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SEIZ IR,

o BHEZIE—IMESEMLEERGE?

Incame range of applicant?

Tear3in present job?

-6.0 8.8 60 100 986 1044
-28 109 48 100 973 1025
-5.6 177 34 100 976 1037
-1.2 222 27 100 996 1036
08 278 25 100 1003 1034
52 2941 26 100 998 1030
98 306 23 29 Q97 1027
56 261 3 100 992 1029
52 248 35 100 998 1028
04 213 42 100 990 1031

Makes credit
card pagmenis?

-----------------\

R

-T6 173 55 100 963 1023
-10.4 9.2 53 100 987 1039

OZ Q0w rs~=zrPrPrzm<

table 17a

2010 manthly weather variation, Cambridge (UK)
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Cluster  Reference Compound Test Compounds

« RIHEHEATIE
JR PR IR i

<1
o HE44fE A A

» Hadipour, H., Liu, C., Davis, R., Cardona, S.T., & Hu, P. (2022). Deep clustering of small molecules at large-
scale via variational autoencoder embedding and K-means. BMC Bioinformatics, 23.
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FIGURE 5. K-means clustering (k = 15) in New York state. FIG:JI!E 7. Hot spots Hy for each cluster in New York state (orange
circles).
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» Guevara C, Peiias M S. Surveillance Routing of COVID-19 Infection Spread Using an Intelligent Infectious
Diseases Algorithm[J]. leee Access, 2020, 8: 201925-201936.
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» CaiY, WuX, Xie X, et al. A topic mining method for multi-source network public opinion based on improved
hierarchical clustering[C]//2019 IEEE DSC. IEEE, 2019: 439-444.
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o BN ARPUTHTZEGE: E, GBS, Fuhss,
o XJREEARMEMSEHITERSS, KHICIRELK.
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0 ZPIE: BRI
o BN EEFENFE
o MEEE, FRXEENESER—E
¥ RIFR R EifiEShY

Prob. A: Norma has 88 W N
cards. She loses 70. How

many cards will Norma ® n,+n,

have ? ® n;/n,

Eq: 88-70 ® n,—n,
(n,+n,) *n,

® n, *n,

Prob. B: Joyce starts with

75 apples. She gives 52 to /
Larry. How many apples
does Joyce end with?
Eq: 75-52

» L, Z., Zhang, W., Yan, C., Zhou, Q., Li, C., Liu, H., & Cao, Y. (2022). Seeking Patterns, Not just Memorizing Procedures: Contrastive Learning
for Solving Math Word Problems. ArXiv, abs/2110.08464.

»  Huang, Z., Lin, X., Wang, H., Liu, Q., Chen, E., Ma, J., Su, Y., & Tong, W. (2021). DisenQNet: Disentangled Representation Learning for
Educational Questions. Proceedings of the 27th ACM SIGKDD Conference on Knowledge Discovery & Data Mining.
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o BR: WEUEHIT "R o, RS AET1EE (Clusters)
= Hep, 87 =8B BIUREARTER
o fRAVS R FRATEIL (BEER) |, f&RIEER (IFEx)

E¥25(Clustering)
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0 BRDITERER=a)&
o 1. WENXRE? : B, BERMNNBIR (BEREEWE)
o EHRM MOWIE: RRN CEHAE 3%, AILUSEIRRRR
= IN, FESERZER BHEEW? ER HEHEIR?
o 2. AMAEXHEXE? Bl EEXUEZERIEIE
- EEEREEFE—ERRE, RO RURANELEE
- I, HEBERTHRANET), EETEMEL?

IRBEEAN? RETIMEI? ERASEM, ERFNEIIZERR?
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o 3. IREZRIENE? B), EESELHENR
= BUEIERANE, RINSEFEE TR

= BRI AT/ N\IR, SEERENERNE, BiXReaEd

How many clusters?
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B— o NESIE?
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Two Clusters
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o KIY(EEEZE(K-means)

o EIREEZS(Hierarchical Clustering)

o 2 E RS (Density-based Clustering)
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BXX9oth: K-means

o K-meansH9E AL
o £0E: MESEZEFIN— R, TrARE
n¢wé.ﬁm¢w,§fﬁmAﬁfE
o TEHEE: ANIRE
o BUERRREZ: A "y AR HFEROSHKERETE

m B A
Bl m AA
] A
8 H A
H AA A
] A A
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0

o

o K-means&i%: IREKTHIL, FERKNEUERE
o FRIBIEEEIR, FSEERERINEIK
o B—MEFEE—IPOR
o B EIEE TR O RXIMNAYE
o FEFIDHIEST: KRR EARYLY
< o ERILEFNG: RIBEEE, HESENDEEARNE :
o EIARE TR mPRUSEEIEENER, EEREE

: Select K points as the initial centroids.

: repeat

1
2
3:  Form K clusters by assigning all points to the closest centroid.
4:  Recompute the centroid of each cluster.

5

: until The centroids don’t change
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B otr: K-means

lteration 6
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B th: K-means

o K-means7 <43

Iteration 1 Iteration 2 Iteration 3
3 * * 3r * * 3 * *
» *»
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* 00‘}0 $ ] LIS 29

2t ‘}0 2r « % & 2 R 9 -

@ b o o?‘\*o Py

o» v ¢ .ww » . X3 .\.‘»’w‘ o »
. . R

sl 05- 0.5
= afan " a2l " aer
oF mil or e, or e,
n n n
LI "an " n
> 15 4 05 o0 05 1 15 2 2 45 41 05 0 05 1 15 2 2 5 1 05 0 05 1 15 2
X X X
Iteration 4 Iteration 5 Iteration 6
3r ¢ o 3r ¢ o 3r ¢ 0
* * *
* ¢ * ¢ ¢
25 X303 S . 25 X33 S . 25 0“’0 ,0* .
Sag® N s
.l ‘e :, .l TN 2 .l ‘0“
¢ e % V:O b P MR 8 :0 ) P ¢ 0 :0 ) ’
s oPud W0 s oPud W0 XWS w’
1.5- REAL I 150 AL A 1.5¢ o* 0 ‘
> $ . IS > : * . > 3 ‘
1k 1k . 1+ .
. . .
0.5 + 0.5 0.5
n n n
I-‘ #‘
Lo we L w L
L e, tEm L e, tEm L e, tEm
2 15 4 05 0 05 1 15 2 2 15 4 05 0 05 1 15 2 2 15 4 05 0 05 1 15 2



BXX9oth: K-means

o RN{E I EK-meansHIZIER
o 8t SEmRZEF (Sum of Squared Error , SSE)
o BiAER: MHETESEFORIES
» EXENIBIERRRE . HASIBSRIAEIES

o SSEEN 5 X
SSE = z z dist?(m;, x)
=1 XEC;

o x ERRCHIER, mZEiRCRIBID , AUERAmE5&C, Y (mean)
o iE: EXSEEREERE, MEFSSEE/ NI
« LEEHEKIEIT, SSERET T, HELREFEHERKTLESSE
= KFOSSERUVINATERSS, T KFASSEZZAHIERSE




BXX9oth: K-means

o K-meansBy45 =
o K THOR
o FILE—RREMTHEN, EHESK-meanstSRINERATEEAE
= PILDR—RRIREIBERIEEIEYEE (BAYY)
o XTHEXMEE
« ATAKJLEEEE. RzEUE. BRXENEFEER
o KTERET
« KIYEEEERE] LS
« EEEIFRMES: Until relatively few points change clusters
» [RTF—EHERIBE EHERERE, B, 817+ 18 ROa0E0E £
s EIEEFEOMM XK X1 Xd)
= n = FEAREEL K = FRINEEL | = &%, d = FIEHEE
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o K-meansHY4F /= #0Ua /O a{afissdE?
o FUORIIBREFRY ([EE19TaRYAIF)
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B th: K-means
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BXX9oth: K-means

o K-meansHY4F AR QAT RE RV IE /DI ERTIR)RR ?
o IBERNGIE: BIRIETT
- (ENERIE (REABEITIOER BIRTES )

o SRR, fEEIRMBRESE (EREES) SThedwln+io
= RMEREEFERA, FEEEENERTKERNNIER

o YIIRIEEATKRVEE, AEMFPHNAEREDIRR/IBERFL
o fRREIE BRSNS

o —oK¥SERZE (Bisecting K-means)
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Oy 0

o K-meansHU45 /= QTR R A4I%E FR CEEEERY A) R 7
o —5oKIg{ERFZFE (Bisecting K-means)
» ABESZERRRRIE M
= K-meansfyZ{K, FLUTFT—FMEREEHEE
« EXRBE: ATHEKNE, £oh210%, RentEEs—Mo3

1: Initialize the list of clusters to contain the cluster containing all points.
2: repeat

3:  Select a cluster from the list of clusters

4 for i = 1 to number_of _iterations do

5 Bisect the selected cluster using basic K-means

6: end for

7 Add the two clusters from the bisection with the lowest SSE to the list of clusters.
8

- until Until the list of clusters contains K clusters




BXX9oth: K-means

o K-meansHY4F R MEJARRAI%E F O RERYIa)RR ?
o SCfll: —oKERZE (Bisecting K-means)
o MIXNSEEFIETLAEY, —oKISEZVIEH ORISR
o RERRE, ZoKYE TRFEF— "BE2KRE" BERE
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BXX9oth: K-means

o K-meansf/E PR 14
o AT REFNIK-meansE 2RI R
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= 2. 1550 (B0E) BE
= 3. 5509 (AL AR




BXX9oth: K-means

o K-meansBiE R4
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o K-meansBiE R4
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o KIY(EEEZE(K-means)

o ZIREEZS(Hierarchical Clustering)

o 2 E RS (Density-based Clustering)
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BREDh: BIRERE

o EIREEZS(Hierarchical Clustering)

0§45 E—EBRENE, TrABIXE

o BAERPAEE, BHHRN, SN TREFHRHE
o MR — AR MERBRIIETTHE

o —HMRPRAIERR, 1IBRSF IR
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BREDh: BIRERE

0 ERERRBLUTNHHER I

o BEERTUEREE (Agglomerative, BT LERZX)
= 1. ¥0%GRY, BRI A—1 %
= 2. B RRIERIMNMESH
= 3. BEIRF— %

pl
o D RIEE (Divisive, B LM TFESR) P
« 1. #JI50Y, FrEEUEET— 1%

= 2. KD
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BREDh: BIRERE

O I%ﬁ _tl K’KER?E

o 5|\ PEEFERE AL
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o P BERIUERERZE—E585TUMIN
P B <R T B FE R

pl p2 p3 p4 po pb
pl [ 0.00 | 0.24 ] 0.22 ] 0.37 | 0.34 | 0.23
p2 (024 1000 ] 0.15] 020 | 0.14 | 0.25
p3 | 0.221]0.15]0.00] 0.15 | 0.28 | 0.11
pd | 0.37 | 0.20 | 0.15 ] 0.00 | 0.29 | 0.22
pH | 0.34 014 |1 0.28 1 0.29 | 0.00 | 0.39
p6 | 0.23 | 0.25 ] 0.11 ] 0.22 | 0.39 | 0.00

0.20

0.15 4 ]

0.10 A

0.05 -+

0.00
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BREDh: BIRERE

BRRNERRBE—MAX(£5E)

P <R 3T B FE R
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o Y Liu, Z Li, H Xiong, X Gao, J Wu, "“Understanding of internal
clustering validation measures” . ICDM 2010.

o Yanchi Liu, Zhongmou Li, Hui Xiong, Xuedong Gao, Junjie Wu, Sen
Wu, “ Understanding and Enhancement of Internal Clustering
Validation Measures” , IEEE Transactions on Cybernetics (TC), Vol.
43, No. 3, pp. 982-994, 2013.

o J Wu, H Xiong, J Chen, “Adapting the right measures for k-means
clustering” . KDD 2009.

“The validation of clustering structures is the most difficult and frustrating part of cluster
analysis. Without a strong effort in this direction, cluster analysis will remain a black art
accessible only to those true believers who have experience and great courage.”

Algorithms for Clustering Data, Jain and Dubes
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= Mixture Model Clustering
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= Shared Nearest Neighbor (SNN)
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