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Abstract
To address the challenges of high computational complexity and resource consumption in recom-
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mendation systems when handling ultra-large datasets, this study proposes a fast parallel gradient
descent matrix factorization algorithm that integrates user similarity network community features.
First, by calculating user similarities, a similarity network is constructed based on highly similar
user relationships, and a modularity optimization algorithm is employed to partition users into sev-
eral communities. Additionally, a user compensation mechanism is designed to introduce a specified
number of active users into the community division, thereby reducing the excessive similarity of data
within user groups based on similarity community partitioning. Subsequently, for each user group, a
parallel gradient descent matrix factorization algorithm is utilized to learn the latent factors of us-
ers and items, enabling the prediction of user ratings for unknown items. This model reduces com-
putational complexity and resource consumption through community grouping and parallel com-
putation, while effectively enhancing the accuracy of the recommendation system and the efficiency
of algorithm learning. Compared to existing leading algorithms, this model significantly improves rec-
ommendation precision and recall across multiple datasets, while also lowering root mean square
error and mean absolute error.
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Figure 1. Overall algorithm structure
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Figure 2. Structure of fast parallel matrix factorization based on user
similarity network community features
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Figure 3. Flowchart of the Louvain algorithm [26]
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Movielens 25M. %% 4 2 i1 GroupLens Research 5256 & JRAL I — N K L 0 B4, B8
K# 162,000 . 62,000 8 HLEZ BA K 2500 3 26 PE4Mid 35

Movies_and_TV. %% & Amazon Product Review 3 82 H 2B — A F 4, FEASH X H

(14)
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RO

SRR B VP AP a8 7506 AN . 7360 f H 2l AN LA 22 441,783 26 PF 7010 5%

TripAdvisor. 1ZE#E 82 TR AR 48, 5 9765 N, 6280 MNP BT Bl U BA K
320,023 FPEArid k.

Yelp. A& F 0 &R K W5y, B8 27,147 AN . 20,266 5 5 LA 1,293,247 450F45)

N T AR, AR SO AR RN T 3000 AN B SR BP0, AR AR IR SEER (1)
HIFF R S . X —HIFE SRS A RS 7R AT, IEHAOR TSI AR I T R . Ak, AR
KR T HIAE 7, DAISIEFT I SRR E R 2 . PSR I et (5 B a0 3 B

Table 2. Complete dataset statistics

* 2 ERBYEERIHER

EVE/RE S EDAE & LI 6 o
MovieLens 25M 162,000 62,000 2500 73
Movies_and_TV 7506 7360 441,783

TripAdvisor 9765 6280 320,023
Yelp 27,147 20,266 1,293,247

Table 3. Sample dataset statistics

3 MBEBIEERIHER

VGRS DR e« Ve o
MovieLens 25M 3000 36672 484,422
Movies_and_TV 3000 7360 180,163

TripAdvisor 3000 6280 97,828
Yelp 3000 19,766 142,265

4.2. FELEE

ARSI L SEEG VPG CDMF BERY R THERL AR, DGy FE A B MRS S5 4 4R B Ry sk e AN B2 R A A, DA
T HAE RIS B A 3R BRI, SRR HAE B = 7 a6 R AR D M e 7 TR . R, et
R N A B TR AR 2 MR LIBMF. BEZ2H1 % 7% (Probabilistic Matrix Factorization, PMF)AH
Z A RYT E SVD++ (Singular Value Decomposition Plus Plus, SVD++){E yFEuE R L. LU 2 JUR L v
= RFRINPINER

PMF [27]: — R A MR A 75 . PMF BB P — W0 VP20 ] DL AR 7 N P AN T AE TR T
FERIIRAN, T mlie s, @i ok b e 0 ME 2R SR R ARV 75 R 74 R

SVD++ [28]: —F& il SVD kI R, BAEAESE SVD [k at_Eagn 1 % Be s i 2 i
BERE S, T SCdE o e

LIBMF [13]: —FRACBIHATRENLES B R FESEE, ReMS7E 2 2R M8 T I SR8l . i AR 4k 2
PEAEMBAA TV SRR, LIBMF 250800 1 NAEDT R TTAS, SRR i e Shos iz

4.3. HEEEED

NRIEGETE 45 AR P4, A SCR I TS XIGE Hp 4T vF S BB AT i [ E e 4 Gt . iX
ST S N P A, S AR GE I e A DL, R Sl B TR RE, B ORPERE XM K i
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PERIHER M .

4 BN T VUM SRR VYA AN R BUR 45 B 1E 47 I R RTAR 6 T CDMF Skt Re R 3. CDMF [1)ig
A7 B 1) S 2 T AR R, JGILAE Movielens25m AR # ] 2. CDMF AHLE LIBMF 4% T 20%%1] 78.26%
MIEATHS . PMF 21T} [E]Z)% CDMF [1] 5 %] 48 fi5, PEREIRTT 95%%F] 97.5%. SVD++izfTH} [AliT & T
CDMF, fERHIBEELE g COMF B £, PERETRTHIA 96.31% % 99.7%. PMF Fl SVD++i1 55 2
[, LIBMF ERIEBLFHEAIA K CDMF.

Table 4. Algorithm running times on various datasets

® 4. BREE LNEIREITHIE

Movielens25m Yelp TripAdvisor Movies_and_TV
LIBMF 120 s (+77.5%) 375 (+75.68%) 235 (+78.26%) 10 s (+20%)
PMF 540 s (+95%) 260 s (+96.54%) 200 s (+97.5%) 240 s (+96.67%)
SVD++ 150min (+99.7%) 35 s (+74.29%) 225 (+77.27%) 217 s (+96.31%)
CDMF 27's (3 M:H) 9's (7 MAEH) 55 (8 MH:H) 8's (4 MMLH)

4.4. RESH

S XHR 2 (Mean Absolute Error, MAE)F135) /7 fR 1% % (Root Mean Square Error, RMSE) & PPAN
RGTMAERA LA H FFa s, PR & T PP 4 5 S B PR I BE 5
1

MAE = st ZN | (16)
RMSE:\/ﬁ > (r-r) (17)
fyieN

Hor [test] AMRRSEMI L v NI IATES . MAE TR IS 5 SehRl A9 3 9032 %2, RMSE JULZ T
BHEESHEMmMZERFT7, ENREBRRZE R ) Z .

PP TINES R0 5 Fion. COMF fE=MHulE4E EI) MAE A1 RMSE fRARIE T HAh Sk, JCHAE
Movielens25m &I H . LIBMF Al PMF [f] MAE f1 RMSE {E#:rHI% i CDMF. 7E TripAdvisor I,
CDMF ] RMSE 7y 0.8768, LIBMF 2y 0.8403, Zp#i/N. SVD++7E TripAdvisor I RMSE AL, {HAEH
fl#E 4 A CDMF, JEHAE Yelp | RMSE %:751(1.1569) .

Table 5. MAE and RMSE evaluation results
52 5. MAE. RMSE i 458

Movielens25m Yelp TripAdvisor Movies_and_TV

MAE | RMSE | MAE | RMSE | MAE | RMSE | MAE | RMSE |

LIBMF 0.6403 0.8521 0.8840 1.1364 0.6454 0.8403 0.7433 0.9988

PMF 0.6628 0.8720 0.8870 1.1364 0.6377 0.8285 0.7556 0.9876
SVD++ 0.6450 0.8562 0.9036 1.1569 0.6269 0.8166 0.7436 1.0096
CDMF 0.6388 0.8499 0.8258 1.0559 0.6744 0.8768 0.7384 0.9811
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¥
&
48

45. EREMSESHT

HERf 2 (Accuracy) F& i = (Precision) Fl1 74 [2] 3R (Recall) /& H I /0 2548 bR 2 — . 245 b 4740 f 4
A2, TP ULIAHESE 7RI P B AR OGO s FP BEHIHERE T 5 P AR s FN ZHRR REGEARHE
FE45 PR A P B AF ARSI s TN ARR ARG 5 P S AR RS P, 26 B T
VU ot it s 7 TRV 1 R 1 DO

Table 6. Classification of preference prediction results

F 6. PRLERBEFEME

P B 4T RGHER RGAHERE
NEPS True-Positive (TP) False-Negative (FN)
ZNEPS False-Positive (FP) True-Negative (TN)

Forb TP ROREFATE, TN FoRF AN, FP R iBYE, FN FonBgft.

#ERE (Accuracy) 2 5 73 RIE A KIAE A SR 5 BAEA SR I LB HEFIVESTE 1 HERE RGN HERE 45
R SRR b P8 S A AR SR IR BE 7T o MERPEBGR, RO RCR Bl . H A s (18) s

Accuracy = TP+ TN (18)
TP+TN+FP+FN

7 JER T VYRR EVEAE AN [ B0 48 b ) HE 1 26 (Accuracy) R L. CDMF 7E Movielens25m  F
Movies_and_TV F#EffiZe85  LIBMF E£ILE2 € , (H7E Movielens25m 1 Movies_and_TV L #&KT- CDMF
Al SVD++. PMF g T LIBMF, {H7E Yelp #1 TripAdvisor - ANi1 CDMF. SVD++£E TripAdvisor _F#Eff
4 7(0.7866) -

Table 7. Accuracy evaluation metrics
= 7. Accuracy FH1EHR

Movielens25m Yelp TripAdvisor Movies_and_TV
Accuracy 1 Accuracy 1 Accuracy 1 Accuracy *
LIBMF 0.7050 0.6661 0.7698 0.7678
PMF 0.7107 0.6715 0.7755 0.7711
SVD++ 0.7171 0.6542 0.7866 0.7676
CDMF 0.7174 0.6947 0.7532 0.7741

Hi 2 (Precision) i B 4E 75 41 2 i F P ELIESEOGER I i LU, B0 e U0 W HERE ORS 7E, P it e R
o AU R
TP
TP+FP
1E# 8 1, Pre@5 FoRTEMEE IR MIAT 5 M S, HZ/DHHEH B8 . FEE, Pre@10 %
INAEHERE FNRIIHT 10 s, A 20 L@ F P O R
M# 8 FETLAFE HH CDMF 7E Yelp. TripAdvisor 1 Movies_and_TV ¥#i4E ERBUH (G, JEIHAE Yelp
4% I Re@5 1 Re@10 4rJliAF] 0.7603 A1 0.7617, FUIHEFH &0 s F BB . SVD++1E

Precision = (19)
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Movielens25m # 445 I~ Re@5 #¢=1(0.8478), #IulGE fyok, (HIEHANE L A0 CDMF. PMF 7& Mov-
ielens25m ##i4E I~ Re@10 #%1(0.8720). LIBMF 7 fT 344 I Recall $AA 2 mifl, JCHAE Yelp
B4 - Re@10 ¢ K(0.7519), I 55 FH /' MRy B A

Table 8. Precision evaluation metrics
3= 8. Precision 1 E{ #6845

Movielens25m Yelp TripAdvisor Movies_and_TV
Pre@5 * Pre@10 t Pre@5 * Pre@10 1 Pre@5 t Pre@10 1 Pre@5 t Pre@10 1
LIBMF 0.8336 0.8238 0.7504 0.7466 0.8850 0.8695 0.8850 0.8695
PMF 0.8466 0.8317 0.7568 0.7426 0.8752 0.8626 0.8752 0.8626
SVD++ 0.8472 0.8303 0.7468 0.7436 0.8830 0.8638 0.8830 0.8638
CDMF 0.8383 0.8254 0.7601 0.7563 0.8914 0.8745 0.8914 0.8745

A 5] 2 (Recall) i S HERE RS 5 FH 7 SEBR M HRYE IR RE 77, 80 ey 10 B HERE 2R G0 bk RE 4 T R 2 FH

ke Aw(20) .
TP
TP+FN

1E# 9 1, Re@5 FR/NTEMEFSIRMITT 5 M rh, FOIHETRESS F - AR S i o F P B TN i
Pl [HE, Re@10 NIFIRTEHMEFEFIRIIET 10 MS A, BRIHHEFRESS F P (AR S & 5 F P B
A I ) I LA o

M 9 B ET LA Y, CDMF 7E Yelp. TripAdvisor 1 Movies_and_TV #tdfadE R IR L, JHAE
Yelp | Re@5 i1 Re@10 43 %ilfEik 0.7603 1 0.7617, EWKE AR AL KB 36 7 4. SVD++E
Movielens25m %(#& 4 - Re@5 #x1(0.8478), #[HIfE /15, (HIEHAMEHELE AW CDMF. PMF 7E Mov-
ielens25m % #i4E - Re@10 Rl £ 14:(0.8720). LIBMF {EFTH ¥4 11 Recall )£ iAf =, JoIHAE Yelp
I Re@10 {4 0.7519, F - D4l 7 o 0 FR e %

Recall = (20)

Table 9. Recall evaluation metrics
%2 9. Recall i 555

Movielens25m Yelp TripAdvisor Movies_and_TV
Re@5 t Re@10 1 Re@5 1 Re@10 t Re@5 * Re@10 t Re@5 * Re@10 t
LIBMF 0.8343 0.8521 0.7504 0.7519 0.8850 0.8704 0.8225 0.8231
PMF 0.8475 0.8720 0.7571 0.7479 0.8753 0.8635 0.8367 0.8351
SVD++ 0.8478 0.8562 0.7469 0.7492 0.8830 0.8649 0.8204 0.8224
CDMF 0.8333 0.8500 0.7603 0.7617 0.8914 0.8756 0.8393 0.8357
4.6. BRI

ATV K BT A SR BLYRAE AR [R) ) SE 06 52 R ikAT, RAMAEMmEES . S8R E L, AR
RS ESCR A AR E B EASCHR R T, B 4 R T AHESECT COMF Bk e
HIZEIL, B T7EA R BRSSP AR F S5 MAE F1 RMSE 23—, A&7~ 7 7E MovieLens25m
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RO

AR RS E . NE 4T TLEH, BEEERREREM, RMSE Al MAE #5831 H 28T T B
B, X RIS PR ZE LA WIRCL, BRL TIO B8 I TEA B T . fEI%ARIA F] 5000 S, R ZEE TP,
PR 158 B AR VR B iter 2 5000, 14 4(b) 7 T RMSE Hil MAE 7E I {E K 1 k i N 20 3 50 2 8 {f-F:fa 8,
JUPEA R AR, FIEASOEBSEER T k %E N 35, Bl 4(c) R 72213 M 0.005 B4 nE] 0.010
i, RMSE I MAE i#Z R NF%, J7E 0.01 &b T-FFe, L= % eta WE N 0.01. 7EE 4(d)F iR
TR RN TS AT S BB A 10 8903 50 I, RMSE B2 2818 ETF, TP ks, KEZERRE 0.85 ik
1M MAE JIREFFHXTEARIME, 2904 0.65, A RENWS), K& RMSE b5 H - & na pr Bt
HIE PRI T, A SCERR T BIRERIIRT 25%H PR NI P A, X ik R e VU AT
7 P BRI RRR 22 AR, ORISR R VO N, RE 68 A AR R SRR I 1S
B FIRITA S HE S AR A R T, ARSI R iR RCR .
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Figure 4. MAE and RMSE of CDMF under different parameters
[E 4. CDMF R E &% T # MAE 1 RMSE

5. B4

BB ST KRS S AR B v 1R 52 2% RN BRI AR 1) A, DL RIR P 2 SRR IR — 37 5 R (ki
AR T R F P ARAOUE R 48 (R RO AT B0 5L R BRI R 2 i 550125 (CDMIF) o« 12715 St i F P A
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LIRS 24 X2, SR I SR AR FBE A1 A 00 A ARG D00 B35k D P D 8 2L g v AR ARLEE P P ) 43 B AR TR A 1
IR SR AEAL A1 W0 2% h SR F AT RO FE T FESVE AT FE R i, AT SR THIER RGE I ] 4 FR AR e

SIS LE K], COMF HVATE 2 N FRbr LRI 1) EHMEERS 71, CDMF 75 K37 %t
8 LRI AR, RIh 7 5 58 2 PR ER A . 2) 7E RMSE Al MAE J7TH , CDMF 7 Yelp Al TripAdvisor
R FiRZERAR, TNER T S . 3) EMEFIZE )71, CDMF 7£ Movielens25m #1 Movies_and_TV %k
A LIRIFERIL . 4) TER 9 R T, AbBE KRS 4L BT, CDMF H 4TI ) 35 A0 T HoAth B

Kk, BEEMER RS 2R, AEEEHIEMFERE S, BT AR MRS H AR
2 b [AVRAAE S5 6 B2 T B RE R 20 AR PR B0, ARORAIE 9 R DAk — B4R LA R T [1)

— AT MR R OISR, SRR B A OGP, AR KIS A0 A
AREFE &, T & BVE SRS R BE, h T4 s 4 SR A A AR P . R G IRFE S ST B,
SEEMAms . ERINEISEITE, MIE SR AT AR, SR T EELE S AR A S
KA ) IE N, S R R SR

E&MHE
I AR IE G L T2 4 PG4I 25— PR AR 1 45 5 Lo £2(61803264)
S5

[1] Shi, X., He, Q., Luo, X., Bai, Y. and Shang, M. (2020) Large-Scale and Scalable Latent Factor Analysis via Distributed
Alternative Stochastic Gradient Descent for Recommender Systems. IEEE Transactions on Big Data, 8, 420-431.
https://doi.org/10.1109/thdata.2020.2973141

[2] Khojamli, H. and Razmara, J. (2021) Survey of Similarity Functions on Neighborhood-Based Collaborative Filtering.
Expert Systems with Applications, 185, Article ID: 115482. https://doi.org/10.1016/j.eswa.2021.115482

[3] Wei, W,, Huang, C., Xia, L. and Zhang, C. (2023) Multi-Modal Self-Supervised Learning for Recommendation. Pro-
ceedings of the ACM Web Conference 2023, Austin, 30 April-4 May 2023, 790-800.
https://doi.org/10.1145/3543507.3583206

[4] Ashokan, A. and Haas, C. (2021) Fairness Metrics and Bias Mitigation Strategies for Rating Predictions. Information
Processing & Management, 58, Article ID: 102646. https://doi.org/10.1016/j.ipm.2021.102646

[5] Yu, R, Liu, Q. Ye, Y., Cheng, M., Chen, E. and Ma, J. (2020) Collaborative List-And-Pairwise Filtering from Implicit
Feedback. IEEE Transactions on Knowledge and Data Engineering, 34, 2667-2680.
https://doi.org/10.1109/tkde.2020.3016732

[6] Li, H., Li, K., An, J. and Li, K. (2022) An Online and Scalable Model for Generalized Sparse Nonnegative Matrix
Factorization in Industrial Applications on Multi-GPU. IEEE Transactions on Industrial Informatics, 18, 437-447.
https://doi.org/10.1109/1ii.2019.2896634

[7] Shi, H., Sun, T., Li, S., et al. (2019) A Matrix Factorization Recommendation Algorithm with Time and Type Weight.
Journal of Chongging University, 42, 79-87.

[8] Wu, Z., Zhou, Y., Wu, D., Chen, M. and Xu, Y. (2019) TAMF: Towards Personalized Time-Aware Recommendation
for Over-the-Top Videos. Proceedings of the 29th ACM Workshop on Network and Operating Systems Support for Dig-
ital Audio and Video, Amherst, 21 June 2019, 43-48. https://doi.org/10.1145/3304112.3325606

[9] Guo, G, Yang, E., Shen, L., Yang, X. and He, X. (2019) Discrete Trust-Aware Matrix Factorization for Fast Recom-
mendation. Proceedings of the Twenty-Eighth International Joint Conference on Atrtificial Intelligence, Macao, 10-16
August 2019, 1380-1386. https://doi.org/10.24963/ijcai.2019/191

[10] Lei, C., Dai, H., Yu, Z. and Li, R. (2020) A Service Recommendation Algorithm with the Transfer Learning Based
Matrix Factorization to Improve Cloud Security. Information Sciences, 513, 98-111.
https://doi.org/10.1016/j.ins.2019.10.004

[11] Jafri, S.I.H., Ghazali, R., Javid, I., Mahmood, Z. and Hassan, A.A.A. (2022) Deep Transfer Learning with Multimodal
Embedding to Tackle Cold-Start and Sparsity Issues in Recommendation System. PLOS ONE, 17, e0273486.
https://doi.org/10.1371/journal.pone.0273486

[12] Guo, R., Zhang, F., Wang, L., Zhang, W., Lei, X., Ranjan, R., et al. (2021) Bapa: A Novel Approach of Improving Load

DOI: 10.12677/m0s.2025.144322 714 AR5

+

\
Y


https://doi.org/10.12677/mos.2025.144322
https://doi.org/10.1109/tbdata.2020.2973141
https://doi.org/10.1016/j.eswa.2021.115482
https://doi.org/10.1145/3543507.3583206
https://doi.org/10.1016/j.ipm.2021.102646
https://doi.org/10.1109/tkde.2020.3016732
https://doi.org/10.1109/tii.2019.2896634
https://doi.org/10.1145/3304112.3325606
https://doi.org/10.24963/ijcai.2019/191
https://doi.org/10.1016/j.ins.2019.10.004
https://doi.org/10.1371/journal.pone.0273486

RO

[13]

[14]

[15]

[16]
[17]
(18]
[19]

[20]

[21]

[22]
[23]
[24]
[25]
[26]

[27]
[28]

Balance in Parallel Matrix Factorization for Recommender Systems. IEEE Transactions on Computers, 70, 789-802.
https://doi.org/10.1109/tc.2020.2997051

Liu, X., Ho, C., Zheng, S. and Yuan, S. (2019) Comprehensive Evaluation of Large-Scale Parallel Matrix Factorization
Algorithms. 2019 IEEE 21st International Conference on High Performance Computing and Communications; IEEE
17th International Conference on Smart City; IEEE 5th International Conference on Data Science and Systems
(HPCC/SmartCity/DSS), Zhangjiajie, 10-12 August 2019, 811-818.
https://doi.org/10.1109/hpcc/smartcity/dss.2019.00119

Chin, W., Zhuang, Y., Juan, Y. and Lin, C. (2015) A Fast Parallel Stochastic Gradient Method for Matrix Factorization
in Shared Memory Systems. ACM Transactions on Intelligent Systems and Technology, 6, 1-24.
https://doi.org/10.1145/2668133

Yu, H., Hsieh, C., Si, S. and Dhillon, I. (2012) Scalable Coordinate Descent Approaches to Parallel Matrix Factorization
for Recommender Systems. 2012 IEEE 12th International Conference on Data Mining, Brussels, 10-13 December 2012,
765-774. https://doi.org/10.1109/icdm.2012.168

Lee, H. and Kim, Y. (2020) Stochastic Gradient Descent for Matrix Completion: Hybrid Parallelization. Concurrency
and Computation: Practice and Experience, 32, e5662.

Li, Q., Xiong, D. and Shang, M. (2022) Adjusted Stochastic Gradient Descent for Latent Factor Analysis. Information
Sciences, 588, 196-213. https://doi.org/10.1016/j.ins.2021.12.065

Chen, J. and Wang, L. (2020) Parallel Fractional Stochastic Gradient Descent with Adaptive Learning. IEEE Transac-
tions on Neural Networks and Learning Systems, 31, 4053-4065.

Liu, Y., Wang, S,. Li, X., et al. (2024) A Meta-Adversarial Framework for Cross-Domain Cold-Start Recommendation.
Data Science and Engineering, 9, 238-249.

Zhang, C., Yang, Y., Zhou, W. and Zhang, S. (2022) Distributed Bayesian Matrix Decomposition for Big Data Mining
and Clustering. IEEE Transactions on Knowledge and Data Engineering, 34, 3701-3713.
https://doi.org/10.1109/tkde.2020.3029582

Hansel, A.C., Adrianus, Pradana, L., Suganda, A., Girsang, and Nugroho, A. (2022) Optimized LightGCN for Music
Recommendation Satisfaction. 2022 6th International Conference on Information Technology, Information Systems and
Electrical Engineering (ICITISEE), Yogyakarta, 13-14 December 2022, 449-454.
https://doi.org/10.1109/icitisee57756.2022.10057831

Wu, J., Wang, X., Feng, F., He, X., Chen, L., Lian, J., etal. (2021) Self-Supervised Graph Learning for Recommendation.
Proceedings of the 44th International ACM SIGIR Conference on Research and Development in Information Retrieval,
11-15 July 2021, 726-735. https://doi.org/10.1145/3404835.3462862

7. T RS R ML 5 R IR S HERE R L 0], TLEE R, 2023, 41(4): 788-793.

Su, Z., Lin, Z., Ai, J. and Li, H. (2021) Rating Prediction in Recommender Systems Based on User Behavior Probability
and Complex Network Modeling. IEEE Access, 9, 30739-30749. https://doi.org/10.1109/access.2021.3060016
Newman, M.E.J. (2004) Fast Algorithm for Detecting Community Structure in Networks. Physical Review E, 69, Article
ID: 066133. https://doi.org/10.1103/physreve.69.066133

Blondel, V., Guillaume, J.L. and Lambiotte, R. (2023) Fast Unfolding of Communities in Large Networks: 15 Years
Later. arXiv:2311.06047. https://arxiv.org/abs/2311.06047

Fl g, YFRRLT. Louvain kS K ¥(E RE LI AT 7T [0]. S A E R 411, 2022, 38(5): 780-790.

Xu, S., Zhuang, H., Sun, F., Wang, S., Wu, T. and Dong, J. (2021) Recommendation Algorithm of Probabilistic Matrix
Factorization Based on Directed Trust. Computers & Electrical Engineering, 93, Article 1D: 107206.
https://doi.org/10.1016/j.compeleceng.2021.107206

DOI: 10.12677/mo0s.2025.144322 715

e
dr
:_[
m


https://doi.org/10.12677/mos.2025.144322
https://doi.org/10.1109/tc.2020.2997051
https://doi.org/10.1109/hpcc/smartcity/dss.2019.00119
https://doi.org/10.1145/2668133
https://doi.org/10.1109/icdm.2012.168
https://doi.org/10.1016/j.ins.2021.12.065
https://doi.org/10.1109/tkde.2020.3029582
https://doi.org/10.1109/icitisee57756.2022.10057831
https://doi.org/10.1145/3404835.3462862
https://doi.org/10.1109/access.2021.3060016
https://doi.org/10.1103/physreve.69.066133
https://arxiv.org/abs/2311.06047.
https://doi.org/10.1016/j.compeleceng.2021.107206

	融合网络社团特征与矩阵分解的推荐算法
	摘  要
	关键词
	Recommendation Algorithm Based on Fast Parallel Stochastic Gradient Descent Matrix Factorization and User Similarity Network Community Features
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	3. 模型
	3.1. 问题定义
	3.2. 算法整体结构
	3.3. 基于用户相似性的社团网络发现方法
	3.3.1. 构建用户相似性网络
	3.3.2. Louvain社团发现
	3.3.3. 数据补偿模块

	3.4. 基于用户相似性网络社团划分的快速并行矩阵分解模型
	3.5. 评分预测

	4. 实验设计
	4.1. 数据集
	4.2. 对比算法
	4.3. 时间性能分析
	4.4. 误差分析
	4.5. 准确性分析
	4.6. 参数分析

	5. 总结
	基金项目
	参考文献

