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η̃1 ≤ η̃2 ≤ … ≤ η̃L*−1

Residual Sum of  Squares search through 
different partitioning penalised maximum 

likelihood e.g., LASSO
n, p → ∞

[Zhang et al. 2015, Leonardi and Bühlmann 2016, Lee et al. 2016, Rinaldo et al. 2021]
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Sparse prior: penalised maximum likelihood + partitioning 

Sparse difference prior: complementary sketching 
[Wang et al. 2021, Gao and Wang 2022]

[Zhang et al. 2015, Leonardi and Bühlmann 2016, Lee et al. 2016, Rinaldo et al. 2021]

We address these limitations via:

[Donoho et al. 2009, Bayati and Montanari 2011, Rangan 
2011, Berthier et al. 2019, Celentano and Montanari 2022, 
Feng et al. 2022, Gerbelot and Berthier 2023]

Approximate Message Passing (AMP)

Limitations:
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deterministic 
scalar recursion
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LASSO+partitioning: ,  
AMP: 

O(n2p2) O(n3)
O(np)

Computational cost:



Experiments on real images

Ground truth 
signals:

Estimated signals 
after 10 AMP 

iterations:

β(1) β(2) β(3)
Posterior:
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Future work:  
generalised linear models, 
beyond iid Gaussian  matrices, 
online change point inference…

X

First work to apply AMP algorithms to change point inference: 
   ( , )n, p → ∞ n/p → δ


