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Moblie CrowdSensing & Deep-Learning Model

Deep learning models are widely used in the 
downstream stage of Sparse MCS.
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Data Importance

The random method doesn’t consider the importance 
of the data.



Data Importance

How to evaluate the importance of spatiotemporal data?

Data Correlation 

 One of the most typical characteristics of 
spatiotemporal data.

How to evaluate the correlation of spatiotemporal 
data between different spatiotemporal positions? 



How to evaluate the importance of spatiotemporal data?

Data Importance for Model

 Data at different spatiotemporal positions have 
different importance for the model.

 How to evaluate the importance of the 
spatiotemporal positions for the Transformer-like model?
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Representativeness

Choose the most critical one among the complex 
spatiotemporal correlations – similarity.

Similarity is always important in various sensing tasks. 

Q: How to evaluate the similarity?
A: Using the high-dimensional feature vectors from the 

Encoder. 
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The spatiotemporal embedding layer

Representativeness



For the Transformer, the self-attention mechanism is 
the key component.

Self-attention scores   A long-tailed distribution.

Informativeness
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Actively Select

The importance scores of spatiotemporal positions i:

� � = 푅�� � + 퐼��(�)

Actively select the top K spatiotemporal positions.
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Data Set

Urban Environment: Humidity & PM2.5

Urban Traffic: Traffic Volume Viewer



Main Result

 Inference accuracy under different sensing ratios with 
different inference methods.
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Inference accuracy under different sensing ratios with 
different sensing methods.

Main Result
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 Error increase compared to TAS on three data set.

Main Result
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 What is an active sensing method? 
Actively selecting important spatiotemporal positions 
to sense the training data.

 How to evaluate the importance?
Representativeness  Similarity.
Informativeness  Self-attention Scores.

 How about the performance?
Three experiments have demonstrated the 
performance of the method.

Conclusion
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