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Dark matter constitutes about 27% of the Universe's energy content
and is approximately 5x more abundant than baryonic matter, yet its
fundamental nature remains elusive. One promising candidate for its

origin is ultralight dark matter (U

LDM). It is composed of extremely

ight particles, with masses in the range of m = 107**eV + 1eV. These
narticles exhibit wave-like behavior on astrophysical scales, leading

to rich phenomenology, yet reproducing the behaviour of cold dark
matter (CDM) on cosmological scales.

3. Deep neural network
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Simplified diagram of the autoencoder

Source: Amor, “Comprehensive introduction to Autoencoders,” ML Cheat Sheet, 2021

We use a  convolutional
autoencoder, a type of neural
network, as an anomaly detector.
It is trained on simulated pulsar
timing data with no ULDM signal
and then applied to test data
containing ULDM signals to
detect anomalies. The goal is to
estimate the minimum signal
strength required for detection.
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2. Interaction of ULDM with

In addition to gravitational

CHARLES
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a binary system

effects, ULDM can have direct interactions

with ordinary matter, leading to diverse observable consequences
specific to a particular ULDM model.

Binary pulsars have proven to be promising ULDM detectors. An
interaction between ULDM and the components of a binary pulsar
leads to a perturbation in the binary's dynamics, which manifests as a
unique signal in pulsar-timing data. Although the gravitational influence
of dark matter on the pulsar timing data is too weak to be detectable,
the signal from a direct interaction with normal matter could still be
observable. If this signal is not detectable, it imposes strong constraints
on the coupling constants of a particular dark matter theory [1-4].

Interaction: direct
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4. Bayesian sensitivity limit

Lint — QIFI - A + QQ'FQ - A

Sint = A / d*z/—gM,, T

Dark Matter

In previous work, we estimated the binary pulsar sensitivity curve in
the case of scalar dark matter using Bayesian analysis [5].

O, = / L(Z)dE

Oy = /P(X, Y)P(a,m)L(Z, X,

O, — evidence for signal hypothesis

B —

O, — evidence for null hypothesis

B= /an(n)B

averaging over noise

.~ huisance parameters (errors, secular effects)

Y,a,m)d=dX dY dadm, P(a,m) = §(a — ap)d(m —my)

NP
B¢ =]]B8, = 1000
p=1
combination of all pulsars
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5. Preliminary results and future

All 4 figures show the sensitivity curve obtained by the autoencoder,
compared with a simplified Bayesian analysis. The ) depends directly
proportional to the coupling constants of the respective theories.

10‘12%"'! T T T T T T T T T T . — T . ——rr
- —e— Autoencoder (95% Accuracy, White noise, NP{incl.)
113 - —e— Autoencoder (95% Accuracy, White noise, No|NP)

= —®- Bayesian (Spin 0, Linear, White noise, No NP)!
10711}
_ 1072k
=) :
= 10-16f
10—17;_

10—18 ;_

10-19:—

R Eil H R B e S H N S S A R | + R S e I | H S B S R
el = Autoencoder (95% Accuracy, White noise, NP incl.;)
e Autoencoder (95% Accuracy, White noise, No NP) |
- —m=—Bayesian (Spin 1, White noise, No NP) |
E = m=2wp

HRRA | ! R ETEL H BRI E R 4 IR EETEE) = ] HERER R
—e— Autoencoder (95% Accuracy, White noise!r NP incl.)

| —— Autoencoder (95% Accuracy, White noise, No NP)
—-m- Bayesian (Spin 0, Quadratic, White noise,i No NP)
——= m=wp/2

R x e B H HEEE S e + I T R ! PR A
_ —e— Autoencoder (95% Accuracy, White noise, NPEincI.E)

- —e— Autoencoder (95% Accuracy, White noise, No|NP) |

[ —m- Bayesian (Spin 2, White noise, No NP) |

e mew,

F == m= 2w,

=
I I
|
|
|
|
|
|

[ R R T
m (eV)

...I:.L.(.)I_lg i e ey oy I
m (eV)

Our goal is to develop the most effective machine learning models

for detecting ULDM sign
detection, we are working

als in pulsar timing data. In addition to
on ML-based parameter estimation.




