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The high computational cost of wide-parameter-space searches for continuous gravitational waves
(CWs) significantly limits the achievable sensitivity. This challenge has motivated the exploration of
alternative search methods, such as deep neural networks (DNNs). Previous attempts [1, 2] to apply
convolutional image-classification DNN architectures to all-sky and directed CW searches showed
promise for short, one-day search durations, but proved ineffective for longer durations of around
ten days. In this paper, we offer a hypothesis for this limitation and propose new design principles
to overcome it. As a proof of concept, we show that our novel convolutional DNN architecture
attains matched-filtering sensitivity for a targeted search (i.e., single sky-position and frequency) in
Gaussian data from two detectors spanning ten days. We illustrate this performance for two different
sky positions and five frequencies in the 20− 1000 Hz range, spanning the spectrum from an “easy”
to the “hardest” case. The corresponding sensitivity depths fall in the range of 82− 86 /

√
Hz. The

same DNN architecture is trained for each case, taking between 4 − 32 hours to reach matched-
filtering sensitivity. The detection probability of the trained DNNs as a function of signal amplitude
varies consistently with that of matched filtering. Furthermore, the DNN statistic distributions can
be approximately mapped to those of the F-statistic under a simple monotonic function.

I. INTRODUCTION

Continuous gravitational waves (CWs) are weak, long-
lasting and nearly-monochromatic waves emitted by non-
axisymmetric spinning neutron stars. Numerous searches
have been performed on the data from the LIGO (H1
and L1) and Virgo (V1) detectors, yet no CWs have so
far been detected [3]. Owing to the expected small am-
plitude of CW signals, months to years of data will be
required in order to collect a sufficient signal-to-noise ra-
tio to allow a detection.

The most sensitive search method consist of coherently
integrating signal templates over the entire time-span of
the data, as process commonly known as matched filter-
ing. However, for wide parameter spaces this method is
severely constrained by the required computing cost (due
to the astronomical number of required templates), e.g.,
see [4]. Instead, semi-coherent search methods are used
in practice for wide parameter-space searches, which pro-
ceed by coherently analyzing shorter segments of data
and combining their results incoherently. These search
methods tend to result in the highest sensitivity at a
fixed computational cost.

In order to overcome the computational-cost constraint
on the achievable sensitivity, one alternative approach be-
ing explored is to use deep neural networks (DNNs) to
search for CWs in the data. There has been a number of
studies exploring the potential of DNNs to help improve
CW searches, for example, as a clustering and follow-up
method of search candidates [5–7], to reduce the compu-
tational cost of follow-ups [8, 9], and to mitigate the effect
of instrumental noise artifacts [10]. DNNs have also been
shown to be able to accelerate searches for long-duration,
transient CWs [11, 12].

Here we continue to pursue the approach of [1, 2] to
train DNNs as an end-to-end search method for CW sig-
nals directly on the detector strain data. These earlier

studies considered wide-parameter-space searches of sig-
nals with time-spans of 105 s and 106 s, respectively, using
the best available DNN architectures for image classifi-
cation tasks. While this approach proved quite effective
on the shorter time-span of 105 s ∼ 1 day, it performed
poorly on the longer signals of 106 s ∼ 11.6 days.
This raises the question if it is the larger number of sig-

nal waveforms (i.e., templates) in a wide parameter space,
or the morphology of longer signals itself that thwarts the
networks’ ability to successfully learn to detect them. A
similar difficulty of DNNs to detect long-duration signals
has also been observed in the context of compact-binary-
coalescence searches, see [13]. We find that the charac-
teristics of longer CW signals seem to be the underlying
cause of the inability of the image-classification architec-
tures to effectively learn to detect them.
Therefore here we take a step back and focus on the

problem of targeted (i.e., single-template) CW searches
over a time-span of ten days in simulated Gaussian
noise. Developing architectures capable of detecting
longer CW signals is crucial for scaling up to com-
plete wide-parameter space search methods that could
ultimately compete with current state-of-the-art semi-
coherent CW searches.
The plan of the paper is as follows: in Sec.II, we intro-

duce the CW signal model, we define benchmark targeted
search cases in Sec.III and describe the architecture and
training of our DNN in Sec.IV. Finally, we present our
test results and discussion in Sec.V and conclusions and
future outlook in Sec.VI.

II. CONTINUOUS GRAVITATIONAL WAVES

Continuous gravitational waves (CWs) are long-
lasting, quasi-monochromatic waves with a slowly vary-
ing frequency, emitted by spinning non-axisymmetric
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neutrons stars. We model the evolution of the CW signal
phase Φ(τ) as a function of time τ in the source frame
(assuming only linear spindown) as:

Φ(τ) = 2π
[
f(τref)∆τ + 1

2 ḟ(τref) ∆τ2
]

+ φ0, (1)

where ∆τ ≡ τ − τref , and τref is the reference time at
which f(τref) and ḟ(τref) are defined.

In the detector frame the signal experiences frequency
modulation due to the relative motion between the the
detector and the source. This modulation can be char-
acterized by the relation between the arrival time t of a
wavefront at the detector that left the source at time τ .
For an isolated neutron star, this timing relation τ(t) can
be written as follows:

τ(t; n) = t+ r(t) · n
c

− d

c
, (2)

where n = (cos δ cosα, cos δ sinα, sin δ) is the unit vec-
tor pointing to the source in equatorial coordinates, ex-
pressed in terms of right ascension (α) and declination
(δ), r(t) is the vector from the solar-system barycenter
(SSB) to the detector location, d is the distance between
the SSB and the source and c is the speed of light. The
term r · n/c is known as the Rømer delay.
The frequency evolution f(t) of the signal in the detec-

tor frame is obtained by applying the timing relation τ(t)
of Eq. (2) to the source-frame phase evolution of Eq. (1),
namely Φ(t) = Φ(τ(t)), and computing the derivative

f(t;λ) = dΦ(t)
2πdt =

[
f(τref) + ḟ(τref) ∆τ(t)

] dτ
dt
, (3)

where λ ≡ {f(τref), ḟ(τref), α, δ} are commonly referred
to as the phase-evolution parameters.

An example of the detector-frame frequency evolution
f(t) for a CW signal over a time-span of ten days is
shown in Fig. 1. Here we see the two-component Doppler
modulation of the signal due to the diurnal rotation of
the detector (Doppler shifts of order ∼ 10−6f) and the
orbital motion of the Earth (Doppler shifts of order ∼
10−4f over the course of a year).

The CW strain signal in the detector additionally de-
pends on four amplitude parameters A, namely the over-
all signal amplitude h0, the neutron-star spin-axis align-
ment cos ι with the line of sight, the polarization angle
ψ and the initial phase φ0. The full expression for the
strain signal h(t;A, λ) is not important here and can be
found, for example, in [4, 14]. The total measured strain
x(t) in a detector can be expressed as

x(t) = n(t) + h(t;A, λ), (4)

where n(t) denotes the noise, characterized by a noise
power spectral density Sn(f) as a function of frequency.
In practice n(t) is often assumed to be (approximately)
Gaussian, a simplifying assumption that we will also use
in this work.
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FIG. 1. Detector-frame frequency evolution f(t) of Eq. (3) for
a CW signal with source-frame frequency f(τref) = 1000 Hz,
spindown ḟ(τref) = −10−10 Hz s−1 and sky position Sky-B
(see Table I). The highlighted region denotes the bandwidth
of the signal over each one-day time span.

We can distinguish three main categories of CW
searches [3, 4], depending on the assumed level of knowl-
edge about the signals: wide parameter-space all-sky
searches assume the phase-evolution parameters λ to be
completely unknown, directed searches treat the sky po-
sition n as known with unknown frequency and spin-
down(s), while targeted searches take the phase-evolution
parameters λ to be fully known. Note that the four am-
plitude parameters A are typically considered unknown
even for targeted searches.

The sensitivity of a CW search [15, 16] is typically
characterized in terms of an upper-limit amplitude hpdet

0
at which a search achieves a given detection probability
pdet (typically chosen as 90% or 95%) at a chosen false-
alarm level pfa. This upper-limit amplitude h0 charac-
terizes a population of signals with unknown (neutron-
star) spin axis orientation (uniform priors cos ι ∈ [−1, 1]
and ψ ∈ [−π/4, π/4]) and initial phase (uniform in
φ0 ∈ [0, 2π]). The CW upper limit amplitude hpdet

0 scales
with the amplitude noise spectral density

√
Sn at every

frequency, it is therefore more convenient to use the sen-
sitivity depth Dpdet , defined as

Dpdet ≡
√
Sn

hpdet
0

, (5)

which characterizes the sensitivity of a search setup [16]
independently of the noise-floor level Sn. In the following
we use the sensitivity depth D90%, corresponding to an
upper-limit amplitude h90%

0 , for which a matched-filter
search would achieve a detection probability of pdet =
90% at a false-alarm probability of pfa = 1%.

III. BENCHMARK TARGETED SEARCHES

Previous studies [1, 2] had directly attempted to tackle
wide-parameter-space CW searches with convolutional
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FIG. 2. Comparison of training progress of between two
DNNs trained on the signals from the targeted search cases
Sky-B@20 Hz and Sky-B@1000 Hz at depth D90%

Sky−B from
Eq. 6. The DNNs have the Inception-Resnet-v2 architecture
used in [2]

deep-neural-network (DNN) architectures from image
classification. While this approach worked well for short
search durations of about one day, it became ineffec-
tive when extended to longer durations up to 106 s ∼
11.6 days, see Table. VI in [2].

Further experimentation reveals that these network
architectures perform well with longer-duration signals
when trained for much simpler targeted searches at a
lower frequency, but struggle with signals at higher fre-
quency (relatively more complex signal morphology), see
Fig. 2 for an example. This indicates that it is not (only)
the larger parameter space but the signal morphology it-
self that causes problems. Specifically, the difficulty en-
countered by DNNs in detecting CW signals appears to
be correlated with their effective bandwidth in the data,
corresponding to the Doppler broadening in the detector
frame (as illustrated in Fig. 1).

In this study, we therefore narrow our focus on targeted
searches spanning ten days, in order to demonstrate, as
a proof of concept, that an appropriately-designed DNN
architecture can detect these longer signals with optimal
matched-filter sensitivity. For this purpose we define ten
benchmark cases of targeted ten-day searches, given in
Table. I, spanning the spectrum from “easy” to “hard-
est”, with five different frequencies from 20 − 1000 Hz
(higher frequency leads to more Doppler broadening) and
two different sky positions, Sky-A and Sky-B.

Sky position Sky-B has the widest Doppler broaden-
ing (over the sky) of the signal during the ten-day search
span, while sky position Sky-A is more favorable with a
narrow signal bandwidth. The total ten-day signal band-
widths for all benchmark cases are listed in Table. II. We
see that the search at f = 20 Hz targeting sky position
Sky-A has the narrowest signal band (∼ 0.09 mHz), and
is expected to be the easiest to master for a DNN, while
targeting Sky-B at f = 1000 Hz is expected to be the
hardest case (with a total bandwidth of ∼ 18.7 mHz). A

Start time 1200300463 s
Duration 10 days
Detectors LIGO Hanford (H1) and Livingston (L1)
Noise stationary, white, Gaussian

Frequency f(τref) 20, 100, 200, 500, 1000 Hz
Spindown ḟ(τref) −10−10 Hz s−1

τref 1200300463 s
sky position (α, δ) Sky-A (6.123771, 1.026457) rad

Sky-B (2.119314, 0.299076) rad

TABLE I. Benchmark targeted searches, spanning five fre-
quencies between 20 − 1000 Hz and two sky positions, one
“easy” (Sky-A) and the “hardest” (Sky-B).

Frequency [Hz] Bandwidth [mHz]
Sky-A Sky-B

20 0.09 0.45
100 0.16 1.94
200 0.38 3.80
500 1.06 9.38

1000 2.19 18.69

TABLE II. Total signal bandwidths over ten days (in mHz)
for the targeted-search cases defined in Table. I.

visual illustration of the respective bandwidths of signals
at the two sky-positions can also be found in Fig. 3.
We can estimate the optimal matched-filtering sensi-

tivity D90% (at pfa = 1% false-alarm level) for each of the
benchmark search cases using the approach developed in
[15, 16] and implemented in [17]1. The corresponding op-
timal sensitivity depths depend on the sky position (due
to the different antenna-pattern response), and are ob-
tained as

D90%
Sky−A ≈ 86.2 /

√
Hz,

D90%
Sky−B ≈ 81.8 /

√
Hz.

(6)

This defines the optimal sensitivity ceiling to compare
the DNN performance against.
Note that the matched-filter search at Sky-B is slightly

less sensitive than at Sky-A, requiring a stronger signal
(i.e., smaller depth) to reach pdet = 90%. This is due
to differences in the antenna-pattern response at the two
sky positions and is unrelated to the previous discussion
about signal bandwidths in the detector frame, which
does not affect matched-filter performance.

IV. DEEP LEARNING

In this section we describe the design of the DNN ar-
chitecture, the pre-processing of the input data, and the
training process.

1 This is assuming the F-statistic, which is not strictly Neyman-
Pearson optimal [18], but the difference is too small to be of
practical relevance for these search setups.
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A. A new DNN architecture for CWs

Deep state-of-the-art image classification networks
(specifically, ResNet [19] and Inception-ResNet-v2 [20])
employed in [1, 2] were unable to achieve competitive sen-
sitivities for CW signals lasting ∼ 11.6 days, with rapidly
decreasing performance at higher frequencies (e.g., see
Table. VI in [2]). As mentioned in the previous section,
these architectures perform poorly even when simplifying
the problem to simple targeted searches over ten days.

We hypothesize that this failure to learn is due to
a mismatch between the morphology of long CW sig-
nals in noise and the implicit priors in (convolutional)
image-classification network architectures. These image-
classification priors can be roughly characterized as

• the image could represent any object,
• high signal-to-noise-ratio pixels can be combined

locally to find small-scale structures like ridges, cor-
ners etc,

• lower-level patterns can be hierarchically combined
into larger structures in subsequent layers, where
the exact location of lower-level structures has little
to no impact on the final classification.

The resulting typical convolutional image-classification
architectures consists of small convolutional kernels (such
as 7x7 or smaller), lossy layer reductions such as max- or
mean-pooling and a large number (& 50) of layers (cf.
[19, 20]).

Contrast this with CW signals, where two things hap-
pen when increasing search duration: (i) the signal depth
D90% for matched filtering grows as ∝

√
duration, so the

target signals get weaker, and (ii) the Doppler spreading
of the signal in the detector frame increases, see Sec. III
and Fig. 1. Both of these factors contribute to weaker
and less localized signal power in time-frequency space,
i.e., reduced local signal-to-noise ratio in any spectro-
gram bin. Figure. 4 illustrates this effect for a spectro-
gram of the Sky-B@1000 Hz signal of Fig. 3 added to
Gaussian noise at a matched-filtering depth of D90% =
81.8 /

√
Hz. The resulting “image” does not show any vis-

ible trace of the signal. We can therefore roughly char-
acterize the CW signal priors as:

• a diurnal narrow frequency pattern, repeating daily
with an overall frequency drift (due to spindowns
and orbital motion2), see Figs. 1 and 3,

• a vanishing local signal-to-noise ratio in any spec-
trogram pixel, see Fig. 4,

• a lossless combination of all signal pixels will be
necessary for classification to be able to compete
with matched filtering.

2 This assumes isolated sources and needs to be revisited for
sources in binary systems.

Motivated by these priors, we use the following design
principles to construct our CW-DNN architecture:

1. avoid operations that lose information about the
signal (such as max-/mean-pooling),

2. combine all signal bins within the shortest layer
pathway,

3. use an input spectrogram adapted to the diurnal
repeating shifted signal pattern.

The last point is probably not strictly necessary, and is
intended to simplify the problem for the network, by pro-
viding a “natural” factorization into a repeating shifted
daily pattern that can be learned by the same convolu-
tional kernels across all segments, producing a track-like
output pattern to be combined by subsequent layers.

B. Pre-processing the Input

We convert the one-dimensional time-series data x(t)
of Eq. (4) for each detector into a two-channel (real and
imaginary part) spectrogram over ten one-day segments.
Detectors are stacked along the channel dimension, and
for two detectors (H1+L1) the input spectrograms there-
fore have a total of four channels. Hence, the input
consists of a three-dimensional array, with axes corre-
sponding to segments, frequency bins, and channels, as
depicted in Figs. 3 and 4.
The input frequency band encompasses the entire sig-

nal bandwidth, aligned to start at the lowest signal fre-
quency with a fixed total bandwidth corresponding to the
widest signal in Table. II, specifically ∼ 18.7 mHz for the
Sky-B@1000 Hz case. With the segment FFT resolution
of 1/day, plus a padding of 16 frequency bins on either
side of the band, this results in a total input bandwidth
of 1647 frequency bins.

C. Network Architecture

Through extensive experimentation based on the ar-
chitecture design principles of Sec.IVA, we ultimately
arrived at the simple network architecture summarized
in TableIII.
The first layer performs 1D-convolutions with 64 ker-

nels of dimension 1x313x2, sliding along the frequency-
axis for each detector and segment. The kernel size of
313 frequency bins encompasses the widest signal band-
width within the one-day segments, namely 3.4 mHz, for
the skyB@1000 Hz signal.
The second layer performs 2D convolution of 64 ker-

nels with dimension 2x40x64, combining neighboring seg-
ments over 40 units along the frequency-axis. The width
in frequency covers the widest output “track” width over
the two-day span. This choice is motivated by the idea of
combining the full signal information within the shortest
possible network path, as discussed in Sec. IVA.
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FIG. 3. Input spectrogram arrays for two signals without noise at 1000 Hz: (a) sky position Sky-A featuring low Doppler
broadening of the signal, and (b) sky position Sky-B exhibiting maximal Doppler broadening over the ten-day period. See
Table I for the complete parameter definitions.
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FIG. 4. Input spectrogram array for signal Sky-B@1000 Hz of
Fig. 4 (b) added to Gaussian white noise at a matched-filtering
depth D90%

Sky−B ≈ 81.8 /
√

Hz.

Layer Output shape
(T, F, C)

Input (10, 1647, 4)
Conv1D

Kernel - (1, 313, 2) (10, 103, 64)
Stride - 16
Conv2D

Kernel - (2, 40, 64) (10, 26, 64)
Stride - (1, 4)

Flatten (16640)
Dense (32)
Output (1)

TABLE III. DNN architecture for targeted ten-day CW
search: the output shape (T, F, C) of each layer corresponds
to the number of bins in the (time, frequency, channels) axes,
respectively. The kernel sizes of the convolutional layers are
using the same convention.

The output block consists of three layers: a flatten
layer (reshaping the input to a one-dimensional array),
a dense layer with 32 units and a final output layer con-
sisting of a single unit.
Every layer except the flatten and output layers use

ReLU activation. The output layer uses a sigmoid acti-
vation in the final output for the probability ŷ ∈ [0, 1] of
the data containing a signal.
The sigmoid output ŷ is well suited for training a classi-

fication network, but as previously observed [2, 21], this
tends to run into numerical over- and underflow issues
when using it as a detection statistic, e.g., when measur-
ing the receiver-operator-characteristic (ROC) of detec-
tion probability pdet versus false-alarm pfa. This can be
avoided simply by dropping the final sigmoid activation
when using the trained network’s output as a detection
statistic.
The total number of trainable parameters of the net-

work in Table. III is ∼ 900k, and the network requires
∼ 5 MB of GPU memory per sample. The training was
performed on NVIDIA A100-SXM4 GPUs with 40 GB of
memory. The DNN was implemented in TENSORFLOW
2.0 ([22]) with the Keras API ([23]).
Note that despite this being a rather shallow five-layer

network, it still contains about half the trainable param-
eters of the nearly 100-layer deep Inception-Resnet-v2 of
[2], which is due to the fact that our network uses sub-
stantially larger kernels.

D. Training and Validation

For each of the targeted-search cases in Table. I we
train the same network architecture on samples contain-
ing either pure Gaussian noise or an additional signal.
The training data is constructed from a fixed set of
8192 precomputed (for performance reasons) signals with
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FIG. 5. Training and validation detection probability pdet (at fixed pfa = 1%) versus number of epochs and training time for
the targeted-search cases (a) Sky-A@20 Hz, (b) Sky-B@20 Hz, (c) Sky-A@1000 Hz and (d) Sky-B@1000 Hz. See Table I for the
complete parameter definitions and Table. II for the corresponding signal bandwidths.

randomly-chosen amplitude parameters according to the
physical uniform priors cos ι ∈ [−1, 1], ψ ∈ [−π/4, π/4]
and φ0 ∈ [0, 2π]. Each signal is added to a dynamically-
generated noise realization, at a fixed matched-filtering
sensitivity depth of D90% as described in Sec. III.
In every epoch, the network is trained on all 8192 sig-

nals added to Gaussian noise and an equal number of
pure Gaussian-noise samples, where the noise is dynam-
ically generated in every sample. The training therefore
never sees the exact same samples twice and therefore
there can no overfitting or memorization in the strict
sense, although the finite selection of 8192 signals from
the continuous distribution can still result in some bias
or small overfitting.

We use a binary cross-entropy loss function, which is
common practice for classification tasks, namely

L(y, ŷ) = 1
N

N∑
i=1
−yi log ŷi − (1− yi) log(1− ŷi), (7)

where ŷi ∈ [0, 1] is the DNN sigmoid output for the iith

sample, yi is the corresponding label (0 for noise and 1
for a signal), and N is the total number of samples in a
batch. We use the Adam optimizer with a batch size of
128 samples for training.
At every epoch, we measure the DNN detection proba-

bility pdet at a constant pfa = 1% false-alarm level on the
training dataset. Every 100 epochs, we perform a valida-
tion step, where loss and detection probability are eval-
uated on an independent dataset drawn from the same
distribution, constructed again from a (different) set of
8192 independent precomputed signals.
The learning progress of detection probability versus

training epoch and time are shown in Fig. 5 for four rep-
resentative cases. The network training continues until
the validation detection probability exceeds pdet ≥ 89%.
For each of the targeted-search cases, we start training
from ten different random DNN weight initializations,
and we use the best-performing network from each case
for final testing.
These results confirm an empirical observation men-

tioned in Sec. III, namely the time required for the DNN
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Frequency Sky-A Sky-B
20 89.0+0.8

−1.2 88.5+0.8
−1.0

100 87.8+0.8
−1.1 87.4+1.0

−1.0
200 89.0+0.8

−1.0 89.0+0.9
−1.0

500 88.4+0.7
−1.0 88.8+1.0

−0.9
1000 87.6+0.8

−1.1 87.6+1.0
−1.2

TABLE IV. Detection probabilities pdet (at fixed pfa = 1%)
achieved by the trained DNNs, evaluated on an independent
test dataset for each of the five frequencies and the two sky
positions Sky-A and Sky-B, see Table. I for the complete pa-
rameter definitions.

to achieve matched-filtering performance increases with
signal bandwidth, suggesting that is more “difficult” for
the network to learn wider signals.

V. RESULTS AND DISCUSSION

A. Verifying performance on a test dataset

The close agreement observed in Fig. 5 between the
DNN performance on the training and validation datasets
indicates that there is no overfitting to the finite set of
8192 training signals. However, there is still potential for
overfitting to the validation set during the optimization of
the network hyper-parameters (i.e., learning rate, layers,
kernel sizes, strides etc).

Therefore we evaluate the full-trained DNN on a com-
pletely independent test dataset. We generate new sam-
ples of Gaussian white noise and add signals at fixed
matched-filtering depth D90% of Eq. (5) with randomly-
drawn amplitude parameters cos ι, ψ, φ0, resulting in the
final test detection probabilities pdet at fixed false-alarm
of pfa = 1% shown in Table. IV. These results are
consistent with the validation detection probability of
pdet ≥ 89% that was used as a stopping criterion for
the training. There is a slight downward bias of the test
results, i.e., p̄det ∼ 88.3%, which makes sense given that
training was stopped as soon as pdet exceeded 89% on the
validation dataset that is subject to both finite-sampling
uncertainties and biases.

B. Detection efficiency versus signal depth

All results presented up to this point refer to signals at
a fixed matched-filtering depth D90% of Eq. (5), i.e., sig-
nals with a fixed amplitude h0. A valid question therefore
arises if the network correctly generalizes to other signal
amplitudes, as it could in principle have memorized or
specialized to this particular sensitivity depth.

We measure pdet of the trained DNN at varying signal
depths D, commonly referred to as the efficiency curve,
shown in Fig. 6 for the Sky-B@1000 Hz case (results for
the other test cases look similar). We can see that the
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FIG. 6. Detection probability pdet (at fixed pfa = 1%) ver-
sus signal depth D for the trained DNN (circles with 90%
error bars) compared to matched filtering (solid line), for the
benchmark case Sky-B@1000 Hz.

DNN statistic behaves very similarly to matched filter-
ing for both weaker and stronger signals compared to
the D90% depth it was trained at. This confirms simi-
lar results found previously in [1, 2], namely fixing the
training depth to D90% does not seem to result in any
over-specialization of the network.

C. Approximate mapping to the F-statistic

For all practical purposes, the receiver-operator-
characteristic (ROC) pdet(pfa) of the DNN statistic ap-
pears to agree well with that of the matched-filtering
F-statistic [14], which is close [18] to Neyman-Pearson
optimal for targeted CW searches.

We therefore expect the DNN statistic and the F-
statistic to be related by a monotonic function. We test
this prediction by comparing the DNN statistic distribu-
tions to the known χ2-distribution of the F-statistic in
both the pure-noise as well as the signal+noise cases.
For illustration purposes we focus again on the Sky-
B@1000 Hz test case.

We generate a distribution of DNN output statistics
on pure noise samples and fit a quadratic mapping to
the F-statistic noise distribution, namely a central χ2-
distribution with four degrees of freedom. The best-fit
quadratic is obtained as 0.1x2 + 1.9x + 9.2 which is a
monotonic function in the range of the DNN statistic,
and the resulting mapped noise distributions are shown
in the top panel of Fig. 7.

Then we apply the same mapping to the DNN statis-
tic outputs obtained in the signal case with signals at
depth D90%, and we compare the resulting distribution
to the corresponding fixed-depth F-statistic distribution
(cf. [16]), shown in the bottom panel in Fig. 7. We see
that we obtain reasonably good agreement between the
DNN and F-statistic distributions, and it seems there-
fore fair to say that the DNN appears to have learned
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FIG. 7. Comparison between the distribution of the F-
statistic (solid line) and the mapped DNN output statistic
(histogram) for pure noise samples (top) and D90% signals in
noise (bottom), for the Sky-B@1000 Hz test case.

to compute (something close to) the F-statistic for the
ten-day targeted searches.

VI. CONCLUSIONS

State-of-the-art convolutional image-classification net-
works haven proven ineffective [1, 2] for CW searches on
longer durations of ∼ 11.6 days. We hypothesize that
this failure is due to an inherent mismatch between the
CW signal morphology and the priors implicit in (convo-
lutional) image-classification network architectures.
We propose new DNN architecture design principles

for CWs, which lead us to a novel convolutional DNN
architecture that can effectively achieve matched-filtering
sensitivity for targeted CW searches over ten days.
Future work needs to extend this study to longer dura-

tions (up to 1-2 years) and CW sources in binaries that
would be subject to even larger Doppler spreads. The
resulting network input sizes will become substantially
larger as a result, potentially creating memory and per-
formance bottlenecks. Furthermore, returning to wide-
parameter-space searches will require scaling up the net-
work capacity in order to be able to learn large numbers
of different signal shapes.
More work will therefore be required to further improve

the network architecture, for example, using transform-
ers [24, 25] for the 2D “track” processing (see Sec. IVC)
might be an interesting direction with the potential of
minimizing the network pathway combining the full sig-
nal power.
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