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Want to understand how underlying data generating mechanisms change over time
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penalised maximum np — 0o

likelihood e.g., LASSO

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

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

Limitations: We address these limitations via:
o Restricted to certain signal priors Approximate Message Passing (AMP)
e Provide point estimates, without uncertainty ‘Donoho et al. 2009, Bayati and Montanari 2011, Rangan
T . 92011, Berthier et al. 2019 Celentano and Montanari 2022,
quantification Feng et al. 2022, Gerbelot and Berthier 2023]
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Similar result in terms of posterior p( | @', y)

6/10



7/10



Simulation results




Hausdorff distance

0.1 -

Simulation results

Hausdorff distance

|
AMP 2 chgpts at [0.2n, 0.8n]

Theory ‘
AMP 2 chgpts at [0.3n, 0.7n]
| Theory
4
f v o i
0.5 1.0
O =n/p

7/10



Hausdorff distance

Hausdorff distance

|
AMP 2 chgpts at [0.2n, 0.8n]
Theory ‘

0.1-
AMP 2 chgpts at [0.3n, 0.7n]
Theory
/‘,
i
0.0 1~ : ' .
0.5 1.0

0

n/p

Simulation results

Posterior
0.15 -
6=0.5 - True change points
---- Theory
AMP
-,#‘E\ VAR _
P L " E \‘\» ______ _ =% M=t s\_-
0.00 i S iy
0.15 - -
0=1.2 : :
5 i
) i
i A\
l\‘l i) NN I,: ‘\
0.00 L el e
0.1n 0.5n 0.9n

7/10



8/10



Comparison with other algorithms



Comparison with other algorithms

)
O
C
O
I
T 0.5
O
S
S ] Pm==~de___
< 0.0- e it bkt ===
I
— 40001 —1- AMP
P DPDU
=S
£ 2000- DCDP
s DP
a'd
0- e tostesdostosleioniosdosioslfesteettestestetestesheentes -
0.5 1.0 1.5 2.0 2.5 3.0 3.5

8/10



Comparison with other algorithms

)
O
C
O
I
T (.5-
O
S
S ] Pm==~de___
< 0.0- e it bkt ===
I
— 40001 —1- AMP
P DPDU
=S
£ 2000 DCDP
s DP
a'd
0- e tostesdostosleioniosdosioslfesteettestestetestesheentes -
0.5 1.0 1.5 2.0 2.5 3.0 3.5

Computational cost: LASSO+partitioning: O(n“p?), O(n°)
AMP: O(np)
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Future work:
oeneralised linear models,
beyond 1d Gaussian X matrices,

online change point inference...
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