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For Images,  

it should be at least 150dpi,  
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Image Clustering 

Paper ID: 607 

• Task: Cluster images taken in an open kitchen/living 

room (see above) into their location. 

• Unconstrained images; very hard for computer vision. 

• Collect similarities using HITs on Mechanical Turk: 

Query: “How likely is it that two photos were taken 

in the same room?” 

• Use median response of three workers as similarity. 

 

Image Clustering with Noisy Similarities 

 

 

 

 

 

 

 

 

 

 

 

 

Spectral clustering 
 

• Let 𝑊 = 𝑤𝑖𝑗  be a matrix of pairwise similarities. 

Define 𝐿 = diag 𝑊𝟏 −𝑊. Find the embedding 𝑣∗ 

𝑣∗ = argmin𝑣𝑣
𝑇𝐿 𝑣 = argmin𝑣 𝑤𝑖𝑗 𝑣 𝑖 − 𝑣 𝑗

2

𝑖𝑗

 

                s. t. 𝑣𝑇𝑣 = 1, 𝑣𝑇𝟏 = 0. 
 

• Cluster by thresholding 𝑣∗ at 0: 𝑐𝑖 = sign 𝑣
∗ 𝑖 . 

• Pairwise similarities are often expensive to acquire. 

• Common to impute 0 for missing similarities 𝑤𝑖𝑗, but 

performance can be poor if missing at random. 

• Want to do better by actively choosing subset of 

similarities. 

 

Cluster Uncertainty 
 

For 𝑖 if ∀𝑗, 𝑤𝑖𝑗 ≈ 𝑐 > 𝑐0 we have 𝑣∗ 𝑖 ≈
 𝑣∗(𝑗)𝑗≠𝑖

𝑛−1
≈ 0.  

Points that are sufficiently similar to all other points tend 

to lie near threshold. Clustering is most “uncertain” 

about points near threshold.  

 

Algorithm Sketch 
 

• Try to push embedded clusters apart: Incrementally 

measure similarities so few points lie near threshold.  

 

 

 

 

 

 

 

 

 

 

• Embedding 𝑣∗ is an eigenvector of 𝐿. So 
𝑑𝑣∗(𝑘min)

𝑑𝑤𝑖𝑗
 

can be computed using matrix perturbation theory. 

• If 𝐿 =   λ𝑖𝑣𝑖𝑣𝑖
𝑇

𝑝 , with 0 = λ1 ≤ ⋯ ≤ λ𝑛, then  
 

𝑑𝑣∗(𝑘min)
𝑑𝑤𝑖𝑗

=  
𝑣2
𝑇 𝜕𝐿 𝜕𝑤𝑖𝑗 𝑣𝑝
λ2− λ𝑝

𝑣𝑝(𝑘min)

𝑛

𝑝>2

. 

 

• Exploits emerging structure in a partial clustering as 

a guide to active learning. Works well if dataset 

actually clusters. 

• Shamir and Tishby do not assume dataset clusters 

and do not exploit emerging structure as a guide. 

Noisy Similarities 
 

• Similarities are often noisy. E.g. Mechanical Turk, 

biological experiments, etc. 

• Can reduce noise by computing median. Expensive! 

• Gradient 
𝑑𝑣∗(𝑘min)

𝑑𝑤𝑖𝑗
 gives noise sensitivity of embedding. 

Tells us which similarities need to be known accurately. 

• Augment algorithm: 

• Maintain running median 𝑤𝑖𝑗  of each similarity using 

repeat measurements. 

• Estimate associated standard deviations σ𝑖𝑗. 

• Measure similarity that is most uncertain and would 

most change the embedding, if it were perturbed: 
 

𝑖∗, 𝑗∗ = argmax 𝑖,𝑗 σij
𝑑𝑣∗(𝑘min)
𝑑𝑤𝑖𝑗

. 
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Iterate 

1)  Impute missing similarities in 𝑊 by 0; solve for 𝑣∗. 
2) Let 𝑘min = argmin𝑖|𝑣

∗ 𝑖 |, and find the similarity 

that would most change the embedding near the 

threshold, if it were perturbed: 
 

        𝑖∗, 𝑗∗ = argmax 𝑖,𝑗 ∈Unobserved
𝑑𝑣∗(𝑘min)

𝑑𝑤𝑖𝑗
. 

 

3) Measure 𝑤𝑖∗𝑗∗ and add it to 𝑊. 

One Minute Summary 
 

Spectral clustering assumes all pairwise similarities are 

known exactly. This can render it unsuitable when 

similarities are expensive or noisy. We propose an 

iterative algorithm that uses intermediate clusterings to 

choose which similarity to measure next in order to  

remove clustering uncertainty. Our method relies on 

matrix perturbation theory and outperforms a related 

algorithm by Shamir and Tishby. An extension to noisy 

measurements is straightforward. 


