Paper ID: 2745

Robust Time Series Recovery and Classification Using Code

Test-Time Noise Simulator Networks

Eun Som Jeon?, Suhas Lohit?, Rushil Anirudh¢, Pavan Turaga?

aGeometric Media Lab, Arizona State University °Mitsubishi Electric Research Laboratories
‘Lawrence Livermore National Laboratory

Proposed Frameworks: RobustTS and RobustTS++

Our goal 1s to optimize the following objective:
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INntroduction

A decoder model G trained on clean data X Is used to estimate the
unknown noise by using a Noise Simulator Networks (NSN).

Given a pretrained decoder or a generative
model trained on clean data, can we recover
clean time series purely at test time, even when

e, {zj}?zl — argmin Zﬁ(i@jﬁ(g(zj),,@))

the noise model is unknown and can vary?

We propose a robust framework for recovering
time series under “unknown noise”.

We also show that the recovered time series can
be directly used on pretrained classifiers, trained
on clean data, without a large drop In accuracy.

We demonstrate improved performance over

existing methods for multiple datasets from
diverse domains.

Experiments & Results

We sample from a set of corruption functions generated randomly at test
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time, Including Gaussian noise, time shift and scale, calibration error, etc.
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RobustTS: We solve the problem with an alternating optimization framework.
1) Fix V" and optimize z* using a projected gradient descent (PGD). j=1, ..., n,
k+1 : 2, k
2" = argmin||Y; — N(G(z;), 0]
Z

2) Fix {z;}7-,and optimize for 6 (parameters of NSN):

IS v
0" = argmin - 3 ||Y; ~ N(G(z ). ©)|
7=1

RobustTS++: To further refine the outputs obtained from the RobustTS stage,
we revisit the training set P. Recovered data P is created from the entire corrupted
training data. We train a neural network . Finally, the refined X’ = 7£(X) is
obtained, which is closer to X.

Effect of size of dataset for training NSN
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