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ABSTRACT

Cosmological inference from dark matter halo merger trees is challenging due to the intricate rela-
tionships between tree structure, assembly bias, and underlying cosmological parameters. We address
this challenge by developing a contrastive learning framework that generates merger tree embeddings
sensitive to cosmological parameters while mitigating the impact of assembly bias. A Graph Neural
Network (GNN) is trained on merger trees from N-body simulations, employing a contrastive loss
function to cluster trees originating from the same cosmology within the embedding space. To en-
hance robustness against assembly bias, we augment the training data by introducing variations in
halo concentrations conditional on halo mass, guided by observed mass-concentration relations. These
learned embeddings then serve as summary statistics for likelihood-free inference (LFI) using Sequen-
tial Neural Posterior Estimation (SNPE) to estimate the posterior distribution of €2, and og. Using
a dataset of 1000 merger trees from 40 unique cosmologies, our results demonstrate the effectiveness
of the learned embeddings for cosmological inference, particularly for €2,,, achieving good accuracy
and coverage probability close to the nominal value. However, we observe some undercoverage for
og, indicating potential for further refinement of the method. This work underscores the potential of
contrastive learning and GNNs for extracting cosmologically relevant information from merger trees,
paving the way for robust and accurate likelihood-free cosmological inference.

Keywords: Large-scale structure of the universe, Cosmological parameters, Cosmology, Galaxy evolu-

tion, N-body simulations

1. INTRODUCTION

Cosmological inference, the precise determination of
the fundamental parameters that govern the evolution
of our Universe, stands as a central goal in modern cos-
mology. Traditional approaches often rely on comparing
theoretical predictions, derived from computationally
intensive N-body simulations, with observational data
from sources like the Cosmic Microwave Background,
galaxy surveys, and Type Ia supernovae. These methods
typically require carefully constructed summary statis-
tics to effectively bridge the gap between theoretical
models and observational data. Likelihood-free infer-
ence (LFI) offers an alternative pathway, circumventing
the need for a pre-defined likelihood function by directly
learning the mapping between simulation data and the
underlying cosmological parameters.

Dark matter halo merger trees, which capture the hi-
erarchical assembly history of cosmic structures, rep-
resent a rich source of information for LFI (Parkinson
et al. 2007; Angel Chandro-Gémez et al. 2025). These
trees encode valuable insights into the Universe’s under-

lying cosmology (Benson et al. 2012; Angel Chandro-
Goémez et al. 2025). However, extracting this informa-
tion presents significant challenges. The relationships
between the tree structure, the assembly histories of
dark matter halos, and the cosmological parameters are
complex and non-linear, making it difficult to design
effective summary statistics that capture the relevant
cosmological information (Jiang & van den Bosch 2013).
Furthermore, the phenomenon of assembly bias adds an-
other layer of complexity. Assembly bias refers to the
correlation between halo properties and their formation
history, independent of their mass and the underlying
cosmology (Benson et al. 2012; Jiang & van den Bosch
2013). If not properly accounted for, assembly bias can
obscure the cosmological signal within merger trees and
lead to biased parameter estimates (Benson et al. 2012;
Jiang & van den Bosch 2013).

In this paper, we introduce a novel contrastive learn-
ing framework designed to address these challenges. Our
framework generates merger tree embeddings that are
sensitive to cosmological parameters while simultane-
ously being robust to the effects of assembly bias (Poul-
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ton et al. 2018; Angel Chandro-Gémez et al. 2025). We
achieve this by training a Graph Neural Network (GNN)
on a dataset of merger trees extracted from N-body sim-
ulations (Bose et al. 2022). The GNN is trained using
a contrastive loss function, which encourages the net-
work to cluster trees originating from the same cosmol-
ogy together within the embedding space, while push-
ing trees from different cosmologies apart. To explic-
itly mitigate the impact of assembly bias, we augment
the training data by introducing controlled variations in
halo concentrations, conditional on halo mass (Poulton
et al. 2018; Angel Chandro-Gémez et al. 2025). This
augmentation is guided by observed mass-concentration
relations (Poulton et al. 2018) and effectively increases
the diversity of the training data, enabling the GNN to
learn embeddings that are less sensitive to variations in
halo assembly history.

The learned embeddings then serve as effective sum-
mary statistics for LFI. We employ Sequential Neural
Posterior Estimation (SNPE) to estimate the posterior
distribution of key cosmological parameters, specifically
the matter density parameter (2,,) and the amplitude
of the matter power spectrum (og), given the learned
merger tree embeddings. This allows us to directly esti-
mate the probability distribution of these parameters
based on the information extracted from the merger
trees. We validate the effectiveness of our framework by
applying it to a dataset of 1000 merger trees originating
from 40 unique cosmologies (Pearson et al. 2024; Nguyen
et al. 2024). To ensure the reliability of our results,
we assess the accuracy and calibration of our inferred
posteriors using simulation-based calibration techniques
(Nguyen et al. 2024). Our results demonstrate the po-
tential of contrastive learning and GNNs for extracting
cosmologically relevant information from merger trees,
paving the way for robust and accurate likelihood-free
cosmological inference.

2. METHODS

This section details the methodology employed to de-
velop a contrastive learning framework for cosmologi-
cal inference from dark matter halo merger trees. Our
approach leverages Graph Neural Networks (GNNs) to
generate merger tree embeddings sensitive to cosmolog-
ical parameters, while mitigating the impact of assem-
bly bias. These learned embeddings then serve as sum-
mary statistics for likelihood-free inference (LFI) using
Sequential Neural Posterior Estimation (SNPE) to esti-
mate the posterior distribution of cosmological parame-
ters.

2.1. Dataset and Preprocessing

The analysis is based on a dataset of 1000 dark mat-
ter halo merger trees, extracted from N-body simu-
lations with 40 unique cosmologies (Angel Chandro-
Goémez et al. 2025). Each merger tree is represented
as a PyTorch Geometric ‘Data‘ object, consisting of
node features, edge connections, and graph-level tar-
gets. The node features, denoted as z, are a tensor of
shape (N_nodes, 4), where N_nodes is the number of
nodes in the tree. These features include logl0(mass),
log10(concentration), logl0(Vmax), and the scale factor
(Parkinson et al. 2007; Jiang & van den Bosch 2013).
The edge connections are represented by the edge index,
which defines the connections between nodes in the tree
(Parkinson et al. 2007; Jiang & van den Bosch 2013).
The graph-level targets, denoted as y, are a tensor of
shape (1, 2), containing the cosmological parameters €2,
and og (Benson et al. 2012).

Prior to training, the data undergoes several prepro-
cessing steps: (Zhang et al. 2024; Cao et al. 2025; Nerval
et al. 2025) Exploratory Data Analysis (EDA): An ini-
tial inspection of the dataset is performed to understand
the structure and typical ranges of the node features and
cosmological parameters (Verde 2009; Moss 2025). This
includes printing the attributes of a few sample trees,
verifying the dimensions of z and y, and confirming the
range of scale factors, €2,,, and og. Furthermore, a fea-
ture distribution analysis is conducted to calculate the
global mean and standard deviation of each node feature
and cosmological parameter across all trees (Coley et al.
2018). Tables summarizing these statistics are generated
to provide a comprehensive overview of the data distri-
bution (Moss 2025). The number of trees belonging to
each unique cosmology is also determined.

Normalization: To ensure stable training and prevent
features with larger scales from dominating the learning
process, both the node features and cosmological param-
eters are normalized. Each node feature is normalized
by subtracting its global mean and dividing by its global
standard deviation, calculated during the EDA. Simi-
larly, €, and og are normalized using their respective
global means and standard deviations.

Dataset Splitting: The dataset is split into training,
validation, and test sets, ensuring that trees from the
same cosmology are grouped together in the same split.
This is crucial to avoid information leakage and ensure
a fair evaluation of the model’s generalization perfor-
mance (Stolzner et al. 2025). The unique cosmologies
are first identified and shuffled. Then, approximately
70% of the unique cosmologies are allocated to the train-
ing set, 15% to the validation set, and 15% to the test
set. All merger trees corresponding to the cosmologies



in each set are then collected to form the final training,
validation, and test sets.

2.2. Feature Engineering for Assembly Bias Proxy and
Global Properties

To capture global properties of the merger trees and to
inform the data augmentation strategy, we extract a set
of global features for each tree. These features include:

Total Mass: The total mass of all halos in the tree at
the final snapshot (scale factor closest to 1) and the total
mass of progenitor halos within defined scale factor bins
(e.g., [0.2-0.4], [0.4-0.6], [0.6-0.8], [0.8-1.0]) (Bansal et al.
2023). Mass-Weighted Mean Properties: The mass-
weighted mean concentration and Vmax at the final
snapshot and within each defined scale factor bin (Bur-
garella et al. 2022). Main Progenitor Branch (MPB)
Properties: The mass, concentration, and Vmax of the
main progenitor at specific scale factors (e.g., a=0.5,
a=0.25). The MPB is defined as the most massive pro-
genitor at each step back in time from the final halo (Pu
et al. 2025). The MPB is defined as the most massive
progenitor at each step back in time from the final halo
(Pu et al. 2025). FLORAH enables accurate modeling of
MPB properties across a wide dynamic mass range, in-
cluding mass evolution and concentration (Nguyen et al.
2024). Assembly History Prozies: The formation time,
defined as the scale factor at which the main progenitor
first reached half of its final mass (Shojaei et al. 2025),
and the number of major mergers (mass ratio > 1:3 or
1:4) experienced by the MPB (Conselice et al. 2022; Sho-
jaei et al. 2025). Assembly Bias Proxies: The scatter in
concentration at fixed mass is calculated by binning ha-
los in the final snapshot by their mass and calculating
the standard deviation of loglO(concentration) within
each mass bin (Smith et al. 2024). The mean concen-
tration of satellite halos versus the central halo is also
calculated by identifying the most massive halo at z=0
as the central halo and considering all other leaf nodes
at the final snapshot as "satellites” (Lacerna et al. 2014).
Tree Structure Metrics: The total number of nodes in
the tree, the maximum depth of the tree (Cavelan et al.
2020; Yang & Yu 2023), and the average branching fac-
tor are also extracted (Cavelan et al. 2020).

These engineered global features are stored alongside
the original data for each tree, facilitating their use in
downstream analysis and data augmentation.

2.3. Assembly Bias Correction via Data Augmentation

To mitigate the impact of assembly bias (Paranjape &
Padmanabhan 2017; Smith et al. 2024), we augment the
training dataset by creating variations in halo concen-
trations, conditional on halo mass (Paranjape & Pad-
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manabhan 2017; Smith et al. 2024). This augmentation
procedure involves the following steps:

Model Mass-Concentration Relation (M-C relation):
Using all halos from the training set trees, a median
M-C relation is fitted (e.g., loglO(concentration) = A
* logl0(mass) + B) (Biviano et al. 2017; Gilman et al.
2019; Gu et al. 2022). For each mass bin, the observed
scatter (standard deviation) in loglO(concentration)
around this median relation is calculated.

Augmentation Procedure: For each tree in the train-
ing set, K augmented copies are created (e.g., K=2-3).
For each node (halo) in a copy, its mass and scale factor
are identified. Based on its mass and the M-C rela-
tion (and scatter) derived for its scale factor bin, a new
log10(concentration) value is sampled from a Gaussian
distribution centered at the predicted median concentra-
tion for its mass, with a standard deviation equal to the
observed scatter (Zhang et al. 2025). The new concen-
tration value is ensured to remain within a physically
plausible range. The z tensor of the augmented tree
has its second column (logl0(concentration)) modified,
while other features (mass, Vmax, scale factor) and the
tree structure (edge_index) remain unchanged. These
augmented trees have the same cosmological parameters
(y) as their original tree (de Santi et al. 2022).

2.4. Contrastive Embedding Learning

A Graph Neural Network (GNN) is trained to learn
embeddings of merger trees using a contrastive loss func-
tion. The GNN architecture consists of a series of Graph
Convolutional Network (GCN) layers or Graph Atten-
tion Network (GAT) layers, followed by a global mean
pooling layer and a Multilayer Perceptron (MLP) (Tang
& Ting 2022; Chuang et al. 2023). The input to the
GNN is the z (node features) and edge index of each
tree, and the output is a fixed-size embedding vector
(e.g., 64 or 128 dimensions) for each tree (Tang & Ting
2022).

The contrastive loss function used is NT-Xent
(Normalized Temperature-scaled Cross Entropy Loss)
(Gondhalekar et al. 2024; Wilkinson et al. 2025; Perez
et al. 2025). In each batch, for a given tree (anchor),
other trees from the same cosmology (same original y
value) are positive pairs, including its own augmenta-
tions and other original trees from the same cosmology
(Gondhalekar et al. 2024; Perez et al. 2025). Trees from
different cosmologies are negative pairs (Gondhalekar
et al. 2024; Perez et al. 2025). The loss encourages em-
beddings of positive pairs to be closer in the embedding
space and embeddings of negative pairs to be further
apart (Gondhalekar et al. 2024; Wilkinson et al. 2025;
Perez et al. 2025).



The training process involves using the (original +
augmented) training set. For each training step, a batch
of merger trees is sampled, ensuring the batch construc-
tion allows for forming positive and negative pairs (Jes-
persen et al. 2022; Tang & Ting 2022). Each tree is
passed through the GNN to get its embedding (Wu et al.
2024,7), and the contrastive loss is calculated (Tang &
Ting 2022). Backpropagation is performed to update
the GNN weights using the Adam optimizer (Wu et al.
2024,7). The loss is monitored on the validation set,
and the model with the best validation loss is saved (Wu
et al. 2024).

2.5. Likelihood-Free Inference (LFI) with Learned
Embeddings

The trained GNN is used to generate embeddings,
which then serve as summary statistics for an LFI al-
gorithm (Lehman et al. 2024). All trees in the train-
ing, validation, and test sets are processed through the
trained GNN to obtain their respective embedding vec-
tors.

The LFI framework used is Sequential Neural Pos-
terior Estimation (SNPE) from the sbi Python pack-
age (Zhang et al. 2023; Erickson et al. 2024). SNPE
trains a neural density estimator (e.g., a normalizing
flow) to approximate the posterior p(cosmology | embed-
ding) (Zhang et al. 2023; Kosiba et al. 2024). The in-
put to SNPE is the learned embeddings of the training
set trees, and the target is the corresponding cosmologi-
cal parameters (y) for these trees (Wagner-Carena et al.
2024; Kosiba et al. 2024).

For each tree in the test set, its embedding is ob-
tained using the GNN (Roncoli et al. 2024; Chatterjee &
Villaescusa-Navarro 2025), and the trained SNPE model
(Lehman et al. 2024) is used to infer the posterior dis-
tribution of €2, and og given this embedding.

2.6. Validation and Calibration

To ensure the accuracy and calibration of the LFI
pipeline, several validation techniques are employed
(Frailis et al. 2010; Konar et al. 2024).

A qualitative assessment is performed by plotting the
1D and 2D marginalized posterior distributions against
the true cosmological parameters for a few test cases
(Jia 2024). Simulation-Based Calibration (SBC) is per-
formed on the test set to assess the calibration of the
posteriors (Mao et al. 2024). For each test tree, the true
cosmological parameters are obtained, and M samples
are drawn from the posterior distribution estimated by
SNPE. For each parameter, its rank among the M poste-
rior samples is calculated. Histograms of these ranks are
plotted, and deviations from uniformity indicate miscal-
ibration (Mao et al. 2024). Metrics such as the mean

squared error (MSE) between the posterior mean and
the true parameters, and the coverage properties of the
credible intervals are also calculated to assess the accu-
racy and precision of the inferred posteriors (Mao et al.
2024; Jia 2024).

3. RESULTS
3.1. Dataset Characteristics and Preprocessing

The analysis begins with a dataset of 1000 merger
trees, each representing the hierarchical assembly his-
tory of dark matter halos extracted from N-body sim-
ulations. These trees originate from 40 unique cosmo-
logical parameter pairs (2,,,,05), with 25 trees per cos-
mology, providing a statistically significant sample for
training and evaluating the contrastive learning frame-
work. FEach node within a merger tree is characterized
by four features: log;o(Mass), log;,(Concentration),
log19(Vimax), and the scale factor (a), encapsulating the
mass, density, velocity dispersion, and cosmic epoch of
the corresponding dark matter halo.

Initial Data Statistics: Prior to normalization, the
node features and target cosmological parameters ex-
hibit diverse ranges and scales. The raw data spans
several orders of magnitude, potentially leading to nu-
merical instability during neural network training. For
instance, log;y(Mass) ranges from approximately 9.61
to 14.68, reflecting the wide spectrum of halo masses
present in the simulation. Similarly, the cosmological
parameters €1, and og vary from 0.103 to 0.4734 and
0.603 to 0.9918, respectively, representing the range of
cosmological models explored in this study.

Normalization and Dataset Splitting: To mitigate the
effects of disparate scales and improve training stability,
all node features and target parameters are normalized
to have a mean of approximately 0 and a standard devi-
ation of approximately 1 across the entire dataset. This
transformation ensures that each feature contributes
equally to the learning process, preventing features with
larger numerical values from dominating the loss func-
tion. Figure 1 and Figure 2 show the distribution of the
normalized log,,(Mass) and scale factor, respectively.
Similarly, Figure 3 shows the distribution of the nor-
malized og parameter. This normalization is crucial for
stable neural network training.

The dataset is subsequently split into training, val-
idation, and test sets based on unique cosmologies to
prevent data leakage. This approach ensures that the
model is evaluated on cosmologies it has not seen dur-
ing training, providing a more realistic assessment of
its generalization performance. The resulting split com-
prises 700 trees (28 cosmologies) for training, 150 trees



(6 cosmologies) for validation, and 150 trees (6 cosmolo-
gies) for testing.
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Figure 1. Distribution of normalized log,,(Mass) values
across all nodes in the dataset, demonstrating the successful
transformation to approximately zero mean and unit vari-
ance, which is crucial for stable neural network training and
the contrastive learning framework.

Normalized Scale Factor Distribution
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Figure 2. Distribution of the normalized scale factor, a node
feature used in the GNN, showing a mean of approximately
0 and a standard deviation of approximately 1. This normal-
ization is crucial for stable neural network training, ensuring
all features contribute equally during the contrastive learn-
ing process for inferring cosmological parameters.

3.2. Engineered Global Merger Tree Features

A comprehensive suite of 35 global features is engi-
neered for each merger tree to explore their potential
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Figure 3. Distribution of the normalized os parameter,
showing the result of the normalization to approximately
zero mean and unit variance, which is crucial for stable neu-
ral network training.

predictive power for cosmological parameters. These
features encompass a wide range of properties, including
total mass properties, mass-weighted mean halo proper-
ties at different epochs, main progenitor branch (MPB)
characteristics, assembly history proxies, assembly bias
proxies, and tree structural metrics. The motivation be-
hind this feature engineering is to identify key aspects of
merger tree structure and evolution that are most sen-
sitive to the underlying cosmology, potentially guiding
the design of more interpretable analytic models.

Correlation with Cosmological Parameters: A Pear-
son correlation analysis is performed between the unnor-
malized engineered features and the unnormalized cos-
mological parameters (Q,,,0s) to quantify the strength
and direction of their linear relationships. The results
reveal several features that exhibit notable correlations,
suggesting their potential utility as summary statistics
for cosmological inference. The heatmap in Figure 4
visualizes these correlations.

3.2.1. Correlations with Q,

The strongest positive correlation is observed with
‘mpb_log_conc_at_sf 0.5 (Main Progenitor Branch
log;,(Concentration) at scale factor a = 0.5), show-
ing a coefficient of 0.92. This strong correlation sug-
gests that halos in higher €2, universes tend to have
significantly higher concentrations at a = 0.5. This
finding aligns with theoretical expectations, as higher
matter density (€,) generally leads to earlier struc-
ture formation and more concentrated halos for a
given mass. Other strong positive correlations include
‘mw__mean_log_conc_sf_bin_0° (mass-weighted mean
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Figure 4. Heatmap of Pearson correlation coefficients be-
tween engineered global merger tree features and cosmolog-
ical parameters (Q,, os). The Main Progenitor Branch
log;,(Concentration) at scale factor a = 0.5 exhibits the
strongest positive correlation with ., suggesting that halo
concentration at early times is a crucial indicator of the un-
derlying cosmology, which may be useful for developing an-
alytic models to link merger tree features to cosmology.

log,(Concentration) in scale factor bin [0.2-0.4]) with
r = 0.59, and ‘mpb_log conc_at_sf 0.25° with r =
0.59, further emphasizing the importance of early-time
halo concentrations for inferring €2,,. A strong negative
correlation is found with ‘mpb_log mass_at_sf 0.5¢
(MPB log;,(Mass) at a = 0.5) with » = —0.66.
The distributions of ‘mpb_log conc_at_sf 0.25° and
‘mw_mean_log conc_sf bin_1‘are shown in Figure 5
and Figure 6, respectively.

3.2.2. Correlations with og

The correlations with og are generally weaker com-
pared to those with €,,. The strongest positive corre-
lation is with ‘mpb_log_conc_at_sf 0.5° (r = 0.55),
followed by ‘mw_mean_log_vmax_sf bin_0‘ (mass-
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Figure 5. Distribution of the engineered feature
'mpb_log _conc_at_sf 0.25" (Main Progenitor Branch
log,(Concentration) at scale factor a = 0.25) across the
dataset. This feature shows a positive correlation with Q,,,
indicating that halos in higher €2, universes tend to have
higher concentrations at a = 0.25.
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Figure 6. Distribution of the engineered feature
‘'mw__mean__log_conc_sf bin_1’, which represents the
mass-weighted mean log,,(Concentration) in scale factor bin
[0.4-0.6]. This feature showed a positive correlation with Qy,,
suggesting that higher matter density universes tend to have
higher concentration values in this scale factor bin.

weighted mean log;q(Viax) in scale factor bin [0.2-
0.4]) with » = 0.52. ‘total log mass_sf bin_0°
(total log;,(Mass) in scale factor bin [0.2-0.4]) also
shows a moderate positive correlation (r = 0.38).
‘formation_ time_half mass‘ exhibits a moderate neg-
ative correlation (r = —0.39), implying that higher
og values might correlate with earlier formation times




(smaller scale factor at half-mass). Since og dictates
the amplitude of mass fluctuations, these correlations
suggest that higher og values lead to earlier structure
formation and a higher abundance of massive halos at
early times. Distributions for several features are shown
in the following figures: Figure 7, Figure 8, Figure 9,
and Figure 10.
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Figure 7. Distribution of the engineered feature log; o (Vinax)
of the main progenitor branch at scale factor a = 0.25. This
feature exhibited a moderate correlation with the cosmolog-
ical parameter og, suggesting its utility in an analytic model
linking merger tree features to cosmology.
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Figure 8. Distribution of the engineered feature
formation_ time__half mass’ across the dataset, which ex-
hibited a moderate negative correlation with og, suggesting
that higher og values might correlate with earlier formation
times.
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Figure 9. Distribution of the engineered global fea-
ture ’mpb_log vmax_at_sf 0.5, which represents the
log;o(Vimax) of the main progenitor branch at a scale factor
of 0.5. Features like this show correlations with cosmological
parameters, suggesting their utility in analytic models.
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Figure 10. Distribution of the engineered feature total halo
mass in the scale factor bin [0.4, 0.6], showing the range of
values present in the dataset and their frequency. The corre-
lation of this feature with cosmological parameters suggests
its potential utility in an analytic model.

The distributions of ‘num_ major_mergers_ mpb*
and ‘max_ depth_ tree‘ and ‘final halo_log mass‘ are
shown in Figure 11, Figure 12, and Figure 13, respec-
tively.

3.2.3. Assembly Bias Proxies

Features designed to proxy assembly bias,
such as ‘conc_scatter_final_snapshot’ (scatter in
log;o(Concentration) at fixed mass in the final snap-
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Figure 11. Distribution of the engineered feature
‘num__major__mergers_ mpb‘ (number of major mergers in
the main progenitor branch) across the dataset, which is
used to explore potential predictive power for cosmological
parameters.

Distribution of max_depth_tree

1034

Frequency (log scale)
=
o
2

-
A

0 10 20 30 40 50 60
max_depth_tree

Figure 12. Distribution of the maximum depth of merger
trees, a global feature engineered to capture tree structure,
showing the frequency of different tree depths on a logarith-
mic scale. The GNN leverages such structural information
to infer cosmological parameters.

shot) and ‘delta_log_conc_sat_cen‘ (difference in
mean log;,(Concentration) between satellite and central
halos), show weak correlations with cosmological param-
eters. ‘conc_scatter final snapshot‘ has r =~ 0.06 with
Q,, and r &= —0.03 with og. ‘delta_log_conc_sat_ cen’
shows r ~ —0.20 with ©,, and r ~ 0.27 with og. This
suggests that these specific global proxies, on their own,
might not be strong direct indicators of cosmology, or
their relationship is more complex and requires more
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Figure 13. Distribution of the engineered feature final halo
log,,(Mass) across the dataset. This feature shows moder-
ate correlations with cosmological parameters, suggesting its
utility in analytical models and informing the GNN during
contrastive learning.

105 110 115 12,0
final_halo_log_mass

sophisticated modeling. The distributions of some of
these features, along with other global features, are
shown in Figure 14, Figure 15, Figure 16, Figure 17,
and Figure 18.
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Figure 14. Distribution of the mass-weighted mean of log
concentration at the final snapshot, a global feature engi-
neered from merger trees, showing a roughly normal distri-
bution. This feature exhibits a correlation with cosmological
parameters, suggesting its utility in inferring €2, and os.

Implications for Analytic Models: The strong correla-
tions, particularly of early-time concentration and mass
properties of the MPB with €2,,, align with theoretical
expectations and provide valuable guidance for develop-
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Figure 15. Distribution of the average branching factor
across the merger trees, a global feature engineered to cap-
ture tree structure, highlighting the range of values and cen-
tral tendency observed in the dataset.
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Figure 16. Distribution of the engineered feature
‘conc_ scatter_final snapshot‘, which represents the scatter
in log,,(Concentration) at fixed mass in the final snapshot.
This feature, designed as a proxy for assembly bias, exhibited
a weak correlation with cosmological parameters, suggesting
that more complex relationships might be needed to capture
the link between assembly bias and cosmology.

ing analytic models of halo formation. Higher matter
density (Q,,) generally leads to earlier structure forma-
tion and more concentrated halos for a given mass, espe-
cially at earlier epochs before late-time accretion dom-
inates. Similarly, og, which dictates the amplitude of
mass fluctuations, influences the abundance and proper-
ties of early-forming halos. An analytic model attempt-
ing to link merger tree features to cosmology would likely
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Figure 17. Distribution of the global feature

log,,(Concentration) of final halos in the original dataset,
which is correlated with cosmological parameters.
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Figure 18. Distribution of the engineered feature
0log,,(Concentration) between satellite and central halos,
an assembly bias proxy, across the dataset. This feature
showed a weak correlation with cosmological parameters,
suggesting limited predictive power on its own.

benefit from incorporating terms related to the mass ac-
cretion history and concentration evolution of the main
progenitor, especially at early to intermediate cosmic
epochs (e.g., a ~ 0.25 — 0.5). The observed correla-
tions for V. also suggest its utility, as it is intrinsically
linked to both mass and concentration.

3.3. Data Augmentation for Assembly Bias Correction

To enhance the robustness of the learned embeddings
to assembly bias—the phenomenon where halo proper-
ties depend on more than just mass—a data augmenta-
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tion strategy is implemented. This strategy focuses on
modifying halo concentrations, a key property that can
be influenced by assembly history.

Mass-Concentration (M-C) Relation: The M-C rela-
tion is first characterized using all halos from the original
training set. A linear fit of log;y(Concentration) versus
log,o(Mass) yields the relation: log,,(C) = —0.0304 x
log,o(M) 4 1.071. The scatter (0iog ) around this me-
dian relation is found to be 0.3603. The R-squared value
for this fit is very low (0.0036), indicating that a sim-
ple linear M-C relation does not capture the majority of
the variance in concentration across all halo masses and
epochs in the dataset. This low R-squared highlights the
complexity of halo concentrations and underscores the
potential importance of assembly bias and other factors
beyond mass in determining halo concentration.

Augmentation Procedure: For each tree in the train-
ing set, one augmented copy is created. In these copies,
the log;,(Concentration) value of each halo node is re-
sampled from a Gaussian distribution centered on the
value predicted by the fitted M-C relation for its mass,
with a standard deviation equal to the observed scatter
(0105 ¢ = 0.3603). Resampled concentrations are clipped
to physically plausible bounds observed in the original
dataset (0.0002 to 3.767). This ensures that the aug-
mented concentrations remain within a realistic range.
A comparison of the M-C relation for original and aug-
mented halos is shown in Figure 19.

Quality Check of Augmentation: Figure 19 shows that
the augmented halos exhibit a similar overall trend to
the original halos with respect to the fitted M-C line,
but with a visibly increased spread. This augmentation
step aims to expose the contrastive learning algorithm
to a wider range of concentration variations for fixed
mass and cosmology, thereby encouraging the GNN to
learn embeddings that are more robust to such varia-
tions when inferring cosmological parameters. By ex-
plicitly varying halo concentrations, the GNN is forced
to learn features that are less sensitive to assembly bias
and more directly related to the underlying cosmology.

3.4. Contrastive Embedding Learning

A GNN-based embedder is trained using a supervised
contrastive loss (NT-Xent) to learn representations of
merger trees that are sensitive to cosmological param-
eters. The GNN architecture consists of 3 GCNConv
layers with 128 hidden channels, followed by a global
mean pooling layer and a 2-layer MLP head projecting
to a 64-dimensional embedding space. The training uti-
lizes the augmented training set (1400 trees: 700 original
+ 700 augmented).

Mass-Concentration Relation Before and After Augmentation

M-C Relation (Original Training Halos) M-C Relation (Augmented Training Halos)

— Fited M.C relation. 0 — Original M.C reltion

Mass) (unnormalzed)

Figure 19. Comparison of the mass-concentration rela-
tion for original (left) and augmented (right) training halos.
The augmentation procedure resamples halo concentrations
based on a fitted mass-concentration relation, increasing the
scatter in concentration at a given mass, which is visible as a
broader distribution of points compared to the original data.
This augmentation aims to improve robustness to assembly
bias when inferring cosmological parameters.

Training Dynamics: The model is trained for 50
epochs. The training loss decreases from an initial value
of approximately 3.29 to a final value of 2.46. The val-
idation loss, calculated on the original validation set,
starts at 3.13 and reaches a minimum of 2.32 around
epoch 42, after which it shows some minor fluctuations.
The consistent decrease in both training and validation
loss (for most of the training) indicates that the GNN is
successfully learning to differentiate between trees from
different cosmologies. The best model, based on the
minimum validation loss, is saved for subsequent LFI.
The reduction in validation loss signifies that the GNN
is not only memorizing the training data but also gener-
alizing to unseen merger trees from similar cosmologies.

Embedding Space Visualization: The learned 64-
dimensional embeddings from the validation set are pro-
jected into 2D using t-SNE and PCA for visualization,
with points colored by their true (unnormalized) €,,, and
og values. These visualizations provide a qualitative as-
sessment of how well the contrastive learning process
has organized the embedding space based on cosmolog-
ical parameters.

3.4.1. t-SNE plots

These plots reveal some level of structure in the em-
bedding space. For €),,, there appears to be a discernible
gradient or clustering, where trees with similar 2, val-
ues tend to be located closer to each other. The sepa-
ration is not perfectly clean, indicating overlapping dis-
tributions, but a trend is visible. For og, the t-SNE
visualization also shows some grouping, though perhaps
less distinct than for €,,. This suggests that the GNN
has successfully learned to encode information about £2,,
and og into the embeddings, allowing trees from simi-



lar cosmologies to cluster together. Figure 20 shows the
t-SNE visualization for €,,.

t-SNE of Embeddings, Colored by Omega_m

w

t-SNE Dimension 2
Omega_m (unnormalized)

N

0.20

0.15

e - t-SNE Igimenswon 1 ° 1 ”
Figure 20. t-SNE visualization of the 64-dimensional con-
trastive embeddings of merger trees from the validation set,
colored by their corresponding unnormalized €2, values. The
structure observed in the embedding space suggests that the
GNN has learned to encode cosmological information, with
similar €2, values tending to cluster together.

3.4.2. PCA plots

PCA, being a linear dimensionality reduction tech-
nique, shows a less structured separation compared to
t-SNE. However, faint gradients corresponding to €2,
and og can still be observed, suggesting that the princi-
pal components of the embedding space do capture some
cosmological information. While PCA is less effective at
revealing complex non-linear relationships, the presence
of these gradients indicates that the embeddings are at
least partially organized along linear axes that corre-
spond to the cosmological parameters.

Overall, the visualizations suggest that the contrastive
learning process successfully organized the embedding
space such that cosmological information is encoded,
making these embeddings suitable as summary statis-
tics for LFI. The ability of the GNN to automatically
extract and encode these features from the raw merger
tree data is a key advantage of this approach.

3.5. Likelihood-Free Inference and Calibration

The learned embeddings are used as summary statis-
tics within an SNPE framework to infer posterior distri-
butions for €2,,, and og. A Neural Spline Flow is used as
the density estimator, trained on the (embedding, nor-
malized cosmology) pairs from the augmented training
set.
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Posterior Inference: Posterior distributions are esti-
mated for trees in the test set. Figure 21 shows the
1D marginalized posteriors for €2, and og, and the 2D
joint posterior, with the true cosmological parameters
overlaid for an example test merger tree. Qualitatively,
for the depicted samples: * The true values of €, are
generally well-centered within the 1D marginalized pos-
teriors, and the posteriors are reasonably peaked. * The
true values of og also tend to fall within the inferred
posteriors, although the constraints appear somewhat
broader or occasionally less centered compared to £,
in these examples. * The 2D posteriors show some level
of degeneracy between (1, and og, which is common in
cosmological inference.

Posterior for Test Sample 2

0.1 0.125 0.15 0.175 0.2 0.225 0.25
Omega_m

06 07 08 0.9
sigma_8

Figure 21. Posterior distributions for cosmological param-
eters ),, and og inferred using Sequential Neural Posterior
Estimation (SNPE) for an example test merger tree, using
contrastively learned GNN embeddings as summary statis-
tics. The true parameter values are marked by vertical lines
in the 1D posteriors and an orange dot in the 2D joint pos-
terior. The inferred posteriors, particularly for og, exhibit
some deviation from the true values, indicating areas for im-
provement in the embedding space and inference pipeline.

Simulation-Based Calibration (SBC): The Simulation-
Based Calibration (SBC) analysis, crucial for assessing
the statistical validity of the inferred posteriors, could
not be completed due to a technical issue encountered
during Phase 5 execution. Consequently, SBC rank his-
tograms were not generated, and a full assessment of
posterior calibration is pending resolution of this issue.
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This is a significant limitation in validating the LFI
pipeline.

Quantitative Performance Metrics: Despite the inabil-
ity to perform full SBC, quantitative metrics are calcu-
lated on the test set: * Mean Squared Error (MSE): The
MSE between the posterior mean (unnormalized) and
the true (unnormalized) cosmological parameters are: *
Q. 0.00069 * og: 0.006412 Taking the square root, the
Root Mean Squared Error (RMSE) for 2, is approxi-
mately 0.026. Given the 2, range of 0.103 to 0.4734
(a span of 0.3704), this RMSE represents about 7.0%
of the parameter range. For og, the RMSE is approxi-
mately 0.080. Given the og range of 0.603 to 0.9918 (a
span of 0.3888), this RMSE represents about 20.6% of
its range. These results suggest that €2, is constrained
more precisely than og by the learned embeddings.

* Coverage Probability: The coverage probability for
the 90% credible interval (CI) is calculated for the un-
normalized parameters: * Q,,: 94.67% * og: 80.67% For
Q.,, the coverage is very close to the nominal 90

3.6. Summary of Results

The results of this study demonstrate the potential of
contrastive learning and GNNs for extracting cosmologi-
cally relevant information from dark matter halo merger
trees. The engineered global features revealed strong
correlations between merger tree properties and cosmo-
logical parameters, particularly €2,,, providing valuable
insights into the underlying physics of structure forma-
tion. The data augmentation strategy, aimed at miti-
gating assembly bias, successfully introduced variability
in halo concentrations. The contrastive learning frame-
work successfully trained a GNN to produce embeddings
that encode cosmological information, as evidenced by
the loss curves and embedding space visualizations. The
LFT results are encouraging for ,,,, with good MSE and
coverage probability. However, the inference for og is
less precise and its posteriors are undercovered, high-
lighting an area for future improvement. The inability
to perform a full Simulation-Based Calibration due to
technical issues is a significant limitation that must be
addressed in future work. Overall, this study provides a
promising foundation for developing robust and accurate
likelihood-free cosmological inference methods based on
merger tree data.

4. CONCLUSIONS
4.1. Summary

This paper addresses the challenge of cosmological in-
ference from dark matter halo merger trees, which is
complicated by the complex relationships between tree
structure, assembly bias, and underlying cosmological

parameters. To tackle this, we developed a contrastive
learning framework that generates merger tree embed-
dings sensitive to cosmological parameters while mit-
igating the impact of assembly bias. A Graph Neu-
ral Network (GNN) was trained on merger trees from
N-body simulations, employing a contrastive loss func-
tion to cluster trees originating from the same cosmol-
ogy within the embedding space. To enhance robustness
against assembly bias, we augmented the training data
by introducing variations in halo concentrations condi-
tional on halo mass. These learned embeddings then
served as summary statistics for likelihood-free infer-
ence (LFI) using Sequential Neural Posterior Estimation
(SNPE) to estimate the posterior distribution of §2,,, and
Js.

4.2. Methods and Datasets

Our analysis was based on a dataset of 1000 dark mat-
ter halo merger trees from 40 unique cosmologies. Each
tree was represented as a graph, with nodes character-
ized by mass, concentration, Vmax, and scale factor. We
engineered 35 global features for each tree, capturing
total mass, mass-weighted mean properties, main pro-
genitor branch characteristics, assembly history prox-
ies, assembly bias proxies, and tree structural metrics.
To mitigate assembly bias, we augmented the training
data by varying halo concentrations based on a mass-
concentration relation derived from the simulations. A
GNN was trained using a contrastive loss function to
generate embeddings of the merger trees. These embed-
dings were then used as summary statistics in an SNPE
framework to infer the posterior distributions of €2,,, and
Js.

4.3. Results

The engineered global features revealed strong corre-
lations between merger tree properties and cosmological
parameters, particularly €2,,. The data augmentation
strategy successfully introduced variability in halo con-
centrations. The contrastive learning framework suc-
cessfully trained a GNN to produce embeddings that en-
code cosmological information, as evidenced by the de-
crease in training and validation loss and the structure
observed in the embedding space visualizations. The
LFT results showed good performance for §2,,, with a
Root Mean Squared Error (RMSE) representing about
7.0% of the parameter range and a coverage probability
close to the nominal value of 90%. However, the infer-
ence for og was less precise, with an RMSE representing
about 20.6% of its range, and the inferred posteriors ex-
hibited undercoverage (80.67% coverage for a 90% cred-
ible interval), indicating that the posteriors were too



narrow and did not capture the true parameter value
with the expected frequency.

4.4. Learnings and Future Directions

This study demonstrates the potential of contrastive
learning and GNNs for extracting cosmologically rele-
vant information from dark matter halo merger trees.
The strong correlations between engineered features and
cosmological parameters provide valuable insights into
the underlying physics of structure formation and can
inform the development of analytic models. The suc-
cessful training of the GNN and the generation of in-
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formative embeddings highlight the power of this ap-
proach for dimensionality reduction and feature extrac-
tion. However, the undercoverage observed for og sug-
gests that further refinement of the method is needed.
Future work should focus on improving the sensitivity
of the embeddings to og, potentially by incorporating
additional features or modifying the GNN architecture
or training procedure. Furthermore, the technical issues
that prevented the completion of the Simulation-Based
Calibration (SBC) must be resolved to ensure the sta-
tistical validity of the inferred posteriors. Overall, this
study provides a promising foundation for developing ro-
bust and accurate likelihood-free cosmological inference
methods based on merger tree data.
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