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Fuzzy data mining



Fuzzy Data Mining

Traditional data mining
binary data

consider whether to buy or not

Real application
Should consider the purchased quantity

Fuzzy Data Mining

Which membership function is good?

Membership function finding 
Genetic Algorithm
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motivation



Motivation

The Crossover and Fitness Function has a hefty time cost of the 

previous method

The time cost is so heavy that only the membership function of 

one candidate itemsets can be mined
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Proposed method



Proposed Method

Phase1

Mining Membership Functions

Phase2

Mining Fuzzy Association Rules

MF Acquisition process
Genetic Fuzzy

Final  Membership 

Function Set

Fuzzy Association Rules

Chromosome Population

Item1 Item2 …
Itemn

Transaction

Database

Fuzzy association rule 

mining algorithm Chromosome
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Itemn

Chromosome
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Chromosome

Populationn
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Fuzzy Mining



Framework

1. Initial Population 

2. MMA Crossover (GPU)

3. Mutation

4. Fuzzy Value Calculation (GPU)

5. Fitness Value Calculation (GPU)

6. Termination

7. Output 

Initial Population 

Output: chromosomes



Framework

1. Initial Population 

2. MMA Crossover (GPU)

3. Mutation

4. Fuzzy Value Calculation (GPU)

5. Fitness Value Calculation (GPU)

6. Termination

7. Output 

MMA Crossover (GPU)

Output: chromosomes after Crossover

Input: initial chromosomes



Framework

1. Initial Population 

2. MMA Crossover (GPU)

3. Mutation

4. Fuzzy Value Calculation (GPU)

5. Fitness Value Calculation (GPU)

6. Termination

7. Output 

Mutation

Output: chromosomes after Crossover

Input: initial chromosomes

Mutation



Framework

1. Initial Population 

2. MMA Crossover (parallel)

3. Mutation

4. Fuzzy Value Calculation (GPU)

5. Fitness Value Calculation (GPU)

6. Termination

7. Output 

Fuzzy Value Calculation

Output: Fuzzy Value Matrix

Input: chromosomes, transactions



Framework

1. Initial Population 

2. MMA Crossover (GPU)

3. Mutation

4. Fuzzy Value Calculation (GPU)

5. Fitness Value Calculation (GPU)

6. Termination

7. Output 

Fitness Value Calculation

Output: Fitness Values

Input: chromosomes, Fuzzy Value Matrix



Framework

1. Initial Population 

2. MMA Crossover (GPU)

3. Mutation

4. Fuzzy Value Calculation (GPU)

5. Fitness Value Calculation (GPU)

6. Termination

7. Output 

Termination

Output: Membership Function, Large One Itemset

Input: Fitness Values 

Termination
N

Y

Repeat

• Step1

• Step2

• Step4

• Step4

• Step5 



Framework

1. Initial Population 

2. MMA Crossover (GPU)

3. Mutation

4. Fuzzy Value Calculation (GPU)

5. Fitness Value Calculation (GPU)

6. Termination

7. Output 

Output



Proposed Method

TID Items

T1 (bread, 1).

T2 (milk, 1); (bread, 5).

T3 (Milk, 3); (candy, 3).

T4 (milk, 1); (candy, 1); (bread, 3).

T5 (milk, 2); (jam, 2); (bread, 2)

Candy

21 3 4 5 6

Fuzzy value

Quantity21 3 4 5 6

Fuzzy value

Quantity

Jam

21 3 4 5 6

Fuzzy value

Quantity

Milk Bread

21 3 4 5 6

Fuzzy value

Quantity



Chromosome

Example

low mid high low mid high low mid highlow mid highFuzzy set

𝐶1 = 1, 2,  3, 3,  4, 3,  1, 5,  3, 2,  5, 2,  1, 1,  3, 1,  5, 1,  1, 2,  3, 2,  5, 1

MF1 MF2 MF3 MF4

Middle, rangeMiddle, rangeMiddle, rangeMiddle, range

Chromosome (Cq) = a set of membership functions

Candy

21 3 4 5 6

Fuzzy value

Quantity

21 3 4 5 6

Fuzzy value

Quantity

Jam

21 3 4 5 6

Fuzzy value

Quantity

Milk

Bread

21 3 4 5 6

Fuzzy value

Quantity



MMA Crossover

M a x i m u m 𝐶3
𝑡+1 = 𝑐31

𝑡+1, … , 𝑐3ℎ
𝑡+1, … , 𝑐3𝑧

𝑡+1 𝑤ℎ𝑒𝑟𝑒 𝑚𝑖𝑛 {𝑐ℎ, 𝑐ℎ′}

a r i t h m e t i c a l 1 𝐶1
𝑡+1 = 𝑐11

𝑡+1, … , 𝑐1ℎ
𝑡+1, … , 𝑐1𝑧

𝑡+1 𝑤ℎ𝑒𝑟𝑒 𝑐1ℎ
𝑡+1 = 𝑑𝑐ℎ + 1 − 𝑑 𝑐ℎ

′

a r i t h m e t i c a l 2 𝐶2
𝑡+1 = 𝑐21

𝑡+1, … , 𝑐2ℎ
𝑡+1, … , 𝑐2𝑧

𝑡+1 𝑤ℎ𝑒𝑟𝑒 𝑐1ℎ
𝑡+1 = 𝑑𝑐ℎ′ + 1 − 𝑑 ch

M i n i m u m 𝐶4
𝑡+1 = 𝑐41

𝑡+1, … , 𝑐4ℎ
𝑡+1, … , 𝑐4𝑧

𝑡+1 𝑤ℎ𝑒𝑟𝑒 𝑚𝑖𝑛 {𝑐ℎ, 𝑐ℎ′}



MMAC Example

Membership Function 1

C1 1 2 2 4 4 1

C2 2 1 3 3 5 2

Minimum 1 1 2 3 4 1

Maximum 2 2 3 4 5 2

Arithmetical1 1.65 1.35 2.65 3.35 4.65 1.65

Arithmetical2 1.35 1.65 2.35 3.65 4.35 1.35

Membership Function z

Cz 2 2 2 4 6 1

Cz 2 1 3 1 4 2

Minimum 2 1 2 1 4 1

Maximum 2 2 3 4 6 2

Arithmetical1 2 1.65 2.65 2.95 5.3 1.65

Arithmetical2 2 1.35 2.35 2.05 4.7 1.35

…

Each pair of genes calculate independent

The number of genes is enormous

We can do MMA crossover parallelly based on genes on the GPU New chromosomes

generated by

MMA crossover



Mutation

Single point mutation with random number

𝐶1 = 1, 2,  3, 3,  4, 3,  1, 5,  3, 2,  5, 2,  1, 1,  3, 1,  5, 1,  1, 2,  3, 2,  5, 1

MF1 MF2 MF3 MF4

𝐶1 = 1, 2,  3, 3,  4, 3,  1, 5,  3, 2,  5, ?,  1, 1,  3, 1,  5, 1,  1, 2,  3, 2,  5, 1

MF1 MF2 MF3 MF4



Fuzzy Value Calculation

TID Items

T1 (bread, 1).

T2 (milk, 1); (bread, 5).

T3 (Milk, 3); (candy, 3).

T4 (milk, 1); (candy, 1); (bread, 3).

T5 (milk, 2); (jam, 2); (bread, 2)

Item Item index The number of purchase in all transactions

Milk 0 1 3 1 2

Jam 1 2 x x x

Candy 2 3 1 x x

Bread 3 1 5 3 2

Input transactions

index Low middle Low range Mid middle Mid range High middle High range

0 1 2 2 4 4 1

1 2 1 3 3 5 2

2 2 2 3 4 5 2

3 1.65 1.35 2.65 3.35 4.65 1.65

Input chromosome

21 3 4 5 6

1 1

0.5 0.5

Candy

Each item → three fuzzy value

Sum all the fuzzy value as support

Compare with minimum support

With highly repetitive work



Output

Milk Low Mid High

1 1 0.75 0

3 0 0.75 0

1 1 0.75 0

2 0.5 1 0

Support 2.5 / 5 = 0.5 3.25 / 5 = 0.65 0 / 5 = 0

Jam Low Mid High

1 1 0.67 0

Support 1 / 5 = 0.2 0.67 / 5 = 0.134 0 / 5 = 0

Candy Low Mid High

3 0.5 1 0

1 1 0.5 0

Support 1.5 / 5 = 0.3 1.5 / 5 = 0.3 0 / 5 = 0

Bread Low Mid High

1 1 0.51 0

3 0 0.3 1

1 0 0.9 0

2 0.74 0.81 0

Support 1.75 / 5 = 0.348 2.51 / 5 = 0.501 1 / 5 = 0.2

Fuzzy Value Calculation

Milk, Jam, Candy, Bread are 

calculated in different threads

Compare with minimum support 

Get the large one 



Fitness Function

Definition

𝑓 𝐶𝑞 =
|𝐿

1
|

𝑠𝑢𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝐶𝑞)
, where L1 is the number of large itemset

𝑠𝑢𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝐶𝑞 = 𝑜𝑣𝑒𝑟𝑙𝑎𝑝 𝐶𝑞 + 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒(𝐶𝑞)

The two bad kinds of membership function

↑ better

Overlap Coverage

1 3 54

Fuzzy value

Quantity
1 3 54

Fuzzy value

Quantity

(a) Redundant membership functions (b) Separate membership functions



Suitability

Definition

𝑠𝑢𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝐶𝑞

Overlap

Coverage 



𝑗=1

𝑚

[𝑜𝑣𝑒𝑟𝑙𝑎𝑝 𝐶𝑞𝑗 + 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒(𝐶𝑞𝑗)]



𝑗=1

𝑚

[max
𝑜𝑣𝑒𝑟𝑙𝑎𝑝 𝑅𝑗𝑘,

𝑅𝑗𝑖

min 𝑤𝑗𝑘, 𝑤𝑗𝑖
, 1 − 1]

1

𝑟𝑎𝑛𝑔𝑒 𝑅𝑗1, … ,
𝑅𝑗𝑖

max 𝐼𝑗



Overlap



𝑗=1

𝑚

[max
𝑜𝑣𝑒𝑟𝑙𝑎𝑝 𝑅𝑗𝑘,

𝑅𝑗𝑖

min 𝑤𝑗𝑘, 𝑤𝑗𝑖
, 1 − 1]

↓ better

5

min 5, 3
=
5

3

𝑜𝑣𝑒𝑟𝑙𝑎𝑝 𝑅𝑗𝑘,
𝑅𝑗𝑖

min 𝑤𝑗𝑘, 𝑤𝑗𝑖

max
𝑜𝑣𝑒𝑟𝑙𝑎𝑝 𝑅𝑗𝑘,

𝑅𝑗𝑖

min 𝑤𝑗𝑘, 𝑤𝑗𝑖
, 1



𝑗=1

𝑚

[max
𝑜𝑣𝑒𝑟𝑙𝑎𝑝 𝑅𝑗𝑘,

𝑅𝑗𝑖

min 𝑤𝑗𝑘, 𝑤𝑗𝑖
, 1 − 1]

1

min 4, 1
= 1

2

min 3, 1
= 2

max
5

3
, 1 =

5

3
max 1, 1 = 1 max 2, 1 = 2

5

3
− 1 =

2

3
1 − 1 = 0 2 − 1 = 1

21 3 4 5 6

Fuzzy value

Quantity

21 3 4 5 6

Fuzzy value

Quantity 21 3 4 5 6

Fuzzy value

Quantity 21 3 4 5 6

Fuzzy value

Quantity



Coverage ↓ better

1

𝑟𝑎𝑛𝑔𝑒 𝑅𝑗1, … , 𝑅𝑗𝑖

max 𝐼𝑗

𝑟𝑎𝑛𝑔𝑒 𝑅𝑗1, … ,
𝑅𝑗𝑖

max 𝐼𝑗

1

𝑟𝑎𝑛𝑔𝑒 𝑅𝑗1, … ,
𝑅𝑗𝑖

max 𝐼𝑗

6

6
= 1

1

21 3 4 5 6

Fuzzy value

Quantity

2 + 2 + 1

6
=
5

6

5

6

21 3 4 5 6

Fuzzy value

Quantity

3 + 1

5
=
4

5

5

4

21 3 4 5 6

Fuzzy value

Quantity



Large One

Output

Milk Low Mid High

1 1 0.75 0

3 0 0.75 0

1 1 0.75 0

2 0.5 1 0

Support 2.5 / 5 = 0.5 3.25 / 5 = 0.65 0 / 5 = 0

Jam Low Mid High

1 1 0.67 0

Support 1 / 5 = 0.2 0.67 / 5 = 0.134 0 / 5 = 0

Candy Low Mid High

3 0.5 1 0

1 1 0.5 0

Support 1.5 / 5 = 0.3 1.5 / 5 = 0.3 0 / 5 = 0

Bread Low Mid High

1 1 0.51 0

3 0 0.3 1

1 0 0.9 0

2 0.74 0.81 0

Support 1.75 / 5 = 0.348 2.51 / 5 = 0.501 1 / 5 = 0.2

If minimum support is 0.3, Then |L1| = 6

Large itemset: 
milk.low, milk.mid, candy.low, candy.mid, 

bread.low, bread.mid



Overlap

index Low middle Low range Mid middle Mid range High middle High range

0 1 2 2 4 4 1

1 2 1 3 3 5 2

2 2 2 3 4 5 2

3 1.65 1.35 2.65 3.35 4.65 1.65

Input chromosome

OverlapExample

0

1

2

3

1

2
+
1

2
+
1

2
= 1.5

2 + 0 +
1

2
= 2.5

1 + 0 + 1 = 2

1.74 + 0 + 0.82 = 2.56

max
3

min 4, 2
, 1 − 1 =

1

2

max
3

min 1, 3
, 1 − 1 = 2

max
4

min 2, 4
, 1 − 1 = 1

max
3.7

min 1.35, 3.35
, 1 − 1 = 1.74

Low, Mid

max
3

min 2, 4
, 1 − 1 =

1

2

max
0

min 1, 2
, 1 − 1 = 0

max
1

min 2, 2
, 1 − 1 = 0

max
0

min 1.35, 1.65
, 1 − 1 = 0

Low, High

max
6

min 4, 4
, 1 − 1 =

1

2

max
3

min 3, 2
, 1 − 1 = 1/2

max
4

min 2, 4
, 1 − 1 = 1

max
3

min 3.35, 1.65
, 1 − 1 = 0.82

Mid, High

1.5 + 2.5 + 2 + 2.65 = 8.65

Index



Coverage

index Low middle Low range Mid middle Mid range High middle High range

0 1 2 2 4 4 1

1 2 1 3 3 5 2

2 2 2 3 4 5 2

3 1.65 1.35 2.65 3.35 4.65 1.65

Input chromosome

CoverageExample 
1 + 1 + 1 + 1 = 4

0
1

6

6
= 1

21 3 4 5 6

1
1

6

6
= 1

21 3 4 5 6

2
1

7

7
= 1

21 3 4 5 6

3
1

6

6
= 1

21 3 4 5 6



Fitness Value

𝐿1

𝑠𝑢𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝐶𝑞)

=
𝐿1

σ𝑗=1
𝑚 𝑜𝑣𝑒𝑟𝑙𝑎𝑝 𝐶𝑞𝑗 + 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 𝐶𝑞𝑗

=
6

8.65 + 4
= 0.4743



E a c h  c h r o m o s o m e  h a s  t o  c a l c u l a t e  i t s  

f i t n e s s  v a l u e  

E a c h  o f  t h e  c a l c u l a t i o n ,  w h i c h  i n c l u d e s  

o v e r l a p ,  c o v e r a g e  a n d  f i t n e s s  f u n c t i o n ,  

i s  i n d e p e n d e n t

W i t h  t h e  m a s s i v e  p a r a l l e l i s m  o f  t h e  

G P U ,  w e  c a n  e x e c u t e  t h e  s a m e  

f u n c t i o n  w i t h  d i f f e r e n t  p a r a m e t e r s ,  

w h i c h  a r e  c a l l e d  b y  t h e  p o i n t e r

T h e  f i t n e s s  v a l u e  c a l c u l a t i o n  i n  o u r  

m e t h o d  i s  p a r a l l e l  e x e c u t e d  b a s e d  o n  

c h r o m o s o m e

CONCEP T

Fitness on GPU 

Con t r o l

Un i t

A L U

A L U

A L U

A L U

C a c h e

DRAM

A L U A L U A L UA L U A L U A L U A L UA L U A L U

A L U A L U A L UA L U A L U A L U A L UA L U A L U

A L U A L U A L UA L U A L U A L U A L UA L U A L U

A L U A L U A L UA L U A L U A L U A L UA L U A L U

DRAM
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Time cost comparison between our 

method and the previous method

Our method is almost 900~1200 

times faster

With the growth of the data, our 

time cost does not change much



Conclusion

Significantly peed up 

Time has not grown exponentially with the amount of data

There are some limitation in our method because of the GPU architecture
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