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The restricted Boltzmann machine fuses picture fuzzy information

HUANG Xiaoke', LIU Haitao'?, WANG Peizhuang\2

(1. College of Science, Liaoning Technical University, Fuxin 12300, China; 2. Institute of Intelligence Engineering and Mathematics,

Liaoning Technical University, Fuxin 123000, China)

Abstract: To solve the problem of insufficient representation ability of the restricted Boltzmann machine (RBM), a nov-
el RBM model incorporating picture fuzzy information is proposed. First, the exact value parameter that limits the learn-
ing ability of the classical RBM is extended by the picture fuzzy numbers, which allow a multidimensional representa-
tion of information. Second, combined with the idea of precision function, the picture fuzzy free energy function is de-
fuzzified, and then a new optimization target and learning algorithm are constructed. Finally, based on the multi-per-
spective comparative analysis using multiple benchmark datasets, it is demonstrated that the new model can effectively
improve the representation and generalization capabilities of the classical model as well as various extended versions.

Keywords: deep learning; picture fuzzy numbers; restricted Boltzmann machine; picture fuzzy free energy function; ac-

curacy function; defuzzify; contrastive divergence; reconstruction error
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Table 1 Datasets for experiment

PGS LIE S SR v S S el ¢
MNISTE 60 000 10000 784 10
FashionMNIST®” 60 000 10 000 784 10
EMNIST letters!?*] 88800 14 800 784 37
EMNIST digits™ 240 000 40 000 784 10
Kuzushiji-MNIST® 50000 10 000 784 10
notMNISTE" 60000 10000 784 10
Cifar 1081 50000 10000 3072 10
Persian HDP?! 100 000 50 000 784 10
Devanagari®®®! 17000 3000 784 10

32 EWIREEXIE
3.2.1 EMERAT

V4 FE A I )RR AR B R A e R A i = D 1)
P 2 FRAE B 152 2 5420, B AT LA e A AR ) 2% )
A8 71, DR DA R A o X 45 PR RY AT 94 .
Je, A B B0 4 B9 I k4R R AT 0 W B I 4%,
X LU 25 AP AR () B A R 22 o [RTESE, Ay o A Rl AL 1
PSR, B A R AE B B 4 T s AT 10 IR
SRR IR A R . BRUZSRIT 5 1000,
800, 500, 300, Z5 53U 2 frw .

x2 TERERATTREBENFEHEMIRE
Table 2 Average reconstruction errors of each model under different hidden units
(SRS G €/ S RBM FRBM  FRBM-STFN FRBM-ATFN  F3RBM  IT2FRBM  PicFRBM
MNIST 61.36+0.04 51.42+0.03  50.61+0.03 71.96+0.97  52.32+0.31 51.06+0.03 47.05+0.03
FaMNIST  79.19+0.09 72.43+0.13  72.63+0.10 92.73+543  77.65+1.15 72.82+£0.11 66.66+0.06
1000 KMNIST  88.20+0.09 77.94+0.34  73.13+0.12 83.05+0.21 79.81£2.48 73.45+0.06 66.98+0.04
notMNIST  89.54+0.19 78.65+0.34  74.07+0.07 90.30+0.83  94.35+0.92 73.99+£0.06 63.72+0.05
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HgR2

Sy NTve| G € S RBM FRBM  FRBM-STFN FRBM-ATFN  F3RBM IT2FRBM  PicFRBM

Cifar_10  150.55+0.08 128.13£0.06 196.15+0.55 240.49+4.61 223.81+3.59 195.22+0.60  132.7+0.02
1000 Persian HD  37.72+0.01  40.29+0.05  45.44+0.11 53.03+1.12  40.58+0.07 45.35+0.12  35.09+0.02
Devanagari  43.86+£0.14  54.48+0.15  36.82+0.11 43.76+£2.15  68.35£0.12 36.90+0.12  30.39+0.03

MNIST 61.61+0.03  51.37+0.02  50.69+0.03 67.15+1.68  51.78+0.09  50.85+0.02  47.36+0.03

FaMNIST  79.33+0.08  72.60+0.09  72.62+0.18 84.08+2.81 76.69+0.48  72.85+0.18  67.13+£0.06

KMNIST 89.13£0.06  78.17+0.34  74.09+0.07 83.69+0.41 79.53+0.06  74.36+0.06  68.01+0.04

800 notMNIST ~ 91.08+0.13  80.55+0.64  76.04+0.04 86.30+£0.30  97.11+0.14  77.78+0.13  65.93+0.06
Cifar 10  149.51+0.07 129.25+0.01 195.64+0.32 241.43+4.30 223.97+2.04 196.00+0.22  135.6+0.04

Persian HD  39.39+0.02  40.82+0.06  44.16+0.12 55.13+1.54  40.99+0.08 44.11+0.11  37.14+0.03
Devanagari  44.33+£0.16  56.62+0.23  37.16+0.13 47.11£1.25  76.89£0.30 37.36+0.14  31.63+0.02

MNIST 62.72+0.03  51.81+0.06  51.83%0.06 71.84+1.00  51.94+0.05 51.97+0.07 48.38+0.03

FaMNIST  79.65+0.09  71.58+0.12  73.83+0.14 81.43+£1.04  79.85+0.25 73.87+0.15  68.08+0.04

KMNIST 93.02+0.11  80.09+0.43  78.07+0.08 98.04+1.50  79.33+£0.19  78.03+0.09  72.46+0.02

500 notMNIST  96.04+0.19  85.01+£0.62  83.63+0.16 96.77+£0.78  110.25+0.68  84.14+0.12  74.09+0.05
Cifar_10  150.99+0.13 134.02+0.05 217.83+3.16 241.43+430 228.75+1.41 215.10+2.63 146.25+0.15

Persian HD  44.53+0.05 44.16+0.08  44.45+0.02 54.07+0.74  44.10£0.14 44.48+0.03  42.71+0.04
Devanagari  46.48+0.16  59.28+0.20  39.59+0.08 50.69+0.39  68.65+1.67 39.45+0.09  36.21+0.04

MNIST 64.75+0.07 53.05+0.03  54.95+0.07 79.35+£0.91 57.67+1.08  55.06+0.08 51.87+0.06

FaMNIST  81.79+0.09 73.72+0.05  75.89+0.06 97.19+1.33  77.05+£0.02  75.96+£0.07  71.21+0.05

KMNIST 99.8+0.11 85.17+0.13  87.90+0.16  123.90+1.54  87.02+0.52 87.85+0.16  83.70+0.08

300 notMNIST 103.32+0.12  90.72+0.37  96.39+0.23  107.91£1.10  139.48+0.51 96.99+0.19  89.15+0.24
Cifar_ 10  158.68+0.15 143.80+0.12 233.71x1.03  239.14+5.17 248.06+1.95 234.96+1.29 169.52+0.12

Persian HD  51.52+0.04  47.64+0.07  49.94+0.06 55.92+0.09  47.59+0.01 49.88+0.07 50.47+0.04
Devanagari  50.94+0.14 54.86+0.15  46.51£0.11  239.14+5.17  85.24+0.56 46.71+0.09  44.69+0.04
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Fig.2 Reconstruction result of each algorithm
322 EMEEIL f52 0, PicFRBM 7E 2k A A I S A iR 2 80K, B
K34 T 7 R RZE SR B 1, ek &k 6 A kA, IR Sl EEU ), AR TR
20 SRR S 2T, EAIR AU/ R (DB b6 RRIEEL, 45 R UL PicFRBM Y EE A4 2R
JREITEL 800 Ry l), WAEEZ IR A, i FRAALYE  WALTZ M RBM K530 5 LR,



%2045 O R & ¥ W +1108 »
160 180
RBM RBM
-+ FRBM -+ FRBM
140 t -=FRBM-STFN 160 -=FRBM-STFN
—~-FRBM-ATFN —-FRBM-ATFN
F3RBM
140 —-IT2FRBM

—-o-PicFRBM

220
200 | §
180 | 4

6 8 10

12 14 16 18 20

UL
(a) MNIST $#i4E

RBM
-+-FRBM
-=-FRBM-STFN
—-FRBM-ATFN

F3RBM

-o-PicFRBM

e 160 | IT2FRBM
44 160 = PicFRBM
= a0l
ﬁ
= 120
100 }
80+ 7
60 , R S S
0 2 4 6 8 10 12 14 16 18 20
R EL
(c) KMNIST #fE
140 1 RBM
4+ FRBM

IR

33

120

100 |

-=-FRBM-STFN

—~-FRBM-ATFN
F3RBM

-+ IT2FRBM

-e-PicFRBM

80
60| e v¢:¢:¢::;¢
a0}

20— e
0 2 4 6 8 10 12 14 16 18 20
AR
(e) Persian HD %44

E 3

100
80
60 — e
0 2 4 8 10 12 14 16 18 20
AR
(b) FaMNIST %i#iE
300 RBM
-+ FRBM
250 - FRBM-STFN
~~FRBM-ATFN
F3RBM
~IT2FRBM
i{ﬁzoo --PicFRBM
2
= 150
100
50 A I
2 4 6 8 10 12 14 16 18 20
PAR AL
(d) notMNIST %4t
160 RBM
140 - FRBM
—=FRBM-STFN
~-FRBM-ATFN
120 F3RBM
~IT2FRBM
’ﬁﬁloo -o-PicFRBM
R
=
b
& 80
60
40
20 A T
0 2 4 6 8 10 12 14 16 18 20
BARUAL
(f) Devanagari £ 4E

FHEMIRE TR EI

Fig.3 Comparison of the decline of average reconstruction error
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Table 3 Accuracy of seven algorithms on eight datasets

PEFT VA, RS R I

%

it RBM FRBM FRBM-STFN  FRBM-ATFN F3RBM IT2FRBM  PicFRBM
MNIST 99.58£0.01  99.66+0.01  99.70+0.01 99.62+0.02  99.63£0.02  99.69+0.09  99.71+0.01
FaMNIST 99.37£0.02  99.50£0.01  99.54+0.01 99.32+0.05 99.13+0.03  99.53+0.14  99.630.02
EMNIST-letter ~ 99.22+0.01  99.30£0.01  99.34+0.01 99.35+0.00  99.31£0.09  99.33£0.05  99.36+0.01
EMNIST-digits ~ 99.76+0.00  99.80+0.00  99.82:0.01 99.810.01 99.69+0.05  99.81£0.04  99.84:0.00
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&R3
IS RBM FRBM FRBM-STFN  FRBM-ATFN F3RBM IT2FRBM PicFRBM
KMNIST 97.48+0.05  98.06+0.05 98.21+0.02 97.90+0.10 98.13+0.02  98.18+0.26  98.31%0.03
Not-MNIST ~ 98.68+0.02  98.79+0.01 98.84+0.02 98.89+0.02 96.69+0.08  98.82+0.15  98.94:0.01
Persian HD  99.95+0.00  99.96+0.00 99.97+0.00 99.81:£0.00 99.96+0.01  99.96+0.00  99.97+0.00
Devanagari ~ 99.74+0.01  99.76+0.03 99.81+0.02 99.82+0.01 99.53+0.02  99.77£0.01  99.83+0.02

TE: IR R a2
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Table 4 Precision of seven algorithms on eight datasets %
Himse RBM FRBM FRBM-STFN  FRBM-ATFN F3RBM IT2FRBM PicFRBM
MNIST 97.91+£0.10  98.29+0.06 98.50+0.05 98.09+0.11 98.12+0.10  98.45+0.05 98.52+0.06
FaMNIST 96.81+0.11 97.48+0.10 97.69+0.06 96.55+0.29 95.62+0.12  97.67+0.07 98.15+0.11

EMNIST-letter 89.97+0.13  90.99+0.10 91.39+0.10 91.65+0.06 91.10£0.01  91.54+0.07 91.73+0.07
EMNulST-digits ~ 98.81+£0.01  99.00+0.02 99.11+0.02 99.07+0.04 98.47+0.02  99.11+0.02 99.18+0.01

KMNIST 87.63£0.26  90.42+0.27 91.12+0.11 89.61+0.50 90.25+0.10  91.03+0.10 91.66+0.16
Not-MNIST 93.41+£0.13  93.99+0.05 94.22+0.11 94.46+0.14 84.19+0.02  94.11+0.07 94.73+0.08
Persian HD 99.77+£0.16  99.81+0.17 99.84+0.01 99.81+0.13 99.82+0.01  99.82+0.004  99.83+0.11
Devanagari 98.71+£0.06  98.83+0.16 99.07+0.10 99.13+0.07 98.27+0.01  98.87+0.02 99.16+0.05
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Table 5 Recall of seven algorithms on eight datasets %
PAGI TS RBM FRBM FRBM-STFN  FRBM-ATFN F3RBM IT2FRBM  PicFRBM
MNIST 97.90£0.09  98.28+0.06  98.49+0.05 98.08:0.12 98.1120.10  98.43+0.05  98.51+0.06
FaMNIST 96.80£0.11  97.47+0.10  97.67+0.06 96.53+0.29 95.60£0.12  97.66+0.08  98.14+0.11
EMNIST-letter ~ 89.91+0.13  90.94+0.10  91.36+0.10 91.61+0.06 91.04£0.01  91.50£0.07  91.70+0.07
EMNIST-digits ~ 98.80+0.01  99.00+0.02  99.110.02 99.06+0.04 98.4740.02  99.07+0.02  99.18+0.01
KMNIST 87.4240.26  90.30+0.27  91.03+0.12 89.5120.50 90.14+0.10  90.94+0.13  91.57+0.16
Not-MNIST 93.38+0.13  93.97+0.05  94.19+0.12 94.44+0.14 83.4740.03  94.10£0.07  94.71+0.08
Persian HD 99.77+0.16  99.81+0.17  99.84+0.01 99.81+0.13 99.82+40.01  99.82+0.04  99.83+0.11
Devanagari 98.7140.06  98.82+0.16  99.06+0.10 99.13+0.07 98.26+0.01  99.87+0.02  99.16+0.06
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Table 6 F1 scores of seven algorithms on eight datasets %
LigiiE s RBM FRBM FRBM-STFN  FRBM-ATFN F3RBM IT2FRBM  PicFRBM
MNIST 97.91+0.10  98.29+0.06  98.50+0.05 98.08:0.12 98.12+0.10  98.43+0.05  98.52+0.06
FaMNIST 96.80£0.11  97.48+0.10  97.68+0.06 96.54+0.29 95.60£0.12  97.66+0.07  98.14+0.11
EMNIST-letter ~ 89.92+0.13  90.96+0.10  91.37+0.10 91.62+0.06 91.06£0.01  91.51£0.07  91.71x0.07
EMNIST-digits ~ 98.80£0.01  99.00£0.02  99.110.02 99.06+0.04 98.4740.02  99.07+0.02  99.18+0.01
KMNIST 87.44£026 90312027  91.04+0.12 89.52:+0.50 90.15£0.09  90.95+0.12  91.57+0.16
Not-MNIST 93.36+0.13  93.97+0.05  94.20+0.11 94.44+0.14 83.61£0.31  94.10+0.07  94.72+0.08
Persian HD 99.77+0.16  99.81+0.17  99.84+0.01 99.81+0.13 99.82+0.01  99.82+0.04  99.83+0.11
Devanagari 98.71£0.06  98.82+0.16  99.06+0.10 99.13+0.07 98.26+0.01  99.87+0.02  99.16+0.06
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