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Fuzzy concept cognitive learning based on multi-scale attention

XU Weihua, ZHANG Chongze
(College of Artificial Intelligence, Southwest University, Chongqing 400715, China)

Abstract: Concept-cognitive learning (CCL) treats concepts as the fundamental carriers of knowledge and examines the
cognitive learning process of objects. It has been widely applied to knowledge discovery and object classification.
However, existing fuzzy CCL models are mostly constructed at a single scale, which limits their ability to exploit multi-
scale information and overlooks the role of attention mechanisms in human cognition. To address these issues, this pa-
per proposes a multi-scale attention-based fuzzy concept-cognitive learning (MSA-CCL) model. The proposed method
first constructs multi-scale fuzzy formal contexts and selects the optimal scale through consistency evaluation for fuzzy
concept learning. Next, an attention mechanism is introduced for each conditional attribute to build a fuzzy concept at-
tention space, which highlights the importance of key attributes. Finally, a pseudo-fuzzy concept attention space is gen-
erated to perform object classification and concept recognition based on the similarity between new objects and pseudo-
concepts. Experiments on nine UCI machine learning repository datasets demonstrate the effectiveness and feasibility of
the proposed method.

Keywords: concept-cognitive learning; multi-scale; attention mechanism; granular computing; object classification;
formal context; knowledge discovery; concept clustering
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)RG35

4) for eachx € D,

5) 4 3 T 1) % 2 BRI & (H(F (x)), F(x))
6) i E S 6 THEHE 2] Attention (H(F(x)),

v ce e

F(x))
7) If Attention (H(F(x)), F(x)) > 6

8) G° — G’ U{(H(F(x)), F(x)), Attention(H(F'(x))}
9) end if

10) end for

11) end for

12) return G° = {G°, G5, -+ ,G°}
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Fig. 1 Fuzzy conceptual attention mechanisms
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1) for each G’ € G° do

2) Pi—2,L; « @,E,- — @

3) for each (H(F(x))),F(x;), Attention(H(F(x;)),
F(x;))) €@’ do

4) for each (H(F(x)), F(x;), Attention(H(F(xy)),
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6) if (H(F(x),F(x)) C(H(F(x))),F(x;) and
6,,=4
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F(x))

9) end if

10) end for

11) end for
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19) end for

20) end for
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3) WA E X 9 THHED(AX, X2

4) end for
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X eg,

6) end for

7 it8E d= arg mins,,

i=1,2,,r

8) return AxIZEHIIRZE d
4 SLip At
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KX H T WA HMESA TR, B
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F 1 MSA-CCL #2816 #HE S Hi itk
Table 1 Description of the experimental datasets descrip-
tion of the experimental datasets

Fre YE/TES HAR RS 20
1 Parkinsons 195 23 2
2 Glass 214 9 6
3 Breast-cancer 286 2
4 Monk-2 601 2
5 Tic-tac-toe 958 9 2
6 Wine-red 1518 11 3
7 Spam 4601 57 2
8 Twonorm 7400 20 2
9 Dry-bean 13611 17 7

41 EWIEE
T WA SCEE H RO PR e X o, 7E
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min(Y\(b5, 1), PG, RUZE @AY S 7
k+1 _ bls(ecimin’ bk(x) = bﬁlin
b(”‘twm i (12)

BV ig 3 AN W O Al — ROBE P A /NP (EDR A i
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A SCHE T B MSA-CCL 5365 7 M3
PRI EIEAT R S W R LS 3 Rl g
BLAR 5 2 53 28 )5 ¥ « KNNIP(K-nearest neighbors) .,
DTE%(decision tree) . NBP")(naive Bayes); M #i &
BRI U S O A o > 2 . DMPWEFCPY)
(dynamic updating mechanism algorithm based on the

progressive weighted fuzzy concept). IFCRL™(inter-

val-intent fuzzy concept re-cognition learning model);
DA K P Rl JE FAOBI Y KNN 5595 IFKNNEO
(intuitionistic fuzzy K-nearest neighbors), PFKNNP!
(pruned fuzzy K-nearest neighbors). A T £ ik 3L 5
S5 R0 SRR ] SR A Rod AR R IR
80%:20% K4 L 3] 73 g Y Al AL 4 o B A
SRS E R 10 W, F X 4 R B R RTRR E
22, VLD Qe R 22 0 SL R 4 R B s . o,
BLas 5 > 2% Lk B0 H T Sklearn R (1)
VA, S0 R BN 5 B0 KNN 548
AN 2 R OGB4 BR 45 B SR b B F R R A T
LI EVE . IR Python 3.10, RV
A Intel(R) Core(TM) i5-9300H CPU @ 2.40 GHz 4t
s M 8 GB AT, B ORI A SR AE AR W) 24
HATRE L
42 KIS

MRIEE (1D)~(12) 1248 TEMIE AT R T2
RSB, 458 5 RS PR s ) — 2otk
I, SR e I R 45 R W 1 o a4 1Y
LR RS, FE ki 9 MR b, Rt R
JERBEZH N (3,5,5,3,1,1,2,1,1), B, R
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ERTEREIEAT T RGEITAL . MSA-CCL 5 7 fh &
B JEBLAE 9 AR A b B TR A S IR 4 SR A
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Table 2 Comparison of accuracy (including mean + standard deviation) between MSA-CCL and 7 classification algo-

rithms

%

ID MSA-CCL KNN DT NB

DMPWEFC IFCRL IF-KNN PFKNN

1

2
3
4
5
6

94.87+3.626 1
96.05+2.9508
74.14+4.3617
85.79+£2.1803
95.36+0.8542
65.7943.1825

93.334£2.3500
89.304+2.9782
68.79+£3.5711
79.75+2.2858
80.98+2.708 8
62.17+2.4660

86.92+3.7069
91.16+5.073 8
65.3445.1407
98.26+1.7512
88.80+3.0033
67.37£1.5967

68.97+5.8974
76.05+9.3672
72.93+4.0837
62.89+3.9884
71.93+£3.7446
60.86+2.684 5

90.424+4.274 8
33.95+7.2205
65.1745.2814
48.85+5.1737
83.33+2.3754
54.87+4.6909

91.03£5.9860
68.60+4.4133
69.31+£3.0649
62.81£2.6395
86.20+1.9383
59.11£2.7720

91.02+4.013 4
88.60+3.8142
70.51£5.2551
81.98+3.1317
82.03+2.9669
60.234+2.7657

76.41+6.466 4
82.55+5.7201
68.79+£8.176 4
52.31+£3.5072
56.66+2.7834
52.73£1.7095
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gk 2

ID MSA-CCL KNN DT NB DMPWFC IFCRL IF-KNN PFKNN
7 90.18+1.0254 91.41+0.9508 89.74+0.8056 81.91+0.6608 51.24+2.4442 90.25+0.9401 89.71+0.8683 82.87+0.9513

8  97.05+0.6605 96.49+0.5337
9 91.52+0.6428 91.45+0.7000

84.42+0.4683 95.79+0.3576 80.97+1.2455 96.74+0.3485 96.70+0.4130 95.78+0.3482
89.41+0.8021 89.45+0.5944 88.52+0.7846 90.28+0.6896 91.47+0.5646 87.10+0.3454

TE: IR R Ay

x3
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Table3 Comparison of F-score (including mean + standard deviation) between MSA-CCL and 7 classification algo-

rithms

%

ID MSA-CCL

KNN

DT

NB

DMPWEFC

IFCRL

IF-KNN

PFKNN

1

O 0 9 AN U bW

92.75+8.043 0
93.45+5.3993
61.00+6.7753
84.03+2.6890
96.19+£1.5716
62.26+3.8855

91.23£3.0807
81.01£8.720 1
58.43+4.694 5
76.80+4.4145
78.57+£1.9942
60.07+2.8273

80.85+4.6436
92.42+7.249 1
58.99+5.408 8
98.08+1.9376
87.4943.604 1
64.57+£2.5308

65.58+5.8258
82.92+4.5118
62.39+7.2484
38.57+1.5029
58.53+4.1998
57.91+2.8158

88.34+5.2618
28.49+6.8396
59.61+11.3427
46.44+6.4953
78.24+3.6843
52.19+4.6107

87.75+7.8813
59.13+4.8074
63.20+4.7639
62.55+2.6119
82.88+2.0160
55.82+1.9176

92.04+4.8089
81.50+£6.574 1
56.40+7.3447
79.59+3.9126
77.97+2.8014
59.53+2.3592

72.62+5.0533
68.62+9.366 8
60.98+4.3975
50.22+3.8480
56.30+2.073 1
49.76+3.086 6

90.02+0.9876 91.02+1.0230 89.21+0.8474 81.80+0.6200 48.14+3.1639 89.52+1.0498 89.47+0.8303 82.48+1.2697
97.05+0.6606 96.49+0.5338 84.41+0.4677 95.79+0.3580 77.49+2.6658 96.74+0.3485 96.40+0.4107 95.80+0.2218
92.20+0.5842 91.76+0.5634 90.96+0.6550 90.49+0.5173 89.22+0.7254 90.84+0.6428 91.86+0.5284 88.26+0.3682
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Fig.2 Comparison of the classification performance of MSA-CCL and seven classification algorithms on nine datasets

J T K ¥ MSA-CCL 5 Hifl 2y 28k Z Al By F, 2080 EASE S HEA 20 9k 1.444 4 11,5556,
B EMEES, R Wilcoxon B XT K56 (p 18 B E 1% Ak, MSA-CCL 5 HiAh 43 28557 1) Wilcoxon £
M 0.05), %445 H T MSA-CCL S HAE %7 K p EH¥/NT 0.05, £ MSA-CCL 4 i1 E AT
9 MRS FISE I HEA DL K Wilcoxon K80 45 AU 2 BTIR, MSA-CCL Jj&—F i 75 (A 2
W omEPLE R, MSA-CCL fEMERI R 2k,
%4 SFh4LE M FHHLH Wilcoxon B4R

Table 4 Average rankings of 8 classification algorithms and Wilcoxon test results

Hea /A 25 R MSA-CCL KNN DT NB DMPWFC IFCRL IF-KNN PFKNN
HERf 44 1.4444 34444 40000 54444 7.0000 41111 3.7778 6.6667
POHETHA) - 0.0137  0.0273  0.0019 0.0019 0.0039 0.0019 0.0019
FoiHes 1.5556 3.7778 3.7778 5.8889 6.6667 41111 42222 6.0000
P(F 380 - 0.0039  0.0195  0.0039 0.0019 0.0097 0.0019 0.0019
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