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Abstract

This thesis introduces novel methods in astronomical data analysis based on differentiable for-
ward modelling, enabling physical processes and statistical inference to be treated within a
unified computational framework. By embedding the full chain of optical propagation and de-
tector physics into differentiable software, gradients can be propagated from photon arrival to
detector readout, supporting principled calibration and inference. This approach is formalised
in the “Pixels to Planets” philosophy: an end-to-end modelling framework that replaces tradi-
tional modular pipelines with continuous, interpretable models grounded in physics yet flexible
enough for real data. It reframes data analysis as differentiable simulation and optimisation,
enabling physical calibration and scientific inference with the same statistical model.
A key outcome is the development of ∂Lux, an open-source library for differentiable opti-

cal modelling built in Jax. ∂Lux supports efficient gradient computation through physically
accurate models of diffractive optics and detectors, enabling uncertainty propagation and op-
timisation across the instrument lifecycle — from design to calibration and through analysis
of data products. These tools are first applied to the Toliman mission, a low-cost astro-
metric cubesat telescope targeting Earth-mass planets around the α Centauri star system by
witnessing micro-arcsecond angular perturbations. By optimising diffractive pupil designs with
respect to Fisher Information, we design an information-theoretically optimal experiment and
allow instrument calibration directly from science exposures.
The same modelling philosophy is then extended to JWST’s NIRISS Aperture Masking Inter-

ferometry mode, which has not met pre-launch expectations for signal-to-noise, primarily due
to limitations arising from uncorrected non-linear detector effects. The thesis presents a hybrid
forward model, Amigo, developed to jointly model optics, charge redistribution, and readout.
It features a novel embedded neural network implemented within a wider physically-constrained
‘effective detector model’. Trained on raw JWST data, Amigo recovers optical aberrations,
emulates pixel-level systematics, and extracts stable interferometric observables from degraded
exposures. These techniques enable the recovery of kernel amplitude and phase observables at
precisions exceeding all prior methods, restoring the competitive scientific viability of AMI for
high-contrast imaging at the diffraction limit.
More broadly, the thesis advocates for end-to-end differentiable models as a foundational

framework for modern astronomical instrumentation. By unifying optical propagation, detec-
tor physics, and statistical inference within a single differentiable architecture, these models
enable rigorous uncertainty quantification, principled calibration, and scalable optimisation.
When confronted with systematics too complex or poorly understood to model explicitly —
such as non-linear charge migration — this framework can be naturally extended with hy-
brid physical–machine learning components, embedding neural networks within interpretable
physical structures. This approach preserves interpretability and causal structure meeting the
challenges of real-world data. Differentiable modelling will be essential for next-generation ob-
servatories such as Roman and the Habitable Worlds Observatory, whose calibration demands
exceed the capabilities of conventional pipelines.
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Chapter 1

Introduction

Human curiosity about the cosmos predates civilisation itself (Norris 2016). While the question

of whether life exists beyond Earth has ancient roots, only in recent decades have we gained the

tools to explore it scientifically. This thesis contributes to that endeavour by developing new

methods for the detection and characterisation of exoplanetary systems, those found outside

the solar system, bridging fundamental questions with modern instrumentation.

The drive to find other worlds motivates this thesis, but I investigate the tools and technolo-

gies that make such discoveries possible. Astronomy is a science of observation: while theory

helps guide the interpretation of our universe, it is our instruments and algorithms that set the

limits on what we can understand. These technologies do more than augment our view of the

universe — they shape the questions we are able to ask, defining the boundary of what can be

understood. This thesis explores the interplay between hardware and software, where physical

design and computational modelling combine to extend the frontiers of our understanding of,

and place within the cosmos.

This thesis is anchored in two interwoven themes: advancing the capabilities of frontier in-

strumentation for exoplanet discovery, and the interrogation of implicit assumptions that guide

our interpretation of the data they return. Although the outcomes are general in scope, the

work was scaffolded upon two missions — the James Webb Space Telescope (JWST; Gardner

et al. 2006) Aperture Masking Interferometer (AMI; Sivaramakrishnan et al. 2012; Soulain

et al. 2020) and the Toliman (Telescope for Orbital Locus Interferometric Monitoring of our

Astronomical Neighbourhood; Tuthill et al. 2018) mission, show in Figure 1.1 — each designed

to meet unprecedented demands on precision. Though they differ greatly in scale and in scope,

both exemplify the evolving relationship between measurement, inference, and the pursuit of

new frontiers in observational astronomy.

This thesis explores the use of differentiable simulations to bridge the gap between theory and

data, empowering new ways to perform statistical inference. Holistic models are constructed to

formalise the entire chain from measurement to parameter estimation as a differentiable graph,

eroding the boundary between simulation and analysis. Conventional approaches often treat

calibration and analysis as distinct stages stitched together by separate workflows. Differen-

tiable modelling dissolves these divisions. This approach unifies the physical processes that

generate our data with the statistical models used to interpret it, allowing inference to emerge

1



2

Figure 1.1: Rendering of the Toliman and JWST spacecraft. Image credits: Toliman1and
NASA 2.

from a continuous dialogue between simulation and observation.

The Toliman mission sets an extraordinary goal: to detect Earth-like planets through as-

trometry at a level of precision far beyond current practice. Meeting this challenge requires

advances beyond incremental improvements — it catalysed a broader rethinking of how calibra-

tion, inference, and design could be unified into a single coherent problem through automatic

differentiation. Chapter 2 introduces ∂Lux, the differentiable optical modelling framework that

underpins this thesis, and demonstrates how the traditionally separate processes of calibration

and scientific inference can be formulated as a single optimisation problem within a unified

computational graph. Chapter 3 extends this approach, applying information-theoretic tools

to the joint design of instrumental metrology and scientific sensitivity, enabling a coherent

framework for system-level optimisation. In many ways, the modelling principles developed

throughout this thesis are a direct response to the demands — and possibilities — posed by

Toliman.

While Toliman’s demands shaped the development of this modelling philosophy, its most

consequential application to date lies in addressing the limitations of JWST’s AMI. The most

powerful optical interferometer yet flown and the only one designed for science observations,

AMI was intended to open a new window in precision interferometric measurement. However

since launch, data fidelity has been limited by subtle, spatially structured detector systemat-

ics. These effects — non-linear, variable, and poorly characterised — interact with multiple

aspects of the observation and degrade the precision of interferometric measurements. De-

spite its promise, AMI has fallen short of its anticipated pre-flight performance with significant

implications for its scientific return during JWST’s (finite) operational lifetime.

Chapter 4 applies the differentiable modelling framework developed in the Toliman context

to understanding and interpreting AMI data. The full observation process — from starlight

1toliman.space
2science.nasa.gov

https://toliman.space/
https://science.nasa.gov/mission/webb/science-overview/science-explainers/telescope-overview/
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to sensor — is modelled as a single computational graph, where the detector is no longer a

black box with separable and invertible effect, but an integral part of the end-to-end signal

chain. To capture the complex, spatially structured non-linearities in the detector response —

dynamics that remain poorly understood and difficult to model from first principles — this

work incorporates a machine-learned component into the detector’s forwards model, enabling

the system to reproduce performance imperfections as part of the physical measurement chain.

This approach does more than recover AMI’s lost performance — it reveals the broader potential

of end-to-end differentiable modelling to resolve deeply coupled systematics that span optical,

electronic, and observational domains. AMI thus becomes not only a scientific target, but a

proving ground for a new mode of modelling in precision instrumentation.

The work presented in this thesis is therefore not an endpoint, but a foundation. The

software tools and modelling philosophy developed here — centred on end-to-end differentiable

inference — have reach that extends beyond the specific instrument use-cases for which they

were developed. The demands of upcoming missions, for example in coronagraph design and

calibration for NASA’s forthcoming Habitable Worlds Observatory, will require innovations that

surpass the limits of hardware alone. The prospect of calibrator-free interferometry becomes

feasible, as does the direct integration of machine-learned priors for joint inference of source

structure and instrumental parameters during deconvolution. Further improvements to the

models developed for AMI, enabled by new calibration datasets awaiting observation, have

the potential to improve performance to meet and exceed pre-flight expectation and to push

its utility beyond current observational bounds. These methods are well-positioned to shape

coming generations of high-precision astronomical experiments and instruments.

1.1 Exoplanets

The discovery of planets orbiting stars beyond our Sun is one of the defining achievements of

modern science and astronomy. The first confirmed detection of an exoplanet orbiting a main-

sequence star, 51 Pegasi b, was made by Mayor and Queloz (1995) using Radial Velocity (RV)

techniques (for a history of this discovery, see Mayor 2024). This breakthrough confirmed that

planetary systems are not unique to our own Solar System, heralding in a new discipline in

observational astronomy: exoplanetary science whose rapid growth has spawned corresponding

new areas in astrophysical instrumentation. Over the last 30 years the pace of discovery has

since accelerated dramatically: as of 2025, nearly 6,000 confirmed exoplanets have been cata-

logued across a diverse range of stellar hosts and orbital architectures, shown in Figure 1.2 using

data retrieved from the NASA exoplanet Archive3. The overwhelming majority of these have

been discovered through indirect methods, primarily transits (e.g. via the Kepler and TESS

missions; Charbonneau et al. 1999; Borucki et al. 2010; Ricker et al. 2015) and RV surveys

(Hara and Ford 2023).

While these indirect detection methods have yielded an extraordinarily detailed statistical

picture of planetary populations, providing insights into planetary radii, masses, orbital peri-

3https://exoplanetarchive.ipac.caltech.edu/

https://exoplanetarchive.ipac.caltech.edu/
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Figure 1.2: The known exoplanet population. Distribution of confirmed exoplanets as of
2025, plotted by Jupiter mass against semi-major axis in Astronomical Units (AU). The
colour-coding illustrates the primary detection methods: transits (green), radial velocity
(blue), microlensing (orange), and direct imaging (red). Solar System planets are marked
with ’x’ for scale.

ods, and even basic atmospheric properties (Fulton and Petigura 2018), the observations are

fundamentally limited in spatial resolution (Perryman 2018). Transits reveal the silhouette of

a planet against the disk of its host star, while radial velocities trace Doppler-induced shifts in

stellar spectra. Neither yields a direct image of the planet, a picture of the system as a whole,

or any spatially resolved imagery of any disk or structure in the circumstellar environment from

which the planet may have formed.

This limitation is particularly acute for understanding the physics of planetary formation and

evolution. Direct imaging opens a complementary observational window yielding information

that is inaccessible to indirect methods. It enables the detection and characterisation of wide-

separation gas giants and brown dwarfs, the measurement of orbital motion via astrometry,

and studies of the physical structure of protoplanetary disks, circumstellar debris, and other

extended features (Marois et al. 2008; Bowler 2016). With sufficient angular resolution and

contrast, direct imaging permits detection and physical characterisation through photometry,

spectroscopy, and dynamical analysis.

While the rewards for separating the faint planetary light from its bright host are great, the

observational challenge to accomplish this task is profound. A Jupiter-mass exoplanet at 50-100

milliarcseconds separation from its host star may be 106-109 times fainter, depending on age

and wavelength (Traub and Oppenheimer 2010). Extracting such signals requires instrumenta-

tion at the frontier of optical design, wavefront control, and system calibration. Coronagraphs

must suppress starlight while preserving faint planetary signals (Kenworthy and Haffert 2025);
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interferometric techniques must resolve structure within and below the diffraction limit (Mon-

nier 2003); detectors must maintain exquisite linearity and stability (Rauscher et al. 2007).

Even minor systematic errors in wavefront stability, detector non-linearities, or instrumental

miscalibration can swamp the signal of a faint companion or lead to false detections (Mawet

et al. 2012).

These challenges are not limited to exoplanetary science. The same tools can be used to

investigate faint stellar companions, measure binary orbits, resolve circumstellar disks, and

image the compact dusty environments of evolved stars (Tuthill et al. 2000a; Monnier et al.

2007; Kraus et al. 2016). On larger spatial scales, high angular resolution instruments contribute

to the study of active galactic nuclei (Burtscher et al. 2013; Sturm et al. 2018), probing the

host environments of supermassive black holes (GRAVITY Collaboration et al. 2018; GRAVITY

Collaboration et al. 2020).

In this broader context, exoplanet imaging represents not just a demanding subfield of obser-

vational astronomy, but a crucible in which instrumentation, calibration, and inference methods

are pushed to their limits. The need to detect and characterise faint, close-in companions drives

innovation in optics, detectors, and data processing pipelines. The work presented in this thesis

is situated within this technological and methodological frontier: while no explicit observational

campaign to detect planets is presented, the aim is rather to develop statistically principled data

analytic tools that make such detections possible despite the forbidding regime of simultaneous

contrast and resolution demanded.

1.2 Direct Imaging

The most prolific techniques for exoplanet detection touched on previously — RV and transit

photometry — have enabled valuable statistical insights into planetary architectures. However,

their geometric and temporal selection effects result in meaningful blind spots in parameter

space. For example neither method can probe face-on orbits, and both lose sensitivity for plan-

ets at wide separation from their host star and for lower mass (rocky) planets. Unfortunately

many of these systematic biases run directly counter to what are arguably the most desirable of

all parts of the exoplanetary canvas: rocky planets (like Earth) in wide (therefore temperate)

orbits around main sequence host stars.

Other techniques fill some of these gaps. Microlensing can detect widely separated (∼ several

AU) low-mass planets, but yields only single-epoch detections with limited information about

host stars or orbital context. Followup of particularly promising discoveries is generally not pos-

sible. Astrometry (e.g. Gaia; Gaia Collaboration et al. 2016) probes intermediate-separation

planets, but lacks contrast sensitivity. As a result, a large portion of planetary systems —

particularly those with distant gas giants, embedded planets in disks, or complex multi-body

dynamics — remain inaccessible to indirect methods.

Although to date sample sizes remain small, this is the regime in which direct imaging

excels. It is uniquely sensitive to young, self-luminous gas giant planets at separations beyond

∼10AU, which are so far undetectable by other means. Moreover, it provides the only means

to resolve the spatial context of planetary systems — enabling the study of circumstellar disks,
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dynamical architectures, and planet-disk interactions. These capabilities enable the study of

key open questions in planetary formation theory, including:

• The relative importance of core accretion and gravitational instability (Pollack et al. 1996;

Mordasini et al. 2012);

• The frequency and architecture of Solar System analogues (Nielsen et al. 2019; Vigan

et al. 2021);

• The origin of substructures observed in disks by ALMA and in scattered-light images

(Andrews et al. 2018; Isella et al. 2016);

• Joint studies of the outer regions of solar systems combining direct imaging with astrom-

etry (e.g. Currie et al. 2023);

• The formation, migration, and atmospheric properties of young giant planets (Bowler

2016).

Landmark detections such as HR 8799 bcde (Marois et al. 2008) and the protoplanets PDS 70 b

and c (Keppler et al. 2018; Haffert et al. 2019) illustrate the unique scientific return of direct

imaging. These systems are invisible to RV and transit surveys, yet are essential for testing

formation scenarios and probing the early evolution of planetary atmospheres.

Ensuring sufficient signal fidelity to achieve this science requires extreme precision. Planet-

to-star contrasts of 10−6–10−9 and angular separations of 50–200mas set benchmarks that

comprise a generational challenge for optical instrumentation and data analysis. Performance

depends not only on coronagraphy and wavefront control, but also on precise calibration, de-

tector modelling, and robust inference methods. The methodological challenges in this field

form the core technical motivation of this thesis.

1.2.1 High Contrast Imaging

Faint planetary companions can be millions to billions of times fainter than their host stars

and lie at angular separations of just tens to hundreds of milliarcseconds. Achieving detec-

tions under such conditions requires instrumentation capable of extreme contrast performance,

exquisite optical stability, and with data handling augmented by sophisticated calibration tech-

niques (Guyon 2005).

Specialised instruments have been developed to meet these challenges. Broadly speaking,

high-contrast imaging systems combine starlight suppression techniques (such as coronagraphy)

or self-calibration methods (like interferometry) with wavefront control, adaptive optics, and

careful instrumental calibration. Each class of instrument targets a different regime in the

contrast-separation space and is optimised for a specific scientific niche (Mawet et al. 2010;

Guyon et al. 2006).

Coronagraphs operate by blocking or diffractively removing starlight in the focal or pupil

planes, enabling the detection of faint off-axis sources such as exoplanets and circumstellar disks.

Interferometric techniques, particularly aperture masking interferometry, on the other hand,
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encode spatial information through interference fringes across a sparse pupil. Interferometry is

especially powerful at resolving close-in companions near or within the diffraction limit, while

also serving a role as optical calibration tools (Tuthill et al. 2000a; Sivaramakrishnan et al.

2012). Nulling interferometry (Bracewell and MacPhie 1979; Hinz et al. 2016) synthesises these

ideas by rejecting starlight in interferometric measurements, and is a promising technique for

exoplanet imaging missions in the longer term (e.g. the Large Interferometer For Exoplanets,

LIFE : Quanz et al. 2022).

Ground-based high-contrast systems rely on extreme adaptive optics to correct for atmo-

spheric turbulence in real time, enabling near-diffraction-limited imaging from the ground. In-

struments such as Spectro-Polarimetric High-contrast Exoplanet REsearch (SPHERE; Beuzit

et al. 2019), Gemini Planet Imager (GPI; Macintosh et al. 2014), and Subaru Coronagraphic

Extreme Adaptive Optics (SCExAO; Jovanovic et al. 2015) have demonstrated contrasts of

10−5 to 10−6. In contrast, space-based systems like JWST and the upcoming Roman Space

Telescope (Spergel et al. 2015) benefit from a stable thermal and mechanical environments,

allowing them to push even deeper in contrast at small angular separations.

The most sought-after goal of the field remains the detection and characterisation of true

Earth-analogue systems – a rocky Earth-mass object in a temperate orbit around a Sun-like star.

Imaging such targets in reflected light requires contrasts better than 10−9 at typical angular

separations inwards of 100mas: well beyond the capabilities of current-generation instruments.

However, this ambitious goal may finally be brought within reach by next-generation facilities

such as the European Extremely Large Telescope (ELT; Gilmozzi and Spyromilio 2007), the

Giant Magellan Telescope (GMT; Johns 2008), and the Habitable Worlds Observatory (Hab-

Worlds; Gaudi et al. 2020). Far from being a niche field driven by isolated innovators, exoplan-

etary science is now entrenched as a central mission objective for coming generation flagship

facility investment.

1.2.2 Coronagraphs

Coronagraphs are optical systems designed to suppress on-axis starlight by reshaping the electric

field, often imposing wavefront modifications across multiple optical planes. A typical configu-

ration includes a pupil-plane apodizer to sculpt the incoming wavefront, a focal plane mask to

block light from the stellar core, then a so-called “Lyot stop” to remove residual diffracted light

further downstream. Together, these components reshape the on-axis Point Spread Function

(PSF), creating a deep central null and attenuating diffraction structures, thereby enhancing

the detectability of faint off-axis sources(Kenworthy and Haffert 2025).

Originally developed for solar observations (Lyot and Marshall 1933), coronagraphy has

since become a cornerstone of high-contrast imaging in exoplanetary science. Its capacity to

isolate and characterise circumstellar material, wide-separation gas giants, and protoplanetary

structures has made it a vital tool for testing theories of planet formation and system architec-

ture (Follette 2023b).

Coronagraphs can achieve raw contrasts of approximately 10−6 to 10−9, with inner working

angles typically limited to ≳ 2λ/D, where λ is the observational wavelength and D is the
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telescope diameter, depending on the optical design. However, reaching these performance

levels requires exquisite stability. A range of physical and instrumental effects degrade coro-

nagraphic contrast: residual wavefront errors scatter light into the dark zone; slowly evolving

aberrations and misalignments introduce quasi-static speckles; and chromatic dispersion arising

for broadband light reduces the effectiveness of starlight suppression. Sensitivity to low-order

aberrations and imperfections in optical fabrication further compound these challenges. As a

result, coronagraphic systems demand precise control over both optical alignment and temporal

wavefront stability to perform (Kenworthy and Haffert 2025).

To mitigate the impact of these imperfections, coronagraphic images are typically post-

processed using algorithms designed to suppress residual starlight. Techniques such as KLIP

(Karhunen-Loève Image Projection; Soummer et al. 2012), Locally Optimised Combination of

Images (LOCI; Lafrenière et al. 2007), and various forms of angular and spectral differential

imaging (Sparks and Ford 2002; Marois et al. 2006; Follette 2023b) have become standard.

These methods decompose image sequences into dominant modes of variability and attempt

to isolate and subtract the stellar PSF. While often effective, these approaches can suffer from

self-subtraction of the companion signal, reduced throughput near the star, and residual speckle

noise in low signal-to-noise regimes.

Future gains in coronagraphic performance will rely on improvements to both hardware and

software. Advances in optical design may reduce chromatic sensitivity and broaden usable

bandwidths, while improved wavefront sensing and real-time control could offer better sup-

pression of time-varying aberrations. More robust calibration and subtraction techniques —

whether algorithmic or model-based — will be essential for pushing to deeper contrasts and

smaller angular separations, ultimately enabling the detection of lower-mass planets and finer

system features.

1.2.3 Interferometry

Interferometry is a foundational technique in high angular resolution astronomy, exploiting

the wave nature of light to reconstruct spatial information at or beyond the diffraction limit.

By combining light from spatially separated regions either across a single telescope pupil or

between multiple telescopes, interferometers synthesise an effective aperture much larger than

any individual subaperture. The resulting interference fringes encode the Fourier frequencies

of the observed source brightness distribution, allowing reconstruction of spatial structure at

angular scales ≲ λ/D (Monnier 2003; Lawson 2000).

These capabilities are particularly valuable for imaging close stellar binaries, probing the inner

regions of circumstellar disks, mapping the surfaces of evolved stars, and resolving compact

dusty environments surrounding young or massive stars (Tuthill et al. 2000a; Monnier et al.

2007; Kraus et al. 2016). Interferometric techniques are not restricted to exoplanetary science,

but form a general-purpose tool for resolving faint and compact astrophysical structures.

Unlike coronagraphs, which act to suppress on-axis starlight in the image plane, imaging

interferometers isolate the stellar signal in the Fourier domain. This makes them complemen-

tary: coronagraphs offer superior contrast at moderate-to-wide separations, while interferome-
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try provides finer angular resolution (Guyon et al. 2006; Monnier 2003), often probing within

the coronagraph’s Inner Working Angle (IWA).

The historical foundations of optical interferometry can be traced back to the work of Fizeau

(1868) in the mid 19th century and later Michelson’s pioneering measurements of Jupiter’s

moons and stellar diameters in the late 19th and early 20th centuries (Michelson 1891; Michel-

son and Pease 1921). Despite their successes, these early implementations were hampered by

mechanical stability, atmospheric turbulence and lack of suitable detectors so that the field lay

largely abandoned until the advent of intensity interferometry from the 1950’s onwards (Han-

bury Brown and Twiss 1954; Hanbury Brown 1956; Hanbury Brown et al. 1974). Renewed

interest went on to inspire the advent of speckle interferometry (Labeyrie 1970) and phase clo-

sure techniques (Jennison 1958). Many innovations and interplay of ideas arose from crossover

with the burgeoning field of radio astronomy which confronted similar challenges in recovery of

interferometric observables that are robust against phase noise and instrumental instabilities.

1.2.3.1 Closure and Kernel Phases

To overcome the problem of unknown or unstable phase in optical interferometry, robust ob-

servables such as closure phase were introduced. Closure phases are computed as the sum of

the measured phase differences around a closed triangle of baselines. Their value lies in the

fact that common-mode errors cancel, leaving a quantity that encodes only the intrinsic source

structure (Jennison 1958; Baldwin et al. 1986).

More recently, kernel phase analysis was developed extending the idea of closure phase to

filled apertures, applying to the special case where phase errors are sufficiently small to be in

an approximately linear regime. This enables application of the self-calibrating properties of

closure quantities to to partially or fully redundant pupil geometries where the wavefront is

nearly flat (to within ∼ 1 rad Martinache 2010). This method linearises the mapping between

pupil-plane aberrations and Fourier phases, projecting the phase space onto the kernel (null)

space of the system’s response matrix. The result is a set of phase-like observables encoding

source structure that are robust to small aberrations.

Kernel phase has enabled diffraction-limited science with instruments that lack traditional

interferometric beam combination arrangements and has been particularly useful for detection

of companions at small separation, astrometry, and studies of source morphology (Pope et al.

2013; Ireland 2013). This idea was later extended to kernel amplitudes, expanding the null

space available to interferometric observables (Pope 2016); and to kernel nulling, applying the

idea to nulling interferometry (Martinache and Ireland 2018). These developments form the

mathematical and conceptual backbone of aperture masking interferometry. The mathematical

formulation of closure and Kernel phase is explored more thoroughly in Section 4.4.2.3.

1.2.3.2 Aperture Masking Interferometry

AMI converts a conventional telescope into a sparse, non-redundant interferometric array by

placing a carefully designed apodizing mask in the pupil plane. Baselines defined by each

pair of holes in the mask deliver a unique Fourier coefficient obtained from analysis of fringe
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spatial frequencies in the image. The non-redundancy condition imposed on the mask geometry

guarantees a unique and unambiguous mapping between pupil geometry and Fourier-domain

measurements (Baldwin et al. 1986; Frater et al. 1987; Tuthill et al. 2000a).

The result is a compact, self-calibrating interferometric instrument capable of achieving

diffraction-limited resolution on a single telescope. Since it operates in the pupil plane, AMI is

compatible with adaptive optics and can be implemented on both ground-based and space-based

telescopes.

The method offers several advantages over conventional imaging:

1. It provides high angular resolution (the Michelson criterion for baseline length B is λ/2B)

without requiring multiple telescopes or large baselines.

2. It is relatively insensitive to low-order aberrations and slowly evolving instrumental in-

stabilities, due to the use of closure and kernel observables.

3. It enables reliable calibration through comparisons between science and calibrator targets,

even in the presence of drifts in optical alignment (Ireland 2013).

Historically, AMI has achieved some of the highest-resolution optical images from the ground,

revealing complex structures such as colliding-wind binaries (Tuthill et al. 1999), dynamic

circumstellar dust shells (Monnier et al. 1999), and early disk structures (Tuthill et al. 2002).

Its success at facilities such as the Keck, Palomar and VLT observatories firmly established

AMI as a mature tool for high-resolution imaging.

The space environment offers advantages for interferometry, including aperture masking. In

the absence of atmospheric turbulence a new regime is encountered where complex visibility

information (calibrated visibilities and phases) can be measured with exceptional precision.

However, small unstable instrumental aberrations in the wavefront remaining are amenable to

correction with AMI in the drive to achieve the highest levels of signal calibration possible

to detect faint companions. JWST hosts a dedicated AMI mode, the first science-dedicated

optical interferometer in space. Designed with both instrumental calibration and science in

mind, AMI delivers dual capability: direct imaging at a high angular resolution, while also

offering unambiguous measurements of segment-to-segment phase differences for co-phasing

and wavefront verification (Sivaramakrishnan et al. 2012; Soulain et al. 2020). While the

theoretical performance of JWST AMI surpasses all ground-based analogues, realising this

potential depends critically on understanding and correcting a host of residual instrumental

systematics and nonlinearities — a challenge that forms the central theme to Chapter 4 of this

thesis.

1.3 Modern Precision Astronomical Imaging Systems

The last two decades have witnessed a generational shift in the capabilities of astronomical

imaging systems. Modern high angular resolution instruments now routinely achieve contrast

ratios and spatial resolutions that were once considered aspirational, enabling the direct detec-

tion and characterisation of faint companions, circumstellar disks, and complex astrophysical
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environments. These instruments are the product of sustained innovation across optics, control

systems, thermal and electrical engineering, and calibration methodology. From ground-based

facilities like SPHERE, GPI, and SCExAO to the space-based JWST, this new generation

of observatories has transformed high-contrast imaging from a niche capability into a basic

workhorse component of exoplanetary and stellar astrophysics.

Ground-based instruments typically go through multiple stages of hardware upgrade, with an

equally important component being advancements in algorithms and codes to optimally recover

information from the data. There is therefore a rapidly evolving ecosystem in which instru-

ment design, calibration pipelines, and analysis methodologies are simultaneously developed

and honed over time. As sensitivity and resolution have increased, so too have the challenges.

Residual wavefront errors, segment misalignment, and detector systematics — especially preva-

lent in complex Infrared (IR) detectors — have emerged as critical performance bottlenecks.

Data products have also grown in complexity, often comprising multi-dimensional datacubes

tagged with time-resolved readouts and metadata. The interpretation of such data cannot

be meaningfully decoupled from a physical understanding of the instrument that produced it.

This has driven a shift in philosophy: calibration is no longer a fixed, pre-launch task but an

ongoing, community-driven process of refinement.

1.3.1 The James Webb Space Telescope

The JWST represents the most ambitious space-based observatory ever launched, designed as

the scientific successor to the Hubble Space Telescope (HST). Launched on 25 December 2021

aboard an Ariane 5 rocket from the Guiana Space Centre in Kourou, French Guiana, JWST was

developed by the National Aeronautics and Space Administration (USA) in partnership with

the European Space Agency (EU) and the Canadian Space Agency (CSA). With a total devel-

opment cost of approximately ∼ 10 billion USD, two decades of development in international

collaboration, it stands as a landmark achievement in modern astrophysics.

After launch, JWST journeyed to the second Sun-Earth L2 Lagrange point, situated roughly

1.5 million km from Earth, where it maintains a halo orbit to ensure thermal stability and

uninterrupted solar shielding. This orbit keeps the spacecraft’s sunshield continuously facing

the Sun, Earth, and Moon, enabling passive cooling to approximately 40 K — an essential

condition for high-sensitivity observations in the infrared.

At the heart of JWST is its 6.5m segmented primary mirror, composed of 18 gold-coated

beryllium hexagonal segments, giving it more than six times the collecting area of Hubble’s

mirror. The mirror was deployed via an intricate unfolding mechanism, operating through an

array of precise actuators and wavefront sensing to achieve diffraction-limited image quality in

the near-infrared. This large aperture, combined with the telescope’s cryogenic design, enables

unparalleled sensitivity in the 0.6-28.5µm wavelength range (Rigby et al. 2023).

JWST’s mission science goals are organised around four principal themes: (1) tracing the

formation of the first stars and galaxies after the Big Bang; (2) understanding galaxy assembly

and evolution over cosmic time; (3) studying the physics of star and planet formation; and (4)

characterising the atmospheres of exoplanets, including potential biomarkers. These objectives
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require both deep sensitivity and exquisite spectral and angular resolution, made possible by

JWST’s precise optical system and suite of instruments.

The observatory houses four primary scientific instruments, all mounted within the Integrated

Science Instrument Module together with the Fine Guidance Sensor:

• Near-Infrared Camera (NIRCam; Rieke et al. 2023) operates from 0.6-5µm, offering wide-

field imaging, coronagraphy, and wavefront sensing support. It is geared towards deep-

field surveys, exoplanet transits, and characterising high-redshift galaxies.

• Near-Infrared Spectrograph (NIRSpec; Böker et al. 2023) delivers multi-object, integral-

field, and fixed-slit spectroscopy over 0.6-5µm, facilitating simultaneous observations of

dozens of astronomical targets using a microshutter array.

• Mid-Infrared Instrument (MIRI; Wright et al. 2023) provides imaging, coronagraphy,

and spectroscopy between 5 and 28µm. It is equipped with a cryo-cooler to maintain

its detectors below 7K, enabling studies of cold dust, protoplanetary disks, and mature

planetary systems.

• Near-Infrared Imager and Slitless Spectrograph (NIRISS; Doyon et al. 2023b) includes

broadband imaging, slitless spectroscopy, and (most relevant to this thesis) a unique

AMI mode, providing diffraction-limited imaging at thermal IR wavelengths and enabling

high-angular-resolution observations from space.

Collectively, these instruments offer a unique combination of imaging, spectroscopic, and

interferometric capabilities unmatched by any existing space observatory. JWST’s instrumen-

tation enables not only deep surveys of the early universe but also detailed atmospheric char-

acterisation of exoplanets and high-contrast observations of protoplanetary environments. In

the context of this thesis, particularly Chapter 4, the focus is on the NIRISS instrument, espe-

cially its AMI mode, which offers a unique platform for pushing the boundaries of high-contrast

imaging techniques in space-based exoplanet science.

1.3.1.1 NIRISS AMI Mode

The NIRISS instrument on JWST incorporates a dedicated AMI mode — the first science-

focused implementation of non-redundant masking in space (Soulain et al. 2020). As detailed in

Section 1.2.3.2, AMI transforms the telescope pupil into a sparse interferometric array, enabling

stable, high-resolution measurements via self-calibrating kernel and closure phase observables.

With JWSTs exquisite optical stability, AMI was founded on the promise to deliver the highest-

precision interferometric observables yet obtained while also serving a dual role in wavefront

metrology as well as science.

While masking was originally developed to mitigate atmospheric phase noise, AMI’s ro-

bustness also makes it ideal for space-based segmented telescopes like JWST. In particular,

Non-Redundant Masking (NRM) configurations offer unambiguous recovery of inter-segment
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phase differences — essential for verifying co-phasing and enabling diffraction-limited imag-

ing in a segmented system (Sivaramakrishnan et al. 2012). Figure 1.3 shows the NRM mask

configuration and resulting PSF for JWST AMI.

Figure 1.3: Left panel: Schematic diagram of the 7-hole NRM projected over the primary
mirror. Right panel: The resulting PSF (i.e. interferogram) from the non-redundant mask,
visualised on a square-root scale to highlight low-power features.

As with all major observatories, JWST’s calibration remains an ongoing communal effort,

driving advances in both observing strategies and analytical methods. This process has re-

mained particularly relevant for AMI, with its performance falling below the pre-flight speci-

fications (Sivaramakrishnan et al. 2022; Sallum et al. 2024a; Ray et al. 2025). The standard

JWST calibration pipeline (Bushouse et al. 2025) assumes a modular approach in which the

optics, detector, and readout electronics are treated independently. These assumptions in-

clude ideal wavefront behaviour and detector linearity — neither of which were found hold

to a sufficient degree for real data. Observations from commissioning and early science pro-

grams have shown that wavefront drift, pupil misalignment, and most importantly non-linear

electronic effects within the sensor all introduce significant biases into the measured interfer-

ometric observables. These systematic errors degrade the calibration fidelity between science

and calibrator targets, limiting contrast performance and weakening confidence in astrometric

and photometric measurements derived from AMI data.

Many tools exist for JWST interferometric analysis — including AMICAL (Soulain et al.

2020)4, SAMpy (Sallum et al. 2022)5, ImPlaneIA (Greenbaum et al. 2015)6, and Fouriever7

— but all rely on a critical assumption: that the measured count rate in each pixel of the PSF

is linearly related to the incident photon flux. This assumption breaks down in a real detector

due to the presence of complex electronic effects, the foremost of which is non-linear charge

migration (see Section 1.3.1.2). The resultant dynamics violate the separability of detector

4github.com/SAIL-Labs/AMICAL
5github.com/JWST-ERS1386-AMI/SAMpy
6github.com/anand0xff/ImPlaneIA
7github.com/kammerje/fouriever

https://github.com/SAIL-Labs/AMICAL
https://github.com/JWST-ERS1386-AMI/SAMpy
https://github.com/anand0xff/ImPlaneIA
https://github.com/kammerje/fouriever
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and optical calibration, leading to biases in observables that, for the context of interferometric

detection of faint companions, degrade contrast performance and introduce systematic error.

While standard calibration pipelines can address some kinds of non-linearity post hoc, the

time-evolving and non-local nature of charge migration defies simple inversion. These effects

introduce structure-dependent perturbations to recovered PSFs that are inseparable from the

desired science outputs — for example the optical signature of faint companions — a critical

limitation for interferometric precision.

As discussed further in Section 1.3.1.2, the root cause lies in the physics of the detector itself.

To address these limitations, a new approach, detailed in Chapter 4, was required — one that

would forgo the simplifying assumptions of standard calibration and instead forwards model

the full imaging process. The result is Aperture Masking Interferometry Generative Observa-

tions (Amigo), an end-to-end differentiable forwards model and analysis pipeline specifically

developed for AMI. Amigo fuses a physics-based model for the optics, detector, and electron-

ics, with a learned neural component that captures non-linear charge-migration in the detector

that is central to the problems plaguing AMI. This hybrid framework is combined with novel

approaches to the extraction of interferometric kernel observables and operates directly from

raw uncalibrated ramp data, bypassing the need for intermediate calibration products. This

entire processes is underpinned by the algorithmic differentiability of the code as implemented

in the computer, a concept explored in further detail in Section 1.5.

This constitutes a reformulation of the process of obtaining scientific inference from data in

which the physics informed forwards model takes primacy at the expense of more traditional

ideas of “data reduction” which aim to deliver ad-hoc intermediate data products selected for

perceived resilience to noise or error. Armed with these tools, the aim is to enable unprecedented

contrast at small IWAs, exceeding limitations of existing pipelines for interferometric data

reduction. The immediate science payoff targeted is the recovery of faint companions previously

undetectable by standard methods along with improved astrometric precision and systematic

error calibration. However the findings presented in this thesis and encapsulated within the

Amigo code can also be taken more generally: as an exemplar and illustration for next-

generation modelling techniques, demonstrating that they can unlock the full potential of both

ground- and space-based astronomy.

1.3.1.2 H2RG Infrared Detectors

All science instruments aboard JWST are equipped with IR detectors. Three of these, namely

NIRISS, NIRCam, and NIRSpec, employ the Teledyne HAWAII-2RG (H2RG) variant (Rauscher

et al. 2007) developed by Teledyne Imaging Sensors. These detectors are based on Mercury

Cadmium Telluride photodiodes connected to a readout integrated circuit. A distinctive feature

of H2RG detectors is their support for non-destructive readout, meaning that the accumulated

charge in each pixel can be measured multiple times during a single exposure without being re-

set. This enables a sampling scheme known as up-the-ramp readout, where each pixel’s charge

is sampled at uniform intervals over the course of the integration. By fitting a slope to the

voltage ramp at each pixel, both the total flux and the effective uncertainty can be estimated,

allowing for improved cosmic ray rejection, noise characterisation, and dynamic range. This
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readout strategy plays a central role in JWST operations and underpins the standard calibra-

tion pipeline. However, several physical effects intrinsic to H2RGs — including electrostatic

coupling and charge diffusion — complicate this simple picture and disrupt the assumptions

underpinning PSF calibration in high-precision imaging.

A key motivation for rethinking JWST’s AMI calibration and analysis pipeline stems from the

complex and poorly modelled behaviour of its detectors. Like most instruments aboard JWST,

NIRISS employs H2RG detectors, which exhibit a host of non-linear effects that severely limit

the assumptions underlying standard calibration models. Chief among these is the Brighter-

Fatter Effect (BFE), wherein bright pixels accumulate charge that induces electrostatic repul-

sion, in turn causing redistribution of charge into neighbouring pixels (Antilogus et al. 2014;

Guyonnet et al. 2015; Rowlands et al. 2018). This effect distorts the morphology of the PSF,

is non-local, time-evolving, and couples to a host of other properties such as flux, sub-pixel

positioning, PSF curvature over individual pixels, and variations in pixel-to-pixel sensitivities.

This effect is problematic in many observing modes (Rowlands et al. 2018; Argyriou et al. 2023;

Goudfrooij et al. 2024), but entirely deleterious for interferometric analysis (Sivaramakrishnan

et al. 2022; Sallum et al. 2024a; Ray et al. 2025). The primary motivation for the work described

in Chapter 4 of this thesis was to address this problem.

1.3.2 Toliman

Although the techniques developed over the course of the research program detailed in this thesis

have wide applicability (with particularly critical application to JWST AMI) they owe their

intellectual heritage to design and analysis challenges posed by the Toliman space telescope

mission. This is a cubesat-class satellite carrying a 125mm aperture telescope currently being

fabricated with launch targeted for 2026. The TOLIMAN has a straightforward statement

of purpose: “To conduct a search revealing any terrestrial-mass planet in a temperate orbit

circling either component of our binary nearest neighbour α Centauri AB star system”. Despite

its brightness and proximity as one of the most prominent naked-eye stars in the night sky,

astronomers possess no existing instruments or technologies capable of revealing such objects.

Toliman aims to recover such signals through relative binary astrometry. If the relative

separation of the two stars comprising the binary can be measured precisely over time, the

gravitational reflex motion due to any (unseen) orbiting planets will impose cyclic variations

on the expected orbital locus of the stellar pair. Therefore binary separation data — if recovered

with sufficient (extreme) precision — can betray the existence of orbiting exoplanets (Tuthill

et al. 2018), as well as yielding information on the period and mass.

Historically, astrometric science (cataloguing exact positional information for stars) has been

concerned with absolute astrometry, i.e. the position and motion of stars with respect to a

“stationary” frame of reference taken to be ultimately provided by objects in the distant uni-

verse, and more conveniently in the local context by galactic background stars. Recovery of

sufficiently precise absolute astrometric data poses major instrumental challenges, primarily

that in order to register motion against background field stars — the ruler establishing mea-

surement stability — a large (∼meter-class) aperture is required to collect sufficient photons
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Figure 1.4: The Toliman telescope’s optical configuration. (Left) The diffractive pupil
mask featuring a binary phase pattern etched onto the entrance pupil. The binary valued
design uses two unique delay values in anti-phase to modulate the incoming light. (Right)
The resulting PSF, which appears as a complex set of overlapping interference fringes. This
coded PSF acts as a high-precision ruler to measure the relative separation between the stars
in the α Cen binary system, providing stability against optical distortions and enabling the
detection of gravitational wobbles from orbiting exoplanets.

because conveniently located background reference stars are typically of order 10 000 times

fainter. Furnishing an aperture of this size aboard a space platform is well beyond the financial

scope of the program. Toliman instead leverages the fact that α Cen is a binary system:

if the relative separation of the two stars (both very bright) can be recovered with sufficient

precision, then the gravitational perturbation of the planet can be witnessed without the need

for imaging of any faint background sources. To make this approach viable, Toliman employs

a novel optical system featuring a diffractive pupil. By etching an engineered binary phase

pattern onto the entrance pupil of the telescope, the PSF is sculpted into a carefully designed,

sharply structured pattern. Consisting of a complex set of overlapping interference fringes, this

coded PSF acts as a ruler that can be engineered to yield measurements invariant to unstable

optical distortions and aberrations (Tuthill et al. 2018). Furthermore, by enforcing a binary

valued pupil (the phase pattern is made up of only two values of delay that are in anti-phase)

then it turns out that with further bespoke design the PSF can also act as a spectrometer and

continuous metrology device encoding the state of the optical system and sensor along with the

desired science signal. Figure 1.4 presents the Toliman pupil and PSF.

Despite this innovative approach, the challenges associated with achieving the primary mis-

sion goal cannot be overstated. The expected astrometric signal amplitude for an earth analog

is of order ∼ 1µas, which translates in the optical system to an image displacement of about

one millionth of a single detector pixel. In calibrating systematics at 10−6 levels of precision,

a host of high order terms and small effects normally negligible must all be carefully exam-

ined. The scale of the technical challenge is thrown into sharp relief as Toliman is a low-cost

project deployed on a cubesat platform in low Earth orbit. A mission attempting scientifically



1.4. IMAGE FORMATION IN OPTICAL SYSTEMS 17

audacious goals yet fitting within an aggressive cost cap cannot simply engineer its problems

away by invoking flagship-class infrastructure. This core tension within the Toliman program

created an environment in which radical innovation was a basic requirement to push beyond

the existing limits of signal fidelity, calibration and data analysis. It is this context that drove

examination of the problem of inference at the most basic level leading to a reformulation of

the process of extracting meaning from data.

Therefore as a direct response challenges posed by the Toliman mission, a synthesis of ideas

from machine learning, statistical methods and computational optimisation were forged into a

new library of codes for modelling of optical systems: ∂Lux. From its basic philosophy through

to the construction, utility and notable use-cases such as the JWST data calibration, these codes

form the enabling theme of this thesis. Chapter 2 explores the use of the differentiable models

permitted by construction in ∂Lux for instrumental calibration of a Toliman-like instrument

directly from science data, and Chapter 3 details the methods of information maximising design

used for the diffractive pupil employed by Toliman.

1.4 Image Formation in Optical Systems

Optical imaging is one of the oldest scientific disciplines with mathematical foundations trac-

ing back to antiquity. Euclid’s early geometrical description of light treated rays as straight

lines obeying simple laws of reflection — an idea that laid the groundwork for what is now

formalised as geometric optics. Far from obsolete, geometric optics remains a foundational and

widely used framework in modern optical design. By neglecting the wave nature of light, it

enables tractable analysis of complex systems through ray tracing, and is particularly powerful

when modelling the reflective and refractive behaviour of optical elements. This approximation

underpins the design of lenses, mirrors, and apertures in most instruments, where it is used to

model the trajectory of photons to a focus, maximising the spatial information recovered about

the observed scene (Ewart 2019).

1.4.1 Physical Optics

While powerful, geometric methods ignore the diffractive properties of light arising from its

wave nature — a characteristic essential to the work of this thesis. This wave theory of light

was first proposed by Huygens, describing the interferometric, polarimetric and diffractive

properties exhibited by light waves by envisioning a wavefront comprised of a superposition of

small spherical wavelets (Huygens 1690). Huygens principle was formalised by Kirchhoff (1883)

and shown to be valid under a paraxial assumption (on or close to the optical axis of a lens or

mirror), describing the resulting field at any point as the superposition of small spherical waves

from the input plane as

E(x, y, z) =
1

iλ

∫∫
E(x′, y′)

eikr

r
cos(θ) dx′dy′. (1.1)

The resulting field at at point E(x, y, z) due to the original planar field E(x′, y′) is a function
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of the path length r, angle cos(θ) = z/r, k is the wavenumber 2π/λ, and wavelength λ. The

geometry of this system is show in Figure 1.5.

y

x

z

E(x′, y′)

E(x, y, z)

Figure 1.5: Geometry of the diffraction integral showing the resulting field E(x, y, z) as a
superposition of spherical waves from an input planar field E(x′, y′).

While this equation is general, particularly relevant to optical modelling is the Fraunhofer,

or far-field, regime (z ≫ D2/λ) where D is the diameter of the aperture or wavefront. This

yields the Fraunhofer diffraction integral (Born et al. 1999)

E(x, y, z) =
eikz

iλz
exp

[
ik

2z
(x2 + y2)

] ∫∫ ∞

−∞
E(x′, y′) exp

[
−ik

z
(xx′ + yy′)

]
dx′ dy′, (1.2)

which is valid at the focus of a lens or mirror. Remarkably, this integral can be directly expressed

as the 2D Fourier Transform of the initial field E(x′, y′) via

E(x, y, z) =
eikz

iλz
exp

[
i
π

λz
(x2 + y2)

]
· F {E0(x

′, y′)}
( x

λz
,
y

λz

)
, (1.3)

which enables the simple and direct computation of the diffractive principles that govern light

at the focus of an optical system. This relationship in which wavefront propagation can be

understood by way of a Fourier transform is foundational to the field of physical optics, as

explored throughout this thesis. The behaviour of light in the near-field can also be expressed

as a similar integral or Fourier transform, however the more general treatment arises from the

angular spectrum method (Morse and Feshbach 1953; Born et al. 1999; Goodman 2005) as

E(x, y, z) =

∫∫
E(x′, y′)

1

(2π)2

∫∫
exp [i (kxx̂+ kyŷ + kzz)] dkx dky dx

′ dy′ (1.4)

where x̂, ŷ are x− x′ and y− y′ respectively, kz =
√

k2 − k2
x − k2

y, and kx, ky correspond to the

angular spectrum (spatial frequencies) of the wave. This equation enables the description of

propagating plane waves at all distances. This equation can also be expressed through Fourier

transforms as

E(x, y, z) = F−1
[
F [E(x′, y′)](kx, ky) · eikzz

]
, (1.5)

placing the angular spectrum method as a general framework for modelling scalar wave propa-

gation in optical systems. Together, these equations enable the rigorous evaluation of diffractive
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behaviour — fundamental to the formation of the PSF, which describes the response of an op-

tical system to a point source. Much of this thesis centres on how optical systems can employ

phase and amplitude masks to engineer PSFs with tailored properties for the detection and

characterisation of astronomical signals.

1.4.2 Interferometry

Among the methods used to achieve high angular resolution in astronomy, interferometry stands

out for its ability to resolve structure below the diffraction limit. It does so not through standard

imaging as it is classically understood, but by forming fringe patterns that provides access to

information that conventional imaging struggles to recover.

1.4.2.1 Resolution Limits of Diffractive Systems

The diffractive principles that govern the wave-like behaviour of light set fundamental limita-

tions on the achievable spatial resolution of an optical system. For a clear, circular aperture

imaged in the Fraunhofer, i.e. far-field, regime, a monochromatic point source produces the

Airy disk PSF, first shown by Airy (1835) and visualised in Figure 1.6. This familiar patterns

consists of an intense central peak, followed by a radial null and a series of concentric rings

with diminishing brightness with radius. The first dark ring is found at an angle of

θ = 1.22
λ

D
(1.6)

where λ is the wavelength of light and D is the diameter of the circular aperture. When

identified as the angle between two point objects, Equation 1.6 defines the Rayleigh crite-

rion (Rayleigh 1880) and is commonly used as a quantitative proxy for the resolution limit

of an imaging system. Although commonly misunderstood as a hard limit on optical perfor-

mance, this condition is ultimately nothing more than a handy rule-of-thumb. With a high

quality calibration and sufficient signal-to-noise, resolutions beyond this limit can be practically

achieved.

In practice, the question of whether two sources are ‘resolved’ or not is not one that is

answered by a simple equation, but rather by how much information about them is recoverable

from some observation. In the case of a binary source we commonly parametrise them by their

separation and contrast. When inferring these parameters from data, we do not suddenly lose

all knowledge as to the existence of the companion crossing some limit threshold, but rather

gradually lose statistical certainty about the the exact position and relative brightness between

the two. Taking this idea to its limits, we imagine two point sources with zero separation — for

any brightness we chose for the primary source we can find a contrast for the companion such

that the total brightness remains unchanged, rendering the brightness ratio entirely degenerate.

In an interferometric system (which I argue later applies to all pupil-focal optical imaging

systems), the minimum and maximum resolvable angle is generally expressed as a function of

the baseline length B, defined as the separation between the various apertures that contribute

to the interferometric array (Labeyrie 1975), through the equations
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Figure 1.6: Visualisation of a monochromatic point source Airy disk PSF. The right panel
displays the 2D diffraction pattern while the left panel shows a 1D cross-section (slice) of the
square root intensity pattern. The first radial null, i.e. the Rayleigh criterion, is indicated by
the white circle and dashed line at 1.22λ/D.

θmin =
λ

2Bmax

, θmax =
λ

2Bmin

. (1.7)

The same principles apply to this criteria: it is not a fundamental limit, but a simply boundary

at which the information we wish to recover becomes more challenging for statistical inference.

As I show in later chapters of this thesis, that these the true graduated form of these “resolution

limits” can be understood through principled treatment of the underlying physics with advanced

modelling techniques.

1.4.2.2 Development of Interferometric Methods

Although the wave nature of light had been introduced since Huygens’ first founded the field of

physical optics (Huygens 1690; Kirchhoff 1883), the sub-field of interferometry began with the

double-slit experiment (Young 1804). By passing light through two narrow slits in an opaque

screen, Young engineered the first set of interference fringes, providing the first experimental

demonstration of interference and an emphatic illustration of the wave nature of light. Calcu-

lation of the intensity pattern from two slits in the far field is straightforward. For the purposes

of the derivation, Figure 1.7 presents a conceptual diagram of Young’s celebrated experiment.

Two slits, separated by a distance d, are illuminated by an incident monochromatic wavefront

of wavelength λ. At some point P in the far field, offset from the centre of the two slits by an

angle θ, we can find the relative path difference between the two rays ∆r = r2 − r1 from each

aperture in order to find the resulting intensity at P . Since P is in the far-field, r1 and r2 are

approximately parallel and the path difference is therefore ∆ = d sin(θ). Our light is coherent
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Figure 1.7: Geometry of the double-slit experiment: an incident monochromatic plane
wave from the left arrives at an angle θ at the plane of a screen creating a path difference
∆r = d sin θ between the rays from slits A1 and A2 at the far-field point P . The resulting
interference pattern produces sinusoidal intensity fringes whose spacing depends on both the
wavelength λ and the slit separation d. This basic scheme underpins the resolution formula
θ = λ/2d and forms the conceptual foundation for modern optical interferometry, where fringe
visibility encodes angular information about extended sources.

we can find the resulting phasor, ie the complex electric field value, at this point P as the

superposition of the individual phasors from the two slits as a function of the path difference

∆r, ignoring the global phase. Assuming the amplitude of the input wave is A at both slits,

we can describe this field as

AP = A exp[ik∆r/2] + A exp[−ik∆r/2] (1.8)

where k is the wavenumber 2π/λ. Using Euler’s formula eiϕ = cos(ϕ) + i sin(ϕ) the resulting

field is

AP = 2A cos(k∆r/2). (1.9)

Substituting in k = 2π/λ and ∆r = d sin(θ) ≈ dθ under the small angle approximation we find

its resulting intensity at any point is then

P (θ) = 4A2 cos2(dπθ/λ), (1.10)

taking sinusoidal form. Since the first null of a squared cosine is found when its argument is

equal to π/2, we find the interferometric equivalent of the Rayleigh criterion defined in Equa-

tion 1.6, known as the Michelson resolution limit given by θ = λ/2d, equivalent to Equation 1.7

and smaller than that of the equivalent clear aperture. The foundations of interferometry as

a high-angular resolution method originate from this very simple derivation showing that the

ability of light to interfere with itself can be leveraged to produce nulls at smaller angles than

is possible with a filled aperture of the same diameter as the baseline.

Following the derivation of the far-field interference fringes from a pair of slits, we might

ask how this can be used to extract useful astrophysical information. To understand this we

we must consider that, while incredibly small, all astrophysical sources have nonzero angular

extent, meaning that different parts of the source subtend slightly different angles at the slits.

Each point on the surface of these objects produces can be considered to produce a unique

fringe pattern, offset by some angle relative to other points.
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The final observed intensity pattern is then produced by an incoherent sum (i.e. adding in

through intensity) of multiple slightly shifted sets of fringes, which is mathematically identical

to a convolution. We can therefore represent any source as a convolution between the point

source fringe patterns and intensity distribution of the observed source. This convolution has

a clear observational effect on fringes in the image plane — it reduces the contrast between the

peaks and nulls of the fringe pattern. The more extended the source, the more these fringes

overlap and wash out, lowering the contrast of the interference pattern. This idea led to the

development of the concept of fringe visibility, defined as the contrast between the maximum

and minimum intensity of the observed fringes

V =
Imax − Imin

Imax + Imin

. (1.11)

For an unresolved point source, as we have just seen, this results in a visibility of unity. However,

once the angular extent of the observed object begins to approach the interferometric resolution,

the visibility contrast, V , decreases. The first measurements of the angular diameter of stars

was performed by Michelson and Pease (1921) by measuring the decrease in fringe visibility

from an opaque mask with two holes placed at the aperture of a telescope.

The visibility contrast at a given slit separation corresponds to the amplitude of the spatial

Fourier component at that baseline — a key insight that van Cittert-Zernike theorem (following

section) formalises. In this sense, the fringe visibility becomes a directly observable property

that is able to constrain the one dimensional angular structure of some imaged source.

1.4.2.3 The van Cittert-Zernike Theorem

Following the insight that fringe contrast encodes spatial information of our source, we intro-

duce the framework that emerged to generalise the mathematics that underpins interferometric

imaging. This is the van Cittert-Zernike Theorem: the visibility pattern observed by an in-

terferometric array is directly proportional to the Fourier transform of the source intensity

distribution (Cittert 1934; Zernike 1938; Goodman 2005).

Figure 1.8 presents a diagram of this process, illustrating how an incident wavefront is trans-

formed as it passes through an optical system. The top half of the figure describes how each

coherent monochromatic wavefront is transformed by the optical components of an imaging

system, and eventually measured. A wavefront in the pupil plane, denoted as Epupil, diffracts

through an optical system to the focal plane — which can be mathematically modelled directly

though a Fourier transform as shown in preceding sections — producing the complex field Efocal

at the focal plane. However, with the exception of some special cases (for example imaging

from radio telescope data), we do not have data recovering this resulting complex field, only

the resulting intensity, i.e. the PSF I, found via the squared modulus of Efocal.

This transformation is not invertible, as we lose the phase information of the wavefront

in the process. However, we can gain further insight by considering the autocorrelation of the

wavefront in the pupil plane, Epupil. This operation yields the Optical Transfer Function (OTF),

O, acting as a filter in the frequency domain, limiting the spatial frequencies an optical system

is responsive to. This limitation of spatial frequencies is what drives the resolution limits of an
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Figure 1.8: Diagram showing the relationships between wavefront propagation, intensity
formation, and interferometric observables in an optical system. The telescope (red box) maps
the pupil-plane wavefront Epupil to the focal-plane wavefront Efocal via a Fourier transform.
The measurable quantity is the PSF I, formed by taking the square modulus of the complex
field. The OTF O is the autocorrelation of the pupil wavefront Epupil ⋆ Epupil (where ⋆ is a
correlation), and is related to I via a Fourier transform. When the system observes a source
with angular brightness distribution S, the final image is a convolution I ∗ S (where ∗ is a
convolution), whose Fourier transform is O·S̃. The van Cittert—Zernike theorem corresponds
to the operations in the green box. This figure has been adapted from Pope (2017).

imaging system — a delta function (ie, a perfect point source) is composed if infinite spatial

frequencies, whereas an imaging system can only respond to those that its aperture allows.

Crucially, the Fourier transform of the PSF I from a point source, i.e. the PSF, is equal to the

OTF O, providing a map between measured intensity as the frequency response of an optical

system and plays a central role in understanding phase errors affect imaging resolution (Roddier

1981).

The bottom half of Figure 1.8 introduces the idea of an astrophysical scene. When a telescope

observes an extended source, its intensity distribution S is convolved with the instrumental

PSF I. This produces the final observed image I ∗ S. By the convolution theorem, the

Fourier transform of the image is simply the element-wise product of the OTF with the Fourier

transform of the source S̃ (Goodman 2005). This duality lies at the heart of the the van

Cittert-Zernike theorem — the interferometric signal is not an image, but a set of filtered

spatial frequency measurements that can be represented entirely in the Fourier domain.
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This perspective clarifies the operation of an interferometer: while it does not produce a direct

image of a source, rather it samples structure at the specific spatial frequencies allowed by its

aperture configuration (Labeyrie 1975). In this formulation, interferometry is distinct from an

image formation problem via its analytical representation in the frequency domain. Spatial

frequencies that would be degenerate through clear aperture systems become unambiguously

resolved through the visibilities.

1.4.2.4 Interferometric Analysis & Kernel Spaces

As discussed in the previous section, optical imaging systems only recover information on the

intensity of a wavefront, losing phase information in the process. In systems with a redundant

aperture configuration, each Fourier frequency is sampled multiple times across the pupil, caus-

ing the measured visibility phase to be the sum of multiple different values. Because any given

complex visibility recovered in the Fourier plane is the sum of a number of indistinguishable

pairs of patches in the incident wavefront, this makes recovery of the wavefront information

degenerate; mathematically it is an ill-posed problem. By contrast, non-redundant aperture

configuration enforces a unique mapping between the incident wavefront and the Fourier phase

and amplitude, entirely avoiding the degeneracy (Baldwin et al. 1986; Haniff 2007).

The unique phase mapping provided by non-redundant configurations can be leveraged to

further improve the resilience of interferometric observables to wavefront error by extracting

an observable known as the closure-phase (Jennison 1958). For a pupil consisting of at least

three subapertures, we can form a number of closing triangles between hole triplets. For three

baselines, i, j, and k, the closure phase is defined

Φijk = ϕij + ϕjk + ϕki, (1.12)

where ϕij is the measured baseline phase for the two aperture holes i and j. The closure phase

observable Φijk is invariant to any piston phase errors across these holes, since each baseline

records the relative phase between its two contributing holes. Any non-zero closure phase value

can therefore only represent the angular structure intrinsic to the observed source, at least for

an ideal optical system in which aberrations occur in the pupil plane. The ability to extract

these phase-error invariant observables has made ground based interferometers invaluable to

the recovery of high-angular resolution structures when observing from ground based sites that

must contend with astrophysics phase corruption.

This self-calibrating observable produced by interferometers has proven remarkably power-

ful in recovery of real astrophysical structure, however the basic idea is not limited purely

to non-redundant apertures. Closure phases are simply a self-calibrating subspace of an op-

tical system: a property that exists and can also be calculated for either fully or partially

redundant apertures. The observable that extends capability to redundant pupils is known

as kernel phase (Martinache 2010), and (unlike closure phase) it relies on the fact that in

the small aberration regime the mapping between pupil and visibility phases is approximately

linear. By calculating the phase-transfer matrix, the linear mapping between phases in the

pupil and Fourier plane (which is simply a Jacobian), a phase-invariant (kernel) nullspace can
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be extracted. This kernel matrix enables the extraction of phase-invariant observables from

arbitrary pupil geometries, no matter how redundant. By considering all optical systems as

an interferometer, we can find self-calibrating observables resilient to the generally ill-posed

problem of phase-reconstruction mandated by the measurement of the intensity of the incident

wavefront.

Crucially, this formulation is fully compatible with the van Cittert-Zernike theorem, which

relates interferometric measurements to the spatial Fourier transform of the source. Instru-

mental effects manifest as multiplicative filters in this domain, and the ability to project onto

calibrated subspaces allows us to subtract or suppress such effects at the level of the data

themselves. This perspective enables interferometers to infer high-resolution spatial informa-

tion without needing to reconstruct the full pupil phase — a particularly important feature for

systems where direct wavefront calibration is difficult or impossible.

While kernel phase was originally derived under the assumption of phase-only errors, real

optical systems inevitably exhibit coupling between phase and amplitude, especially in the

presence of defocus or atmospheric turbulence (Pope 2016). These effects violate the idealised

separation between visibility amplitude and phase assumed in conventional models. However,

because the kernel formulation is a linear algebraic projection, it is naturally extensible: any

system where visibility perturbations can be written as a differentiable function of instrumental

parameters can, in principle, be linearised and projected onto a new self-calibrating subspace.

This generalisation plays a pivotal role in Chapter 4 of this thesis. By embedding forwards-

modelled interferometric signals into a differentiable computational framework, we will demon-

strate that the kernel approach can be extended beyond phase-only models, enabling calibration

and inference even in the presence of non-trivial optical effects.

1.5 Automatic Differentiation

Automatic Differentiation (autodiff; Margossian 2019) is a foundational algorithm to modern

computer science and Machine Learning (ML). In analogy to the way the fast Fourier trans-

form turned the mathematical elegance of the Fourier transform into a practical computational

tool, automatic differentiation brings the chain rule to life as an efficient and exact algorithm.

Together, they exemplify how foundational mathematical concepts can be transformed into al-

gorithmic pillars of modern computation. Autodiff enables the calculation of (mostly) arbitrary

floating point function derivatives with respect to floating point arguments. While there are

many ways to find the gradients of some function, symbolic differentiation and finite differences

being the two most familiar to physicists, autodiff offers machine-precision exact derivatives

and works on arbitrarily complex algorithms, even when faced with branching, looping, or

intermediate numerical solvers. Despite being foundational to the field of ML, the power of

autodiff as applied to the field of physics beyond the context of Neural Networks (NNs) is only

beginning to be realised. This thesis explores a unification of physical modelling with autodiff,

and hopefully sheds light on the path towards next generation tools to enable the ambitious

goals of physics and astronomy over the coming decades.

Historically, autodiff was formalised during the 1960s and 1970s under the names “analytic
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differentiation” or “computational differentiation” (Wengert 1964; Griewank 1988). Early im-

plementations were used in scientific and aerospace computing applications, where accurate

and efficient derivative calculations were critical (Unger and Hall 1994; Barthelemy and Hall

1995). The technique gained renewed prominence in the 1980s with the rise of backpropagation

in neural networks, culminating in modern deep learning frameworks. Geoffrey Hinton, upon

award of the 2024 Nobel Prize in physics for his foundational work on neural networks (Royal

Swedish Academy of Sciences 2024), acknowledged autodiff as an essential component of the

field’s success. As Graphics Processing Unit (GPU) hardware became capable of training

complex NNs, the profit potential of ML was realised by major corporations like Google and

Facebook (for better or worse). Consequently, major investments were put into the develop-

ment of autodiff frameworks with strong focus on efficiency and usability. This set the stage

for the modern landscape of the fast, user-friendly, open-source tools PyTorch (Paszke et al.

2019) and Jax (Bradbury et al. 2018), developed by Facebook and Google respectively.

To appreciate the innovation that autodiff represents, it is instructive to contrast it with the

two other primary methods for computing derivatives:

• Finite difference methods approximate derivatives numerically using small perturba-

tions via

df

dθ
≈ f(θ + h)− f(θ)

h
. (1.13)

These methods are simple to implement but suffer from a number of issues: numerical

instability, sensitivity to the choice of step size h resulting in truncation error, and most

importantly, computational complexity that scales with the number of parameters dif-

ferentiated, making it essentially useless for everything except small models with a few

parameters.

• Symbolic differentiationmanipulates expressions algebraically using the rules of formal

calculus. While exact in principle, it can lead to exponential growth in expression size

(expression swell) and does not apply easily to programs involving control flow, recursion,

or external numerical solvers.

Automatic differentiation circumvents all of these issues: it is as accurate as symbolic dif-

ferentiation, can be implemented entirely algorithmically, and has computational complexity

agnostic to the number of differentiated parameters. It works by decomposing a computation

into primitive operations and systematically applying the chain rule. In what follows, we build

up reverse-mode autodiff from first principles. Beginning with the multivariate chain rule and

the Jacobian matrix, and then develop the concepts of the core mathematical engine behind

autodiff, the Vector-Jacobian Product (VJP) and Jacobian-Vector Product (JVP) — defined

as the dot product between a vector and Jacobian or Jacobian and vector respectively.
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1.5.1 Jacobians and The Chain Rule

Let f : Rn → R be a differentiable scalar-valued function. Its gradient is defined as the vector

of partial derivatives, i.e. its Jacobian

∇f(θ) = Jf (θ) =

[
∂f

∂θ1
, . . . ,

∂f

∂θn

]
∈ R1×n. (1.14)

This gradient describes how much the function changes with respect to each parameter θ. If f

is composed from a sequence of intermediate functions u, e.g.

f(θ) = uk(uk−1(. . . u1(θ))) (1.15)

or as a compute graph

θ 7→ u1(θ) 7→ u2(u1(θ)) 7→ · · · 7→ uk(uk−1(· · ·u1(θ))). (1.16)

Given our universe is well described by a Markovian process — one where the next state

depends only the one that precedes it — it is almost always possible to construct a differentiable

mathematical representation of some physical processes in this way. The symmetry between

the chain rule and physics simulation make autodiff the natural computational tool for our

universe (Lin et al. 2017).

In practice, these functions are often multivariate during their calculation and cannot be

expressed as simply as in Equation 1.15. Nonetheless, the same mathematical structure applies:

complex programs can be decomposed into sequences of primitive operations, each contributing

a partial derivative via the chain rule. These local sensitivities can then be composed to compute

the total derivative of the output with respect to the inputs through

df

dθ
=

∑
i

∂f

∂ui

· ∂ui

∂θ
. (1.17)

This formulation captures the essential insight of automatic differentiation: the derivative of

a complex function can be built up from the composition of simpler derivatives. Depending on

how this composition is carried out — either from outputs back to inputs, or from inputs forward

to outputs — we obtain the two complementary modes of autodiff: reverse-mode and forward-

mode. Each mode follows directly from this formulation but traverses the computational graph

in opposite directions, with different tradeoffs in efficiency and memory usage. We now examine

each of these methods in turn.

1.5.1.1 The Adjoint Method: Reverse-mode

Importantly, this equation can be understood as a VJP. The left term ∂f/∂ui, commonly

expressed as ūi, is known as the adjoint and describes the gradient of the original function f

with respect the intermediate value ui. The right term ∂ui/∂θ is simply the Jacobian of the

intermediate value ui with respect to the original input variable θ. Extending this to the more

common multivariate case we find
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∇f(θ) =
∑
i

∂f

∂ui

· ∇θui = ∇uf · Ju(θ) (1.18)

where ∇uf ∈ R1×m is the gradient of the scalar output with respect to the vector of inter-

mediates u ∈ Rm, and Ju(θ) ∈ Rm×n is the Jacobian of the intermediate with respect to the

input values θ. This equation is the general form of reverse-mode autodiff, providing a compute

graph able to evaluate the vector of parameter gradients with respect to arbitrary functions.

1.5.1.2 The Tangent Method: Forwards-mode

While reverse-mode autodiff traces influence backward from outputs to inputs, forward-mode

autodiff moves in the opposite direction. It tracks how perturbations to the input affect the

computation as they flow forward through the graph. Where reverse-mode accumulates ad-

joints — quantities representing how changes in intermediate variables affect the output —

forwards-mode accumulates tangents, which represent how changes in the inputs propagate to

intermediate computations.

In reverse mode, Equation 1.17 is interpreted as propagating the gradient of f with respect to

the intermediates (the adjoints ∂f/∂ui) back through the Jacobian ∂ui/∂θ. In forward-mode,

we flip our viewpoint: we push a perturbation in θ forward, computing how each intermediate

variable ui changes under that perturbation, and then how those changes affect the output. To

formalise this, we introduce a small scalar parameter ϵ and define a directional perturbation of

the input

θ(ϵ) = θ0 + ϵ · v. (1.19)

The directional derivative of f along v, df/dϵ, describes how f changes when θ is nudged in

the direction v. Using the chain rule, we can express this in a form directly analogous to the

reverse-mode formulation of Equation 1.18. Letting u ∈ Rm denote the intermediate variables,

we obtain

df

dϵ
=

(
du

dϵ

)⊤
· ∇uf = (Ju(θ) · v)⊤ · ∇uf. (1.20)

This is a JVP: the Jacobian of the intermediate variables with respect to the input, applied

to the input perturbation v, then contracted with the gradient of the output with respect to

the intermediates. This is the general form of forwards-mode autodiff, and is efficient when

computing the gradient of a small number of inputs with respect to a large number of outputs

— making it complementary to reverse-mode autodiff.

1.5.2 Differentiable Programming

To truly understand what makes a framework ‘differentiable’ we need to understand how to

make Equations 1.18 & 1.20 efficient for computation and memory use. The key lies in how

low-level mathematical operations are defined in the language. For every function that a dif-
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ferentiable language implements, it holds the rules for how to evaluate it, but also the rules

for computing its derivative, VJP, JVP, and some other higher-order terms are not relevant

here. By storing these function transformation rules, operations like the VJP can be evaluated

directly without ever materialising the (memory inefficient) full Jacobian.

Let us examine the mechanics of reverse-mode directly to understand this. To maintain

computational efficiency, any differentiated input function performs both a ‘forwards’ pass

where all the required intermediate values are cached, followed by a ‘reverse’ pass where the

function transformation like the VJP can be applied. To see this in action we will construct a

small example. Let

f(θ1, θ2) = (θ1θ2)
2 + 3 sin(θ1), (1.21)

and define intermediate variables

u1 = θ1θ2, u2 = sin(θ1), (1.22)

which allows us to re-express f in terms of u1, u2

f(u1, u2) = u2
1 + 3u2. (1.23)

From this expression it is trivial to then populate the terms of Equation 1.18

∇uf = [2u1, 3], Ju(θ) =

∂u1

∂θ1

∂u1

∂θ2
∂u2

∂θ1

∂u2

∂θ2

 =

[
θ2 θ1

cos(θ1) 0

]
. (1.24)

The evaluation of the parameter Jacobian now becomes straight forward

∇f(θ) = [2u1, 3] ·
[

θ2 θ1
cos(θ1) 0

]
(1.25)

= [2u1θ2 + 3 cos(θ1), 2u1θ1] (1.26)

= [2θ1θ
2
2 + 3 cos(θ1), 2θ

2
1θ2]. (1.27)

On the forwards pass of the function, the values of θ1, θ2, u1, u2 can be cached with minimal

overhead as they are scalars. Then in the reverse pass, provided the VJP rules of Equation 1.18,

the final expression for the parameter gradients can be evaluated directly without ever mate-

rialising any intermediate Jacobians. More complex functions can have this processes applied

recursively to each operation, returning exact parameter gradients. Remarkably, this compu-

tation only requires the equivalent of ∼ 2 evaluations of the original function (forwards and

reverse).

While the discussion thus far has focused on reverse-mode autodiff, a comprehensive autod-

iff system also implements forward-mode differentiation. Where reverse mode is optimal for

functions with many inputs and a small number of outputs — such as scalar loss functions
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— forward mode is ideal when the situation is reversed: few inputs, many outputs. Forward-

mode autodiff is based on the Jacobian-vector product, which efficiently propagates directional

derivatives through a computational graph. For functions that map Rk → Rn with small k,

forward mode evaluates derivatives at a cost proportional to the number of inputs, making it a

more efficient choice for Jacobians with respect to a small set of parameters or when computing

sensitivities in simulation.

Crucially, modern autodiff frameworks like Jax and PyTorch expose both modes in a

composable way, allowing users to nest and combine them to compute both stable and exact

higher-order derivatives. By applying forward- and reverse-mode transformations recursively,

one can compute Jacobians, Hessians, Hessian-vector products, and even higher-order curvature

information with remarkable efficiency. This is enabled by viewing differentiation as a sequence

of linear transformations applied to a computational graph, and exploiting the associativity and

distributivity of these operations using standard linear algebra tools. Rather than symbolically

differentiating expressions, these libraries generate low-level code that propagate derivatives

directly through the program’s control flow and memory layout.

Together, these capabilities provide a unified framework for efficiently differentiating through

any model: analytical, numerical, neural, or hybrid. For physicists and astronomers, the impli-

cations are profound. Differentiation is the engine behind most forms of inference, optimisation,

and sensitivity analysis. Historically, its application to physics-based models has been stymied

by the complexity of those models: simulations involving partial differential equations, itera-

tive solvers, or time-stepping methods could not be differentiated using classical calculus tools

or were rendered intractable by the curse of dimensionality inherent to finite-differencing ap-

proaches. With autodiff, these limitations disappear. Provided the model can be expressed as

code within a supported language, its derivatives become accessible, efficient and exact.

This synergy between physical modelling and autodiff is a central theme of this thesis. As a

primarily observational science, astrophysical research is often driven through simulation: from

the propagation of light through an optical system, to the redistribution of charge within a

detector, to the inference of planetary orbits from projected astrometry. Each of these processes

is inherently differentiable, or can be reformulated to be so. By embedding these models in

autodiff-aware frameworks, we gain not just gradients, but the ability to calibrate, design, and

infer from complex systems in a statistically coherent and computationally efficient way. It is

this philosophy that underlies the models developed in subsequent chapters, where the boundary

between simulation and inference dissolves, and autodiff becomes the glue that connects physical

insight to data.

1.5.3 Neural Networks

Automatic differentiation is often perceived primarily as an enabler of machine learning — a

utility developed to make training neural networks tractable. Indeed, the rise of deep learning

owes much of its success to the fact that autodiff allows efficient and exact computation of

gradients, even in models with millions or billions of parameters. Without autodiff, the opti-

misation of such high-dimensional, non-linear systems via gradient descent would be entirely
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intractable.

However, this framing misses a broader truth: autodiff is not inherently tied to machine

learning, but is a general-purpose computational tool. It operates at the level of programs, not

disciplines. Neural networks just happen to be a particularly clear-cut example of non-linear

functions that are differentiable by design and whose usefulness hinges on the ability to compute

derivatives efficiently.

At a high level, neural networks are differentiable function approximators constructed from

compositions of affine transformations and elementwise non-linearities. Their structure is both

modular and expressive, and they are capable of modelling a wide range of functional rela-

tionships. The Universal Approximation Theorem guarantees that, under mild assumptions,

even shallow networks can approximate any continuous function to arbitrary accuracy (Cy-

benko 1989; Hornik 1991). In practice, deeper networks offer more compact and structured

representations of complex mappings.

Neural networks are fundamentally compositional. Each layer transforms an input space into

a new, typically higher-dimensional representation, and the final output emerges from a series

of these transformations. Because each operation is differentiable, the entire network becomes

differentiable end-to-end — enabling gradients to be propagated efficiently with autodiff. This

synergy between structure and differentiability is what makes neural networks so scalable and

so effective in modern computational pipelines.

Numerous architectural variations exist — fully connected (dense) networks, convolutional

networks, recurrent structures — but all share the core property of being differentiable, learn-

able functions. It is this property, not their connection to learning per se, that makes them

compelling tools for abstract and complex problems.

1.5.4 Differentiable Models

While autodiff can be understood from a high level as ‘computational models with efficient

derivative calculations’, it’s true power is more expansive. Beyond the ability to accelerate a

wide range of classical and modern inference and optimisation techniques, access to leading

edge statistical tools combined with efficient Jacobians and Hessians calculations makes differ-

entiable models substantially more capable than their classical counterparts. It facilitates the

acceleration of gradient based optimisation strategies like gradient descent, BFGS (Broyden

1970; Fletcher 1970; Goldfarb 1970; Shanno 1970), Levenberg-Marquardt (Levenberg 1944;

Marquardt 1963), and Newton’s method (Ypma 1995) by providing curvature information

without manual derivation. Importantly, these second-order and quasi-Newton methods, which

were previously limited by derivative complexity, now become efficient and broadly applicable

at essentially no additional computational cost when using autodiff.

In Bayesian inference, autodiff enables gradient-based sampling algorithms like Hamiltonian

Monte Carlo (HMC; Betancourt 2017; Duane et al. 1987; Brooks et al. 2011). Unlike tradi-

tional single-site or random-walk Markov Chain Monte Carlo (MCMC) methods (Hastings 1970;

Metropolis et al. 1953; Brooks et al. 2011), which break down in moderate- to high-dimensional

parameter spaces (typically above 10-12 dimensions) (Huijser et al. 2022), gradient-informed
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samplers can explore the posterior effectively in high dimensions. This capability is crucial

for forward models in astronomy and physics, where parameter spaces can easily have tens to

hundreds of dimensions. Furthermore, having direct access to Hessians allows for Laplace ap-

proximations (Kass et al. 1991) and computation of Fisher information matrices (Fisher 1925)

— which are only made stable though autodiff (Bhandari et al. 2021) — essential for Bayesian

experimental design, parameter uncertainty estimation, and metric-based search strategies.

Autodiff also supports techniques that respect the intrinsic geometry of parameter spaces.

By computing Fisher metrics or identifying null- and orthogonal-subspaces, autodiff enables

natural-gradient optimisation (Amari 1998; Martens 2020) and manifold-aware parameter trans-

formations (Benner et al. 2015), improving convergence and maintaining essential dynamics in

physical systems via projections to lower-dimensional, statistically independent spaces.

A major benefit of autodiff is its ability to handle differentiation through iterative solvers,

such as differential equation integrators or root-finders (Kidger 2021). This capability makes

dynamic and simulation-based forward models fully differentiable “black-box” components. It

opens doors to gradient-based sensitivity analysis, model calibration, control, and solver-in-the-

loop optimisation, enhancing both the interpretability and efficiency of scientific models.

Together, these capabilities can be woven into a consistent narrative: by offering exact,

efficient derivatives through arbitrary numerical code, autodiff transforms forward models into

richer, more tractable objects. This enables optimisation, uncertainty quantification, design,

and simulation workflows that were previously cumbersome or computationally infeasible. This

interplay between autodiff and modelling sits at the heart of this thesis, forming the foundation

for the hybrid physical-learned models and inference methods developed in later chapters.

1.6 Modelling Paradigms for Scientific Inference

Scientific models are not neutral tools — they encode assumptions about causality, uncer-

tainty, and the nature of the data-generating process. In astronomy, these assumptions are

often implicit: inverse reductions, correction chains, and surrogate models are widely used

without recognition as distinct methodological choices. While machine learning is frequently

highlighted, the paradigm within which it is used — as an emulator, an inverse map, or a

physical surrogate — is rarely stated. This lack of explicit framing can obfuscate the limits of

what models can meaningfully infer.

Because this thesis adopts a modelling framework that departs from standard practice —

integrating physical realism, differentiability, and inference into a unified structure — it is

important to first outline the dominant paradigms of scientific modelling. The aim is not

philosophical, but practical: the form of a model fundamentally shapes what can be asked of

data, and what answers can be trusted.

“All models are wrong, but some are useful.” (Box 1976)
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This phrase captures a central truth of scientific inference: models are not faithful replicas of

reality, but structured approximations, crafted for utility within specific regimes. They reflect

both our understanding of physical systems and the constraints under which we operate, be

they computational, observational, or conceptual.

At the highest level, the task of inference can be expressed as

F (θtrue) = X (1.28)

where F denotes the true physical process mapping parameters θ to data X. In practice, we

only have access to an approximate model f , and must use it to reason about θ. Whether f is

inverted, sampled, learned, or simulated categorises the modelling paradigm.

In observational astronomy, the dominant paradigm has been inverse modelling. Pipelines

such as those used by JWST apply a sequence of modular corrections — for example linearity,

flat-fielding, dark subtraction, ramp-fitting — to transform raw detector voltages into cali-

brated science products. Each step aims to undo some known effect of the measurement chain,

implicitly assuming that those effects are separable and invertible.

This modularity has practical appeal: it is tractable, interpretable, and often sufficient. But

it also encodes a view of inference in which systematics can be sequentially corrected in iso-

lation, and where uncertainties are only understood in an isolated context. This thesis, in

response to the exacting precisions demanded by exoplanetary science, challenges that view. It

explores models that simulate the system as a whole, preserve physical structure, and propagate

uncertainty coherently. To contextualise this shift, we begin by outlining the four major mod-

elling paradigms used in contemporary scientific inference: inverse, machine learned, forward,

and hybrid.

1.6.1 Inverse Modelling

Inverse models form the dominant framework for inference in observational astronomy. Rather

than simulating how parameters θ produce data X, they begin with the data and attempt to

recover θ by inverting an approximate model

θ̂ = f−1(X). (1.29)

This approach underlies both formal data reduction pipelines and many common modelling

tasks, even when not explicitly labelled as such. In both cases, the system is treated as a

sequence of independent transformations to be reversed, with each step targeting a specific effect

assumed to be separable and invertible. A canonical example is the JWST calibration pipeline,

which applies dark subtraction, non-linearity correction, flat-fielding, and ramp fitting. These

models are favoured for their efficiency and interpretability, but they rest on strong assumptions:

that instrumental effects are stable, decoupled, and correctable in isolation. Uncertainties are

typically propagated locally, if at all, and errors introduced early in the chain accumulate

without feedback or reassessment.

These limitations become critical in regimes that demand precision and robust error control.
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Inverse models break down when systematics are non-linear, coupled, or information-destroying.

In such cases, it is the assumptions built into the model — not the information content of the

data — that set the limits on inference.

A representative failure appeared during early JWST transit observations, when a mirror

segment tilt shifted the PSF and introduced a discontinuity in the aperture photometry (Rigby

et al. 2023, Figure 10). Because the model had no representation of the optical state, it could

not detect or account for the change directly. The result was a spurious instrumental feature

masquerading as an astrophysical signal.

1.6.2 Machine Learning

Unlike inverse models, ML approaches rely on flexible architectures such as NNs to learn a

mapping from observed data X to parameters θ, without explicitly modelling the underlying

process f . Once trained, these models can be highly efficient, scale well with data, and capture

complex relationships that evade traditional methods.

However, their strength lies in prediction rather than explanation. As Hogg and Villar

(2024) point out, most ML models are built around an ontology where only data relationships

matter, and validation is based on performance on held-out sets — not on capturing underlying

mechanisms. This can conflict with the goals of scientific inference, where understanding causal

structure is often as important as making accurate predictions.

Consider ML-based PSF emulators for wavefront sensing in adaptive optics. A typical

pipeline simulates PSFs using an optical model with injected wavefront errors, then trains

a NN to invert these outputs (Andersen et al. 2019; Weinberger et al. 2024). While effective

within the training regime, these models implicitly learn both the diffractive physics and the

instrumental configuration, despite both being known. Because they do not encode physical

parameters or constraints directly, they lack interpretability and often extrapolate poorly when

conditions shift, for instance, due to changes in alignment, turbulence, or thermal state (Liu

et al. 2020).

As Hogg and Villar (2024) caution, ML models that replace physical components can amplify

confirmation bias. A network trained on nominal system conditions may perform well in typical

settings but fail silently when unexpected systematics arise. Without encoded structure or

uncertainty modelling, such failures can propagate into downstream inference, leading to biased

or invalid results.

While ML offers exceptional predictive power, this is often traded against interpretability,

uncertainty quantification, and robustness to out-of-distribution data. In common with inverse

models, ML depends on implicit assumptions — here about training data representativeness

and model inductive biases — and lacks internal mechanisms to identify or correct failures

when those assumptions break.

1.6.3 Forward Modelling

Forward models simulate the generative process by which parameters θ produce observations

X. Unlike inverse or ML approaches, which aim to undo or approximate this process, forward
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models seek to reproduce it directly

f(θ) = Xpred. (1.30)

Inference proceeds by adjusting θ to minimise the mismatch between the predicted and observed

data, typically via

θ̂ = argmin
θ

L(Xobs, f(θ)), (1.31)

where L is a loss function, such as a likelihood or residual norm. This reframes inference as

optimisation within a constrained generative model.

Historically, forward modelling has been underutilised, mainly due to computational limita-

tions. Evaluating complex models across high-dimensional parameter spaces is expensive, and

many physical simulations were non-differentiable or locked in legacy code, making gradient-

based inference impractical. Inverse approaches, with modular corrections and local approxi-

mations, were preferred for tractability.

In recent years this landscape has shifted. Modern autodiff frameworks enable gradients

through complex simulations, allowing physical forward models to be optimised efficiently and

embedded in probabilistic inference workflows. This enables differentiable forward models:

physically grounded simulations that support scalable optimisation, uncertainty propagation,

and rigorous inference. These models offer several key advantages:

• They simulate the full data-generating process, preserving causal relationships across

system components.

• They enable coherent uncertainty propagation, tracing parameter uncertainty through to

observables.

• They retain interpretability: model parameters correspond to physical quantities.

• They can incorporate learned submodels where physics is unknown, without compromis-

ing overall structure.

Unlike inverse or ML models, forward simulations generate predictions from explicit physical

assumptions. This makes residuals between model and data informative: they reflect missing

physics, miscalibration, or unmodelled effects. In contrast, errors in inverse or ML pipelines

can be harder to interpret or diagnose.

Recent works in astronomical optics have explored differentiable forward models. Liaudat

et al. (2023a) presented a diffraction-constrained differentiable optics model, but situates it

within an inverse framework reliant on pre-corrected inputs. As noted in Liaudat et al. (2023b),

this limits its utility and accuracy. Stone et al. (2023) used autodiff to model flexible PSFs,

enabling excellent photometry, but their models are not physically constrained and thus lack

generalisability beyond photometric tasks.
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1.6.4 Hybrid Modelling

The emergence of differentiable programming frameworks has enabled a new class of models

that combine physical simulations with data-driven components. These hybrid models integrate

mechanistic structure where available with machine-learned components where necessary. This

allows models to remain grounded in domain knowledge while extending their expressivity to

capture unknown or computationally intractable processes.

A canonical example is the physics-informed neural network (Raissi et al. 2019), which aug-

ments a NN’s loss function with penalties for violating physical laws, typically expressed as

differential equations. This bias toward physically consistent solutions allows them to gener-

alise better, learn from limited data, and retain interpretability. Similar principles underpin

neural ordinary differential equations (Chen et al. 2019), where the dynamics are parameterised

by a learnable function. This approach has been extended to stochastic and controlled differen-

tial equations (Kidger et al. 2020; Kidger 2022a), enabling hybrid models to represent complex

time-series processes with embedded structure.

Hybrid modelling has gained traction across the physical sciences. In fluid mechanics, NNs

are used to learn closure terms while preserving the Navier-Stokes formulation (Ling et al.

2016). In climate modelling, hybrid systems approximate unresolved sub-grid processes within

physical solvers (Stengel et al. 2020). In molecular dynamics, learned potentials accelerate

simulation while conserving energy and momentum (Schütt et al. 2017). In computational

imaging, the Deep Optics framework (Sitzmann et al. 2018a) jointly optimises physical phase

mask parameters and a neural reconstruction module in a fully differentiable optical pipeline.

These examples show how hybrid models can embed learning into structured systems, aligning

with the goals of inference rather than prediction alone.

1.6.5 From Pixels to Planets

This thesis adopts a unified modelling framework, hereby referred to as the ‘Pixels to Planets’

philosophy, developed in response to the limitations of conventional methods in precision as-

tronomical imaging. It models the entire measurement and inference process — from photon

arrival to detector readout — as a single, differentiable computational graph grounded in phys-

ical principles. Simulating the full forward chain enables coherent uncertainty propagation and

preserves causal structure throughout the system.

The framework centres on differentiable forward models that balance physical realism with

flexibility. Rather than enforcing idealised or invertible models, the structure is shaped by what

the data can meaningfully constrain. When parts of the system are too complex or uncertain

to simulate directly, hybrid components such as neural submodules can be integrated without

sacrificing interpretability or coherence.

A central advantage is lifecycle continuity. The same model supports instrument design,

calibration, commissioning, and scientific analysis. This avoids the need for separate models or

stage-specific corrections. Instrument design is explored in Chapter 3; calibration and analysis

are addressed in both Chapters 2 & 4.

This approach is particularly effective for modelling non-linear or coupled systematics. By
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simulating how these effects distort observations, rather than attempting to correct them after

the fact, the model captures complex behaviour coherently. Uncertainties remain traceable

from input to output, enabling principled error propagation. Residuals between prediction and

data become scientifically meaningful. They reflect gaps in the model — such as unmodelled

physics, miscalibrated parameters, or structural assumptions — rather than arbitrary errors.

The Pixels to Planets framework emerged directly from the modelling challenges addressed

in this thesis. It enabled solutions where inverse methods failed, without relying on black-

box ML or rigid pipelines. The differentiable optics library ∂Lux and the Amigo calibration

framework embody this approach, offering a flexible and physically grounded path for next-

generation inference in astronomical instrumentation.



Chapter 2

Deep Calibration of Flat Field and

Phase Retrieval with Automatic

Differentiation

The precision limits of modern space telescopes are increasingly dictated not by fundamen-

tal noise processes, but by residual systematics in optical propagation and detector response.

Aberrations in the Point Spread Function (PSF) and spatial variations in pixel-level sensi-

tivities both contribute systematic errors that degrade the scientific return of high-precision

observations. Conventional strategies rely on static pre-flight calibrations or specialised hard-

ware, which remain vulnerable to non-common path effects and time-evolving systematics. This

chapter introduces ∂Lux, the differentiable optical modelling framework built in Jax, which

enables high-dimensional inference and offers native hardware-acceleration. We demonstrate

how differentiable modelling with ∂Lux unifies instrumental calibration and scientific inference

into a single, jointly solvable optimisation problem. Under traditional approaches, the dimen-

sionality of this problem would mandate a separation of calibration and analysis; here, we

show that by treating the full image formation chain as a differentiable model, we can recover

wavefront aberrations, pixel sensitivity variations, and astrophysical parameters simultaneously

at scale. This chapter lays the foundation for the end-to-end modelling philosophy developed

throughout this thesis, extended in the next chapter to hardware design, and culminating in

the restoration of James Webb Space Telescope (JWST; Gardner et al. 2006) Aperture Mask-

ing Interferometer (AMI; Sivaramakrishnan et al. 2012; Soulain et al. 2020)’s performance to

pre-flight specifications — an outcome that has remained elusive since launch.

38
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2.1 Statement of Contribution

This chapter faithfully reproduces material from Desdoigts et al. (2023), which was accepted

for publication in the Journal of Astronomical Telescopes, Instruments, and Systems, Vol. 9,

Issue 2, 028007 (June 2023), with minor adaptation to fit into the thesis style. I am the first

author, with Benjamin Pope, Jordan Dennis, and Peter Tuthill as co-authors. The research

problem was conceived by both Peter and Ben, originated by the challenges presented by

the calibration of the Toliman (Telescope for Orbital Locus Interferometric Monitoring of

our Astronomical Neighbourhood; Tuthill et al. 2018) instrument. Jordan aided in the early

development of ∂Lux with continual advice provided by Ben and Peter. All of the code,

models, simulations, and inference for the paper was done by myself. I wrote the paper,

with co-authors contributing feedback on the scientific results, reviewing the manuscript, and

assisting with minor improvements to the code and interpretation. All major analytical and

computational work was performed by me.



2.2. INTRODUCTION 40

2.2 Introduction

At the vanguard of space-based astronomical imaging, photometry, and spectroscopy, imaging

precision is limited by systematics introduced by aberrations in the optics and noise processes

in the detector. While problems are ubiquitous in astronomy, we are motivated by several

core examples. In exoplanet direct imaging, we want to achieve high resolution and high con-

trast simultaneously with instruments like JWST Coronagraphy (Girard et al. 2022), Aperture

Masking (Sivaramakrishnan et al. 2022), or Kernel Phase (Martinache 2010; Kammerer et al.

2022) modes. The astrometric mission Toliman (Tuthill et al. 2018) aims to measure precise

relative positions of the binary stars α Centauri AB to reveal the gravitational influence of

unseen planets; this will require micro-arcsecond, micro-pixel astrometric precision. We may

also want to perform high precision photometry, whether with dedicated missions like Kepler

(Borucki et al. 2010) and TESS (Ricker et al. 2015), or as ancillary science with Toliman.

In each case, we face serious limitations from an imperfect knowledge of the Pixel Response

Function (PRF) — the map of the intra- and inter-pixel variations in detector sensitivity; and

also of the PSF — the diffraction-limited pattern by which light from a point source like a star

spreads across a detector.

In this series of papers, we present a new software package, ∂Lux, for fitting high-dimensional

parametrised physical optics models to astronomical data. By using the Python library Jax

(Bradbury et al. 2018), we obtain Graphics Processing Unit (GPU) hardware acceleration,

as well as automatic differentiation or ‘autodiff’ (Margossian 2018) features that enable high-

dimensional optimisation and inference with gradient descent or Hamiltonian Monte Carlo

(HMC). In the present paper, we focus on the particular problem of estimating the PRF and

PSF simultaneously — i.e. joint flat field calibration and phase retrieval. In Paper II, we will

show how autodiff enables improvements to hardware design, directly calculating and optimising

the Fisher information and therefore fundamental figures of merit of an optical system end-to-

end. And in subsequent papers, we will use this for end-to-end deconvolution of high angular

resolution imaging with an unknown PSF. We make ∂Lux available as open-source software on

GitHub1, and encourage interested readers to use and contribute to this package as a community

resource.

2.2.1 Phase Retrieval

The PSF depends on the successive planes through which light passes from the entrance pupil of

the telescope through to the detector. This can be calculated from physical optics: for a simple

camera bringing light from the pupil to focus at a detector plane (the regime of Fraunhofer

diffraction), the PSF is the Fourier transform of the input wavefront. In the more general Fresnel

regime where the detector is slightly out of focus, there are additional quadratic phase factors

before and after this Fourier transform. In more complicated instruments like coronagraphs

(Bowler 2016), the light might pass through multiple re-imaged pupil and focal planes, being

operated on in each. In either case, the trouble is that the PSF is distorted by unknown

1github.com/LouisDesdoigts/dLux

https://github.com/LouisDesdoigts/dLux
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aberrations — distortions in the wavefront, which can be represented as a spatially-varying

phase map across the optical plane.

Phase retrieval is the problem of inferring these aberrations from data (Shechtman et al.

2014), which is in general ill-posed (Barnett et al. 2020): because of the Hermitian symmetry

of the Fourier transform, and because we measure intensity and not electric field in optical

astronomy, there is a large space of aberrations that would generate the same intensity PSF.

Fortunately, this space can be restricted to physically-realistic solutions and readily solved by

algorithms such as the Gerchberg-Saxton algorithm (Gerchberg and Saxton 1972), using ideas

from compressed sensing (Candes et al. 2011), or by machine learning (Metzler et al. 2018;

Işil et al. 2019; Nishizaki et al. 2020). Phase retrieval was memorably performed to infer and

correct the serious aberration on the Hubble Space Telescope mirror at launch (Fienup et al.

1993). Earlier work in the vein of this paper has shown that the phase retrieval problem can be

efficiently solved even in the case of detector nonlinearity by taking a forwards model of physical

optics, obtaining partial derivatives with autodiff, and optimising its parameters by gradient

descent (Jurling and Fienup 2014; Wong et al. 2021), including a conference presentation of an

early version of the present work (Desdoigts et al. 2022).

2.2.2 Detector Calibration

High-precision, high-cadence time series of space photometry from Kepler (Borucki et al. 2010),

K2 (Howell et al. 2014), TESS (Ricker et al. 2015) and CHEOPS (Broeg et al. 2013) space

telescopes have been revolutionary for exoplanetary science (Zhu and Dong 2021) and stellar

astrophysics (Aerts 2021; Jackiewicz 2021).

In many practical cases, photometric precision is limited by systematic errors due to variations

in sensitivity within and between pixels. Changes in telescope pointing or variations in the PSF

with focus couple to these inter- and intra-pixel variations in the flat field to produce changes in

overall measured flux. This was particularly severe for the K2 mission where periodic thruster

firings introduced a saw-tooth systematic on 6 hour timescales, comparable to the durations of

exoplanet transits and asteroseismic signals of interest.

Much work has been put towards developing data-driven self-calibration of the flat field in

K2, which are of general interest and applicability for other space photometry missions. In Self

Flat-Fielding (SFF; Vanderburg and Johnson 2014), the systematics are modelled with a spline

regression of raw flux versus detector position, together with a linear combination of principal

components of all light curves on the detector, and k2sc (Aigrain et al. 2016) uses a gaussian

process similarly. The Causal Pixel Model (CPM; Wang et al. 2016) constrains instrumental

effects by measuring correlations in the light curves of spatially distant, causally-disconnected

pixels. In Pixel Level Decorrelation (PLD; Luger et al. 2016) the light curve is de-trended

by a linear combination of regressors formed by the ensemble of normalised pixel time series

contributing to the light curve, together with their higher-order products. Halo photometry

(White et al. 2017; Pope et al. 2019) extracts light curves from a weighted sum of pixels where

the weights are learned by minimising the total variation of the resulting light curve, a convex

optimisation which is tractable because of autodiff.
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Accurate measurement of background noise is also a serious issue for imaging science, where

for example bad pixels, background noise, and uncertainties in the detector systematics limit

sensitivity of aperture masking interferometry and kernel phase (Kammerer et al. 2019), and for

low-surface-brightness science such as with Euclid (Collaboration et al. 2022). In each case it is

normal for detectors to be rigorously calibrated on the ground before flight, and with dedicated

observations in space; but at the levels of contrast and resolution required for aperture masking

on JWST (ideally 10−4 at a few λ/D) even small residual mis-calibrations can seriously affect

performance (Sivaramakrishnan et al. 2022) and we require some method of self-calibration

from science data themselves.

2.3 Differentiable Optical Models

Rather than working with reduced data products like visibilities and light curves, an alternative

is to directly model the pixel-level images with a parametrised model of the optics and detector.

For example, the popular package poppy (Perrin et al. 2012) can accurately simulate Fresnel

and Fraunhofer propagation, with a WebbPSF extension for preset JWST instrument models

(Perrin et al. 2014). In principle, it is possible to fit such a model to data with Markov

Chain Monte Carlo (MCMC), fitting the positions of stars and a modal basis representation

of aberrations; but common samplers can be very slow, or fail to converge in high dimensions

(Huijser et al. 2022). This restraint is lifted by using HMC, which requires computation of the

gradient of the log-likelihood with respect to parameters.

The core technology that enables this for physics also underpins the last decade’s revolution

in deep learning (LeCun et al. 2015): autodiff. By application of the chain rule, it is possible

to calculate the partial derivatives of almost arbitrary numerical functions with respect to their

floating-point arguments, so long as they are executed in an appropriate software framework.

Considerable private-sector and open-source investment has gone into building autodiff frame-

works to enable machine learning, such as Theano (Team 2016), TensorFlow (Mart́ın Abadi

et al. 2015), PyTorch (Paszke et al. 2019), native support in the Julia language (Bezanson et al.

2012), and the framework we apply in this paper, Jax (Bradbury et al. 2018). Jax has an

Application Programming Interface (API) mirroring the common Python array library NumPy

(Harris et al. 2020), while supporting GPU acceleration, Just-In-Time (jit) compilation, and

autodiff.

In this paper we introduce a new optical simulation package, ∂Lux, available under an

open-source BSD 3 license. It significantly extends the capabilities of morphine (Pope et al.

2021; Wong et al. 2021), a previous Jax optics package from our team based on poppy, being

rewritten from the ground up taking full advantage of more-recent Jax features and libraries.

It is built in an object-oriented Jax framework called zodiax which extends equinox (Kidger

and Garcia 2021a) for scientific programming. An optical system consisting of a zodiaxmodule

wrapping a stack of ‘layers’ which are themselves zodiax modules applying phase or amplitude

screens, or performing Fourier or Fresnel transforms on a wavefront. This allows us to re-frame

the idea of a computational optical model by analogy to a ‘parametrised neural network’, with

each operation performed on the wavefront analogous to a neural network layer encoding the
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physics of the transformation. The object-oriented nature of zodiax allows for larger and more

complex models to be built and seamlessly integrated than would be possible within the purely

functional framework default to Jax. zodiax is also built to be directly integrated into the

Jax framework, allowing for all Jax functions to seamlessly interface with any zodiax models

and vice-versa. We use the optimisation library optax (Hessel et al. 2020) for gradient-descent

optimisation, and the probabilistic programming library numpyro (Phan et al. 2019a) for

HMC.

There are several other frameworks for automatically-differentiable optics simulation: the

most similar is WaveBlocks (Page and Favaro 2020), a PyTorch package for object-oriented

modelling of fluorescence microscopy. The DeepOptics package (Sitzmann et al. 2018a) has

been developed in TensorFlow for camera design and computational imaging, and WaveDiff in

TensorFlow (Mart́ın Abadi et al. 2015) has been used for detector calibration (Liaudat et al.

2021) and PSF modelling (Liaudat et al. 2022). We believe that ∂Lux fills a unique niche in

this ecosystem as the most general modelling framework for physical optics. This has driven a

design focus on flexibility and ease of open-source contribution and development. The goal is to

provide a general object-oriented framework that enables a new user to harness the advantages

of autodiff and hardware acceleration provided by Jax with its user-friendly NumPy-like API.

2.4 Optical and Instrumental Modelling

Within the ∂Lux framework we can construct an optical model with only a pupil and focal

plane like so:

import jax . numpy as np
import jax . random as j r
import dLux as d l
import dLux . u t i l s as dlu

# Def ine wavelengths
wavels = 1e−9 ∗ np . l i n s p a c e (545 , 645 , 3)

# Basic Opt ica l Parameters
diameter = 0 .5 # meters
wf npix = 256

# Construct a s imple aper ture
oversample = 3
coords = dlu . p i x e l c o o r d s ( oversample ∗ wf npix , diameter )
o u t e r c i r c l e = dlu . c i r c l e ( coords , diameter / 2)
i n n e r c i r c l e = dlu . c i r c l e ( coords , diameter / 10 , i nv e r t=True )
t ransmi s s i on = dlu . combine ( [ o u t e r c i r c l e , i n n e r c i r c l e ] , oversample )

# Construct Zern ike abe r r a t i on s
n o l l i n d s = np . arange (4 , 11)
c o e f f s = 2e−8 ∗ j r . normal ( j r .PRNGKey(1) , ( l en ( n o l l i n d s ) , ) )
coords = dlu . p i x e l c o o r d s ( wf npix , diameter )
ba s i s = dlu . z e r n i k e b a s i s ( n o l l i n d s , coords , diameter )

# Detector Parameters
det np ix = 1024
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d e t p i x s i z e = 12e−3 # arcseconds

# Build the l a y e r s
l a y e r s = [

( ” aper ture ” , d l . l a y e r s . Bas i sOpt ic ( bas i s , t ransmis s ion , c o e f f s , normal i se=
True ) ) ,

( ”mask” , d l . Optic ( phase=np . load ( ”mask . npy” ) ) ) ,
]

# Combine in to Optics ob j e c t
op t i c s = dl . AngularOpticalSystem ( wf npix , diameter , l aye r s , det npix ,

d e t p i x s i z e )

The aperture object defines the pupil support as well as low-order phase errors parameterised

by coefficients on Zernike polynomials. We include the first 4 radial terms, ignoring global

piston, tip and tilt for a total of 7 terms. Coefficients were randomly drawn from a normal

distribution of mean 0 and standard deviation 20 nm. These aberrations applied to the pupil

mask and resulting PSF are shown in the middle panel of Figure 2.1, where we see this induces

a large amount of distortion in the PSF.

The mask object models the binary phase plate diffractive pupil from Toliman (Tuthill et al.

2018), with a half-wave total Optical Path Difference (OPD) between the binary regions. We

use this as an information-preserving way to spread the PSF across a large number of pixels

which encodes the PRF information for a large number of pixels simultaneously. Alternative

methods such as defocusing or using a diffuser (Stefansson et al. 2017) come at the cost of

eliminating Fourier information which constrain the wavefront and positions. An important

consideration which is alleviated by the Toliman pupil is that focal-plane wavefront sensing

suffers a sign ambiguity for all phase modes that are inversion-symmetric about the origin,

and for unambiguous phase retrieval we therefore need an asymmetric or odd-mode symmetric

pupil (Martinache 2013). This pupil and corresponding aberrated PSF are shown in the left

panel of Figure 2.1.

This is then propagated to the 1024 × 1024 pixel focal plane by a two-sided matrix Fourier

transform (Soummer et al. 2007; Martinache et al. 2020). The detector PRF is modelled

by multiplying the resulting PSF by a pixel sensitivity map which is drawn from a normal

distribution with mean 0 and standard deviation 0.1. The histogram of pixel sensitivities and

total pixel sensitivity map is shown in the right panel of Figure 2.1. Here we show how to

create this within the ∂Lux framework and create an instrument object to model this:

# Pixe l r e sponse
p i x r e spon s e = 1 + 0 .1 ∗ j r . normal ( j r .PRNGKey(2) , [ det npix , det np ix ] )

# Create Detector ob j e c t
de t e c t o r = dl . LayeredDetector ( [ d l . ApplyPixelResponse ( p i x r e spon s e ) ] )

This operation is then performed over 20 stars with uniform 100 nm bandpass spectra sampled

at three wavelengths 545 nm, 595 nm and 645 nm. This total model requires the calculation

of 60 individual PSFs over a 1024 × 1024 detector from a 512 × 512 pixel wavefront. This

calculation is vastly dominated by the propagation of the wavefront using a 2-sided MFT,

which requires two matrix multiplications for each individual PSF of sizes [No ×Ni] · [Ni ×Ni]
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Figure 2.1: Summary of the optical configuration. Left panel: The top plot show the OPD
of the pupil at the aperture of the telescope. The binary values create a half-wave step
at the mean observation wavelength. The bottom plot shows the resulting large single-star
PSF without aberrations applied. Middle panel: The top plot shows the total OPD of the
pupil with the optical aberrations applied using low-order Zernike polynomials that is used to
generate the data. The bottom plot shows the resulting single-star PSF with the aberrations
applied. Clearly these aberrations have a large effect on the PSF and would make recovering
information very difficult without appropriate calibration. Right panel: The top plot shows
the histogram of the PRF that is applied in the focal plane. These values have a large spread
and would greatly affect any results without calibration. The bottom plot shows the full PRF
across the whole detector, with a small zoomed region used to show the fine detail that can
not be seen when examining the full detector.
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and [No × Ni] · [Ni × No] where Ni = 512 is the input size of the wavefront and No = 1024

is the output size of the wavefront. This takes a total of ∼ 1.25 seconds to evaluate on an

Apple M1 CPU, with all operations performed using FP32 precision default to Jax. FP32 was

chosen as this problem does not require precision over a large dynamic range, however FP64

calculations can be performed as required. We also apply 4 integer-pixel dithers of +- 20 pixels

in the (x,y) directions, equivalent to a 1 λ/D dither for a total of 5 images with the total

flux spread evenly across each image. This helps the over-parametrisation consequential from

having a free parameter for each pixel. Using pixel-integer dithers similarly allows for a single

PSF calculation on a slightly larger detector plane (1064x1064 in this case) and then sampling

the smaller 1024x1024 regions to produce the full set of 5 images.

The data set is generated by taking this set of images and applying Poisson photon noise

to the PSFs. Using this image we recover stellar positions and fluxes, optical aberrations,

and individual pixel sensitivities. This gives us 40 stellar positional parameters (20 RA and

DEC each), 20 stellar flux parameters, 7 optical aberration parameters, and 1,048,576 detector

parameters: the dimensionality of the problem is vastly dominated by the PRF parameters,

which is why this problem is made tractable only by using autodiff.

2.5 Results

2.5.1 Optimisation

To recover these parameters we initialise a naive unaberrated optical model with a uniform PRF.

Stellar positions were perturbed by adding a random value drawn from a normal distribution

mean 0 deviation 1 pixel and fluxes were perturbed by multiplying their value by a random

value drawn from a normal distribution mean 1 deviation 0.1. We will use this model to recover

the true values. Figure 2.2 shows the data and the initial and final residuals.

In order to recover these input aberrations, we perform gradient descent using Adam (Kingma

and Ba 2014) as implemented in optax (Hessel et al. 2020), minimizing the posterior of a per-

pixel Poisson log-likelihood with a χ2 log prior on the PRF values, matching the true distribution

of mean 1 deviation 0.1. We take the gradient of this loss function with respect to the position

and flux of all stars, the response in all pixels, and the Zernike coefficients. We also use a

staged optimisation strategy, initially optimising the positions, fluxes and optical aberrations

in order to recover a good PSF model before learning the PRF. This is necessary to circumvent

the high degree of covariance that each individual pixel experiences with the parameters of

the PSF. To achieve this the learning rate of the PRF is set to zero for the first 100 epochs

of optimisation, after which the PRF learning rate is initialised while the position, flux and

aberrations parameters are frozen for the remaining 50 epochs. This helps to circumvent the

global covariance between the mean PRF and flux which can result in an overestimation of the

flux parameters as the model tries to fit to the noise.

The optimisation is performed for a total of 150 epochs, with each value-and-gradient calcu-

lation taking ∼ 2.75 seconds to evaluate on an Apple M1 Max CPU, for a total optimisation

time of ∼ 6.5 minutes. Faster convergence can be achieved by careful tuning of the optimisation
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Figure 2.2: Left: The sum of the images from which the PRF is recovered. By eye it is
clearly difficult to disentangle the astrophysical information. The large number of overlapping
PSFs is chosen in order to spread light across the majority of the detector so that we encode
the PRF information for as much of the detector as possible. Middle: The sum of the residual
of the data and the initial uncalibrated model. Clearly these residuals are large, showing that
there is a large amount of calibration required. Right: This same residual after the model
has been optimised. The residual values are much smaller with no discernable structure
remaining. A small zoomed region is shown so that the individual pixel-level residuals can
be seen.

hyper-parameters such as learning rate and momentum, however we take a slower approach in

this work in order to get good performance across a range of fluxes and PRFs which is analysed

in Section 2.6.

2.5.2 Phase Retrieval & Flat Field Estimation

This optimisation strategy performs well, with Figure 2.2 showing the final residual image with

no visually discernible structure. A further analysis of parameter recovery over a range of fluxes

and PRFs is shown in Section 2.6. Correlations and residual plots of the positions, fluxes and

aberrations after the optimisation are shown in Figure 2.3 and Figure 2.4. Figure 2.4 shows

the recovery of the optical aberrations, with a final residual aberration of 0.0282 nm RMS.

Finally, Figure 2.5 shows a correlation plot of the true and recovered sensitivity values and the

corresponding residual histogram. The points of the correlation plot are colour-coded with the

total counts for each pixel, showing as expected that pixels with higher photon counts having a

better recovery of the PRF since these pixels have a greater signal-to-noise ratio (SNR). Overall

the parameters are very well recovered down to the noise level.

2.5.3 Uncertainty Estimation

We can also leverage the differentiability of these models in order to estimate the errors in

these parameters under the Laplace approximation (Bard 1974), by taking the inverse Hessian

of the Poisson likelihood. Using this method marginalised errors can be calculated incorpo-

rating parameter covariance. There are some limitations using this method as it requires the

calculation of the covariance matrix over all parameters — which in this model is over a mil-

lion, giving a covariance matrix of over a computationally-intractable trillion values. Instead
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we calculate the errors marginalising only over stellar positions, fluxes and optical aberrations,

with pixel sensitivities held constant. This provides us with an accurate calculation of the

true errors when photon noise is dominant, but it will remain an underestimate when the PRF

is the dominant noise source. We chose to estimate our errors in this manner as opposed to

the conventional photon-noise scaling relations in order to better capture covariance between

parameters. In Section 2.6 we provide a comprehensive analysis of our results with respect to

these photon-noise scaling relations.

The 1-σ error bars are generated by autodiff, calculating the covariance matrix under the

Laplace approximation as the negative matrix inverse of the Hessian of the likelihood function

evaluated at the maximum likelihood estimate. These error bars are clearly an underestimate:

this is understandable as they are marginalised over positions, fluxes and aberration, but not the

PRF residuals which are the dominant noise source. The million-dimensional Hessian required

to estimate these uncertainties is at present intractable even in Jax. These parameters are

recovered to the expected distribution when performed without modelling the PRF.

The optical propagation algorithm employs two-sided matrix Fourier transforms (Soummer

et al. 2007), which can be greatly improved if deployed onto GPU hardware. In our a test case,

we initialise from a very naive state far from the truth, requiring a larger number of optimisation

epochs than would be required in a real-world example. Furthermore as a calibration algorithm

across a whole detector the complexity of the model is greatly increased, applying this to real

data would likely be focused on small detector regions resulting in less computationally intensive

models.

The use of a forwards model clearly requires a good match between the true and model

PSF. The benefit of using differentiable optical models however is that it provides the perfect

platform upon which to directly learn this model from the data, with the ability to scale the

complexity as required for each problem. Similarly since we are working with direct image data

as opposed to reduced data-products, mis-calibrations of the system are simple to diagnose

through direct examination of the residuals of the data and model. Figure 2.2 demonstrates

that in this example we can be sure of a good fit because the final residual contains no visually

identifiable structure.

2.6 Noise & Performance Analysis

This section examines how well this method performs across a range of both PRF and flux

values, which are our two dominant noise sources. Recovering parameters in a Poisson-noise-

dominated regime for simple optical systems should have the following relationships:

σflux = 1/
√
Nphot (photons), (2.1)

σposition =
1

π

√
2/Nphot

λ

D
(radians), (2.2)

σzernike = 1/
√
Nphot (RMS radians). (2.3)
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Comparing the errors in the recovered parameters across a range of fluxes provides a good way

to examine when we are in the photon noise dominated regime. After optimisation the errors

are calculated for each parameter and compared to these expected values

σrelative =
N∑
i=1

1

N

σi recovered

σi expected

. (2.4)

The top-left panel of Figure 2.6 shows the weighted Pearson correlation coefficient (Costa 2011)

as a function of both flux and PRF. The transition where the PRF is recoverable denotes two

regimes: one where photon noise dominates and another where PRF noise dominates. We have

distinct results in these different regimes. Astrophysical and optical parameters are recovered

to the photon noise expectation, while there is poor recovery of the PRF when photon noise is

the dominant source and vice versa when the PRF is the dominant noise source. The top-right

and bottom panels of Figure 2.6 show how σrelative changes as a function of both flux and PRF.

These σexpected values are expected to be underestimates of the true values because they are not

marginalised over all of the fitted parameters in the forwards model. By examining Figure 2.6,

we can see that there is a transition between two regimes: photon noise dominated and PRF

noise dominated. In the photon noise dominated regime, we can see that the parameters are

recovered to the level expected by these relationships and diverge from these once the PRF

becomes the primary noise source.

It is important to note in this section that there is a degree of scatter in the recovered

results. Due to the gradient descent optimisation strategy there is a degree of sensitivity to

the optimisation hyper-parameters, such as learning rates which must be tuned based on the

flux, momentum, and distance to the noise floor. These parameters are simple enough to tune

for individual data sets with similar scales, but it is non-trivial to automate this process for

data with a vast range of scales like those being analysed here. The hyper-parameters chosen

were tuned on the 1e8 flux data set and roughly scaled to work with the other data sets, which

is why we observe the best recovery for that set of parameters. These figures are designed

to demonstrate the overall trends in the different noise regimes, rather than to be a precise

analysis of the fundamental limits.
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Figure 2.6: Recovered parameter error relative to photon noise expectation. Left: Mean
relative per-mode Zernike error. Middle: Mean relative flux error. Right: Mean relative
positional error.
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2.7 Conclusions & Future Work

In this first paper of a planned series, we have demonstrated photometry, phase retrieval, and

detector calibration using autodiff to make tractable gradient descent in very high dimensions.

Our software ∂Lux integrates with a rich and user-friendly ecosystem of Jax packages for

optimisation and sampling, which point to a number of natural extensions.

The most obvious is to produce calibrated photometric time series, making use of correlations

in time rather than the ‘bag of images’ approach taken in this work. Instead of independently

optimising each frame, they could be treated hierarchically, with regularisation imposed on each

star’s light curve. Gaussian process models are widely used in astronomy, and Jax packages

such as tinygp (Aigrain and Foreman-Mackey 2022) and GPJax (Pinder and Dodd 2022)

permit differentiable optimisation and sampling that integrate efficiently with ∂Lux.

Photometry of crowded fields is often of poor quality even from space telescopes, and there

has been considerable investment in algorithms for de-blending light curves in the K2 galactic

plane campaigns (Zhu et al. 2017) and in TESS with its large pixels (Nardiello et al. 2019;

Hedges et al. 2021; Higgins and Bell 2022). High dimensional optimisation with autodiff in

principle renders de-blending tractable even close to the diffraction limit with unknown PSFs.

Prior knowledge of a structured PSF, such as with the diffractive pupil architecture of Toliman

(Guyon et al. 2012; Guyon et al. 2013), may further improve this de-blending and retrieval.

High-precision photometric measurements often need to also consider variations in the intra-

pixel sensitivity. This work only examined the inter-pixel sensitivity for simplicity, however

the PSFs examined here were sampled at 10x the Nyquist limit, well beyond the typical 1-1.5x

Nyquist used in practice. The ability to recover sensitivity variations over these sub-fringe

scales show that this method can be directly applied to recovery of both inter and intra-pixel

sensitivity fluctuations.

High contrast imaging with the recently-launched JWST (Gardner et al. 2006) and the up-

coming Roman Space Telescope coronagraph (Zellem et al. 2022) will in each case demand

a new generation of data-driven PSF and detector calibrations beyond those used fruitfully

on ground-based data (Cantalloube et al. 2021). While we have not attempted this in the

present work, ∂Lux can flexibly model aberrations in the multiple intermediate planes of these

coronagraphs, and in future work we intend to assess the practical and fundamental limits of

multi-plane phase retrieval and calibration to improve coronagraphic modelling. Uncertainties

in the flat field are also the leading contributor to noise in the exoplanet transmission spec-

troscopy with JWST (Rustamkulov et al. 2022), and a promising future direction with ∂Lux

will be to build models not just of imaging data, but of spectrophotometry.

In Paper II in this series, we will tackle the isomorphic problem of hardware design. While

we have tackled phase design in previous work (Wong et al. 2021), autodiff permits calculation

and optimisation of the Fisher information directly (Coe 2009), which means we can optimise

towards the fundamental limits of parameter sensitivity. In subsequent papers, we intend to

explore parametric and nonparametric deconvolution of images at high angular resolution and

contrast.
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Chapter 3

Optical Design Maximising Fisher

Information

The design of high-precision astronomical hardware operating at the diffraction limit requires

the optimisation of physically accurate optical simulations of the instrument with respect to de-

sired figures of merit, such as photometric or astrometric precision. System design entails many

parameters, some of which introduce strong nonlinear dependencies between instrument prop-

erties and the fidelity of science observables. This chapter explores how differentiable optical

models built in ∂Lux can leverage numerically stable second- and higher-order derivatives to

design hardware that maximises the information content of scientific parameters, marginalised

over nuisance instrumental parameters. By directly calculating the Fisher information matrix

of an observation — including optical and detector metrology — we show how statistically

principled, Bayesian experimental design targeting abstract figures of merit, such as precision

on science observables, becomes tractable through complex forward models. We validate the

method by comparing parameter forecasts from Fisher matrix calculations against analytic the-

ory and inference algorithms. Finally, we extend this to the design of a real-world instrument

for exoplanet detection, optimising a binary phase plate to maximise astrometric precision while

marginalising over instrumental nuisance parameters.

55
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3.1 Statement of Contribution

This chapter faithfully reproduces material from Desdoigts et al. (2025), which was submitted

to the Open Journal of Astrophysics on the 24th of June 2025, with minor adaptation to fit

into the thesis style. I am the first author, with Benjamin Pope, Michael Gully-Santiago, and

Peter Tuthill as co-authors. The original research problem has been a long-term project with

Peter for the design of the Toliman (Telescope for Orbital Locus Interferometric Monitoring

of our Astronomical Neighbourhood; Tuthill et al. 2018) space telescope. Ben and Peter both

provided guidance over the methodology developed over the project. All of the code, models,

simulations, and inference for the paper was done by myself. I wrote the paper, with co-authors

contributing feedback on the scientific results, reviewing the manuscript, and assisting with

minor improvements to the code and interpretation. All major analytical and computational

work was performed by me.
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3.2 Introduction

Advances in contemporary observational astronomy are driven by progress in instrumentation

and hardware, enabling measurements with improved sensitivity and lower noise. This is par-

ticularly true for exoplanetary science where signals can be many orders of magnitude smaller

than the noise. When designing instrumentation for this goal, it is essential to accurately model

the pattern, or Point Spread Function (PSF), governing the spread of starlight on the detector

to enable the engineering of system hardware to optimise science deliverables. For example,

apodizing phase plate coronagraphs (Guyon et al. 2006) suppress light from on-axis sources by

modifying the wavefront in multiple conjugate planes, creating spatially-varying PSFs. This

transformation allows faint nearby companions to be detected against the glare of their bright

host star. This can be achieved with an apodizing phase plate (Codona et al. 2006), a phase

mask placed in a telescope pupil plane that reshapes the PSF, the design of which poses non-

linear optimisation challenges (Por 2017). Astrometric exoplanetary detection (Sozzetti 2005)

similarly requires careful consideration of instrumental design such that PSFs are stable and

can be used to characterise the time-varying instrumental imperfections, achieving measure-

ment precisions required for tiny (micro-arcsecond) signals. This can be achieved with widefield

space-based surveys such as Gaia, or with smaller telescopes that employ a diffractive pupil to

engineer PSFs with favourable properties (Guyon et al. 2012; Tuthill et al. 2018). In either case

and throughout observational astronomy we find escalating demands for stability and precision

in data-driven calibration of diffraction effects in the PSF.

Advances in software and algorithms are therefore essential for both data analysis and to

facilitate hardware design. A range of open-source physical optics simulation codes (Perrin

et al. 2012; Dube 2019; Por et al. 2018) have been developed to model imaging systems end

to end, providing a framework to optimise design and/or data analysis schemes by way of

grid-based or Markov Chain Monte Carlo (Metropolis et al. 1953) methods. For models with

many parameters (the norm for realistic situations with, for example, many modes of phase

aberration, multiple sources in the field of view and/or pixel-level imperfections in the detector)

then reliable sampling or optimisation can become computationally intractable (Huijser et al.

2022) unless it is also possible to evaluate not just the value but also the gradient of the

objective function.

Algorithms to implement automatic differentiation or ‘autodiff’ (Margossian 2018) comprise

the foundational technology used in artificial intelligence and machine learning (LeCun et al.

2015), and are now rapidly becoming a critical enabling technology in software for the phys-

ical sciences. Autodiff makes it possible to evaluate the partial derivatives of a computer

program’s floating-point outputs with respect to floating-point arguments. Autodiff computes

exact derivatives using successive applications of the chain rule, with computational cost scaling

similarly to that of the original model evaluation, rather than increasing with the number of

parameters. Considerable industry and academic effort has gone into developing performant

and user-friendly numerical software libraries with autodiff capability: PyTorch (Paszke et al.

2019), TensorFlow (Mart́ın Abadi et al. 2015), Julia (Bezanson et al. 2012), or our preferred

library used in this work, Jax (Bradbury et al. 2018). Importantly, autodiff removes the need
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to manually derive or symbolically express gradients or Hessians — they emerge directly from

the differentiable structure of the implemented forward model. This is a central departure from

traditional inference workflows, and it underpins our ability to evaluate and optimise realistic

optical systems without requiring closed-form expressions for likelihood derivatives.

Differentiable forward models in physics permit optimisation and inference with very many

parameters, and the inclusion of flexible nonparametric models (Lavin et al. 2022) jointly

with deterministic physics. Autodiff has been used recently in optical and imaging science for

phase retrieval and PSF modelling (Jurling and Fienup 2014; Wong et al. 2021; Liaudat et al.

2021; Liaudat et al. 2023a). In previous work (Desdoigts et al. 2023) we introduced ∂Lux,

a differentiable physical optics framework designed to address a variety of high dimensional

optical calibration tasks. Using the accelerated numerical computation methods and gradient

calculations enabled by its Jax back-end, efficient solutions to complex optical problems such

as end-to-end phase retrieval and pixel-level calibration from simulated imaging data were

demonstrated.

In this manuscript we build on this previous work and focus on scenarios where the pos-

terior distribution over model parameters is well described by a multivariate normal near its

peak, known as the Laplace approximation (Kass et al. 1991; MacKay 2002). We show how

numerically stable higher-order gradients permit the calculation of covariance and Fisher ma-

trices (Bhandari et al. 2021; Coulton and Wandelt 2023) — a key object in statistical design

that quantifies how precisely model parameters can be inferred from observations — under the

Laplace approximation. By constructing differentiable optical models we can differentiate a

likelihood function with respect to any astrophysical or instrumental model to compute param-

eter covariance matrices. This means that neither the likelihood function nor its derivatives

need to be written in closed form. Instead, they are evaluated programmatically via autodiff

directly through the forward model, a key methodological shift enabled by this approach. This

enables Fisher forecasting: a statistical technique used to estimate the precision of parameter

estimates from a future experiment, and enables computation of the covariance matrix. The

covariance matrix obtained through the Fisher matrix gives us the Cramér-Rao Lower Bound

(CRLB; Radhakrishna Rao 1945; Cramé, Haraldr 1947) — the information-theoretical limit

on parameter constraints achievable with an experiment. This statistically principled approach

is common for the planning of new instruments and surveys; for example in cosmology the

forecasting of how well observations of the cosmic microwave background (Liu and Bunn 2016)

or spectroscopic surveys (D et al. 2023) will constrain bulk cosmological parameters, under

varying choice of settings in a preliminary instrument design, and marginalised over nuisance

parameters.

The ability to calculate these Fisher matrices using autodiff then enables Bayesian exper-

imental design (Fedorov 1972; Chaloner and Verdinelli 1995; Ryan et al. 2016) via gradient

descent. This might involve optimising the uncertainty of a particular parameter, or a norm

such as the determinant or trace of the CRLB. In Section 3.3 of this Paper we briefly describe the

underlying theory, and in Section 3.4 we validate calculations made with ∂Lux against analytic

theory. By way of illustration with a concrete example, Section 3.5 applies this framework to

optimise the design of a phase mask for the astrometric mission Toliman (Tuthill et al. 2018),
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a small telescope aiming to detect planets around α Cen AB by measuring micro-arcsecond

perturbations in the relative separation of the binary.

3.3 Fisher Information and Bayesian Experimental De-

sign

The key feature of autodiff exploited in this paper is the ability to efficiently calculate a mul-

tivariate normal approximation to a probability distribution. Consider an imaging system and

sources, parametrised by θ ≡ (θ1, ...θN), that generate data d. In solving an inverse problem,

we want to infer θ given d and any prior information. We can use Bayes’ rule to update our

prior knowledge of θ conditioned on our prior knowledge I, given d

posterior︷ ︸︸ ︷
p(θ|d, I) =

likelihood︷ ︸︸ ︷
p(d|θ, I) ·

prior︷ ︸︸ ︷
p(θ|I)

p(d|I)︸ ︷︷ ︸
evidence

. (3.1)

It is convenient computationally to express this in logarithmic units

log p(θ|d, I) =
log-likelihood︷ ︸︸ ︷
L(d|θ, I) +

log-prior︷ ︸︸ ︷
Π(θ|I)−

log-evidence︷ ︸︸ ︷
logZ . (3.2)

At the maximum likelihood, the score — the gradient of the log-likelihood with respect to

the parameters — vanishes, and ∂iL(θ0) = 0 ∀i where ∂i ≡ ∂/∂θi is the maximum likelihood

estimate of these parameters. We then motivate consideration of a Taylor expansion of L about

this point, dropping the prior Π1, to estimate the distribution near the maximum. Going up to

second-order is equivalent to approximating L as a multivariate normal — ie Laplace’s Method

L(θi) ≈ L(θi0) + (θ − θ0)
i ∂L
∂θi︸︷︷︸
=0

∣∣∣∣∣
θ=θ0

+ (θ − θ0)
i(θ − θ0)

j ∂2L
∂θi∂θj︸ ︷︷ ︸
≡Fij

∣∣∣∣∣
θ=θ0

+ · · ·︸︷︷︸
higher-order terms

and we identify the negative Hessian of L as the Fisher Information Matrix (FIM; Fisher 1925)

F(θ) ≡ Fij(θ) = − ∂2L
∂θi∂θj

. (3.3)

This is formally defined as the variance of the score, and for appropriately regular functions is

given by this Hessian. This second-order approximation treats the log-likelihood as a quadratic

function near the maximum, and is often used in practice when full posterior sampling is

computationally prohibitive. The parameter covariance matrix C is calculated as the inverse

of the FIM

1We can do so without loss of generality; to include the prior, we can replace L throughout this calculation
with L+Π instead.
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C = F−1 (3.4)

that fully describes the best-fit multivariate normal; an estimator of the behaviour of a like-

lihood distribution around its peak. In classical applications, this would require symbolic or

manual calculation of second derivatives of the log-likelihood. However, in our framework,

these quantities are obtained directly via automatic differentiation of the implemented model,

without the need for algebraic derivation.

The FIM has some convenient properties (Coe 2009), firstly the Fisher matrices for two inde-

pendent experiments add (F1,2 = F1+F2) allowing for the FIM to be calculated independently

for any observations that add linearly, such as dithered images. Secondly, since parameter

marginalisation happens through the matrix inversion of F, row and column i can be deleted

from F in order to remove its contribution to the resulting covariance matrix. Importantly, the

covariance matrix of a model with parameters θ calculated using the observation produced by

that model given parameters θ is the CRLB: the lower bound on the variance of an unbiased

frequentist estimator of θ. It is not possible to recover parameters better than the CRLB, and

so it is useful for forecasting the sensitivity of an experiment to the parameters of a model

under consideration, irrespective of how data analysis will be carried out.

In the remainder of this paper, we will assume that the multivariate normal approximation to

our likelihood holds, and that the Fisher and covariance matrices calculated from this Hessian

are accurate to within a reasonable tolerance. We also assume that our measurements are

photon-noise dominated and therefore a Poissonian likelihood is used exclusively throughout

the remainder of the work. Furthermore, all calculations of, and references to, the covariance

matrix are of the parameter covariance matrix, calculated against simulated data without noise

realisations, and therefore completely describe the CRLB under the Laplace approximation

(which is assumed valid throughout).

3.4 Comparison with Theory

In especially simple cases and under a number of simplifying assumptions, the Fisher forecast

of parameters of interest can be obtained by analytic theory. In this Section we compare the

compare the estimated CRLB uncertainties via three different methods: an analytic derivation,

through the Fisher matrix calculated via a differentiable model (the methodology explored

in this paper), and direct sampling of the posterior via an Hamiltonian Monte Carlo (HMC)

algorithm. The posterior samples generated via the HMC serve as a numerical benchmark we

can compare the Fisher and analytic methods against, given that the HMC directly samples

the full posterior.

We start with an illustrative toy problem: obtaining a position measurement from the image

plane of a simple telescope. Given a circular pupil support and a monochromatic point source,

the PSF is the well known Airy disk. The analytic CRLB (i.e. best achievable precision,

independent of the analysis method used) on the localisation of a point source through this

system as a function of photon count is given by the expression
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Figure 3.1: Comparison of the posterior positional uncertainty, σr, via three estimators:
HMC posterior samples (used as a numerical benchmark), a Fisher-information estimate
obtained via autodiff, and a closed form analytic derivation. Top: absolute estimated σr
versus photon count for the three estimators, all showing strong agreement. Bottom: ratio
of σr to the HMC benchmark (unity = perfect agreement), revealing a systematic difference
between the analytic method and the HMC benchmark of ∼ 6%, indicative of an consistent
overestimate of system performance. The Fisher estimate is in strong agreement with the
HMC benchmark at all values.

σr =
1

π

√
2

Nphot

λ

D
, (3.5)

where σr is the radial uncertainty in the positional measurement in radians, Nphot is the number

of photons, λ is the wavelength of light and D is the diameter of the aperture (Guyon et al.

2012). Figure 3.1 now compares σr as calculated from this analytic equation and the σr values

calculated using the Fisher methods described in Section 3.3, both registered against results of

the posterior samples generated via the HMC algorithm, used as the benchmark. We assumed

that the signal was photon noise limited, and therefore chose a per-pixel Poisson distribution

as the likelihood function for both the Fisher and HMC methods, which is the same as that

used to derive Equation 3.5.

The top panel of Figure 3.1 shows consistency between the three methods across the full range

of the fluxes, however the bottom panel that compares the Fisher and analytic method to the

HMC numerical benchmark shows a consistent overestimate of performance with the analytic

approach. This highlights the limitations of the idealised assumptions typically required to

find closed-form solutions to these equations. In this case, the finite pixel and image plane

size form two such complexities not addressed by analytic derivation. Furthermore, any real-
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world imaging system is likely to entail significantly more complexity than this toy model.

Instruments operate over a non-zero passband and feature chromatic performance, surfaces are

imperfect, and the clear aperture can be cluttered with blockages from the secondary mirror

and spiders. All these, and many more non-ideal elements will directly influence the PSFs

and in general can only be modelled numerically. In these cases, differentiable forward models

provide an effective way to accurately calculate the CRLB of a given observation without resort

to the simplifying assumptions required for analytic expressions.

3.5 Optical Design Case Study: the Toliman diffractive

pupil

These methods allow the evaluation of the covariance matrix at fixed parameter values and the

direct optimisation of its components using higher-order derivatives. This enables gradient-

based experimental design, targeting properties of the covariance matrix such as entropy or

marginalised variances, using a differentiable forward model. This opens up the possibility of

Bayesian experimental design, allowing for gradient descent directly on such properties and

functions of the covariance matrix, or as we show in this example, on individual components of

the covariance matrix marginalised over the rest of the model. In keeping with the central theme

of this paper, accomplishing this requires only a forward model of the system in a differentiable

framework.

The illustrative optical problem chosen is the design of the diffractive pupil required for

the Toliman mission (Tuthill et al. 2018), a ∼100mm class aperture space telescope which

aims to measure the micro-arcsecond scale angular perturbation induced on the host star by

the orbital gravitational reflex motion from an (unseen) low-mass planet. Such a formidable

challenge requires the engineering of a PSF that maximally encodes both instrument metrology

and scientific signals of interest simultaneously on the sensor. The solution to these challenges

incorporates a binary-valued diffractive pupil and a spectrometer, all integrated into the PSF

of the telescope by engraving phase patterns onto the entrance pupil. Specifically crossed

sinusoidal gratings are used to produce a spectrometer (not discussed further in the present

manuscript), which are overwritten onto the primary diffractive pupil pattern which enables

the optical and detector calibration while also allowing astrometric science measurement. Here

we focus solely on this latter pattern which consists of regions of zero/π phase which are

separated by sharp transitional boundaries. The requirement for the binary pattern arises as a

primary design constraint of the Toliman diffractive pupil (Tuthill et al. 2018). The optical

signal encoding and associated recovery methods for system state metrology for the Toliman

mission present complex requirements, providing an ideal robust test case for evaluating the

practical capabilities and limitations of the Fisher-information-based design methods discussed

in this paper. While full details of the mission-specific constraints are not essential here, this

context highlights the degree of design complexity and abstracted figures of merit that can be

effectively managed through differentiable optical modelling.

Here, we take the design of the Toliman diffractive pupil as a complex yet achievable
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Figure 3.2: Geometric parameters and Toliman astrometric problem. Left: telescope aper-
ture geometry with random phase errors generated on the aperture. Optical aberrations Zi

are represented with Zernike polynomials in units of nm. Right: parametrisation of the binary
star geometry; mean position (x, y) (arcseconds), relative separation r (arcseconds), position
angle θ (degrees).

demonstration of analysis by our autodiff frameworks, and further posit that arriving at any

comparably performing outcome by way of analytic or heuristic approaches would present a

formidable task. In framing our optimisation problem, the objective can be stated find a

binary-valued diffractive pupil that maximally constrains the relative angular separation of

a binary star r after marginalising over the remaining astrophysical parameters, namely the

mean position (x, y) in arcseconds on the sensor, the position angle θ in degrees, the total

flux F in photons, a dimensionless contrast ϕ as the ratio of the binary component fluxes, the

mean wavelength λ in nm, as well as the remaining optical parameters — the pixel scale γ in

arcsec/pixel and optical aberrations Zi modelled as a sum of normalised Zernike polynomials

with coefficients in nm. Figure 3.2 shows the basic geometry of both the telescope aperture

and the astrophysical system, without any diffractive pupil in the system.

TOLIMAN’s requirement for binary phases ∈ {0, π} presents a challenge for gradient-based

optimisation methods as the distribution is inherently discontinuous. To map differentiably

between a continuous set of basis vectors and binary valued mask we employ the CLIMB

algorithm, first introduced for the Toliman mask design problem in Wong et al. (2021). By

using a set of 3× oversampled basis vectors, a binary mask can be constructed with a single pixel

boundary between the two regions with continuous values that enable gradients to propagate

smoothly. In brief, any 3×3 oversampled pixel with all values above or below zero can be

assigned to one or zero respectively. Any remaining pixels form the boundary region, where a

plane can be fit via least-squares to approximate the fraction of the pixel above zero, yielding

a single pixel boundary of continuous values between zero and one. More details and full

psuedo-code can be found in Wong et al. (2021).

The basis vectors used can, in principle, be chosen freely. However, it is advantageous to

tailor their selection to the physical symmetries of the problem. In this work, we employ basis
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vectors with three-fold rotational symmetry, which naturally enhances sensitivity to even-mode

Zernike aberrations that suffer sign degeneracies in conventional optical systems. By improving

the sensitivity to these modes we enable the diffractive pupil to both constrain the astrophysical

geometry and act as a wavefront sensor. Ultimately the choice of basis vectors is arbitrary,

provided it has the appropriate expressiveness for the problem as the differentiable engine

propagates gradients from PSFs back to the basis of choice. In this work we build the basis

vectors from a set of log harmonic radial and radial sine and cosine functions orthogonalised

using the Gram-Schmidt algorithm (Björck 1994). We then keep the top 100 basis vectors

and discard the rest. A selection of these basis vectors are shown in Figure 3.3, along with

realisations of the binary masks generated by randomly generate coefficients.

We construct a polychromatic model of the Toliman optical system featuring:

• A clear 125mm aperture diameter.

• A polychromatic bandpass modelled at three wavelengths: 530, 585, and 640 nm.

• PSF pixel scale of 0.375 arcseconds/pixel, ∼ 1.5× Nyquist.

• The 4th - 10th Zernike modes (ignoring the lowest 3: piston, tip, and tilt).

We then model the expected signals from the binary star α Centauri AB assuming a represen-

tative projected separation of 10 arcseconds.
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To transform the Fisher information into a concrete optimisation objective, we construct a

loss function that minimises the uncertainty of a specific scientific parameter of interest under

a full forward model — the binary separation r in this case

loss(η) = [C(ψ0)]rr =
[
−∇2

ψL(f(η,ψ))
∣∣
ψ=ψ0

]−1

rr
= Var(r | ψ0,η), (3.6)

where

• η are the design parameters, the diffractive pupil basis vector coefficients.

• ψ are the astrophysical and instrumental parameters over which we marginalise (e.g.

binary separation r, flux, aberrations).

• f(η,ψ) is the differentiable forwards model simulating the system.

• L is the log-likelihood function (Poissonion, consistent with the assumption of photon

noise-limited observations).

• ∇2
ψ is the Hessian operator applied to the ψ parameters of the model.

• [·]rr denotes the component of ψ corresponding to the binary separation.

We note that the likelihood is only a function of the model, as we generate the data at the

input at (η,ψ) in order to ensure our Hessian computation produces the Fisher matrix and

its inverse is therefore the CRLB. This loss function computes the covariance matrix of the

parameters through the forward model, extracting the variance component corresponding to

r, which serves as the optimisation target. Other reductions of the covariance matrix such as

its trace or entropy can also be optimised if desired. Gradients of the loss with respect to the

design parameters η, ie the coefficients of the diffractive pupil basis vectors, are computed via

automatic differentiation. Optimisation is performed using 50 epochs of the Adam algorithm

(Kingma and Ba 2017).

The initial and final pupil-PSF pairs are shown in Figure 3.4, where we can see that the

final PSF is concentrated into a small number of brighter peaks near the centre, plus a series of

dimmer peaks surrounding it. Figure 3.5 shows the parameter posteriors for both the initial and

final pupils, as well as an optical system with a clear pupil producing an Airy-disk like PSF as a

benchmark. We see the greatest improvement for the optimisation metric, the binary separation

r, as well as the pixel scale γ and mean wavelength λ. Using this Fisher optimisation approach,

we improve the CRLB of the binary star separation from ∼ 32mas to ∼ 22mas, approximately

a 30% improvement from this single seed. The full corner plot is shown in Figure 3.6. Note that

the optical aberrations have been omitted from these plots for visualisation purposes, although

they were present for the optimisation and have been marginalised over.

Interestingly, the pre-optimisation model already outperforms the Airy system, implying a

good choice of basis vectors for the diffractive pupil. Despite the improved performance in the

binary separation metric, the diffractive pupil model is inferior in recovery of both the (x, y)

position and position angle θ. Figure 3.7 compares the full performance of these models to each
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Figure 3.4: Diffractive Pupil - PSF pairs before and after Fisher optimisation. Top pan-
els: Randomly initialised pupil pattern (left) consisting of binary-valued 0/π phases within
the circular support of primary/secondary mirrors and 3 opaque spiders, together with its
corresponding PSF (right). Bottom panels: Final pupil after optimisation (left) and its cor-
responding PSF (right).
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Figure 3.5: CRLB posteriors for the parameters of each model. Note the optical aberration
posteriors have been omitted for plotting purposes, but have been marginalised over in the
calculation. The ‘Airy’ model is an optical system without a diffractive pupil, ‘Initial’ is the
pre-optimisation diffractive pupil and ‘Final’ is the post-optimisation diffractive pupil model.
The optimisation process has improved the performance of all displayed parameters, with most
gain coming from the separation r, pixel scale γ and the mean wavelength λ. Interestingly,
while the optimised model greatly outperforms the ‘Airy’ system in the minimised parameter
separation r, pixel scale γ, and wavelength λ (as desired), its performance is worse for all the
remaining displayed parameters.
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Figure 3.7: Logarithm of absolute element-wise relative covariance matrices, i.e.
log10(|Cij,1/Cij,2|). Negative values are blue and indicate a better constraint of that pa-
rameter while red flags the opposite. Left panel: The post-optimisation covariance matrix
relative to the pre-optimisation covariance matrix. Right panel: The post-optimisation co-
variance matrix relative to the Airy-disk covariance matrix.

other by visualising their relative covariance matrices (log10(|Cij,1/Cij,2|)). This Figure reveals

some interesting properties of this optimisation process, we can see that while most elements of

the covariance matrix show improved performance, some exhibit degraded performance. This

is explained through the marginalisation process inherent when inverting Fisher matrices to

get covariance matrices — parameters that have little to no covariance with the parameter of

interest (the binary separation r) can have their precision decreased in order to gain improved

precision over those that are. This demonstrates an optimisation process that is fully coherent of

the complex relationships between different parameters within a system. The pupil mask design

approach here offers a significant improvement in the astrometric performance of Toliman,

and these methods will form the basis of its design and analysis, presently in progress.

Given the high-dimensional nature of this problem and the complexity of the loss space

introduced by the mask binarisation process, this is a non-convex problem where only local

minima can be found. To ensure that the solutions found are sufficient, we repeat the opti-

misation process from five randomly initialised pupil patterns. Figure 3.8 shows the resulting

pupil designs along with their associated PSFs and relative covariance matrices, expressed as

log10(|Cij,1/Cij,2|). Each of these five random seed improves the CRLB of the binary star sepa-

ration over the optimisation by approximately 33%, 48%, 35%, 36% and 21%. These results are

presented as illustrative examples of the method’s capabilities, without detailed interpretation

of the relative performance across different seeds.
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Figure 3.8: Summary of diffractive pupil optimisations for five different random seeds. Each
row is a different seed, left panel: Final diffractive pupil, middle panel: Resulting PSF, right
panel: log10 relative covariance matrix, normalised by the initial pre-optimisation covariance
matrix.
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3.6 Discussion

The methods to calculate Fisher Information presented in this work provide a simple and

straightforward way to explore, analyse and optimise models, however it is important to be

cognisant of limitations. Firstly the Laplace approximation assumes that all posteriors are

well described by multivariate normals about their peaks. This assumption will not hold in a

general sense for systems with complex parameter degeneracies. While an understanding of the

local topology of the posterior about the maximum likelihood estimate can be found, this can

not function as a general replacement for sampling of the posteriors via Monte Carlo methods

which serve to understand the global topology of the posterior. In many cases, the posterior

distribution is either well-approximated by a multivariate normal, or a global understanding of

its structure is unnecessary. In such scenarios, the second-order Laplace approximation provides

sufficient insight and this is often the case for well-constrained optical instruments where local

sensitivity is the dominant driver of performance. Furthermore, this work only explored the

optimisation of the Fisher information about a single realisation of model parameters. In

practice for an instrument like Toliman the data will span a varying range of both instrumental

and astrophysical states. Accounting for this variation can be done during the optimisation

process by sampling the parameters of the covariance matrix over their expected range of values,

ensuring solutions robust to all states are found.

3.7 Conclusion

Progress in astronomical science depends not only on advances in hardware and observational

platforms, but also on innovations in software that enhance instrument design and data anal-

ysis. Exoplanetary science, in particular, places some of the most stringent demands on both

instrumentation and inference due to the intrinsically faint, noise-dominated signals that re-

quire careful calibration and characterisation. Autodiff has already demonstrated profound

utility in improving astrophysical measurements and calibration techniques (Liaudat et al.

2023a). Modern frameworks such as Jax enable a new class of scientific software that builds

on autodiff to offer powerful extensions to existing tools. This manuscript aims to showcase the

modelling strategies made possible by adopting differentiable software paradigms such as ∂Lux

that treat autodiff not as an afterthought, but as a foundational design principle. By replacing

hand-derived analytic equations with programmatic differentiation, these tools allow complex

models that incorporate realistic optics and detector effects to be optimised and explored using

the same physical principles, but with greater flexibility and computational tractability.

In this manuscript we have explored new avenues for analysis and design of optical systems

harnessing the stable calculation of Fisher matrices empowered by autodiff. This method

yields results in agreement with analytically derived expressions when identical assumptions

are enforced, and furthermore it can be used to explore extensions to a more relaxed set of

assumptions. The framework provides new ways to probe the effects of different instrumental

architectures on the recovery of science outcomes, and straightforward algorithms to optimise

experimental design targeting constraint of specific astrophysical parameters without detailed
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pen-and-paper analysis.

Differentiable methods also enable inference to be performed on complex posteriors. In cases

where distributions are non-Gaussian due to complex parameter degeneracies, approximate

inference methods become essential. Stochastic variational inference (Hoffman et al. 2013)

enables parameter degeneracies resulting in non-Gaussian posteriors to be approximated by

minimising the divergence between the inferred and true posterior. Extending this, automatic

differentiation variation inference (Kucukelbir et al. 2016) utilises the derivatives of a model to

explore the posterior parameter space efficiently, and can be applied directly to differentiable

optical models in order to address unavoidable parameter degeneracies present in complex data

sets.

These methods offer a new framework not only for analysing observational data, but also

for informing the design of future instruments employing statistically grounded optimisation

criteria described by the Fisher information. As one particularly promising use case, future

coronagraphic instrument design based on autodiff may be made more robust to realistic noise

processes such as low-order wavefront error (Currie et al. 2018) or the low wind effect (Milli

et al. 2018). With these tools, novel architectures can be rapidly explored and optimised with

respect to evidence ratios, robustness to optical aberrations, or spectral parameter estimation.

The same principles can be applied to other instruments such as spectrographs for radial velocity

planet detection, enabling joint end-to-end optimisation of optical systems and observational

regimes.

The methods presented were implemented using ∂Lux, however they are not inherently tied

to any specific software package. The central contribution of this work lies in the application of

automatic differentiation for optical system design and uncertainty forecasting. We anticipate

that similar approaches can be adapted within other autodiff-capable frameworks, and future

work may benefit from comparative benchmarking across such platforms.

3.8 Code, Data, and Materials

As part of our commitment to open science, we have released ∂Lux as an open source package

under a BSD three-clause at github.com/LouisDesdoigts/dLux. Furthermore an accompany-

ing Jupyter notebook that produces all results and figures in this paper is publicly hosted

at github.com/LouisDesdoigts/FIM tutorial. The accompanying code repository allows for

replication of results and adaptation of the methods to a variety of optical modelling tasks.
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Chapter 4

Amigo: a Data-Driven Calibration of

the JWST Interferometer

The James Webb Space Telescope (JWST; Gardner et al. 2006) hosts a non-redundant Aperture

Masking Interferometer (AMI; Sivaramakrishnan et al. 2012; Soulain et al. 2020) in its Near-

Infrared Imager and Slitless Spectrograph (NIRISS; Doyon et al. 2023b) instrument, providing

the only dedicated interferometric facility aboard — orders of magnitude more capable than

any interferometric experiment previously flown. However, the performance of AMI (and other

high resolution approaches such as kernel phase) in recovery of structure at high contrasts has

not met design expectations. A major contributing factor has been the presence of uncorrected

detector systematics, notably charge migration effects in the H2RG sensor, and insufficiently

accurate mask metrology, previously hidden beneath precision limits imposed by the atmo-

sphere. Here we present Amigo, a data-driven calibration framework and analysis pipeline

that forward-models the full JWST AMI system — including its optics, detector physics, and

readout electronics — using an end-to-end differentiable architecture implemented in the Jax

framework and in particular exploiting the ∂Lux optical modelling package. Amigo directly

models the generation of up-the-ramp detector reads, using an embedded neural sub-module

to capture non-linear charge redistribution effects, enabling the optimal extraction of robust

observables, for example kernel amplitudes and phases, while mitigating systematics such as the

brighter-fatter effect. We demonstrate Amigo’s capabilities by recovering the AB Dor AC bi-

nary from commissioning data with high-precision astrometry, and detecting both HD 206893 B

and the inner substellar companion HD 206893 c: a benchmark requiring contrasts approaching

10 magnitudes at separations of only 100mas. These results exceed outcomes from all pub-

lished pipelines, and re-establish AMI as a viable competitor for imaging at high contrast at

the diffraction limit.

73
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4.1 Statement of Contribution

This chapter faithfully reproduces material from Desdoigts 2025b (in review), which was sub-

mitted to the Publications of the Astronomical Society of Australia on the 29th of June 2025,

with minor adaptation to fit into the thesis style. I am the first author, with Benjamin Pope,

Max Charles, Peter Tuthill, Dori Blakely, Doug Johnstone, Shrishmoy Ray, Anand Sivaramakr-

ishnan, Kevin Volk, Jens Kammerer, Deepashri Thatte, and Rachel Cooper as co-authors. The

original research problem was proposed by Peter. All of the co-authors contributed guidance

throughout the project. All of the code, models, simulations, and inference for the paper was

done by myself. I wrote the paper, with co-authors contributing feedback on the scientific

results, reviewing the manuscript, and assisting with minor improvements to the code and in-

terpretation. Max produced all the flow diagrams used throughout the manuscript, and all

major analytical and computational work was performed by me.
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4.2 Introduction

Direct imaging of exoplanets and their environments against the glare of the host star makes

extreme demands on precision in calibration of optics, electronics, and computational data anal-

ysis. Recovering signals requires simultaneous high contrast and angular resolution with perfor-

mance levels dictated by the planet’s relative faintness and proximity to their host-stars (Follette

2023a), being limited mainly by systematics from optical aberrations and detector electron-

ics. Coronagraphic methods can achieve contrast ratios of 10−4 to 10−6, and are particularly

favoured for deployment on modern space observatories like JWST (Gardner et al. 2006; Gard-

ner et al. 2023) that avoid speckle noise arising from atmospheric turbulence. Despite proven

performance at high contrasts, coronagraphs remain limited by their Inner Working Angle

(IWA), with best performance usually found beyond > 2λ/D (Guyon et al. 2006). This inabil-

ity to study the inner structures of extra-solar systems, regions crucial to the understanding of

exoplanetary formation (Wagner et al. 2019), leaves a glaring observational gap at high angular

resolutions.

Aperture masking interferometers provide imaging capabilities at and beyond the classical

diffraction limit ∼ λ/D (Monnier 2003), filling the observational gap left at high angular

resolutions. Non-Redundant Maskings (NRMs) propagate interferometric phase information

from each mask hole to a unique location in the Fourier plane, enabling precise calibration and

subtraction of instrumental effects. Furthermore, closing triangles and squares in the aperture

yield closure-phases (Jennison 1958) and amplitudes (Twiss et al. 1960; Readhead et al. 1980)

respectively, observables that are robust to low-order wavefront and amplitude errors. When

combined with short exposures, they enable high angular resolution images through the phase

corruption of atmospheric turbulence (Baldwin et al. 1986; Robertson et al. 1991). Further

advances have produced images in the Near Infrared (NIR) at the diffraction limit (Monnier

et al. 1999; Tuthill et al. 2000b), cementing these methods as the only way to simultaneously

image at both high contrasts and angular resolutions through wavefront phase errors.

The JWST NIRISS (Doyon et al. 2012; Doyon et al. 2023a) hosts a NRM, providing an AMI

observational mode — the first of its kind aboard a space observatory (Sivaramakrishnan et al.

2023; Sivaramakrishnan et al. 2012; Soulain et al. 2020). While the Hubble Space Telescope

(HST) hosts an interferometer in each arm of its fine guidance system (Jefferys et al. 1985),

AMI on JWST is the first of its kind capable of complex imaging. NRM systems have hitherto

been used to mitigate atmospheric turbulence, prompting the question as to their value on a

space observatory without a turbulent atmosphere corrupting its wavefronts. However, despite

its optical stability, JWSTs segmented aperture demanded precise phasing of the mirrors after

launch, a problem not well addressed by in-focus, clear-pupil imagers due to the redundancy

of wavefront phase information, but well suited to non-redundant apertures (Cheetham et al.

2012). The NRM configuration allows AMI to act a proven alternate wavefront calibration

device that also provides unique scientific capabilities — and was added to NIRISS’ suite of

observing modes after JWST’s preliminary design review. AMI provides a complementary role

to the various coronagraphic modes and explores a search space within the IWAs of JWST’s

coronagraphs, reaching the snow line of nearby exoplanet systems (Ray et al. 2023).
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4.2.1 JWST AMI: A unique space-based interferometer

JWSTs AMI mode employs a 7-hole NRM to form a stable interferometric Point Spread Func-

tion (PSF) suitable for classic interferometric analysis methods. Its configuration, shown in

Figure 4.1 provides approximately even sampling in the Fourier plane, and primarily observes

in three medium band filters from ∼ 3-5µm.

Figure 4.1: Left panel: Schematic diagram of the 7-hole NRM projected over the primary
mirror. Middle panel: The resulting PSF (i.e. interferogram) from the non-redundant mask,
visualised on a square-root scale to highlight low-power features. Right panel: The power-
spectrum of the PSF featuring baseline-specific regions of fringe power known in the literature
as splodges that can be conveniently found by Fourier transform of the PSF. The 21 discrete
non-redundant baselines are indicated by the overlaid green dots.

Interferometric data is analysed in the Fourier plane — hereby referred to as the uv-plane

— by examining its complex Fourier coefficients described as its complex visibilities. Adjacent

observations of calibrator stars enable the subtraction of both the host star and instrumental

signals via a division of these visibilities in complex form, ideally revealing the minute signals

of the near-stellar environment.

Various pipelines exist to extract the interferometric observables from calibrated JWST im-

ages. AMICAL (Soulain et al. 2020) and SAMpy (Sallum et al. 2022) both perform analysis

on the Fourier transform of the calibrated JWST images and have been used in the context

of ground-based interferometry to great success (Sallum et al. 2023; Vides et al. 2023; Blakely

et al. 2022; Blakely et al. 2025; Lucas et al. 2024). Fouriever (Kammerer et al. 2023) har-

nesses similar ideas and extends them for kernel phase (Martinache 2010). Other pipelines such

as ImPlaneIA (Greenbaum et al. 2015) perform analysis in the image plane, using an analytic

forward model of the PSF as a way to better address piston phase errors and pixel-level mis-

calibrations (Lau et al. 2023; Greenbaum et al. 2019). This work draws much of its intellectual

heritage from these earlier pipelines, in particular ImPlaneIA through its use of an analytical

forward model for the interferogram, but greatly extended to include the instrument as a whole

including the detector and a high-order model of the optical aberrations.

Notwithstanding the rigour and success of these analytical tools, alongside much work from

researchers in the field — AMI mode has failed to provide its promised fringe stability and

precision, with both found to be up to an order of magnitude worse than expectation in the

https://github.com/SAIL-Labs/AMICAL
https://github.com/JWST-ERS1386-AMI/SAMpy
https://github.com/kammerje/fouriever
https://github.com/anand0xff/ImPlaneIA
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worst cases (Sivaramakrishnan et al. 2023; Ray et al. 2025; Sallum et al. 2024b). Despite

this degraded performance, careful calibration has been able to recover images of both the

circumstellar disk and companion planets around the PDS 70 system (Blakely et al. 2024),

albeit at the cost of discarding very large portions of the data. Similar approaches have been

used to resolve the dusty environments around WR 137 (Lau et al. 2023), though visible PSF

miscalibration remains persistent. Efforts have been made to fix these problems but follow the

approach of simply discarding data without addressing the underlying issues (Goudfrooij et al.

2024).

The most significant factor contributing to the degraded performance of AMI arises from

the Brighter-Fatter Effect (BFE), or charge migration between pixels (Antilogus et al. 2014;

Guyonnet et al. 2015; Rowlands et al. 2018; Argyriou et al. 2023; Goudfrooij et al. 2024).

Electrostatic interactions within the substrate push excited photoelectrons into neighbouring

pixels. This results in an effective distortion of the measured PSF, typically seen as a broadening

of bright sources that fill neighbouring pixels with more charge than dim sources — hence

‘brighter-fatter’. While this effect is troublesome for various imaging modes, it presents a

uniquely challenging problem for interferometric analysis dependent on precise inference of

the PSF to calibrate observations. To identify why this effect plagues AMI in particular we

must examine the JWST data processing pipeline, not the interferometric analysis methods

themselves.

These other pipelines adopt inverse modelling : a series of transformations of the data to

extract summary statistics (a calibrated image, or parameters of that image) that we can fit

astrophysical models to. The JWST pipeline applies fixed pixel-wise linearity corrections to

the data, and the AMI pipelines assume images are formed linearly downstream of that. This

assumption breaks down significantly in the presence of the BFE, which is a local nonlinear

convolution — at least when considered in the context of the PSF precision requirements found

within interferometry. There is not a known accurate expression or simulator for the BFE, and

certainly not an inverse operator to restore the un-blurred ideal pixel response.

This induces a nonlinear change in PSF shape between target and calibrator stars, so that

different pipelines return different complex visibilities that do not calibrate in the Fourier

domain by simple division. While the BFE was known prior to launch (Rowlands et al. 2018),

its seriously harmful effect on interferometric analysis was only realised post launch.

The BFE, together with imperfect gnosis of the AMI metrology, have resulted in AMI under-

performing. Until now, fringe stability and precision has not been much better than ground-

based observations and AMI proposals have fallen short in the competitive environment of

available JWST General Observer (GO) observing time.

In this paper, we present a new approach: Aperture Masking Interferometry Generative

Observations (Amigo), a pipeline in which we jointly train a physical model of the optical

system with a hybrid forwards and machine-learned Effective Detector Model (EDM), and ex-

tract rich visibility information with a generalisation of kernel phase. We fit the optical and

electronic models simultaneously to on-sky calibration data that allow us to separate these

effects for the first time, and apply this base instrument model to extract interferometric ob-

servables from several science targets, which have hitherto resisted AMI pipelines, achieving

https://jwst-docs.stsci.edu/jwst-science-calibration-pipeline
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near-photon-noise-limited performance in detecting faint companions.

4.2.2 Differentiable Forward Models: From Pixels to Planets

Amigo uses an end-to-end differentiable forward model of the entire end-to-end chain of physics

based on Automatic Differentiation (autodiff; Margossian 2019) — the foundational algorithm

of machine learning (LeCun et al. 2015). By decomposing functions into a sequence of func-

tion primitives and applying the chain rule programmatically, autodiff enables an algorithmic

computation of machine-precise derivatives. Importantly, autodiff does not harness finite differ-

ences nor symbolic differentiation, instead computing the exact derivative of its input function

directly. Its success can be attributed to its computational complexity, scaling with the model

itself — even for high-dimensional or nested models — rather than the number of parameters

being differentiated. Two primary algorithms underpin autodiff: ‘forwards’ mode (or the tan-

gent method; Siskind and Pearlmutter 2008) and ‘reverse’ mode autodiff (or backpropagation;

Griewank and Walther 2008; Rumelhart et al. 1986). These can be composed to efficiently im-

plement operators such as Jacobians and Hessians through arbitrary computational programs.

In particular, such partial derivatives are necessary for optimisation and sampling in high di-

mensions, for example by stochastic gradient descent (SGD; Ruder 2016) or Hamiltonian Monte

Carlo (HMC). This native computational efficiency and accuracy has enabled the training of

Machine Learning (ML) models with billions of parameters, giving rise to much of the modern

world.

In this paper we build on the growing body of work on differentiable modelling in optics (Page

and Favaro 2020; Wong et al. 2021; Desdoigts et al. 2023; Desdoigts et al. 2025; Sitzmann et al.

2018b; Liaudat et al. 2023a) and astronomy more generally (e.g. and non-exhaustively, Gully-

Santiago and Morley 2022; Campagne et al. 2023; Hattori et al. 2024; Foreman-Mackey 2023;

Dholakia et al. 2024; Horta et al. 2025; McDougall et al. 2025). Amigo takes the leap to a

true end-to-end approach, something yet to be comprehensively explored until now.

Beyond enabling optimisation and sampling with gradients, current autodiff frameworks like

Jax (Bradbury et al. 2018) and PyTorch (Paszke et al. 2019) offer substantial benefits over

standard numerical processing libraries. Built and designed for ML research, almost all au-

todiff libraries offer many highly optimised tools that ease development and efficiency. Native

deployment to hardware accelerators such as GPUs & TPUs, efficient compilers, function vec-

torisation and parallelisation, and higher order derivatives all give access to a toolbox that can

accelerate research and development. Furthermore, many of the bleeding-edge optimisation

and inference algorithms rely on the efficient derivatives offered by autodiff. Any new software

tools built within autodiff frameworks offer strict benefits over the standard numerical libraries

found throughout the astronomical software landscape.

The Amigo model is built using ∂Lux (Desdoigts et al. 2023) & Zodiax are used as the base

framework for differentiable optics and a user-friendly interface for scientific forward models

respectively, which are built on Jax & Equinox (Kidger and Garcia 2021b) to ensure it can

act as a single end-to-end differentiable system. Jax provides the core autodiff engine with

Equinox providing the framework for object-oriented programming as well as the tools required

https://github.com/LouisDesdoigts/zodiax
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to implement ML models.

The most significant innovation within Amigo is found in the detector model. Presented

with the challenge of forward modelling the charge migration that manifests as the BFE —

ultimately governed by differential equations — a novel solution was found by directly inte-

grating a Neural Network (NN) inside the detector. This formulation breaks from the three

commonly understood modelling paradigms: forwards, inverse and machine-learned, but is part

of a emerging body of work known as ‘hybrid models’ (Akhare et al. 2023; Karniadakis et al.

2021; Willard et al. 2022).

Differentiable forward models show a path towards the next generation of precision calibration

and data analysis. For variable nuisance processes that must be inferred directly from science

data, which might be affected by heteroskedastic noise and unknown nonlinearities, it is better

to fit a forward model to data with Bayesian methods (e.g. discussion in Hogg and Villar 2024).

Such models can have very many parameters, necessitating autodiff; and may have to represent

noise processes for which a physical simulation may be inadequate or unavailable, but which

a neural network can adequately predict (e.g. discussion in Hogg and Villar 2024). In this

case, we may not care about interpretability of the model for nuisance processes — in our case,

an EDM for the BFE — but only that they perform well and do not damage recovery of the

physics we do care about (the astrophysical scene).

The hybrid modelling approach presented in this paper connects forward models with machine-

learned ones, gaining the best attributes of both approaches. Because the NN is embedded

within the overall forward model, it cannot be trained in isolation on a well-curated, diverse

dataset, and must instead be evaluated solely through its influence on the end-to-end model

predictions. This approach is likely to cause discomfort for many, in particular in its general-

isation to datasets very different to those on which it was trained; however its effectiveness in

the regime of high contrast imaging will be thoroughly demonstrated in this work.

4.3 The Amigo Model & Pipeline

The Amigo model and pipeline consists of a digital twin of AMI, trained only on high-quality

in-flight point source data and flat-field calibration data; and then the application of this pre-

trained ‘base model’ to Bayesian inference from science data of the instrument state (princi-

pally wavefront and Fresnel defocus) and astrophysical observables (visibilities, flux, spectrum,

though with the option to fit more complex models), holding most of the model’s other param-

eters fixed.

While most data analysis pipelines work on processed and calibrated data, Amigo is designed

to generate predictions of the uncalibrated JWST data, fully independent of any other software,

including the JWST official pipeline. While the embedded optical model resembles those found

in WebbPSF (Perrin et al. 2014; Perrin et al. 2012), the fiducial STScI-supported physical-

optics simulator for JWST, its direct integration of a visibility forward model, and a detector

model designed to produce the 3-dimensional time-evolving pixels found in uncalibrated data

are significant departures from existing models.

Amigo consists of five distinct and modular sub-models of: the optical system, the complex
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visibilities, a linear detector, a non-linear ramp, and the read electronics. A flow diagram of

the full model is shown in Figure 4.2, with each component detailed in later sections. While

these components are modular and can operate independently, they are trained and behave as

a single cohesive system.

Effective Detector Model

Likelihood 
Function

Visibility Model

Optics Model

Amigo Data 
Processing


Pipeline

uncal.fits


Linear Detector

Amigo Model

Non-Linear Ramp

Electronics/Read

PSF                      

Model Ramp

calslopes.fits

Illuminance 

Figure 4.2: High level flow diagram of the Amigo model and pipeline, showing the input
and output product and shapes passed between each modular component. nλ is the number
of wavelengths modelled by the optics, ng is the number of groups in the data, and nints is
the number of integrations. Each of these model and pipeline components are discussed in
detail in their own section.

4.3.1 Calibration Data

High quality calibration data is of the utmost importance for the ambitious calibration goals

of the Amigo model. Due to a late switch out of the detector hardware on JWST, there is

not much publicly available, high-quality, pre-flight calibration data, necessitating an approach

exclusively using on-sky data. While a number of calibrator stars have been observed by AMI

mode, a requirement for interferometric calibration, most of these programs select bright targets

in order to reduce required observation times. Consequently, almost all of the existing data is

very coarsely sampled up-the-ramp, making it insufficient for accurate inference of the dynamics

of the BFE.

To aid on-going calibration efforts of AMI and to seek a deeper understanding of the BFE,

program CAL4481 (PI: Sivaramakrishnan) was proposed, accepted, and finally observed on

5 May 2024. Designed purely for calibration, it employs a 5-point sub-pixel dither, an uncom-

mon approach for AMI data, with 2 × 109 photons at each dither position. Seeking to better

https://www.stsci.edu/jwst/science-execution/program-information?id=4481
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understand the detector systematics, HD 41094 was chosen (with the aid of SearchCal; Bon-

neau et al. 2012) as our calibrator for building the digital twin. It is an appropriately-bright

(W2 = 0.69 Jy) target for a good number of groups up-the-ramp, with 11, 20, and 30 groups

per integration in the F380M, F430M and F480M filters respectively. As a K0 giant beyond

300 pc, with no known companions, we can be confident that it is a point source in the AMI

band. In order to capture the full dynamics of the BFE without dealing with the compounding

complexities that arise from deeper exposures, a peak pixel depth of ∼ 50 ke− was chosen —

approximately half way to saturation. A summary of the observing program is presented in

Table 4.1.

A future calibration data-set designed to explore the dynamics of the BFE further up-the-

ramp and with more complex illuminance patterns, GO8330 has been already been accepted

and awaits observation. Ideally, this program should allow for the Amigo model to remain per-

formant for brighter targets and deeper observations, expanding the observational capabilities

of AMI into the future.

The CAL4481 proved indispensable to the calibration of Amigo. Diversity of both wave-

lengths and dithers, deep exposures with high temporal resolution, with balanced signal across

filters all combine to provide an excellent training and testing ground for all AMI pipelines both

at present and into the future. All proceeding discussion and presentation of calibration prod-

ucts in this work originate exclusively from this dataset, combined with in-flight flat-fielding

data which disentangle the pixel sensitivities and nonlinearity from the spatially-varying effects

of the BFE.

In order to ensure model generalisation and avoid over-fitting, a validation dataset was built

from existing public programs GO1843, GTO1242, ERS 1386, and COM1093. This set of cal-

ibrator star exposures were chosen with the goal of having as much validation data as possible,

while keeping a balance of total signal in each filter, detailed in Table 4.1.

Table 4.1: Summary of JWST CAL4481 observations for HD 41094, used for model calibra-
tion. All targets are point sources. Pixel well depth values have dimensionless integer units
(‘digital number’ or DN), of which each count corresponds to ∼ 1.6e−.

Type Program Star Filter Groups Integrations Dithers Well Depth Photons

Calibrator CAL4481 HD 41094 F480M 30 3800 5 30,000 9.98×109

Calibrator CAL4481 HD 41094 F430M 20 4525 5 29,000 9.63×109

Calibrator CAL4481 HD 41094 F380M 11 5300 5 30,000 9.39×109

Validator COM1093 HD 36805 F480M 9 65 1 24,000 0.10×109

Validator COM1093 HD 36805 F430M 6 82 1 24,000 0.10×109

Validator COM1093 HD 36805 F380M 3 122 1 22,000 0.10×109

Validator GO1843 HD 205827 F480M 10 641 1 20,000 0.86×109

Validator GO1843 HD 205827 F430M 7 1885 1 20,000 2.15×109

Validator GO1843 HD 205827 F380M 3 7800 1 18,000 4.75×109

Validator GTO1242 HD 18638 F480M 8 4869 1 16,000 3.93×109

Validator GTO1242 HD 18638 F430M 5 6256 1 15,000 3.62×109

Validator ERS 1386 HD 116084 F380M 3 10000 1 17,000 5.86×109

Validator ERS 1386 HD 116084 F380M 3 6000 1 17,000 3.52×109

https://www.jmmc.fr/english/tools/proposal-preparation/search-cal/
https://www.stsci.edu/jwst/science-execution/program-information?id=1843
https://www.stsci.edu/jwst/science-execution/program-information?id=1242
https://www.stsci.edu/jwst/science-execution/program-information?id=1386
https://www.stsci.edu/jwst/science-execution/program-information?id=1093
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4.3.2 Data Processing Pipeline

JWST employs Teledyne HAWAII-2RG (H2RG) near-infrared detectors across various instru-

ments, including NIRISS which hosts AMI mode. These detectors use a non-destructive read-

out pattern known as ‘up-the-ramp’ sampling, where the voltage is measured multiple times

as it accumulates charge producing a time evolving measurement in each pixel. This method

provides better read noise characteristics and makes identifying and rejecting cosmic-rays eas-

ier (Rauscher et al. 2007). Ideally these pixels can be treated independently with linear fits to

the resulting ramp solving for the incident flux.

Standard data calibration approaches based on inverse models seek to subtract these effects

sequentially from data, ideally returning a clean signal representative of the input photon dis-

tribution. However, non-linear effects like the BFE are self-interacting, non-local, and couple to

various properties not addressed at a pixel-level such as PSF shape, curvature across individual

pixels, and sub pixel positioning. As a result, these effects do not calibrate straightforwardly

by division in the uv plane.

The Amigo data processing pipeline takes a very different approach, seeking to preserve as

much of the physics as possible in the output product. The ‘up-the-ramp’ readout of the H2RG

detectors provides 4D uncalibrated data: Two spatial dimensions, one time dimension for the

read at each group, and a second time dimension for each integration, or ‘image’, taken.

The Amigo pipeline performs a single calibration to the data, correcting for the Analogue

to Digital Converter (ADC) integral non-linearity. There is a strong periodic residual in un-

calibrated data that, until we identified this, made interpreting trends in the group-level data

challenging as it induces unique per-pixel periodic signals greater than the intrinsic noise. This

behaviour is thought to arise from a lack of power being supplied to the amplifiers. It is peri-

odic in raw counts, and we estimate it simply by performing a least-squares fit to the average

cleaned ramp values. Plotting the residual to this fit against the data value (i.e. including the

pixel bias) reveals a strong sinusoidal signal. While we are not able to infer a functional form

accurate at all count levels, we find a sufficiently accurate fix for our purposes by subtracting off

a sinusoid with period 1024 and amplitude 2. This correction leaves some periodic residuals in

the ramp-level data, however the existing correction is currently sufficient. We also found this

signal in other observing modes, with a more comprehensive treatment and correction to come

in subsequent work (Dholakia, in prep). Figure 4.3 shows this residual and the post-correction

residuals.

Next, simple outlier rejection is performed on the ADC corrected ramps, rejecting the 3σ

outliers from each group. This same outlier rejection is performed at 3σ on the data slopes,

found by taking the differences between each group read. This outlier detection process is

aimed at removing cosmic rays and other spurious jumps in the data.

From this outlier cleaned data the mean and covariance matrix of each pixel is calculated

along the integration axis for both the ramp and slope data. This produces the final calslope

output product. At present the Amigo model is designed to fit the slope data, although the

ramp data is still preserved with the intention of extending the model to predict ramp level,

rather than slope level data in order to produce higher fidelity over the pixel gain.
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Figure 4.3: Residuals from second-order polynomial fits to ramp data, shown before (top
row) and after (bottom row) applying a sine-wave-based correction for ADC integral non-
linearity. The left panels plot residuals as a function of the ramp value, while the right panels
show the same residuals folded over a modulo 1024 pattern, revealing periodic structure. Prior
to correction, the residuals exhibit a strong sinusoidal modulation. The applied correction
consists of a 1024-period sine wave with fixed amplitude, significantly reducing both the
overall residual structure and the folded periodicity (bottom panels). Orange points and error
bars represent binned data mean and standard error in each bin, highlighting the improved
uniformity of residuals post-correction.
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An important consequence of fitting to the slope data is the loss of the first group read.

While this had the benefit of avoiding predicting the pixel-to-pixel bias, it also results in a loss

of 1/ngroups worth of data. As a result, theAmigomodel at present can not predict observations

made with a single group read, and loses a higher fraction of the total photons for observations

made with a small number of groups.

As most AMI observations deliberately do not go above half pixel depth, in order to avoid

BFE, it is not possible with current resources to train the Amigo model to cope with saturated

sources, and we obtain worse fits with increasing well depth. This may be mitigated in future

as deeper datasets become available and the model is re-trained to include these.

4.4 Optical & Visibility Model

Amigo combines a diffractive physical optics model with a novel interferometric visibility for-

wards model. This enables the injection of observed source brightness distributions into PSFs

in an optically coherent manner and encoded via its complex visibility.

4.4.1 Optical Model

The first stage of Amigo uses a differentiable physical optics model based on ∂Lux (Desdoigts

et al. 2023; Desdoigts et al. 2023), which has similar features to other Python physical optics

packages like WebbPSF (Perrin et al. 2012; Perrin et al. 2014) and Prysm (Dube 2019) but

provides automatic differentiation and hardware acceleration and parallelisation through Jax.

To circumvent these issues the Amigo optical model has a strong focus towards flexibility,

an approach facilitated by autodiff. With direct calibration from on-sky data, it emerges as the

most precise physical optics model of AMI, with dynamically generated, non-linearly distorted

aperture geometries, persistent wavefront sensing, broadband PSFs, and Fresnel diffraction.

The optical model can be broken into four components:

1. The spectral model

2. The aperture model

3. The wavefront model

4. The propagation model

Each component enables the coherent flow of gradients from residuals of the predicted PSF

back through to the underlying parameters, enabling precise calibration and resulting in a

highly accurate and physically principled PSF describing the instrumental response to incoming

wavefronts.

4.4.1.1 Chromaticity and Spectral Model

AMI observations can be taken with four different filters, detailed in Table 4.2, although most

observations avoid F277W due to these wavelengths being significantly under-sampled by the
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NIRISS pixels. Other potential problems arise with the F277W filter, since the BFE is also

believed to have wavelength dependence, generalising the implementation of the Amigo model

would require greater complexity and more calibration data. For these reasons, the CAL4481

program (used for training Amigo) did not observe using the F277W filter, performance in

this band is not well characterised and not discussed further.

Table 4.2: Allowed Filters for AMI observations. Values taken from the JWST documenta-
tion. Full tabulated curves used in propagation.

Filter λ central ∆λ

F480M 4.815µm 0.289µm
F430M 4.285µm 0.203µm
F380M 3.825µm 0.205µm
F277W 2.771µm 0.717µm

All three of the primary AMI filters are relatively narrow in comparison to the size of the

generally expected spectral features, allowing a simple linear spectral energy distribution model

to be used as the default via

F (λ) = 1 +m(λ− λc) (4.1)

where λc is the filter’s central wavelength and m is the spectral slope parameter. This default

model is unlikely to capture the complexities present in some science cases. However, the for-

ward modelling framework enables the inclusion of user-defined differentiable spectral models,

tailored to the specifics of any observation.

By default Amigo propagates 9 monochromatic wavelengths through the optical systems to

capture the appropriate spectral diversity. Each wavelength is weighted by the integrated filter

bandpass and the spectral weights and summed to a broadband illuminance pattern.

4.4.1.2 Aperture Model

The Amigo aperture model is similar to, but significantly more flexible than existing aperture

models used throughout the field. Each aperture mask hole is modelled as a soft-edged hexagon

rendered dynamically on the aperture coordinates. The soft-edges of the aperture enable stable

gradient propagation through to the coordinate grid, despite the output array being dominated

by the binary ones and zeros. The mask is parameterised by two sets of 2D polynomial distortion

coefficients: one that controls relative positions of each aperture mask hole, and one for each

of the 7 aperture mask holes, applied to the hexagon coordinate array.

These aperture polynomial distortions provide the flexibility required to model the astromet-

ric distortion seen in real optical systems. Typically, these distortions are modelled by applying

a polynomial distortion to the PSF in the image plane, as opposed to the aperture in a pupil

plane. The choice to apply these distortions in the pupil plane enables the prediction of a

PSF that remains governed by diffractive physics. Additionally, this approach accounts for any

relative shears/rotations between the wavefront and the aperture mask when encountered in

https://jwst-docs.stsci.edu/jwst-near-infrared-imager-and-slitless-spectrograph/niriss-instrumentation/niriss-filters
https://jwst-docs.stsci.edu/jwst-near-infrared-imager-and-slitless-spectrograph/niriss-instrumentation/niriss-filters
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the filter wheel.

The use of 2D polynomial distortions is important as it enables the removal of two prob-

lematic degrees of freedom: the global x- and y-positional shift. Since the optical model is

diffractive, the wavefronts are propagated from pupil to focal plane via a Fourier transform,

and the PSF is the squared modulus of this focused wavefront — hence the phase information

encoding the global position of the aperture is lost. Consequently, the model is invariant to

x, y aperture shifts; however, noise in the gradients produced by autodiff can result in unde-

sired drifts. By removing these degrees of freedom from the model, we can pin down both the

global aperture mask position and the relative positions of each hole, avoiding this problem

entirely. Figure 4.4 presents the residual between the recovered distorted aperture mask and

its undistorted counterpart along with its effect on the PSF.

We identified an unexpected discrepancy in the reported size of the AMI mask holes across

different online resources and software packages. The JDox documentation states that the face-

to-face diameter of each hole, as projected onto the primary mirror, is 0.80m. However, the

mask definition file used by both webbpsf and ImPlaneIA adopts a slightly larger value of

0.82m. Several other analysis pipelines in the AMI ecosystem were also found to prefer one of

these two values. This discrepancy in the manufactured size of the mask holes was resolved in

two ways: first, by allowing them to be inferred directly during the Amigo calibration process,

and second, by cross-checking the result against the original manufacturing specification file

used. The Amigo model confidently recovered a hole diameter of 0.80m, consistent with both

the JDox documentation and the manufacturing specification file, thereby validating the smaller

of the two reported values.

Figure 4.4: Left panel: Residual between the calibrated aperture mask and its idealised
undistorted counterpart. Right panel: PSF residuals of the four primary optical effects on
the PSF. Top left: Instrumental jitter, applied through a convolution with a Gaussian kernel.
Top right: Primary mirror aberrations, modelled using Zernike polynomials on the primary.
Bottom left: Aperture mask distortions, modelled by applying a distortion to the coordinates
over which the aperture mask is calculated. Bottom right: Fresnel defocus modelled using a
Fresnel propagation algorithm. All effects are shown for the F430M filter, using a PSF with
106 total photons.

https://jwst-docs.stsci.edu/jwst-near-infrared-imager-and-slitless-spectrograph/niriss-instrumentation/niriss-non-redundant-mask?#gsc.tab=0
https://github.com/anand0xff/ImPlaneIA/blob/master/nrm_analysis/misctools/MASK_NRM.fits
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4.4.1.3 Wavefront Model

Accurate PSF modelling of any real system must also account for phase errors in the wave-

front, accumulated by both the primary mirror and through the optical train. Despite its

unprecedented optical stability, JWST is no exception. Observations made during its com-

mission phase revealed two important time-dependent optical degradations: mirror tilt-events

and micro-meteoroids (Rigby et al. 2023). These effects necessitate the recovery of wavefront

phases between, and sometimes within, any given observing program, a task made far simpler

by both the non-redundant aperture mask and the gradients provided by the differentiable

model. While most optical systems suffer from a sign degeneracy within certain phase modes,

NRMs offer unambiguous recovery of all phase modes, making them an ideal calibration tool

(Cheetham et al. 2012; Pope et al. 2014).

To recover the Optical Path Difference (OPD) state of the cumulative optical surfaces we

employ Zernike polynomials, a set of orthogonal functions defined over the unit disk, com-

monly used to represent wavefront aberrations in optical systems. Their orthogonality and

correspondence with classical aberration types (e.g., defocus, astigmatism, coma) make them

particularly useful for decomposing and quantifying optical distortions. Due to these proper-

ties, Zernike expansions provide a compact and physically interpretable basis for modelling and

correcting wavefront errors across a wide range of optical applications (Lakshminarayanan and

Fleck 2011).

Given that JWST has a segmented primary mirror, we model a unique set of moderate

order Zernike polynomials over each hole within the aperture which are then fit to any given

observation. Choosing a total of 4 radial orders, we get 10 Zernike modes per hole for a total

of 70 phase modes across the aperture. The inclusion of higher-order effects is trivial but was

found to be unnecessary, as these terms remained statistically insignificant in the calibration

data, up to ∼ 1010 photons. By default, Amigo will recover wavefront phases for all observed

data, providing a potential way to do long-term wavefront sensing independent of dedicated

observations. The effect these aberrations have on the resulting PSF as found in the calibration

data is shown in Figure 4.4.

Somewhat surprisingly, slightly different wavefront phases are recovered across the three fil-

ters, with the most significant deviation found in the F430M filter. These differences, visualised

in Figure 4.10, we believe to arise from imperfections in the optical surfaces of the filters. The

differences found in F430M can also be found through a significant deviation in the recovered

Fresnel defocus, discussed in the next section.

4.4.1.4 Propagation Model

Under the Fraunhofer approximation, optical systems are typically modelled using two con-

jugate planes: the pupil and the focal plane. This approach assumes that light propagates

as planar wavefronts, which is valid when the observation point is in the far-field or at the

focal point. However, many practical optical systems exhibit complexities such as a misalign-

ment along the optical axis which necessitate modelling wavefront propagation to intermediate

planes. In these scenarios, Fresnel diffraction theory (Morse and Feshbach 1953; Born et al.
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1999; Hecht 2002; Goodman 2005) becomes essential, as it accounts for the coupling between

wavefront phase and amplitude variations, providing a more accurate representation of PSF

behaviour in these regimes.

The Fresnel diffraction integral, best expressed through Fourier Transforms, which describes

the complex field E at point (x, y, z), is given by

E(x, y, z) = F−1
[
F [E(x′, y′)](kx, ky) · eikzz

]
(4.2)

where E(x′, y′) is the field in the pupil plane, kz =
√

k2 − k2
x − k2

y, and kx, ky correspond to the

angular spectrum (spatial frequencies) of the wave. A notable application of Fresnel diffraction

modelling is in the analysis of the HST optical performance. Thermal fluctuations in the HST

structure cause ”breathing” modes, leading to temporal variations in the telescope’s focus.

By employing Fresnel-based models, researchers have been able to accurately characterise and

correct these focus variations, thereby enhancing the quality of the scientific data obtained from

HST (Krist et al. 2011).

Fresnel diffraction algorithms were found to be a necessary component to recover accurate

PSF morphology with the AMI observing mode, with significant differences found across filters.

The recovered defocus values were found to be 0.017µm, 0.050µm, and 0.010µm in the F480M,

F430M, and F380M filters respectively. F430M was found to have the largest defocus, with more

than double that found in the other filters. The unique effect induced to the PSF in the F430M

filter is shown in Figure 4.4. It is worth noting that due to the need to recover both primary

mirror aberrations and Fresnel defocus values, which have a high degree of covariance in the

small defocus regime, that these values can not be recovered fully independently. Considerable

testing was done and accurate PSFs could only be recovered when considering both of these

effects in tandem.

The coupling of amplitude and phase effects in wavefronts introduced by Fresnel effects is

typically not important to downstream analysis, however careful consideration of its implica-

tion on interferometric observables is essential to recovering well-calibrated and high-precision

visibilities. This is discussed more in Section 4.4.2.2.

We enhance the fidelity of the modelled PSF by applying a cubic spline interpolation to

up-sample the image from a 3× to a 9× resolution. The result is then down-sampled back to

the original 3× grid. While this may appear redundant, the process improves realism by more

accurately accounting for the finite area over which detector pixels integrate light — an effect

that is not captured by simple point sampled PSF models. This method was benchmarked

against a reference PSF generated at 30× oversampling and was found to match the fidelity

of a ∼12× oversample, while requiring only a 3× optical propagation. The choice of 9× for

the up-sampling factor reflects a practical compromise between accuracy and computational

efficiency. The resulting increase in spatial resolution reveals finer PSF structure, which is

especially important given the BFE’s strong coupling to PSF curvature.
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4.4.2 Interferometric Visibility Model

Optical interferometry is typically conceived of as a purely inverse problem: each image has

a set of complex visibilities that can be reduced down to the non-redundant baselines and

analysed. This paradigm is insufficient for forward modelling approaches because in reality the

visibility signal is defined across the entire support of the Optical Transfer Function (OTF),

something that must be captured by our modelling approach. A visibility model without the

flexibility to reproduce the full behaviour of the PSF as observed through the optical system will

introduce biases and non-physical signals in the predicted PSF that further couples through the

downstream non-linear detector model. This problem has mandated a re-think of the concept

of a visibility as it applies to forward modelling, as well as the analysis methods used on the

recovered observables.

In order to achieve the required behaviour our model must produce a continuous array of

interferometric amplitudes and phases, appropriately conjugated about the origin, that can

be multiplied by the PSF in the uv-plane. This is done by defining a set of knots across the

OTF, whose values (one amplitude and one phase each) can be interpolated to the appropriate

uv-coordinates as defined by the Fast Fourier Transform (FFT) of each monochromatic PSF.

The resulting complex visibility map is then multiplied by the complex PSF splodges and

transformed back to the image plane. The resulting PSF can now express complex instrumental

and astrophysical effects while remaining firmly grounded in the diffractive physics that governs

imaging systems. Figure 4.5 presents a diagram of this process from the wavefront to the final

interferogram.
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Figure 4.5: Flow chart of the injection of visibility signals to forwards-modelled PSFs.
This demonstrates how high-resolution visibility signals can be directly injected into any PSF
model provided the appropriate set of visibility basis vectors. An example binary-star signal
is injected as a demonstrator.
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4.4.2.1 Latent Visibility Model

This simple visibility modelling method satisfies the requirements for use in a forward model,

but comes with some draw-backs. The pixel basis used for the visibilities results in high-

dimensional and covariant parameters, with many pixels falling out outside the OTF and

therefore being unconstrained by the PSF. Highly dimensional problems present no inherent

issues for differentiable models, but strongly covariant or unconstrained parameters can cause

problems for optimisation algorithms. This mandated a deeper and more principled considera-

tion of forward modelled visibilities, underpinned by Reduced Order Modelling (ROM; Benner

et al. 2015).

ROM is a set of methods that can reduce parameter dimensionality in a way that preserves the

essential dynamics or structure of the original system. We apply this concept to our visibility

model, using autodiff to design an orthogonal low-dimensional latent set of parameters that

fully capture the dynamics of the pixelised visibility model. However, ROM methods rely on

linear model assumption, a property exhibited by visibility phases, but not amplitudes. This

mandates a treatment of the logarithm of the complex visibilities

ln(Aeiϕ) = ln(A) + iϕ (4.3)

reformulating the mapping between the parameters in the uv and focal plane to be linear though

the real and imaginary components of the logarithmic complex visibility (Pope 2016). Using

this construction, we now seek a matrix V that can map between our full set of log amplitudes

and phases

ln(A),ϕ ∈ RN (4.4)

and a latent set

Al,ϕl ∈ RM (4.5)

where M < N .

To construct the matrix V, best envisioned as a set of basis vectors, we compute the Jacobian

matrix Jpsf ∈ RN×L of the PSF, where L is the number of pixels in the PSF, with respect to

the pixelised log visibilities ln(A), ϕ. This Jacobian captures the local sensitivity of each pixel

in the PSF to each visibility log amplitude and phase parameter. Using the Gauss-Newton

Hessian approximation

H = J ·Σ−1 · J−1 ∈ RN×N (4.6)

we can estimate the Hessian of the pixelised log visibility parameters under a log-likelihood.

An eigen-decomposition of this Hessian matrix

H = QΛQT (4.7)

returns eigenvectors Q that form an orthonormal basis for the uv-plane, ordered by their
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influence on the interferogram. By selecting out the top M eigenvectors corresponding to the

largest eigenvalues Λ (i.e. ones with high Fisher information, that are constrained by data),

we tailor a low dimensional latent set of orthogonal basis vectors V ∈ RN×M that exhibit

favourable properties for modelling.

This method is very powerful in many modelling regimes and enables customisation of the

properties of the latent basis vectors through the choice of Σ in Equation 4.6. In the context of

interferometric visibilities we consider two choices for Σ. The first is the PSF itself, providing

basis vectors that best constrain point sources — ideal for high-contrast companion recovery.

This nevertheless could introduce difficulties when recovering extended, resolved, or medium-

high contrast sources, where the noise distribution may be very different from the simulated

point source used to build the basis. The second option is the identity matrix, providing

an equal weighting to all pixels in the image plane. This provides higher expressiveness in

the resulting basis vectors that remain capable of the high-contrast sources often targeted by

interferometric observations.

In order to maximise generality, we chose an identity pixel covariance matrix to produce a

set of latent visibility vectors, visualised in Figure 4.6. Interestingly but perhaps unsurpris-

ingly, the low order basis vectors appear to select out the classic interferometric baselines.

Examining the eigenvalues in Figure 4.6, we can see there is a knee around index 600 in both

the amplitudes and phases. These reflect the visibility values outside of the OTF, where the

PSF is unresponsive to any signal - as it is outside of the range of frequencies that the optical

system is responsive to. We therefore model only those modes that are actually constrained

by the optical configuration; an approach which implies a general method for describing the

information content of diffraction-limited images, generalising the speckle statistics described

by Mawet et al. (2014); a full exploration of this idea is beyond the scope of the present work.

4.4.2.2 Visibility Amplitudes & Phases Coupling

An interesting consequence of the observed Fresnel effects discussed in Section 4.4.1 is the

coupling of amplitude and phase effects in the wavefront. This paradigm further translates to

the complex visibilities — meaning that the visibility amplitudes and phases do not cleanly

separate and act independently on the PSF, instead having non-insignificant covariances. This

was directly observed in the estimated Hessian of the pixelised visibilities as calculated by

Equation 4.6. This implies the true orthonormal visibility basis vectors live in complex space,

and is therefore composed of both visibility amplitudes and phases. However keeping the

classically understood visibility amplitudes and phases separated eases both their interpretation

and comparisons to existing methods, and is a convention adopted through the rest of this work.

4.4.2.3 Kernel Amplitudes & Phases

Kernel phase analysis offers a powerful method to extract interferometric observables robust

to residual wavefront error, even through clear aperture optical system with redundant uv

baselines (Martinache 2010), and conversely to infer wavefront error from science data by the

same approximation (Martinache 2013; Pope et al. 2014). It generalises the idea of closure
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Figure 4.6: Demonstration of the produced latent visibility basis used for model-fitting. Top
panel: The normalised eigenvalues for each visibility basis vector, ordered by their impact on
the PSF in the image plane. Bottom: Representative log amplitude and phase basis vectors
over a range of indexes. We can see that higher basis indices have increasing spatial resolution
over the OTF, with low order ones picking out the classical interferometric baselines and their
conjugates. Indices above ∼ 600 start to put power outside the OTF, are un-sensed by the
optical system, and are excluded from the model, but shown here to demonstrate how the
basis can be restricted to inside the OTF.

phases (Jennison 1958), by approximating the effect of phase aberrations on pupil elements ϕj

on the phases measured on baselines Φi, using a Jacobian matrix J ≡ ∂Φi/ϕj

Φmeas = Φsky + J · ϕ. (4.8)

The kernel phase idea is then to use singular value decomposition to find a kernel matrix K

such that K · J = 0, so that

K · Φmeas = K · Φsky +K · J · ϕ︸ ︷︷ ︸
=0

(4.9)

and therefore recovering ‘kernel phases’ K · Φmeas which are self-calibrating with respect to



4.4. OPTICAL & VISIBILITY MODEL 93

Figure 4.7: Example Delay-Invariant Subspace of Calibrated Observables (DISCO) basis
vectors found from the GO1843 observation, discussed in Section 4.8.3. Top panel: Nor-
malised log amplitude and phases basis vector variances. Bottom panel: Selection of repre-
sentative Delay-Invariant Subspace of Calibrated Observables (DISCO) basis vectors. Match-
ing with the latent visibility basis vectors, low index vectors are better constrained and have
lower spatial fidelity.

wavefront noise.

In its first implementations (Martinache 2010) this is calculated analytically by autocorrela-

tion of a grid of points, and later by autodiff (Pope et al. 2021). This idea can be extended

to kernel amplitudes (Pope 2016), by performing analysis on the log-visibilities, a practice we

adopt here, which has the advantage of making gain errors additive rather than multiplicative

and therefore putting phase and log-amplitude on an equal footing as the complex logarithm

of a wavefront or visibility. The kernel phase and amplitude relations are approximate and rely

on linearisation for redundant apertures, but are exact and recover closure phases as a special

case for non-redundant apertures.

Even though we infer Zernike coefficients for each mirror fairly precisely in the workflow

above, the kernel phase idea is still required here: instrumental degrees of freedom (here, Zernike

coefficients) are linearly indistinguishable from a subspace of astrophysical degrees of freedom
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(i.e. linear combinations of complex visibilities that are sensitive to Zernikes, and cannot be

inferred separately). Furthermore, some observations may require fitting a unique wavefront

or visibilities to different detector positions, over observations made at different observational

epochs, or may need to account for tilt-events during or between different exposures, as occurred

between imaging AB Dor and its calibrator.

Further building on these ideas and leveraging autodiff we expand the null-space from pure

wavefront phases on a Zernike basis to also null over small defocus, flux and spectral miscalibra-

tions. Trivial to calculate using autodiff (Pope et al. 2021), this formulation enables fine-grained

control over the order of wavefront error, and other nuisance optical effect over which to null

the observables. In this work we only null over the same Zernikes modelled in the optical

system (i.e. the first 10 modes, as discussed in Section 4.4.1), preserving more astrophysical

information in the interferometric outputs than a pixel-basis would allow. In principle, this

same approach could be used to generate kernels invariant with respect to any instrumental or

nuisance degrees of freedom, such as mask rotation or jitter.

Kernel amplitudes must be used for a different set of reasons. As discussed in Section 4.4.1,

accurate PSF metrology can only be recovered by modelling wavefront behaviour outside of

the Fraunhofer regime, i.e. using a Fresnel propagation, which projects phase aberrations into

effects both in phase and amplitude in the final uv-plane. Furthermore, the finite field of view

causes spatial correlation of complex visibilities, convolving the real and imaginary parts with

a window function and therefore mixing amplitude and phase. In developing Amigo, we notice

miscalibration in amplitudes unless we account for this effect.

This projection of our extracted visibilities into a kernel space provides one final statistical

hurdle: the output kernel visibilities do not preserve the original statistical independence of the

basis vectors. To circumvent this final issue, an eigen-decomposition is performed on the mea-

sured visibility covariance matrix to restore statistical independence (following Ireland 2013).

If we were to keep the full covariance matrix and use this in the likelihood, this would not

not change the information content, but projecting once to a basis of statistically independent

observables does allow for accelerated downstream analysis in evaluating the likelihood without

matrix inversion each time.

Each operation in this process from pixelised visibilities through to statistically independent

observables is linear, enabling each projection to be mapped into a single matrix, the Delay-

Invariant Subspace of Calibrated Observables (DISCO) matrix. Figure 4.7 shows the DISCO

basis vectors re-projected onto the pixel basis with their corresponding variances. Interestingly,

many of the produced basis vectors look similar to combinations of the latent visibility basis

vectors, implying that much of the information is preserved even through projection to the null

space.

We believe that this representation of our data is close to optimal: using latent visibilities

derived from the Fisher matrix eigenvectors ensures inclusion of all and only the information

passed by the optical system, so that unconstrained modes are ignored but able to express any

detectable visibility pattern across the uv plane. Then by projecting to a kernel space these are

protected from miscalibrated instrumental degrees of freedom; and the full information from

correlated noise is preserved in the final representation. By using an accurately trained pupil
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model and an exact Fourier sampling to construct this basis, we alleviate the issue of model

misspecification which has rendered the original HST/NICMOS kernel phase results suspect

(Pope et al. 2013; Martinache et al. 2020), by instead directly solving for the instrument

metrology first.

4.5 The Effective Detector Model

Amigo treats the detector, with its complicated pattern of sensitivity and cross talk, with a

non-parametric EDM. The JWST H2RG detectors in NIRISS are subject to the BFE, driven by

electrostatic interactions within the detector substrate, which induces flux-dependent charge

redistribution across neighbouring pixels. These effects evolve over time and are entangled

with other systematics, including variations in the PSF and inter-pixel sensitivity. Importantly,

they non-linearly act on a patch of pixels in the core of the PSF, depending sensitively on the

illumination pattern over these pixels, which will differ from star to star. As a result, pipelines

depending on calibration in the Fourier domain may be inadequate for recovering signals at the

precision levels required for high-contrast exoplanet imaging.

The EDM circumvents these issues by modelling the detector as a coherent physical system.

Its architecture mirrors key components of the standard JWST pipeline but employs the pixel-

to-planets philosophy of end-to-end differentiable forward models. This construction enables

further innovations ideally situated for complex or poorly understood physical processes through

the direct integration of a NN.

The defining feature of the EDM is its integration of machine-learned components into a

physics-based forward model, forming what is known as a hybrid model (Akhare et al. 2023;

Karniadakis et al. 2021; Willard et al. 2022). In particular, a NN is embedded inside the detec-

tor model as a differentiable transformation, trained to capture the charge migration behaviour

of the BFE. This breaks from common NN usage in astronomy, where models are trained inde-

pendently and used as surrogates for entire processes. Here, the NN is treated as one operator

in a long Markovian chain, calibrated through gradients propagated from the raw detector data

all the way back to the astrophysical parameters.

This design yields several critical advantages:

• The NN can leverage accurate upstream physical predictions, reducing its complexity and

improving interpretability.

• Training is conducted entirely on real, on-sky data, without the need for lab-based cali-

brations or curated training sets.

• Physical constraints can be imposed on the NN outputs, such as flux conservation and lo-

cality of charge migration, drawing inspiration from the field of physics-informed machine

learning (Raissi et al. 2019; Kidger 2022b).

The hybrid approach of this model introduces new challenges. Since the NN is not trained in

isolation, the quality of its predictions is dependent on both the accuracy of the upstream op-
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tics and visibility models as well as the downstream electronics model. If other components are

poorly calibrated, the NN may erroneously learn to compensate for them, degrading generali-

sation. This coupling mandates joint optimisation of all model components, enforcing physical

realism at each stage.

The EDM is comprised of three main stages:

1. Linear Detector Model

2. Non-linear Ramp Model

3. Electronics Model

Together, these components form a structured pipeline that mirrors the physical data gen-

eration and readout process of H2RG detectors, as outlined in Figure 4.8. Because the BFE

is spatially non-local, non-linear, and self-interacting, it poses the greatest challenge to con-

ventional approaches out of the effects in this chain. Additionally, its interaction with other

effects (such as flat field variations) renders modular correction ineffective. For example, an

insensitive pixel will accumulate fewer electrons, which biases the electric field measurement

and thus affects the migration behaviour of surrounding pixels.
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Figure 4.8: Schematic diagram of the EDM architecture, showing the three major compo-
nents and the embedded neural network used to capture non-linear charge migration.

To our knowledge, the EDM presented here is a novel tool in astronomy, analogous to

the recent use of ML for subgrid physics in otherwise physically-rigorous weather simulations

(Kochkov et al. 2024). The result is a unified, physics-informed, and data-driven model capable

of meeting the stringent requirements of exoplanet imaging.
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4.5.1 Linear Detector Model

The first component of the EDM is the linear detector model which handles the transfer of the

predicted PSF onto the pixels of the detector. This process includes two effects: instrumental

jitter and PSF resampling.

Starting with the PSF predicted by the upstream optics and visibility model, instrumental

jitter is applied at the calculated 3× PSF oversample by a Gaussian convolution. The instru-

mental jitter discussed here is distinct from the more commonly understood pointing jitter.

Instrumental jitter is a blur arising from imperfect stability of all components in an optical

train, as opposed to telescope pointing instability. JWST has an exquisite pointing accuracy of

∼ 1mas, but the instrumental jitter recovered by Amigo is a much larger at ∼ 21mas. This

blur can arise from vibrational modes at frequencies much greater than a single integration in

any of the optical components, such as the secondary mirror, or from electron diffusion in the

detector substrate. It is not known which of these two potential sources is the origin of this

blur. Instrumental jitter causes a substantial reduction in the sharpness of the PSF; this is

visualised in Figure 4.4.

The next step requires resampling the predicted PSF from the optical coordinates to the

detector pixels. The NIRISS detectors exhibit a documented anisotropy, as well as a small

∼ 0.5◦ rotation with respect to the optical axis. Both of these operations are simultaneously

applied via a cubic interpolation of the oversampled PSF, while preserving the 3× oversample.

Note thatAmigo does not use existing distortion solutions for NIRISS, since the PSF distortion

effects in Amigo are modelled via the pupil rather than focal plane. The final output is the

oversampled illuminance pattern incident to the detector pixel.

4.5.2 Non-Linear Ramp Model

The greatest challenge in the entire Amigo pipeline is accurately capturing the dynamics of

the BFE, handled by the non-linear ramp component of the EDM. The dynamics of the BFE

should be expressible as a differential equation that can be evaluated and solved directly (as

in MIRI, at longer wavelengths: Argyriou et al. 2023), but this is at present not tractable for

the BFE in HgCdTe detectors. The approach used in that work, while accurate and crucial

to understanding the true physics behind the BFE, falls short of the key requirements in this

project: that it be differentiable and computationally efficient. Instead, we build a hybrid

model, using an NN to capture the BFE dynamics without explicitly solving the complex

differential equation.

The non-linear ramp model transforms the static 2D oversampled illuminance pattern into

a 3D time-evolved charge accumulation ramp. Its construction is informed by the work on

modelling the MIRI BFE (Argyriou et al. 2023), aiming to predict an evolving pixel area

describing how charge transports from the excited photo-electrons in the photosensitive region

down into the individual depletion layers of each pixel.

The time evolution of the charge accumulation is addressed by using a recurrent architecture,

adding charge to each pixel in a fixed number of small time-steps. The measured charge at

each group-read is found by interpolating the fixed number of time steps to the correct time

https://jwst-docs.stsci.edu/jwst-near-infrared-imager-and-slitless-spectrograph/niriss-instrumentation/niriss-detector-overview
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stamp of each group read.

The evolving pixel areas are modelled with a dynamic filter (Brabandere et al. 2016), with

each individual pixel in the 80×80 sub-array used for AMI observations using its own predicted

unique convolutional kernel at each time step. Further complexities arise from the unique

sensitivity of each pixel in this process (the flat-field). These variations result in either more

or less charge accumulating in any one pixel, which then influences the resulting collecting

area of both it and its neighbouring pixels. This mandates that both the inter- and intra-pixel

sensitivity be modelled separately.

4.5.2.1 Neural Network Implementation & Architecture

The non-linear ramp employs a recurrent architecture to mirror the time evolution of the BFE.

Provided with the oversampled illuminance I and a charge distribution qt, it seeks to predict

the charge distribution at the time step qt+1.

Using a Convolutional Neural Network (CNN) applied to the current charge distribution qt, a

set of polynomial distortion coefficients are predicted for each individual pixel. These distortion

coefficients describe how each individual oversampled illuminance pixel is distorted as it travels

through the electric fields of the detector substrate. Starting with a 3×3 rectilinear coordinate

grid over each output pixel the distortions coefficients are applied, producing a local spatial

transformation. These distorted coordinates are then used to calculate the overlap fraction

from the new position with the neighbouring detector pixels. These overlap fractions then

form the individual weights of the dynamic per-pixel kernels used to transport charge from the

illuminance down to the detector pixels.

This construction is very important to ensuring physically constrained predictions by the

CNN, since the overlap fractions from the illuminance pixels can only sum to one — directly

enforcing flux conservation from the input illuminance. By wrapping the NN outputs in a

kernel model that enforces these physical constraints the NN has greatly favourable properties

to the system as a whole, easing the calibration process of both it and the wider forward model.

Inter- and intra-pixel sensitivity variations are also simple to include in this architecture.

Since the model predicts where excited photo-electrons will be measured by the sensor, the

quantum efficiency of this location can be baked directly into the kernels through a multipli-

cation. A unique sensitivity value is used for each pixel in the detector, i.e. the flat-field.

Intra-pixel sensitivity variations are parameterised by a simple quadratic function, using the

same value for all pixels. Figure 4.9 shows the recovered intra- and inter-pixel sensitivity varia-

tions. These flat-field values are only calibrated using the publicly available in-flight flat-fielding

data. This is a necessity in this process, as even though the AMI PSF covers many more pixels

than clear aperture PSFs, many pixels in the AMI calibration data have little to no incident

flux.

Using the dynamic per-pixel kernels that include pixel sensitivity variations, a dynamic con-

volution with the illuminance array I is performed to transport the charge from the detector

surface down to the individual pixels. This output charge distribution can then be directly

added to the present charge distribution qt in order to predict the next charge state qt+1 and

the processes repeated in order to predict the time evolving charge distribution in each pixel.
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This recurrent processes is visualised in Figure 4.8, showing how the dynamical kernels are

generated and applied. Figure 4.9 shows the various steps in the process. It presents the

resulting pixel distortions and dynamic kernels as produced from an example input charge

realisation. It also shows the final effect on the final measured PSF and how the charge bleeds

between neighbours around the brightest pixels in the detector.

The embedded CNN in the non-linear ramp model is small with a simple architecture. Given

that the charge bleeding between pixels is dominated by the electric field between each pixel,

the input charge array is first convolved with 16 different spatial gradient kernels which are

then fed to the CNN. These kernels are kept static and not trained. The CNN employs a total

of 3 convolutional layers of width 16, followed by a final layer of width 12, and relu activations.

All layers use a 3×3 kernel size and do not use bias terms, giving a total of 8150 parameters —

very small in the context of modern deep-learning. This structure is shown in Figure 4.8. The

choice to avoid biases ensures that the NN returns zero migration for an input array with zero

charge, matching the inductive bias of our problem since zero charge results in zero electric

field gradients and no charge bleeding. This further aids training as the CNN does not need to

learn that no charge results in no bleeding. The 12 output channels of the final layer are the

2D polynomial distortion coefficients which are used to generate the normalised convolution

kernels used to transport charge into each pixel. This hybrid model approach demonstrates the

power that is gained by offloading the known physics to an encompassing forwards model that

is able to provide both high-quality inputs and later transformations to outputs, while leaving

the complex or unknown physics to a learned component.

4.5.3 Electronics & Read model

The non-linear ramp model is able to produce highly-accurate charge evolution prediction in

each pixel, but there remains one last set of transformations that are applied, arising from the

electronic devices that measure the voltage in each pixel. This model handles four primary

effects:

1. Dark current

2. Inter-Pixel Capacitance (IPC)

3. Non-linear gain

4. Amplifier noise

4.5.3.1 Dark Current

Dark current effects are quite simple to implement. Individual contacts for each pixel heat

up as they measure voltage and consequently can emit photons from the back of the detector.

In practice the probability of this event varies from pixel to pixel, however Amigo uses a

constant value for all pixels both for simplicity and to avoid the including dark-current data in

the calibration processes. This is desirable as dark-current calibration requires large files with
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Figure 4.9: Demonstration of the EDM BFE model and recovered detector parameters.
Starting with the normalised input charge distribution (top left), the CNN predicts a series
of distortion coefficients that are applied to a 3× oversampled set of coordinates for each
pixel. The distorted output pixel positions are visualised in the top middle panel. These
output positions have their overlap fractions with each neighbouring pixel calculated in order
to produce a set of flux conservative convolutional kernel for each pixel, shown in the top right
panel. This dynamic convolution is applied to the predicted input illuminance pattern for a
fixed number of time steps. The middle left panel shows the charge migration between a set
of pixels around the brightest region of the PSF as charge is accumulated up the ramp. The
middle right panel shows the cumulative charge migration between pixels for each individual
pixel. The bottom row shows the various recovered pixel-level effects. The bottom left panel
shows the recovered intra-pixel sensitivity variations, applied through a simple quadratic
function. The Amigo model only uses a 3× oversample, but is visualised here with 9×
oversample. The bottom middle panel shows the inter-pixel sensitivity variations, ie the flat-
field. The resulting distribution of sensitivities shows similar properties to the existing JWST
pipeline calibrations. The bottom right panel shows the recovered quadratic non-linear gain
term applied through the electronics model. Every pixel shows the expected negative gain as
a function of pixel depth, in line with existing calibrations.



4.6. BASE MODEL TRAINING AND CALIBRATION 101

many group reads in order to get sufficient signal on the singular photons emitted. Amigo

applies this dark current additively to each group read and a final recovered value of ∼ 0.45 e−

is found.

4.5.3.2 Inter-Pixel Capacitance

IPC is a generally well understood process in detectors — capacitive coupling between pixels

results in the charge of a pixel influencing the measured value of its neighbours. IPC is conven-

tionally modelled as a convolution; Amigo employs this by convolving each group read with a

static kernel. This is the only step where Amigo uses ground-based calibration data products

as the IPC is expected to be highly covariant with the charge migration effects of the BFE and

therefore difficult to isolate. Using the ground-based calibration eases the training of the NN

embedded in the EDM. The 5 × 5 IPC kernel, primarily composed of coupling to the directly

adjacent neighbours, used is taken from the calibration-reference data system (CRDS).

4.5.3.3 Non-Linear Gain

NIRISS’ H2RG detectors also exhibit a non-linear gain. This is modelled with a unique per-pixel

quadratic polynomial response to the input charge. Typically, a much higher order polynomial

is used (4th or 5th order), however higher order effects are small until pixel charges exceeds

half their full well depth, a regime not recommended for AMI observations and that we have

no calibration data for. As each pixel has a set of unique coefficients, it is only calibrated from

the in-flight flat-fielding data, the same processes used for the intra-pixel sensitivity variations

described in Section 4.5.2. This helps to avoid any biases introduced by uncalibrated optical or

charge-migration systematics. The recovered per-pixel quadratic term is presented in Figure 4.9.

4.5.3.4 1/f Noise

1/f noise, or red noise, is the thermal drift of the amplifiers as they read along the pixel

columns (Rauscher et al. 2017). As the amplifier temperature drifts over time, the measured

voltage drifts in kind, producing a visible vertical striping in recovered images. The magnitude

of 1/f noise is larger for observations with fewer integrations and groups as the effect averages

out to zero with an increasing number of reads. Amigo has the ability to model 1/f noise

with a low order polynomial added to each column for each group, however in practice this is

unnecessary and usually skipped.

4.6 Base Model Training and Calibration

The Amigo model is calibrated using gradient-based optimisation, in which all model param-

eters (including both physical parameters and the embedded NN weights) are jointly fit. The

validation datasets are simultaneously fitted (but not used for model calibration) to ensure

model generalisation; these datasets are detailed in Section 4.3.1. The model is implemented

https://jwst-crds.stsci.edu/
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Figure 4.10: Recovered OPD maps from the calibration data for each filter. The top row
shows the full OPD maps recovered for the F380M, F430M, and F480M filters, revealing
large-scale piston, tip, and tilt terms across the segmented aperture. These low-order aber-
rations are expected given the off-axis subarray placement used in AMI mode. The bottom
row displays the same OPD maps with piston, tip, and tilt removed from each sub-aperture,
enhancing the visibility of higher-order surface errors across individual segments. Residual
aberrations at the ∼50–100 nm level are evident, and are consistent across wavelengths, sug-
gesting a static contribution from optical surface figure errors or segment alignment offsets.
Small differences are observed across filters, consistent with the observed Fresnel defocus dis-
cussed in Section 4.4.1.

in a fully differentiable framework, enabling end-to-end training of all components. This ap-

proach allows the full model — including optical system and EDM — to act as a single coherent

system, representative of the true chain of physics leading to any observation.

Native gradient descent methods can be troublesome for data that has not been normalised,

particularly when different datasets have different levels of total signal. Rather than normalising

the data, Amigo circumvents this issue by using a natural gradient descent approach (Martens

2020) which involves approximating the Fisher matrix of the parameters under the Laplace

approximation (Kass et al. 1991; MacKay 2002). This enables the model gradients to be

normalised, as opposed to the data. Fisher matrices are a natural tool for Amigo as they can

be efficiently calculated with autodiff for each dataset, added in order to reflect hierarchically

constrained parameters, and approximated through Jacobians. The use of natural gradient

descent speeds up convergence and transforms most parameter learning rates to order ∼ unity,

all while preserving the Bayesian weighting between disparate datasets.

Each trained non-NN parameter uses a momentum-based optimiser and is assigned a unique

learning rate. Complex visibilities are not fit during training. This is a deliberate choice:

visibilities are highly covariant with optical parameters and “soak up” residual systematics.
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All model calibration is done without ever transforming to the uv-plane.

The NN component is optimised with the Adam optimiser (Kingma and Ba 2014). Training

is performed in batches to enable stochastic updates and efficient GPU usage. The calibration

data was split into five batches, and their order randomised each epoch. Validation data is not

batched because it does not influence the calibration of the model and stochastic behaviour has

no effect. The NN is strongly covariant with physical model components, particularly during

early stages of training where it may compensate for optical/detector effects. To mitigate this,

the model is retrained multiple times from different initial weights while preserving the best-fit

instrumental parameters. This staged optimisation process improves convergence and helps to

separate the roles the NN and physical parameters play in capturing systematics.

Detector-specific parameters that are unique per-pixel are fit in parallel with, but indepen-

dently from, the rest of the model. These components are trained exclusively on flat-field

calibration data. This avoids over-fitting arising from any miscalibration elsewhere in the

model, as well as ensuring that each pixel has approximately the same total signal. The result-

ing flat-field maps as shown in Figure 4.9 exhibit smooth variations consistent with standard

JWST pipeline calibrations, while the per-pixel non-linear gain terms match expected trends

with signal depth.

All model training was performed on a NVIDIA RTX 4080 GPU, with convergence reached

after ∼ 20, 000 steps across multiple re-trainings. Figure 4.10 presents the recovered wavefront

state after the training process from the calibration data. There are only small differences

between filters, which is expected given the different defocus values found in each filter (see

Section 4.4.1.4). The resulting model shows a statistically good fit to the calibration data.

Figure 4.11 shows a summary of the fits to the F430M filter for all five subpixel dither positions.

Little to no PSF structure is present in the residuals. The residuals are close to being distributed

as a unit-normal, indicating neither an under- nor over-fit.
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Figure 4.11: Summary of Amigo model fit diagnostics across all five dithers for the F430M
calibration data. Each column corresponds to a single dither position. The top row shows
the per-pixel log-likelihoods from the final fit, highlighting the location of the target PSF.
The middle row displays the average residual z-score per pixel, computed by averaging the
uncertainty-normalised residuals across all groups in the ramp, revealing the spatial structure
of any systematic model misfit. The bottom row shows histograms of all z-scores across
pixels and groups for each dither, without any averaging over the groups. A perfect fit would
have a standard deviation in the z-score be 1; we recover values between 1.1-1.2 in all three
filters, indicating a good fit that has not learnt any noise characteristics. We note that the
full likelihood is described with a covariance matrix that accounts for the anti-correlation
between adjacent group-reads seen in slope data. Consequently, these summary statistics are
only an helpful approximation and correct performance can only be described through the
likelihood.

4.7 Inference from Science Data

The Amigo framework is built around a fully differentiable forward model, which enables

efficient gradient-based inference on both astrophysical and instrumental parameters as a digital

twin of AMI. First we build this twin from high-quality calibration data; then, this same base

model can be used in Bayesian inference by holding most parameters fixed and only fitting

parameters of astrophysical interest like wavefronts, spectra, and source intensity distributions

by gradient descent or HMC. A serialised version of this trained base model is included in the

Amigo repository and does not need to be retrained by users.

In order to make this efficient for the end user as a black box, Amigo caches large Jacobians

and estimates per-dataset Fisher matrices which are used to normalise gradients, implement-

ing natural gradient descent that improves convergence speed and robustness across diverse

observations. For situations where further stability or precision is required, Amigo also pro-

vides access to second-order optimisation routines and the ability to control learning rates over
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each recovered parameter. Users can choose to infer parameters either jointly or independently

across multiple exposures — for instance, sharing optical aberrations across a sequence of ob-

servations while allowing astrophysical parameters to vary — and disentangling instrumental

and scientific effects over multiple epochs.

By default, Amigo only recovers a focused set of parameters: source positions, brightnesses,

spectra, optical aberrations, and complex interferometric visibilities. Calibration parameters,

such as pixel sensitivities, detector non-linearities, or the weights of the neural network within

the EDM, fixed when fitting science data. However, thanks to its modular and generative

structure, Amigo allows users to selectively activate inference on any of these parameters

when needed.

For example, as discussed in Section 4.5.3, Amigo can model 1/f detector noise, but by

default does not. Another example involves the documented physical alignment of the NIRISS

aperture mask. Small differences in the mask rotation between calibration and science obser-

vations, especially when taken across different epochs, can introduce characteristic residuals.

These are directly visible in the pixel-level residuals of the model fit. When present, Amigo

can infer a unique mask rotation angle per exposure, allowing this systematic effect to be

characterised and marginalised as part of the forward model.

In general, as a forwards model that infers parameter via Bayesian statistics, Amigo is

capable of placing priors over any set of parameters during its inference workflow. This can be

achieved via a simple modifications of the likelihood functions used for optimisation through

the inclusion of a prior over any model parameters. This also applies to model-fitting to the

extracted visibilities — Amigo is an end-to-end forwards model, enabling Bayesian methods

to be applied widely to any component of the system or its outputs.

4.7.1 Observable Extraction Workflow
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Figure 4.12: Schematic diagram of the basic workflow of extracting the DISCOs from data.

TheAmigo pipeline is designed to extract the DISCO observables discussed in Section 4.4.2.3,

https://jwst-docs.stsci.edu/jwst-near-infrared-imager-and-slitless-spectrograph/niriss-instrumentation/niriss-pupil-and-filter-wheels#gsc.tab=0
https://jwst-docs.stsci.edu/jwst-near-infrared-imager-and-slitless-spectrograph/niriss-instrumentation/niriss-pupil-and-filter-wheels#gsc.tab=0
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starting from uncalibrated JWST data. Here we detail the basic workflow used for this process,

comprised of three steps:

1. Data processing

2. Model fitting

3. Visibility reduction

Each of these steps are detailed in the following sections, with Figure 4.12 detailing the overall

workflow from data to DISCOs. As a forward-modelling pipeline, Amigo operates differently

to most existing tools. While default operation with little user input should suffice for the

majority of use cases, the model provides great flexibility over how observables are extracted

and is able to directly solve for multiple non-standard effects when they influence the data.

Despite modelling the full system, Amigo still requires a PSF reference star in order to pro-

vide high-quality calibrated observables. As such, standard interferometric observing programs

are recommended following the recommendation in JDox. Note that a further set of recommen-

dations are provided in Section 4.9 designed to mitigate any potential model micalibrations.

4.7.1.1 Data processing

The initial data processing step is to reduce the 4D uncal JWST data to the calslope data

produced used by Amigo as described in Section 4.3.2. This is an automated procedure, and

unlike the standard JWST data processing pipelines does not require any external calibration

files. Users are able to chose the Nσ threshold used for outlier rejection, but defaults to 3σ.

Default operation will also apply the ADC correction as described in Section 4.3.2, which

should always be performed. Both the PSF reference and target stars should use the same data

processing configuration. A notebook detailing this process is provided.

4.7.2 Model Fitting

The model fitting step is the most important to the recovery of high-quality observables. As a

forwards model of the instrument, the Amigo pipeline can fit a number of different source (i.e.

astrophysical) models to any provided calslope data, such as a point source or visibility model.

Standard operation for interferometric observable recovery should use the SplineVisFit class

on both the PSF reference and target stars, which take the calslope file as it input and

produces an Exposure object. The Exposure class operates on the Amigo model in order to

produce a predicted observation, and we maximise the log-likelihood of this model with respect

to data. Flags in this class control which parameters in the base model are fixed and which are

recovered from the data, for example the recovery of the 1/f stripe signal.

As discussed in the previous section, under default settings we recover source position, flux,

spectral slope, visibilities, and wavefront phase. The Amigo pipeline will not recover the wave-

front phases from non-PSF reference stars, as the wavefront phase and interferometric signal

are strongly covariant. The wavefront phase is recovered only from the PSF reference stars,

https://jwst-docs.stsci.edu/jwst-near-infrared-imager-and-slitless-spectrograph/niriss-observing-strategies/niriss-ami-recommended-strategies
https://github.com/LouisDesdoigts/amigo_notebooks/blob/main/data_processing.ipynb
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and fixed in inferring visibilities from the science target and in generating the kernel observable

operator. Users have full control over what is recovered from data, and for example can infer

more complex spectral models; or different wavefront states can be used for observations taken

in different epochs.

With these model fit objects, users now need to construct the Amigo base model used by the

fit to predict observations by loading a pre-calculated calibration file (produced as described in

Section 4.6), which is released for each version of Amigo.

With the calibrated base model and the model fit objects the observables can be recovered

from the data. This is done via natural gradient descent, minimising the log-likelihood, using

the Fisher matrix (which can be constructed approximately from pre-calculated Jacobians) to

normalise each parameter of the model so that we require only one gradient descent hyper-

parameter. Model fits to both the target and PSF reference stars must be done at the same

time to ensure accurate wavefront phases are used on the target stars. These can be done in

batches to reduce both computational and memory overheads. The model should be optimised

for ∼ 200 epochs for good convergence, however this can vary depending on the specifics of the

input data. There is no fixed termination criterion, and convergence must be determined by

the user. In some cases tweaks to the parameter learning rates is required. While it is currently

experimental, Amigo also provides an interface to the BFGS optimiser (Broyden 1970; Fletcher

1970; Goldfarb 1970; Shanno 1970) as implemented in Optimistix (Rader et al. 2024) which

provides improved convergence guarantees.

With the fitted model, the parameter uncertainty covariance matrices are estimated via the

Hessian of the log-likelihood evaluated at the best-fit parameters. For computational efficiency

this is only done over the recovered visibility parameters. These parameters and their uncer-

tainties are then saved to an intermediate data product which is next used for interferometric

observable reduction and calibration. A notebook detailing this process is provided.

4.7.3 Visibility reduction

The next step projects the recovered observables to the kernel space and calibrates them.

The recovered wavefront state is loaded into the Amigo model and we calculate the Jacobian

of the visibilities with respect to not just pupil Zernike phase modes but also flux, spectral

slope, and Fresnel defocus. A singular value decomposition is performed on the Jacobian

and used to construct a kernel basis and used to project the complex visibilities to kernel

observables. This projection is done on both the PSF reference and target stars, where the

target star visibilities are calibrated by a subtraction of the reference star visibilities. This

operation is subtraction, not a division, as Amigo recovers the log complex visibilities (see

Section 4.4.2.1). The same projection is performed on the parameter covariance matrices to

propagate uncertainties correctly.

The final step in this procedure is the projection to the statistically-independent DISCO

space, as detailed in Section 4.4.2.3. This is found via an eigendecomposition of the calibrated

kernel visibility uncertainty covariance matrix, where the eigenvectors are used to project both

the visibilities and covariance matrices into a statistically-independent space (Ireland 2013),

https://github.com/LouisDesdoigts/amigo_notebooks/blob/main/data_fitting.ipynb
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yielding the DISCO observables. Finally, a calvis data product is produced that reduces all of

the remaining relevant information needed for downstream interferometric analysis. It provides

the uv coordinates of the observation, mean wavelength, a single DISCO matrix that maps

from the pixelised uv coordinates back to the DISCO space, as well as all the intermediate

data products. A notebook detailing this process is provided. This is considered the end of the

basic Amigo pipeline, however Amigo also provides a number of classes and interfaces useful

for fitting interferometric models to the DISCOs, although they are experimental and not yet

fully supported for users.

4.8 Results

Table 4.3: Summary of COM1093 program observations used to test the Amigo model.
The number of photons is an estimation from the raw data, and details the number of usable
photons after accounting for the 1/groups fractional loss from discarding the first group of
an integrations. The percentage loss of photons is also shown.

Observation Type Star Filter Groups Integrations Photons Loss (%)

12 SCI AB Dor F480M 5 69 92× 106 20.0%
12 SCI AB Dor F430M 4 82 94× 106 25.0%
12 SCI AB Dor F380M 2 160 97× 106 50.0%
15 CAL HD 36805 F480M 12 61 85× 106 8.3%
15 CAL HD 36805 F430M 9 78 104× 106 11.1%
15 CAL HD 36805 F380M 4 118 100× 106 25.0%

This section offers a quantitative assessment of the Amigo model’s performance on both

medium and high contrast interferometric imaging data from JWST NIRISS AMI mode. Rather

than a reduction to calibrated visibilities and closure phases, Amigo infers DISCOs (described

in Section 4.4.2). These latent observables are robust to both low- and moderate-order wave-

front miscalibration and capture the complex visibilities over the full OTF and sources across

the FOV. As such, direct comparisons using conventional metrics like closure phase scatter

are not applicable. Instead, performance is evaluated empirically via the recovery of known

companions in representative and publicly available archival data. Two observing programs are

used for this comparison: COM1093 (PI: Thatte), a preliminary exploration of performance

on the AB Dor system during the commissioning phase, and GO1843 (PI: Kammerer), a deep

observation pushing the limits of the instrument seeking to characterise the red substellar com-

panions around HD 206893.

The theoretical performance of an AMI system is commonly benchmarked using the expected

contrast floor for detecting a point source near a host star. This is determined by the closure

phase uncertainty σCP (Ireland 2013)

σCP =
Nh

Np

√
1.5Np (4.10)

where Np is the number of photons collected and Nh is the number of holes in the NRM. In

https://github.com/LouisDesdoigts/amigo_notebooks/blob/main/vis_reduction.ipynb
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the high-contrast regime σCP is used as an approximation to the 1-σ per-observable detection

limit in contrast of a companion (Sivaramakrishnan et al. 2023). For a 7-hole mask like AMI

this provides an approximate contrast limit cited in JDox as a recommendation for exposure

time calculations

contrast limit ≈
√

100/Np. (4.11)

This value does not directly translate to a principled ‘Nσ detection’ limit as it is not cognisant

of mask or signal geometry, nor analysis methodology; it also does not appear in this form in

the Ireland (2013) paper. Nevertheless as shown below, this rule of thumb for the contrast limit

proves to be accurate.

4.8.1 Interferometric Model Fitting

Model fits to the calibrated observables are performed with the software DrPangloss, an

under-development Jax accelerated interferometric analysis package (Blakely et al. 2024).

While the final output product of the official Amigo pipeline are the DISCOs, Amigo also

provides basic interfaces for integration with DrPangloss given its natural synergy as Jax +

Zodiax based software and to facilitate seamless analysis of its novel output products.

To fit interferometric models to the data, first the calibrated DISCOs are loaded into the

AmigoOIData class which holds the recovered observables, the uncertainties, the uv coordinates,

and the DISCO matrix that maps between the uv plane and the DISCO space. There are two

main procedures used to fit high-contrast models to the DISCOs, which are used in both of the

observing programs analysed in this manuscript. To identify the existence of any companions,

a grid-search is performed over a 1 arcsecond radius of the primary star. This grid search is

done by solving for the best-fitting contrast at each position in the grid by minimising the

log-likelihood of the predicted binary via a BFGS algorithm. This fit is performed via a vec-

torised operation in Jax, providing orders of magnitude speed up over comparable software like

CANDID (Gallenne et al. 2015), taking ∼ 20 seconds in each filter on an NVIDIA RTX 4080

Graphics Processing Unit (GPU). This produces a log-likelihood detection map that can be

used to identify companions through the maximum likelihood estimate. Both the best fit com-

panion position and contrast at the maximum likelihood estimate can then be used to infer

its properties via an Markov Chain Monte Carlo (MCMC) sampler: we use HMC as imple-

mented in the probabilistic programming language NumPyro. HMC achieves much better

performance on high-dimensional problems than other MCMC samplers by taking advantage

of derivative information.

For companion astrometry, we adopt a uniform prior over position in RA and Dec with width

150mas, and a uniform prior over log-contrast with width 2 orders of magnitude, in both cases

where the means of the priors are determined by the best-fit values found from the grid search.

The HMC chain also fits a multiplicative error term σscale to both the DISCO amplitude and

phase uncertainties. This has the effect of pushing the χ2
ν to ∼ 1 during the MCMC sampling.

This operates under the assumption that the model being fit (a point source in this case) is

accurate, allows for the sampler to operate more efficiently, and provides an understanding over

https://jwst-docs.stsci.edu/jwst-near-infrared-imager-and-slitless-spectrograph/niriss-example-science-programs/niriss-ami-observations-of-extrasolar-planets-around-a-host-star/step-by-step-etc-guide-for-niriss-ami-observations-of-extrasolar-planets-around-a-host-star#gsc.tab=0
https://github.com/benjaminpope/drpangloss
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the quality of the resulting fit, the uncertainties of the recovered parameters, and the quality

of the estimated errors on the data. As our uncertainties are derived from propagating photon

noise uncertainty through the pipeline, σscale is approximately the ratio of our data scatter

to the ideal photon noise limit. This process is performed both jointly across all filters, and

uniquely per filer.

In the case of multiple companions, as with the GO1843 program, the best-fit primary

companion found via MCMC can be subtracted from the data. Then the grid-search can be

repeated in order to find the position and contrast of any other companions. Next the MCMC

fit is performed simultaneously using a joint model of both companions in order to recover

precise parameters for both companions.

4.8.2 COM 1093: Commissioning Data — AB Doradus AC

The AB Dor system was the first observed by AMI as part of the COM1093 program during

JWSTs commissioning phase. This program aimed to demonstrate the detection of point source

companions at moderate contrasts and test target placement precision through primary and

sub-pixel dithering operations. Preliminary analysis of this data produced results inconsistent

with pre-flight estimates (Sivaramakrishnan et al. 2023). The recovered contrast limits fell

short of expectations by ∼ 0.5-1 magnitudes, making this program ideal to benchmark Amigo.

To test Amigo’s performance on point-source companion recovery, we use a subset of the

data in line with AMIs recommended observing strategy of single exposures with no dithers.

Table 4.3 details the subset of exposures used for analysis.

Default operation of Amigo takes likelihood statistics over slopes rather than ramps. This

aids problems that arise from predicting the pixel-to-pixel bias level that can result in model

over-fitting as discussed in Section 4.3.2. While this is not a fundamental problem and future

releases of Amigo plan to directly address this, presently Amigo discards the first group read

from an exposure resulting in a loss of data. Exposures with few groups are more affected as

the first group forms a larger fraction of the overall data. As such, Amigo as currently working

operates on less overall signal than conventional pipelines. Improving use of low group count

data in an important step in Amigo development. Table 4.3 also presents the approximate

photon counts in the COM1093 dataset used for analysis, along with the fraction that Amigo

uses. Examination reveals that each filter has a total of ≲ 108 photons each, which yields an

estimated contrast floor of ≲ 7.5 magnitudes from Equation 4.11.

4.8.2.1 COM 1093: Analysis

The raw uncal exposures were downloaded fromMikulski Archive for Space Telescopes (MAST)

and processed into the calslope format using the default operation of the Amigo data process-

ing pipeline, described in Section 4.3.2. The calibrated Amigo model, described in Section 4.3,

was then fit to the processed data to recover the latent visibilities described in Section 4.4.2.1.

The recovered wavefront phases were used to calculate the DISCO basis used for the output

observables of the Amigo model.
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Figure 4.13: Summary of the fits to the AB Dor C companion. The top panels shows
the log-likelihood detection maps over companion position for each filter (F380M, F430M,
F480M) from a grid search over the recovered DISCOs. Each panel shows the marginalised
log-likelihood surface as a function of companion offset in ∆RA and ∆DEC, revealing a
strong and consistent peak in all filters. The greyed central region denotes the IWA masked
by the interferometric null. The recovered peak likelihood location is consistent across filters,
indicating the reliability of the model prediction. The bottom panels show the predictive
posterior check comparing Amigo recovered DISCO amplitudes (left) and phases (right)
against the predicted values from the MCMC samples, for the three filters: F380M, F430M,
and F480M. Each panel shows individual measurements with 1σ error bars, with the top
panels plotting model predictions against data and the lower panels showing residuals. The
black dashed line represents the 1:1 line for a perfect model prediction. Scale factors σscale
are applied to the observational uncertainties with the effect of ensuring χ2

ν ≈ 1 during
MCMC fitting and are quoted in the legend for each filter. The agreement across all filters
and observables confirms both the validity of the forward model and appropriate uncertainty
quantification in the recovered posterior.

Figure 4.13 shows the recovered log-likelihood detection maps in each filter, calculated with

a binary fit to contrast at each RA, Dec with the models provided by DrPangloss. These

show a confident and independent detection of the known companion in all three filters.

To recover posterior samples of the detected companion we run an HMC sampler using

numpyro (Phan et al. 2019b; Bingham et al. 2019) and DrPangloss. While the companion

is detected independently in all filters, we perform a broadband joint-fit to the astrometry of the

companion to ensure the best constraints on both the astrometry and photometry. To assess
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Table 4.4: Best-fit relative joint astrometry and per-filter photometry for the AB Dor C
companion, showing the +/- 1σ bounds. Reported quantities include the on-sky separation
(Sep), position angle (PA), and ∆-magnitude in each of the F380M, F430M, and F480M
filters. Results from two different fit types are compared: A joint fit in all three filters and a
fit to each filter uniquely.

Fit Type Sep (mas) PA (°) ∆mag (F380M) ∆mag (F430M) ∆mag (F480M)

Joint 328.85+0.48
−0.85 169.482+0.020

−0.022 4.313+0.013
−0.023 4.354+0.016

−0.012 4.381+0.017
−0.016

F380M 329.9+1.3
−1.2 169.521+0.045

−0.033 4.301+0.021
−0.016 — —

F430M 328.58+0.98
−1.18 169.468+0.033

−0.036 — 4.357+0.014
−0.015 —

F480M 327.5+1.3
−1.1 169.447+0.041

−0.036 — — 4.377+0.018
−0.015

Table 4.5: Summary of GO1843 program observations used to test the Amigo model. The
number of photons is an estimation from the raw data, and details the number of usable
photons after accounting for the 1/groups fractional loss from discarding the first group of
an integrations. The percentage loss of photons is also shown.

Obs Type Star Filter Groups Integrations Photons Loss (%)

1 SCI HD 206893 F480M 11 720 1.05× 109 9.09%
1 SCI HD 206893 F430M 8 2177 2.47× 109 12.5%
1 SCI HD 206893 F380M 4 7046 5.31× 109 25.0%
2 CAL HD 205827 F480M 10 641 0.86× 109 10.0%
2 CAL HD 205827 F430M 7 1885 2.15× 109 14.3%
2 CAL HD 205827 F380M 3 7800 4.74× 109 33.3%

the quality of the fit and the recovered parameters we perform a predictive posterior check

— visualising the correlation and residual between the recovered and predicted DISCOs found

with the MCMC samples and shown in Figure 4.13. Multiplicative error inflation factor σscale is

fit to account for and quantify uncertainty in the Amigo estimated errors. These terms remain

close to one, indicating both a good fit and approximately accurate uncertainty quantification.

The full posterior samples are shown in Figure 4.14, and the resulting fit in Table 4.4.

To quantify the overall detection limits of both the model and the data the best-fit companion

is subtracted from the recovered DISCOs, while applying the error jitter term σscale. Using these

cleaned DISCO values we calculate the azimuthal Bayesian upper limits following the methods

introduced by Ruffio et al. (2018), shown in Figure 4.15. This demonstrates that the Amigo

model performs at the expected contrast limits of the instrument, indicating it is well calibrated

and free of the detector systematics that cause issues for AMI analysis pipelines, up to the total

signal level provided by this data.

4.8.3 GO 1843: HD 206893 at High Contrast

To demonstrate the performance of Amigo on a deep AMI dataset, we analyse archival images

of the HD 206893 exoplanetary system at three wavelengths (F380M, F430M, F480M). These

images are part of GO1843 program with the ultimate goal of detecting the brown dwarf
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Figure 4.14: Joint posterior distributions from an MCMC fit to the AB Dor C companion.
Two fit types are shown: Joint — simultaneously modelling astrometry and photometry across
all three filters — and per-filter fits. The parameters shown include the separation (mas),
position angle (degrees), and contrasts (∆mag) in the F380M, F430M, and F480M bands.
The joint-fit samples are shown in black. One- and two-σ credible regions are shown in dark
and light shades, respectively. Strong correlation is observed between separation and position
angle due to the projection geometry, while photometric parameters are weakly correlated
and independently constrained in each filter. The tight constraints in both astrometry and
photometry reflect the high signal-to-noise of the companion detection.

HD 206893 B and planet HD 206893 c at angular separations of ∼ 200 and ∼ 100 mas,

respectively. The three NIRISS AMI filters chosen for this program probe the presence of CO

and CO2 at 3–5 µm wavelengths. Together with the data at shorter wavelength measured

from the ground, this constrains the carbon and oxygen chemistry in the atmospheres of the

two substellar companions and provides insights into their formation history. Additionally,

photometric constraints at the AMI wavelengths can constrain the origin of the extremely red

near-infrared colour of HD 206893 B, which is also the reddest known substellar companion.
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Figure 4.15: Sensitivity limits derived using the Ruffio et al. (2018) method for calculating
3σ contrast upper limits as a function of angular separation, applied to the F380M, F430M,
and F480M filters. The shaded regions denote the ±1σ variation across azimuthal annuli. The
dashed black line indicates the approximate contrast limit as calculated from Equation 4.11,
confirming that model performance is consistent with the expected limits. The grey dotted
line shows the size of a single pixel for reference. The recovered companion 3σ contour plots
are shown in their respective colours but are so well constrained they only appear as single dots
on the figure. These curves quantify the AMI contrast performance and establish detection
limits for additional companions in the field.

Table 4.6: Best-fit relative joint astrometry and per-filter photometry for the HD 206893 B
companion, showing the +/- 1σ bounds. Reported quantities include the on-sky separation
(Sep), position angle (PA), and ∆-magnitude in each of the F380M, F430M, and F480M
filters. Results from two different fit types are compared: A joint fit in all three filters and a
fit to each filter uniquely.

Fit Type Sep (mas) PA (°) ∆mag (F380M) ∆mag (F430M) ∆mag (F480M)

Joint 197.1+4.3
−4.1 102.3+1.2

−1.6 8.33+0.18
−0.16 7.98± 0.15 7.49+0.11

−0.12

F380M 199.3± 6.2 101.9+2.7
−2.6 8.33+0.21

−0.14 — —

F430M 192.1+9.4
−8.4 99.4+2.4

−3.5 — 7.96+0.16
−0.14 —

F480M 199.4+9.0
−8.4 104.0+2.0

−2.1 — — 7.47+0.142
−0.096

This system is ideal for testing performance because prior observations with VLTI/GRAVITY

provide highly-precise constraints on the companion orbits (Hinkley et al. 2023). This paper

presents the detection of the HD 206893 B/c companions with Amigo as a demonstration of its

performance close to the theoretical contrast detection limits based on photon noise. A future

publication will present the scientific analysis of the JWST photometry in the context of the

atmospheric carbon chemistry and the dust cloud properties (Kammerer et al., in prep.).

This dataset represents a far greater challenge to AMI, seeking the recovery of companions

close to the theoretical limit of recoverable contrasts and pushing beyond the diffraction limit

for the inner companion. A classical analysis of the HD 206893 images with Amical (Soulain

et al. 2020) provides a tentative detection of the brighter B companion in all three bands
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(without c), but at a position that is not compatible with the orbit of the object — known to

∼1mas from GRAVITY observations — by several tens of mas. This is likely due to uncorrected

charge migration and distortion effects. When fixing the position of the companion in the fit,

reasonable photometric constraints in all three bands can be obtained, but at much lower signal

to noise than what would be expected without detector systematics. The photometry is also

biased by these systematic effects. The fainter c companion remains undetected below the

systematic noise when using the existing analysis pipelines.

Table 4.7: Best-fit relative joint astrometry and per-filter photometry for the HD 206893 c
companion, showing the +/- 1σ bounds. Reported quantities include the on-sky separation
(Sep), position angle (PA), and ∆-magnitude in each of the F380M, F430M, and F480M
filters. Results from two different fit types are compared: A joint fit in all three filters and a
fit to each filter uniquely.

Fit Type Sep (mas) PA (°) ∆mag (F380M) ∆mag (F430M) ∆mag (F480M)

Joint 103+16
−14 −80.7+4.1

−5.1 9.14+0.43
−0.30 8.32+0.23

−0.29 8.07+0.34
−0.28

F380M 125+30
−20 −88.0+10.4

−8.9 9.17+0.48
−0.30 — —

F430M 102+24
−19 −79.6+7.4

−7.3 — 8.36+0.28
−0.34 —

F480M 91+26
−36 −83.8+9.6

−8.4 — — 8.03+0.51
−0.70

Analysis with Amigo yields significantly better results than classic approaches. We find

a confident detection of both companions in agreement with GRAVITY data, with well con-

strained photometry even when analysed per filter.

The targeted observational approach of the GO1843 program provides a standard template

for high-contrast companion recovery: one target and one calibrator in the three primary filters,

F380M, F430M, F480M, without any dithers. Here we use all of the exposures, summarised in

Table 4.5. The GO1843 data targets are dimmer than those in the COM1093 program (with

more photons at shorter wavelengths), providing more groups per integration and preserving

more photons. Table 4.5 also provides an overview of the approximate photon counts in each

exposure as well as the fraction that is lost through the present Amigo pipeline. Shorter

wavelengths lose more photons due to having fewer groups but most of the signal is preserved.

From these values and Equation 4.11 this gives an expected contrast limit of ∼ 9.66, 9.24, and

8.78 ∆ mags in the F380M, F430M and F480M filters respectively.

4.8.3.1 GO 1843: Analysis

The same process used in Section 4.8.2.1 was used for the GO program, taking uncal exposures

from MAST and processing into calslopes with the default Amigo data processing pipeline,

then fiting and recovering the instrument state, latent visibilities, and DISCOs.

As a high-contrast companion observation we use the same methods for analysis of the

DISCOs, expanded to account for the second companion. Figure 4.16 shows the log-likelihood

detection maps for the full data, along with the data after the best-fit B companion has been

subtracted off. Subtracting the B companion helps to reveal the dimmer c companion that

can be obscured by the signal of the B companion. This shows a strong detection of both
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companions with statistically consistent astrometry (as compared against VLTI/GRAVITY

constraints provided in Hinkley et al. (2023)), independently in all filters.

Full inference is performed with a joint MCMC fit to both the B and c companions with

astrometry constrained across all filters to ensure the most accurate recovery of photometry.

The quality of this fit is assessed in Figure 4.16 via a correlation plot between the measured and

predicted DISCOs. The recovered error scaling terms σscale are all close to unity, and reasonably

consistent with the values found in from the fit to the AB Dor companion, indicating consistent

performance in the high contrast regime and a good fit to the data. While both the B and c

companions are simultaneously fit in the HMC, we present the samples for their parameters

independently to prevent clutter. Examination of the full samples reveal insignificant correlation

between the parameters of the two companions. Figure 4.17 shows the parameter posteriors

for the B companion and Figure 4.18 shows the same for the c companion. A summary of the

recovered parameters is presented in Table 4.6 and Table 4.7.

Quantification of the detection limits in this dataset is found by subtracting out the best-fit

values from the MCMC while also applying the error scaling term to the data uncertainty.

The azimuthal upper-limits are calculated on the cleaned DISCOs via the Ruffio et al. (2018)

method and shown in Figure 4.19. This reveals that the performance of the Amigo model

remains in strong agreement with the expected contrast limits even down to ∼9.5 magnitudes,

inside the average diffraction limit of of all three filters, ∼120mas.
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Figure 4.16: Summary of the fits to the HD 206893 companions. The top two panels shows
the marginalised log-likelihood surface as a function of companion offset in ∆RA and ∆DEC,
revealing a strong and consistent peak in all filters. The top row shows the detection maps
for the full data, with the GRAVITY prediction for the B companion shown as a white circle.
The middle row shows the detection map after the best-fit B companions has been subtracted
from the data, revealing the inner c companion being consistently detected in all three filters,
with the GRAVITY prediction overlaid with a white circle. The peaks in each filter for both
companions can be seen matching the expected positions. The greyed central region denotes
the IWA masked by the interferometric null. The bottom panels show the predictive posterior
check comparing Amigo recovered DISCO amplitudes (left) and phases (right) against the
predicted values from the MCMC samples, for the three filters: F380M, F430M, and F480M.
Each panel shows individual measurements with 1σ error bars, with the top panels plotting
model predictions against data and the lower panels showing residuals. The black dashed line
represents the 1:1 line for a perfect model prediction. Scale factors σscale are applied to the
observational uncertainties in MCMC with the effect of ensuring χ2

ν ≈ 1 and are quoted in
the legend for each filter. The agreement across filters and observables confirms the validity
of the forward model and appropriate uncertainty quantification in the recovered posterior.
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Figure 4.17: Joint posterior distributions from an MCMC fit to the HD 206893 B companion.
Two fit types are shown: Joint — simultaneously modelling astrometry and photometry across
all three filters — and per-filter fits. While both companions are fit simultaneously, only the B
companions samples are shown here for clarity. The parameters shown include the separation
(mas), position angle (degrees), and contrasts (∆mag) in the F380M, F430M, and F480M
bands. The joint-fit samples are shown in black. One- and two-σ credible regions are shown in
dark and light shades, respectively. The tight constraints in both astrometry and photometry
reflect the high signal-to-noise of the companion detection. The expected position predicted
by GRAVITY orbit fits (with a precision of ∼ 1mas) are overlaid in a black dashed line,
showing strong agreement with AMI, both in each filter and in the joint-fit.
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Figure 4.18: Joint posterior distributions from an MCMC fit to the HD 206893 c companion.
Two fit types are shown: Joint — simultaneously modelling astrometry and photometry across
all three filters — and per-filter fits. While both companions are fit simultaneously, only the B
companions samples are shown here for clarity. The parameters shown include the separation
(mas), position angle (degrees), and contrasts (∆mag) in the F380M, F430M, and F480M
bands. The joint-fit samples are shown in black. One- and two-σ credible regions are shown
in dark and light shades, respectively. The degeneracy between separation and contrast inside
the diffraction limit is clearly shown in the F480M filter, demonstrating how photometry can
be improved with a multi-band fit. The fit to the F380M filter shows that it falls right on the
border of detection, with chains becoming poorly constrained above ∼10 mags. The expected
position predicted by GRAVITY orbit fits are overlaid in a black dashed line, showing decent
agreement with AMI. Deviations between the expected and recovered positions could arise
from either statistical noise or coupling to non-linear distortion arising from an imperfect
calibration of the BFE, however given the relatively large astrometric uncertainty, we expect
this to arise largely from low signal from the dim companion.
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Figure 4.19: Sensitivity limits for HD 206893 derived using the Ruffio et al. (2018) method
for calculating 3σ contrast upper limits as a function of angular separation, applied to the
F380M, F430M, and F480M filters. The shaded regions denote the ±1σ variation across
azimuthal annuli. The dashed black line indicates the approximate contrast limit as calculated
from Equation 4.11, confirming that model performance is consistent with the expected limits.
The grey dotted line shows the size of a single pixel for reference. The recovered companion
1 and 2σ contour plots are shown in their respective colours. Recovery of the dim inner
companion near the IWA and inside of the diffraction limit quantifies the AMI contrast limits
as well calibrated and close to the theoretical limits of performance for AMI.
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4.9 Discussion

The results presented in this work demonstrate that a robust analysis of JWST AMI data

through differentiable forward model provides a new way to calibrate and extract observables.

These methods provide insight into a new set of observing strategies better suited to these

approaches. Prior investigations by Sallum et al. (2024b) have led to a set of three recommen-

dations for future observations to mitigate the effect of charge migration:

1. Maximise the number of groups per integration.

2. Observing calibrator and science targets to a similar well depth.

3. Selecting calibrators with a similar brightness to science targets.

We agree with these recommendations. We also provide two further recommendations for

using Amigo, while mitigating its weaknesses:

1. Remaining comfortably below half pixel well depth (∼ 50k e−, ∼ 30k counts): this is al-

ready a recommended strategy for AMI observations given the worsening charge migration

above these values. Adding to this the Amigo model is only trained on exposures below

these values, making data with deeper pixel wells fall into a regime where model behaviour

is unexplored and unlikely to perform well. Future calibration data with deeper exposures

should provide a path towards precise observables with forward modelling methods, but

until calibrations are performed in this regime, observations should remain below these

levels.

2. A 5-point sub-pixel dither pattern: provided precise telescope pointing, conventional

interferometric calibration should remove the effect of pixel-level miscalibrations making

dithering an unnecessary complication to analysis. In practice non-linear and pixel to pixel

detector effects can couple strongly to measured PSF shapes through the BFE. While

Amigo provides a direct model of these effects, nonlinearity makes precise calibration

challenging without a more thorough treatment and better calibration data. A 5-point

sub-pixel dither increases computational costs but provides a direct way to decouple pixel-

level miscalibration from science observables and is expected to improve precision through

the Amigo model and pipeline.

These items provide a generally achievable set of guidelines to aide overall precision in output

observables. Faster read-out modes for AMI are also being developed that will make it easier

to select acceptable targets that fit within these guidelines.

The case study of HD 206893 highlights the strengths of Amigo and also provides insight

into potential limitations. The B companion is recovered with high confidence in both the

astrometric and photometric precision. There is very strong agreement between the AMI as-

trometry and the predictions made by GRAVITY (Hinkley et al. 2023) indicating that AMI is

now capable of confident results in the high-contrast regime up to ∆mag ∼ 9. There is also a

confident detection of the c companion, however it shows a ∼ 2σ deviation in the astrometry.
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This companion presents the greatest challenge to the Amigo model, with its harsh contrast

and separation well beyond the capabilities of any other JWST observing modes, and place-

ment inside the diffraction limit of all three filters. These deviations could be consistent with

an astrometric bias induced from this minute separation, given its position well inside of the

pixels most affected by charge migration from the BFE. This could also explain the significantly

larger uncertainty in its recovered position. Given these considerations the possibility of biases

in the recovered photometry will remain until further study can be performed on other well

constrained systems. A promising sign is that both of these companions remain detectable

independently in each filter indicating that these results can be still be considered credible.

Amigo has shown it can recover high-contrast companions at the diffraction limit. We recover

a 3σ contrast limit through the Ruffio et al. (2018) method in approximate agreement with the

scaling from Equation 4.11 (Ireland 2013) and recommended in JWST proposal materials. We

adopt this as a good rule of thumb, but would also remind readers of the proposed observing

strategies forAmigo, emphasising that the photon loss arising from the current implementation

is not directly accounted for in this equation and should be treated with care. This remains as

a practical estimate of AMI performance though the methods explored in the work. We expect

future calibrations and refinement of Amigo to reclaim the photons lost by the first group, to

improve performance across the board, and push beyond these estimates.

4.10 Conclusions and Future Work

The Amigo model and pipeline provide a comprehensive re-commissioning of JWST/AMI by

harnessing end-to-end differentiable models and the novel techniques that they enable. It has

enabled a robust recovery of the unrealised potential of high-contrast interferometric imaging

at the highest angular resolutions probed by JWST. This is the first pipeline in astronomy to

fully integrate a differentiable physical forward model, including a full treatment of non-linear

detector systematics and an embedded NN, and trained entirely from on-sky data. Through

case studies of AB Dor AC and HD 206893, we demonstrate that Amigo can recover faint

companions in the high-contrast and high-angular resolution regime while preserving precision

in both astrometry and photometry. Its performance approaches the theoretical photon-noise

limits of the instrument, and surpasses the performance of available pipelines and approaches.

This first version of the model is also only the start of its journey; many significant improvements

can be made and are planned, placing it as a platform for both future high quality calibrations

of JWST and improvements to existing and future AMI data and instruments.

Quantitative detection limits inferred from the Amigo model provide a new characterisation

of its true performance limits to date. We find that AMI can achieve contrasts of≳ 9 magnitudes

with astrometry up to the diffraction limit ∼ λ/D. Detail is also recovered very close to an

inner working angle of ∼ 100mas, but with unknown potential biases introduced through the

non-linear detector effects. The contrast limits found match closely with the Equation 4.11,

giving a detectable contrast of ∼ 10/
√

Nphotons. These values are suitable for inclusion in future

proposals, offering guidance on expected sensitivity, inner working angle and spatial resolution.

Beyond its immediate utility for science, Amigo showcases the broader impact that differ-
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entiable forward models are poised to make on modelling in astronomical instrumentation and

imaging as a whole. By treating systems in a physically principled end-to-end manner span-

ning astrophysics, optics, and detectors, Amigo enables efficient and interpretable inference,

rigorous uncertainty quantification, and coherent system calibration. This ‘pixels to planets’

philosophy – avoiding data reduction, and modelling data directly in their rawest possible

form – represents a promising new direction for data analysis for other instruments affected by

complex or non-linear systematics.

Concrete calibrations provided by this approach, namely the integral non-linearity of the

ADC, are common mode to all observations made by NIRISS. We have already found identical

signals in other non-AMI modes with the potential to induce biases in downstream scientific

analysis. Cursory examinations of NIRCam and NIRSpec data do not show the same signal.

Nonetheless, its presence in NIRISS data warrants further consideration of its effects in broader

JWST calibration efforts, including SOSS transmission spectroscopy observations.

Looking forwards, several avenues of improvement and wider development are clear. The

architecture of the embedded NN is both compact and physically constrained, but remains

limited by the availability of extensive calibration data. While the PSFs produced by AMI

present highly structured and well known illuminance pattern, most flux remains concentrated

in the core. The calibration data used for training fills peak pixels to approximately half their

maximum depth, and only provides a handful of pixels that fill beyond much smaller fractions

of their maximum, and are suitable for calibration of the strongest BFE regime. This makes

generalisation to the dynamics of charge migration for resolved sources an unexplored space,

where model performance could degrade. Our team’s Cycle 4 program GO8330 plans to observe

a bright, wide binary source at multiple primary and subpixel dither positions. These exposures

will fill many pixels to half well depths while allowing the core to saturate. This should provide

a dataset far richer in the complex non-linear dynamics of the BFE, while partially exploring

the full pixel well depth in the saturated core. Further training of Amigo on this data should

provide a substantial improvement to its overall ability to directly model and understand the

physics of this problem.

Provided a high fidelity EDM trained on this more informative dataset, it may become possi-

ble to develop a self-contained detector model able to directly invert the effects of the detector

entirely by sampling input photon distributions. Such a ‘de-BFE‘ approach has the potential to

plug into a classic detector calibration pipeline that inverts all physical degradations, returning

high quality super-resolved PSFs that accurately capture the statistical correlations induced

by its measurements. Models trained on lab data during instrument pre-commissioning could

be released in tandem with detector hardware itself as part of the supplier’s service.

The Amigo model and this manuscript fully exclude all calibration and analysis in the

F277W filter. This comes down to a lack of available high quality training data, along with

a more complex set of physics associated with a larger spectral range. Despite its potentially

unique benefits, the calibration dataset used for Amigo did not observe in this filter as very few

programs use it. Furthermore, the relative short spectral range and small band passes across

the three primary filters F380M, F430M, and F480M allows for chromatic effects in the BFE to
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be ignored. Furthermore, the implementation of the interferometric visibility model considers

all sources to have negligible spectral variation across any filter. While these limitations are

not fundamental, the present Amigo model is neither designed nor calibrated to operate at the

F277W filter and is expected to perform poorly. Future version of Amigo may be expanded to

operate at these wavelengths, although this would require dedicated calibrated data and change

to the structure of various sub-modules within Amigo.

The DISCO observables introduced in this work represent a new approach to information-

preserving projections of interferometric data. Building on Fisher information and kernel phase

and amplitudes, and accelerated through autodiff, it enables the exploration of the informa-

tion theoretic limits of imaging systems. By restricting the basis vectors to the OTF through

their eigenvalues and varying the number of resolution elements and eigenvectors used in the

uv-plane, the subspace of recoverable images can be quantified and concrete informational lim-

its on instrumental performance can be explored. These ideas parallel limits on point-source

detection set by small-sample statistics near the diffraction limit (Mawet et al. 2014), recast in

the Fourier domain. In this paper we have not delved into depth to establish precise limits for

DISCO linearity, scaling laws, or calibration strategies; future work will explore these ideas con-

cretely for AMI (Charles et al., in prep.). Given the excellent long-term stability and frequent

monitoring of the wavefront using NIRCam (Lajoie et al. 2023), it may even be possible to do

calibrator-free AMI imaging by trusting the NIRCam-measured OPD between the observation

epoch and the wavefront map in the Amigo base model and relying on the DISCOs to deal

with residual wavefront error.

This more general approach may also be able to improve the performance of spectrally-

dispersed wavefront sensing and kernel phase on IFU data (Martinache et al. 2016; N’Diaye

et al. 2022; Chaushev et al. 2023). The NIRSpec Integral Field Unit (IFU) has been used to

achieve extremely high contrast (∼ 3×10−6), for which Ruffio et al. (2024) depend on a forward

model of the IFU PSF using WebbPSF; a trained ∂Lux model as in Amigo will be more

flexible and, we expect, enable us to push to deeper systematics floors.

An advantage of modelling visibilities in a latent basis which very finely samples the uv

plane is that the interferometric field of view (FOV) (which corresponds to the Nyquist limit

of this uv sampling) is large, potentially as large as the native 80 × 80 subarray FOV if the

uv sampling is the FFT coordinate grid conjugate to the raw image. This is ideal for image

reconstruction/deconvolution. An implementation in Jax of regularised maximum likelihood

image reconstruction, similar to MPoL (Czekala et al. 2025), is likely to be straightforward,

and better able to recover complex scenes than reconstructions limited to one visibility per

baseline and the basic closure phases. It remains an open question whether this is better suited

to a DISCO likelihood or direct to pixels. As an extension, it may be advantageous to apply

score-based methods to very expressively build priors over images (Feng et al. 2023; Dia et al.

2025), and likelihoods over detector effects (Adam et al. 2025), applications which will only be

possible with differentiable instrument models.

The methods, ideas, and philosophy laid out in this work are not limited to either JWST nor

interferometric systems. Natural extensions to NIRCam and archival HST NIR camera and
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multi-object spectrometers are straightforwardly possible. The tighter PSFs and redundant

apertures provide significant but not insurmountable challenges. Various methods harnessing

kernel phase or data driven empirical PSF subtraction remain effective and have been used

on both JWST and HST data to reveal faint companions at high resolution (De Furio et

al. 2023; Calissendorff et al. 2023). These observations provide an ideal testing ground for

deeper exploration of the ideas and models presented in this work to other imaging modes and

instruments. One set of low-hanging fruit may be the HST/NICMOS LT dwarfs, which were

previously studied with kernel phase but without accurate aperture calibration (Pope et al.

2013; Martinache et al. 2020).

Finally, there is growing potential to apply the pixels-to-planets philosophy to coronagraphic

observations. PSF subtraction using the conventional optical modelling software WebbPSF

can improve recovered image deconvolution, accounting for the spatially-varying PSF (Balmer

et al. 2025). Replacing these nominal PSF models with on-sky calibrated predictions from

a model like Amigo with data-driven estimates of the coronagraph metrology, and directly

accounting for and calibrating non-linear detector effects, could unlock deeper contrasts and

higher precision observables. This is likely to be helpful for the Roman coronagraph’s wavefront

ground-in-the-loop control (Bailey et al. 2023), and future work with HabWorlds (Academies

2023).

4.11 Code and Data Availability

All codes and data used to produce this work are publicly available and open source. The

Amigo model and pipeline are hosted on GitHub, along with a series of example notebooks

used in this paper’s results. All data are available from MAST under the appropriate pro-

posal numbers; in this pipeline paper, we have relied only on publicly available data with no

proprietary data included. We encourage researchers to adapt and apply Amigo to their own

interferometric datasets, and to contact the development team with questions and contribu-

tions.
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Chapter 5

Conclusions & Future Work

5.1 Conclusions

In this thesis, I have explored new methods made possible by differentiable forwards modelling

applied to data and instrumentation challenges in precision contemporary astrophysics. These

techniques are part of a philosophy I have termed ‘pixels to planets’ that was developed to

meet the stringent calibration requirements of exoplanetary science. This method forges all

relevant physical processes — from photon generation to detection — into a single, differentiable

computational graph. The resulting unified models support tasks spanning the full life-cycle

of an instrument, from design and calibration through to data analysis. I have shown how

this approach gives access to rigorous, statistically principled inference, and is computationally

tractable even for complex high-dimensional problems. I have also explored the limitations

of previously-standard inverse pipelines in the presence of degenerate, non-linear, and coupled

processes; showing that the alternative differentiable forward models can address these problems

directly. Finally, I have shown how hybrid modelling methods that embed machine learning into

physical models can restore precision observables while also maintaining physical intuition and

interpretation, in contrast to long-standing epistemological tensions between Machine Learning

(ML) and the physical sciences (Hogg and Villar 2024). This thesis provides a new path towards

the ambitious goals for next generation astrophysical measurement, seeking to push beyond the

capabilities of modern instruments.

A major outcome of this research is the development of the open-source software ∂Lux, de-

signed to make differentiable optical models broadly accessible to the astronomical community.

This framework was developed entirely within the context of the problems addressed in this

thesis and embraces differentiability as a core architectural principle. Chapter 2 describes how

these models can unify calibration and scientific analysis within a single framework. I show

that Automatic Differentiation (autodiff; Margossian 2019) enables efficient solutions to high-

dimensional problems, even those with over a million parameters — allowing for simultaneous

phase retrieval, pixel-level calibration, and parameter inference directly from science data. This

provides a robust way to correct for time-dependent systematics and degradation effects, partic-

ularly relevant in space-based environments. Chapter 3 extends these capabilities to hardware

design, showing how efficient computation of second- and higher-order derivatives provides di-

127
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rect access to Fisher information and the Cramér-Rao Lower Bound (CRLB; Radhakrishna Rao

1945; Cramé, Haraldr 1947). This allows statistically grounded design optimisation without

requiring the simplifications typically required for analytical tractability. Although both chap-

ters focus on simulated data, they directly address real-world challenges faced by the Toliman

(Telescope for Orbital Locus Interferometric Monitoring of our Astronomical Neighbourhood;

Tuthill et al. 2018) mission and actively contribute to its advancement.

The most consequential application of the methods developed in this thesis is their use in

addressing performance limitations of the Aperture Masking Interferometer (AMI; Sivaramakr-

ishnan et al. 2012; Soulain et al. 2020) mode on James Webb Space Telescope (JWST; Gardner

et al. 2006). Since launch, AMI has not achieved its pre-flight performance expectations. This

shortfall does not arise from its optical design, but from charge redistribution effects within

the detector that subtly distort the Point Spread Function (PSF) (an issue that impacts all

methods attempting precision of sensor data at the required levels of precision, not only AMI

mode). Despite their subtlety, these effects alter the morphology of the image in ways that have

evaded correction by conventional modular calibration pipelines. As a result, the performance

of AMI has, in practice, hitherto hardly surpassed that of ground-based interferometric obser-

vations. Drawing on the modelling frameworks developed in the preceding chapters, Chapter 4

demonstrates how this problem can be solved using a fully differentiable end-to-end forwards

models, despite the failure of currently dominant “data reduction” paradigms.

Chapter 4 demonstrates the effectiveness of this modelling framework through several con-

crete calibration results, many of which are broadly relevant beyond AMI mode. A previously

unrecognised non-linearity was identified as an uncalibrated but commonly encountered com-

ponent to the response curve of the analogue-to-digital converter. The corrected calibration

presented has implications for all Near-Infrared Imager and Slitless Spectrograph (NIRISS;

Doyon et al. 2023b) observations. A discrepancy in mask hole size, reported inconsistently

across official documentation and various pipelines, was resolved through direct recovery of

pupil geometry from observed data. The model also recovered a calibration of the non-linearly

distorted mask metrology and showed that there exists a filter-dependent defocus in the op-

tical path is sufficiently large to require a full Fresnel treatment of the wavefront. The high-

dimensional inference techniques developed in Chapter 2 were applied to real data, enabling

simultaneous phase retrieval, aperture calibration, and pixel-level response modelling within

a unified inference framework. These results were made possible by adopting a hybrid mod-

elling approach, in which a neural network was embedded within the detector model to capture

the non-linear dynamics of the Brighter-Fatter Effect (BFE). The entire system was trained

end-to-end directly utilising on-sky observations.

This calibrated, differentiable model then empowered a new approach to extracting inter-

ferometric observables through forward modelling. By leveraging the model’s differentiability,

a latent representation of the complex visibilities was constructed, encoding both the physics

of diffraction and the optical configuration of the instrument while accounting for defocus ef-

fects. Building on this, the concepts of kernel amplitudes and phases were extended to define

a flexible null space that suppresses dominant instrumental phase modes while preserving the

underlying astrophysical signal. These methods were applied to real observations in regimes
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where conventional pipelines had previously failed to deliver scientifically useful results. The

moderate-contrast AB Dor AC companion was recovered with high-precision astrometric and

photometric information at moderate separation. The same framework was then employed,

pushing recovery to instrumental limits, delivering both the B and c companions of HD 206893.

The measured astrometry was consistent with prior high-precision ground-based predictions,

while the inner companion was detected at a contrast greater than 9 magnitudes and a sep-

aration of approximately 100mas — a distance about 30% smaller than the nominal (λ/D)

diffraction limit. These results re-establish AMI as a scientifically competitive observing mode,

an important outcome given the limited operational lifetime of JWST.

5.2 Future Work

The next generation of astronomical instrumentation will demand levels of precision that ex-

ceed those that current analytical frameworks and calibration strategies can reliably provide.

Meeting such requirements will involve not only advances in hardware, but also in how we

conceptualise and construct models of the measurement process itself. This thesis has explored

how automatic differentiation offers a path forward, when treated not merely as a computa-

tional tool but as a foundational principle of model construction. By embedding the entire

causal chain of observation — from photon emission to detector readout — into a single differ-

entiable graph, we unify physical modelling and statistical inference into a coherent framework.

This perspective reorients the modelling process: rather than building separate components for

calibration, simulation, and analysis, we instead describe the physical system in full, and allow

inference to operate end-to-end. The work presented here should therefore be viewed not simply

as an extension of existing techniques, but as a step toward a modelling philosophy capable of

addressing the complexity and precision requirements of future astronomical observations.

The hybrid modelling framework explored in this thesis opens new directions for addressing

problems that have proven resistant to both traditional pipelines and unconstrained machine

learning. By embedding learnable components within physically structured models, we can

extend inference into domains where the systematics are too complex, non-linear, or poorly

characterised for conventional methods to handle. This framework sets the stage for addressing

calibration and inference challenges by combining physical structure with targeted flexibility.

As the complexity of astronomical instruments increases, this approach offers a scalable and

principled way to ensure that modelling and data inference keep pace.

The differentiable and deterministic forward models developed in this thesis also open the

door to learning not just the model, but the inference procedure itself. In particular, methods

inspired by amortised optimisation (Andrychowicz et al. 2016) and inference (e.g. Gershman

and Goodman 2014; Dı́az Baso et al. 2022) suggest that it is possible to train a Neural Network

(NN) to act as a solver — mapping from the gradients of the forward model, conditioned

on data, to the parameters that best reproduce the observation. This is made possible by

the fact that the model’s predictive dynamics are fixed and governed by physical principles,

making the relationship between gradient information and optimal solutions stable enough to

be learned. Such an approach could significantly reduce the computational cost of inference,
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particularly in settings where repeated optimisation over similar problems is required. While

preliminary, this direction offers a promising route to integrating fast, learned solvers with

physically interpretable models, enabling efficient inference without sacrificing transparency.

Accurate wavefront calibration remains a central challenge in both ground- and space-based

high-contrast imaging, particularly in the presence of non-common path aberrations that cannot

be sensed or corrected by traditional wavefront sensors. Focal-plane wavefront sensing offers a

promising solution by inferring the phase directly from the science camera, avoiding differential

errors between sensing and science paths. This approach has been demonstrated through the

use of asymmetric pupil masks, which break the phase degeneracy and make focal-plane infer-

ence tractable (Martinache 2013; Martinache et al. 2016). However, most implementations rely

on linearised models that fail in regimes where aberrations become large. Recent attempts to

address this non-linear regime with machine learning have typically resorted to unconstrained

neural networks, sacrificing physical interpretability and calibration transferability in the pro-

cess (Andersen et al. 2019; Weinberger et al. 2024). The differentiable modelling framework

developed in this thesis offers the best of both worlds: by solving for wavefront phase in a

physically grounded model, we can operate in the non-linear regime without abandoning trans-

parency. Computational speed for inference can be improved by taking advantage of sparsity;

and further improved using amortised optimisation strategies, using a neural network trained

to act as a solver — potentially allowing real-time wavefront retrieval from focal-plane data.

These models can be calibrated on large archival datasets and deployed efficiently on GPUs,

and critically, the model state used for wavefront sensing remains available to downstream

science analysis, providing a high quality model for the inference required to deliver science

observables.

The Aperture Masking Interferometry Generative Observations (Amigo) framework intro-

duced in Chapter 4 provides a foundation for several immediate extensions. While the current

implementation has successfully recovered high-contrast companions, it simplifies this process

by discarding the first group read from observations. This simplification has been useful for

tractability, but it is not a fundamental limitation. With appropriate calibration data, the

model can be extended to incorporate the first group and improve accuracy at higher pixel

depths. A dedicated JWST calibration program has already been approved to provide this

data, which will allow Amigo to be refined and extended to brighter targets currently inacces-

sible due to increasing non-linear effects. These improvements will further increase the scientific

yield of AMI and extend its observational bounds.

While Amigo has been developed as a general-purpose forward modelling framework, cur-

rently its empirical validation has focused on point-source companions, which offer well-understood

test cases and tractable benchmarks. A natural next step is to apply the model to observations

of resolved or spatially extended sources, which introduce more complex illumination patterns

at the detector. These scenarios are especially useful for testing the limits of the learned com-

ponents within Amigo, such as the ability of the embedded NNs to generalise beyond the

training distribution defined by isolated sources. While this thesis does not explore this idea

directly, it is the subject of ongoing work (Charles et al., in prep), and presents an opportunity

to further assess the robustness of the forward model in more challenging inference settings.



5.2. FUTURE WORK 131

Differentiable forward modelling enables, for the first time, the construction of a visibility

basis that is directly tied to the physical response of the instrument. Rather than relying on

fixed analytical constructs, visibilities are defined in terms of the specific interferometric modes

to which the system is sensitive, shaped by diffraction, optical aberrations, and detector effects.

This allows for a fully forward-modelled approach to interferometry, in which observables emerge

from the model itself rather than being imposed externally under idealised assumptions (as is

the case in closure phases or kernel phases for example). This basis provides a principled

way to study how information is retained or lost under varying instrument configurations or

imperfections. Moreover, with the instrumental response fully characterised, the associated

null space can be constructed with greater flexibility, allowing specific aberrations or alignment

modes to be explicitly suppressed or sensed. While demonstrated here in the context of AMI,

this framework extends naturally to other interferometric and imaging systems where system-

aware observables may offer improved robustness and diagnostic power.

Differentiable forward-modelling also offers a natural framework for image reconstruction

and deconvolution. By incorporating the full instrumental response, reconstructions can be

performed through a direct maximum likelihood, where both the scene and system parameters

are jointly optimised. This allows for the nuisance instrumental effects to be accounted for

explicitly during reconstruction, rather than corrected in preprocessing or approximated in

the PSF. As explored in Chapter 4, recovered observables can also be projected into phase or

instrumental null spaces to suppress modes dominated by systematics and improve robustness to

residual miscalibration. These techniques can be directly applied to a number of archival JWST

AMI datasets — including observations of GTO 1242 targets, the transition disks PDS 70,

HD 100546, and the exozodiacal system ν Hor; and the AGN NGC 1068 and the colliding-

wind binary WR 137, both observed as imaging standards — offering the potential for refined

reconstructions and improved interpretation of spatially extended or complex astrophysical

structures.

The degeneracy of image reconstruction problems can be further mitigated by integrating

physically grounded forward models with learned generative priors. Recent advances in score-

based diffusion models have made it possible to construct powerful data-driven priors that

encode the distribution of plausible astrophysical scenes (Adam et al. 2022; Adam et al. 2023).

The differentiable forward modelling framework developed in this thesis has already been di-

rectly integrated with these models, enabling joint posterior sampling over both the latent

astrophysical scene and the instrumental parameters that affect the measurement process. Un-

like two-stage approaches, this integration is fully differentiable and coherent: gradients flow

from the data through the forward model and into the generative prior, allowing the system to

exploit the strengths of both components. The forward model addresses the limitations of the

generative prior, which typically lacks a physically realistic instrument model, while the prior

helps regularise the ill-posed nature of deconvolution. This synergy enables reconstructions

that are both physically constrained and statistically plausible. This approach can be further

extended to incorporate learned score-based likelihoods, replacing hand-tuned noise models

with data-driven approximations that better reflect the statistical structure of complex imag-

ing systems and their systematics. Together, these techniques provide a robust foundation for
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the analysis of archival datasets from Hubble Space Telescope (HST) and JWST, particularly

in cases where calibration is limited and scene morphology is both rich and uncertain.

Many of the limitations that motivated the development of Amigo arise from the Tele-

dyne HAWAII-2RG (H2RG) detector hardware — which is common to most instruments on

JWST — and so are not unique to AMI. Kernel phase observations on JWST, which apply

interferometric techniques to full-pupil images, suffer from similar systematics that degrade

their sensitivity (Kammerer et al. 2023; Calissendorff et al. 2023; De Furio et al. 2023). The

modelling framework introduced in this thesis can be directly applied to kernel phase data,

with minimal modification, using the same calibrations and inference tools. This offers a clear

path to improving the robustness and scientific yield of kernel phase analysis, particularly in

regimes where conventional calibration has proven insufficient. More broadly, these methods

can be extended to other NIRISS imaging modes, enabling a unified approach to calibration

and inference across the full suite of observations supported by the instrument.

The modelling approach developed for Amigo is directly applicable to other instruments

that share the same detector architecture, such as Near-Infrared Camera (NIRCam; Rieke et

al. 2023). Like NIRISS, NIRCam exhibits charge migration and non-linear response effects, but

its high-contrast coronagraphic modes introduce additional challenges. These include wavefront

instabilities between reference and science exposures together with small misalignments of the

various masks — both of which can degrade the fidelity of PSF subtraction. Differentiable

forward models offer a way to model these effects coherently, enabling the joint calibration of

optical and detector systematics within a unified framework. This extends the model-based

subtraction approach taken by Balmer et al. (2025), by allowing gradient-based optimisation

and uncertainty propagation to be integrated directly into the calibration process. In doing so,

this framework provides a path to improved robustness and interpretability in coronagraphic

analysis.

Future space missions such as the Roman space telescope (Bailey et al. 2023) and the Habit-

able Worlds Observatory (HWO or HabWorlds; Stark et al. 2025; Vaughan et al. 2023) represent

a generational leap in precision instrumentation, as the first observatories to implement active

wavefront control in orbit. Both instruments are designed to achieve unprecedented levels

of wavefront stability, with HWO aiming for picometer-level control to support high-contrast

imaging of Earth-like exoplanets. These goals reflect extraordinary engineering ambition, but

rely heavily on conventional calibration architectures — including dedicated wavefront sensors

that suffer from non-common path error. Even if the nominal wavefront stability targets are

met, other instrumental effects such as mask and optical misalignments driven by thermal

drifts, and detector-level systematics are likely to dominate the error budget when analysed us-

ing standard inverse-correction pipeline methods. Achieving the scientific precision demanded

by these missions will require not only ambitious leaps in engineering, but equally ambitious

approaches to calibration and analysis methodology. The end-to-end differentiable forward

modelling paradigm developed in this thesis offers such an approach: providing the ability to

encode and jointly marginalise over physical effects across the full optical and detector chain,

and to recover science observables directly from raw measurements with physically meaningful

uncertainty estimates. In this sense, the methods explored here are not only well matched to
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the challenges posed by upcoming flagship missions — but they may be essential to fully realise

their scientific potential.

The hybrid detector model developed in Amigo also points toward a more general goal: the

construction of unified forward models for HXRG-class detectors that can be applied across

instruments and observing modes. With sufficient calibration data, such models could be used

not only to forward-predict detector response, but to invert it — reconstructing high-fidelity

photon distributions from raw images. This enables direct recovery of super-resolved PSFs

(as sub-pixel information is encoded both thorough the sensitivity profile of each pixel and the

dynamics of charge migration), removing reliance on static, empirical corrections. Realising this

vision will require calibration datasets that span a broader range of illuminance patterns and

dynamic ranges than are typically available on-sky. Laboratory systems, where illumination

can be precisely controlled and systematically varied, offer a path to building such datasets.

Beyond astronomy, these models may serve as tools for characterising detector hardware itself,

providing insight into the underlying physics of charge migration, sensor nonlinearities, and

their effect on science observables.

The instrument design framework developed in Chapter 3 employed Fisher Information to

optimise hardware configurations for maximal sensitivity to scientific parameters, marginalised

over the instrumental state. While effective, the current implementation operates locally —

optimising performance around a single, fixed instrumental state. In practice, however, in-

struments are subject to a range of perturbations, including thermal drift, mechanical mis-

alignments, and time-variable optical aberrations. A natural extension of this approach is to

incorporate stochastic variation in the instrument state during optimisation, thereby marginal-

ising over expected sources of instability. An example might be evaluating performance over

an ensemble of atmospheric turbulence realisations, to find the best average or maximum in-

strument. Rather than identifying designs that are optimal only in an idealised or average

configuration, this enables the discovery of configurations that retain high information content

across a range of expected system perturbations. By embedding this variability directly into

the optimisation process, the method may also become more robust to local minima in the loss

topology and less dependent on initial conditions, improving both stability and generalisation.

While the Fisher Information approach used in Chapter 3 enables efficient design optimisa-

tion, it relies on the Laplace approximation and therefore on the assumption that the posterior

distribution is well described by a Gaussian. For more complex optical systems such as corona-

graphs, this assumption often breaks down. These systems exhibit strong non-linear parameter

couplings and non-Gaussian posteriors that cannot be easily captured by local curvature alone.

Variational Inference (VI; Jordan et al. 1999; Kucukelbir et al. 2017) offers a natural extension

in this context, enabling posterior approximations that remain tractable but are better suited to

the statistical structure of such systems. Moreover, the figures of merit in coronagraph design

are often heuristic compromises between competing criteria such as off-axis throughput and

on-axis suppression. These can be re-formulated more rigorously as Bayesian evidence ratios

that quantify the relative support for models with and without an injected companion. This

allows design choices to be evaluated directly in terms of detectability, and opens the door to

statistically principled design workflows for non-linear high-contrast imaging systems.
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This thesis has introduced and developed a modelling framework that unifies calibration,

inference, and design within a single, physically grounded and differentiable architecture. In

doing so, it departs from the modular pipeline paradigm that has traditionally structured as-

tronomical data analysis, and proposes an alternative centred on coherence, interpretability,

and statistical rigour. The methods presented here have been shown to recover lost perfor-

mance in existing instruments, to enable new forms of inference, and to lay the groundwork for

information-driven design of future hardware. More broadly, they offer a principled path for-

ward as instruments grow more complex, systematics more subtle, and the scientific questions

more demanding of the data obtained. It is my hope that the ideas developed here will continue

to evolve — not as fixed solutions, but as tools that support a more unified, transparent and

statistically principled approach to precision measurement in astronomy.
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