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Extreme mass ratio inspirals (EMRIs) are the mergers of massive and compact objects with mass ratio <104,
and are characterised by ahighly dynamicyears-long GWsignal. Because EMRIs are modelled with wide and
high-dimensional parameter spaces, conventional signal detection techniques e.g. matched filtering are
unfeasible, requiring 10*°templatewaveforms (Gairet.al.,2004). This projectexplores EMRIsignhal detection
with the use of convolutional autoencoders, atype of ML modelwhich learns howtorepresentinputdataina
low dimensionality. Awell-trained autoencoder will accurately reconstruct EMRIs while poorly reconstructing
other signal types. Hence, this technique could form the basis of a novel signal detection procedure for EMRIs.

Training & validation results

Reconstructions of validation EMRI in TDI AE, SNRs [60,100] Histogram of EMRI validation losses, TDI AE Input h (t)
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What are autoencoders? ] How do autoencoders work? Main ﬁndings

Autoencoders are:

Input data: EMRI h(t) e Convolutional autoencoders can
e A type of neural network that learns learn short windows of EMRIs

how to encode data in a low dimen- o [t currently struggles to recon-
sionality struct high amplitude EMRIs e.q.

e It consists of an encoder and decod- Size: (2,1048576) EMRI 3 from the reconstruction
Encoder ‘

cf o o plot
e The model is trained to minimise the

difference between input and output 2 Convolutional layers

Next steps
e Test out dilated convolutions for

Common applications: enhanced detection of long-term
* time dependencies

e Dimensionality reduction ~ Low e Test out longer windows of EM-

: dimensional
e Anomaly detection representation Size: (64, 16384) RIS

) 2:2:;;?r?gor]:ed\,3tdaata oy e Test out lower SNR signals
: Decoder

Dataset parameters 2 transpose Conv. References & acknowledgements

eWhitened h(t) generated with FastEMRIWave- layers

forms ' e FastEMRIWaveforms: New tools for milli-

eLoss function: mean squared error h L :
. . ertz gravitational-wave data analysis, Katz
e EMRIs modelled with the Fast Scharwzchild ec- Size: (2, 1048576) at. al 92021 Y

centric flux model . .
«TDI applied with FastLISAresponse e Assessing the data-analysis impact of LISA

oML training done with PyTorch orbit approximations using a GPU-acceler-

ated response model, Katz et. al. 2022

e e EENATIELEnS e Event rate estimates for LISA extreme mass
Output data:

Dataset size 11011 : :
SNR range (60, 100] ratio capture sources Gair et. al. 2004

Window of signal ~1/3y Reconstruction of h(t)

Sampling interval 10s
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