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Abstract Massive data are produced with the development of information technology. Clustering can help to discover
the intrinsic links of data and extract valuable information from them. In data analyzing,it is easy to get some back-
ground knowledge about data. Using these limited prior information to guide clustering can significantly improve the
clustering results. The semi-supervised clustering based on Hidden Markov Random Fields (HMRF) uses pairwise con-
straints as the supervision information. Although it has good clustering results in many applications.its time and space
complexity are very high, which cannot meet the needs of large-scale data processing. To solve this problem, this paper
first analyzed the mathematical relationship between HMRF semi-supervised clustering and kernel A-means, and used
matrix trace to unify the objective functions of the two clustering methods. In order to reduce the complexity of HMRF
semi-supervised clustering,this paper proposed a HMRF semi-supervised approximate kernel k-means algorithm (HM-
RF-AKKM) ,which constructs an approximate kernel matrix by sampling.and used the approximate kernel k-means to
optimize the clustering objective function. Finally,the HMRF-AKKM algorithm was compared with the related cluste-
ring algorithms on several benchmark datasets and the clustering performances of different algorithms were analyzed in
the experiments. The experimental results show that the HMRF-AKKM algorithm has similar clustering quality to the
original HMRF semi-supervised clustering on the same clustering task, but the HMRF-AKKM algorithm has shorter
clustering time. This indicates that the HMRF-AKKM algorithm inherits the advantages of HMRF semi-supervised
clustering and approximate kernel k-means. On the one hand, HMRF-AKKM can make full use of pairwise constraints
to achieve high clustering quality. On the other hand,it improves the clustering efficiency by sampling and matrix ap-

proximation. Moreover, the clustering quality and clustering efficiency can be balanced by adjusting the sampling ratio
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and the number of pairwise constraints. Therefore, the proposed HMRF-AKKM algorithm has good scalability and it is

suitable for the clustering problems of large-scale nonlinear data.
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Table 1 Benchmark datasets used in experiments
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B Jm 8 e A0 » B O 7E G A LA s 4 B SRR i HM-
RF-ASC fl HMRF-AKKM %%,

# 2 BFIEAERREUE S 1Y CRI 845
Table 2 CRI of algorithms on different datasets

o5 X HAEE

AN # Twonorm USPS Letter Recognition MNIST Skin Segmentation

50 0.9522(£0.0018) 0.6324(40.0035) 0.9268(40.0028) 0.5178(+£0.0153) 0.5011(£0.0031)

100 0.9542(=£0.0015) 0.6395(£0.0042) 0.9292(£0.0016) 0.5408(=£0.0188) 0.5029(=£0.0017)

AWKK-SC 200 0.9584(+£0.0006) 0.6541(40.,0031) 0.9295(40.0020) 0.5646(+£0.0299) 0.5042(+£0.0026)
400 0.9591(+£0.0012) 0.6679(40.0028) 0.9307(40.0055) 0.6430(+£0.0187) 0.5064(£0.0020)

800 0.9594(=£0.0005) 0.6837(+£0.0022) 0.9344(=£0.0038) 0.6727(£0.0129) 0.5098(=£0.0005)

50 0.9526(£0.0007) 0.7619(40.0046) 0.7837(40.0109) 0.8771(+£0.0061) 0.5043(+£0.0029)

100 0.9573(£0.0004) 0.7738(40.0033) 0.8212(£0.0087) 0.8820(+£0.0013) 0.5113(£0.0010)

Cop-Kmeans 200 0.9581(=£0.0014) 0.7795(£0.0037) 0.8706(=40.0069) 0.8833(£0.0059) 0.5122(+0.0031)
400 0.9624(+£0.0018) 0.7864(40.0026) 0.9038(40,0050) 0.8837(£0.0040) 0.5141(+£0.0015)

800 0.9635(+0.0015) 0.7953(40.0031) 0.9243(40,0086) 0.8862(£0.0051) 0.5173(+£0.0016)

50 0.9515(£0.0019) 0.7842(+£0.0042) 0.9302(=40.0092) 0.8896(+0.0027) 0.5406(=£0.0012)

100 0.9544(+£0.0015) 0.7916(40.0038) 0.9349(40,0074) 0.8924(+£0.0044) 0.5427(£0.0007)

HMRF-ASC 200 0.9582(+£0.0008) 0.8231(40.0025) 0.9368(40.,0020) 0.9167(+£0.0031) 0.5498(+£0.0027)
400 0.9605(=£0.0010) 0.8472(+£0.0021) 0.9387(=£0.0019) 0.9358(=£0.0023) 0.5529(=£0.0006)

800 0.9610(+£0.0013) 0.8585(40.0017) 0.9420(40.0047) 0.9587(+0.0040) 0.5544(+£0.0016)

50 0.9554(+£0.0005) 0.8428(40.0057) 0.9294(40,0044) 0.8809(+0.0043) 0.5485(+£0.0017)

100 0.9564(+£0.0017) 0.8476(40.0049) 0.9334(=£0.0017) 0.8858(+0.0063) 0.5486(+0.0024)

HMRF-AKKM 200 0.9577(+£0.0005) 0.8536(40.0051) 0.9353(40.0018) 0.8877(+£0.0053) 0.5541(+£0.0023)
400 0.9579(+£0.0008) 0.8591(40.0064) 0.9372(40,0016) 0.8895(+0.0014) 0.5543(+£0.0019)

800 0.9595(+£0.0016) 0.8667(+0.0044) 0.9386(=£0.0025) 0.8978(+0.0037) 0.5631(+£0.0026)

HMRF-ASC 5 % 8 37 78 2 Wi Graph cut H A5 oA 3%

it b, IF 6 A AL A% k-means 5 G 4L B BR R, B TE
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Letter Recognition 1 MNIST ¥4 4 - & B 4F . Br#2
B HMRF-AKKM % ¥k 0] DL %5 4 #b 40 B USPS 1 Skin
Segmentation #( 4 % . 1M H & £ Twonorm A1 Letter Recog-
nition £ #5 8 F YRR M5 HMRF-ASC H k45235, 31 W]
i FH 3T B 4% k-means 53 SR i HMRF 2 W58 5 2% ) L J2:
R .

& 3 % L T A AR AR N R B A 1 R 2 0 O B e e
S v X B AWKK-SC, Cop-Kmeans, HMRF-ASC #1
HMRF-AKKM #8Jg T4 73 R R, e TRl i 2 57 3%
AW RSN €TINS I i 0 < L N L U = IR e G 2 54
PR, 2 3 AP Ay B U L S R 43 2 IR 2R B vk A 3R 2 et i)
A S A BORM R R AR BB VTG, FEAR B KR,
AR BO £ LI SR R R R X LA
o, Cop-Kmeans 1z 17 3 & &t . A B 2T k-means &k,

AN A 3 % %R P, P LA BE 7E B4 Y i [H) P 19 3 SR 2R 45 R
AWKK-SC {# FH ¥ AN AL #% k-means F 4L Graph cut 5 B
s R, 75 T R R G BN A R AR SV 22 AT A R L L
i 3 2ok ST A R B 8 S BE KSR . HMRF-ASC &
HAE AWKK-SC £l 5] AT X 293, 78 Bk % AU AT 8 25
oz A I 46 IEB0HE s % A2 0 O & L A8 B AT IR] B 3 2 must-link
A cannot-link 2514 KRR B AR AT DLk KRG B L (0
KN T R A, R H R 7E Letter Recognition, MNIST,
Skin Segmentation iX 240 & | 7 X 4 () 5 Ps 4 1, A R
B REAS B BN 3] 500~1000 A, HMRE-ASC f) 30 % £ B i [
f&. 5 HMRE-ASC # H , HMRF-AKKM 5% ¥ it F1 3 B A% &-
means M AE VT RIINAL R k-means S CL B AR B8, AT E N
B EE ST BARCE , JIT LA AT DL 7E B 1 1) P 8 R R 28 AT

3 SRRV AE 1 B 2L )
Table 3 Clustering time of algorithms on different datasets
CHf 2 )
o A% Twonorm  USPS Letter MNIST Skin -
Recognition Segmentation

50 0.152 1.425 10. 025 16. 891 13.916

100 0.166 1.517 14.971 18.120 22.098

AWKK-SC 200 0.271 2. 346 18.073 21.077 44,287
400 0.711 3.259 21.435 29. 343 66. 383

800 2.230 5.034 25.762 45.258 117.881

50 0.293 2.168 1. 657 25.908 6.339

100 0.334 2.872 2.646 34.605 7.170

Cop-Kmeans 200 0. 355 6.266 4.819 53.180 10. 781
400 0. 389 7.151 7.517 60.675 24.067

800 0. 481 7.923 14.416 67.733 49.710

50 1.037 1.192 23.564 14.192 14.188

100 1.920 2.343 50. 329 27.952 24.266

HMRF-ASC 200 2.262 5.687 61.209 45. 084 51.059
400 3.479 13.151 89.159 105.179 136.358
800 5.817 28.565 99. 034 228.190 331.728

50 0.234 0.928 7.920 10. 829 13.205

100 0.353 1. 644 16.113 19. 640 25.164

HMRF-AKKM 200 0.484 4.376 29.552 37.258 40.725
400 1.074 9.982 48.781 84.675 125.713
800 3.061 17.853 93.520 151.663 206.942

GREFE EMREZ RN, AMMIES B 2R R
B 38 A 3R B — 28 5 50 2 B 4 AH G 1Y S 50 L 4 g ki
must-link 3 cannot-link ZJ 5, A CHR I HMRFE 2 W8 & 2
F#% k-means WA EFBER &M T —F HMRF 2 W& i
U k-means B3k, B B BT LW N A LRI k-means
B H bR pR R I 2 HGE RO T TR E A 4B T 0, AT e
TR e T R T L A el i R SR 3 YO DA% R R AT
RN M E R ERIKESY RBKBIE R b, A&
S 2 AN B EINE T HMRE-AKKM 5 19 38 264
R IR LS AT B RS AT T X, SR
F W, HMRF-AKKM 53 7] LR 38 A% e 24 3R K it 3 48 550 9
SRR O R A AR Y i L O S SR A B
R T HMRF 2 B RIS akR . (HE ) 7 2 5, Y Xt
PP S I REAR S St B S K e SR A IS
B 24 s B AT R bR A A 24 SRR R A A R A 0 L 4
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