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Probabilistic TSK Fuzzy System in the Simultaneous Learning of

Structure Identification and Parameter Optimization

GU Xiao-Qing* NI Tong-Guang® ZHANG Cong? DAI Chen-Chao? WANG Hong-Yuan'!

Abstract Most of existing Takagi-Sugeno-Kang (TSK) fuzzy systems identify their structure and estimate an-
tecedent/consequent parameter of rules in a stepwise manner. In addition, the number of fuzzy rules generally has
to be decided manually. Therefore, the performance and interpretability of TSK fuzzy systems are often not satisfactory.
In order to overcome these shortcomings, in this paper, a novel probabilistic TSK fuzzy system called probabilistic TSK
fuzzy system (PTSK) is constructed from the perspective of probabilistic model. Firstly, PTSK uses a likelihood prob-
ability to characterize fuzzy regression tasks, while considering structure identification and parameter optimization as a
whole. Secondly, without any prior expert experience, PTSK adopts a particle filter method to simultaneously learn the
number of rules and antecedent/consequent parameter of fuzzy rules. According to the experimental results on several

datasets, PTSK obtains good approximation performance and a relatively small number of fuzzy rules.
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Table 1  The common learning methods for the antecedent/consequent parameters in the clustering based
TSK fuzzy system
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Fig.1 The diagram of simultaneous learning of structure identification and parameter optimization in PTSK
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Table 2  Basic information of datasets
Hputk FA YEx HpEtk R Y
abalone 4177 8 ge-x 56 000 6
anacalt 4052 7 ge-p 56 000 6
autompg6 392 housing 506 13
autompg8 392 7 mexihat 2500 2
bodyfat 252 14 mg 1385 6
compactiv 8192 21 mortgage 1049 15
concrete 1030 8 plastic 1650 2
dee 365 6 pole 14998 26
delta-ail 7129 5 puma32h 8192 32
delta-elv 9517 6 quake 2178
diabert 43 2 stock 950
elevators 16 599 18 treasury 1049 15
friedman 1200 5 wankara 1609 9
gc-s 56 000 6 wizmir 1461 9
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LI LR T PTSK 54k 7 Fp a3 5E7E 28
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TR 30 [ R A 2R DX 3 PR A, PRI L2-T'SK-
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Table 3  Parameter setting
ik ZHRE
L2-TSK-FS it K € {22,32,... 112}, RESH h € {0.22,0.42, .- 22}, BEE m = 2, IEWES 5 C € {24,20,--- |27}
TSK-IRL-R IR RO /NSRS = 1.5, FREFE = 61, 28 XUER = 0.1, ALl =0.2.
MOGUL-R IERFEARICHC S 24 = 0.05, FEFEARM ARVFHBIZE = 1.5, iGN R HUR/MCHE = 0.1, Fiitd = 15.
B-ZTSK-FS BORALEL K € {22,32,--- ,112}, NJES% h € {0.22,0.42, - |22}, BHIEES m = 2, BAIw & 2% = 1000.
WM PR = 5.
ENSEMBLE Faj24 = 2, R4 S3 = 15, &% = 0.15, ZimFRE = 0.1, £k BEM, M4 = 10.
PSVR ENHzH C € {1072,1072, -+ ,10%}, mllizi% o € {1073,1072,--- ,10%}.
PTSK BOTRE m = 2, BREARIREL 103, B e = 1073, ISURME miter = 50, #BizH 8 € {1,2,--- ,8}, Ki74 P = 10.
F4 8 PHEHEEAE 28 AN EEAE LIY MSE (F3#E2) E#L
Table 4 MSE (Standard deviation) comparison of 8 algorithms on 28 datasets
$id:  ENSEMBLE-R PSVR WM-R MOGUL-R  TSK-IRL-R  L2-TSK-FS B-ZTSK-FS PTSK
mexihat 0.0205 0.0222 0.0219 0.0207 0.0231 0.0226 0.0239 0.0204
1.004x1073  1.023x1073  1.011x1073 1.025x1073 1.017x10~3 1.003x10~3 1.020x10~3 1.001x103
abalone 4.1738 5.0107 6.6225 4.7323 5.8258 5.1987 4.1186 4.0810
0.383 0.376 0.301 0.273 0.326 0.298 0.213 0.196
anacalt 0.0531 0.0478 0.0595 0.0521 0.0829 0.0542 0.0496 0.0435
1.452x1073  1.023x1073  4.520x1073 1.102x1073 4.239x1073 2.358x10~3 2.102x103 1.404x1073
autompg6 11.8797 11.8827 13.3320 14.1473 8.2574 13.6705 12.3298 11.0676
4.831 2.681 1.821 8.553 1.325 1.964 1.759 1.553
autompg8 8.6182 8.2351 8.7713 9.6884 6.6799 9.9872 8.8537 8.2122
1.131 1.756 1.098 1.205 0.975 1.210 1.026 1.003
bodyfat 5.1200x10~* 2.0201 x 10~* 5.8424x10~% 9.9749x10~* 4.4523x10~% 5.2704x107%5.0125x10~* 3.4402x10~*
1.711x10~%  2.310x1075  6.418x10~° 6.528x107° 3.245x10~° 4.718x10~% 3.610x10-° 2.036x10~°
compactiv.  34.8932 37.6408 35.7480 37.1190 37.4625 39.6401 38.3607 36.8515
4.544 5.008 4.646 5.121 4.673 4.786 4.145 4.006
concrete 52.6524 50.5003 56.2245 55.1906 58.2542 58.8612 55.8678 50.5285
3.535 4.388 6.541 3.325 3.875 3.764 3.757 3.400
dee 0.2524 0.2627 0.2296 0.3034 0.6920 0.2956 0.2765 0.2294
0.024 0.032 0.086 0.184 0.085 0.030 0.027 0.021
delta-elv  2.7764x1076 2.2719x107¢ 3.3007x10~% 3.5924x10~¢ 1.9863 x 106 4.3942x 106 3.5075x10~¢ 2.1432x10~6
6.892x1077  5.231x10~7  3.390x107 6.743x10~7 4.721x10"7 5.432x10~7 5.121x10~7 3.976x10~ "
delta-ail  3.5813x10~8 3.5842x107% 5.7242x1078 3.6223x107% 2.9804x10~% 3.7946x1078 5.1313x10~% 2.7236 x 108
2.017x107°?  4.654x107°  8.523x107° 7.487x10~° 6.754x107° 5.987x10~° 6.000x10~° 3.003x10~?
diabert 0.4932 0.5785 0.7266 0.6225 0.9208 1.1231 0.7334 0.4883
0.259 0.236 0.699 0.354 0.435 0.500 0.465 0.398
elevator  2.5947x10~% 2.5398x10~* 2.3237 x 1072 5.6023x10~% 5.7413x10~* 7.6498x10~* 6.5429x10~* 5.5531x10~*
2.646x107°  1.658x107%  1.765x107° 2.991x10~° 3.102x107° 3.832x107° 3.801x10~% 3.124x10°°
friedman 2.7852 2.2769 3.1595 2.1445 3.0082 3.0603 2.4206 2.1408
0.352 0.615 0.371 0.201 0.308 0.312 0.311 0.353
gc-s 0.5734 0.6024 0.4216 0.5015 0.2601 0.3267 0.2602 0.2304
0.064 0.078 0.060 0.078 0.012 0.038 0.014 0.010
ge-x 4.6492x1073  4.9121x10~3  4.8530x10~3 4.8000x10~3 3.5912x10~3 3.8955x10~3 3.4279x 10~ 3.2687 x 10~*
3.042x107°%  3.550x107%  3.706x107° 3.743x10~° 3.001x107° 3.330x10~° 3.328x10~% 2.004x10~3
gc-p 0.0826 0.0980 0.0900 0.0900 0.0807 0.0856 0.0754 0.0717
2.998x1073  3.005x10~3  3.071x1073 3.026x10~3 3.053x10~3 3.251x10~3 3.117x10~3 3.010x10~3
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Table 4 MSE (Standard deviation) comparison of 8 algorithms on 28 datasets (Continued table)

%4tk ENSEMBLE-R PSVR WM-R MOGUL-R TSK-IRL-R L2-TSK-FS B-ZTSK-FS PTSK
housing 29.6062 33.7403 34.8514 30.4763 34.9782 37.5164 34.0108 33.0672
6.899 7.041 6.948 6.389 5.839 5.214 5.317 5.215
mg 0.0203 0.0214 0.0179 0.0163 0.0166 0.0188 0.0176 0.0157
1.873x1073 1.431x1073%  1.351x1073 1.572x107% 1.313x107* 1.082x10~3 1.277x107% 1.139x10~3
mortgage 0.0843 0.0448 0.0925 0.6160 0.0881 0.0589 0.0409 0.0407
3.985%x1073 2.751x1073%  3.618x1072 1.916x1072 2.936x107% 2.643x107% 2.603x10~3 2.517x1073
plastic 2.6657 2.3495 2.3646 2.3735 2.8642 2.9098 2.8477 2.2153
0.401 0.098 0.446 0.110 0.100 0.218 0.231 0.200
pole 206.5032 203.5998 229.1911 207.0983 233.7895 225.5987 216.9002 200.9751
4.167 5.531 6.258 4.003 5.638 4.980 4.678 4.236

puma 6.2417x1073 2.3405 x 102 4.6104x1073 5.8963x10~3 4.3104x1073 4.7403x1073 4.7612x10~3 3.7208x10~3
7.835%x107¢ 7.230x107%  7.200x107°¢ 7.737x107% 6.875x107% 6.943x107°¢ 7.032x107¢ 7.053x1076

quake 0.0591 0.0350 0.0538 0.0371 0.0461 0.0570 0.0532 0.0356
4.752x1073 1.995x1073  6.863x1073 2.700x107% 3.286x1073 3.274x10~3 2.863x1073 2.965x10~3

stock 1.5008 1.1681 1.3863 1.6803 1.5430 1.6518 1.7626 1.1938
0.321 0.477 0.459 0.287 0.300 0.348 0.372 0.265

treasury 0.4287 0.4562 0.4199 0.5553 0.5421 0.4198 0.4568 0.4124
0.102 0.021 0.122 0.099 0.078 0.063 0.067 0.066

wankara 1.6955 2.0040 2.6569 2.8312 2.7434 1.8889 1.7313 1.6096
0.409 0.143 0.588 0.164 0.296 0.302 0.228 0.199

wizmir 2.1475 1.6275 2.2321 2.2404 2.3343 1.9649 1.9772 1.5245
0.467 0.146 0.502 0.161 0.278 0.222 0.234 0.211

R5 8 FELRAE 28 DNEHRLE LT IYIZRISTA] (s) HOLEEL

Table 5 Comparison of the average training time (s) of 8 algorithms on 28 datasets

piEiE S ENSEMBLE-R PSVR WM-R MOGUL-R TSK-IRL-R L2-TSK-FS B-ZTSK-FS PTSK
mexihat 18.82 5.03 20.36 50.14 160.23 4.25 90.23 70.18
abalone 21.31 3.00 28.22 5238.68 7192.52 3.17 51.89 40.35
anacalt 36.94 2.31 27.58 1006.54 60.48 2.45 22.31 18.96
autompg6 8.38 1.37 7.14 320.26 70.69 1.89 8.15 6.38
autompg8 8.55 1.55 8.01 309.65 392.45 1.81 20.64 9.10
bodyfat 7.10 0.65 7.71 420.68 856.98 0.52 6.69 5.98
compactiv 44.88 28.38 98.39 4124.81 4792.17 30.34 729.93 640.63
concrete 30.95 5.01 41.30 1100.41 8649.22 5.33 72.66 41.80
dee 10.43 0.36 9.31 30.82 89.47 0.93 9.39 5.61
delta-elv 29.47 3.56 35.72 965.03 7536.12 3.88 79.38 51.69
delta-ail 30.10 5.78 27.26 1167.60 2546.60 6.06 109.63 69.61
diabert 7.81 0.45 3.64 24.10 16.935 0.43 1.96 1.74
elevator 186.64 30.07 181.18 3508.54 3286.65 100.64 828.80 559.20
friedman 53.26 2.81 47.96 124.85 1003.47 2.95 68.036 31.47
gc-s 245.27 79.34 268.96 3976.33 4024.20 79.11 964.45 520.76
ge-x 252.85 78.02 270.82 4034.87 4035.65 78.00 968.02 518.32
gc-p 248.38 80.13 268.40 3956.67 4020.55 80.05 966.27 523.44
housing 20.37 3.87 13.86 398.50 445.20 4.12 75.82 47.83
mg 32.54 3.25 23.54 786.92 765.32 3.56 60.43 23.67
mortgage 20.15 3.88 22.16 1039.27 1238.48 4.02 68.26 57.20
plastic 22.74 4.79 23.58 305.20 268.09 5.07 120.3 78.64
pole 96.36 40.86 720.44 6290.63 8533.63 42.75 1075.56 713.70
puma 40.58 30.05 130.83 4903.38 4893.30 32.70 1073.12 796.57
quake 28.57 2.54 19.80 360.25 400.39 2.97 63.92 18.48
stock 19.43 3.50 25.32 1490.34 2175.56 3.89 78.46 22.46
treasury 19.45 5.83 18.21 1202.40 2543.82 6.02 117.20 78.30
wankara 28.76 4.38 27.33 2009.35 2464.50 4.85 164.64 79.43

wizmir 19.29 4.02 16.36 1344.52 2032.38 4.21 100.28 70.35
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Table 6 Comparison of the average number of fuzzy rules of six TSK fuzzy systems on 28 datasets
gk WM-R MOGUL-R TSK-IRL-R L2-TSK-FS B-ZTSK-FS PTSK
mexihat 8.8 10.4 28.2 6.8 6.6 4.2
abalone 217.6 114.4 6434.0 16.0 9.0 6.0
anacalt 124.6 313.6 185.4 16.0 25.0 4.8
autompg6 117.0 81.2 786.0 36.0 36.0 18.2
autompg8 182.0 380.0 2658.0 36.0 25.0 6.6
bodyfat 190.6 101.2 1715.2 9.0 6.0 3.2
compactiv 1599.6 536.2 2097.0 25.0 16.0 11.0
concrete 309.2 360.4 1497.2 49.0 36.0 8.6
dee 161.4 112.2 3051.4 36.0 36.0 34.6
delta-elv 708.8 220.6 6510.0 36.0 25.0 5.8
delta-ail 241.8 104.6 1476.6 25.0 36.0 8.8
diabert 16.4 32.8 22.8 25.0 16.0 8.4
elevator 4286.7 801.0 191 25.0 25.0 23.8
friedman 767.8 432.2 3043.2 25.0 16.0 6.6
ge-s 62.8 40.2 226.2 16.0 9.0 6.4
ge-x 60.8 43.2 220.8 16.0 9.0 6.2
ge-p 61.4 40.0 218.8 16.0 9.0 6.4
housing 291.2 288.4 2673.0 49.0 49.0 40.0
mg 240.0 175.0 3887.0 9.0 9.0 5.4
mortgage 198.2 62.8 122.6 25.0 16.0 14.4
plastic 14.8 97.4 87.8 49.0 25.0 21.4
pole 3228.8 100.2 1775.0 36.0 36.0 23.4
puma 6553.4 188.0 3221.0 81.0 64.0 60.8
quake 54.2 173.4 985.8 36.0 25.0 29.0
stock 264.8 80.6 578 36.0 36.0 8.6
treasury 197.2 63.6 70.0 49.0 36.0 35.6
wankara 458.6 127.8 836.0 25.0 25.0 22.0
wizmir 413.8 119.3 189.4 36.0 25.0 25.0
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(a) Original dataset
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(b) Experimental result of PTSK
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Fig.2 Experimental results of PTSK on mexihat dataset
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Fig.3 Fuzzy sets obtained by PTSK on mexihat dataset
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3.3.2 ESHEE

AN AE S EOR 5 T 1) Friedman A5 56 1
Holm post-hoc 5K 734 8 FhiLAE 28 /AN
£ F MSE G B R, Wi K
a = 0.05. Friedman %2 —F R RSN 24
AR A R AR B3 2 R HES R KR Tk, K
5 B8 T 8 FiILAE Friedman #1 % I Friedman #k
SR, S R AT W PTSK it R4 (e
25 MR FIAT T RS R

% 7 mexihat, elevators, bodyfat Fll wizmir £#E4E b B S HBURME L5

Table 7 Sensitivity experiments of parameter 8 on mexihat, elevators, bodyfat and wizmir datasets

Datasets s=1 B=2 B=3 p=4 B=5 B=6 B="T B=8
mexihat MSE 0.0367 0.0304 0.0257 0.0222 0.0204 0.0213 0.0248 0.0248
Rules 10.4 8.6 6.6 5.2 4.0 3.8 3.6 3.6

elevators MSE 5.9476x10~* 5.5531x107* 5.6307x10~* 5.6948x10~* 5.6281x10~* 5.5845x10~* 6.0934x10~* 6.4256x10~*

Rules 24.4 23.8 22.6

21.2 20.8 20.2 18.4 16.6

bodyfat MSE 3.4876x10~* 3.5512x10~* 3.4402x10~* 3.6802x10~* 3.9823x10~* 3.8963x10~* 3.9027x10~* 3.9216x10~*

Rules 3.5 3.0 3.2
MSE 1.7657 1.7606
Rules 28.2 28.0 26.0

1.6435

wizmir

1.5245

3.0 2.8 2.6 2.6 2.6
1.5288 1.7578 1.9244 2.0864
25.0 25.0 22.6 20.8 19.8
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Fig.5 Friedman results of eight algorithms
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% 8 Holm post-hoc 5645 F
Table 8 Holm post-hoc results

Algorithm z P Holm = a/i Hypothesis

L2-TSK-FS 6.9284 0 7.143x107%  Rejected
WM-R 5.7555 0 8.333x107%  Rejected
MOGUL-R 5.5918 0 0.0100 Rejected
TSK-IRL-R 5.4009 0 0.0125 Rejected
B-ZTSK-FS  5.0190 1.0x10-¢ 0.0167 Rejected
ENSEMBLE-R 3.8461 1.2x10°° 0.0250 Rejected
PSVR 3.2460  0.00117 0.0500 Rejected
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