
Physics-Coupled Spatio-Temporal 

Active Learning for Dynamical Systems
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Spatio-Temporal forecasting(STF)  

extends traditional time series forecasting or spatial
interpolation problem to space and time dimensions. 

nonlinear high-
level features

GWR, ST-kriging

lack of interpretability

Imperfect model 
structure
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Challenges

⚫ high cost of data acquisition

where and when to query 
the data within constraints

AL

ocean data:
• need trained scientists
• cost limits the total number of sensors
• increasing costs does not necessarily mean 

improved model predictions
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⚫ infer the underlying causes

homogeneity and heterogeneity

driven by the physical laws 

how data is generated

how data is propagated

Challenges

impacted by the spatial 
and temporal regions



5

Contributions

• propose an active learning algorithm for spatial-temporal
dynamical systems.

• propose ST-PCNN, which captures heterogeneity from all 
spatial locations.

• propose embedding a physics learning module to learn the 
inherited homogeneity.

• conduct extensive experiments and comparative studies on 
both synthetic and real-world datasets.
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Procedure

GP

Pos + LSTM

Kriging(GPR)
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Framework
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ST-PCNN

bi-network architecture:
• forecasting network (FN): produces heterogeneous prediction 

leveraging its own specific local attributes only
• physics network (PN):  generates homogeneous solution of the 

dynamics regularized by the overall underlain governing physics
produce the final prediction by synthesizing heterogeneous prediction 
and homogeneous prediction
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FN

Static data: representing node location
Dynamics: representing dynamics of node 
(temperature, conductivity and velocity)
Lateral info: capturing interaction between each 
node and its neighbors

Predicted dynamics
Additional lateral information
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FN

FN encodes each view using a fusion layer

features are then fed into an LSTM to model the node-specific 
interactions

An output layer is stacked to transform the LSTM output into the 
expected dynamic prediction and additional lateral information 



11

FN

Positional Encoding

Why?
Transformer ditched the recurrence mechanism, word order 
information is lost 

Position and order of words define the grammar and actual 
semantics of a sentence.

How?

assign a number within the [0, 1] range in which 
0 means the first word and 1 is the last 

assign a number to each time-step linearly

can’t figure out how 
many words are present 
within a specific range

values get quite large;
model may face sentences 
longer than the ones in training
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FN

output a unique encoding for each time-step (word’s 
position in a sentence)
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FN

allows the model to attend relative positions effortlessly
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PN

prior:

estimation:

joint distribution:

conditional predictive distribution:

fit GP model get coefficients of PDE homogeneous prediction
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PN

Estimating the PDE coefficients requires derivatives of the state 
variable (fitted by a GP model) with respect to independent variables. 

for constant mean GP, the first order derivative:

the second-derivative:
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PN

the residual error in the PDE at an observed point is given by:

minimizing the sum of square of residual error (SSRE)



17

Kriging Sampling for Active Learning

mean squared error (MSE) of this prediction:

AL

based on informativeness

based on representativeness

least confidence 
first
margin sampling

entropy

Density

Advantages:
Nonparametric
obtain model's uncertainty directly
fit for nonlinear data
Disdvantages:
need to calculate inverse matrix of 
all training data points
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EXPERIMENTS

• Reflected Wave Simulation Data 
• Gulf of Mexico (GoM) Loop Current Data

Ablation study:
Random sampling
Without physics learning
All data available
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EXPERIMENTS
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EXPERIMENTS
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EXPERIMENTS


