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ABSTRACT

Theoretical computation of cosmological observables is an intensive process, restricting the speed at which cosmological
data can be analysed and cosmological models constrained, and therefore limiting research access to those with high per-
formance computing infrastructure. Whilst the use of machine learning to emulate these computations has been studied,
most existing emulators are specialized and not suitable for emulating a wide range of observables with changing physical
models. Here, we investigate the Model-Agnostic Meta-Learning algorithm (MAML) for training a cosmological emulator.
MAML attempts to train a set of network parameters for rapid fine-tuning to new tasks within some distribution of tasks.
Specifically, we consider a simple case where the galaxy sample changes, resulting in a different redshift distribution
and lensing kernel. Using MAML, we train a cosmic shear angular power spectrum emulator for rapid adaptation to
new redshift distributions with only O(100) fine-tuning samples, whilst not requiring any parametrization of the redshift
distributions. We compare the performance of the MAML emulator to two standard emulators, one pre-trained on a single
redshift distribution and the other with no pre-training, both in terms of accuracy on test data, and the constraints produced
when using the emulators for cosmological inference. We observe that within an Markov Chain Monte Carlo analysis, the
MAML emulator is able to better reproduce the fully theoretical posterior, achieving a Battacharrya distance from the fully
theoretical posterior in the Sg - €2, plane of 0.008, compared to 0.038 from the single-task pre-trained emulator and 0.243

for the emulator with no pre-training.
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1 INTRODUCTION

Translating the observations of cosmological surveys into con-
straints on the parameters of cosmological models is a compu-
tationally expensive process, requiring us to explore not only
the parameter space of said cosmological models, but also of
many other models for systematic effects, such as, in the case of
weak lensing observations, baryonic physics, intrinsic alignment,
and photometric redshift errors. The resulting high-dimensional
parameter spaces must be exhaustively sampled, often using
Bayesian statistical techniques such as Markov Chain Monte
Carlo (MCMC) sampling (see for example, L. E. Padilla et al.
2021 for a review on MCMC methods in the context of cosmo-
logical inference). It may take weeks on many-core HPC systems
to achieve converged sampling of the high-dimensional posterior
probability distribution.

A large portion of this computational expense results from the
requirement to calculate, from theory, the cosmological observ-
ables at the sampled coordinates in parameter space. While in
isolation such computations are relatively inexpensive (on the
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order of a few CPU seconds), repeating this process millions of
times to obtain the posterior probability distribution becomes a
significant computational burden, limiting the speed of research
and requiring vast amounts of energy and producing significant
amounts of CO, (C.-H. To et al. 2023).

In an attempt to accelerate cosmological inference, many stud-
ies have looked at the use of machine learning with neural net-
work (NN) based emulators, as a surrogate for the direct calcu-
lations which produce from theory the cosmological observables
within an inference pipeline. For example, the COSMOPOWER (A.
Spurio Mancini et al. 2022) emulator speeds up the parameter
inference process by up to 0(10*), as compared to direct calcu-
lation of the matter power spectrum via numerical solution of
differential equations; we will refer to the latter, classical method
of calculating the matter power spectrum as being via so-called
Boltzmann codes. Due to the volume of galaxies surveyed, many
current and upcoming lensing surveys such as The Vera Rubin
Observatory’s Legacy Survey of Space and Time (LSST; R. Man-
delbaum et al. 2018) rely on the measurement of redshift with
broad photometric bands (photometric redshifts) to determine
the line-of-sight distribution of galaxies. In the context of such
surveys, emulators in the style of COSMOPOWER achieve flexibil-
ity to different photometric redshift distributions and systematic
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models by emulating at the level of the 3D power spectrum. The
observables of interest — typically the real space angular two-point
correlation function or its Fourier space equivalent, the angular
power spectrum (APS) - are then obtained by projection of the
emulated power spectrum over a given redshift distribution.

CONNECT (A. Nygaard et al. 2023) attempts to generalize
further and emulate any quantity which can be calculated from
the Boltzmann-solver-based code CLASS (J. Lesgourgues 2011),
which includes Cosmic Microwave Background power spectra,
matter power spectra and more. In order to avoid having to pre-
train across all the possible CLASS variables, CONNECT uses
an iterative training procedure whereby the model trains along-
side the MCMC sampler, learning further from only the high
likelihood regions of the parameter space as it progresses and
accelerating the chain. Similarly, S. S. Boruah et al. (2022, 2024)
use an iterative training method to create an emulator which, un-
like COSMOPOWER, directly emulates the lensing and clustering
auto and cross-correlation functions, bypassing the requirement
to directly calculate the impact of systematic models and survey
redshift distributions on the power spectrum. However, because
of this, they note that a new emulator would need to be created
for scenarios where the systematic models and galaxy samples
differ. A wide range of cosmological emulators based on N-body
simulations have also been developed including DARK QUEST
(T. Nishimichi et al. 2019), EUCLIDEMULATOR2 (M. Knabenhans
et al. 2021), CSST EMULATOR (Z. Chen et al. 2025), and COSMIC
EMU (K. R. Moran et al. 2023).

In the wider field of machine learning, meta-learning - in
essence training a NN to ‘learn to learn’ — has proven to be a
promising means of creating NNs capable of solving a range of
different problems through rapid, inexpensive fine-tuning to new
tasks. Meta-learning approaches have been applied in various
other fields of physics and seen success in creating adaptable net-
works capable of training rapidly (X. Liu et al. 2022; D. Salamani,
A. Zaborowska & W. Pokorski 2023; S. Chen et al. 2023), but to
our knowledge, no use of meta-learning has been attempted in
the field of cosmology to date.

Model-agnostic meta-learning (MAML; C. Finn, P. Abbeel &
S. Levine 2017) is one example of a meta-learning algorithm.
Whereas typically neural networks are trained to become ex-
tremely proficient at a specific task, MAML seeks to optimize a
network to handle a wider range of related tasks. The parameters
of the network are optimized to an initialization which, with
very few training data and iterations, can be fine-tuned to solve
a novel problem from within the distribution of training tasks.
MAML therefore has the potential to create a NN capable of
emulating cosmological observables directly and generically. A
MAML trained emulator could in principle, with minimal fine-
tuning, adapt to new systematic models, gravity theories, or sur-
vey samples. Such an emulator could be extremely beneficial
not only for reuse within different parameter inference pipelines,
but also as a generic emulator for cosmological observables in
different contexts such as Fisher forecasting (A. Blanchard et al.
2020).

MAML training is potentially also highly complementary to
the other cosmological emulation efforts mentioned previously.
For example, a MAML-trained emulator could be used as a start-
ing point for the iterative training methods of A. Nygaard et al.
(2023) and S. S. Boruah et al. (2024). Whilst an initial pre-training
process would be required, once complete, the MAML based em-
ulator could be substituted in for use with the iterative training
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methods, potentially leading to faster adaptation to new survey
scenarios.

In this study, we will explore the use of the MAML training
algorithm in the context of cosmological emulation. We will seek
to emulate the cosmic shear angular power spectrum, which
describes the strength of the weak gravitational lensing signal
across different scales in Fourier space, and is a typical summary
statistic in weak lensing surveys. This means that the emulator
output can be used to determine the likelihood in an MCMC in-
ference pipeline with no intermediary calculations. In the context
of meta-learning, we will train the emulator with the qualitative
objective: ‘learn to rapidly adapt to different galaxy sample redshift
distributions’.

The galaxy redshift distributions of cosmological surveys are
often complex and require many parameters to accurately de-
scribe, hence why none of the emulators mentioned previously
take as input any parameters describing the redshift distribution.
COSMOPOWER navigates this issue by emulating the 3D power
spectrum, which can then be integrated directly over the lensing
kernel to obtain the APS. CONNECT and the emulator of S. S.
Boruah et al. (2024) can emulate quantities which depend on
the redshift distribution, such as the APS, but would require re-
training for new galaxy samples with different redshift distribu-
tions.

Our aim here is to investigate whether an APS emulator trained
using the MAML algorithm across a range of different redshift
distributions can be quickly and inexpensively fine-tuned for use
with an entirely new galaxy sample, without requiring as input
any information on the specific survey redshift distribution at
hand. In essence, we hope to find some optimal set of network
parameters, which minimizes the distances to the ideal param-
eter sets for a range of different redshift distributions. We will
then compare the performance of the MAML trained emulator
to an emulator trained on a single redshift distribution, and the
relative computational cost of each. We will also compare the
posteriors obtained using the emulators to a baseline MCMC
analysis which computes cosmological observables directly via
Boltzmann codes, to ensure the emulators produce accurate con-
straints.

The rest of this paper will be structured as follows. In Section 2,
we will present a detailed overview of the MAML algorithm,
the angular power spectrum, and other important background
to this work. In Section 3, we will discuss the design of our
emulator, the training process, and the validation and testing
of the emulator. In Section 4 we will compare the performance
of the MAML emulator to that of an emulator which has been
pre-trained on data from a single redshift distribution. To do
this we will introduce a novel redshift distribution, fine-tuning
each emulator using a few training samples before testing their
performance on a larger test sample. Section 5 will instead
compare the MAML emulator to an untrained emulator, seeking
to identify how many training samples would be required to
train an emulator from scratch to equal the performance of the
MAML emulator on a novel task. In Section 6, all three emulators
will be used within an MCMC analysis to obtain cosmological
constraints, and then these constraints compared with a baseline
analysis in which the MCMC samples are generated from theory
using a Boltzmann code. Finally, Section 7 will conclude our
findings and propose extensions to our work to make the MAML
emulator more generalizable and thus more applicable to a wider
range of cosmological inference problems.
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2 META-LEARNING IN COSMOLOGY

In this section we introduce the algorithms for MAML and the
Adam optimizer. We will also discuss the theory behind the an-
gular power spectrum and its dependence on the redshift distri-
bution, to motivate the investigation of MAML training across a
range of redshift distributions.

2.1 Model-agnostic meta-learning algorithm

Optimization of a NN’s parameters, & (typically composed of
weights and biases for each node of the network) can generally
be expressed as:

O« & —aVLD, fo), (€))

i.e. the parameters ® are updated by subtracting the gradient of
the loss function, £, computed over the training data, D, and
the network’s prediction given its current parameters, fo (note
that equation 1 shows the commonly used optimization method
of stochastic gradient descent; SGD). The step-size parameter, «,
commonly referred to as the learning rate, controls how much
the network parameters can change with each step, helping to
stabilize the training process. The loss function, £, can take many
forms, but a common choice for regression problems such as
emulation is to use the mean squared error of the predictions
with respect to the training data truths. By iterating equation (1)
many times, one can tune the network parameters to make more
accurate predictions by minimizing the loss function. (For a more
in depth overview on the fundamentals of machine learning see,
for example, K. P. Murphy 2022.)

Algorithm 1 shows the MAML algorithm presented in C. Finn
et al. (2017). When training with MAML, we not only want to
minimize the loss with respect to a specific task, but across arange
of tasks. To achieve this, MAML carries out two optimization
steps. The first optimization, termed the inner loop, tunes the
network parameters for a specific task using a ‘support’ data set.
We denote these task-specific parameters as 6. The loss of these
task-specific parameters with respect to an unseen ‘query’ data set
for the same task is then computed. This process is repeated for
a batch of M tasks, and the query loss for each task accumulated.
Once the entire batch has been processed, the gradient of the ac-
cumulated query losses is used to update the meta-parameters of
the model, ®. This is termed the outer loop or meta-optimization.
These updated meta-parameters serve as the new initialization
for fine-tuning the network to a new task. By repeating this pro-
cess many times, we can reach better initializations, resulting in
better adaptation of the network to new tasks. A diagram of the
MAML training process is shown in Fig. 1.

It is important to note that the meta-optimization step in line
10 of Algorithm 1 requires taking the gradient of the meta-loss,
which itself depends on the gradients of the losses over each
support set. In common autodifferentiation libraries such as py-
TORCH (A. Paszke et al. 2019) and TENSORFLOW (M. Abadi et al.
2015), this amounts to a backward pass through the computation
graphs for all the task-specific losses. This is highly computation-
ally intensive, particularly in the case where available memory is
limited, as is often true when carrying out GPU based computa-
tions. However, C. Finn et al. (2017) show that simply omitting
the second derivatives and treating the meta-gradient computa-
tion as first order results in nearly the same model performance.
For an explanation of why this is the case, we refer the reader to
A. Nichol, J. Achiam & J. Schulman (2018).
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Algorithm 1 Model-Agnostic Meta-Learning with Stochastic
Gradient Descent
Require: P(7): distribution of different tasks
Require: «, A: inner and outer learning rates
1: randomly initialise network parameters ¢
2: while not done do
3: Sample batch of M tasks 7; from P(7")
for all 7; do
Split 7; into support and query dataset, D;"* and D}
Initialise task-specific parameters 9; <— @
Optimise 6; < 6; — «VL(D™, fy.)
end for
Average the losses on query set over the batch of tasks to
get meta-10ss: Loeta = )7 LD, fo)/M
10: Update ® = ® < AV Lpeta
11: end while

° XN R

2.2 The Adam optimizer

Adam (D. P. Kingma & J. Ba 2017) is a widely used optimization
method for training NNs. It adjusts the learning rate of each
network parameter individually by computing first and second
moment estimates of the gradients, denoted as g;, which repre-
sent the partial derivatives of the loss function with respect to
each parameter at time-step . These adaptive learning rates help
stabilize the training process and often lead to faster convergence
to an optimal set of network parameters.

Algorithm 2 The Adam optimisation algorithm. Note that A in-
dicates raising §; to the power t. All vector operations and powers
are taken elementwise.
Require: «: initial learning rate
Require: f, 8, € [0, 1): Decay rates for moment estimates
Require: ¢: Small value to prevent zero division
Require: L(D, fy): Training loss
Require: 6: Initial model parameters

1: Initialise 1st moment vector mg < 0

2: Initialise 2nd moment vector vy <— 0

3: Initialise timestep t <— 0

4: while not done do

5: t<—t+1
Get gradients of losses g, < VL(D, fp)
Update first moment m;, < B -my;_1 + (1 — B1) - &
Update second moment v, <— B - V1 + (1 — ) - &
Correct bias for first moment ny, <~ m, /(1 — ;)
10: Correct bias for second moment v, < v, /(1 — 83)
11: Update model parameters 8 < 6 — « - 11, /(3/0; + €)
12: end while

0 ® 3D

The full Adam method from D. P. Kingma & J. Ba (2017) is
shown in Algorithm 2, where the WHILE loop indicates training
over some arbitrary number of steps, which we shall henceforth
refer to as training epochs.! In the context of meta-learning and
the work presented here, the key thing of note is that parameter
updates are dependent on the model’s previous performance, by

!Lines 9 and 10 in Algorithm 2 show bias corrections for the moment
estimates. These are necessary because in practice, the moments are ini-
tialized as vectors of 0’s and thus are zero-biased, particularly in the first
few training epochs.
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Figure 1. A flowchart of the MAML training process used in this work. Different redshift distributions (N(z)) constitute different tasks. At each step in
the outer loop, a batch of N(z) are sampled, with APS (C;) generated for a range of cosmological parameters for each N(z). The C; are split into support
(Dsup) and query (Dgyry) sets. The inner loop trains the NN on Dgyp, to obtain task-specific parameters, 6, which are then tested with Dgry. Once this
process has completed for each N(z) in the batch, the query losses (£;) are averaged together and used to update the meta-parameters of the model, ®,

which will go on to serve as the initialization for 6; in the next batch.

nature of the first and second order moment estimates being mov-
ing averages. In essence, the Adam optimizer could be considered
to hold a ‘memory’ of previous updates through the moment
estimates. This can help to balance the update step sizes, reducing
the risk of overly large updates in steeper gradient regions and
ensuring sufficient movement in flatter areas. This adaptability
enhances the optimizer’s ability to navigate the loss landscape
efficiently.

2.3 First-order MAML with shared Adam state

In the work presented here, we combine the first-order MAML
(FOMAML) training method presented in Algorithm 1 with the
Adam optimization method presented in Algorithm 2. We choose
to forgo the calculation of second-order gradients in the interest
of computational efficiency, as we find our results to be satisfac-
tory with the first-order approximation.

Crucially, we also share the Adam state (i.e. the latest values
of my, v;, B1, and B,) between the inner and outer update loops.
We find that by sharing the Adam state between the task-specific
and meta updates, the model converges significantly faster and to
a better performing set of meta-parameters than when the inner
and outer loops hold unique Adam states.

A possible explanation for this improved performance could
arise from the accumulation of losses across tasks in line 9 of
Algorithm 1. By sharing the Adam state, the first and second
moment estimates encode gradient information from multiple
tasks. We therefore not only encode meta-information in the ac-
cumulated loss, Lneta, but also the outer learning rate, A, po-
tentially leading to more stable meta-updates. In line with this
hypothesis, we observed similar fine-tuning performance post
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meta-training when reusing the same Adam optimizer used in
the meta-training, and when instantiating a new Adam optimizer
with a fresh state. This suggests that the shared Adam state is
primarily useful for the meta-update step, rather than the task-
specific inner loop updates.

We caution that while improved performance is seen from
sharing the Adam state between inner and outer updates in this
context, it may not be observed in cases where the tasks dif-
fer significantly. When task gradients are poorly aligned, shared
moment states could lead to gradient interference, reducing the
efficacy of the meta-updates.

2.4 The cosmic shear angular power spectrum

Gravitational lensing occurs when light rays pass through space-
time distortions caused by the presence of mass, as predicted by
Einstein’s theory of General Relativity. When light from a distant
source galaxy passes through the gravitational potential of a mas-
sive object, the change in the light rays’ paths causes us to observe
an image of the source galaxy with a distorted shape, compared
to its true shape.

Weak lensing considers those distortions which are small
enough as to only be detectable statistically, through correlating
the shapes of many background galaxies. The two most common
weak lensing measurements consider either the lensing around
particular foreground ‘lens’ galaxies — known as galaxy-galaxy
lensing — or correlations in the integrated lensing along the line-
of-sight-known as cosmic shear (CS). For a full review on weak
lensing see M. Bartelmann & P. Schneider (2001).

We can estimate the cosmic shear signal by correlating the
shapes of all pairs of source galaxies in a weak lensing sample.
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By studying the strength of this correlation for galaxy pairs with
different on-sky separations we can observe how the strength
of the cosmic shear signal changes with galaxy separation. The
observable described here is the two-point angular correlation
function of cosmic shear, and its Fourier space equivalent is the
angular power spectrum (APS), which we will seek to emulate in
this work.

Many surveys (see for example, C. Hikage et al. 2019; C.
Heymans et al. 2021; T. M. C. Abbott et al. 2022) bin galaxies
tomographically by their redshift, allowing us to observe how
the cosmic shear signal has evolved through cosmic time. Under
the Limber approximation (see for example, C. D. Leonard
et al. 2023), the 2D cosmic shear angular power spectrum
for a given combination of tomographic bins can be written
mathematically as:

Cff(t’):/dx M(X))(LZW(X)PBCZUZ,Z(X)), @

where the superscript G refers to lensing, ¢ is the 2D angular
multipole, x is the comoving distance along the line of sight
which is a function of redshift, z. P; refers to the 3D matter power
spectrum, which is a function of both on-sky and line-of-sight
separation, and W; and W; are the lensing efficiency kernels for
tomographic bins i and j given by,

dz x' —x

3H?Q
AL e 3)

Wi(x) = @

o f dx'Niz(x'))

where H, refers to the Hubble constant, 2,, is the matter fraction
of the universe, c is the speed of light in vacuum, a(x ) is the scale
factor at a given line-of-sight comoving distance x, and N(z(x"))
is the redshift distribution of the source galaxies.

As is apparent from equations (2) and (3), Cle has a clear
dependence of the redshift distribution of sources, N(z). Addi-
tionally, CIGJG is often computed for the correlations of multi-
ple different tomographic bins. For example, in a survey with
five tomographic bins, these integrals (implicit in which is the
prior computation of P; with a Boltzmann solver) would need to
be projected over 15 unique bin combinations at every step of
an MCMC analysis, to obtain a set of cosmological constraints.
While direct emulation of the matter power spectrum removes
the cost of Boltzmann and non-linear modelling, the repeated
projection required to obtain all the required APS remains a non-
negligible component of the likelihood evaluation, as illustrated
in Appendix A.

As mentioned previously, real survey distributions are often
complex and attempting to parametrize them for use in a NN is
not feasible (though methods such as auto-encoders have been
proposed to enable this; Y. H. Zhang et al. in preparation). There-
fore, in this work, instead of directly encoding information on
the redshift distribution as input, we seek to find some meta-
parameter initialization that allows for rapid adaptation to spe-
cific distributions, enabling the network to emulate APS with
sufficient accuracy that it can be used as a surrogate for equation
(2) in an MCMC analysis.

Itis important to note at this stage that the problem of adapting
to different redshift distributions is intended as a basic starting
scenario to investigate the applicability of MAML in a cosmo-
logical context. To build a versatile emulator capable of adapting
to a wide range of novel scenarios, such as different systematic
models and gravity theories, would likely require much larger
volumes of training data and more rigorous testing which we
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leave to future work. In this work, we seek to investigate through
a simpler problem whether the MAML algorithm is a possible
means by which such an emulator could be built. However, in
the interest of further motivating future applications of MAML
to changing systematic models, we separately perform in Ap-
pendix B an exploratory analysis on MAML’s ability to adapt to
changing intrinsic alignment contaminations.

3 BUILDING AND TRAINING THE MAML
EMULATOR

In this section, we describe the set-up of our MAML emulator,
covering the model architecture, training data, and validation of
model performance. We use the autodifferentiation library py-
TORCH to build and train the emulator networks and make the
code publicly available.?

3.1 Emulating angular power spectra in 2D

In cosmological analyses of probes such as weak lensing, mea-
sured quantities are often highly covariant. For example, large-
scale overdensities typically correlate with smaller-scale overden-
sities in the same region due to non-linear hierarchical clustering.
Furthermore, cross-correlated APS from different tomographic
bins naturally share correlations, making elements of a cosmo-
logical data vector inherently covariant.

While such covariances can complicate parameter inference,
they can be advantageous for emulation. Inference pipelines typ-
ically use a data vector formed by concatenating APS from all
unique tomographic bin combinations, as in Fig. 1, where the C,
panels show 15 concatenated spectra. A simple fully connected
network, such as a multilayer perceptron (MLP; L. B. Almeida
1996), may struggle to capture both correlations between spectra
and the correlations within each spectrum simultaneously.

To address these challenges, we propose a hybrid approach,
illustrated in Fig. 2. The input parameters are first passed through
a larger projection layer, which is then reshaped into 2D. This
2D projection is processed by convolutional layers (see K. O’Shea
& R. Nash 2015), allowing the network to exploit the strengths
of CNNs in learning spatial correlations, and thus capture the
correlations expected to be present in the data vector. The output
of the final convolutional layer is flattened and passed to a final
1D layer which condenses the result and outputs the emulated
data vector.

The architecture in Fig. 2 was selected after experimenting with
a range of alternatives, including deep multilayer perceptrons.
However, as the focus of this work is to investigate the use of the
MAML algorithm in cosmological emulation, we do not provide
adetailed comparison of different architectures here, leaving that
to future work.

In developing this design, we found that pooling operations (A.
Zafar et al. 2022), which group pixels to capture multiscale corre-
lations, degraded network performance, likely due to the loss of
resolution. Rather than upscaling the latent space and increasing
network parameters, we instead use dilated convolutions (F. Yu &
V. Koltun 2016) to expand the receptive field without resolution
loss. We employ increasing levels of dilation in successive con-
volutional layers, enabling the network to learn correlations over

2https://github.com/CMacM/CosyMAML
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Figure 2. Diagram illustrating the architecture of the neural network used in this work. We take a hybrid approach, combining fully connected linear
layers with convolutional layers in order to capture correlated values in the power spectra data vector as spatial correlations in 2D. Increasing levels of
dilation are applied in each layer of the CNN subnet to capture correlations across different scales. The final convolutional outputs are flattened and fed
as inputs to a fully connected output layer, which produces the emulated data vector. Images used in the convolutional layers are real activations from

the network.

a range of scales. As shown in Fig. 2, dilated sets of green pixels
map to a single pixel in the following layer.

Although not depicted in Fig. 2, dropout (N. Srivastava et al.
2014) is applied within the network. Dropout randomly disables
nodes during training, which helps prevent overfitting and also
allows us to estimate prediction uncertainty arising from the
network architecture. We use a dropout rate of 0.2 during both
training and fine-tuning, enabling all nodes at test time to use
the network’s full capacity for predictions.

We train the emulator with the mean squared error (MSE) loss
function for both inner and outer loops. The data vector is log-
transformed prior to training, and we standardize both the input
parameters and the log-transformed data vector to zero mean and
unit variance. This promotes stable training and mitigates issues
such as exploding or vanishing gradients that can arise from very
large or small values in the network.

3.2 MAML pre-training data sample

For the MAML training procedure considered here, we must gen-
erate data vectors with different underlying redshift distributions.
We choose two models for the redshift distribution, the first of
which is the Smail-type distribution (I. Smail, R. S. Ellis & M. J.
Fitchett 1994) often seen in deep weak lensing surveys, which can
be written as:

N(z) =2* x exp [— <%> ] , 4)

where z, defines a pivot redshift and « controls the tail of the dis-
tribution at high redshift. The second model is simply a Gaussian
distribution given by,

1/(z2-2)\
N(Z)ZCXP|:—2< o )} ©)

with free parameters for the mean, z,, and standard deviation, o.
For each task in our training data samples, we randomly choose
either the Smail or Gaussian model.

Each distribution is then split into five bins each containing
equal numbers of galaxies (a commonly chosen binning scheme
for weak lensing source samples). We model noise in the redshift
distributions by adding independent zero-mean Gaussian noise
to each redshift bin. For each task, the noise standard deviation
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Table 1. Parameter ranges over which data is generated to train the
emulator. The emulator takes as input five cosmological parameters and
five parameters (8;) representing shifts in the mean redshift of each to-
mographic bin. This is intended to enable marginalization over redshift
uncertainty within an inference pipeline. The parameter ranges of the
Smail and Gaussian models used to generate the different tasks over
which the emulator with MAML train are also shown.

Parameter Training range

Emulator input parameters

Qe U(0.165, 0.45)
Q U(0.025, 0.075)
h U(0.35,1.15)
ng U(0.75, 1.15)
o3 U(0.6, 1.05)
8L U(—0.0045, 0.0045)
Smail N(z) parameters

20 U(0.1,0.2)

o U(0.6, 1.0)
Gaussian N(g) parameters

20 U(0.2,1.5)

o U(0.2,0.6)

is drawn from a uniform distribution between 0 and 0.1 and the
corresponding noise values are applied discretely to each point in
the distribution with a redshift-dependent scaling factor of (1 +
z)~!. The resulting distributions are clipped to ensure N(z) > 0
and are normalized prior to computing the cosmic shear APS.

The inputs of our emulator constitute five cosmological pa-
rameters (€2, the fraction of dark matter in the universe; €2;, the
fraction of baryonic matter in the universe; h, the reduced Hubble
constant; ng, the scalar spectral index; og, the amplitude of matter
density fluctuations on 8 A~! Mpc scales) along with shifts on
the mean redshift of each tomographic bin, 6;, for a total of 10
inputs. We include shifts in the mean of each tomographic bin to
account for the fact that surveys often have redshift measurement
uncertainties which must be marginalized over during parameter
inference.

To ensure adequate coverage of the parameter space, we use a
Latin Hypercube sampling (W.-L. Loh 1996). The range of param-
eters for the redshift distribution models and for the 10 inputs of
our emulator are shown in Table 1. The cosmological parameter
ranges are chosen to be a slightly extended version of the priors
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used later in Section 6, and the maximum shift in the mean red-
shift for each bin is derived from R. Mandelbaum et al. (2018). The
Latin hypercube is re-drawn for each unique redshift distribution.

In our training sample, cosmic shear data vectors will not
only be generated using different combinations of cosmological
parameters and tomographic bin shifts (henceforth referred to
as input parameters), but also using different underlying N(z).
We term each unique N(z) in our training sample a ‘task’ in
accordance with the meta-learning nomenclature. For each task,
there will be a number of individual data vectors generated using
different input parameter combinations. These individual data
vectors within each task are termed ‘shots’. For example,a MAML
training sample containing a total of 100 spectra could contain 10
tasks, with 10 shots per task, or 5 tasks, with 20 shots per task.
Such samples could lead to different learning dynamics and per-
formance with MAML, despite containing the same total number
of spectra. In order to produce from theory the cosmic shear data
vectors needed for training and testing, we make use of the Core
Cosmology Library (CCL; N. E. Chisari et al. 2019).3

3.3 Determining the optimal number of training samples

As discussed in Section 2.1, in the meta-update step, loss is accu-
mulated across different tasks. Importantly, the number of tasks
over which loss is accumulated in each step is a key hyperpa-
rameter (a parameter related to the training of the network or its
architecture), which we will call the ‘task batch size’. Therefore,
when attempting to determine the optimal total number of sam-
ple spectra to use for MAML training, we have three relevant hy-
perparameters we can tune: the total number of tasks available for
training, nr, the number of shots, np, and the task batch size, n,.
Note that in the limit n, = ns the model would train over every
available task in each step. This would potentially lead to faster
convergence, but at the cost of each update being much slower.
It is therefore generally preferable to train over a smaller batch
of the available data in each epoch and, with enough epochs, the
model will eventually train on all available tasks.

Given computational efficiency is a key focus of this work, we
carry out an investigation to determine the optimal number of
tasks, shots, and task batch size, as these parameters have a direct
influence on the volume of training data required. We do not
investigate the impact of changing other hyperparameters. For
the MAML algorithm, we use an initial inner learning rate of
« = 0.001 and an initial outer learning rate of A = 0.01. For each
task, we use 60 per cent of the samples as our support set, D;'",
with the remainder forming the query set, D}”. For the Adam
optimizer, we use decay rates of f; = 0.99 and 8, = 0.999, and
e=1x1078,

In order to find the optimal number of tasks, shots, and task
batch size, we carry out a grid search with a fixed random seed
across 64 combinations of these hyperparameters; using ny val-
ues of 20,60,100, and 200; np values of 100, 500, 1000, and 2000;
and ny, values of 2, 5, 10, and 20. For each combination, the em-
ulator is trained subject to an early-stopping criteria. After each
meta-update, the emulator is fine-tuned for 64 epochs on an un-
seen validation task using set of 100 data vectors, and then tested
against 4000 data vectors from this same validation task. If the
validation test loss does not improve by more than 1 x 10~ for 20

3https://github.com/LSSTDESC/CCL
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consecutive epochs, the meta-parameters are deemed converged
and training is terminated.

In order to quantify the performance of the emulator, we pri-
marily look at two values: the mean absolute percentage error
(|€]) across all points in the data vector and all data vectors in the
test sample (note that we first re-scale the emulator outputs back
to the original scale of the data vector before calculating this),
and the failure rate, fs, which we define as the fraction of test
samples with |€] > 5 per cent. Therefore, we seek to choose a set
of hyperparameters which balances the model performance with
the volume of training data required to achieve it.

The results of our grid search with respect to the aforemen-
tioned performance metrics are shown in Fig. 3. The metrics
are derived from fine-tuning the trained emulator on a new test
task (different from the validation task) for 64 epochs with 100
training data vectors, and subsequently testing the fine-tuned
emulator on 4000 test data vectors.

From both metrics, we can infer a few things. First, when a
large number of tasks is available, using a larger task batch size
leads to better performance. This can be seen from the diamond
points representing a total sample of 160 tasks, which achieve the
best performance in general with n, = 20 (though for np = 1000
we do see slightly better performance with n, = 10).

Secondly, using too large a task batch size relative to the num-
ber of tasks and shots can also harm performance. This is clearly
shown by the points for ny = 20 and ny = 40, which often show
poorer performance when using task batch sizes greater than 5.
While accumulating loss over larger batches can reduce variance
in the meta-update steps and lead to faster convergence, it can
also result in overfitting. It is likely in this case that accumulating
loss over too large a portion of the task sample in each meta-
update led to this emulator overfitting to the training sample, and
thus when presented with a novel task, it was unable to effectively
generalize.

Finally, and most saliently, we see greatly diminishing returns
beyond a certain total number of sample data vectors. To strike a
balance between the volume of training data needed and network
performance, we opt to use ny = 20, np = 500, n, = 5, resulting
in a total of 10000 training samples. The points corresponding to
this choice are indicated by the red boxes in Fig. 3.

4 COMPARING MAML TO STANDARD
SINGLE-TASK TRAINING

In this section, we compare the performance of a MAML-trained
emulator on a novel, unseen task with that of an emulator pre-
trained using standard methods on a single task. This novel test
task is the LSST Year 1 redshift distribution, as defined in R.
Mandelbaum et al. (2018). This comparison reflects a realistic
scenario where a standard, non-MAML emulator has been pre-
viously trained on a specific galaxy sample, and we desire to
repurpose it for use with another galaxy sample or a different
selection. More specifically, we seek to identify whether MAML
training provides any benefits in this context over more standard
approaches.

It is important to note here that the LSST Y1 distribution pa-
rameters fall within the range used to generate the MAML train-
ing tasks and as such this is considered to be an in-distribution
test. We will later investigate the performance of the MAML em-
ulator when adapting to a novel, out-of-distribution task.
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Figure 3. Mean absolute percentage error (left) and failure rate (right) on the test task, using emulators trained with different numbers of tasks, shots
and task batch sizes. The colour of each point is defined by the number of shots, while the marker style represents different numbers of tasks. The size
of each marker is determined based upon to the total number of samples required (number of tasks multiplied by number of shots). Groups of points
sharing the same task batch size are shown in separate shaded blocks, with the task batch size denoted on the horizontal axis. The point representing

the parameters used in this paper is indicated by the red box.

4.1 Pre-training an emulator on a single task

To pre-train a standard, single-task emulator for comparison with
MAML, we use the same total number of samples as for the
MAML emulator, but distributed over a single task, such that
nr = 1, np = 10000. We choose a Gaussian redshift distribution
for the pre-training task to ensure distinction from the Smail-
type LSST Y1 distribution used for testing. We also tested the
case where both pre-training and fine-tuning are performed on
Smail-type distributions. In this setting, the performance gap be-
tween MAML and the single-task emulator narrowed, though
MAML retained a slight average advantage and, importantly,
showed more stable behaviour across stochastic training real-
izations. However, because adapting between two very similar
task families is a relatively undemanding scenario, we focus here
on the more challenging Gaussian-to-Smail case, which better
reflects the aim of assessing adaptability across distinct survey
conditions.

Similar to how in the MAML algorithm we only train on a batch
of the total available tasks in each epoch, we train our single-
task emulator using batches of 2500 samples randomly selected
from the 10000 available samples. This ensures at each epoch in
the training process, the single-task emulator has seen the same
number of samples as the MAML emulator (which itself sees 500
samples for each of the five tasks selected in each outer epoch).

Asin the case of the MAML emulator, we train until the loss on
avalidation set of 4000 unseen samples from the training task has
not improved by more than 1 x 10~* for 20 consecutive epochs
(note that since in this case we are only training on a single task,
this single-task emulator does not need to be fine-tuned before
being tested on the validation set).

Once the single-task emulator is trained, we fine-tune it, along
with the MAML emulator, to a novel task (i.e. emulating spec-
tra derived from an unseen redshift distribution), using different
combinations of shot numbers and fine-tuning epochs. When
fine-tuning, we reinitialize the Adam optimizer for each emu-
lator, such that the pre-training moments do not affect those in
the fine-tuning stage. We found this resulted in slightly better
performance than re-using the optimizers from the MAML and
single-task pre-training.
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4.2 Accounting for stochasticity in machine learning

There are a number of places where stochastic processes can
have an impact on the performance of each emulator, potentially
leading to an unfair comparison. The first is via the network
weight initializations. Given we use same network architecture in
each case, we can easily control for this simply by using the same
random seed in both the MAML pre-training and single-task pre-
training. This ensures both emulators start with the same weight
initializations, and the same nodes are dropped out in each step
of the pre-training process. Of course, given the intention here is
to compare two different training processes, the emulators should
and will still diverge as pre-training progresses.

Of particular importance are stochastic effects in the fine-
tuning and testing processes. Perhaps the most obvious source of
stochasticity in the emulators’ test performances arises from the
choice of samples used to fine-tune and test each emulator. In
order to control for this, we vary the random seed used to shuffle
and split the data set into training and test samples.

An important caveat to this approach is that using the same
random seed does not guarantee reproducible results when using
PYTORCH. This is because the CUDNN (S. Chetlur et al. 2014)
library used by PYTORCH to compile the code to run on a GPU
contains optimization processes that can result in different algo-
rithms being used between different runs, even when the same
GPU is used. While it is possible to run PYTORCH determinis-
tically by disabling the algorithmic optimization, this can lead
to significantly worse performance. In our case, disabling the
algorithmic optimization led to a factor of 50 increase in runtime
on GPU. We can also run deterministically using CPUs, where
we observe a comparatively much lower factor of 20 increase in
runtime using 48 cores.

However, given the primary aim of this work is to investigate
more computationally efficient methods for building cosmolog-
ical emulators, we argue that it would be inappropriate not to
consider the most computationally efficient method of training
and running the emulator, which is of course using GPUs. There-
fore, if an emulator’s performance is significantly impacted by the
CUDNN optimization routines, this should be taken into consid-
eration alongside the variation in performance due to the choice
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Figure 4. Mean absolute percentage error (left) and failure rate (right) on the test task, for the single-task (orange) and MAML (blue) trained emulators.
The solid lines represent the mean value of each metric over 20 unique random seeds, and the shaded regions illustrate the 1o standard deviation.
The insets show a zoomed in view of the results between 100 and 1000 samples. We can see that the MAML emulator achieves lower mean absolute
percentage error for all numbers of fine-tuning samples, though both have similar failure rates. Importantly however, the MAML emulator appears to
show less deviation in performance with different random seeds, suggesting it is more robust to changing CUDNN optimizations and fine-tuning samples.

of training samples. As such, we do not force CUDNN to run
deterministically when varying the seed, meaning any variation
in performance observed will be not only due to do differences in
the fine-tuning and test data, but also algorithmic choices made
by CUDNN.

4.3 Performance metrics comparison

Each emulator is fine-tuned to the novel task using 40 different
numbers of fine-tuning samples, uniformly spaced between 10
and 1000, in order to investigate the difference in performance
between the two emulators across a range of fine-tuning sample
sizes. We chose to train for a set number of 64 epochs (determined
by visual inspection of the training loss) rather than checking
convergence on a validation set. This is because in testing we
found the convergence check to be unreliable when using a vali-
dation set of only O(10) to O(100) samples.

Once fine-tuned, the emulators are then tested on 20 000 un-
seen samples.* For each fine-tuning sample size, we test 20 differ-
ent random seeds to obtain an estimate of the mean and variance
on |é| and fs5 with respect to the chosen fine-tuning samples and
varying CUDNN optimizations.

Fig. 4 shows the results of this test. We can see the MAML em-
ulator on average outperforms the single-task emulator in terms
of |é], though the difference is perhaps less significant than one
might initially expect. Given that both emulators achieve similar
values of fs, it suggests that the lower value of |€| is the result
of reduced scatter in the MAML emulator’s predictions. We will
go on to see later how this performance translates in the context
of cosmological parameter inference, but these results suggest
that a cosmic shear angular power spectrum emulator trained
for a single galaxy sample/redshift distribution, can be retrained

41t should be noted that the input parameter space for the novel task is
sampled via a Latin hypercube sampling of 30 000 points. Therefore, each
fine-tuning sample and test sample are drawn from within this larger hy-
percube. We tested the impact of drawing new Latin hypercubes for each
number of fine-tuning shots to ensure coverage of the parameter space,
but found no significant difference in emulator performance compared
to simply subsampling from the larger hypercube, likely indicating the
hypercubes are over-sampled relative to their dimensionality.

with relatively little expense for application to a novel sample and
still achieve good performance. Interestingly, the MAML emu-
lator also exhibits more consistent performance with respect to
different random seeds, with the 1o deviation in performance for
each fine-tuning sample number being narrower than that of the
single-task emulator on both |€| and fs.

Again, it is important to state that both emulators have pre-
trained on the same total number of spectra and subsequently
been fine-tuned and tested using the same samples, but by split-
ting these spectra across multiple redshift distributions and using
the MAML training algorithm, the MAML emulator is able to
achieve better, more consistent performance.

We also performed this same test using different numbers of
fine-tuning epochs, from 32 up to 512. While 32 epochs showed
slightly diminished performance in both emulators, increasing
the number of epochs beyond 64 did not show any significant
benefit. We also did not observe any significant difference in the
relative performance of the emulators, and so we do not include
these tests here.

4.4 Computational requirements of MAML and
single-task training

Given that a key motivation of this work is related to the compu-
tational burden of cosmological inference and training cosmolog-
ical emulators, it is important that we consider the relative pre-
training time for each emulator. Since the MAML algorithm con-
tains two optimization loops, it is naturally slower than training
an emulator in the standard fashion on a single task. The hard-
ware used for these tests constituted a single Nvidia(R) A40 GPU
and two Intel(R) Xeon(R) Gold 5220R CPUs, with a combined
core count of 48. Note that when we later refer to CPU core-hours,
we are considering the time required when utilizing a single core
on this model of CPU and when we refer to GPU hours, we are
considering time required when fully utilizing the A40 GPU. We
choose this nomenclature in order to simplify the interpretation
of the wall times presented.

Once pre-trained, both emulators require the same amount of
time to fine-tune and make predictions; we do not account for
this in our comparison. Fine-tuning for such few epochs on such
few samples is so rapid (O(1073) GPU hours or O(10~%) CPU
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Figure 5. Ratio of mean absolute percentage error (left) and failure rate (right) on the test task for the fresh emulator with respect to the MAML emulator.
The horizontal axis shows increasing numbers of training samples used to train the fresh emulator, while the number of samples given to fine-tune the
MAML emulator remains fixed at 100. We see that the fresh emulator starts to match or exceed the performance of the MAML emulator once more than
about 8000 samples are provided for training. The solid lines show the average ratio for 20 different selections of training and test data, while the shaded

region indicates the 1o deviation in the ratios across these 20 selections.

core-hours) that it is effectively negligible in comparison to the
time required to generate pre-training data vectors or perform an
MCMC analysis.

Both emulators are trained using a total of 14 000 sample data
vectors, which require 11.2 CPU core-hours to generate (note
that the cost of generating multiple redshift distributions for
the MAML sample is negligible). For the single-task emulator,
pre-training takes approximately 0.014 GPU hours, or 10 CPU
core-hours. For MAML, this increases to 0.044 GPU hours, or 30
CPU core-hours. Clearly, MAML training presents a significant
overhead, tripling the time required to pre-train the emulator.
One might initially expect the overhead should only double the
training time, as there is only one extra training loop, however,
extra time is required since the inner loop performs five itera-
tions before each meta-update, and the convergence check for the
MAML emulator requires a small fine-tuning step on the unseen
task before the validation loss can be estimated.

The picture is somewhat changed if we also include the time
required to generate the training data vectors. Including this
time, the difference between training the single-task and MAML
emulator becomes almost negligible when a GPU is available.
Without the availability of a GPU, MAML training (including
time to generate training data) overall takes roughly twice as long
as training for a single task. Therefore, whether MAML training
is worthwhile in this case largely depends on the computational
resources available, and how well the emulator is required to per-
form for the given task. In the context of pre-training an emula-
tor for generalizability, re-application to different survey samples
and for use by researchers without access to high-performance
computing facilities, it is likely those who are pre-training the
emulator will have access to GPU hardware. As such, MAML
training appears to provide a noticeable benefit in accuracy for
very little overall increase in training time.

5 COMPARING MAML TO AN UNTRAINED
EMULATOR

In this section, we will seek to compare the performance of our
pre-trained MAML emulator to that of an emulator which is
trained from scratch for the novel task. The intention here is to
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investigate how much training data and compute time would be
required to build an emulator from scratch for each new task,
and thus determine whether building a MAML emulator for fine-
tuning to new problems shows any real benefit over simply con-
structing new emulators for each task.

5.1 Baseline comparison: in-distribution tasks

To carry out this comparison, we fix the MAML emulator fine-
tuning parameters to 64 epochs and 100 samples. We choose 100
samples as we are interested in fine-tuning with as few samples
as possible and beyond this point we see diminishing returns in
performance from Fig. 4. We then train a new emulator with
no prior training (henceforth referred to as the ‘fresh’ emulator)
on the LSST Y1 test task, once again using the random seed to
initialize the model. We test 40 different numbers of training
samples for the fresh emulator uniformly distributed between 10
and 10000 (note that where the number of training samples for
the fresh emulator exceeds the number of fine-tuning samples for
the MAML emulator, we use the first 100 samples of the training
set for fine-tuning). Given here we are considering a case where
an emulator is built from scratch with limited data to compare to a
fine-tuned MAML emulator, we do not implement a convergence
check using a validation sample and instead train for 64 epochs
in all cases, as no validation sample was used for fine-tuning the
MAML emulator or single-task emulator in the previous section.

Once trained, the fresh emulator and fine-tuned MAML em-
ulator are tested on the remaining samples of the 30 000 sample
data set. We repeat this process for 20 random seeds (note that
we only vary the seeds used to select the training, validation, and
test data; the seed controlling the network weight initializations
and layer dropouts remains fixed). As the MAML emulator was
trained using a batch of 5 tasks with 500 samples per task, we also
train the fresh emulator with a max batch size of 2500. In cases
where the total number of training samples is less than this value,
we simply train on all samples simultaneously.

The results of this test are shown in Fig. 5, where we plot
the ratio between the performance of the fresh emulator and the
MAML emulator. We see that the fresh emulator underperforms
the MAML emulator, until a training sample size of 8000 samples
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Figure 6. Ratio of mean absolute percentage error (left) and failure rate (right) for the fresh emulator with respect to the MAML emulator. In this case,
a multi-modal Gaussian distribution is used for the test task, to test how well the MAML emulator adapts to out-of-distribution tasks. The horizontal axis
shows increasing numbers of training samples used to train the fresh emulator, while the number of samples given to fine-tune the MAML emulator
remains fixed at 100. We see that the fresh emulator starts to roughly match the performance of the MAML emulator once more than 4000 samples are
provided for training. As in the previous plots, the solid lines show the mean ratio for 20 different selections of training and test data, while the shaded

region indicates the 1o deviation in the ratios across these 20 selections.

is reached. With increasing numbers of training samples from
this point, the fresh emulator is able to equal or better the MAML
emulator’s performance.

Comparing this value to the total number of 10100 samples
used to pre-train and fine-tune the MAML emulator, this strongly
suggests MAML training is worth considering in cases where an
emulator is expected to be re-used for different galaxy samples
(such as for various subsamples within a survey), as the num-
ber of training samples generated need only be increased by 25
per cent.

5.2 Out-of-distribution comparison: Multimodal Gaussian
distribution

An interesting point of comparison to a freshly trained emulator
is the case of out-of-distribution tasks, i.e. redshift distributions
with parametrizations outside the range of tasks over which the
MAML emulator was pre-trained.

In order to make this test particularly challenging, we consider
a novel task redshift distribution that is multimodal, constructed
via the combination of three distinct Gaussian distributions.
We note that the key challenge here is the multimodality itself;
whether the peaks arise from Gaussians or from mixing Gaussian
and Smail distributions would only make minor quantitative dif-
ferences. This is because the lensing kernel integrates over the
full redshift distribution, so the dominant factor for emulator
performance is the presence of multiple separated peaks rather
than the exact analytic form of each component.

Whilst such an extreme distribution is unlikely to be observed
in reality, the intention of this comparison is simply to assess how
well the MAML emulator can generalize to a task well outside the
distribution of tasks on which it was pre-trained.

The results of this test are shown in Fig. 6. We see that, in
this case, the freshly trained emulator outperforms the MAML
emulator after only 4000 training samples. This suggests that
the meta-parameters obtained through the MAML training are
most suitable for tasks within the range of those over which the

emulator was trained. However, given the freshly trained emu-
lator still requires more training samples than are required by
MAML fine-tuning to achieve the same performance, it does in-
dicate that some of the features learned by the MAML emulator
in its pre-training are applicable to the out-of-distribution task.

To further support this, better performance on the out-of-
distribution task can be obtained from the MAML emulator by
providing more fine-tuning samples. We do not show a compar-
ison of this here, but as a general trend, we observed that to
achieve the same performance between a freshly trained emula-
tor and a fine-tuned MAML emulator on the out-of-distribution
task, the fresh emulator required 40 times as many training sam-
ples, compared to 80 times as many for an in-distribution task.
Whether this means the emulator has truly ‘learnt to learn’ or
has simply built a robust set of features for changing redshift
distributions is an avenue of investigation which we leave for
future work.

6 COMPARING EMULATORS WITHIN AN
MCMC ANALYSIS

Thus far, we have looked at specific metrics to measure the accu-
racy of emulators trained in three different ways. However, given
a primary objective of creating such emulators is to accelerate
cosmological inference pipelines, it is important that we compare
their performance in terms of the emulated posteriors obtained
using an inference technique such as MCMC, as quantifying the
error on emulated test data vectors does not alone tell us how well
an emulator will perform when used for parameter inference.
To provide a baseline point of comparison, we run a full MCMC
analysis using CCL to generate from theory the spectra for each
sample in the chain. The cosmological parameter values which
define the fiducial cosmology used here are shown in Table 2,
along with corresponding priors. The redshift distribution used
for the MCMC analysis is the same LSST Y1 distribution as used
for the novel task considered in Section 4. To obtain a covariance
matrix associated with our fiducial data vector (which itself is
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Table 2. Parameter values of the fiducial data vector used in the MCMC
analyses and priors on the sampled values. The prior ranges are chosen in
order to provide ample space for the posterior distributions to be sampled
without being cut off by the prior, except in the case of 8; where an infor-
mative prior is used, whilst also ensuring the emulators are not required to
train over a significantly larger region of parameter space than necessary.

Parameter Fiducial value Prior

Qe 0.27 U(0.17,0.4)
Q 0.045 U(0.03, 0.07)

h 0.67 U(0.4,1.1)

o3 0.83 U(0.65, 1.0)
ng 0.96 U(0.8,1.1)

8L 0.00 U(—0.004, 0.004)

generated using CCL and our fiducial parameters) we use TJP-
coVv® to construct a matrix representative of an LSST Y1 like
sample, with a galaxy number density of Ny = 10 arcmin 2 and
shape noise o, = 0.26.

To sample the posterior distribution, we make use of the EM-
CEE (D. Foreman-Mackey et al. 2013) package. For both the base-
line CCL inference and the emulator-based inferences, we use 76
walkers initialized in a Gaussian ball with a 10 per cent spread
around the fiducial parameter values, and check convergence ev-
ery 1000 steps by computing the autocorrelation time for each pa-
rameter. We consider the chains converged when the total chain
length exceeds 50 times the estimated autocorrelation time for all
parameters.

In the CCL-based MCMC analysis with a theoretical likelihood,
convergence was reached after 15000 steps of the chain. For
the hardware used in this work, this equates to approximately
1225 CPU core-hours. Due to the simpler parameter space we are
considering here, this is much lower than typical cosmological
inference problems. For example, the 24D MCMC sampling done
in C. M. Mill et al. 2025 takes around 9000 CPU core-hours to
converge.

For the emulator-based MCMCs, we also use the EMCEE pack-
age, but additionally consider the case where a GPU is used to
produce the emulated power spectra in the likelihood function.
Convergence in the emulated chains is achieved in 17 000, 18 000,
and 20 000 steps for the single-task, MAML and fresh, which all
equate to approximately 300 CPU core-hours or 1 GPU hour. The
variation in steps required for convergence is the result of both
stochasticity in the sampling process and errors in the emula-
tor predictions, hence why we see the fresh emulator takes the
longest to converge. It is worth noting that greater computational
performance improvements could likely be achieved by using an
MCMC sampler designed for GPU based sampling, which we
do not investigate here, but mention as a possibility for future
work.

To fine tune each emulator before it is used to generate the
posterior samples, we create a fine-tuning data set of 100 spectra
using a Latin-hypercube sampling of the full prior range. Each
emulator is then trained on these samples over 64 epochs. The
resulting parameter constraints obtained from each sampling are
shown as contour plots in Fig. 7. (Note that here we combine
Q. and €, into the total matter fraction, €2,,, as weak lensing is
primarily sensitive to their sum).

Shttps://github.com/LSSTDESC/TIPCov
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We see that all emulators recover the baseline constraints ob-
tained using CCL reasonably well, though the fresh emulator is
somewhat biased. Encouragingly, the MAML emulator appears
to perform the best, with constraints well-centred on the CCL-
based constraints, although in some parameters does appear to
slightly overconstrain. The difference between the MAML and
the single-task emulator’s constraints appears small.

As weak lensing and cosmic shear primarily depend on the
total matter fraction, ,,, and the amplitude of matter density
fluctuations, og, we calculate the commonly studied parameter
Sg = 03+/Q,/0.3 and visualize the constraints in the Sy - @,
plane in Fig. 8. This allows us to compare the performance of each
emulator in greater detail, focusing on the parameters to which
the emulated spectra are most sensitive.

In this plane, we see the MAML emulator clearly obtains the
most similar constraints to the baseline constraints. This suggests
that the similarity seen between the emulator’s constraints on the
parameters to which cosmic shear is less sensitive, in Fig. 7, may
be partly due to the covariance modelled for the fiducial data
vector and the weaker dependence of the cosmic shear angular
power spectrum on these parameters. This is encouraging for the
use of MAML, as it shows the small performance gains observed
in Section 4 do translate into more accurate constraints on the
most sensitive parameters.

However, it is important to note that the bias to inferred param-
eter values as a result of using the emulators in place of the Boltz-
mann codes used by CCL is considerably lower in all cases than
potential biases which could arise due to the misspecification of
model systematics, the later of which could realistically reach
1 — 20 in a cosmic shear analysis (see for example, A. Campos,
S. Samuroff & R. Mandelbaum 2023).

We also tested chains using different numbers of fine-tuning
samples and found beyond 500 samples, all emulators produced
very similar results. This is not unexpected, as providing more
fine-tuning samples will allow all the emulators to learn better
representations of the emulated function. The implication here is
therefore that the MAML emulator is able to achieve close to its
peak performance (within an MCMC chain and given the covari-
ance matrix we have constructed) after 100 fine-tuning samples,
while the other emulators require comparatively more to produce
the same results.

In the simplistic scenario we consider here, the additional com-
putation time of 500 fine-tuning samples compared to 100 is not
significant. However, for more complex scenarios where the eval-
uation of each sample is more expensive and the model may re-
quire more fine-tuning samples to produce accurate constraints,
the lower fine-tuning data requirement of MAML may be more
desirable, if the pre-training process does not pose a problem.

To provide a quantitative metric of how the constraints from
each emulator compare to the baseline, we calculate the Bhat-
tacharyya distance, Dp, for the 2D Sg — Q,,, emulated posterior
distributions and the baseline posterior distribution. In the Gaus-
sian case, the Bhattacharyya distance (A. Bhattacharyya 1946) is
defined as,

1 1 2]
Dp(P,Q) = —(up — 1) S (up — o) + s In | ———=—1.

8 2 \VIZplXql

(6)
where £ = 1(Zp + 2q). up and yq denote the mean vectors of
distributions P and Q, with X, and X, as their covariance ma-
trices. We take the baseline posterior samples as distribution P,
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Figure 7. Parameter constraints from all MCMC chains. The black contours are obtained by using CCL in the likelihood function to compute the angular
power spectra from theory. The blue, green, and orange contours are obtained using the single-task, fresh, and MAML emulators respectively, with the
fiducial cosmological parameters indicated by the black squares. The fresh emulator shows a small bias from the CCL constraints while both the MAML

and single-task emulators recover all constraints well.

and the posterior for each emulator as distribution Q. For the
MAML emulator, we find Dg = 0.008, for the single-task pre-
trained emulator, Dy = 0.038, and for the freshly trained emu-
lator, Dg = 0.243. This reinforces the previous observation that
the posterior distribution obtained using the MAML emulator is
indeed the most similar to the baseline posterior.

7 CONCLUSIONS

In this work, we have investigated the use of the MAML train-
ing algorithm in order to train a cosmic shear angular power

spectrum emulator for rapid adaptation to different galaxy sam-
ples, with very few training data. Whilst MAML has been exten-
sively studied in the field of machine learning, its use for train-
ing cosmological emulators has not until now been explored. As
such, our focus was on a controlled toy problem with a simplified
treatment of survey uncertainties, which allowed us to investigate
in detail MAML’s ability to adapt to changing source redshift
distributions, including the computational requirements and per-
formance of MAML for cosmological emulation as compared to
standard training methods both in terms of raw emulation accu-
racy and MCMC derived cosmological constraints.
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Figure 8. Constraints on Sg and 2, from CCL-based and emulator-
based MCMC chains. The same conventions as in Fig. 7 are used. In this
plane we see a more noticeable difference between the three emulators,
with MAML clearly recovering the best constraints.

Future work should seek to determine whether the results
found here extend to cases where the emulated spectra and task
diversity are more complex still. A particularly natural exten-
sion would be to explore MAML’s ability to adapt to changing
systematic models, and to further motivate this we included in
Appendix B an exploratory investigation of MAML in a highly
simplified intrinsic alignment scenario. Additional extensions
could involve the inclusion of baryonic feedback, changing grav-
ity models and dark energy parametrizations, and more realistic
treatments of photometric redshift uncertainty.

We also devised a neural network architecture for power spec-
trum emulation based on convolutional layers, with the goal of
better capturing correlations between different tomographic bin
combinations in the emulated data vector. Whilst we did not
investigate in detail the optimal architecture here, it would be
interesting to consider in future whether certain architectures
perform better with MAML training, particularly for cosmolog-
ical emulation.

Our grid search analysis to identify the optimal number of
different training tasks (unique redshift distributions), samples
(spectra generated using different sets of cosmological parame-
ters) and the number of tasks to include in each training batch,
showed diminishing returns when the total number of training
spectra (the product of the number of tasks and samples) ex-
ceeded 10,000. We therefore settled on training using 20 tasks,
500 samples per task, and 5 tasks per batch for the best bal-
ance between model performance and the volume of training
data required. This relatively low number of tasks suggests the
task complexity and/or the variation in the network required to
produce accurate results for each task is low, further motivating
the need to increase the complexity of the emulation problem in
future work, in order to test more rigorously the potential benefits
of MAML training.

RASTI 5, 1-17 (2026)

When comparing the performance of the MAML and single-
task pre-trained emulators on a novel unseen task in the context
of changing redshift distributions, we found the MAML emula-
tor produced on average more accurate emulations and showed
less variability in its performance when provided with differ-
ent training samples. This indicates that in the scenario consid-
ered here, MAML training does provide measurable performance
gains when fine-tuning an existing emulator to a novel task. The
additional pre-training overhead of MAML is negligible in the
case where a GPU is available, though becomes more significant
if the emulators are trained using CPUs. It is likely the addi-
tional overhead will become more significant as task complexity
increases and a larger volume of pre-training data and tasks is
required. Future work should seek to identify the scaling of this
overhead relative to the performance gains observed with MAML.

Similarly, attempting to train an emulator from scratch for
a new problem in this case required significantly more data to
achieve the same performance as the fine-tuned MAML emu-
lator. If we also consider the pre-training data used for MAML,
the freshly trained emulator required about 80 per cent of the
number of samples used to pre-train and fine-tune the the MAML
emulator. This suggests in cases where an emulator is likely to
be re-purposed/re-used MAML training is highly preferable to
building a new emulator from scratch, though again, it remains
the subject of future work to determine whether this holds for
more complex emulation scenarios.

In order to place our results in the context of cosmological in-
ference, we investigated the use of all three emulators to generate
posterior samples within an MCMC analysis. Use of the MAML
emulator produced the most similar posterior distributions to a
baseline comparison calculated from theory, whilst all emula-
tors were able to recover the majority of the baseline constraints
with reasonable accuracy. For the most sensitive cosmic shear
parameters of Sg and €2,,, we saw a larger discrepancy in the
emulator constraints, with MAML clearly producing the most
accurate constraints relative to the baseline. Future work should
consider the impact of sampling choices on these constraints,
such as the use of different prior ranges, walker initializations, or
even sampling algorithms. The consideration of additional sys-
tematics would also lead to larger uncertainties and potentially
more similar results between each emulator.

Our results indicate that MAML shows promise as a means
of training adaptable cosmological emulators. In future, such an
approach may enable the development of more generic power
spectrum emulators, capable of adapting not only to novel galaxy
samples, but also to other classes of modelling uncertainty, in-
cluding intrinsic alignment, baryonic feedback, alternative grav-
ity theories, and dark energy parametrizations. Future work is
essential to determine whether these extensions are feasible in
practice, whether the potential performance gains justify the ad-
ditional training cost, and how those gains scale with increasing
task complexity.
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APPENDIX A: COMPUTATIONAL
REQUIREMENTS OF POWER SPECTRUM
PROJECTION

When calculating from theory APS within a cosmological infer-
ence pipeline, there are two distinct stages to the computation.
Initially, the sampled cosmological parameters must be used to
construct the 3D matter power spectrum, Ps, which does not
inherently depend on the galaxy sample in question. To obtain
the APS, P; must be projected via a Limber integral (equation 2)
over the lensing/clustering kernels, which themselves depend on
the redshift distribution of the galaxy sample (equation 3).

Computation of F; is a challenging process, requiring the use
of Boltzmann codes such as CLASS (J. Lesgourgues 2011), whilst
the projection over the lensing/clustering kernels is a relatively
simple integration. However, it is important to consider that al-
though the projection for a single angular power spectrum is com-
putationally inexpensive, likelihood evaluations in MCMC anal-
yses require many such projections, resulting in a non-negligible
cumulative cost.
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Table Al. Results of timing analysis on relative compute time required
for matter power spectrum computation and projection into angular
power spectra. Although the projection time is small, because projection
must be done multiple times for each set of cosmological parameters, its
effect on the total runtime is cumulative. For a LSST Year 10-like 3x2pt
analysis with ten unique tomographic bins, projection alone can comprise
a substantial fraction of the total compute time.

Analysis type Time for projection Time for Py

5 bins, cosmic shear
DES Y6, 3x2pt
LSST Y10, 3x2pt

6.94 per cent
18.6 per cent
27.3 per cent

93.1 per cent
81.4 per cent
72.7 per cent

For example, real surveys often use upwards of five distinct
tomographic bins for their galaxy samples and seek to compute
APS from the cross-correlation of multiple redshift bins. For five
bins, this leads to 15 unique combinations. In a 3x2pt analysis,
where the cosmic shear (lensing-lensing) galaxy-galaxy lensing
(lensing-clustering) and clustering APS are required, the num-
ber of required projections further increases. For example, in
the Dark Energy Survey Year 6 results (T. M. C. Abbott et al.
2026; DES Y6), 45 unique projections were required for their
3x2pt analysis, derived from five lens bins (originally six, but
one was excluded due to data issues), and four source bins.
Based on the LSST science requirement document (R. Man-
delbaum et al. 2018), the Year 10 data vector will contain up
to 75 unique projections. As such, for every set of cosmolog-
ical parameters sampled in an MCMC analysis, P; need only
be calculated once, but projection must be performed many
times.

In order to understand the potential benefits of emulating the
angular power spectrum directly, as opposed to only emulating
the matter power spectrum, we time each step in the APS com-
putation. CCL allows us to compute the matter power spectrum
separately, before then passing the pre-computed matter power
spectrum for projection. For our tests, we sample 100 unique sets
of cosmological parameters and for each set, we then compute the
matter power spectrum once and time this step. We then loop over
the projection step 15, 45, and 75 times using the pre-computed
matter power spectrum, and measure the time to complete the
projection loop. These values correspond to five bins cosmic shear
only, the DES Y6 3x2pt analysis projection count, and an LSST
Year 10-like analysis. It is important to note that to mimic what
occurs in Section 6 where individual walkers are run in parallel
on separate cores, we force matter power spectrum computation
and projection to run on a single CPU core. The results are shown
in Table Al.

We emphasize that the values we present here are intended
purely as a guide to help with interpretation of the motivation
behind this work and the results presented in the main body
of the paper. We do not perform detailed analysis of how these
values might change for different MCMC configuration, or how
shared usage on HPC systems could impact these values. As
such, they are not precise estimates, but rather a quantitative
guide to help understand the distribution of computational bur-
den in a cosmological inference pipeline. None the less, these
results indicate that emulating only the matter power spectrum
does not eliminate all significant computational cost, as pro-
jection remains a non-negligible component of the likelihood
evaluation.
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APPENDIX B: INTRINSIC ALIGNMENT AS A
META-LEARNING TASK

In weak lensing, a key systematic that must be modelled is the
intrinsic alignment (IA) of galaxies, which contaminates weak
lensing measurements by inducing correlations in galaxy shapes
similar to those used to measure the lensing signal. IA remains an
active field of research, with many competing models (for a sum-
mary of contemporary IA research and models, see C. Lamman
et al. 2024), and it has been shown that adopting an incorrect IA
prescription can significantly bias cosmological inference (L. F.
Secco et al. 2022).

As discussed in Section 1, a potential future application of
MAML is to provide flexibility to different systematic models
within weak lensing analyses, enabling researchers to explore
alternative modelling assumptions while retaining the benefits
of emulator-accelerated inference. Additionally, IA represents
a meaningfully more challenging source of variation between
tasks than changes in the source redshift distribution, as it alters
the structure of the cosmic shear APS in a scale- and redshift-
dependent manner.

Motivated by this, we conduct an exploratory analysis to ad-
dress the question: can MAML be used to implicitly learn the
impact of intrinsic alignment contamination on cosmic shear an-
gular power spectra? The analysis of this section is not intended
to represent a realistic survey pipeline. In particular, we do not
consider multiple IA models, leaving this to future work. Rather,
our aim is to test whether MAML can adapt to changing IA
contaminations that originate from varying the parameter values
within a single IA model, without the emulator receiving any
explicit information about IA as inputs.

To this end, we construct a distribution of meta-learning tasks
in which different intrinsic alignment contaminations define dif-
ferent tasks. These contaminations are generated using a redshift-
dependent non-linear alignment (NLA) model (S. Bridle & L.
King 2007; E. Krause, T. Eifler & J. Blazek 2015), with different
choices of NLA parameter values corresponding to different tasks
in the MAML framework.

In the NLA model, the intrinsic alignment contribution is
typically given in terms of a redshift-dependent amplitude. We
present this amplitude following the convention of L. F. Secco et
al. (2022),

=, Perit 2m 1+Z)n
An(z) = —a,C , B1
1a(2) ) (1+ZO (B1)

where C = 5 x 107'* My h~2 Mpc? is a normalization constant,
perit 18 the critical density of the Universe today, 2, = Q. + 3
as mentioned above, and D(z) is the linear growth factor of mat-
ter. Together, the aforementioned parameters define the standard
normalization of the NLA model, while a; sets the overall align-
ment amplitude and 7 controls the redshift scaling. The pivot
redshift z, is typically fixed for a given survey, we follow L. F.
Secco et al. (2022) and fix its value to 0.62.

We vary the NLA parameters a; and 7 across tasks. Crucially,
these IA parameter values are not provided as inputs to the em-
ulator, and the MAML model must therefore implicitly learn to
adapt to their impact on the cosmic shear angular power spectra.

For testing, the IA parameters are fixed to a; = 0.175 and n =
3.90, and the MAML model is fine-tuned to angular power spec-
tra generated with this fixed IA prescription. Inference is then
performed on the cosmological parameters only. To isolate the
question of how well MAML can handle IA and keep this distinct
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from our primary study of changing redshift distributions, we fix
the redshift distribution to the LSST Y1 distribution and do not
include shifts in the tomographic bin means.

We emphasize that in realistic survey analyses, IA parameters
are typically jointly constrained or marginalized over. Given that
our implementation of the NLA model has only two varying pa-
rameters, these could straightforwardly be included as emulator
inputs in a standard approach. However, our objective here is
instead to assess whether MAML can implicitly learn to adapt
to changing IA contaminations, as a first step towards future
applications involving adaptation to fundamentally different IA
models, rather than to mimic a realistic analysis.

To train the MAML model, we uniformly sample 20 sets of NLA
parameters from the ranges a € (0,0.79) and 7 € (0.61, 4.92).
These ranges are chosen based on the 1-sigma NLA constraints
found in L. F. Secco et al. (2022). For each set of NLA parameters,
we then generate a 5D hypercube of 500 cosmological parameter
samples using the same ranges given in Table 1. Our MAML
training uses the same set-up as used in Section 3, with two mod-
ifications: we do not use a stopping criteria based on a validation
set (instead training for a fixed number of 200 epochs), and we
lower the initial outer learning rate to .4 = 0.05. The latter choice
was motivated by large fluctuations in the per-epoch training
loss observed at higher learning rates, indicative of overfitting to
individual meta-task batches.

We run a baseline MCMC analysis with the aforementioned
fixed IA parameter values, using CCL in the same configuration
as presented in Section 6, with one modification: we run the
chains until the total chain length exceeds 100 times the autocor-
relation time for all parameters. This is done to give more samples
and thus smoother contours. In this case the, chain converged af-
ter 9000 steps, equivalent to approximately 725 CPU core-hours.

The MAML-based MCMC reached convergence in 10 000
steps, equivalent to approximately 167 CPU core-hours or 0.5
GPU hours. For both the CCL and MAML chains, convergence
is significantly faster than in Section 6 in this case because of the
lower parameter space dimensionality. We report these timings
only for completeness; the focus of this section is the representa-
tional capability of MAML rather than computational efficiency.

We present the results of this analysis as constraints on Sg
and Q,, in Fig. B1. We see very good recovery of the CCL-based
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Figure B1. Constraints on Sg and €, from CCL-based and MAML
emulator-based MCMC chains, using MAML training to adapt to new set
of NLA parameters. Although we observe a very slight shift in the con-
straints from the MAML emulator, both sets of contours largely overlap
and capture the fiducial values within the 1-sigma contours.

posterior by the MAML emulated chain with both chains success-
fully capturing the fiducial values within the 1-sigma confidence
intervals. We also compute the Battacharyya distance between
the MAML and CCL contours and find a value of Dz = 0.007. Our
results indicate that MAML can enable adaptation to changing
IA contaminations derived from the same IA model in this con-
trolled setting. Future work should seek to extend this analysis
to include changing the underlying IA model to distinct prescrip-
tions, such as the halo model (M. C. Fortuna et al. 2020) or hybrid
Lagrangian model (F. Maion et al. 2024) among others.
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