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So What's the Problem?

1. Narrowband doppler drifting signal

We end up finding our own RFI! - Makes
sense since we are intelligent ... but we need
to find things beyond Earth!
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So What's the Problem?

1. RFI False Pos. 2. Bigdata 3. Signal Bias
We keep finding signals from We have PB worth of data to There are actually an infinite
our selves because of RFI search through number of signal morphologies
| (o . ' to look for.
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So What's the Problem?

1. RFI False Pos. 2. Bigdata 3. Signal Bias
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Deep Learning???
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Automatic RFI rejection Reduce Bias in detection




How would a human do it?



The Data

What does the data we work with look like?



The Data

We work with Dynamic Spectra (Waterfall plots)
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The Data

We work with Dynamic Spectra (Waterfall plots)
Datais [time, polarization, frequency]
Time resolution: 18s => 4.8min obs = 16 total time bins

Frequency resolution: 2.84Hz ~ 3.18 x 10*{8} freq bins
903MHz
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The Data

We work with Dynamic Spectra (Waterfall plots)
Datais [time, polarization, frequency]
Time resolution: 18s => 4.8min obs = 16 total time bins

Frequency resolution: 2.84Hz ~ 3.18 x 10*{8} freq bins
903MHz

Cadence: 6 adjacent observations
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What Do We Look For?

Primary
+|arget
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RFI

Near field source




More RFI Examples
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How do we teach computers to do this?



B-Variational Autoencoder + Random Forest
Classifier
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Execution Data

Concatesmated tCadence False Cadence True Cadence False Cadence
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What data was this trained on??



The Training Data
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The Training Data

We simulated signals on real Dynamic Spectra
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We used SETIGEN, which drew signals into observations

We randomly sampled parameters of SNR, drift, width
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The Training Data

We simulated signals on real Dynamic Spectra
We used SETIGEN, which drew signals into observations
We randomly sampled parameters of SNR, drift, width

We created 4 categories, empty, false, true, single true.
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The Training Data

We simulated signals on real Dynamic Spectra
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We used SETIGEN, which drew signals into observations

We randomly sampled parameters of SNR, drift, width
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We created 4 categories, empty, false, true, single true.

Each sample contains a set of 6 observations each of a
Small window of the actual band.
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Test set was done similarly.

[just different parameters and backgrounds]



How well does it perform?
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—— Random Forest: AUC=0.699
SVM: AUC=0.6953
— Artifical Neural Network: AUC=0.6934
—— Conv Neural Network: AUC=0.9763
Our Model: AUC=0.9986
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How well does it perform?

Overall Accuracy: 97.5%
Overall AUC 0.998



Can It Detect signals its never seen before?
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Conducting The Search

Goal: Conduct the first ML Search on GBT L band data at a max drift rate of 8.6Hz/s
with 820 unique stars and 120 TB of data

Runtime: 16-18 mins / 30 Mins Obs [faster than RT]

Resources: 120 CPU cores, 16 Nvidia Titan X’s

Approximately 1 week for all GBT L band search



Results - Never found before
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Details of our findings are documented in our
paper under review @ Nature Astronomy.
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