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THE PROBLEM OF PIXELS
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What if we represented images as continuous functions instead?
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IMPLICIT MEURAL
REPRESENTATION

We can train a neural network to represent an image as a continuous function
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TEST CRHSE

MEERKAT SALACTIC CEMTRE MOSAIC - HEYWOOD ET AL, [Z20ZE]
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SHECTRAL BIRAS

THE PROELEM WITH FITTIHKG HIGH-FRECQCUEMCY COMPORMERT=
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ALTERMNATIVE ARCHITECTURES
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CUOMPARIMNG ARCHITECTURES
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CUOMPARIMNG ARCHITECTURES

=IREHM V= WIMHKMER V= FIMNER

st i
-\.E' - -

e

-

-

g
-

- rl-
L

0.08

0.06

0.04

0.02

0.00

—0.02

—0.04

—0.06

—0.08




CUOMPARIMNG ARCHITECTURES
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CUOMPARIMNG ARCHITECTURES
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CUOMPARIMNG ARCHITECTURES
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HIGHER DIMENSIONS

FITTIMHG AM IMAGE CLUEE
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HIGHER DIMENSIONS

FITTIMG AM IMAGE CLUEE
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SIMETHES IS

IMR PYTHOM PRACHEAGE FOR A=TROROMY

R DATH

fits files - images - N-D arrays

v

FPREFRRE , EUI_D , TRRAIM , PREDICT

crop - transform - normalise SIREN - WINNER - FINER sampling - optimisation - monitoring any coordinates - native units
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SIMETHES IS

IMR PYTHOM PRACHEAGE FOR A=TROROMY

READY TO TRY OUT AN INR? KHOW WHAT YOU ARE DOING?

Native PyTorch

Flexible

Control the architecture

Control optimisation and scheduling
Custom metrics

e User-friendly interface

e Default parameters automatically chosen
for your dataset

e Smart validation

e Resource-aware

e Canrun on your laptop




AMY RUESTIONSY




	IMPLICIT NEURAL REPRESENTATIONS
	FOR RADIO ASTRONOMY
	JANIE DU PREEZ, BRIAN WELMAN, EMIL MEINTJES, EMMA TOLLEY


	THE PROBLEM OF PIXELS
	RETHINKING HOW WE REPRESENT IMAGES
	What if we represented images as continuous functions instead?


	IMPLICIT NEURAL REPRESENTATION
	MULTI-LAYER
	PERCEPTRON

	LEARNING THE CONTINUOUS FUNCTION WITH SINUSOIDS
	TEST CASE
	MEERKAT GALACTIC CENTRE MOSAIC - HEYWOOD ET AL. (2022)

	SPECTRAL BIAS
	THE PROBLEM WITH FITTING HIGH-FREQUENCY COMPONENTS

	ALTERNATIVE ARCHITECTURES
	WINNER (SIREN2)
	Normal SIREN:

	WINNER:
	FINER
	LIU ET AL. (2024)
	Normal SIREN:


	FINER:

	COMPARING ARCHITECTURES
	COMPARING ARCHITECTURES
	COMPARING ARCHITECTURES
	COMPARING ARCHITECTURES
	COMPARING ARCHITECTURES
	COMPARING ARCHITECTURES
	HIGHER DIMENSIONS
	HIGHER DIMENSIONS
	SINETHESIS
	INR PYTHON PACKAGE FOR ASTRONOMY
	BUILD
	SIREN · WINNER · FINER
	TRAIN
	FITTED CONTINUOUS REPRESENTATION


	SINETHESIS
	INR PYTHON PACKAGE FOR ASTRONOMY
	READY TO TRY OUT AN INR?
	User-friendly interface
	Default parameters automatically chosen for your dataset
	Smart validation
	Resource-aware
	Can run on your laptop
	KNOW WHAT YOU ARE DOING?

	Native PyTorch
	Flexible
	Control the architecture
	Control optimisation and scheduling
	Custom metrics


	ANY QUESTIONS?

