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s Name: Daichi Amagata (x75 ki)

m Job: Assistant Professor at Osaka University
o BE: Osaka University
o MSc: Osaka University (124 K54 [Lsenior student?= > 7-)
o Ph.D. (information science) Osaka University (BBIRGLAEISEH TR DOEIEIEY)
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m Love;

o Football (watching w-cup, EURO, and champions league)
O Reading comics (>1800 e-comics ) a
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[1] K. Aoyama et al., “Simpler is Much Faster: Fair and Independent Inner Product Search,” In SIGIR, 2023.
[2] D. Amagata, “Independent Range Sampling on Interval Data,” In ICDE 2024.
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Fair k-center clustering with outliers [3]

* - [ Il
§* = argmingep\p,,,, |s|=kvie[1,m], |snP;<k; _Max dist(p,S)
PEP\Poyt

There is an 0(nk) time algorithm that needs 0(n) space and yields a (3 + y)-approximation result for the fair (k, (1 + €)z)-center

k-1
clustering problem with probability at least (1 —2) (=) , by returning exactly k centers and removing at most (1 + €)z points.
g n/ \1+€

Y ®
¢ @ o ® o o
o . ‘ .
o° O

® e ° ® e °
°e’ o} ° 0 o

® ® °o o °

Y Y

[3] D. Amagata, “Fair k-center Clustering with Outliers,” In AISTATS 2024,
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