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System identification generally does not guarantee 

filtering or prediction performance
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Goal: 

Directly learn the filter procedure to predict from history to 
future observations. 

•Similar to Recurrent Neural Networks 
•Performance guarantees on prediction errors 
•Good practical performance
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Experiments

xt+1 = Axt + ✏x, ✏x ⇠ N (0, Q)

yt = Cxt + ✏y, ✏y ⇠ N (0, R)

Learn linear models: 
• PSIM with Forward Training (length 2 predictive state)

• PSIM with DAgger (length 2 predictive state)

• 5 Autoregressive models (history lengths = 5,10, 20, 30, 35)

• N4SID

Compare ratio of error of learned predictor to true Kalman Filter Error

with different amounts of training data
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log (error of learned predictor / true Kalman Filter Error)

                 

Data Aggregation



log (error of learned predictor / true Kalman Filter Error)

                 

Data Aggregation

Autoregressive Model



Experiments on Real Dynamical Systems

Filtering Goal: predict multi-step future observations, conditioned on 
history




Experiments on Real Dynamical Systems

Filtering Goal: predict multi-step future observations, conditioned on 
history




Pred. Step 1 Pred. Step 2 Pred. Step 3 Pred. Step 4

Av
g.

 F
ilt

er
in

g 
Er

ro
r

0
1
2
3
4
5
6
7
8
9

Robot Drill Assembly

RFF + Linear
Linear
IVR
N4SID

Pred. Step 1 Pred. Step 2 Pred. Step 3 Pred. Step 4

Av
g.

 F
ilt

er
in

g 
Er

ro
r

0
2
4
6
8

10
12
14
16
18

Motion Capture

RFF + Linear
Linear
IVR
N4SID

Pred. Step 1 Pred. Step 2 Pred. Step 3

Av
g.

 F
ilt

er
in

g 
Er

ro
r

0

50

100

150

200

250

300

350
Beach Video Texture

RFF + Linear
Linear
IVR
N4SID

Multi-Step Error: PSIM VS Spectral Methods



Pred. Step 1 Pred. Step 2 Pred. Step 3 Pred. Step 4

Av
g.

 F
ilt

er
in

g 
Er

ro
r

0
1
2
3
4
5
6
7
8
9

Robot Drill Assembly

RFF + Linear
Linear
IVR
N4SID

Pred. Step 1 Pred. Step 2 Pred. Step 3 Pred. Step 4

Av
g.

 F
ilt

er
in

g 
Er

ro
r

0
2
4
6
8

10
12
14
16
18

Motion Capture

RFF + Linear
Linear
IVR
N4SID

Pred. Step 1 Pred. Step 2 Pred. Step 3

Av
g.

 F
ilt

er
in

g 
Er

ro
r

0

50

100

150

200

250

300

350
Beach Video Texture

RFF + Linear
Linear
IVR
N4SID

Multi-Step Error: PSIM VS Spectral Methods

Kernel Regression



Pred. Step 1 Pred. Step 2 Pred. Step 3 Pred. Step 4

Av
g.

 F
ilt

er
in

g 
Er

ro
r

0
1
2
3
4
5
6
7
8
9

Robot Drill Assembly

RFF + Linear
Linear
IVR
N4SID

Pred. Step 1 Pred. Step 2 Pred. Step 3 Pred. Step 4

Av
g.

 F
ilt

er
in

g 
Er

ro
r

0
2
4
6
8

10
12
14
16
18

Motion Capture

RFF + Linear
Linear
IVR
N4SID

Pred. Step 1 Pred. Step 2 Pred. Step 3

Av
g.

 F
ilt

er
in

g 
Er

ro
r

0

50

100

150

200

250

300

350
Beach Video Texture

RFF + Linear
Linear
IVR
N4SID

Multi-Step Error: PSIM VS Spectral Methods

Kernel Regression

Linear Regression



Comparison to Recurrent Neural Network

The Way of Encoding of History…

Prediction Error 



Comparison to Recurrent Neural Network

RNN:   Hidden Units (e.g., Memory Cell in LSTM)  

PSIM:   Predictive State 

The Way of Encoding of History…

Prediction Error 



Comparison to Recurrent Neural Network

RNN:   Hidden Units (e.g., Memory Cell in LSTM)  

PSIM:   Predictive State 

The Way of Encoding of History…

Prediction Error 



Conclusion

•Predictive State Inference Machines (PSIM): data-driven 
approach that directly learns inference procedures for latent state 
space models. 

•Can use powerful, non-linear learner to directly represent the 
inference procedure 

•Similar to RNN, but theoretical Guarantees on inference 
performance



Predictive State Inference Machines

Thanks

Contact: wensun@cs.cmu.edu 


