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We need many clusters 

Increasing number of clusters 

Problem: Search time, storage cost  
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𝑘 = ℎ𝑚 centers 

𝑂(𝑚ℎ) parameters 
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Iterative Quantization [Gong & Lazebnik, CVPR’11] 







Product Quantization [Jegou, Douze, Schmid, PAMI’11] 
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Independent NNS  
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Update 𝑅 by SVD to solve 

Orthogonal procrustes 
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∀ 𝑖 ≠ 𝑗   𝐶(𝑖) ⊥ 𝐶(𝑗) 

𝒃(𝑚) 
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𝒃(1), … , 𝒃(𝑚) ∈ 𝐻1
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#centers: 𝑘 = ℎ𝑚 

Storage cost: O 𝑘
𝑚

 

Search time:O( 𝑘
𝑚
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𝑥 ≈ 𝐶 1  … 𝐶 𝑚
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Cartesian k-means 

 ok-means 

 ℎ = 2 

 𝑘 = 2𝑚 

 𝑚 = 1 

 k-means 

𝑚 subspaces, ℎ regions per subspace 

compositionality 
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77.9% 
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ITQ 
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PQ 



Thank you for your attention! 

 

Please ask questions :-) 



Cartesian k-means 

𝐷(1)𝑏(1) 

𝐷(2)𝑏(2) 

≈ 

𝑅(1) 

𝑅(2) 

𝑥 



𝐶 = identity Learn 𝐶 


