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What is Hierarchical Clustering?
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What is Hierarchical Clustering?

« Set S of n data points
* Pairwise dissimilarity — Euclidean distance
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Divisive Methods

* Split using k-means with k = 2
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Agglomerative Methods

* Assign cost to merging a pair of clusters
* [teratively merge pairs with lowest cost
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Agglomerative Methods

* Assign cost to merging a pair of clusters
* [teratively merge pairs with lowest cost
* How to assign the cost?

’\ Single Linkage: rE,Ianer%zréBd(x'y)

Centroid Linkage: rmgn d(u(A), u(B)) “
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Motivation

 Popular data analysis tool

* Large sequential runtime observed in practice
« Q(n?) time complexity for many methods

* Is there a way to improve scalability of standard methods?



Massively Parallel Computation

* Inspired by Spark and

MapReduce q j _
« m machines with space
rn. Ideally s z% P ” \\ | Communication
« Computation runs for r q j j j” j
N

Computation

rounds N <

 Want small number of j j...j

rounds - O(logn)
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Related Work

« MPC algorithms for Single Linkage

« [Bateni et al,, Jin et al,, Yaroslatsev et al.]
* Single Linkage < Minimum Spanning Tree

* Many results for Minimum Spanning Tree in MPC
« [Andoni et al., Bader et al., Karloff et al., Lattanzi et al., Qin et al.]



The Main Ditficulty

* Need to make decisions sequentially!
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The Main Ditficulty

« What if we could merge anything within 267
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The Main Ditficulty

« What if we could merge anything within 267
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Close Hierarchical Clustering

* Relaxation of standard methods
 Closeness - worst case measure for quality
 Algorithm a-close if for every merge/split:
algorithm chooses sets A’, B’ such that

c(A",B') <a- min c(4,B)

_— A,BEF\

e.g. 2-means cost, Current feasible splits/merges
distance b/w centroids




Results

* Give efficient a-close MPC algorithms
 Divisive k-means

« a =0(1), O(logn) rounds
 Centroid Linkage

« a = 0(log?n), O(log?n) rounds

« Empirical Results
 Closeness typically small
 # of rounds scales logarithmically



Divisive k-means

« Computing k-means well studied in MPC
* 0(1) round algorithms known

 Problem: split given by k-means may be very unbalanced




Divisive k-means

« Want to reassign points in split S;,S5, while maintaining:
« Reassignment only increases 2-means cost by 0(1)-factor
* Either size or diameter of each set decreases geometrically

 Let A be the diameter of S
« Reassign points in
(@ points) — (® points)

24



Centroid Linkage

« Want to find pairs of clusters w/ nearby centroids

* [dea: use ideas from approximate near neighbor search
* Locality Sensitive Hashing [Indyk et al., Datar et al.]
« Hash function where nearby points more likely to collide

« Use LSH to partition point set
* Do merges within a partition in parallel



Experiments - Closeness

Size  Shuttle Skin Covertype Size  Shuttle Skin Covertype
<1000 151 161 1.51 =1000 274 266 238
2000 169 174 1.58 2000 266 256 270
3000 276 225 272
3000 174 1091 1.22 1000 250 &9 _
4000 157 210 1.74 =000 ) 316 L8l
5000 - 1.19 - 6000 1.84 _ _
6000 - 2.30 - 7000 248 340 2.11
8000 1.64 ; 2.01 8000 272 116 i
>10000 174 184 1.07 9000 i i 1.92
Overall 152 161 1.51 >10000 1 284 1

o , Overall 274  2.66 2.38
Divisive 2-means (Reassignment) Centroid Linkage (LSH)



Experiments - Rounds
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Conclusion

* Give efficient MPC algorithms which approximately simulate
divisive k-means and centroid linkage methods

 Future work: extend to other agglomerative methods

 Average Linkage
« Ward's Method
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Thank You!
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