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NMTF-based Adaptive Algorithm for Community Detection in Complex Networks

LI Xilong,LIU Yan,JIA Mengmeng and ZHANG Zilin

School of Cybersecurity, Information Engineering University, Zhengzhou 450001, China
Abstract To address the limitations of existing non-negative matrix factorization(NMF)-based community detection methods,
such as the requirement for preset the number of communities, susceptibility to local optima,and limited model generalization, this
paper proposes Adp-NMTF,an adaptive community detection algorithm based on non-negative matrix tri-factorization(NMTF),
The algorithm incorporates a dynamic evaluation and feedback mechanism to automatically search and determine the optimal num-
ber of communities without manual intervention. It introduces graph regularization,sparsity constraints,and inter-community in-
dependence constraints to balance generalization capability and interpretability. Additionally. semi-supervised initialization and
warm-start strategies are employed to accelerate NMTF convergence and improve computational efficiency. Experimental results
demonstrate that Adp-NMTF can autonomously determine a reasonable number of communities and outperforms mainstream
baseline methods in both synthetic and real-world networks across evaluation metrics including modularity(Q) ,normalized mutual
information(NMD) ,and adjusted Rand index(ARD. Furthermore,the convergence rate of matrix factorization is significantly im-
proved.
Keywords Complex networks, Community detection, Non-negative matrix factorization, Non-negative matrix tri-factorization,
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Table 2 Parameter settings of LFR benchmark for generating
artificial networks
LFR % %t DataGroupl DataGroup2
LS & 3000 1000~5000
T d 4 4
& K & B d_max 15 15
/N H K /N C_min 50 n/50
i A B A /N C_max 100 n/20
FHEHEHP 2 2
BEBH p 0.2~0.4 0.25
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7.1.2 AEM&HELE AT HAE Adp-NMTF 7& [ 8} &+ P 8Os TR 524+ 1, B AE

SR LT 8 A>T A0 T A S I 4% KO0 L TR AR AR R A
3 FTHN . Forh 6 BRI A B AR A, 2 A TR
(¥

# 3 HIMEEIRER R

Table 3 Details of real-world network datasets

HPEE TR B A %%
Dolphins 62 159 —
Facebook 4038 8834 —
Football 115 613 12
Polbooks 105 441 3

Cornell 195 304 5

Texas 187 328 5

Washington 230 446 5
Wisconsin 265 530 5
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SCER BRI T S B IR ik AT R,

1) 3t F NMF/NMTF ¥y gt #F #5 %L, 42 & NMF'7,
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B R 2 Bk, 6 3E Adp-NMTF %F NMTF 6 58 gl 1 19 4
B T [ 3 7 A RS I

2) [ & O A R U 7 2 . AL 46 Louvain™, LPAMS AN In-
fomap™'3 A~ 2 BLAL PRI vk, 3X 2805 WL AE OB N 0T ks

EN R el ok Wi k- == N = = A Wi B R
Hod, Louvain 9% 78 ] python-louvain JESZF1, LPA & 1%
JH NetworkX JESZ#H , Infomap P8 HE 7 HESL AL,
7.3 At B4 B T Ak

ST B SRR AR Al R0 4% L SE R 4%, SR PR B
(Modularity, Q) A5 4L .15 A (Normalized Mutual Informa-
tion, NMD F i % 2 7%+ %7 ( Adjusted Rand Index, ARD 3 4>
JVZ AR R IEAR 8 B 5 % T J0 B SRR 4 R 4% SR IR B (Q)
FIF- 15 %8 B8 2 B0 (Average Silhouette Coefficient, ASC) E N ¥
Br484R . Adp-NMTF FIEL L 77 10 19 2 $ 38 4% H BOA & 50
WA E
7.3.1 SRR%ERER

TEWTALG I 4% b A7 % b g6 . 55— 21 9 4% (s L
B ARE oM ZE SRR 4 rFl, BERGSE MK, W
25 AL AT 5 4 32 W ASTRT e U X, BT A T R R BRI B 2
TR, MHREE R R, Adp NMTF 16 K £ 5015 00 R R B
. Fan, Y x=0.3 i}, Adp-NMTF # Q.NMI 1 ARI A
LRI A SNCMF 43 5l #2 T+ 17 25 2. 2% (0. 552 41 vs.
0.54066),3.5% (0. 86999 vs. 0. 834 43)Fl 9. 2% (0. 78165 vs.
0.71596) 5 41 W 2% (AR fLRIAE , [ 3E =0. 25) I &5 3 an 14l 2
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Table 4 Comparison of test results on the first set of synthetic network datasets

A& AT NMF SNMF NMTF HPNMF SNCMF  Adp-NMTF
Q 0. 60534 0.61969 0.60518  0.66631 1  0.66412 0. 66960
/FD;_ ) NMI 0.89065 0. 86860 0.81898  0.94115X  0.93706 0.94141
ARI 0.82592 0.76019 0. 68936 0.86173  0.90695  0.90886
Q 0.50936 0.52430 0.51420 0.57907  0.58237X  0.59056
#jfzs NMI 0.81479 0. 68698 0.74284 0.87735  0.88711X  0.90242
ARI 0.73277 0.50728 0.58898 0.78847  0.79712x  0.84526
Q 0.43817 0.46216 0.46931 0.52345 0.54066 X 0.55241
/233 NMI 0.76032 0.71030 0.70164 0.81361  0.83443X  0.86999
ARI 0.65084 0.54245 0.52697 0.69323 0.71596 = 0.78165
Q 0.33122 0.36998 0.37964 0.43122  0.433321  0.44265
#:1)(;135 NMI 0.61264 0.55571 0.54570 0.69107 0.69364 X 0.70524
ARI 0. 46870 0. 36550 0.34713 0.55653  0.56084X  0.56188
Q 0.22658 0.29858 0.32639 0.33494  0.352621  0.36327
/IZDJ_ A NMI 0. 44036 0.38613 0.42346  0.53694X  0.53351 0.56233
ARI 0.27634 0.18842 0.23497 0.32362 0.36240 0.36214
090
0.85
o E Q 080
2 = 0.75
070 | S\e
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065 1| 4 b
0.75 | -~ Adp-NMTF] -+ Adp-NMTF]
1000 2000 3000 4000 5000 1000 2000 3000 4000 5000 1000 2000 3000 4000 5000
Ca) S JEF (b)NMI (¢)ARI

K2 s

IS A ) 1 5 2R

Fig. 2 Test results of the second synthetic datasets
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Test results of ground-truth datasets

AP AL R 43 30 . Adp-NMTF 7 it A 6 A 8o 4 11
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Table 5 Adaptive determination of the number of communities
BIEE EcR Louvain LPA Infomap Adp-NMTF

H Ak 5 6 5 6
dolphins G E 0.51766 0.49858 0.50852 0.51868
Rk S 0.65557 0.57068 0.71049 0.71346

Ak 16 44 76 28
FaceBook M 0.73495 0.73684 0.81377 0.82995
TR R K 0.83380 0. 84095 0.77536 0.86915

3k 9 9 11 12
Football B E 0.60219 0.55092 0.60306 0.61052
Rk S 0.76131 0.63821 0.77567 0.77264

A R 6 4 5 3
polbooks H S JE 0.50258 0.48114 0.52590 0.54943
EEE Y Y 0.83844 0.77796 0.75108 0.83239

H Ak 15 24 26 24
Texas £33 0.55312 0.33895 0.534 64 0.59420
Rk 0.84871 0.84292 0.85047 0.87505

Ak 16 46 35 24
Wisconsin Bk B 0.63597 0.56727 0.59865 0.66124
RN 0. 85554 0.72434 0.82113 0.86414
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Table 6 Comparison of execution time

(s)
HPNMF SNCMF Adp-NMTF
Dolphin 0.34903 0.50996 1.22431
Facebook 156.73462 47.19032 270.35672
Football 1.31163 1.67185 4.13420
polbooks 1.42584 1.24306 1.91287
Teax 1.47259 1.11538 5.42406
Wisconsin 4.27709 1.46572 3.25610
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Fig. 4 Influence of warm-start strategy on NMTF convergence speed
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