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Hierarchical Agglomerative Clustering
while not complete_tree

agglomerate(argmax g(ci, cj))

However, there are 2 significant drawbacks



Hierarchical Agglomerative Clustering
while not complete_tree

agglomerate(argmax g(ci, cj))

argmax can scale quadratically in num. points 

Not scalable to large datasets, scales O(N2 logN)
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Hierarchical Agglomerative Clustering
while not complete_tree

agglomerate(argmax g(ci, cj))

Data continuously arriving

No support for online / incremental setting



This Work

Scalable, incremental alterative to HAC 

Support any linkage, discover meaningful clusterings 

Theoretically motivated & Empirically effective.
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‘

Grafts for Global  
Re-arrangements

“…GRINCH may  
steal a subtree…”
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Incremental 
Operation 

Dataset ordering

Rotations for Local 
Re-arrangements

At a high level:

‘

Grafts for Global  
Re-arrangements

Use with any linkage function
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GRINCH
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new point arrives
x
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GRINCH
def insert(x, g): 
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We compare GRINCH to:

ROTATE GRINCH without the graft procedure

ONLINE GRINCH without rotate or graft procedures

PERCH [Kobren et al, 2017] Efficient, highly performant 
bounding box-based incremental method

Mini-batch  
HAC

Streaming variant of agglomerative clustering

HAC Highly performant, but not scalable bottom up 
hierarchical agglomerative algorithm  
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ALOI Speaker

100K Points 
1000 Clusters

36K Points
5K Clusters

50K Subset
1000 Clusters

ImageNet

100K Subset
17K Clusters

Covertype 

500K Points
7 Clusters

We evaluate GRINCH on:
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Theoretical Results
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New separation assumption— model-based separation:  
significantly more general than typical assumptions. 

We prove that for datasets satisfying model-based separation, 
GRINCH will recover a hierarchical clustering with  

dendrogram purity equal to 1.0 regardless of input order.



Summary
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Grafting and 
Rotation-based 
INCremental 
Hierarchical 
clustering

GRINCH Scalable, incremental hierarchical clustering 
alternative to agglomerative clustering.

Empirical results validating quality of 
GRINCH’s clusterings

Theoretical results proving correctness 
of GRINCH

Uses novel tree re-arrangements (rotate, graft) 
to efficiently reconsider past decisions.
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