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k-Means/Sum of Squares Clustering: Complexity and Approaches

k-means is NP-hard, even for k = 2.1

Aloise et al., NP-hardness of Euclidean sum-of-squares clustering

2Arthur & Vassilvitskii, k-means++-: The Advantages of Careful Seeding
3Bahmani et al., Scalable k-means--
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» k-means]| |
= uniform random sampling

= Lloyd's algorithm for local search
= lterate until timeout

= Accelerate each step on GPU

Small k: k-means++ and || are very good

We have large n and k, e.g. n = 5e6 and k = led.
Large n/k: Only Lloyd’s algorithm matters (right)
Conclusion: Want to accelerate Lloyd’s algorithm
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1. Initialization: Sample k centroids uniformly
from the dataset.

2. lterate (local search):
Assignment: Assign each point to the
nearest centroid.
Mean Computation: Update each centroid
to be the average of points assigned to it
Bottleneck is Assignment step
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Lloyd’s k-Means Method

1. Initialization: Sample k& centroids uniformly
from the dataset.

2. lterate (local search):
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Lloyd’s k-Means Method

Iter 3a: Assign Labels

1. Initialization: Sample k centroids uniformly
from the dataset.

2. lterate (local search):
Assignment: Assign each point to the
nearest centroid.
Mean Computation: Update each centroid
to be the average of points assigned to it. °
Bottleneck is Assignment step.
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Lloyd’s k-Means Method

Iter 3b: Compute Means
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Lloyd Iterations with a Black-box ANNS Data Structure

(Surprisingly) new alternative iteration approach:

= Build: Construct an approximate nearest
neighbor search (ANNS) data structure on the
centroids.

= Assignment: Use the data structure to assign
each data point to its nearest centroid
approximately.

= Mean Computation: Unchanged

'Borodin et al., Lower Bounds for High Dimensional Nearest Neighbor Search

2Liu, A strong lower bound for approximate nearest neighbor searching

3Malkov & Yashunin, Efficient and Robust [ANNS] Using Hierarchical Navigable Small World Graphs

“Raschka et al., Machine Learning in Python: Main developments and technology trends [..] 6/10
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Why ANNS? Exact-NN has a linear lower bound in
high-dimensions!.

ANNS has strong lower bounds too?, but good
widely-used heuristics exist.
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Lloyd Iterations with a Black-box ANNS Data Structure
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More Results
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Conclusion + Open Theory Question

Is this algorithm, or a similar one, directly
comparable to some variant of Lloyd's algorithm?

A one-line algorithm change gives good starting
point' (tad worse in practice, better in theory?)
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