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ABSTRACT

Aims. This work aims to reproduce the time before or after a merger event of merging galaxies from the IllustrisTNG cosmological
simulation using machine learning.
Methods. Images of merging galaxies were created in the u, g, r, and i bands from IllustrisTNG. The merger times were determined
using the time difference between the last simulation snapshot where the merging galaxies were tracked as two galaxies and the first
snapshot where the merging galaxies were tracked as a single galaxy. This time was then further refined using simple gravity simula-
tions. These data were then used to train a residual network (ResNet50), a Swin Transformer (Swin), a convolutional neural network
(CNN), and an autoencoder (using a single latent neuron) to reproduce the merger time. The full latent space of the autoencoder was
also studied to see if it reproduces the merger time better than the other methods. This was done by reducing the latent space dimen-
sions using Isomap, linear discriminant analysis (LDA), neighbourhood components analysis, sparse random projection, truncated
singular value decomposition, and uniform manifold approximation and projection.
Results. The CNN is the best of all the neural networks. The performance of the autoencoder was close to the CNN, with Swin close
behind the autoencoder. ResNet50 performed the worst. The LDA dimensionality reduction performed the best of the six methods
used. The exploration of the full latent space produced worse results than the single latent neuron of the autoencoder. For the test data
set, we found a median error of 190 Myr, comparable to the time separation between snapshots in IllustrisTNG. Galaxies more than
≈625 Myr before a merger have poorly recovered merger times, as well as galaxies more than ≈125 Myr after a merger event.
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1. Introduction

Galaxy mergers are a major component of how we understand
galaxies to grow and evolve over cosmic time. In our cold dark
matter paradigm, dark matter halos merge hierarchically. As a
result, the galaxies that they host are also caused to merge (e.g.
Conselice 2014; Somerville & Davé 2015). This results in short-
lived morphological changes, such as the creation of tidal tails,
as well as longer-lived changes, for example changing a galaxy
from a late type to early type (e.g. Taranu et al. 2013).

These short-term morphological changes are exploited to
identify galaxy mergers. Visual identification of galaxy merg-
ers relies on astronomers, both professional and amateur, being
able to identify distortions and faint structures of galaxies caused
by these interactions (e.g. Lintott et al. 2008; Holwerda et al.
2019; Pearson et al. 2022). The disturbances also change the
parametric and non-parametric parameters of the merging galax-
ies, allowing merger selection using concentration, asymme-
try, and smoothness (CAS, Conselice et al. 2000, 2003) or
Gini and M20 (Lotz et al. 2004, 2008; Snyder et al. 2015;
Rodriguez-Gomez et al. 2019). The close separation and low
relative velocities required for galaxies to merge can also be
exploited to identify pairs of galaxies that will soon merge (e.g.
Barton et al. 2000; De Propris et al. 2005; Robotham et al. 2014;
Rodrigues et al. 2018; Duncan et al. 2019). With morphology-
based identification typically finding galaxies that have just
merged (post-mergers) and the close pair method finding galax-

ies that are about to merge (pre-mergers), galaxies that are iden-
tified as merging by both methods are likely to be currently
merging (Desmons et al. 2023). However, all of these methods
suffer from misclassification and contamination in the merging
galaxy samples they produce (e.g. Huertas-Company et al. 2015;
Pearson et al. 2019).

To improve merger detection, astronomers have turned to
machine learning methods. For over half a decade, astronomers
have used convolutional neural networks (CNNs) to iden-
tify merging and non-merger galaxies in images (e.g.
Ackermann et al. 2018; Bottrell et al. 2019; Pearson et al.
2019, 2022; Walmsley et al. 2019; Ćiprijanović et al. 2020;
Wang et al. 2020; Bickley et al. 2021, 2022). This method-
ology also relies on the CNN being able to detect faint
structures in the images (e.g. Pearson et al. 2022). Machine
learning methods have also been applied to morpholog-
ical parameters (Snyder et al. 2019; Pearson et al. 2022;
Guzmán-Ortega et al. 2023; Margalef-Bentabol et al. 2024) and
photometry (Suelves et al. 2023) to successfully distinguish
merging galaxies from their non-merging counterparts. These
methods typically achieve precisions between 75% and 85%. A
more refined classification into pre-mergers, post-mergers and
non-mergers is more difficult, with precisions between 65% and
75% (Ferreira et al. 2020; Margalef-Bentabol et al. 2024).

Galaxy mergers are also known to influence the physical
properties of the merging galaxies. The star formation rates
(SFRs) of galaxies are known to be increased dramatically
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by interacting galaxies as well as the activity of active galac-
tic nuclei (AGNs). However, the exact change seen in these
properties is contested. Mergers have been seen to trigger
extremely enhanced SFR (starbursts) in some studies (e.g.
Sanders & Mirabel 1996; Pearson et al. 2019), while other stud-
ies have found the enhancement to be too low to be consid-
ered a starburst, with an increase of at most a factor of two
(e.g. Ellison et al. 2013; Silva et al. 2018; Pearson et al. 2019),
or indeed see a reduction in SFR (Knapen et al. 2015). Simi-
larly, the increase in AGN activity is found in some studies (e.g.
Weston et al. 2017; Gao et al. 2020; Steffen et al. 2023) and it
decreases in others (e.g. Silva et al. 2021).

These differences in changes of physical properties are
likely a result of the stage of merger that is identified. The
FIRE-2 zoom-in simulations (Hopkins et al. 2018) have found
that the SFR of merging galaxies is dependent on the time
before and after a merger event (Moreno et al. 2019). Simi-
larly, AGN activity is found to decrease the more time has
elapsed since a merger event in the IllustrisTNG cosmological
simulation (Pillepich et al. 2018; Byrne-Mamahit et al. 2023).
However, beyond pre-merger and post-merger separation, it is
currently not simple to determine the time before or after a
merger event. With pre-merger, post-merger, and non-merger
classification harder than a merger non-merger classification, we
expect merger time estimation to be more difficult still.

Determining the merger time can be done using machine
learning and simulations. Simulations provide us with the time
a galaxy is before or after a merger, although not without lim-
itations. Zoom-in simulations of merging galaxies provide high
time resolution; however, due to their expense, they do not pro-
vide large samples of galaxies. Cosmological simulations can
provide tens or hundreds of thousands of galaxy mergers but
have a poor time resolution, of the order of 100 Myr.

Studies into determining the merger time have barley begun.
Koppula et al. (2021) were able to use the Horizon-AGN cos-
mological simulation (Dubois et al. 2014) to train a neural net-
work to predict the time before or after a merger event for sim-
ulated Hubble Space Telescope observations of mergers. While
methods to identify galaxy mergers have started to converge in
their quality, more studies are required to refine merger time
estimation.

In this paper, we aim to compare several methods that deter-
mine the time before or after a merger event a galaxy is. We used
merging galaxies identified in IllustrisTNG and performed sim-
ple gravity simulations to improve their time resolution. We used
the images of the galaxies and their merger times to train four
different neural network architectures and compare their results.

The paper is structured as follows. Section 2 describes our
data, Sect. 3 discusses the deep learning methods used, Sect. 4
presents our results, while Sect. 5 discusses our findings. We
conclude in Sect. 6. Where necessary, we follow the Planck 2015
cosmology (Planck Collaboration XIII 2016).

2. Data

The time before or after a merger event (merger time) is inher-
ently unknown for galaxies in the Universe. However, these
merger times are easier to know for galaxies within cosmological
simulations, albeit with certain limitations.

Here, we use galaxy mergers identified in the Illus-
trisTNG simulation’s TNG100-1 (Marinacci et al. 2018;
Naiman et al. 2018; Nelson et al. 2018, 2019; Pillepich et al.
2018; Springel et al. 2018). TNG100-1 simulates 18203 dark
matter particles within a box of 75 ckpc h−1 per side and

softening length of 0.5 ckpc h−1 using Planck 2015 cosmol-
ogy. Within this box, the gas cells have an average mass of
9.44× 105 M� h−1 while the dark matter particles have a mass of
50.56 × 105 M� h−1. TNG100-1 has the highest resolution of the
TNG100 simulations. The times between simulation snapshots
are from 30 Myr to 234 Myr with an average separation of
138 Myr. Larger times between snapshots are typically found
at lower redshifts. The galaxies from IllustrisTNG are also
known to be morphologically similar to observed galaxies, with
trends of morphology, size and shape with stellar mass within
the 1σ scatter of observational trends (Rodriguez-Gomez et al.
2019). However, the morphology-colour relation is not strong in
IllustrisTNG and disk galaxies are not found to be larger than
ellipticals at fixed stellar mass, unlike galaxies observed in the
real universe (Rodriguez-Gomez et al. 2019).

We define a merging galaxy as a galaxy that has merged
in the last 500 Myr (post-merger) or will merge within the
next 1000 Myr (pre-merger), as determined by the snap-
shot of a merger relative to the snapshot in which the
galaxy is identified (snapshot of observation; Wang et al. 2020)
using the SubLink_gal merger trees (Springel et al. 2005;
Boylan-Kolchin et al. 2009; Rodriguez-Gomez et al. 2015). The
snapshot of merger is the snapshot in which a single galaxy
was tracked as two, or more, galaxies in the previous snap-
shot. We define a major merger as a merger where the ratio
between the stellar masses of the most massive and second
most massive galaxies is <1:4 in the snapshot where the sec-
ond most massive galaxy reached its maximum stellar mass
(Rodriguez-Gomez et al. 2015). We require the mass of the
baryonic component (stars + star-forming gas) of the merging
galaxy’s subhalo to be at least 1 × 109 M� h−1. Major merging
galaxies that meet both these criteria are then selected from snap-
shots 87 to 93 (inclusive), corresponding to 0.07 ≤ z ≤ 0.15.
This range is chosen as the upper redshift limit corresponds to
the upper limit of the Pearson et al. (2019) galaxy merger cata-
logue in the Kilo Degree Survey (KiDS; de Jong et al. 2013a,b).
The lower redshift limit allows for our full pre-merger time
period before redshift 0 and therefore provides a more complete
pre-merger sample. If a galaxy is found to be merging in multiple
snapshots, the galaxy will be selected in each snapshot it is found
to be merging in within our interval and so may appear multiple
times. This resulted in 6139 major mergers being selected.

To increase the time-resolution of the merger times, sim-
ple gravity simulations are run to determine when the galax-
ies merged. For this, each galaxy was considered a point mass
and was allowed to move through space only under the gravi-
tational influence of other galaxies involved, using a softening
length of 0.5 ckpc h−1 to match TNG100. The merger was sim-
ulated using all galaxies with a mass ratio of <1:10 to the pri-
mary galaxy. Including less massive galaxies in the simulation
allows the smaller galaxies to influence the interaction. The sim-
ulation was run with a time step of 1 kyr over the time between
snapshots. The merger was deemed to have occurred when the
major merger galaxies reached their first closest approach. If
there were more than two major galaxies in a merger, the first
closest approach of the last galaxy to closely approach the pri-
mary galaxy was used as the merger moment for post mergers
while the first closest approach of any major galaxy was used
as the merger moment for the pre-mergers. The resulting merger
time was then rounded to the closest 1 Myr. If the gravity simula-
tion did not provide a closest approach, the galaxy was removed
from further study. We also remove any galaxy that is classi-
fied as both a pre-merger and post-merger, to exclude potentially
ambiguous cases. This resulted in the removal of 2818 galaxies,

A45, page 2 of 16



Pearson, W. J., et al.: A&A, 687, A45 (2024)

Fig. 1. True merger times against projected separations of merging
galaxies at the time of imaging for pre-mergers. Colour corresponds
to number density from low (purple) to high (red).

leaving 3321 galaxies with a merger time with redshifts from
0.07 to 0.15.

We define merger time as ‘time before a merger’; therefore,
if a galaxy is a post-merger, its merger time will be negative. The
merger time is scaled between 0 and 1, such that a merger time of
−500 Myr is 0 and 1000 Myr is 1. These scaled merger times are
referred to as normalised merger times here on. As can be seen in
Fig. 1, the normalised merger time for pre-mergers is not strongly
correlated with the projected separation between the merging
galaxies at the time of the simulation when the images were gen-
erated (Pearson coefficient = 0.277, p-value = 0.000; Spearman
correlation = 0.407, p-value = 0.000). We generate three images
of each galaxy, viewed along the x, y, and z axes of the simula-
tion, giving 9963 images in total.

To create the images of the merging galaxies, each stellar
particle in the simulation has a spectral energy distribution
derived from the Bruzual & Charlot (2003) stellar popula-
tion models and the stellar properties of the particle. The
resulting spectra are passed through the desired filters, here
KiDS u, g, r, and i bands, to create a smoothed 2D image
(Rodriguez-Gomez et al. 2019). The pixel resolution of the Illus-
trisTNG images is that of the KiDS images, 0.2 arcsec pixel−1,
and we produce cut-outs of 128× 128 pixels centred on the
IllustrisTNG galaxies. We do not enforce that the companion
galaxy of a pre-merger is inside the image as we expect the
disturbances of pre-merger and post-merger galaxies to be dif-
ferent and hence distinguishable. It has been shown the extra
realism from the calculation of the reprocessing the light due
to dust does not notably increase the performance of a neural
network in identifying galaxy mergers (Bottrell et al. 2019). It
also does not cause large changes to the morphology of a galaxy
(Rodriguez-Gomez et al. 2019). Thus, radiative transfer was not
calculated for these galaxies. Examples of the images of the
merging galaxies are shown in Fig. 2.

3. Neural networks

Neural networks are a subset of machine learning that aims to
loosely replicate how biological, neurological systems process
information. In this work, we perform supervised regression;
that is we train a network using data with known truth values
to generate a value from a continuous distribution. To do this
we employ a Residual Network (He et al. 2016), a Swin Trans-
former (Chen et al. 2021; Liu et al. 2021), a convolutional neural
network (CNN), and an autoencoder. The data used to train a net-

Fig. 2. Example u, g, and r band composite images of merging Illus-
trisTNG galaxies used in this work. Each channel is individually arc-
sinh scaled twice and then normalised between 0 and 1. Merger times
of each galaxy are shown in the bottom left of each panel.

work in supervised learning are typically subdivided into three
subsets: a training set that typically contains 70–90% of all the
data that is used to train the network; a validation set that typ-
ically contains 5–15% of all the data that is used to check the
performance of the network as it trains; and a test set that typi-
cally contains 5–15% of all the data that is used once, and only
once, to check the performance of the network once training is
complete. The exact split between these three subsets is a matter
of choice and can be tuned to help training; in this work we use
a split of 80%–10%–10% for the training, validation, and test
data, respectively.

For each architecture tested, we augmented the images dur-
ing training, but not validation. This was done by randomly
rotating the image by a multiple of 90◦. This rotation was then
followed by randomly flipping the image horizontally and ran-
domly flipping the image vertically. Doing so increases the effec-
tive size of the training set by a factor of 16, although the aug-
mented images are not as informative as entirely new data. Each
band of each image was also individually arcsinh scaled twice
then normalised between 0 and 1. As the ultimate aim is to apply
these techniques to real observations, we normalise the bands
separately to remove connections between bands. Simulations
are not a perfect replication of the real universe so training with
connected bands may result in the networks learning connections
between bands that are not present in observations.

The different architectures were compared using mean
squared error (MSE) calculated between the true merger time
and the predicted merger time. As will be seen, not all architec-
tures were trained using MSE. All architectures were built within
the Tensorflow machine learning framework (Abadi et al. 2015).
We trained each architecture for 1000 epochs and selected the
epoch with the lowest MSE for the merger times with the vali-
dation set. The codes to create the architectures along with the
trained models, can be downloaded from GitHub1.

1 https://github.com/wjpearson/TNGMergerTime
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Fig. 3. Architecture of the CNN. The input to the CNN is a four channel, 128 × 128 pixel image, on the left of this schematic. The output is a
single neuron, on the right of the schematic. The blue lines between layers symbolises the ReLU activation, batch normalisation, and dropout that
is applied between layers. The sizes of the filters (red) and fully connected layers are shown.

3.1. ResNet50

Residual networks (ResNet, He et al. 2016) use residual learn-
ing to allow deep networks to train with degradation similar to a
shallower network. This is achieved by introducing skip connec-
tions between convolutional blocks, allowing the input to both
pass through the convolutional block as well as skip it entirely.
These architectures were originally conceived for image classifi-
cation but have been used previously for regression in astronomy
(e.g. Koppula et al. 2021). Here we used a ResNet with 50 con-
volutional blocks (ResNet50), we removed the fully connected
top layers, and added a single output neuron with sigmoid acti-
vation. The input is a three channel 128 × 128 pixel image using
the u, g, and r bands. The choice of bands is arbitrary as it has
no impact on the results. The network was trained with MSE loss
using the Adam optimiser (Kingma & Ba 2015).

3.2. Swin Transformer

We used a Swin Transformer (Swin) architecture (Chen et al.
2021; Liu et al. 2021) that has been pre-trained on ImageNet-1K
(Russakovsky et al. 2015) using a publicly available model2. We
added a single output neuron to the Swin Transformer to provide
classification. As we used a pre-trained network, we required
the input images to have three channels and be 224 × 224 pix-
els. This was achieved by using the u, g, and r bands to create a
three channel image and cropping the image to 112 × 112 pix-
els about the centre. Again choice of bands has no impact on the
results. These cropped images were then resized to 224×224 pix-
els using nearest neighbour interpolation. The output of the net-
work is a value between 0 and 1 using sigmoid activation, being
a scaled version of the merger time. The network was trained
with MSE loss using a stochastic gradient descent (SGD) opti-
miser (Robbins & Monro 1951; Kiefer & Wolfowitz 1952) with
a warm up cosine3.

3.3. CNN

For our CNN, we used six convolutional layers followed by three
fully connected layers and a single neuron output, as shown in
Fig. 3. The convolutional layers have 32, 64, 128, 256, 512, and
1024 filters with a size of 6, 5, 3, 3, 2, and 2 pixels, respec-
tively, and Rectified Linear Units (ReLU, Nair & Hinton 2010)
activation. Each convolutional layer uses a stride of 1 and ‘same’

2 https://github.com/sayakpaul/swin-transformers-tf
3 https://www.kaggle.com/ashusma/
training-rfcx-tensorflow-tpu-effnet-b2

padding. We follow each convolutional layer with batch normal-
isation, dropout with a rate of 0.2 for convolutional layers and
0.1 for fully connected layers, and 2 × 2 max-pooling. The fully
connected layers have 2048, 512, and 128 neurons and ReLU
activation. Like the convolutional layers, they are followed by
batch normalisation and dropout with a rate of 0.1. The input
is a four channel (u, g, r, and i bands), 128 pixel image while
the output layer is a single neuron with sigmoid activation. The
CNN was trained using MSE loss and the Adam optimiser.

3.4. Autoencoder

The autoencoder uses the CNN architecture to encode the images
into a latent space with 64 neurons with sigmoid activation,
which replaces the single neuron output of the CNN, as seen
in Fig. 4. The decoder begins with four fully connected layers of
128, 512, 2048, and 4096 neurons with ReLU activation. Each
fully connected layer is followed by batch normalisation and
dropout with a dropout rate of 0.1. The output of the 4096 layers
is reshaped to 2 × 2 × 1024. This is followed by six transposed
convolutions with 1024, 512, 256, 128, 64, and 32 filters with
sizes of 2, 2, 3, 3, 5, and 6 pixels. Before the transposed con-
volutions there is a 2 × 2 upsampling layer and the transposed
convolutions are followed by batch normalisation and dropout
with a dropout rate of 0.2. The final layer is a transposed convo-
lution with 4 filters of size 1 × 1 pixels and sigmoid activation.

Here, the goal was not to perfectly reproduce the images after
decoding. Instead, we aimed to use the latent space to hold infor-
mation about the merger time. This was done by training one of
the latent neurons to reproduce the merger time. We were run-
ning into issues with the CNN where all output values tended
to 0.5, and it was hoped that allowing data to flow around the
output neurone, similar to a ResNet, may prevent this. The latent
space encoding also allows us to investigate if the entire latent
space holds more information about the merger time than the sin-
gle output neurone. Like the CNN, the Adam optimiser was used
while the loss was the sum of the MSE of the input and recreated
images summed with the MSE of the merger time latent neuron.

3.5. Latent space

We investigated the latent space of the autoencoder to deter-
mine if there is information that can be used to determine
the time before or after a merger event a galaxy merger is.
We did this using a number of different dimensionality reduc-
tion techniques, to reduce the 64-dimension latent space into
a 2-dimensional representation. We required the dimensionality
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Fig. 4. Architecture of the autoencoder. For clarity, the encoder is shown at the top and the decoder at the bottom. In reality the 64 neuron output of
the encoder, on the upper right, and 64 value input to the decoder, on the lower left, are the same layer. The input to the encoder is a four channel,
128 × 128 pixel image, on the left of the encoder. The output from the decoder, on the right, is a four channel, 128 × 128 pixel image. The blue
lines between layers symbolises the ReLU activation, batch normalisation, and dropout that is applied between layers. The sizes of the filters (red)
and fully connected layers are shown.

reduction techniques to allow new data to be placed into the same
dimension reduction mapping. This allows the training data to
be used to create the mapping and the validation data to validate
the methodology. We used the Scikit-learn (Pedregosa et al.
2011) implementation of the majority of the following dimen-
sionality reduction methods. For all methods that we use the
Scikit-learn implementation of, we used the default con-
figuration but set n_components to 2. For Uniform Manifold
Approximation and Projection (UMAP, McInnes et al. 2018),
we used the UMAP-learn implementation4 with the default con-
figuration.

– Isomap (Tenenbaum et al. 2000).
– Linear discriminant analysis (LDA). LDA is a generalised

form of Fisher’s linear discriminant (Fisher 1936).
– Neighbourhood Components Analysis (NCA, Goldberger

et al. 2004).
– Sparse Random Projection (SRP, Li et al. 2006).
– Truncated singular value decomposition (TSVD, Halko et al.

2011).
– UMAP.

To determine the times of galaxies without known merger times,
we used the latent space mapping to embed the unknown data
into the mapping of the training data. We identified the three
closest training points to a unknown point that form a triangle
around the unknown point in the embedded space. Using the
known merger time of the training data as a third axis, we formed
a 3-dimensional plane with these three training data. The time
for the unknown datum is then the z-position on the plane for the
unknown datum’s embedding. The codes to perform the latent
space embedding along with the embeddings can be downloaded
from GitHub5.

4 https://umap-learn.readthedocs.io/en/latest/index.
html
5 https://github.com/wjpearson/TNGMergerTime

Table 1. MSE of the normalised merger times for different architectures
from the epoch with the lowest MSE of the normalised merger times of
the validation data set, along with their associated mean and median
un-normalised merger time errors.

Architecture Training Validation Validation error

MSE MSE Mean (a) Median (a)

ResNet50 0.075 0.065 327 324
Swin 0.034 0.042 236 193
CNN 0.040 0.037 215 165
Autoencoder 0.036 0.038 222 160

Notes. (a)Values in Myr.

4. Results

4.1. Neural networks

We present the loss of the neural networks in Table 1 and as blue
symbols in Fig. 5. As can be seen, the CNN architecture provides
the lowest MSE of the merger times and hence is the best per-
forming architecture. The CNN is of course only slightly better
performing than the autoencoder, and retraining both architec-
tures may result in the autoencoder performing better than the
CNN. The predicted versus true normalised times for all four
architectures can be found in Fig. 6

We also examine how the mean and median absolute dif-
ference between the true times and predicted time (error) varies
at different true time for each network in Fig. 7. For this, we
bin the normalised true times into bins of width 0.1 and calcu-
late the mean and median errors within each bin. The mean and
median errors closely follow the same trend for each network. As
can be seen, the ResNet50 mean and median decrease towards
a normalised time of ≈0.5 before increasing again; a result of
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Fig. 5. MSE at validation for the neural networks (blue symbols)
ResNet50 (downward pointing triangle), Swin (upward pointing trian-
gle), CNN (left pointing triangle), and autoencoder (right pointing tri-
angle) as well as the latent space embeddings (red symbols) Isomap
(square), LDA (diamond), NCA (plus), SRP (cross), TSVD (circle), and
UMAP (pentagon).

the network only outputting values close to 0.5. The other neural
networks have sharp decreases in errors at the low end of the nor-
malised merger time range (.0.25) and sharp increases in errors
at the high end (&0.75). These other networks then have better
performance between these normalised true times of 0.25 and
0.75, where the curves are flatter and lower in values. We also
see a slight increase in errors around normalised merger times of
0.3, where the merger event happens.

4.2. Latent space

The latent space embedding for LDA can be found in Fig. 8,
while the embeddings for Isomap, NCA, SRP, TSVD, and
UMAP can be found in Appendix A, using the latent space from
the autoencoder epoch with the lowest merger time MSE. This is
for both the training data (Fig. 8a) used to create the embedding
and the validation data (Fig. 8b). In all embeddings, the merger
times of the validation data appear to correspond with the merger
times of the training data.

Using the method described in Sect. 3.5, we estimate the
merger time from each embedding for the validation data. The
MSE of these results are shown in Table 2, and red symbols
in Fig. 5, and the predicted versus true normalised times can
be found in Fig. 9. As can be seen, none of the embeddings
produce a MSE lower than the autoencoder and only LDA and
UMAP perform better than the worse performing architecture,
ResNet50.

As with the neural networks, we also study how the mean
and median error varies at different true time for each embed-
ding in Fig. 10. The trends broadly fit into two groups. Isomap,
LDA, and UMAP have mean errors that decrease to 0.25, then
increase to 0.35, decrease again to 0.65, before increasing to 1.0.
The median error for these three embeddings decreases to 0.15,
increases to between 0.35 and 0.45, decreases to 0.65, before
again increasing to 1.0. The other group, NCA, SRP, and TSVD,
have a decreasing mean and median error to 0.55 and increasing
error from then on.

Fig. 6. Predicted normalised times of the validation data against true
normalised times for (a) ResNet50, (b) Swin, (c) CNN, and (d) autoen-
coder. The colour corresponds to the number density from low (purple)
to high (red). The red line indicates a one-to-one and corresponding
MSE is shown in the bottom right of each panel.

As can be seen in Fig. 8, the LDA x-embedding appears to
strongly correlate with the merger time. Thus, we map the LDA
x-embedding to the merger time using a linear fit to the training
data and calculate the MSE. This gives a training MSE of 0.032
and a validation MSE of 0.039, the latter of which is shown in
Fig. 11 as the predicted merger time as a function of true merger
time. These results are only slightly worse than the autoencoder
validation MSE.
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Fig. 7. Difference between true merger time and predicted merger time
(error) as the normalised true merger time changes for ResNet50 (dark
blue downward pointing triangle), Swin (red upward pointing triangle),
CNN (green left pointing triangle), and autoencoder (purple right point-
ing triangle). Mean and median errors are shown in panels a and b,
respectively. The vertical yellow line indicates when the true merger
time is 0 Myr.

Table 2. MSE, mean error, and median error of the merger times of the
validation data set for the different latent space embeddings.

Embedding Validation Validation error

MSE Mean (a) Median (a)

Isomap 0.068 291 231
LDA 0.056 283 226
NCA 0.077 332 277
SRP 0.081 338 287
TSVD 0.099 378 318
UMAP 0.060 282 223

Notes. (a)Values in Myr.

4.3. Test data

With the CNN performing the best of all architectures and latent
space explorations, we apply this network to the test data as
shown in Fig. 12. This results in a MSE of 0.051, an average
error of 253 Myr, and a median error of 190 Myr. We present the
mean and median errors as a function of true normalised merger
time for the test data in Fig. 13. These mean errors closely follow
the CNN validation mean errors between normalised times of
0.25 and 0.55 with means outside of this range being higher than
those found with the validation data. The median test errors are

Fig. 8. LDA latent space embedding for (a) training data and (b) valida-
tion data. The average normalised merger time is show from 0 (purple)
to 1 (red).

again typically larger than the validation errors, with the excep-
tion of the two bins between normalised true times of 0.2 and
0.4. Taking pre-merger to be galaxies with true normalised times
greater than 0.33 and post-mergers with true normalised times
less than 0.33, we find 81± 1% of our galaxies are correctly iden-
tified, with errors from bootstrapping.

5. Discussion

5.1. Neural networks

ResNet50 had the notably worst performance of all architectures
tested and only produces values close to 0.5. This is not due
to over-fitting, as the training data also exhibits the same prob-
lem. This is surprising due to previous success with ResNet50
at determining merger time (Koppula et al. 2021). However, the
work of Koppula et al. (2021) use over 200 000 images of merg-
ing systems, compared to our 9963 examples, which may be pro-
viding the better results. They also use images from the Horizon-
AGN cosmological simulation (Dubois et al. 2014), although we
do not expect this to be the cause of our much poorer results.
Koppula et al. (2021) also include the mass and redshift of the
merging galaxies, which may provide further information to aid
merger time estimation.

Swin has been shown to be useful in identifying galaxy
mergers, as well as identifying pre- and post-merging galaxies.
This architecture has also been shown to perform favourably in
these tasks when compared to a three different CNN structures
(Margalef-Bentabol et al. 2024). However, it performs slightly
worse than the CNN structure used in this work. Therefore, while
this architecture is able to extract information from the images,
it does not extract as much as the CNN and autoencoder.

This slight lack of performance may be due to the fewer
bands used to create the images used to train Swin. Due to the
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Fig. 9. Predicted normalised merger times of the validation data against true normalised times for (a) Isomap, (b) LDA, (c) NCA, (d) SRP, (e)
TSVD, and (f) UMAP. The colour corresponds to the number density from low (purple) to high (red). The red line indicates a one-to-one and
corresponding MSE is shown in the bottom right of each panel.

limitations of using a pre-trained network, we were required to
use only three of the four available bands. On the other hand, as
the CNN and autoencoder were not pre-trained, and were cus-
tom built for this task, we were able to use all four bands we had
available. The fourth band may therefore carry further informa-
tion about the merger time that was hidden from Swin.

The CNN and autoencoder have very similar MSE at vali-
dation. The encoder of the autoencoder and the structure of the
CNN are identical so this result may not be surprising. The aim
of using an autoencoder was to determine if the requirement to
reconstruct the input image would help encode time information
into the latent neuron being used to estimate the merger time. As
the CNN and autoencoder results are so similar, this evidently
was not achieved. This suggests that the CNN was extracting the
most information from the images and the further image recon-
struction did not provide further guidance.

While developing our CNN architecture, the performance of
the CNN was seen to improve as more convolutional layers were
added. With the methodology used in our CNN, adding a pool-
ing layer after every convolutional layer, it is not possible to add
further convolutional layers as the size of the image is already
reduced to 2 pixels. It may be possible to find better results with
more convolutional layers by not having pooling after every con-
volution.

As can be seen in Fig. 14, none of the neural networks are
predicting merger times, for pre-mergers, that are correlated with
the projected separation between the merging galaxies. This sug-

gests that the merger times being derived by all network are a
result of morphological disturbances to the galaxies caused by
their interactions with one-another.

5.1.1. Errors as a function of normalised time

The ‘U’ shape of the mean and median errors as a function of
normalised time for ResNet50 (Fig. 7, downward pointing, dark
blue triangles) is a result of this architecture only outputting val-
ues close to 0.5 and is therefore not informative.

For the remaining three networks, the increases of the errors
at low and high normalised merger time is also seen in Fig. 6,
with the predictions at low true normalised times being over-
estimated and the predictions and high true normalised times
being under-estimated. As all three networks fail in the same
way, it suggests that the reasons for failure are similar. At low
normalised merger times (<0.33), we have post-merger galax-
ies. As these galaxies relax after their merger, the evidence of
a merger event becomes less obvious. Thus, all three networks
begin to have difficulty discerning between mergers that hap-
pened more than approximately 125 Myr ago, indicated by the
flat trend with true normalised times .0.25 in Figs. 6b, c, and d.

For pre-mergers (normalised true time >0.33), there is a
similar problem. For the very early mergers, with true nor-
malised time &0.75, Swin, CNN, and autoencoder again struggle
to distinguish between the galaxies. This can again be seen in
Figs. 6b, c, and d as a systematic underestimation at these high
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Fig. 10. Difference between true merger time and predicted merger time
(error) as the normalised true merger time changes for Isomap (dark
blue squares), LDA (red diamonds), NCA (green pluses), SRP (pur-
ple crosses), TSVD (orange circles), and UMAP (light blue pentagons).
Mean and median errors are shown in panels a and b, respectively. The
vertical yellow line indicates when the true merger time is 0 Myr.

Fig. 11. Predicted normalised merger times of the validation data
against true normalised times for LDA x-embedding. The colour cor-
responds to the number density from low (purple) to high (red). The
red line indicates a one-to-one and corresponding MSE is shown in the
bottom right.

merger times. With all three networks failing similarly, this sug-
gests that the influence of the merger events at these early times
are not strong enough to be easily discernable. This would imply
that galaxies between ≈625 and ≈1000 Myr before a merger
event cannot be distinguished from one-another. However, as the
majority of galaxies in Fig. 6 at very high and very low merger

Fig. 12. Predicted normalised merger times from the CNN against true
normalised times for the test data. The colour corresponds to the number
density from low (purple) to high (red). The red line indicates a one-to-
one and the corresponding MSE is shown in the bottom right.

Fig. 13. Mean (dark blue circles) and median (red squares) difference
between the true and predicted merger times (error) as the normalised
true merger time changes the test data processed by the CNN. The ver-
tical yellow line indicates when the true merger time is 0 Myr.

times are not being confused for one-another, early pre-mergers
and late post-mergers are distinguishable from each other. This is
seen in Fig. 6 as galaxies with very high true normalised merger
times (≈1) are not being systematically predicted to have very
low normalised merger times (≈0) and vice versa. This supports
our choice to not enforce the companion galaxy of pre-mergers
being within the image.

5.1.2. Occlusion

To better understand which features the networks use to deter-
mine the time before or after the merger event, we perform an
occlusion experiment. Here we use a 8 × 8 pixel square in the
top left corner of the image and set all the values in the square
to zero in all channels. The square of occluded pixels is trans-
posed by 1 pixel in the x-direction or y-direction and the process
repeated until the square reaches the bottom right corner of the
image. This process produces 14 641 versions of each galaxy.
These images are then processed by the networks, creating a pre-
diction of the merger time with the occluded pixels.

Using these 14 641 times, we can create a heat map. Each
pixel in the heat map shows the average merger time of the
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Fig. 14. Predicted merger times of the validation data set from (a)
ResNet50, (b) Swin, (c) CNN, and (d) autoencoder against projected
separation of merging galaxies at the time of imaging for pre-mergers.
The colour corresponds to the number density from low (purple) to high
(red).

galaxy from every instance where that pixel was occluded. We
create these maps individually for all four networks.

We perform the occlusion experiment on five validation
galaxies. These galaxies were selected to be the three pre-merger
and two post-merger galaxies with the lowest average squared
merger time error from Swin, CNN, and autoencoder. We do not
include ResNet50 due to it only providing output values close
to 0.5. Using the occluded merger times, we generate Fig. 15
which shows the original galaxy (left) followed by the ResNet50,

Swin, CNN, and autoencoder occlusion heat-maps (left to right).
Galaxies a, b, and c in Fig. 15 are pre-mergers while d and e are
post-mergers.

The ResNet50 occlusion does not overlap with the true time
for any of the five galaxies. This further supports the poor per-
formance of this network. What we do see is when the secondary
galaxy is occluded, the normalised merger time is reduced with
respect to when other regions are occluded. As later stage pre-
mergers have two closely spaced galaxies, that may not be sep-
arable, and post mergers are single galaxies, having only one
galaxy in the image would suggest a lower normalised merger
time, which agrees with what is seen. We also see that the occlu-
sion of faint structures around the secondary galaxies, in the case
of a, b, and c, or the primary galaxy, in the case of a, b, c, and e,
results in an increase in the normalised merger time with respect
to when other regions are occluded. This makes intuitive sense
for pre-mergers. A larger merger time indicates a longer period
before the merger event and so the galaxies will be less disturbed
by one-another. Hence, less disruption would imply more time
until the merger for pre-mergers. For post-mergers, less disrup-
tion would mean more time since a merger and so occluding
faint structures should decrease the normalised merger time, as
seen with d. However all occluded normalised merger times are
within ≈0.06 of each other, further demonstrating the problems
with ResNet50.

Unlike ResNet50, Swin sees an increase in normalised
merger time when the secondary galaxy is occluded with respect
to when other regions are occluded. Swin does see an increase
in merger time when faint structures are occluded for a, b, and
c, with respect to when other regions are occluded, as would be
expected for pre-mergers. Similarly, when the faint structures of
d and e are occluded we see a decrease in normalised merger
time with respect to when other regions are occluded, again as
would be expected for post-mergers. For galaxies d and e, hid-
ing the centre of the images, where the two nuclei of the merging
galaxies may be present, increases the normalised merger time.
Therefore, Swin is looking at nearby galaxies and faint structures
to determine the time before a merger event.

The CNN was able to reproduce the correct and predicted
merger times for all the galaxies studied here. Again, this net-
work is using nearby galaxies and faint structures to determine
the merger time. Hiding nearby galaxies reduces the normalised
merger time with respect to when other regions are occluded
while hiding fainter structures increases the normalised merger
time for pre-merger galaxies. Hiding the faint structures around
post-merger galaxies decreases the normalised merger time. Like
with Swin, hiding the centres of galaxies d and e increases their
merger time. Occluding the primary galaxy, for a and c, increases
the merger time prediction while hiding the centre of b reduces
the merger time. This suggests that there are features in the cen-
tre of interacting galaxies that give clues to how long there is
until the galaxies will merge, for pre-mergers.

The final network, the autoencoder, appears to be picking
up information from the background. This is surprising as the
idealised images used contain no background noise. Again, the
autoencoder finds information from the secondary galaxies but
relied less on faint structures. As with Swin and CNN, the centre
of galaxies d and e is important for finding a higher normalised
merger time. Like with the CNN, hiding the secondary galaxy in
c makes the predicted normalised merger time too low. Also like
the CNN, occluding the primary galaxy in b decreases the esti-
mate of the normalised merger time, again indicating that there is
information in these regions that helps determine the time before
a merger event.
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Fig. 15. Heat maps with each pixel showing the average merger time of when it is occluded from ResNet50, Swin, CNN, and autoencoder as
labelled by the column title. Each heat-map is colour scaled individually, where dark colours indicate an earlier time and light colours indicate
a later time. True time is shown as red line in the colour bar while the un-occluded predicted time is shown as a yellow line. Original galaxy is
shown on the left of each row as u, g, and r band composite with each channel individually arcsinh scaled twice and then normalised between 0
and 1. The true normalised merger time is shown in the left panel of each galaxy while the predicted normalised time is shown in each networks’
heat-map.

5.2. Latent space

5.2.1. Predicted merger time

With the autoencoder not performing better than the CNN, it
may be possible that the latent space holds information about

the time before, or after, a merger is that can be extracted. Evi-
dently this is not the case as all six of the dimensionality reduc-
tion routines produce worse results than the neural networks,
except ResNet50. However, this does not exclude the possibil-
ity that extra information is within the latent space, just that it
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is not a key component of the encoding into lower dimensions.
This is despite LDA and NCA using the true merger times when
creating the encoding.

No latent space encodings only produce normalised merger
times close to 0.5, as can be seen in Fig. 9. With all MSE being
worse than ResNet50, this suggests that ResNet50 is actively
failing to find a mapping between the images and merger time.
However, there is an indication that Isomap, LDA, SRP, and
TSVD do provide similar output values at true normalised times
above 0.4, although the scatter is too large in these regions to
give a firm statement.

Examining the x-embedding of LDA provides a MSE close
to that of the autoencoder, and CNN. This suggests that the x-
embedding is a close reproduction of the time neuron in latent
space. This is not too surprising as LDA uses the truth time to
help encode the 64-dimension latent space into 2 dimensions.
However, the slight decrease in MSE indicates that other dimen-
sions in latent space are also being encoded into the x-encoding.

5.2.2. Errors as a function of normalised time

The increase in mean and median errors for the predicted merger
times for the latent space embeddings shows that these meth-
ods cannot distinguish between very late post-mergers and also
between very early pre-mergers. This can be seen in Fig. 9 with
over estimation for low true normalised merger times and under-
estimation for high true normalised merger times. The late post-
mergers are, however, do appear distinguishable from the early
pre-mergers. Although the large scatter of NCA and TSVD make
this difficult to be certain for these embeddings. This is unsur-
prising as the same is seen for the autoencoder, whose latent
space encoding is used for the latent space embedding. With
all the embeddings showing worse performance compared to the
autoencoder, it is not surprising to see larger mean and median
errors at all normalised merger times compared to the autoen-
coder.

The three worse performing embeddings, NCA, SRP, and
TSVD, are also the three embeddings that have error evolu-
tion closest to a ‘U’ shape. As discussed above and seen for
ResNet50, the ‘U’ shape can be caused by normalised merger
time estimates all being close to a single value. However,
Figs. 9c, d, and e do not show evidence of this, just a large scatter.
Thus these three methods appear to be a poor choice for recov-
ering the merger time.

The remaining three encodings, Isomap, LDA, and UMAP,
show a peak in their errors at a normalised time of ≈0.35. This
bin contains the merger event (0.33). As can be seen in Fig. 9,
these three embeddings seem to over estimate the merger time
for galaxies with a true normalised merger time just above 0.35
with this not being so much of an issue for galaxies with a nor-
malised merger time less than 0.35. This would indicate that the
galaxies very close to merging are being assigned times earlier
in the sequence than they should be, causing a peak in the errors
seen in Fig. 10. This may be due to the presence of a second
nucleus in these images of galaxies just about to complete merg-
ing fooling the embedding into providing a larger normalised
time. The just completed mergers do not have a second nucleus
and so do not suffer from this problem.

5.3. Test data

With a median error of 190 Myr, the CNN is able to produce a
merger time that is approximately one snapshot away from the
truth. The average difference in universe age between the snap-

shots used in this work is 162 Myr, not much smaller than the
median error, and the largest age difference between the snap-
shots used is 194 Myr. This suggests that, at least for the data
quality used in this work, it may not be beneficial to attempt to
increase the time resolution through simple gravity simulations.
Our requirements of the simple simulations between snapshots
finding a merger time reduces our sample size by almost a fac-
tor of two: 3321 galaxies available after simulation compared
to 6139 galaxies before. More training data may be beneficial
in improving the median errors compared to a finer time reso-
lution. However, tests with the CNN do not show an improved
performance using a larger sample of galaxies without the sim-
ple gravity simulations applied.

The trends of the errors for the test data being similar to
the validation data is expected, along with larger errors. This
means that the galaxies furthest away from a merger (more
than 125 Myr since a merger and longer than 625 Myr before
a merger) are most likely to be miss-determined. As can be seen
in Fig. 12, this miss-determination is typically not early pre-
mergers being given times consistent with late post-mergers or
vice versa, as was also seen with the validation data. As with
the validation data, this means that the CNN struggles to find
differences between very early mergers and differences between
very late stage mergers. For the intermediate galaxies, with nor-
malised merger times between 0.25 and 0.55, there is not a large
loss of quality in the time predictions, when compared to the
validation data. This reinforces the idea that the very early and
very late stage mergers are the most difficult to reliably assign
merger times. If we limit our true normalised merger times to
be between 0.25 (125 Myr since a merger) and 0.75 (625 Myr
before a merger), the CNN has a MSE of 0.022 for the valida-
tion data and 0.024 for the test data. These correspond to a mean
error of 173 Myr and a median error of 144 Myr for the valida-
tion data and 182 Myr mean error and 157 Myr median error for
the test data.

Our test result time error is not performing as well as
Koppula et al. (2021), who find a median error of 69.35 Myr.
However, Koppula et al. (2021) use a much larger number of
simulated galaxies, 203 667 compared to our 9963, a smaller
time range, −400 to 400 Myr compared to our −500 to 1000 Myr,
and a higher angular resolution, 0.06 arcsec pixel−1 compared to
our 0.20 arcsec pixel−1. A larger amount of data provides more
information to better train a neural network. Smaller time ranges
make the regression problem simpler, as noted above the longer
times before or after the merger event are more difficult to accu-
rately predict merger times for. Finally, greater spatial resolution
allows finer details to be detected by a neural network, with the
faint structures being important for accurately determining the
merger time as shown above. The data used by Koppula et al.
(2021) also has a higher time resolution by a factor of 10,
with a time resolution of ≈17 Myr compared to our ≈162 Myr
before we perform the simple gravity extrapolations between
snapshots. On a per-snapshot basis, we are performing better
than Koppula et al. (2021), with Koppula et al. (2021) achieving
a median error of 4.0 snapshots compared to our median error of
1.2 snapshots. Our larger mis-determinations of very early stage
pre-mergers is also seen in Koppula et al. (2021).

Our CNN finds 81± 1% of our test data to be correctly clas-
sified as pre- or post-mergers. Again this is slightly lower than
the 86% accuracy found by Koppula et al. (2021) for the same
binary classification task. However, our pre- and post-merger
times are asymmetric, from −500 Myr to 1000 Myr, compared
to the symmetric time range of −400 Myr to 400 Myr. Thus we
have more pre-mergers than post-mergers which will influence
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our results. Indeed, 90± 1% of our pre-mergers are correctly
identified while only 65± 3% of our post-mergers receive the
correct classification. With our large uncertainties and smaller
time range for a post-merger compared to a pre-merger, it is not
surprising to see worse classification for post-mergers than pre-
mergers.

6. Conclusion

In this work, we explore how we can determine the time before
or after a merger event a merging galaxy is. This was done
by testing a residual network (ResNet50), a Swin Transformer
(Swin), a convolutional neural network (CNN), and an autoen-
coder trained on images of merging galaxies from the Illus-
trisTNG TNG100. The merging galaxies were between 500 Myr
after and 1000 Myr before a merger event. We also explore the
latent space of the autoencoder.

The CNN was found to perform the best. We also find that
the CNN and autoencoder have similar performance, suggesting
that requiring the image of the galaxy to be reconstructed does
not help encode merger time information. We find that ResNet50
performs the worse, possibly due to the relatively small sample
size used for training. To add to this, the very early stage merg-
ers, more than ≈625 Myr before a merger event, and very late
stage mergers, more than ≈125 Myr since a merger, are difficult
for any of the networks to accurately identify, possibly due to
only very faint merger features present in these galaxies.

We also examined six different dimensionality reduction
techniques: Isomap, linear discriminant analysis (LDA), neigh-
bourhood components analysis (NCA), sparse random projec-
tion (SRP), truncated singular value decomposition (TSVD), and
uniform manifold approximation and projection (UMAP). By
mapping the validation data into the 2-dimensional latent space
embedding proved to function poorer than the neural networks,
with the exception of ResNet50. However, where ResNet50
produced normalised merger time predictions close to 0.5, the
results from the latent space did not. We also found that the
LDA x-embedding was a good approximation of the autoencoder
latent space neuron used to estimate the merger time. By convert-
ing the x-embedding into a merger time, the results were similar
to the autoencoder itself.

The best performing method, the CNN, produced merger
times with a median error of 190 Myr. This time is similar to
the time between snapshots in the IllustrisTNG simulation. The
errors may be improved by reducing the time range we consider
to be mergers to 125 Myr after to 625 Myr before the merger
event.

While the methods in this work did not produce a highly
accurate reproduction of the merger time, they show that is is
possible to derive this information from idealised images of
galaxy mergers. Future work will look at how our results can
be improved. This will be done by exploring how a larger num-
ber of mergers from simulations may help improve performance
as well as reducing the time range that can be considered to be a
merger. It will also look at if increasing the spatial resolution of
the images, the depth of the images, and time resolution of the
simulation will aid with merger time determination. Future work
will also explore if more realistic images of simulated galax-
ies will result in poorer performance and if including morpho-
logical parameters can improve performance. This future work
will aim to derive the merger time for observed galaxy mergers,
allowing changes in physical properties to be statistically tracked
throughout a merger event. As the CNN is the least computation-

ally intensive network to train, and its performance compared to
the other networks in this work, these future works will be based
on our CNN architecture.
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Ćiprijanović, A., Snyder, G. F., Nord, B., & Peek, J. E. G. 2020, Astron. Comput.,
32, 100390

Conselice, C. J. 2014, ARA&A, 52, 291
Conselice, C. J., Bershady, M. A., & Jangren, A. 2000, ApJ, 529, 886
Conselice, C. J., Bershady, M. A., Dickinson, M., & Papovich, C. 2003, AJ, 126,

1183
de Jong, J. T. A., Kuijken, K., Applegate, D., et al. 2013a, The Messenger, 154,

44
de Jong, J. T. A., Verdoes Kleijn, G. A., Kuijken, K. H., & Valentijn, E. A. 2013b,

Exp. Astron., 35, 25
De Propris, R., Liske, J., Driver, S. P., Allen, P. D., & Cross, N. J. G. 2005, AJ,

130, 1516
Desmons, A., Brough, S., Martínez-Lombilla, C., et al. 2023, MNRAS, 523,

4381
Dubois, Y., Pichon, C., Welker, C., et al. 2014, MNRAS, 444, 1453
Duncan, K., Conselice, C. J., Mundy, C., et al. 2019, ApJ, 876, 110
Ellison, S. L., Mendel, J. T., Patton, D. R., & Scudder, J. M. 2013, MNRAS, 435,

3627
Ferreira, L., Conselice, C. J., Duncan, K., et al. 2020, ApJ, 895, 115
Fisher, R. A. 1936, Ann. Eugenics, 7, 179
Gao, F., Wang, L., Pearson, W. J., et al. 2020, A&A, 637, A94
Goldberger, J., Hinton, G. E., Roweis, S., & Salakhutdinov, R. R. 2004, in

Advances in Neural Information Processing Systems, eds. L. Saul, Y. Weiss,
& L. Bottou (MIT Press), 17

Guzmán-Ortega, A., Rodriguez-Gomez, V., Snyder, G. F., Chamberlain, K., &
Hernquist, L. 2023, MNRAS, 519, 4920

Halko, N., Martinsson, P. G., & Tropp, J. A. 2011, SIAM Rev., 53, 217
He, K., Zhang, X., Ren, S., & Sun, J. 2016, in 2016 IEEEConference on

Computer Vision and Pattern Recognition (CVPR), 770
Holwerda, B. W., Kelvin, L., Baldry, I., et al. 2019, AJ, 158, 103
Hopkins, P. F., Wetzel, A., Kereš, D., et al. 2018, MNRAS, 480, 800
Huertas-Company, M., Gravet, R., Cabrera-Vives, G., et al. 2015, ApJS, 221, 8
Kiefer, J., & Wolfowitz, J. 1952, Ann. Math. Stat., 23, 462
Kingma, D. P., & Ba, J. 2015, in 3rd International Conference on Learning

Representations, ICLR 2015, San Diego, CA, USA, May 7-9, 2015,
Conference Track Proceedings, eds. Y. Bengio, & Y. LeCun

Knapen, J. H., Cisternas, M., & Querejeta, M. 2015, MNRAS, 454, 1742
Koppula, S., Bapst, V., Huertas-Company, M., et al. 2021, arXiv e-prints

[arXiv:2102.05182]
Li, P., Hastie, T. J., & Church, K. W. 2006, in Proceedings of the 12th

ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining, KDD ’06 (New York, USA: Association for Computing Machinery),
287

A45, page 13 of 16

http://linker.aanda.org/10.1051/0004-6361/202449532/1
http://linker.aanda.org/10.1051/0004-6361/202449532/1
http://linker.aanda.org/10.1051/0004-6361/202449532/2
http://linker.aanda.org/10.1051/0004-6361/202449532/3
http://linker.aanda.org/10.1051/0004-6361/202449532/4
http://linker.aanda.org/10.1051/0004-6361/202449532/5
http://linker.aanda.org/10.1051/0004-6361/202449532/6
http://linker.aanda.org/10.1051/0004-6361/202449532/7
http://linker.aanda.org/10.1051/0004-6361/202449532/8
http://linker.aanda.org/10.1051/0004-6361/202449532/9
http://linker.aanda.org/10.1051/0004-6361/202449532/10
http://linker.aanda.org/10.1051/0004-6361/202449532/10
http://linker.aanda.org/10.1051/0004-6361/202449532/11
http://linker.aanda.org/10.1051/0004-6361/202449532/11
http://linker.aanda.org/10.1051/0004-6361/202449532/12
http://linker.aanda.org/10.1051/0004-6361/202449532/13
http://linker.aanda.org/10.1051/0004-6361/202449532/14
http://linker.aanda.org/10.1051/0004-6361/202449532/14
http://linker.aanda.org/10.1051/0004-6361/202449532/15
http://linker.aanda.org/10.1051/0004-6361/202449532/15
http://linker.aanda.org/10.1051/0004-6361/202449532/16
http://linker.aanda.org/10.1051/0004-6361/202449532/17
http://linker.aanda.org/10.1051/0004-6361/202449532/17
http://linker.aanda.org/10.1051/0004-6361/202449532/18
http://linker.aanda.org/10.1051/0004-6361/202449532/18
http://linker.aanda.org/10.1051/0004-6361/202449532/19
http://linker.aanda.org/10.1051/0004-6361/202449532/20
http://linker.aanda.org/10.1051/0004-6361/202449532/21
http://linker.aanda.org/10.1051/0004-6361/202449532/21
http://linker.aanda.org/10.1051/0004-6361/202449532/22
http://linker.aanda.org/10.1051/0004-6361/202449532/23
http://linker.aanda.org/10.1051/0004-6361/202449532/24
http://linker.aanda.org/10.1051/0004-6361/202449532/25
http://linker.aanda.org/10.1051/0004-6361/202449532/26
http://linker.aanda.org/10.1051/0004-6361/202449532/27
http://linker.aanda.org/10.1051/0004-6361/202449532/28
http://linker.aanda.org/10.1051/0004-6361/202449532/28
http://linker.aanda.org/10.1051/0004-6361/202449532/29
http://linker.aanda.org/10.1051/0004-6361/202449532/30
http://linker.aanda.org/10.1051/0004-6361/202449532/31
http://linker.aanda.org/10.1051/0004-6361/202449532/32
http://linker.aanda.org/10.1051/0004-6361/202449532/33
http://linker.aanda.org/10.1051/0004-6361/202449532/33
http://linker.aanda.org/10.1051/0004-6361/202449532/33
http://linker.aanda.org/10.1051/0004-6361/202449532/34
https://arxiv.org/abs/2102.05182
http://linker.aanda.org/10.1051/0004-6361/202449532/36
http://linker.aanda.org/10.1051/0004-6361/202449532/36
http://linker.aanda.org/10.1051/0004-6361/202449532/36


Pearson, W. J., et al.: A&A, 687, A45 (2024)

Lintott, C. J., Schawinski, K., Slosar, A., et al. 2008, MNRAS, 389, 1179
Liu, Z., Lin, Y., Cao, Y., et al. 2021, in Proceedings of the IEEE/CVF

International Conference on Computer Vision (ICCV)
Lotz, J. M., Primack, J., & Madau, P. 2004, AJ, 128, 163
Lotz, J. M., Davis, M., Faber, S. M., et al. 2008, ApJ, 672, 177
Margalef-Bentabol, B., Wang, L., La Marca, A., et al. 2024, arXiv e-prints

[arXiv:2403.15118]
Marinacci, F., Vogelsberger, M., Pakmor, R., et al. 2018, MNRAS, 480, 5113
McInnes, L., Healy, J., & Melville, J. 2018, arXiv e-prints [arXiv:1802.03426]
Moreno, J., Torrey, P., Ellison, S. L., et al. 2019, MNRAS, 485, 1320
Naiman, J. P., Pillepich, A., Springel, V., et al. 2018, MNRAS, 477, 1206
Nair, V., & Hinton, G. E. 2010, in Proceedings of the 27th International

Conference on International Conference on Machine Learning, ICML’10
(Madison, WI, USA: Omnipress), 807

Nelson, D., Pillepich, A., Springel, V., et al. 2018, MNRAS, 475, 624
Nelson, D., Springel, V., Pillepich, A., et al. 2019, Comput. Astrophys. Cosmol.,

6, 2
Pearson, W. J., Wang, L., Alpaslan, M., et al. 2019, A&A, 631, A51
Pearson, W. J., Suelves, L. E., Ho, S. C. C., et al. 2022, A&A, 661, A52
Pedregosa, F., Varoquaux, G., Gramfort, A., et al. 2011, J. Mach. Learn. Res.,

12, 2825
Pillepich, A., Nelson, D., Hernquist, L., et al. 2018, MNRAS, 475, 648
Planck Collaboration XIII. 2016, A&A, 594, A13
Robbins, H., & Monro, S. 1951, Ann. Math. Stat., 22, 400

Robotham, A. S. G., Driver, S. P., Davies, L. J. M., et al. 2014, MNRAS, 444,
3986

Rodrigues, M., Puech, M., Flores, H., Hammer, F., & Pirzkal, N. 2018, MNRAS,
475, 5133

Rodriguez-Gomez, V., Genel, S., Vogelsberger, M., et al. 2015, MNRAS, 449,
49

Rodriguez-Gomez, V., Snyder, G. F., Lotz, J. M., et al. 2019, MNRAS, 483, 4140
Russakovsky, O., Deng, J., Su, H., et al. 2015, Int. J. Comput. Vis., 115, 211
Sanders, D. B., & Mirabel, I. F. 1996, ARA&A, 34, 749
Silva, A., Marchesini, D., Silverman, J. D., et al. 2018, ApJ, 868, 46
Silva, A., Marchesini, D., Silverman, J. D., et al. 2021, ApJ, 909, 124
Snyder, G. F., Lotz, J., Moody, C., et al. 2015, MNRAS, 451, 4290
Snyder, G. F., Rodriguez-Gomez, V., Lotz, J. M., et al. 2019, MNRAS, 486, 3702
Somerville, R. S., & Davé, R. 2015, ARA&A, 53, 51
Springel, V., White, S. D. M., Jenkins, A., et al. 2005, Nature, 435, 629
Springel, V., Pakmor, R., Pillepich, A., et al. 2018, MNRAS, 475, 676
Steffen, J. L., Fu, H., Brownstein, J. R., et al. 2023, ApJ, 942, 107
Suelves, L. E., Pearson, W. J., & Pollo, A. 2023, A&A, 669, A141
Taranu, D. S., Dubinski, J., & Yee, H. K. C. 2013, ApJ, 778, 61
Tenenbaum, J. B., de Silva, V., & Langford, J. C. 2000, Science, 290, 2319
Walmsley, M., Ferguson, A. M. N., Mann, R. G., & Lintott, C. J. 2019, MNRAS,

483, 2968
Wang, L., Pearson, W. J., & Rodriguez-Gomez, V. 2020, A&A, 644, A87
Weston, M. E., McIntosh, D. H., Brodwin, M., et al. 2017, MNRAS, 464, 3882

A45, page 14 of 16

http://linker.aanda.org/10.1051/0004-6361/202449532/37
http://linker.aanda.org/10.1051/0004-6361/202449532/38
http://linker.aanda.org/10.1051/0004-6361/202449532/38
http://linker.aanda.org/10.1051/0004-6361/202449532/39
http://linker.aanda.org/10.1051/0004-6361/202449532/40
https://arxiv.org/abs/2403.15118
http://linker.aanda.org/10.1051/0004-6361/202449532/42
https://arxiv.org/abs/1802.03426
http://linker.aanda.org/10.1051/0004-6361/202449532/44
http://linker.aanda.org/10.1051/0004-6361/202449532/45
http://linker.aanda.org/10.1051/0004-6361/202449532/46
http://linker.aanda.org/10.1051/0004-6361/202449532/46
http://linker.aanda.org/10.1051/0004-6361/202449532/47
http://linker.aanda.org/10.1051/0004-6361/202449532/48
http://linker.aanda.org/10.1051/0004-6361/202449532/48
http://linker.aanda.org/10.1051/0004-6361/202449532/49
http://linker.aanda.org/10.1051/0004-6361/202449532/50
http://linker.aanda.org/10.1051/0004-6361/202449532/51
http://linker.aanda.org/10.1051/0004-6361/202449532/51
http://linker.aanda.org/10.1051/0004-6361/202449532/52
http://linker.aanda.org/10.1051/0004-6361/202449532/53
http://linker.aanda.org/10.1051/0004-6361/202449532/54
http://linker.aanda.org/10.1051/0004-6361/202449532/55
http://linker.aanda.org/10.1051/0004-6361/202449532/55
http://linker.aanda.org/10.1051/0004-6361/202449532/56
http://linker.aanda.org/10.1051/0004-6361/202449532/56
http://linker.aanda.org/10.1051/0004-6361/202449532/57
http://linker.aanda.org/10.1051/0004-6361/202449532/57
http://linker.aanda.org/10.1051/0004-6361/202449532/58
http://linker.aanda.org/10.1051/0004-6361/202449532/59
http://linker.aanda.org/10.1051/0004-6361/202449532/60
http://linker.aanda.org/10.1051/0004-6361/202449532/61
http://linker.aanda.org/10.1051/0004-6361/202449532/62
http://linker.aanda.org/10.1051/0004-6361/202449532/63
http://linker.aanda.org/10.1051/0004-6361/202449532/64
http://linker.aanda.org/10.1051/0004-6361/202449532/65
http://linker.aanda.org/10.1051/0004-6361/202449532/66
http://linker.aanda.org/10.1051/0004-6361/202449532/67
http://linker.aanda.org/10.1051/0004-6361/202449532/68
http://linker.aanda.org/10.1051/0004-6361/202449532/69
http://linker.aanda.org/10.1051/0004-6361/202449532/70
http://linker.aanda.org/10.1051/0004-6361/202449532/71
http://linker.aanda.org/10.1051/0004-6361/202449532/72
http://linker.aanda.org/10.1051/0004-6361/202449532/72
http://linker.aanda.org/10.1051/0004-6361/202449532/73
http://linker.aanda.org/10.1051/0004-6361/202449532/74


Pearson, W. J., et al.: A&A, 687, A45 (2024)

Appendix A: Latent space embeddings

Here we present the latent space embeddings for Isomap, NCA,
SRP, TSVD, and UMAP in Figs. A.1, A.2, A.3, A.4, and A.5,
respectively, using the latent space from the autoencoder epoch
with the lowest merger time MSE. The LDA embedding can be
found in Fig. 8.

Fig. A.1. Isomap latent space embedding for (a) training data and (b)
validation data. The average normalised merger time is show from 0
(purple) to 1 (red).

Fig. A.2. NCA latent space embedding for (a) training data and (b) val-
idation data. The average normalised merger time is show from 0 (pur-
ple) to 1 (red).

Fig. A.3. SRP latent space embedding for (a) training data and (b) val-
idation data. The average normalised merger time is show from 0 (pur-
ple) to 1 (red).

Fig. A.4. TSVD latent space embedding for (a) training data and (b)
validation data. The average normalised merger time is show from 0
(purple) to 1 (red).
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Fig. A.5. UMAP latent space embedding for (a) training data and (b)
validation data. The average normalised merger time is show from 0
(purple) to 1 (red).
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