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Outline

• Motivating example and problem setup

• Proposed method: Denoising Score Matching CUSUM

• Theoretical analysis

• Simulation and real data results
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Seismic events

Modern data acquisition enables high-resolution catalogues and high-
dimensional geophysical monitoring signals to be collected.

Challenges: 

• Signals embedded in high-
dimensional data are hard to 
capture

• The distribution before/after 
change are unknown and 
difficult to estimate.
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Estimating densities 𝑝0, 𝑝1 may be hard Estimating scores 𝑠0, 𝑠1 are typically easier

Wu, S., Diao, E., Banerjee, T., Ding, J., & Tarokh, V. (2023). Quickest change detection for unnormalized statistical models. IEEE TIT.

Example (unnormalized models): 𝑝𝜃 𝑥 = exp(𝐹𝜃(𝑥))/𝑍𝜃 ⟺ 𝑠𝜃 𝑥 = 𝐹𝜃′ 𝑥
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𝑖𝑖𝑑 𝑝0 (unknown),    𝑥𝜏, 𝑥𝜏+1, … ∼𝑖𝑖𝑑 𝑝1 (unknown)

• Assume reference datasets 𝐷0 and 𝐷1 sampled from 𝑝0 and 𝑝1 (typically available by 

pre-collected historical data).

• Goal: detect the unknown change-point 𝝉 as quickly as possible.
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• Score: 𝑠 𝑥 = ∇𝑥 log 𝑝 𝑥

• Can be reliability estimated via Score-Matching:
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1

𝑁
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1

2
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2]

➢ 𝑠 𝑥; 𝜃 is typically parameterized as a neural-network

➢ Theoretically guaranteed to be consistent estimator

Hyvärinen, A. and Dayan, P. Estimation of non-normalized statistical models by score matching. Journal of Machine Learning Research, 2005.
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➢ Initialize 𝒮0 = ⋯ = 𝒮𝑤 = 0, መ𝜃𝑤 = 𝜃0; 

➢ For t = w+1, … update the score function parameter:

➢ Update the detection statistics 𝒮𝑡 similarly with Δ 𝑥𝑡 =
𝐻 𝑥𝑡; Ƹ𝑠0 − 𝐻(𝑥𝑡; Ƹ𝑠෡𝜃𝑡), and compare to detection threshold  
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• Sequentially estimate the post-change score function:

“denoising score 

matching objective” on 
most recent 𝑤 samples
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Sequential change detection

• Seminal works [Page, 1954] [Lorden, 1971] [Pollak, 1985] [Moustakides, 1986] [Lai, 
1998], etc.

• Recent books [Tartakovsky et al, 2015] [Tartakovsky, 2020], etc.

• Data-driven and non-parametric methods (based on density estimation): 
[Moustakides and Basioti, 2019] [Liang and Veeravalli, 2023] [Li et al, 2015], etc.

Score-method method for sequential change detection

• Hyvärinen score-based CUSUM (SCUSUM) [Wu et al, 2023] (a series of work) 

• Bayesian settings [Banerjee and Tarokh, 2024]

• Robust score-based cumulative sum (RSCUSUM) algorithm [Moushegian et al, 
2025]
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assumptions, we have with high probability, 

Theoretical guarantee
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Detection Delay ≤
𝑏

𝐷𝐹(𝑝1 𝑝0 − 𝜖𝐷𝑆𝑀
(1 + 𝑜 1 )

Under the offline score estimation setting, for a given threshold 𝑏, and under regularity 

assumptions, we have with high probability, 

Theoretical guarantee

Fisher divergence Error term caused by DSM

The error term 𝜖𝐷𝑆𝑀 contains two 
components:

• The score estimation error
• The distribution perturbation error

Oringinal distribution Perturbed distribution

Takeaway: it’s better to learn score functions more accurately 
when using an appropriate level of noise injection.
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From Gaussian 
mixture

From Neural 
Network

GM Data NN data

Detection Delay vs. False Alarm Measures
Lower, the better



Simulation Experiments: why it works?
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Our method works because it can accurately learn the score function.

Estimated score function

True score function



A real example
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● A moderate-size earthquake in 2014

● Four types of signals (water temperatures and water levels) 
hourly collected at three monitoring stations, over a two-year 
period.

Actual earthquake time



Conclusion
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● Proposed a denoising score matching based algorithm for 

sequential change detection

● Validated efficiency of our method on both synthetic and 

real world data

● Future directions: detection for multi-modal data, such as 

spatio-temporal data, graph data, etc.

Wenbin Zhou, Liyan Xie, Zhigang Peng, Shixiang Zhu. Sequential Change Point Detection via Denoising Score Matching. arXiv 2501.12667. 
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