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Clustering with Qualitative information 

• Also in MAP-Inference in graphical models, Link Prediction.  

Clustering with qualitative/relational information.  

Given 𝐺(𝑉, 𝐸) with edge labels “+” or “−” on each edge.  



Correlation Clustering [Bansal-Blum-Chawla] 

Aim: Learn ground-truth clustering  𝑃∗ by optimization.  
Find 𝑃 = 𝑃1, 𝑃2 … 𝑃𝑘    

𝑚𝑖𝑛𝑃 𝐸+ ∩ 𝐸𝑑𝑔𝑒𝑠𝑐𝑢𝑡 𝑃  + |𝐸− ∩ 𝐸𝑑𝑔𝑒𝑠𝑛𝑜𝑡−𝑐𝑢𝑡 𝑃 | 

𝐺(𝑉, 𝐸) is given. 𝐸 = 𝐸+ ∪ 𝐸− .   𝐸+ : similar ,  𝐸− : dissimilar   

𝐺(𝑉, 𝐸) 

Worst-case: APX-hard, UG-hard to get good approximation [CGW03].  
Algorithm: 𝑂 log 𝑛  factor approximation to objective [CGW03,DEFI05]. 

• Number of clusters (𝑘) not specified. 
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Probabilistic Model 

𝐺(𝑉, 𝐸): arbitrary/worst-case.   
Ground-truth clustering 𝑃∗ = 𝑃1

∗, 𝑃2
∗ … 𝑃𝑘

∗  

Model generation: 

1.  𝐸+
∗ : edges inside clusters of 𝑃∗  

2.  𝐸−
∗ : edges between clusters of 𝑃∗ 

      (𝑃∗ has cost 0 w.r.t. 𝐺(𝑉, 𝐸∗). 
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3. Sign of edges flipped with probability 
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Prior work 

[Bansal-Blum-Chawla04, Mathieu-Schudy10]: 𝐺(𝑉, 𝐸) is a complete 

graph. 

[Abbe-Bandeira-Bracher-Singer14, Chen-Sanghavi-Xu14]: 𝐺(𝑉, 𝐸) is 

Erdős–Rényi random graph 𝐺(𝑛, 𝑝) with 𝑛𝑝 ≥ 𝑘2 log𝑂(1)𝑛. 

[Globerson-Roughgarden-Sontag-Yildrim15]: 𝑘 = 2, grid graphs, planar 

graphs.   

This paper 
No strict assumption about the underlying graph G(V,E) 



Our Results 

Thm 1. Poly(𝑛, 1/𝛿) time algorithm w.h.p obtains clustering of cost 
1 + 𝛿 𝑂𝑃𝑇 + 𝑛. log3𝑛. for any graph 𝐺(𝑉, 𝐸).   

Algorithm that attains good Objective value 
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Learning ground-truth clustering ?? 

Need assumptions about G(V,E) to 
recover ground-truth clustering! 

Thm 2.  Polytime algorithm (using semi-definite programming) that 
w.h.p. recovers ground truth 𝑃∗ up to accuracy 𝜂 that depends 
(polynomially) on inter-cluster density, expansion inside clusters, 
approximate regularity. 
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Thank you! 


