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Abstract

Galaxies grow through star formation (in-situ) and accretion (ex-situ) of other
galaxies. Reconstructing the relative contribution of these two growth channels is
crucial for constraining the processes of galaxy formation in a cosmological context.
In this on-going work, we utilize a conditional variational autoencoder along
with a normalizing flow - trained on a state-of-the-art cosmological simulation
- in an attempt to infer the posterior distribution of the 2D ex-situ stellar mass
distribution of galaxies solely from observable two-dimensional maps of their
stellar mass, kinematics, age and metallicity. Such maps are typically obtained
from large Integral Field Unit Surveys such as MaNGA. We find that the average
posterior provides an estimate of the resolved accretion histories of galaxies with
a mean ∼ 10% error per pixel. We show that the use of a normalizing flow to
conditionally sample the latent space results in a smaller reconstruction error. Due
to the probabilistic nature of our architecture, the uncertainty of our predictions
can also be quantified. To our knowledge, this is the first attempt to infer the 2D
ex-situ fraction maps from observable maps.

1 Introduction

The standard cosmological model, known as ΛCDM, suggests that galaxies evolve by successively
merging into more massive structures. The mass accreted through this merging/interaction with
other galaxies is often referred to as the ex-situ mass of the galaxy. Contrarily, mass created through
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internal star formation sustained by cosmic gas inflows is referred to as the galaxy’s in-situ stellar
mass.

Unveiling how the ex-situ mass of a galaxy is distributed within a galaxy can provide an unprecedented
glimpse on its cosmic evolution (Cooper et al., 2010). However, the mapping between observable
properties - e.g. kinematics or chemical composition of stars - and the accretion history of a galaxy
is unknown and intractable. Consequently, there does not exist a clear path in literature that allows
the inference of the distribution of the accreted stellar mass of a galaxy. To this end, we propose
to resort to simulation-based inference (Cranmer et al., 2020), using state-of-the art hydrodynamic
cosmological simulations.

Our approach to model the posterior distribution of resolved ex-situ mass in a galaxy consists of a
conditional variational autoencoder (cVAE) that uses as input the 2D distribution maps of ex-situ
mass fraction of galaxies - accessible in the simulations - and as a condition the observable 2D maps
of their stellar mass, kinematics, age and metallicity. The cVAE is trained to reconstruct the ex-situ
maps while learning their multivariate latent distribution. By sampling from this latent space and
along with the condition maps, we are able to generate samples from the posterior distribution of
ex-situ maps conditioned on the observables. To further enhance the reconstruction precision of the
ex-situ maps, we utilize a normalizing flow that enables a finer sampling of the latent space and
relaxes the Gaussian prior on the cVAE latent space.

2 Data

In this first work, our simulator to perform the inference consists of a unique cosmological hydro-
dynamical simulation TNG100 (Nelson et al., 2018; Pillepich et al., 2017; Springel et al., 2017;
Nelson et al., 2017; Naiman et al., 2018; Marinacci et al., 2018). We select galaxies with stellar mass
> 1010 M⊙ at a redshift z = 0 and z = 0.1. Galaxies are forward modeled to produce observables
which are used as conditions for our cVAE. We namely produce two-dimensional projections of stellar
particle properties (mass, velocity, velocity dispersion, age, metallicity) along a given line-of-sight.
For each galaxy, the field of view (FoV) is selected as four times its half-mass radius and the resulting
maps have a fixed size of 128 x 128 pixels.

In order to construct the ground-truth that we wish to infer, namely the ex-situ mass distribution
maps, we use the catalog created by Rodriguez-Gomez et al. (2015, 2016) that classifies all stellar
particles either as in-situ or ex-situ by following the merger tree of their host galaxy. From there, it
is straightforward to produce 2D maps, where each pixel holds the binned average of ex-situ mass
fraction of all stellar particles present in that projection.

Our dataset is highly unbalanced, as galaxies with a mean low ex-situ fraction prevail and there exist
relatively few galaxies with a mean high ex-situ mass fraction (> 0.8). To address this issue as
well as to increase our training sample size, we create multiple realisations for each galaxy by using
different 2D projections of their properties. The number of projections is decided by taking into
account the balancing of the dataset. More specifically, a higher number of projections is produced for
galaxies with a high ex-situ fraction to account for their rareness and a lower number of projections is
produced for galaxies with a low ex-situ fraction. Each line-of-sight is considered as an independent
observation.

Through this process, we produce a dataset of 24248 objects that are then randomly split into a
training (75%), a validation (10%) and a test subset (15%). Extra caution is taken across splitting to
ensure that all alignments of one galaxy are gathered in the same dataset type, so that to avoid leaks
of information when testing the prediction results of our model.

3 Model

We construct a conditional variational autoencoder (cVAE) (Sohn et al., 2015), to estimate the
posterior distribution of the 2D ex-situ stellar mass fraction (ϵ) conditioned on the 2D maps of the
stellar properties (θ): P (ϵ|θ) =

∫
p(ϵ|z, θ).p(z|θ)dz, where p(ϵ|z, θ) is the generator network and z is

the latent space variable of the cVAE which is modeled as a multivariate Gaussian distribution.
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Figure 1: The architecture of the model consisting of a cVAE and optionally a normalizing flow. (a)
The architecture of the cVAE during training. This model can also be used for inference when the
ground truth is supplied as input to the encoder to acquire a lower bound of the reconstruction error
the model is capable of. (b) The model during inference using only the trained cVAE. As the encoder
part is removed, we sample from the prior of the latent space and along with the conditions, the
ex-situ map is predicted from the decoder. (c) The model during inference when a trained normalizing
flow on the latent space is included. We sample conditionally from the flow latent space for a vector
compliant with the condition vector and the ex-situ map is predicted from the decoder while the
observable maps also contribute to all convolution layers.

Our cVAE consists of three CNNs as shown in Figure 1(a): the encoder, the condition encoder and
the decoder. Since our conditions are not scalar values, but instead a set of 5 observable 2D maps,
we encode them using a CNN. Notably, we add skip connections between the conditions and the
encoder/decoder in all convolutional layers to improve the reconstruction as typically done with
U-nets. A similar architecture has also been utilized in Horowitz et al. (2021). The cVAE is trained
with a standard evidence lower bound (ELBO) loss function which includes the condition term
θ = qΨ(X) corresponding to the summary statistics extracted from the condition encoder:

L = −Ez∼pΘ(z|ϵ,θ)[log pΦ(ϵ|z, θ)] + βEz∼pΘ(z|ϵ,θ)[log pΘ(z|ϵ, θ)− logN (0, 1)], (1)

where X are the condition maps, Θ, Φ and Ψ are the trainable parameters of the encoder, decoder
and condition encoder respectively and β is the weight enforced on the Kullback–Leibler Divergence
term.

During the training of the cVAE, the three CNN networks are updated simultaneously. Once the
cVAE is trained, we isolate the encoder and the condition encoder parts of the network and reuse them
on the whole training set to generate samples of the latent space along with their encoded condition
vectors. This new dataset is then utilized as the training set of the conditional normalizing flow, based
on autoregressive algorithms (Germain et al., 2015; Papamakarios et al., 2017).

During inference, we propose two different model architectures. In the first one, the decoder is simply
fed with samples from the prior and encoded conditions (Figure 1 (b)). In the second approach, we
utilize the trained normalizing flow, conditioned on the encoded observables, to sample from the
latent space (Figure 1 (c)). By adding a normalizing flow to our architecture, we expect to reduce the
weight of the Kullback–Leibler Divergence term during the training of the cVAE and hence obtain
a more accurate reconstruction. Both approaches produce samples of the posterior distribution of
ex-situ stellar mass that we compare in the following section.

4 Results
We train a variety of models for 200 epochs with different latent space sizes and weights of the
Kullback–Leibler divergence term. To optimize the execution time, we train our models on a NVIDIA
Tesla P100 GPU. In figure 2, we illustrate a set of average predicted posteriors on 3 sample galaxies
from the test dataset from a model trained with β = 7e − 5 and latent size set to 10, which was
among the models that achieved the best results.
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Figure 2: The results of the Flow-VAE model predictions when evaluated on 3 galaxies from the test
set with the ground-truth ex-situ maps and using the observable condition maps on the left. On the
right, we show the posterior average calculated on 100 reconstructions of the decoder when supplied
along with the conditions with (a) the latent space vectors the encoder outputs on the ground-truth
(reconstruction) (b) latent space vectors sampled randomly from the prior (c) latent space vectors
sampled from the normalizing flow mapped from the conditions.

We first evaluate the reconstruction accuracy of the model when applied on unseen data. This serves
only as a lower bound on the accuracy we can achieve, as this is the unrealistic case where the actual
ground truth is also provided to the model along with the conditions. The results of the two proposed
inference architectures are also illustrated: sampling from the prior and sampling through the trained
normalizing flow. It is apparent that both scenarios provide predictions of the ex-situ mass fraction
distribution that are very close to the ground-truth.

It is worth noting that the extra complexity added by including a normalizing flow in our architecture
seems to increase the precision even further. This can be demonstrated in Figure 3 (a), where the
distribution of the absolute value of the residuals of all pixels from the test set is shown collectively
for the three different scenarios. The distribution of residuals is mostly concentrated around zero,
with a higher peak on reconstruction closely followed by the inference through flow sampling. The
mean residual values of all pixels are also demonstrated, further validating that the overall prediction
power when sampling from the flow is substantially more accurate that when sampling randomly
from the prior.

Additionally, we illustrate how residuals are correlated with the pixel ex-situ fraction in Figure 3
(b). It is apparent that reconstruction always provides the lowest residuals, as it was anticipated.
Furthermore, we observe that higher ex-situ fraction pixels generally suffer from higher residuals,
which can be attributed to their rareness. It is important to stress here that only galaxy pixels are
taken into account for the calculation of the residual statistics, to avoid overstating the precision by
including background pixels that generally have a very low residual value.

5 Future Development
As this work is still in progress, a number of improvements are scheduled for the near future. We plan
to apply our model to other cosmological simulations (e.g. EAGLE (Schaye et al., 2015)) and train
across simulations so that inference is independent of the different sub-grid recipes of each simulation.
This crucial step will allow us to apply the model on mock and hopefully actual observation data,
enabling the first observational constraint on the accretion histories of galaxies. Additionally, we
need to better understand whether the standard deviation of the different realisations can serve as
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(a) (b)

Figure 3: Collective results for the model accuracy when the residuals are calculated on the whole test
set. (a) The distribution of the pixel residuals when reconstructing the images using the ground-truth
(reconstructed), sampling from the flow and sampling randomly from the prior. The mean residual
values on the three scenarios are demonstrated as vertical lines colored correspondingly. (b) The
correlation of the pixel residuals with the ex-situ fraction of the pixels.

a meaningful measure for capturing the uncertainty of the model. To do so, we should check the
coverage probabilities of the per pixel posterior estimates.

6 Conclusion
This on-going work is the first attempt to predict ex-situ fractions of galaxies on a 2D projection and
solely from observable maps. By combining simulation data with a variational autoencoder and a
normalizing flow, we are able to predict the posterior distribution of the ex-situ fraction maps with a
mean ∼ 10% error per pixel. These promising preliminary results suggest that this methodology can
serve as a new powerful path to acquire a novel view of the stellar assembly of statistical samples of
galaxies from observational surveys.

7 Impact Statement
Understanding the origin of stellar mass present in a galaxy can provide a crucial insight on its
cosmic evolution. An obvious impediment to study this is that we can only observe galaxies at a
specific redshift and the path to correlate observable properties with the accretion history of a galaxy
is still unclear. Through this work, we propose the utilization of cosmological simulations, where the
evolution history galaxies is traceable, along with machine learning techniques to infer the 2D ex-situ
stellar mass fraction distribution of galaxies. We demonstrate that this experiment works when using
a unique cosmological simulation. Our end-goal is to couple multiple cosmological simulations in
order to create a robust model that can infer the 2D ex-situ stellar mass fraction distribution of galaxy
independently of the dataset that it originates. This will allow for application on actual observational
data and additionally the uncertainty of the prediction will also be measured. More importantly, this
work can serve as an indicator that machine learning coupled with a proper combination of more than
one cosmological simulations can serve as a powerful tool to bridge the gap between observations and
cosmological simulations, which can have a substantial impact on a variety of research lines.
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Checklist
The checklist follows the references. Please read the checklist guidelines carefully for information on
how to answer these questions. For each question, change the default [TODO] to [Yes] , [No] , or
[N/A] . You are strongly encouraged to include a justification to your answer, either by referencing
the appropriate section of your paper or providing a brief inline description. For example:

• Did you include the license to the code and datasets? [Yes] See Section ??.

• Did you include the license to the code and datasets? [No] The code and the data are
proprietary.

• Did you include the license to the code and datasets? [N/A]

Please do not modify the questions and only use the provided macros for your answers. Note
that the Checklist section does not count towards the page limit. In your paper, please delete this
instructions block and only keep the Checklist section heading above along with the questions/answers
below.

1. For all authors...

(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]

(b) Did you describe the limitations of your work? [Yes] As discussed in Section 5, this
work utilizes only one cosmological simulation and subsequently the sub-grid recipes
of this simulation might limit us from applying the model on actual observations.
Future work will include multiple simulations to account for this issue.

(c) Did you discuss any potential negative societal impacts of your work? [N/A]

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]

2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [N/A]

(b) Did you include complete proofs of all theoretical results? [N/A]

3. If you ran experiments...

(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? [No] This is still a
work in progress. We plan to do so in the future.

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes] See Section 2 and 4.

(c) Did you report error bars (e.g., with respect to the random seed after running exper-
iments multiple times)? [No] The model proposed is probabilistic and we always
illustrate the posterior average on multiple samplings. However, we choose to not
include the standard deviation of the different realisations of the predictions, as we first
want to confirm that it can serve as a meaningful measure for capturing the uncertainty
of the model (see Section 5)

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [Yes] See Section 4

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes] We are using the TNG
cosmological simulation, which is cited. The model architectures were implemented
from scratch on Tensorflow.

(b) Did you mention the license of the assets? [N/A]

(c) Did you include any new assets either in the supplemental material or as a URL? [No]

7



(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [N/A]

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A]

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [N/A]

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A]
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