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Proposed Pipeline

Fourier AnalysisUnmixing (ICA)

Independent component analysis (ICA) separates 
the signals into independent source signals that 
have no correlation structure but recover the 
original signal when combined.
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Projection onto the first principal 
component destroys task information.
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Proposed Pipeline

Fourier AnalysisUnmixing (ICA)

Negative log-likelihood term 
enforces independence.
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Proposed Pipeline

Fourier AnalysisUnmixing (ICA)

Prediction loss term enforces 
experiment information.
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• We develop an ICA algorithm for source separation which disentangles 
correlated signals while preserving important experimental information. 

• Future scientific work involves using time-dependent labels (labeled periods of 
the center outreach task). 

• Future algorithmic work involves further scalability improvements using 
advanced techniques from randomized optimization.
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