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❖ Mobile CrowdSensing (MCS)

▪ Task publisher

▪ Server platform 

▪ Task executor 
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❖ Sparse MCS



1. Introduction and challenges

Exemplary scenarios illustrating physics-inspired 
decomposition for interpretable spatiotemporal 
completion ideas and challenges in sparse crowdsensing.
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1. Introduction and challenges

❖ Challenges

▪ the effective component decomposition 
method

▪ the subsequent processing after 
decomposition

▪ the spatiotemporal completion accuracy 
achieved by the physics-inspired method
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▪ The framework employs physics-inspired decomposition 
for interpretable spatiotemporal completion. 
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2. Contributions

❖ Our work has the following contributions:

▪ We propose a novel spatiotemporal completion 
framework MCWDD, which uses PDEs to decompose data 
matrices into three physically interpretable components.

▪ MCWDD employs analytical regularization to enforce 
strong low-rank properties in each component.

▪ The combination of data and knowledge enabling robust 
completion for weak low-rank data.

▪ Extensive experiments on synthetic and real-world data 
show MCWDD achieves higher completion accuracy.
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3. Model

❖ Wave and Diffusion Decomposition Module
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Loss Function:



3. Model

❖ Physics-Data Fusion Module
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Deep Interaction Layers:

Loss Function :

Regularization PenaltyMSE Loss Physics Loss

…
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4. Experiments

❖ Statistics of two evaluation datasets.

❖ Baselines
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4. Experiments

❖ RQ1: How do the hyper-parameters affect the 
performance of MCWDD
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▪ Impact of Hyper-Parameters:

wave speed & diffusion coefficient

Completion error vs. 

wave speed

Completion error vs. 

diffusion coefficient



4. Experiments

❖ RQ2:  Whether the performance of MCWDD in 
terms of data completion accuracy exceeds the 
baseline method
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▪ Robustness Analysis:

Completion error vs. sensed ratios

U-Air Sensor-Scope



4. Experiments

❖ RQ3: How much impact does each component of 
WDD have on data completion results
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4. Experiments

❖ RQ4: How does the removal or alteration 
of specific components affect the overall 
performance of MCWDD
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▪ Completion error of PM2.5/PM10 vs. sensed ratios over U-Air

▪ Completion error of Temperature/Humidity vs. sensed ratios 
over Sensor-Scope



4. Experiments

❖ RQ5: What is the training cost of MCWDD?
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▪ Inference accuracy under different input time steps

▪ Training Time over U-Air and Sensor-Scope
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Thank you for listening!

Q&A


