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Temporal recommendation model based on variational autoencoder and diffusion model
ZHAO Tiezhu', HUANG Yongjian' s, YANG Qiuhong®, CHEN Yilin'
(1. School of Computer Science and Technology, Dongguan University of Technology, Dongguan 523808,
China; 2. School of Artificial Intelligence, Dongguan City University, Dongguan 523419, China)

Abstract: In recommendation systems, variational autoencoders and diffusion models can effectively model the
generation process of “user-item” interactions. However, due to the limited representation capability of
variational autoencoders and the susceptibility of diffusion models to noise, the performance of the models cannot
be further improved. To address this issue, this paper proposed a temporal recommendation model based on
variational autoencoder and diffusion model (TRMVADM). TRMVADM first assigned weights to interaction
data based on the order of user-item interactions. It then used an encoder to compress temporal data dimensions
and performs forward and backward diffusion in the latent space. Finally, it inferred the probability of user-item
interactions through an decoder. TRMVADM effectively utilizes the dimension compression feature of the
encoder and the ability of the diffusion model to explore latent user-item interaction information, thereby
improving the recommendation performance of the model. Experimental results on the Moviel.ens and Yelp
datasets demonstrate that TRMVADM can achieve an average improvement of 5. 4% in recall rate and 2. 04% in
normalized discounted cumulative gain compared to the suboptimal baseline model.
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Table 1 Basic information of datasets
Bods 4 e F P8 P it B PRSI ¢ i i E 43 LL/ 2%
MovieLens 10M Cik 69 584 9175 8 233 567 98. 71
MovieLens 20M Cif 137 523 14 258 16 447 894 99.16
Yelp [ERA 72 487 43 748 204 3402 99. 94

S TopN #EFF AT 55 v i 19 A 81 2 (recall rate, Recall) 1A — 4k 34t B 1118 25 (normalized dis-
counted cumulative gain, NDCG) W Ff 48 b5 PEAG HE BRI () PERE . P, Recall T 3R 2/ LI H P-4
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Table 2 Comparison of model performance

Moviel.ens 10M Moviel.ens 20M Yelp
B
R@20 R@50 N@20 N@50 R@20 R@50 N@20 N@50 R@20 R@50 N@20 N@50
MF-BPR 0.066 2 0.1271 0.047 5 0.066 9 0.0675 0.1269 0.047 9 0.0665 0.0027 0.0048 0.0014 0.0019
ENMF 0.108 4 0.2320 .070 8 0.1100 0.106 8 0.2236 0.071 4 0.1085 0.0531 0.0997 0.026 3 0.0379
LightGCN  0.1036 0.2157 069 8 0.105 5 0.1000 0.2046 0.069 2 0.1025 0.0661 0.1251 0.0320 0.046 4

MultiVAE  0.106 8 0.239 5 0687 0.1105 0.1070 0.2325 0.0707 0.1104 0.0578 0.1123 0.027 1 0.040 4
CODIGEM  0.1103  0.224 4 L0731 0.1095 0.1094 0.2195 0.0737 0.1090 0.0525 0.0996 0.0259 0.0377
DiffRec 0.126 6 0.2497 0874 0.1262 0.1257 0.2397 0.0882 0.1241 0.0621 0.1123 0.0308 0.043 3

TRMVADM 0.1320 0.2640 L0840 0.127 0

=3

L1363 0.2629 0.0906 0.1316 0.0679 0.1271 0.0333 0.047 7

3.3 HEXE
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B B 7 S AR W R VAE L VAE (B 350 AR s 45 2% 1 28 RMDM , TRMDM . RMVADM, 4X Ji5 #£ 3
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h 66.69% ,RKWILEE T VAE Al DM 7 A0 L T4 5L T VAE 5 DM 975 1%, T REIR A SZ 48 H P -9
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Table 3 Results of ablation experiments

Moviel.ens 10M Moviel.ens 20M Yelp
157

R@20 R@50 N@20 N@50 R@20 R@50 N@20 N@50 R@20 R@50 N@20 N@50

MultiVAE 0.106 8 0.2395 0.0687 0.1105 0.1070 0.2325 0.0707 0.1104 0.0578 0.112 3 0.027 1 0.040 4

RMDM 0.1007 0.1831 0.0683 0.0950 0.0854 0.1531 0.0589 0.0808 0.0572 0.1043 0.0281 0.039 9
TRMDM 0.0856 0.153 2 0.0584 0.0806 0.0747 0.1296 0.0516 0.0694 0.0545 0.0993 0.026 8 0.0381
RMVADM 0.1229 0.2593 0.0757 0.1196 0.1292 0.2552 0.0880 0.1282 0.064 2 0.1220 0.0311 0.0451

TRMVADM  0.1320 0.2640 0.0840 0.1270 0.1363 0.2629 0.0906 0.1316 0.0679 0.127 1 0.0333 0.047 7

3.4 AEBFRSEEX KR

T BRI A] H A bR O B PR R ()52 MR, SE58 TR i1 T TRMVADM XA 948 & TRMVADM (w)
M TRMVADM(e) , H:t TRMVADM (w) B Ly ff 20 (14) 315, TRMVADM (e) 1Y L,y f8f 4] SCHR
C17 ] e 5 e 1F5E . TRMVADM FUG R AR R FE 3 AN B0 4 L iEAT T X LS, SEgi 25 S n e 4 iy
R. HZE 4 A LAEE . TRMVADM (w) Hl TRMVADM (e) B #EE £ B R & TRMVADM, 2 B i 1] =,
(15) 1Y R DL FL I ) TRMVADM B3 F FHEEAE 55 . QO b R AGE 2@ 08 2 () O
BAH z, . BT TRMVADM XJAH B B[] 25 (1) 45 M b 25 AN SR8, fiff 9] 5 1L i 2 300 070 1 2k 8L, O L 90 30 e 7
e NP AR S5 SR F A /0N 0 AR AR HRAS 3

F 4 REEREHEER R

Table 4 Comparison of models with different objective functions

Movielens 10M Moviel.ens 20M Yelp

s
R@20 R@50 N@20 N@50 R@20 R@50 N@20 N@50 R@20 R@50 N@20 N@50

TRMVADM(w) 0.081 3 0.148 3 0.061 8 0.0833 0.0802 0.1491 0.0607 0.0827 0.0123 0.0237 0.0058 0.00 86
TRMVADM(e) 0.106 3 0.1909 0.0783 0.1055 0.1015 0.1801 0.0765 0.1017 0.0188 0.0358 0.0100 0.0145

TRMVADM  0.1320 0.2640 0.0840 0.1270 0.1363 0.2629 0.0906 0.1316 0.0679 0.127 1 0.0333 0.047 7

3.5 HEEEENERSN

%5 398 /R T MultiVAE . DiffRec #1 TRMVADM 7E 3 D44 F iyt E 04, K 25 £
BTG LN LR S B0, 1 S HE S (8] KR Y 2RI 454> epoch (P B HERRIF[R] . B 3% 5 W LA FE T2 T
VAE ) MultiVAE fi%: T DM 14 DiffRec, i T TRMVADM {4 7 VAE # DM 4544, L 250 £ T i
Wi . 1525 T VAE B0 RE4EREPE I DM 248 550150 (1) 2 A BEYE . 78 Movielens 10M (4 4 I, TRM-
VADM 1~ 1 4 3L (1] 5 Al A5 A8 2 S AN K R 40000 48 15 4551 19 MovieLens 20M Al Yelp £cdfi 46 FAH 1K
Mgt o BIREAR T 16. 4 F1 2. 19 s, 3B TRMVADM 7E Il 2 S50 5K G OUT L RS & 4721 55 i 350%

x5 SHBEREMERLL

Table 5 Comparison of parameter numbers and inference time

Moviel.ens 10M Movielens 20M Yelp
R S ¥t/ -y 4 B ] e -y L ] SHH/ - 4y 4 B ]
514 /(s/epoch) [EWiE /(s/epoch) 514 /(s/epoch)
MultiVAE 11. 38 8.69 17. 49 39. 14 52.90 12.97
DiffRec 18. 81 9.07 29.23 34.57 89. 65 16.02
TRMVADM 30. 31 8. 84 45.93 18.17 136. 55 10.78

3.6 SHERMESH
HTHGE T sy Flwy, X TRMVADM RS20, AT FTARYE 3. 1. 2 T BB SHGE B 7E Movielens



« 120 - L AMBRKRFFROERFAFZ RO 2026 4% 1 #

20M Bii Ak AT T A RSB PEREXT L SC 5 SCR 25 R AN E 2 fion . i 2 ATLAE N OXF T, T
TE ] 4 0 0 W P AR X /N M B R Y T X R B S e /N T HLBEE T A 1G4 Y 4
BRRF ] 22 22 A0 LT R 2% 08 300 I 8] 20 2o O 2 T O e A T AR AL A8 T B EAE 10 LINEON 38 O X
T 5o H1 0 5] 0.000 01, #ERIPERERG 200 L4271, W] DM b LRI ZRA0 A 25k . (ERBEE s dESf K, B
BIVEREAZ AL /N UL VAE REAS 22 DM i M P 08 A5 10 4 52 i, £ A R0 4 BE 0 AR E P O T o L BlR
Y BYAINR . R@S50 Al N@50 #5 EIHE F R, HIgE(EAE 0. 03 fifiz . & ] TRMVADM M0 76T DM H i)
RS, VAE E R BIER X T w s R@50 . N@50 BYIE(E 73 578 0.3,0.5 BT, T w, i T
T w0 23 BB RE WL T 8K w0 BCEAELO. 1,0, 51X BN 1R 2

0.275

R@50 730 0.2650F R@50 10-144
i 18 A (A] ] N@50
0.270 | 80 @
10.140
170 0.262 5
o 0.265] 160 =2 o 10.136 o<
Ugl g Ugl E\@
i =
§> 0= §> 0.260 0 =
0.260 A |
140 0.132
0.255} 730 0.2575¢ lo.128
120
0250 L L L L L L L 10 0255 0 L L L L L L L 0124
2 5 10 20 40 80 120 0 1E-5 1E-4 0.005 0.01 0.1 1
T s
(a) BY A1 & (b) MRS HLA
0.267 Vo144 0.145
R@50 . R@50
I N@50 0.268+ N@50
0.264 @ | 6040 @ 10.140
I 0.264F
9201 10.136 10.135
< =1 < =
S ® ® ®
S 0258} ] 0.260 1
Mo 0132 7z « 10.130 ~
0.255" 10.128 0.256
10.125
0.252} 10.124 0.252F
1 L L L L i i 1 L L ] 0120
0.01 0.03 0.05 0.07 0.09 0.1 0.3 0.5 0.7 0.9
I3 @D i
(c) VAE B A7 iR $d% il Bl 7 (d) B P E
B2 FAESHAEREITL
Fig. 2 Performance comparison of different parameters
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(1. BMERE HARANSE B LGNS, & 06300032, LM B & A A RN, EF 200040)

H EMHGAILCED T AL T XA ERT EAFRAARFTECHI D THAEETRGEER, AN A FHR
MNEARBEEDZAETR ARABGIAREL LR THREARRRAFARALEDEZSCERE T . B X HEAL
RERZ—ANSYHETRELERNMR, FEAAGENN ZAE5EEFRARTZMBLEHN S L EMER
JERAEE R EE AL TN BFERNFIE, A LR FEAFRRE AT 2 LT A%
04 &8 5 R (MDSVP-WIM), %7 %3 REGHBADSEN T I AWH AR TR . &6 % EREH
BB AR D BRI A FIASMEZ-REZ I ERBAAESTESY T PR IRE %,
# WareSegNet 55 SpatioTrack-360 48 & L &9 3 2, KRBT 7 ik 69 F 3445 318 (mAP) % 5134 %) 0. 97 =
0.96,F1 45 0.94 #2 0. 93, ML 42 % F 4L T FCN . PSPNet F A 2R, 4 A 2 SRS T WK B L SR
T—Hak BTy %,

KEBIR FL OB WAL AT BT A SR ;95 Wik 3%

hESES TBS3; U4ll MERAR RS A

A warehouse inventory method based on multidimensional spatial visual perception

ZHONG Cheng', TIAN Dianxiong's, ZHAO Wenyan', LU Zeyu', ZHANG Liang’an*, LI Yong’
(1. Tangshan Power Supply Company of State Grid Jibei Electric Power Co., Ltd., Tangshan 063000, China;
2. Shanghai Zhougu Power Technology Co.. Ltd.. Shanghai 200040, China)

Abstract: The inefficiency of the traditional manual material inventory method makes it difficult to meet the
precise management needs of modern intelligent warehousing. However, the existing automatic recognition
technologies have limitations such as susceptibility to environmental interference, high costs, and insufficient
stability in complex scenarios. Especially in dynamic warehouse environments, material inventory is essentially a

ultidimensional spatiotemporal information processing problem, which requires effective integration of high-
dimensional abstract features. such as time, space, and distance that are not limited to three-dimensional physical
structures, and addresses challenges such as occlusion, light changes, and small object detection. In response to
the above issues, this study proposes a multidimensional spatial visual perception based warehouse inventory
method ( MDSVP-WIM). This method suppresses environmental interference by dynamically updating the
background through a Gaussian mixture model, improves the accuracy of small object recognition by combining
the techniques of two-dimensional convolution and image segmentation, and enhances the stability and robustness
of the system in dynamic scenes by introducing cross-frame tracking joint voting mechanism. The experiments on
the WareSegNet dataset and SpatioTrack-360 dataset show that the proposed method, with the mean average
precision (mAP) reaching 0. 97 and 0. 96 respectively and the F1-Score reaching 0. 94 and 0. 93 respectively, has

a significantly better performance than benchmark models such as FCN and PSPNet. This study provides an efficient

I
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and stable visual perception solution for automated material inventory in complex warehousing environments.
Key words: intelligent warehousing; material inventory; visual perception; Gaussian mixture model; cross-frame

tracking

B W i A7l B PR R O i 1l R RE A L B Bl Ak T T R R B Y A% e i N T T S M DA
R R MERE BT R L R 2 O R R b TR B DR AR R B S Y | 22 2 SR R O R
FYRFAE T4, LA B AROG BRER SO SE BB R — 2D Ok 7 N LA BRAE . Rt IF 2 280 A 3
A AH YT A AT TR E BRI B AT 38 DI R
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TRJE 27 ] BORY o (A rp 63 Wy A o AR R R AT H SR 5 2 I A A0k A T A% G AR 2 AR A R 1 JR R

T H M2 4% (convolutional neural network, CNN) B H F5 4 I 20 55 DL AR B BHE B 4% 0 38
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visual perception based warehouse inventory method, MDSVP-WIM) , K EE 0# A .
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Fig. 2 The structure of encoder convolutional layer
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Table 1 Quantitative experiment results

WareSegNet SpatioTrack-360
J7 ik 5%
m ap R Fy P " Ap R Fy P
il 0.53 1. 00 0.31 0.19 0.55 1. 00 0.33 0. 20
FCN

P 0.65 1. 00 0.08 0.04 0.59 1.00 0.12 0.07

oAUl 0.62 1. 00 0.28 0.17 0.69 1. 00 0.32 0.19
PSPNet

P 0.75 0 — 0 0.77 1. 00 — 0.02

Rl 0.71 1. 00 0.32 0.19 0.74 1. 00 0.32 0.19
UPerNet

P 0.83 1. 00 0.03 0.01 0.85 1. 00 0.02 0.02

LRl 0. 86 1.00 0.55 0.38 0.88 1. 00 0.55 0.39
DANet

#UI 0.88 0 — 0 0.87 0 — 0

oAl 0.87 1. 00 0.61 0. 44 0.88 1. 00 0. 60 0. 44
DMNet

P 0.89 1. 00 0.09 0.05 0.91 1. 00 0.04 0.03

il 0.95 0.98 0.92 0.87 0.94 0.97 0.93 0.89
SAM v2

PR 0.93 1. 00 0.77 0.63 0.94 1. 00 0.83 0.71

Jisail] 0.93 0.97 0. 90 0. 84 0.92 0.95 0.89 0.83

DC-Swin v2
P 0.91 1. 00 0. 67 0. 50 0.92 1. 00 0. 80 0.57
o 0.97 0.96 0.95 0.93 0.96 0.95 0.93 0.89
MDSVP-WIM
P 0.97 1.00 0.75 0. 60 0.95 1. 00 0.73 0.57
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Fig. 4 Results of qualitative experiments
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KA M A e e B B ) Tk, AR BT 5E AR Table 2 Results of the ablation experiment
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AT TS SRk 2 s, Bk B9 0.90  0.93  0.70  0.56
A 23 ] 25 e A B i) MDSVP-WIM A, 15 /6 MDSVEWIM_A WH 0,92 0.60  0.11  0.07
M5 P55 o & e An 3 30T B, 38 % Wi 0.8  0.91  0.65 0.5
BESOGHRTT A BTG skl S e T T o2 oo ol 0.07
WE AR, BE A8 R 5 Sk Ab B4R A B 4 v 1 i 0.91  0.95 0.68  0.53
NI, 76 MDSVP-WIM_B B 242 o0 =S g o2 o0 015 0.0
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