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1: MMM

MMM

1 i

s
(i)
n s

(i)
n

s
(i)
n

s
(i)
n

•

•
MMM

• 4 MMM

2 3

4 MMM 5

6

2.

2.1

1

1

t t = (t[1], t[2], . . . )

t

2 t l

p t sp

(1)

sp = (t[p], t[p+ 1], . . . , t[p+ l − 1]) (1)

sp x sp[x]

sp = (sp[1], sp[2], · · · , sp[l])
z

[12]

3 z l 2

sp sq z

d(sp, sq) (2)

d(sp, sq) =

√√√√ l∑
i=1

(
sp[i]− μ(sp)

σ(sp)
− sq[i]− μ(sq)

σ(sq)

)2

(2)

μ(s) σ(s) (s[1], s[2], ..., s[l])

z

[11]

ρ(sp, sq) = 1− d(sp, sq)
2

2l
(3)

4 d

t

t =

⎛
⎜⎜⎝
t(1)

...

t(d)

⎞
⎟⎟⎠ =

⎛
⎜⎜⎝
t(1)[1], t(1)[2], . . .

...

t(d)[1], t(d)[2], . . .

⎞
⎟⎟⎠ (4)

5 t l

p t d

sp (5)

sp =

⎛
⎜⎜⎝
s
(1)
p

...

s
(d)
p

⎞
⎟⎟⎠ =

⎛
⎜⎜⎝
s
(1)
p [1], s

(1)
p [2], . . . , s

(1)
p [l]

...

s
(d)
p [1], s

(d)
p [2], . . . , s

(d)
p [l]

⎞
⎟⎟⎠ (5)

1

d

k

6 k l

2 d sp sq k (≤ d)

k

d(k)(sp, sq) (6)

d(k)(sp, sq) = min
(k)
i d(s(i)p , s(i)q ) (6)

min(k) k

(3) k
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7 k

l 2 d sp sq k

d(k)(sp, sq) k

ρ(k)(sp, sq)

(7)

ρ(k)(sp, sq) = 1− d(k)(sp, sq)
2

2l
(7)

sp

8 sp sq k

θ sp(sq) sq(sp)

ρ(k)(sp, sq) ≥ θ ⇔ d(k)(sp, sq) ≤
√
2l(1− θ) (8)

sp sp+1

[7], [15]

9 sp sp

Sp

Sp = {sq | p− l + 1 ≤ q ≤ p+ l − 1} (9)

|t|
|t| − l+ 1 S

S

sp

10 t l θ k

sp (10)

score(sp) = |{sq | sq ∈ S\Sp, ρ
(k)(sp, sq) ≥ θ}| (10)

.

t l θ k (11)

s∗

s∗ = argmax
sp∈S

score(sp) (11)

2.2

t |t| − l+ 1

k O(dl)

O((|t| − l)dl)

3.

[1], [8], [10]

3.1

[15]

SAX Symbolic Aggregate

approXimation

[5] iSAX indexable SAX

SAX iSAX

[7], [18]

[9]

[9]

Piecewize

Aggregate Approximation kd

kd

1

3.2

[16] Principal Compo-

nent Analysis 1

5

[13]

「第27回マルチメディア通信と分散処理ワークショップ論文集」 令和元年11月

©2019 Information Processing Society of Japan 127



SAX

[19] Matrix Profile

mSTAMP

mSTAMP

Minimum Description Length

4. MMM: Multidimensional Motif Mon-

itoring

1

score(s∗)

sn

score(sn) < score(s∗)

4.1

4.2

score(sn)

4.3 MMM

MMM

4.1

1

sp sq

|{i | 1 ≤ i ≤ d, d(s(i)p , s(i)q ) ≤
√

2l(1− θ)}| ≥ k (12)

d(s
(i)
p , s

(i)
q ) ≤ √

2l(1− θ) i k

k d(s
(i)
p , s

(i)
q )

√
2l(1− θ)

d(k)(sp, sq) ≤
√

2l(1− θ)

sp sq �

i s
(i)
p s

(i)
q

d(s
(i)
p , s

(i)
q ) ≤ √

2l(1− θ)

k sp sq

i

l s
(i)
p l

2

2 z

i 3 s
(i)
p s

(i)
q s

(i)
r

|d(s(i)p , s(i)r )− d(s(i)q , s(i)r )| ≤ d(s(i)p , s(i)q )

≤ d(s(i)p , s(i)r ) + d(s(i)q , s(i)r )
(13)

2 �

d(s
(i)
p , s

(i)
r ) d(s

(i)
q , s

(i)
r )

2 d(s
(i)
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(i)
q ) dlb(s
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p , s

(i)
q )

dub(s
(i)
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(i)
q ) O(1) dlb(s

(i)
p , s

(i)
q ) >√

2l(1− θ) d(s
(i)
p , s

(i)
q ) ≤ √

2l(1− θ)

s
(i)
p s

(i)
p

dub(s
(i)
p , s

(i)
q ) ≤ √

2l(1− θ)

d(s
(i)
p , s

(i)
q ) ≤√

2l(1− θ)

11 C
(i)
p

s
(i)
p s

(i)
p r

s
(i)
q s

(i)
q s

(i)
p

s
(i)
n C

(i)
p

s
(i)
p C

(i)
p

s
(i)
q 2 3

3

s
(i)
n

√
2l(1− θ) s

(i)
p

C
(i)
p d(s

(i)
n , s

(i)
p )

d(s
(i)
n , s

(i)
p ) C

(i)
p

s
(i)
q ∈ C

(i)
p dlb(s

(i)
n , s

(i)
q )

dlb(s
(i)
n , s

(i)
q ) >

√
2l(1− θ)

s
(i)
q ∈ C

(i)
p

s
(i)
p 2

dlb(s
(i)
n , s

(i)
q )

dlb(s
(i)
n , s

(i)
q ) >

√
2l(1− θ)

dlb(s
(i)
n , s

(i)
q ) >

√
2l(1− θ) dlb(s

(i)
n , s

(i)
q ) >√

2l(1− θ) d(s
(i)
p , s

(i)
q ) >

√
2l(1− θ)

3 �

1 2 2 2

5

s
(i)
p s

(i)
p C

(i)
p

d(s
(i)
n , s

(i)
p ) = 10
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2:

dlb(s
(i)
n , s

(i)
e ) = 10 − 6.2 = 3.8 < 5

dlb(s
(i)
n , s

(i)
b ) = 10 − 4.5 = 5.5 > 5

s
(i)
n

3 s
(i)
n

4.2

1

1 |{i | 1 ≤ i ≤ d, dlb(s
(i)
p , s

(i)
q ) ≤ √

2l(1− θ)}| ≥ k

sp sq

sn

sp

1 score(sn)

sn score(s∗) sn

sn

sp

PL

Possible Similar Subsequence List

12 PL sp PL PLp

q PLp

sq

sq ∈ S\Sp, d
(k)
lb (sp, sq) ≤

√
2l(1− θ) (14)

d
(k)
lb (sp, sq) k sp sq

PLp

d(k)(sp, sq) ≤
√

2l(1− θ) sq

13 sp scoretmp(sp)

sq ∈ S\Sp, d(k)(sp, sq) ≤
√

2l(1− θ), q /∈ PLp (15)

sp PLp q

d(k)(sp, sq) ≤
√

2l(1− θ) scoretmp(sp)

1 scoretmp(sp) + |PLp| < score(s∗)

sp

4.3

MMM |t|
MMM

k-means++[2]

|t|
i

d
(i)
avg

r = d
(i)
avg −

√
2l(1− θ)

r

MMM sn

i s
(i)
n

s
(i)
n

cluster id

cluster dist 2 i

C(i) C
(i)
j

s
(i)
n

s
(i)
j 4 s

(i)
n

5–6 C
(i)
j

s
(i)
p |dist − d(s

(i)
p , s

(i)
j )|

sn sp

rdn,p

prdn,p 8

s
(i)
n s

(i)
p distlb 2

9 distlb ≤
√

2l(1− θ) s
(i)
n

s
(i)
p distub 2

distub ≤ √
2l(1− θ) rdn,p i

prdn,p i 10–15

distlb >
√
2l(1− θ) 3

16–17 C(i) C
(i)
j

s
(i)
n

cluster dist ≤ d
(i)
avg −

√
2l(1− θ) C

(i)
cluster id

s
(i)
n 18–19 s

(i)
n

C
(i)
n C(i) 20–21

sn scoretmp(sn) sn PL

PLn 22

sp sn
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|rdn,p|+ |prdn,p| ≥ k |rdn,p| ≥ k

sn sp scoretmp(sn)

score(sp) 1 24–26 |rdn,p| ≥ k

sn sp

PLn PLp p n 27–28

scoretmp(sp) |PLp|
score(s∗) Motif-Update 29–30

Motif-Update

sp

scoretmp(sn) + |PLn| > score(s∗)

Motif-Update 31–32 S

sn 33

Motif-Update Motif-Update(sp, s
∗)

scoretmp(sp)+ |PLp| > score(s∗)

sp sp

PLp

k

sp sp

score(s∗) sp

s∗

1 21

c

c′ O(dc(l + c′))

sp |PLp|
O(|PLp|dl)

S′ 1 22

O(
∑

S′ |PLp|dl)
MMM O(dc(l+ c′) +

∑
S′ |PLp|dl)

5.

MMM

5.1

Windows 10 Pro 3.00GHz Intel Xeon

Gold 512GB RAM

C++

4

• Cricket [6] 6

• EigenWorms [6] 6

• SelfRegulationSCP1 [6]

6

Algorithm 1: MMM

Input: sn: the new subsequence

Output: s∗: the discord

1 for i = 1 to d do

2 cluster id ← −1, cluster dist ← ∞
3 for ∀C(i)

j ∈ C(i) do

4 dist ← d(s
(i)
n , s

(i)
j )

5 if dist < cluster dist then

6 cluster id ← j, cluster dist ← dist

7 for ∀s(i)p ∈ C
(i)
j \Sn such that |dist−

d(s
(i)
p , s

(i)
j )| is acsending order do

8 rdn,p ← ∅, prdn,p ← ∅

9 distlb ← |dist− d(s
(i)
p , s

(i)
j )|

10 if distlb ≤ √
2l(1− θ) then

11 distub ← dist+ d(s
(i)
p , s

(i)
j )

12 if distub ≤ √
2l(1− θ) then

13 rdn,p ← rdn,p ∪ {i}
14 else

15 prdn,p ← prdn,p ∪ {i}
16 else

17 break

18 if cluster dist ≤ d
(i)
avg −√

2l(1− θ) then

19 C
(i)
cluster id ← C

(i)
cluster id ∪ {s(i)n }

20 else

21 C
(i)
n ← {s(i)n }, C(i) ← C(i) ∪ {C(i)

n }

22 scoretmp(sn) ← 0, PLn ← ∅

23 for ∀sp ∈ S do

24 if |rdn,p|+ |prdn,p| ≥ k then

25 if |rdn,p| ≥ k then

26 scoretmp(sn) ← scoretmp(sn) + 1,

scoretmp(sp) ← scoretmp(sp) + 1

27 else

28 PLn ← PLp ∪ {p}, PLp ← PLp ∪ {n}
29 if scoretmp(sn) + |PLp| > score(s∗) then

30 s∗ ←Motif-Update(sp, s∗)

31 if scoretmp(sn) + |PLn| > score(s∗) then

32 s∗ ←Motif-Update(sn, s∗)

33 S ← S ∪ {sn}

• HousePowerConsumption*1

7

1

100,000

|t| = 1, 000

*1 http://archive.ics.uci.edu/ml/datasets.php
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4: l

1:

|t| 1,000∼100,000

l 50, 100, 150, 200

θ 0.75, 0.8, 0.85, 0.9, 0.95

k 2, 3, 4

5.2

|t| 3 |t|
MMM

MMM

|t|
|t|

l 4 l |t|

MMM

l

l

θ 5 θ

θ

O((|t|− l)dl)

MMM θ

θ

3

θ

Motif-Update

k 6 k 5

θ

k MMM k

k

k

3

k

Motif-Update

6.

MMM MMM
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