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ABSTRACT

The goal of the Search for Extraterrestrial Intelligence (SETI) is to quantify the prevalence of technological life beyond Earth via
their “technosignatures". One theorized technosignature is narrowband Doppler drifting radio signals. The principal challenge
in conducting SETI in the radio domain is developing a generalized technique to reject human radio frequency interference
(RFI). Here, we present the most comprehensive deep-learning based technosignature search to date, returning 8 promising
ETI signals of interest for re-observation as part of the Breakthrough Listen initiative. The search comprises 820 unique
targets observed with the Robert C. Byrd Green Bank Telescope, totaling over 480 hr of on-sky data. We implement a novel
β−Convolutional Variational Autoencoder to identify technosignature candidates in a semi-unsupervised manner while keeping
the false positive rate manageably low. This new approach presents itself as a leading solution in accelerating SETI and other
transient research into the age of data-driven astronomy.
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“ARE we alone?” is one of the most profound scientific questions humans have asked. The search for extraterrestrial
intelligence (SETI) aims to answer this question by looking for evidence of intelligent life elsewhere in the galaxy via

the “technosignatures” created by their technology. The majority of technosignature searches to date have been conducted at
radio frequencies, given the ease of propagation of radio signals through interstellar space1, as well as the relative efficiency of
construction of powerful radio transmitters and receivers. One type of technosignatures that is most readily distinguishable
from natural astrophysical radio emissions is that of narrow-band (on the order of 1 Hz) and / or exhibit Doppler drifts due to
the relative motions of transmitter and receiver2. The detection of an unambiguous technosignature would demonstrate the
existence of ETI and is thus of acute interest both to scientists and the general public.

Currently, one of the main driving forces of SETI research is the Breakthrough Listen (BL) Initiative1. Since 2016, BL has
been using the Robert C. Byrd Green Bank Telescope (GBT) in the U.S. and the Parkes “Murriyang” Telescope in Australia to
search thousands of stars and hundreds of galaxies across multiple bands for technosignatures3–6. Despite the fact that these
radio telescopes are located in radio-quiet zones, Radio Frequency Interference (RFI) due to human technology still poses a
major challenge for SETI research. In order to reject RFI, one of the techniques employed by the BL team is that of spatial

1https://breakthroughinitiatives.org
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filtering using “cadence” observations, also known as “position switching”. The key idea is that an ETI signal observed on-axis
in the primary beam should only appear in the “ON-source” scans, whereas RFI being near-field in nature would appear in
multiple adjacent observations within a cadence irrespective of whether it is on or off source. However, the presence of RFI in
observational data can often still result in a high false positive rate, as shown by previous searches on a similar GBT dataset
as employed in this work, where 29 million hits was reported by3 and 37 million hits was reported by5. In addition, one can
imagine a nearly infinite range of possible ETI signals which might not be captured by the conventional de-Doppler SETI
algorithm TURBOSETI3, 7.

Recently, Machine Learning (ML) has seen an increasing application in the field of astronomy, thanks to its ability
to generalize relationships in big datasets. In the context of SETI, some examples include a generic signal classifier for
observations obtained at the Allen Telescope Array8 and at the Five-hundred-meter Aperture Spherical Radio Telescope
(FAST)9, Convolutional Neural Networks (CNN) based RFI identifiers10, 11, as well as anomaly detection algorithms12, 13 ,
although none of these work have yet to construct a purely ML-based SETI analysis pipeline. β is the hyperparameter that
adjusts the weighting of the KL-Divergence Loss in a traditional VAE14. Here we apply recent advances in disentangled
deep learning, especially regarding the β−Variational Autoencoders (β -VAE)14 framework, in combination with a Random
Forest decision tree to conduct the first comprehensive ML SETI. β -VAE defines a neural network that implicitly learns and
identifies uncorrelated features within a dataset. This design ultimately tackles the black box problem with neural networks by
forcing the network to learn human-interpretable features from training data15. More concretely, this design of autoencoders
allows the model to implicitly learn the features of “cadence filtering” and “narrowband Doppler drifting signals”, meaning
that a wider range of potential ETI signals can be searched. Furthermore, autoencoders can also implicitly learn how RFI
appears in observational data, without having to be programmed for the nearly-infinite possible morphologies an RFI signal can
take. We apply our ML model on the BL GBT 1.1–1.9 GHz dataset of 820 nearby stars from 1004 cadences. We analyze the
observational data in small snippets of 4096 frequency bins × 16 time bins, which provides sensitivity to a maximum drift rate
of ≈±10 Hz/s (refer to the Methods section). We devise an overlapping search (Supplementary Fig. 6) that covers snippets
offset by half the size of a snippet window. Our search includes a total of 57 million unique snippets, excluding the regions of
the band affected by instrumental effects.

The ML model and training architecture

Our encoder consists of convolution layers with 3×3 kernels and a total of 8 layers with filter sizes of [16, 32, 64, 128]16. The
number of convolutional layers is determined using a Bayesian optimization technique17, whereas the filter sizes are fine-tuned
empirically. We first stack these convolutional layers to extract “spatial” features from the spectrogram and subsequently feed
the data through a traditional fully-connected neural network. Here the model splits off into two layers: the mean (µ) and the
log of the deviation (σ ). These two are fed into a sampling layer as part of a standard encoder model15. The decoder attempts to
recreate the original spectrogram by performing the reverse of what the encoder did, as it is by definition inversely symmetrical
to the encoder. The latent space in between the encoder and the decoder has a dense layer of 512 parameters and the latent
vector is 8 dimensional in shape. The final model design is shown in Fig. 1. It is implemented using TENSORFLOW2 and
KERAS3.

The original VAE framework can be augmented with a single hyperparameter β in the loss function that modulates the
learning constraints applied to the model, specifically by controlling how much the model is penalized for how the model
constructs the sample layer14. For our model we empirically select β = 1.5 after comparing results from a number of validate
sets, which appears to best help the model to learn disentangled features in the latent space. To further improve the model’s
performance, we introduce an inductive bias where we assume that ETI signals have similar features in the ON’s and different
features in the OFF’s18. We also assume that RFI will have similar features in all the OFF’s. This inductive bias is achieved by
training the model to minimize or maximize an euclidean loss metric during training when presented with labeled data. Refer to
the Methods section on Mathematical representations of the β -VAE ML Architecture for further details on the mathematical
representations of our model.

After constructing the β−VAE we create a Random Forest classifier19 to perform the classification. Random Forests use an
ensemble of decision trees to build a classifier, with each tree acting as a vote of confidence. We employ a Random Forest in
combination with our β -VAE network because we needed to turn the encoder into a classifier and a Random Forest model
is fast to train and execute. The greater the number of estimators (trees), the more robust a classifier is. We use the SCIPY
library4 with 1000 estimators and bootstrap it when constructing the individual trees. Empirically this gives the best run-time
vs performance metric.

2https://www.tensorflow.org/
3https://keras.io/
4https://www.scipy.org
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Figure 1. Model training and execution scheme. Backward propagation of the neural network training is not shown for brevity.

In order to train our ML algorithm and evaluate the model, we need to provide labelled data for the model to learn from.
There are three main categories of labelled data that are relevant: (1) False data with no ETI signals, (2) True data with ETI
signals, and (3) True data with ETI signals and RFI. Since we do not have a sample of real observational ETI signals for this
purpose, we generate simulated events by artificially injecting signals into the input spectrograms using the Python package
SETIGEN5. A total of 14;711 different snippets of backgrounds are used, obtained from three different cadences (see the
Supplementary Tables. 1 and 2 for more details). This large sample of backgrounds should provide a good variety of scenarios
to help the generalization of the training model. From these backgrounds, we randomly draw a heuristic 120,000 samples to
form the training set. For (1), we use one quarter (30,000 samples) of the original backgrounds without injections, and an
additional 30,000 samples with RFI injected to the backgrounds. Another 30,000 samples are labelled as (2), where we inject
ETI signals into the backgrounds and are referred to as “True Single Shot” in this paper. Finally, the last 30,000 samples are
labelled as (3), where we inject both ETI signals and RFI with a 1:1 relative intensity ratio into the background spectrograms.
We have not simulated all combinations of intensity ratios since the model will, in principle, generalize this parameter. See
Fig. 2 for an example of these three types of labelled data used. A caveat is that if a true, non-synthetic ETI signal is present in
the original backgrounds, it would lead to a mislabelling of our training dataset. This is an unlikely scenario, and our large,
120,000-sample training set should minimize the effect of individual mislabelled data. Also note that we only train our model
to detect signals that last for the entire cadence across the three ON scans. We do not attempt to assess the model’s performance
towards intermittent ETI signals or signals that have a shorter span than the full cadence.

Another advantage of using simulated data is that we can control the injection parameters, namely the signal-to-noise ratio
(S/N), the drift rate (DR) and the width (w) of the signal. We set a range of 10 to 50 for the S/N and a DR of ±8 Hz/s. Note that
simulated ETI signals with zero drift rate are included. For w, we choose a range where DR×dt + 5 ≤ w ≤ DR×dt + 55 Hz,
with dt being the sampling rate. The lower bound offset of 5 Hz is chosen to be slightly wider than the amount of drift in one
time bin at a given drift rate. This is necessary to prevent quantization of the injected signals as we do not have the native
resolution in the filterbank-format observational data. Within the above ranges, we randomly draw a combination of S/N, drift
rate and width for each simulated signal. See Supplementary Fig. 7 for the distribution of the final set of injected parameters.

In order to obtain the clustering loss matrix and the reconstruction loss vector, we need to train the encoder concurrently

5https://github.com/bbrzycki/setigen
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with concatenated (collapsed) cadences as well as non-collapsed cadences. We generate separate training sets for these to
increase the diversity of the training set — that is, we have 120,000 samples of concatenated cadences as well as an independent
120,000 samples of false cadences and another 120,000 samples of true cadences. Refer to Fig. 1 for the breakdown of the size
of the training set. The Random Forest model requires separate training since it needs to be built speci�c to a neural network
where the weights are held constant. This is achieved by taking the outputs encoded by theb-VAE and feeding the results into
the Random Forest with synthetic labelled data. We create 12,000 false cadences and 12,000 true cadences (24,000 total) with
the same breakdown ratio of various labelled categories. Overall, it takes roughly 12 hr to generate and train the full model with
100 iterations each time on our machines (see the Supplementary Figure 6 for further details on the specs of these computers).

(a) False with injected RFI (b) False with no injected RFI

(c) True with injected RFI (d) True with no injected RFI

Figure 2. Examples showing the four types of training data. The bright streaks are signals detected. Each set of 6 panels
represent 6 sequential ON-OFF observations. These spectrograms have a frequency resolution of 22.3 Hz and a time resolution
of 18.7 s. Both the injected Extraterrestrial Intelligent (ETI) Signal and Radio Frequency Interference (RFI) signals have an S/N
of 20.

Model Evaluation and Demonstration

We test our algorithm against traditional ML approaches, including a support vector machine (SVM)20, a Random Forest19,
a classic, arti�cial neural network (ANN)16, and a 3-D convolutional neural network (CNN)16 in order to demonstrate its
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performance. The SVM and the Random Forest are both classi�ers and can only work with feature vectors as input, so we
perform an additional step of applying principal component analysis (PCA) on the unrolled feature vectors. We implement
these models using the python moduleSCIPY6 with further �ne tuning discussed in sections "alternative model hyperparameter
tuning" of the methods. A test bench of labelled data using different backgrounds were generated, which consists of 24,000
simulated snippets, with the same ratio of labelled events as our training set described earlier. The goal is to subject different
ML models to this test bench and see how successful they are in recovering the correct signal classi�cations.

Figure 3. An receiver operating characteristic curve (ROC) comparing the true positive rate (TPR) against the false positive
rate (FPR) at various threshold settings for a number of ML models. The corresponding Area Under the Curve (AUCs) are
listed in the legend. Models above the dashed line are considered better than random.

Fig. 3 shows a receiver operating characteristic (ROC) curve which evaluates the performance of each model at varying
classi�cation thresholds. All ML models perform well and are above the diagonal line. The Area Under the Curve (AUC)
provides an aggregate measure of performance summing over all classi�cation thresholds. A perfect model would have an
AUC of 1. Our ML model has an AUC of 0.9993, a precision value of 0.993, a recall of 0.985 and an F1 score of 0.989. These
are signi�cantly higher than most of the other classical ML models, and marginally better than the second best model of the
CNN. This provides evidence that simpler ML solutions perform less well than ourb-VAE-based model.

We also evaluate the model performance across the frequency band, the S/N and the drift rate ranges. From Supplementary
Fig. 8a, we �nd that the overall accuracy is fairly high across the full band at a probability threshold of 50%, with the majority
of the sub-band having accuracy over 97.5%. In other words, False, Single True and Double True labelled data were correctly
identi�ed over 97.5% of the time. The few percent drop of accuracy near 1600 MHz corresponds to regions of the band that are
heavily affected by RFI signals. As mentioned earlier, high false positive rate has been a persistent bottleneck in SETI efforts.
Even a false positive rate of a few percent can translate to tens of thousands of candidates, reducing the search ef�ciency. We
can attempt to drive down the false positive rate by selecting a higher classi�cation threshold. As shown in Supplementary
Fig. 8b, we �nd that at a threshold of 90%, we have a< 1% false positive rate with a maximum 1-s uncertainty of0:1%.
Naturally, a higher threshold will also mean worse true positive detection, meaning that we have a slightly higher chance of
missing genuine ETI signals in the data. However, we see that the biggest drop in true positives happens in discarded regions of
the band where prominent RFI is present. Barring those regions, we still have a true positive accuracy of above 95% in the rest
of the band. For the S/N performance evaluation, we record a pretty consistent accuracy of& 95%across S/N 20 to almost

6https://www.scipy.org/
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80 (Supplementary Fig. 9a), with the largest uncertainty of� 2:7%per S/N bin. For the drift rate performance evaluation, we
�nd that our performance drops as the drift rate increases (Supplementary Fig. 9b). At 8 Hz/s, we have roughly 70% accuracy
in identifying “Single True” injected signals. This drops to about 35% at 10 Hz/s. This degradation can be explained by our
unbalanced test samples (further discussed in the Methods section), where fewer high drift rate signals were employed in the
training of the ML model.

Search Results

From the 115 million snippet windows searched, our ML model returns a total of 2,917,789 signals of interest. Small drift rate
signal can potentially be seen by two adjacent overlapped snippets. Currently, each snippet is searched independently and we
have not attempted to associate detections across them. Hence this 3 million signals of interest is likely an over count. We note
that nearly 10% of these events came from a handful (� 1%) of cadences. These observations are heavily contaminated by RFI
and skew the false positive rate of our analysis. We visualize the distribution of all events as a function of observing frequency
as shown in Fig. 4. It can be seen that certain observing frequencies contain a much higher number of events compared to the
others — for example the region around 1600 MHz. This overlaps with known RFI at the GBT site speci�cally from persistent
GPS signals. Those regions of the spectrum are heavily contaminated by RFI and it would be challenging to detect anything
apart from RFI in those frequencies. Indeed, from our performance assessment we see that our ML model is, by a few percent,
slightly less accurate in these RFI-contaminated frequencies. Using the frequency histogram in the bottom left panel of Fig. 4
which has a histogram bin size of 4.97 MHz, we empirically determine a threshold to discard frequency bins with more than
35,000 events per bin, since this represents a conservative level where the main peaks of RFI clusters can be �agged. This
equates to discarding 13 histogram bins, which is about 65 MHz of the entire band.

Figure 4. (a) The distribution of signals of interest in terms of con�dence threshold and observing frequency. (c) A histogram
of the number of signals of interest at each observing frequency, with histogram bin size of 4.97 MHz. (b) The number of
signals of interest at or above a given classi�cation threshold. The red data points are without the frequency histogram-based
�ltering, whereas the black data points are after such �ltering. (d) The number of histogram bins being �ltered out at
progressively lower cutoff number of signals of interest.
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The top right panel of Fig. 4 shows the number of signals of interest at a range of classi�cation thresholds, which has a
quadratically increasing trend towards low thresholds. We further limit our signals of interest to those that have a classi�cation
threshold of over 90% in order to reduce the number of false positives. After applying these further �ltering criteria, we are left
with 20,515 signals of interest to assess. Upon a visual inspection, we identify8 promising signals of interest that show narrow,
drifted signals in the three ON-scans (Fig. 5). Refer to Table 1 for their respective parameters. These8 signals of interest come
from �ve different stars. HIP 13402 and 54677 both have spectral type K whereas HIP 62207 is a G star, HIP 56802 an F
star and HIP 118212 is an M star. They are all within 30 to 90 ly from Earth. All �ve targets were analyzed by3 and by5 but
they did not detect anything similar. Re-observations of these �ve sources took place on May 21, 2022, at the Green Bank
Telescope using the same set up as the original observations. We analyze these data using the sameb-VAE pipeline and visually
inspect all 72 events returned by the search. We do not detect anything like the8 signals of interest. This shows that no matter
what the true nature of these signals are, they are not persistent in time. Given that the main goal of this work is to apply ML
technique to identify signals with a speci�c pattern, we do not attempt to make a de�nite conclusion of whether these8 signals
are genuinely produced by ETI. We encourage further re-observations of these targets.

We individually compute the drift rate and S/N of these signals of interest as they are not a by-product of our ML pipeline.
We estimate the drift rate in each ON-scan separately usingSETIGEN. The uncertainty of the drift rate is de�ned to be the
deviation of drift rates among the three ON scans. A number of interesting events were rejected despite showing narrow band
drifted signals as we �nd that the drift rates across the three ON-scans are not consistent. We note that a changing drift rate does
not necessarily mean the variation is non-physical. However, there is an in�nite possibility of orbital motions that can phase
connect three arbitrary drift rates. With a single dish SETI experiment, we have no independent way of verifying this and we
consider it an intrinsic limitation of our search. We choose to exclude signals that are changing in drift rates for simplicity, as
we cannot con�dently relate them from one ON scan to the next. We also point out that MLc4 and MLc5 have the same drift
rates and come from an observation of the same target, although at slightly different times and at different parts of the band.

ID Target Center Freq. MJD Con�dence Drift rate S/N
(MHz) (Hz/s)

MLc1 HIP 13402 1188.539231 57541.68902 98.1 + 1.11(25) 6.53
MLc2 HIP 118212 1347.862244 57752.78580 99.9 � 0.44(7) 16.38
MLc3 HIP 62207 1351.625410 57543.08647 93.7 � 0.05(10) 57.52
MLc4 HIP 54677 1372.987594 57517.08789 99.9 � 0.11(3) 30.20
MLc5 HIP 54677 1376.988694 57517.09628 97.9 � 0.11(2) 44.58
MLc6 HIP 56802 1435.940307 57522.13197 99.9 � 0.18(4) 39.61
MLc7 HIP 13402 1487.482046 57544.51645 99.9 + 0.10(2) 129.16
MLc8 HIP 62207 1724.972561 57543.10165 99.9 � 0.126(10) 34.09

Table 1. The top8 signals of interest identi�ed by our ML model. We list the name of the ON-source target star, the frequency
at the middle of the relevant� 11 kHz snippet, the MJD of the detection, the topocentric drift rate, as well as the S/N of the
signal. The HIP pre�x in the source name shows that these targets are drawn from the Hipparcos catalog21.

Figure 5. Waterfall plots of the 8 signals of interest. Each panel has a width of 2800 Hz and the x-axis are referenced to the
centre of the snippet where the signal is found, as reported in column 3 of Table 1.
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Regarding the nature of the rest of the events, most of them look like false positives associated with RFI signals. We have
not exhaustively classi�ed every single event and it is entirely possible that there are additional ETI-like signals that we have not
picked up, including those that are too weak to be seen by human eyes. Other reasons as to why the false positive rate is higher
than in our validation process include over�tting of backgrounds. The diversity of the RFI environment and the brightness of
the RFI signals mean that it is unavoidable that our model would sometimes focus more on the background than the foreground
signals. In addition, we do not have real ETI signals to train the model on, and instead have to rely on simulated signals that are
injected to the sky backgrounds. Injection of signals might have altered the statistics of the snippets, introducing artefacts that
were unintentionally learnt by the ML model.

Discussion
This work represents the most comprehensive ML-based technosignature search to date, and improves on previous work by
�nding signals of interest not detected before3,5. We generate synthetic, labelled data to train ab-VAE framework together
with a Random Forest classi�er. We observe some level of generalization in the trained model, as the latent space shows
interpretable features and the model is able to correctly identify signals beyond the initial training parameter space.

Overall we see a high degree of accuracy when the model is subjected to a different test bench, both across the frequency
band as well as over a wide range of signal S/N. Our model also performs better in comparison to a number of classical ML
models tested.

By analyzing1004cadences corresponding to approximately 115 million snippets recorded with the GBT 1.1–1.9 GHz
receiver, our model returns 2.9 million events. Upon further �ltering by discarding RFI affected frequency bins as well as by
limiting the classi�cation threshold to 90%, we further reduce the number of events to approximately 20,000. By visually
inspecting the individual diagnostic plots, we discover8 promising SETI signals of interest with narrow band, drifted signals
showing the expected on-off pattern that were not identi�ed by previousTURBOSETI searches3,5. We limit our search to
drifting signals that have a uniform drift rate and are persistent across the three ON scans. However, a modi�ed ML model can
be adapted and re-trained to look for other ETI morphologies in the future, such as those with a spread spectrum emission.
One main limitation of our ML implementation is that we have a non-uniform training set with fewer synthetic signals at higher
drift rates (see Supplementary Fig. 7). This has likely skewed our model and misguided it that low drift rate events are more
common.

Looking ahead, we hope to expand this ML technique to other Breakthrough Listen datasets to further increase the impact
of ML on SETI. This includes other GBT and Parkes data, as well as the upcoming MeerKAT22, Very Large Array (VLA)23,
Square Kilometre Array24 and the next generation VLA (ngVLA; Ng et al., submitted) interferometric SETI projects.25

References
1. Cocconi, G. & Morrison, P. Searching for Interstellar Communications.Nature184, 844–846 (1959).

2. Tarter, J. The Search for Extraterrestrial Intelligence (SETI).Annual Review of Astronomy and Astrophysics39, 511–548
(2001).

3. Enriquez, J. E.et al. The Breakthrough Listen Search for Intelligent Life: 1.1–1.9 GHz Observations of 692 Nearby
Stars. ApJ 849, 104 (2017). URLhttps://doi.org/10.3847/1538-4357/aa8d1b . Publisher: American
Astronomical Society.

4. Price, D. C. et al. The Breakthrough Listen search for intelligent life: Wide-bandwidth
digital instrumentation for the CSIRO Parkes 64-m telescope. Publications of the Astro-
nomical Society of Australia 35 (2018). URL https://www.cambridge.org/core/
journals/publications-of-the-astronomical-society-of-australia/article/
breakthrough-listen-search-for-intelligent-life-widebandwidth-digital-instrumentation-for-the-csiro-parkes-64m-telescope/
B7ABB2F93745A6677DD79BFAC96ACB98. Publisher: Cambridge University Press.

5. Price, D. C.et al. The Breakthrough Listen Search for Intelligent Life: Observations of 1327 Nearby Stars Over 1.10-3.45
GHz. The Astronomical Journal159, 86 (2020).1906.07750 .

6. Price, D. C.et al. Expanded Capability of the Breakthrough Listen Parkes Data Recorder for Observations with the
UWL Receiver.Research Notes of the American Astronomical Society5, 114 (2021). URLhttps://ui.adsabs.
harvard.edu/abs/2021RNAAS...5..114P . ADS Bibcode: 2021RNAAS...5..114P.

7. Enriquez, E. & Price, D. turboSETI: Python-based SETI search algorithm (2019).1906.006 .

8. Harp, G. R.et al. Machine Vision and Deep Learning for Classi�cation of Radio SETI Signals.arXiv e-prints
arXiv:1902.02426 (2019).1902.02426 .

8/25



9. Zhang, Z.-S.et al. First SETI observations with china's �ve-hundred-meter aperture spherical radio telescope (FAST).The
Astrophysical Journal891, 174 (2020). URLhttps://doi.org/10.3847/1538-4357/ab7376 .

10. Pinchuk, P. & Margot, J.-L. A machine learning–based direction-of-origin �lter for the identi�cation of radio frequency
interference in the search for technosignatures.The Astronomical Journal163, 76 (2022). URLhttps://doi.org/
10.3847/1538-3881/ac426f .

11. Czech, D., Mishra, A. & Inggs, M. A cnn and lstm-based approach to classifying transient radio frequency interference.
Astronomy and Computing25, 52–57 (2018). URLhttps://www.sciencedirect.com/science/article/
pii/S2213133718300386 .

12. Zhang, Y. G., Won, K. H., Son, S. W., Siemion, A. & Croft, S. Self-supervised Anomaly Detection for Narrowband SETI.
arXiv:1901.04636 [astro-ph](2019). URLhttp://arxiv.org/abs/1901.04636 . ArXiv: 1901.04636.

13. Brzycki, B.et al. Narrow-band Signal Localization for SETI on Noisy Synthetic Spectrogram Data.Publications of the
Astronomical Society of the Paci�c132, 114501 (2020).2006.04362 .

14. Higgins, I. et al. b-VAE: LEARNING BASIC VISUAL CONCEPTS WITH A CONSTRAINED VARIATIONAL
FRAMEWORK. ICLR 201722 (2017).

15. Kingma, D. P. & Welling, M. Auto-Encoding Variational Bayes. In2nd International Conference on Learn-
ing Representations, ICLR 2014, Banff, AB, Canada, April 14-16, 2014, Conference Track Proceedings(2014).
http://arxiv.org/abs/1312.6114v10 .

16. LeCun, Y., Haffner, P., Bottou, L. & Bengio, Y. Object Recognition with Gradient-Based Learning. In Forsyth, D. A.,
Mundy, J. L., di Gesú, V. & Cipolla, R. (eds.)Shape, Contour and Grouping in Computer Vision, Lecture Notes in Computer
Science, 319–345 (Springer, Berlin, Heidelberg, 1999). URLhttps://doi.org/10.1007/3-540-46805-6_19 .

17. Snoek, J., Larochelle, H. & Adams, R. P. Practical bayesian optimization of machine learning algorithms.Advances in
neural information processing systems25 (2012).

18. Mitchell, T. M. The need for biases in learning generalizations. Tech. Rep., Rutgers University, New Brunswick, NJ (1980).
URL http://dml.cs.byu.edu/~cgc/docs/mldm_tools/Reading/Need%20for%20Bias.pdf .

19. Breiman, L. Random Forests.Machine Learning45, 5–32 (2001). URLhttps://doi.org/10.1023/A:
1010933404324 .

20. Cristianini, N. & Ricci, E. Support Vector Machines. In Kao, M.-Y. (ed.)Encyclopedia of Algorithms, 928–932 (Springer
US, Boston, MA, 2008). URLhttps://doi.org/10.1007/978-0-387-30162-4_415 .

21. Perryman, M. A. C.et al. The Hipparcos Catalogue.Astronomy and Astrophysics500, 501–504 (1997).

22. Czech, D.et al. The Breakthrough Listen Search for Intelligent Life: MeerKAT Target Selection.Publications of the
Astronomical Society of the Paci�c133, 064502 (2021).2103.16250 .

23. Hickish, J.et al. Commensal, Multi-user Observations with an Ethernet-based Jansky Very Large Array. InBulletin of the
American Astronomical Society, vol. 51, 269 (2019).

24. Siemion, A.et al. Searching for extraterrestrial intelligence with the square kilometre array. InProceedings of Advancing
Astrophysics with the Square Kilometre Array — PoS(AASKA14)(Sissa Medialab, 2015). URLhttps://doi.org/
10.22323/1.215.0116 .

25. Pinchuk, P. & Margot, J.-L. A machine learning–based direction-of-origin �lter for the identi�cation of radio frequency
interference in the search for technosignatures.The Astronomical Journal163, 76 (2022). URLhttps://dx.doi.
org/10.3847/1538-3881/ac426f .

26. Lebofsky, M.et al. The Breakthrough Listen Search for Intelligent Life: Public Data, Formats, Reduction, and Archiving.
PASP131, 124505 (2019). URLhttps://doi.org/10.1088/1538-3873/ab3e82 . Publisher: IOP Publishing.

27. Price, D., Enriquez, J., Chen, Y. & Siebert, M. Blimpy: Breakthrough Listen I/O Methods for Python.The Journal of
Open Source Software4, 1554 (2019).

28. Sochat, V. Singularity Compose: Orchestration for Singularity Instances.JOSS4, 1578 (2019). URLhttps://joss.
theoj.org/papers/10.21105/joss.01578 .

29. Siemion, A. P. V.et al. A 1.1-1.9 GHz SETI Survey of the Kepler Field. I. A Search for Narrow-band Emission from Select
Targets.The Astrophysical Journal767, 94 (2013).1302.0845 .

9/25



Methods

The GBT 1.1–1.9 GHz dataset
We have chosen to deploy an ML SETI algorithm on the Breakthrough Listen GBT 1.1–1.9 GHz dataset, sourced from several
different observational campaigns, as it is one of the largest homogeneous SETI datasets available in a single location at the
Berkeley SETI Research Center. The majority of this dataset has been made publicly available7. The dataset used in this work
has a frequency range of 1023� 1926 MHz and consists of a total of1004cadences from820unique targets observed over
480 hr. In total,� 120 TB of data has been analyzed in this work.

Each cadence has six 4.8-min observations recorded in HDF5 format. In the analysis described here, we exclusively
work with the �ne-frequency resolution data26. More than half of the cadences have a frequency resolution of 2.79 Hz and
322,961,408 frequency channels. The remaining 397 cadences taken before 2016 April have a frequency resolution of 2.84 Hz
and 318,230,528 channels per observation. All data have a time resolution of� 18 s and 16 time bins for each observation
within the cadence. Parts of the band are affected by instrumental artifacts, including steep roll-off on the band edges and at the
boundaries of an analog notch �lter. These regions are at frequenciesn < 1.1 GHz,n > 1.9 GHz and 1.2< n < 1.34 GHz.
Together these equate to about 30% of the full band and are excluded from our search.

Two types of cadences have been used in the GBT observations, the ABACAD pattern and the ABABAB pattern. The
difference between these is that the “ON-source” scans (the A scans) can be interspersed with identical “OFF-source” targets
(the B scans) or three different “OFF-source” targets (B, C, D). In both cases, the minimum angular offset between ON and OFF
source scans is at least six beamwidths, which is well beyond the primary and side lobes of the GBT beams. In fact, the majority
(over 80%) of the cadences analyzed have an angular offset of as much as 38 beamwidths. We treat both types of cadences the
same way in our analysis, since for the purpose of spatial �ltering we only care that the “OFF-scans” are suf�ciently far from
the “ON-scans”.

In our simulated data, we have assumed no time delay between the six observations in a cadence, although in reality, there
is a small amount of slew time switching between ON and OFF scans. We have discarded cadences that have a long (� 2 min)
pause between the individual observations, since that would signi�cantly alter the data characteristics due to longer term
variation in telescope performance and our ML model has not been trained to detect those. The1004analyzed have typically a
small time gap of the order of a minute and we have effectively assumed the observations are continuous for simplicity. For
signals with a low drift rate of say 1 Hz/s, this is not really an issue, since a minute of time delay would correspond to a shift
of about 60 Hz which is only 2 or 3 frequency bins in the downsampled snippet used for the ML search. However, this issue
becomes more prominent at high drift rates. For example, at the maximum detectable drift rate of 10 Hz/s, during the minute of
gap the signal would have shifted by about 600 Hz, which is roughly 25 downsampled frequency bins. We note that it is an
oversight on our part, as not taking time delay into account could have affected our ability in detecting signals with high drift
rates.

Data preprocessing
Neural networks perform better if the input data has a shape close to that of a CNN kernel which typically has a 1:1 aspect ratio.
In contrast, the �ne-resolution GBT data have a very elongated dimension, with over 300 million frequency bins by 16 time
bins per observation. Indexing small partitions of the frequency band and searching them independently can solve that problem,
but a small frequency band will reduce the maximum drift rates our algorithm is sensitive to, since the algorithm cannot detect
any signal that drifts beyond the diagonal of the input data shape. Here we de�ne the maximum drift rate detectable by a search
to be when a signal starts drifting from the corner of the �rst observation and drift out near the opposite corner of the third ON
scan, spanning a total of four observations (ON-OFF-ON-OFF) worth of time (see bottom panel of Supplementary Fig. 6a).

We �nd a good compromise in using snippets of 4096 frequency bins, which provides sensitivity to a maximum drift rate of
4096� 2.8 Hz over 16� 18 s per observation over 4 observations� � 10 Hz/s. These higher drift rates have a proportionally
higher chance to drift out of at least one of the snippets depending on where the signals start, partially altering the expected
ON-OFF pattern and reducing the sensitivity of our model towards these cases. In order to alleviate this potential issue, we
devise an overlapping search that will cover snippets offset by 2048 frequency bins which is half the size of a snippet window
(Supplementary Fig. 6). In the scheme illustrated in the top panel of Supplementary Fig. 6a, any drift rate lower than the
diagonal drift rate, i.e. 4096� 2.8 Hz/(6� 16� 18 s)� 6 Hz/s will either be detectable by the blue snippets or by the red overlap
search. Only a very small yellow-highlighted region on the far left is missed since too much of the drifting signals happen
before the start of the snippet. Compared to the large number of snippets per cadence, this equates to a 99.999% of parameter
space coverage. For signals with higher drift rates than the diagonal, the overlap search would not be quite enough to fully
cover some of the parameter space. The bottom panel of Supplementary Fig. 6a shows the most extreme case at the maximum
detectable drift rate of 10 Hz/s. At this point, apart from a slightly larger triangle on the left that will be missed, there are now

7https://seti.berkeley.edu/opendata

10/25



gaps between the blue and the red drifting signals that we are not sensitive to. The probability of having the signal detectable
within a cadence drops to� 75 % at� 10 Hz/s (Supplementary Fig. 6b).

Figure 6. (a) A sketch of the overlap search method. Only positive drifting signals are shown for brevity as the negative drifts
are symmetric. The top panel shows the diagonal drift rate at 6 Hz/s. The blue drifting signals are detectable by the regular
snippets (blue), whereas the red drifting signals in between are detectable by the overlap search (red). A small triangular region
on the far left is not detectable by our search because any drifting signal starting there will have part of its pattern before the
start of the �rst snippet, in the sense that not all three “ON” scans contain a signal. This triangular region exists for all non-zero
drift rates and gets progressively larger. But in all cases, this represents a tiny region out of the many snippets within a cadence
and thus we have practically full coverage for any drift rate below the diagonal drift. The bottom panel shows the scenario with
the maximum detectable drift rate at 10 Hz/s. For example, this is when the �rst blue drifted signal barely shows up in the third
“ON” scan. In this case, apart from the triangular region on the left, there will be additional gaps throughout the cadence that are
not caught by neither the snippets nor the overlap search. The number of frequency channels missed are indicated on top of
each of the yellow-highlighted regions. (b) The corresponding parameter space coverage as a function of the absolute drift rate.
We have practically full detectability up to the diagonal drift rate of 6 Hz/s. Beyond that, the coverage drops to 75% at the
maximum drift rate of 10 Hz/s.

We further downsample the snippets in frequency by a factor of 8 (to a frequency resolution of 22.32 Hz or 22.72 Hz) by
averaging every 8 pixels. This results in an input spectrogram with shape [time, frequency]=[16, 512]. This helps to further
improve the training time and performance of the neural network, at the expense of decreasing the S/N of a potential signal
contained in one channel by

p
8.

The dynamic range of these GBT data can vary by as much as a factor of1011, as a result of the long Fast Fourier Transform
(FFT) used to generate these high spectral resolution data. After the injection stage, we log normalize the data, shift everything
to be positive and we scale the data to have a �nal range within 0 and 1. Note that the normalization is done per snippet of each
cadence and not across the entire cadence.

Drift rate range trained
Within the S/N, width, and drift range ranges speci�ed in Table 2, we randomly draw a combination of S/N, drift rate and width
for each simulated signal. See Supplementary Fig. 7 for the distribution of the �nal set of injected parameters. Note that there
are fewer simulated signals at higher drift rates. This is partly because there is a higher chance for them to drift out of our
detectable parameter space as can be seen in Supplementary Fig. 6, and also because we have not simulated signals that start
outside of a snippet but drift into it. Supplementary Fig. 7b shows the density distribution of our simulated sample as a function
of drift rate. To quantify the overall detectability of this ML model as a function of drift rate, we should take into account
both the parameter coverage as provided by the overlap search (right panel of Supplementary Fig. 6), as well as the sampling
distribution of simulated data (right panel of Supplementary Fig. 7). We estimate that we have a� 80% sensitivity towards a
6 Hz/s signal that was present in this dataset, a� 60% sensitivity towards an 8 Hz/s signal and a� 25% sensitivity towards a
10 Hz/s signal. The fact that we do not have a balanced test class with respect to drift rate means our model is less well-trained
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