E B, 36 28 55 Macrid-VAE 7E X 4 4
B4R by R IME T A B AR X 3R B 4
JE R RE % 0 3 B PR RE

(200

(21

#3 CCPAM-VAE#ZE 5E LA HEEXTLE

Table 3 Performance comparison among CCPAM-VAE model and baseline models

PIEITE S T REHE bR Multi-DAE Multi-VAE Macrid-VAE CDAE NCF CCPAM-VAE
Recall@20 0.349 14 0.330 56 0.353 58 0.346 62 0.335 31 0.366 24
ML-1M Recall@50 0.480 91 0.475 29 0.488 60 0.478 30 0.476 82 0.499 62
NDCG@100 0.417 26 0.398 12 0.421 95 0.408 21 0.404 28 0.432 93
Recall@20 0.290 68 0.267 48 0.328 31 0.278 37 0.272 88 0.344 37
ML-LS Recall@50 0.399 05 0.365 72 0.409 35 0.388 19 0.380 25 0.447 13
NDCG@100 0.305 66 0.278 88 0.304 27 0.290 33 0.286 61 0.327 46
Recall@20 0.388 20 0.382 63 0.392 29 0.383 25 0.385 29 0.41120
ML-20M Recall@50 0.528 26 0.517 23 0.526 83 0.519 38 0.520 69 0.553 29
NDCG@100 0.417 75 0.410 24 0.420 35 0.413 67 0.412 54 0.442 53
Recall@20 0.340 22 0.338 08 0.341 65 0.339 50 0.339 25 0.362 90
Netflix Recall@50 0.425 59 0.421 05 0.427 33 0.424 18 0.423 38 0.458 36
NDCG@100 0.378 34 0.366 82 0.380 82 0.372 55 0.371 82 0.399 18
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Fig.9 NDCG@K comparison among CCPAM-VAE model and baseline models on four datasets
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Table 4 Recall@50 comparison of ablation
experiment of CCPAM-VAE model

i ML-1M ML-LS  ML-20M  Netflix
CCPAM-VAE#- 048219 043320 0.53525 0.44262
CCPAM-VAE#a  0.49108  0.44415 054826  0.45429
CCPAM-VAE#b  0.48923  0.44064  0.53948  0.448 27
CCPAM-VAE#ab 049962 044713  0.55329  0.458 36
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