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ABSTRACT
Understanding the evolution of dark matter halo concentration is crucial for galaxy formation models.

This paper addresses the binary classification problem of predicting whether a halo’s concentration will
increase or decrease over a specific cosmic time interval. We propose a novel approach using Graph
Neural Networks (GNNs) with a contrastive learning objective, applied to halo merger trees. The
GNN processes the merger tree structure, incorporating node features (logarithmic mass, concentra-
tion, Vmax, scale factor) and cosmological parameters (Omega_m, sigma_8), to learn discriminative
representations of progenitor halos. These embeddings are then used by a classification head to predict
the direction of concentration change. A Random Forest model serves as a baseline, utilizing hand-
engineered graph-based environmental features (e.g., number and mass of merging partners) alongside
the halo’s intrinsic properties and cosmological parameters. Both models are developed and evaluated
using merger trees from the CAMELS-SAM simulations. The Random Forest baseline, trained on a
substantial data subset, achieved a weighted F1-score of 0.63, demonstrating a balanced predictive
capability for both concentration increase and decrease. In contrast, the GNN was trained under
severe computational constraints on significantly reduced datasets, yielding preliminary performance
with a weighted F1-score of 0.485. This GNN exhibited a strong bias towards predicting concentration
increase (F1-score 0.69 for increase vs. 0.23 for decrease), indicative of severe underfitting. Ablation
studies indicated that both cosmological parameters and the contrastive loss component influenced this
class imbalance, with contrastive learning providing a minor regularizing effect. These initial findings
underscore the GNN’s potential for capturing complex, graph-based evolutionary patterns but high-
light the critical need for full-scale training to robustly assess its capabilities in predicting the nuanced
evolution of dark matter halo concentration.

1. INTRODUCTION
Dark matter halos are the fundamental building

blocks of the cosmic web, serving as the gravitational
scaffolding within which galaxies form and evolve. A
key property characterizing these halos is their con-
centration, which quantifies the steepness of their den-
sity profile. Halo concentration is intimately linked to
a galaxy’s properties, influencing star formation rates,
morphology, and the overall observable characteristics
of galaxies. Consequently, understanding the evolution
of dark matter halo concentration is paramount for ac-
curate models of galaxy formation and the large-scale
structure of the Universe.
The concentration of a dark matter halo is not static;

it undergoes complex evolution over cosmic time, driven
by continuous accretion of matter, stochastic merger
events, and the underlying cosmological environment
(Okoli 2017; Wang et al. 2020). Predicting the precise
future state of a halo’s concentration is an exceptionally

challenging task due to the highly non-linear nature of
gravitational collapse and the intricate, often chaotic,
details of its assembly history (Wang et al. 2020). A
significant complication arises from the fact that con-
centration evolution is not monotonic; a halo’s concen-
tration can either increase or decrease over a given time
interval, depending on factors such as the mass accre-
tion rate, the type and timing of mergers (e.g., major
versus minor), and the specific cosmic epoch (Wang
et al. 2020). This non-monotonic behavior makes it
difficult for traditional analytical models and empirical
relations to capture the full spectrum of evolutionary
pathways, often leading to oversimplifications that limit
their applicability in detailed galaxy formation simula-
tions (Wang et al. 2020).
Rather than forecasting the exact future value of con-

centration, which is a continuous regression problem,
this paper addresses a more focused yet equally crucial
challenge: predicting the *direction* of dark matter halo
concentration evolution (Okoli 2017; Wang et al. 2020).
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We frame this as a binary classification problem: for
a given halo, will its concentration increase or decrease
over a specific cosmic time interval? This binary predic-
tion provides vital insights for galaxy formation models,
indicating whether a halo is likely to become more or less
centrally dense, thereby influencing its baryonic content
and subsequent star formation (Dou et al. 2025). The
difficulty lies in extracting the subtle, non-local, and hi-
erarchical patterns embedded within a halo’s assembly
history and its environment that dictate this directional
change (Wang et al. 2020).
To tackle this intricate problem, we propose a novel

approach leveraging Graph Neural Networks (GNNs)
with a contrastive learning objective, applied to dark
matter halo merger trees. Merger trees are ideal data
structures for this task, as they inherently capture the
hierarchical assembly history of halos (Parkinson et al.
2007; Jiang & van den Bosch 2013; Yung et al. 2024),
representing a rich source of information about their
progenitors, descendants, and merger events over cos-
mic time (Parkinson et al. 2007; Jiang & van den Bosch
2013). GNNs are uniquely suited to process such graph-
structured data (Nguyen et al. 2025), enabling them to
learn complex relationships and extract features that en-
code both the topological and attribute-based informa-
tion within these trees.
Our GNN model processes the merger tree structure

(Tang & Ting 2022), taking as input detailed node fea-
tures for each halo within the tree, specifically its log-
arithmic mass, logarithmic concentration, logarithmic
maximum circular velocity (Vmax), and its scale factor
(Tang & Ting 2022). Crucially, the model also incorpo-
rates global cosmological parameters of the simulation,
namely Ωm and σ8, allowing it to learn representations
sensitive to both an individual halo’s unique assembly
history and the broader cosmic context (Wu et al. 2024).
The GNN is designed to learn discriminative representa-
tions (embeddings) of progenitor halos, which are then
used by a classification head to predict the binary di-
rection of concentration change (Tang & Ting 2022; Wu
et al. 2024).
A key innovation in our methodology is the integra-

tion of a contrastive learning objective (Zhu et al. 2025).
This objective guides the GNN to produce embeddings
where halos exhibiting the same direction of concentra-
tion change (e.g., both increasing) are pulled closer to-
gether in the embedding space, while halos experiencing
different directions of change (e.g., one increasing, one
decreasing) are pushed further apart (Zhu et al. 2025).
This self-supervised component encourages the GNN to
learn highly informative and robust representations that
are intrinsically relevant to the classification task (Zhu

et al. 2025), enhancing its ability to discern subtle pat-
terns governing concentration evolution.
We develop and rigorously evaluate both our pro-

posed GNN model and a robust baseline using merger
trees extracted from the CAMELS-SAM simulations
(Ramakrishnan & Velmani 2022; Huang et al. 2025).
The CAMELS-SAM dataset provides a rich and diverse
collection of halo evolutionary histories across a wide
range of cosmological parameters, offering an ideal en-
vironment for training and testing our models (Lovell
et al. 2024; Huang et al. 2025).
The baseline model, a Random Forest classifier, is de-

signed to provide a strong point of comparison (Con-
tardo et al. 2025). It utilizes a comprehensive set of
hand-engineered features, including intrinsic halo prop-
erties (logarithmic mass, concentration, Vmax, scale fac-
tor), cosmological parameters (Ωm, σ8) (Huang et al.
2025), and crucially, graph-based environmental fea-
tures derived from the merger tree itself (Huang et al.
2025). These environmental features, such as the num-
ber and mass of merging partners, aim to capture as-
pects of a halo’s local assembly environment that are
hypothesized to influence its concentration evolution.
By comparing the GNN’s performance against this

feature-rich baseline, we aim to assess the GNN’s ability
to implicitly learn and exploit the complex, graph-based
patterns that govern halo concentration evolution, and
to understand the contribution of the contrastive learn-
ing objective to this challenging prediction task. The
performance of both models is quantified using stan-
dard classification metrics, including precision, recall,
and F1-score, with a particular emphasis on the models’
balanced predictive capability for both concentration in-
crease and decrease.

2. METHODS
The overarching goal of this research is to predict

the binary direction of dark matter halo concentra-
tion evolution (increase or decrease) over cosmic time.
To achieve this, we employ a novel approach leverag-
ing Graph Neural Networks (GNNs) with a contrastive
learning objective, benchmarked against a Random For-
est model utilizing hand-engineered features. This sec-
tion details the dataset, preprocessing steps, model ar-
chitectures, training procedures, and evaluation metrics.

2.1. Dataset and Data Preprocessing
Our study utilizes dark matter halo merger trees ex-

tracted from the CAMELS-SAM simulations, a suite
specifically designed to explore the interplay between
cosmology and galaxy formation (Ramakrishnan & Vel-
mani 2022; Huang et al. 2025). These simulations pro-
vide a rich source of halo assembly histories across a
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diverse range of cosmological parameters (Huang et al.
2025). The merger trees are organized into three Py-
Torch files: ‘CS_tree_train.pt‘ (containing 14,997 trees
for training), ‘CS_tree_val.pt‘ (5,099 trees for vali-
dation), and ‘CS_tree_test.pt‘ (4,900 trees for final
testing) (Huang et al. 2025). Each file is loaded us-
ing ‘torch.load()‘, yielding a list of PyTorch Geomet-
ric ‘Data‘ objects, where each object represents a sin-
gle merger tree. As per the dataset specifications, the
fields ‘lh_id‘, ‘mask_main‘, and ‘node_halo_id‘ were
excluded from processing.

2.1.1. Halo Properties and Cosmological Parameters

Each node in a merger tree represents a dark matter
halo at a specific point in cosmic time (Gómez et al.
2021; Nguyen et al. 2025). For each halo (node), the
following intrinsic properties are used as node features,
denoted as x (Nguyen et al. 2025):

• log10(mass): The base-10 logarithm of the halo’s
virial mass in solar masses.

• log10(concentration): The base-10 logarithm of
the halo’s NFW concentration parameter.

• log10(Vmax): The base-10 logarithm of the maxi-
mum circular velocity of the halo in km/s.

• scale_factor: The cosmological scale factor a =

1/(1+ z), indicating the cosmic epoch of the halo.

These four features constitute the 4-dimensional feature
vector for each node (Jahin et al. 2025,?).
In addition to halo-specific properties, each merger

tree is associated with global cosmological parameters of
the simulation it originated from (Nguyen et al. 2025).
These parameters are used as graph-level features, de-
noted as y (Nguyen et al. 2025):

• Ωm: The present-day matter density parameter.

• σ8: The amplitude of matter fluctuations on 8 h−1

Mpc scales.

These two parameters provide crucial context about the
large-scale cosmic environment influencing halo evolu-
tion (Dooley et al. 2014; Ishiyama et al. 2025).

2.1.2. Feature Normalization

To ensure numerical stability and improve model
training, all node features (x) and graph features (y)
are standardized (Islam 2024; Pinheiro et al. 2025). The
mean and standard deviation for each of the four node
features and two graph features are computed exclu-
sively from the training set.

These calculated statistics are then used to normalize
the training, validation, and test sets by subtracting the
mean and dividing by the standard deviation (Pinheiro
et al. 2025). This ensures that the models are trained on
features with zero mean and unit variance, preventing
features with larger magnitudes from dominating the
learning process (de Amorim et al. 2022; Pinheiro et al.
2025).

2.1.3. Defining Halo Transitions and Target Variable

The core task is to predict the direction of concentra-
tion change for a halo between two consecutive cosmic
time steps (Zhang et al. 2025). We define ”transitions”
based on progenitor-descendant pairs within the merger
trees (Johnson et al. 2021).
For every directed edge (u, v) in a tree’s ‘edge_index‘,

where node u is a progenitor of node v, we consider this
a transition. Node u represents the halo at an earlier
scale factor sfu, and node v represents its descendant
at a later scale factor sfv. We only consider transitions
where sfv > sfu.
The concentration of halo u at sfu is concu = x[u, 1]

(the second element of its feature vector). Similarly,
the concentration of its descendant v at sfv is concv =

x[v, 1]. The binary target variable, Ytransition, is defined
as:

• Ytransition = 1 if concv > concu (concentration in-
creased).

• Ytransition = 0 if concv ≤ concu (concentration de-
creased or remained the same).

This binary classification setup directly addresses the
problem of predicting the direction of concentration evo-
lution, offering vital insights for galaxy formation mod-
els.
Each sample in our dataset for model training corre-

sponds to a specific progenitor halo u and its associated
transition, including its node features, the cosmologi-
cal parameters of its parent tree, and the binary target
Ytransition.

2.2. Engineered Features for Baseline Model
To establish a robust baseline, a Random Forest clas-

sifier is employed (Srivastava et al. 2025; Bluck et al.
2025), which requires a fixed-size feature vector for each
sample. Unlike the GNN, which implicitly learns from
graph structure, the baseline model relies on explicitly
defined features (Shi et al. 2022; Carr et al. 2025). For
each halo transition from progenitor u to descendant v,
a comprehensive set of features is engineered (Srivastava
et al. 2025):
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1. Intrinsic Progenitor Features: Nor-
malized log10(massu), log10(concentrationu),
log10(Vmaxu), and scale_factoru.

2. Descendant Features: Normalized log10(massv)
and scale_factorv.

3. Temporal Feature: The difference in scale fac-
tor, ∆sf = scale_factorv − scale_factoru, captur-
ing the duration of the evolution.

4. Cosmological Parameters: Normalized Ωm

and σ8 associated with the merger tree.

5. Graph-based Environmental Features:
These features capture aspects of the halo’s lo-
cal assembly environment, derived directly from
the merger tree structure:

• Number of Merging Partners: For a
descendant halo v, we identify all its di-
rect progenitors from the ‘edge_index‘. The
‘num_merging_partners‘ is the count of pro-
genitors of v other than u. This quantifies the
number of simultaneous merger events con-
tributing to v’s formation.

• Total Mass of Other Merging Partners:
The sum of 10log10(mass) for all progenitors of
v excluding u. This provides a measure of the
total mass accreted from other sources during
the u → v transition.

• Mass Ratio of Main Progenitor
to Other Partners: Calculated as
massu/(total_mass_of_other_merging_partners+
ϵ), where ϵ is a small constant to prevent divi-
sion by zero. This ratio indicates the relative
dominance of u in forming v compared to
other merging halos.

• Is Major Merger Progenitor: A binary
flag indicating whether u is involved in a ma-
jor merger event to form v. This is defined
if the mass of u is greater than 30% of the
total mass of all other merging partners, or
if the mass of u is within a factor of 3 of the
most massive merging partner. This feature
captures significant accretion events that are
known to strongly influence concentration.

These engineered features are combined into a single
vector for each transition, serving as input to the Ran-
dom Forest classifier (Louppe 2015; Fallah 2023; Maturo
& Porreca 2024).

2.3. Graph Neural Network Architecture
Our primary model is a Graph Neural Network (GNN)

designed to process the hierarchical structure of merger
trees and learn rich, discriminative representations of
halos (Qin et al. 2024; Nguyen et al. 2025). The GNN
operates on the principle of message passing, iteratively
aggregating information from a halo’s local neighbor-
hood within the graph (Qin et al. 2024).

2.3.1. GNN Encoder

The GNN encoder is constructed using multiple lay-
ers of graph convolution (Tanis et al. 2024,?). Each
layer performs a message-passing step, where informa-
tion is exchanged between connected nodes (Tanis et al.
2024,?). Specifically, for each node (halo) u, its feature
vector h(l)

u at layer l is updated by aggregating informa-
tion from its neighbors v ∈ N (u) and combining it with
its own features from the previous layer (Tanis et al.
2024). This process can be generally described as:

h(l+1)
u = UPDATE(l+1)

(
h(l)
u ,AGGREGATE(l+1)

(
{h(l)

v | v ∈ N (u)}
))

The initial node features h
(0)
u consist of the

normalized intrinsic halo properties (log10(mass),
log10(concentration), log10(Vmax), scale_factor) (Lar-
son et al. 2024; Wu et al. 2024). Crucially, the normal-
ized cosmological parameters (Ωm, σ8) are concatenated
to each node’s feature vector at the input layer (Wu
et al. 2024), allowing the GNN to learn representations
sensitive to both local assembly history and the global
cosmic context (Wu et al. 2024; Lee & Villaescusa-
Navarro 2025).
The GNN architecture consists of three stacked

GraphConv layers (similar to a GCN or GraphSAGE
layer) (Javaloy et al. 2023; He et al. 2025), each fol-
lowed by a ReLU activation function and batch nor-
malization. The final layer outputs a fixed-dimensional
embedding vector zu for each progenitor halo u involved
in a transition. This embedding zu encapsulates the in-
formation learned from u’s local neighborhood and its
position within the merger tree, integrated over the lay-
ers.

2.3.2. Contrastive Learning Objective

To enhance the quality of the learned halo embeddings
and make them more discriminative for our classifica-
tion task, we incorporate a contrastive learning objec-
tive. This self-supervised component guides the GNN
to produce embeddings where halos exhibiting the same
direction of concentration change are pulled closer to-
gether in the embedding space, while halos experiencing
different directions of change are pushed further apart.
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For a given batch of halo transitions, let zi be the
embedding for an anchor progenitor halo ui with an as-
sociated concentration evolution direction Yi.

• Positive Pairs: Any other embedding zj in the
batch is considered a positive partner if Yj = Yi.

• Negative Pairs: zj is a negative partner if Yj ̸=
Yi.

The Normalized Temperature-scaled Cross-Entropy
(NT-Xent) loss function is employed for contrastive
learning (Ågren 2022; Bleeker & de Rijke 2022; Fahim
et al. 2024). For an anchor embedding zi and one of its
positive partners zp from the batch, the loss is defined
as (Ågren 2022):

Lcontrastive = − log

[
exp(sim(zi, zp)/τ)∑

k∈batch,k ̸=i exp(sim(zi, zk)/τ)

]
where sim(a,b) denotes the cosine similarity between
vectors a and b, calculated as (a ·b)/(||a|| · ||b||) (Steck
et al. 2024).
The hyperparameter τ is a temperature scaling factor

that controls the spread of embeddings. The sum in
the denominator includes all other samples in the batch,
both positive and negative relative to zi. This loss is
averaged over all anchor embeddings in the batch.

2.3.3. Classification Head and Combined Training
Objective

A Multi-Layer Perceptron (MLP) serves as the classi-
fication head, taking the learned GNN embedding zu for
a progenitor halo u as input (Borzone et al. 2025; Duan
et al. 2025). The MLP consists of two linear layers with
a ReLU activation function between them. The final
layer outputs a 2-dimensional logit vector, representing
the unnormalized probabilities for the two classes (con-
centration increase and decrease/same).
The classification loss is computed using Binary Cross-

Entropy (BCE) with logits (Ho & Wookey 2020; Wali
2022), comparing the predicted logits against the true
binary target Ytransition.
The overall training objective for the GNN model is

a weighted sum of the classification loss and the con-
trastive loss:

Ltotal = LBCE_classification + α · Lcontrastive

where α is a hyperparameter that controls the relative
importance of the contrastive learning objective (Wei
& Zhang 2025,?). This combined loss enables end-to-
end training of the GNN encoder and the classification
head, allowing the GNN to learn representations that
are both self-supervisedly robust and directly relevant
to the downstream classification task.

2.4. Baseline Model: Random Forest Classifier
To provide a strong and interpretable benchmark, a

Random Forest classifier is implemented using the scikit-
learn library. The Random Forest model is chosen for
its robustness, ability to handle non-linear relationships,
and its capacity to manage a mix of feature types.
For each halo transition, the Random Forest model is

trained on the comprehensive set of 12 hand-engineered
features described in Section 2 (Bluck et al. 2025). These
include the intrinsic properties of the progenitor and
descendant halos, the temporal difference in scale fac-
tor, the cosmological parameters, and the four graph-
based environmental features derived from the merger
tree structure (Srivastava et al. 2025). The target vari-
able for the Random Forest is the same binary Ytransition
as for the GNN. Hyperparameters for the Random For-
est, such as the number of estimators and maximum
tree depth, are tuned using the validation set to opti-
mize performance (Bluck et al. 2025).

2.5. Training and Evaluation Protocol
2.5.1. Training Procedure

Both the GNN and the Random Forest models are
trained on the designated training set of halo transitions.
For the GNN, training is performed using mini-batches
of merger trees. The Adam optimizer is used for gradi-
ent descent, with an initial learning rate that is subject
to hyperparameter tuning. During GNN training, the
model’s performance on the validation set is monitored
after each epoch. This includes calculating Precision,
Recall, and F1-score for the classification task, as well
as the total loss.
Early stopping is implemented to prevent overfitting;

training is halted if the weighted F1-score on the val-
idation set does not improve for a predefined number
of epochs, and the model weights corresponding to the
best validation F1-score are saved. Due to significant
computational constraints during initial development,
the GNN was primarily trained on severely reduced
datasets.

2.5.2. Hyperparameter Tuning

A systematic hyperparameter search is conducted us-
ing the validation set to optimize the performance of
both models (Yuan et al. 2021). For the GNN, key
hyperparameters tuned include the learning rate, the
number of GNN layers, hidden dimension sizes, the loss
weighting factor α, the temperature parameter τ for the
contrastive loss, and the batch size (Plettenberg et al.
2025).
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For the Random Forest baseline, hyperparameters
such as the number of trees (estimators), maximum tree
depth, and minimum samples per leaf are tuned.

2.5.3. Final Evaluation

Upon completion of training and hyperparameter tun-
ing, the best-performing GNN model (selected based on
validation F1-score) and the optimized Random Forest
baseline model are evaluated on the entirely held-out
test set of halo transitions.
Model performance is quantified using standard classi-

fication metrics: Precision, Recall, and F1-score. These
metrics are reported for each class (concentration in-
crease and decrease/same) to assess class-specific per-
formance, as well as weighted and macro-averaged F1-
scores to provide an overall measure of balanced predic-
tive capability. The primary comparison between the
GNN and the baseline model is made based on these
comprehensive evaluation metrics.

2.5.4. Implementation Details

All models are implemented using PyTorch and Py-
Torch Geometric for the GNN (Wang & Zhang 2023;
Wang & Shen 2024), and scikit-learn for the Random
Forest. NumPy is used for general numerical operations
and data manipulation. GNN training is accelerated
using available GPU resources (Anik et al. 2024), while
data preprocessing and baseline model training are per-
formed on CPUs.
To ensure reproducibility of results, random seeds are

explicitly set for PyTorch, NumPy, and any other rel-
evant libraries throughout the experimental pipeline.
The development process prioritizes initial verification
on a small subset of data before scaling to the full
datasets.

3. RESULTS
This section presents the findings from our investiga-

tion into predicting the binary direction of dark mat-
ter halo concentration evolution. We detail the char-
acteristics of the processed data, the performance of
the Random Forest baseline model, the outcomes from
the Graph Neural Network (GNN) model, and insights
gained from ablation studies designed to understand the
contributions of specific GNN components.

3.1. Data characterization and preprocessing
Our study utilized dark matter halo merger trees

sourced from the CAMELS-SAM simulations. Each
node within these trees represents a halo at a specific
cosmic epoch, characterized by four intrinsic properties:
logarithmic mass, logarithmic concentration, logarith-
mic maximum circular velocity (Vmax), and the scale

factor. Additionally, each merger tree is associated with
two global cosmological parameters: Ωm and σ8. These
parameters provide a broader cosmic context for the
halo’s evolution.
All node and graph features underwent standardiza-

tion, with means and standard deviations computed
exclusively from the training set. For node features,
the approximate means were [11.13, 0.74, 2.11, 0.38]

and standard deviations were [0.70, 0.36, 0.21, 0.18] for
log10(mass), log10(concentration), log10(Vmax), and
scale factor, respectively. The distributions of these
node features before and after standardization are shown
in Figure 1. For the graph-level cosmological parame-
ters, the approximate means were [0.30, 0.80] and stan-
dard deviations were [0.12, 0.11] for Ωm and σ8. These
distributions, both original and normalized, are pre-
sented in Figure 2. This normalization ensured that all
features had a zero mean and unit variance, preventing
features with larger magnitudes from disproportionately
influencing model training.
The core of our predictive task involves analyzing

”transitions” between progenitor (u) and descendant
(v) halos. A transition is defined for any directed
edge (u, v) where sfv > sfu. The binary target vari-
able, Ytransition, indicates the direction of concentration
change: Ytransition = 1 if concv > concu (concentra-
tion increased), and Ytransition = 0 if concv ≤ concu
(concentration decreased or remained the same). From
an initial development subset of 100 trees, 110,838 such
transitions were extracted. The distribution of this bi-
nary target variable, shown in Figure 3, exhibits a rel-
atively balanced distribution: 51,707 instances of class
0 (decrease/no change) and 59,131 instances of class 1
(increase).
For the Random Forest baseline model, a set of 10

hand-engineered features was created for each transi-
tion. These included the four normalized intrinsic pro-
genitor halo properties, the normalized scale factor of
the descendant, the difference in scale factor (∆sf),
the two normalized cosmological parameters, and four
graph-based environmental features. The environmen-
tal features comprised the number of other merging
partners contributing to the descendant halo, their to-
tal mass, the mass ratio of the main progenitor to these
other partners, and a binary flag indicating if the main
progenitor was involved in a major merger. These fea-
tures were designed to capture the local assembly envi-
ronment of the halo, which is hypothesized to influence
its concentration evolution. The environmental features
were also normalized (log transformation for total part-
ner mass, then standardization). The distributions of
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Figure 1. Distributions of the four halo node features
(log10(Mass), log10(Concentration), log10(Vmax), and Scale
Factor) before (blue) and after (red) standardization. The
plots confirm that normalization effectively centers the fea-
ture distributions around zero mean and scales them to unit
standard deviation, an essential preprocessing step for model
training.

these engineered environmental features are presented
in Figure 4.
It is crucial to note that, due to significant computa-

tional constraints (specifically, execution timeouts), the
GNN model training, evaluation, and subsequent abla-
tion studies were performed on severely reduced subsets
of the full training, validation, and test datasets. For
instance, GNN training was typically limited to 10-50
training trees instead of the approximately 15,000 avail-
able. While the baseline model was trained on a larger
subset (200 training trees), it also did not utilize the
full dataset. Consequently, the reported GNN perfor-
mance metrics should be considered preliminary and in-

Figure 2. Histograms displaying the distributions of the
cosmological parameters, Ωm and σ8, for a subset of the
dataset. Original distributions are shown in blue, and their
normalized counterparts are in red. This visualization con-
firms that the normalization process effectively centers and
scales these graph-level features, which is essential for con-
sistent model training.

Figure 3. Distribution of the binary target variable for halo
concentration change, derived from 110,838 transitions ex-
tracted from a development subset of 100 merger trees. The
plot shows a relatively balanced distribution, with 51,707 in-
stances of concentration decrease or no change (Class 0) and
59,131 instances of concentration increase (Class 1).

dicative of potential capabilities rather than definitive
assessments on the complete dataset.

3.2. Baseline model performance
A Random Forest classifier was implemented as a ro-

bust baseline. This model utilized a total of 10 features
per transition: the four normalized intrinsic properties
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Figure 4. Distributions of four engineered environmental
features for progenitor halos. The plots show that most ha-
los have few merging partners, with their total mass span-
ning several orders of magnitude, and that major mergers
are relatively infrequent. These characteristics describe the
environmental context provided to the baseline model.

of the progenitor halo, the normalized descendant scale
factor, the normalized scale factor difference, the two
normalized cosmological parameters, and the four nor-
malized/binary engineered environmental features de-
tailed previously.
Hyperparameter tuning for the Random Forest was

conducted using GridSearchCV on a subset of 200
training trees (221,770 transitions) and validated on
a subset of 100 validation trees (109,866 transi-
tions). The optimal hyperparameters identified were
‘’class_weight’: ’balanced_subsample’, ’max_depth’:
10, ’min_samples_leaf’: 20, ’min_samples_split’: 50,
’n_estimators’: 50‘.
The performance of the tuned baseline model on the

validation subset is summarized in Table 1. The Ran-
dom Forest baseline achieved an overall accuracy of 63%
and a weighted average F1-score of 0.63. The model
demonstrated a relatively balanced predictive capabil-
ity, performing slightly better at identifying halos that
would increase in concentration (F1-score of 0.66) com-
pared to those that would decrease or maintain con-
centration (F1-score of 0.59). The confusion matrix in
Figure 5 further illustrates these classification outcomes,
showing a slight bias towards predicting concentration
increase. This indicates that the engineered features,
particularly the intrinsic properties of the progenitor
halo, provide a reasonable basis for predicting the di-
rection of concentration evolution.
An analysis of feature importances, depicted

in Figure 6, revealed that the most influential
features were ‘norm_log10_Concentration_prog‘,

Table 1. Baseline Random Forest Performance on Valida-
tion Subset

Metric Decrease/Same (0) Increase (1) Macro Avg Weighted Avg
Precision 0.60 0.65 0.62 0.63
Recall 0.58 0.67 0.62 0.63
F1-Score 0.59 0.66 0.62 0.63
Support 51259 58607 109866 109866

Overall Accuracy: 0.63

Figure 5. Confusion matrix of the baseline Random Forest
model on the validation set, illustrating its classification of
halo concentration changes into ’Decrease/Same’ (0) and ’In-
crease’ (1). The model correctly identified 30,000 instances
of concentration decrease/same and 39,114 instances of con-
centration increase, indicating a modest overall performance
with a slight bias towards predicting concentration increase.

‘norm_ScaleFactor_prog‘, ‘norm_log10_Mass_prog‘,
and ‘norm_log10_Vmax_prog‘. These intrinsic prop-
erties of the progenitor halo appear to be the primary
drivers of the classification decision. The cosmological
parameters (Ωm, σ8) and the engineered graph-based
environmental features (e.g., total mass of merging part-
ners, number of merging partners) had lower but still
measurable importance, suggesting they contribute to
the prediction but are secondary to the halo’s immediate
state.

3.3. Graph neural network model performance
Our primary model, a Graph Neural Network (GNN)

based on GraphSAGE convolutional layers, was de-
signed to learn representations directly from the merger
tree structure. The GNN encoder learns node em-
beddings, which are then fed into a classification head
to predict the binary target. A projection head was
also incorporated for the contrastive learning objective.
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Figure 6. Bar plot showing feature importances for the
Random Forest baseline model. The progenitor halo’s nor-
malized concentration, scale factor, mass, and Vmax are the
most influential features for predicting the direction of halo
concentration change. Cosmological parameters and engi-
neered environmental features contribute with lower impor-
tance.

Each node’s input features for the GNN consisted of
its four intrinsic halo properties concatenated with the
two global cosmological parameters, resulting in a 6-
dimensional input feature vector per node.
The GNN was trained using the Adam optimizer with

a combined loss function: Ltotal = LBCE_classification +

α · Lcontrastive, where the contrastive loss weight α was
set to 0.1. As previously highlighted, the GNN training
was severely constrained computationally. It was per-
formed on a significantly reduced dataset: 10 training
trees (13,162 transitions), 5 validation trees (4,570 tran-
sitions), and 5 test trees (3,723 transitions), for only 2
epochs. Early stopping was implemented based on the
validation F1-score.
The learning curves, displayed in Figure 7 and more

comprehensively in Figure 8, indicated that both train-
ing and validation losses generally decreased over the
two epochs, with corresponding increases in accuracy
and F1-scores, albeit with some fluctuations. The vali-
dation F1-score for the ’Increase’ class (class 1) reached
0.6823 at epoch 2, leading to the saving of the model
weights. These trends confirm the model’s learning pro-
gression despite the limited training duration and data.
The performance of this best GNN model on the

reduced test set is presented in Table 2. The GNN
achieved an overall accuracy of 56.2% and a weighted
average F1-score of 0.485 on this severely restricted test
set. A key observation is the pronounced class imbal-
ance in the model’s predictions, as visualized in the con-
fusion matrix in Figure 9. The GNN exhibited a high
recall of 0.90 for the ’Increase’ class (class 1) but a very

Figure 7. Learning curves for the Graph Neural Network
(GNN) model over two training epochs. The top-left panel
displays the decreasing total loss for both training and val-
idation data, comprising a combined classification and con-
trastive objective. The top-right panel shows the unscaled
classification and contrastive loss components. The bottom
panels illustrate the general increase in training and vali-
dation accuracy and F1 score, respectively. These trends
confirm the model’s learning progression despite the limited
training duration.

Figure 8. Learning curves for the Graph Neural Network
(GNN) model, displaying the total, classification (BCE), and
contrastive loss components, alongside overall accuracy and
F1-score, for both training and validation datasets over two
epochs. All loss components decrease, while accuracy and
F1-score generally increase, indicating the model’s learning
progress in predicting the direction of halo concentration
change. These trends suggest the model’s learning was still
ongoing given the limited training duration and data.

low recall of 0.15 for the ’Decrease/Same’ class (class 0).
This resulted in a high F1-score of 0.69 for class 1 but
a considerably lower F1-score of 0.23 for class 0. This
strong bias suggests that under these limited training
conditions, the GNN predominantly learned to predict
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an increase in concentration. The Area Under the Re-
ceiver Operating Characteristic curve (AUC), shown in
Figure 10, was 0.5924, indicating that the model’s dis-
criminative power was only modest, slightly better than
random chance.

Table 2. GNN Performance on Reduced Test Set

Metric Decrease/Same (0) Increase (1) Macro Avg Weighted Avg
Precision 0.55 0.56 0.56 0.56
Recall 0.15 0.90 0.52 0.48
F1-Score 0.23 0.69 0.46 0.48
Support 1674 2049 3723 3723

Overall Accuracy: 0.562

Figure 9. Confusion matrix for the GNN model on the re-
duced test set. It shows the true versus predicted direction
of halo concentration change (Decrease/Same (0) or Increase
(1)). The model exhibits a strong bias towards predicting
an increase in concentration (Class 1), frequently misclassi-
fying halos that decrease or maintain concentration (1431 in-
stances) as increasing. This bias leads to high recall for con-
centration increase but poor performance for decrease/same.

A visualization of the GNN’s progenitor node embed-
dings from a validation subset, shown in Figure 11, re-
veals substantial overlap between the distributions for
concentration decrease/same (Class 0) and concentra-
tion increase (Class 1). Similarly, t-SNE visualizations
of progenitor node embeddings from a validation subset
(Figure 12) and a test subset (Figure 13) did not re-
veal clear separation between the two classes in the 2D
projection. Furthermore, coloring the embeddings by
cosmological parameters (Ωm, σ8) in these t-SNE plots
did not show distinct clusters. This implies that, given
the limited training, the learned embeddings do not yet

Figure 10. Receiver Operating Characteristic (ROC) curve
for the Graph Neural Network (GNN) model on the reduced
test set. The area under the curve (AUC) of 0.59 indicates
modest discriminative power in predicting the direction of
halo concentration change, suggesting performance slightly
better than random chance.

perfectly disentangle the factors governing concentra-
tion evolution in a low-dimensional, linearly separable
manner.

Figure 11. Distribution of GNN progenitor embedding
values on the validation set, colored by the target variable
(0: concentration decrease/same, 1: concentration increase).
The substantial overlap between the class distributions indi-
cates that the learned embeddings do not effectively separate
halos based on their future concentration change.

3.4. Ablation studies
To further understand the GNN’s behavior and the

impact of its components, ablation studies were per-
formed. These studies, like the main GNN training,
were conducted under highly constrained conditions (10
train, 5 val, 5 test trees; 2 epochs) and thus provide
insights into relative effects rather than absolute perfor-
mance. The results are summarized in Table 3. A visual
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Figure 12. t-SNE projections of GNN progenitor node em-
beddings from a validation subset. The panels show em-
beddings colored by the target variable (left), cosmological
parameter Ωm (middle), and σ8 (right). These plots reveal
no clear separation between the two target classes (concen-
tration increase or decrease/same) and no distinct cluster-
ing based on cosmological parameters. This suggests that
the GNN’s learned representations, given the limited train-
ing data, do not fully disentangle the factors influencing halo
concentration change or strongly encode cosmological depen-
dencies in this 2D space.

Figure 13. t-SNE visualization of Graph Neural Network
(GNN) progenitor node embeddings from a test subset. The
left panel shows embeddings colored by the target variable
(concentration change direction), indicating no clear sepa-
ration between classes. The middle and right panels show
embeddings colored by cosmological parameters Ωm and σ8,
respectively, also without distinct clustering. This suggests
that the learned embeddings, under limited training con-
ditions, do not perfectly disentangle the factors influencing
concentration change, nor do cosmological parameters sim-
ply dominate the embedding structure.

comparison of F1-scores for Class 1 across configurations
is also provided in Figure 14.

3.4.1. Reference GNN

The ”Reference GNN” in the ablation context is the
same model as described in the previous subsection,
utilizing 6 input node features (including cosmological
parameters) and a contrastive loss weight of 0.1. It
achieved an F1-score of 0.6937 for class 1 (concentra-
tion increase) and 0.2295 for class 0 (concentration de-
crease/same), with a high recall of 0.9019 for class 1.
This serves as the baseline for comparison within the
ablation study.

3.4.2. Ablation: No cosmological parameters

When the cosmological parameters (Ωm, σ8) were re-
moved from the GNN’s input features (reducing them
to 4), the model’s overall accuracy slightly increased to

0.5643. However, the F1-score for class 1 decreased to
0.6317 from 0.6937 of the reference GNN. More signif-
icantly, the F1-score for class 0 saw a substantial im-
provement, rising to 0.4668 from 0.2295. Concurrently,
the recall for class 1 became more balanced with its pre-
cision (recall 0.6784, precision 0.5907), indicating a less
biased prediction towards class 1. This suggests that,
under the limited training conditions, the inclusion of
cosmological parameters might have contributed to the
model’s bias towards predicting class 1, or their removal
forced the model to rely more on other features, leading
to a more balanced, albeit slightly less performant for
class 1, prediction.

3.4.3. Ablation: No contrastive loss

Removing the contrastive loss component (setting
αcontrastive = 0.0) while retaining cosmological parame-
ters in the input features resulted in the highest F1-score
for class 1 (0.7106) among all GNN configurations. How-
ever, this came at the cost of virtually eliminating the
model’s ability to predict class 0, with an F1-score of
only 0.0107. The recall for class 1 reached an extreme
value of 0.9956, meaning almost all instances were pre-
dicted as class 1. This indicates that the contrastive loss,
even with a relatively small weight, had a minor regu-
larizing effect, preventing an even more extreme bias to-
wards the ’Increase’ class. Its absence allowed the clas-
sification loss to aggressively fit the most prevalent or
easiest patterns for class 1, essentially ignoring class 0
under the severe data limitations.

3.5. Summary and interpretation
This study aimed to predict the binary direction of

dark matter halo concentration evolution using both a
Random Forest baseline and a Graph Neural Network
with contrastive learning, applied to merger tree data
from CAMELS-SAM simulations.
The Random Forest baseline, leveraging hand-

engineered features including intrinsic halo properties,
cosmological parameters, and graph-based environmen-
tal features, achieved a weighted F1-score of 0.63. It
showed a relatively balanced performance across both
classes, with progenitor halo properties being the most
important features, aligning with physical intuition
about halo evolution.
The GNN model, despite its theoretical suitability for

graph-structured data, exhibited lower overall perfor-
mance (weighted F1-score of 0.485) and a strong bias
towards predicting concentration increase (F1-score of
0.69 for increase vs. 0.23 for decrease). This pronounced
imbalance, along with the t-SNE visualizations show-
ing no clear class separation, strongly suggests that the
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Table 3. GNN Ablation Study Results on Reduced Test Set

Configuration Input Node Features αcontrastive Accuracy F1 (Cls 1) F1 (Cls 0) Precision (Cls 1) Recall (Cls 1)
Reference GNN 6 (Cosmo Incl.) 0.1 0.5616 0.6937 0.2295 0.5636 0.9019
Ablation: No Cosmo 4 (Cosmo Excl.) 0.1 0.5643 0.6317 0.4668 0.5907 0.6784
Ablation: No Contrastive 6 (Cosmo Incl.) 0.0 0.5522 0.7106 0.0107 0.5515 0.9956

Figure 14. F1-score for predicting halo concentration in-
crease (Class 1) across Graph Neural Network (GNN) ab-
lation configurations. The GNN without contrastive loss
achieved the highest F1-score (0.711) for Class 1, while re-
moving cosmological parameters resulted in a lower F1-score
(0.632) compared to the reference GNN (0.694). This illus-
trates the individual impact of cosmological parameters and
contrastive loss on the model’s ability to predict concentra-
tion increases.

GNN was severely underfit. This underfitting is pri-
marily attributable to the drastic reduction in train-
ing data and epochs necessitated by computational con-
straints. The GNN’s ability to implicitly learn complex,
non-linear relationships from the merger tree structure,
which is its core advantage over feature-engineered base-
lines, was likely not fully realized under these conditions.
The ablation studies provided initial insights into the

GNN’s component contributions. The inclusion of cos-
mological parameters appeared to contribute to the
model’s bias towards predicting concentration increase
in the limited-data regime. Removing them led to a
more balanced F1-score between classes, albeit at the
cost of a lower F1-score for the ’Increase’ class. The
contrastive learning objective, while intended to improve
representation quality, seemed to act as a minor regular-
izer, preventing an even more extreme class imbalance
when present. Its removal led to an almost complete fail-
ure to predict concentration decrease, highlighting the
fragility of the model under severe data scarcity.

The difficulty in predicting concentration decrease
(class 0) by the GNN might stem from several fac-
tors. Concentration increase is a common evolutionary
path for many halos, especially during active accretion
phases. Events leading to concentration decrease, such
as major disruptive mergers or strong tidal stripping,
might be rarer or have more complex, subtle signatures
that are harder to learn from limited data. The GNN,
with its capacity to capture the full assembly history,
holds promise for discerning these nuances, but this po-
tential was not fully demonstrated in this preliminary
study.
Overall, while the GNN framework shows promise

for this challenging problem, its current performance is
heavily limited by the computational constraints. The
results underscore the critical need for full-scale training
on the entire CAMELS-SAM dataset to robustly assess
the GNN’s capabilities and fully leverage its ability to
learn from complex, graph-based evolutionary patterns
in dark matter halo concentration.

4. CONCLUSIONS
PROBLEM AND SOLUTION OVERVIEW

This paper addressed the challenging binary classi-
fication problem of predicting the future direction of
dark matter halo concentration evolution (increase or
decrease) over cosmic time. Understanding this evolu-
tion is critical for accurate galaxy formation models. We
proposed a novel approach leveraging Graph Neural Net-
works (GNNs) with a contrastive learning objective, ap-
plied to the hierarchical structure of halo merger trees.
This was benchmarked against a robust Random Forest
model utilizing a comprehensive set of hand-engineered
features.

DATASETS AND METHODS
Our investigation utilized dark matter halo merger

trees from the CAMELS-SAM simulations, a rich
dataset providing diverse halo assembly histories across
varying cosmological parameters. Each halo (node)
within a tree was characterized by its logarithmic mass,
concentration, Vmax, and scale factor, augmented by
global cosmological parameters (Ωm, σ8) for its parent
simulation. All features were standardized. The binary
target variable was defined for progenitor-descendant
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transitions, indicating whether the descendant’s concen-
tration increased or decreased relative to its progenitor.
The Random Forest baseline was trained on 10 hand-

engineered features, combining intrinsic halo proper-
ties, temporal differences, cosmological parameters, and
graph-based environmental features derived from the
merger tree structure. The GNN model employed a
multi-layer GraphSAGE encoder to learn embeddings
from the merger tree topology and node features, in-
cluding cosmological parameters. A contrastive learning
objective (NT-Xent loss) was integrated to encourage
discriminative embedding learning, and a classification
head predicted the binary outcome. Crucially, due to
severe computational constraints, the GNN was trained
on significantly reduced subsets of the data (e.g., 10-
50 training trees instead of ∼15,000) and for very few
epochs, limiting its ability to fully converge and learn
complex patterns.

RESULTS OBTAINED
The Random Forest baseline, trained on a substan-

tial subset of 200 training trees, achieved a weighted
F1-score of 0.63 on its validation subset. It demon-
strated a relatively balanced predictive capability for
both concentration increase (F1-score 0.66) and decrease
(F1-score 0.59). Feature importance analysis revealed
that intrinsic progenitor halo properties (concentration,
mass, Vmax, scale factor) were the primary drivers of
its predictions, with cosmological and engineered envi-
ronmental features contributing secondarily.
In contrast, the GNN model, despite its theoretical

suitability for graph-structured data, yielded prelimi-
nary performance with a weighted F1-score of 0.485 on
its severely reduced test set. A significant finding was
the GNN’s strong bias towards predicting concentra-
tion increase (F1-score 0.69) while performing poorly
on concentration decrease (F1-score 0.23). This pro-
nounced class imbalance, coupled with t-SNE visualiza-
tions showing no clear class separation in the embedding
space, strongly indicates that the GNN was severely un-
derfit due to the drastic limitations in training data and
epochs.
Ablation studies, also conducted under highly con-

strained conditions, provided initial insights into the
GNN’s components. Removing cosmological parameters
from the GNN’s input features led to a more balanced

F1-score between classes, suggesting that their inclusion
under limited training might have contributed to the
model’s bias towards predicting concentration increase.
The contrastive learning objective, even with a small
weight, appeared to act as a minor regularizer, prevent-
ing an even more extreme class imbalance. Its removal
resulted in an almost complete failure to predict concen-
tration decrease, highlighting the fragility of the model
when data is scarce.

LEARNINGS AND FUTURE WORK
This study demonstrates that hand-engineered fea-

tures, particularly intrinsic halo properties, combined
with a robust Random Forest classifier, can provide a
reasonable baseline for predicting the direction of dark
matter halo concentration evolution. The Random For-
est’s balanced performance underscores the utility of
domain-informed feature engineering.
However, the primary takeaway regarding the GNN

is its unrealized potential under the current computa-
tional limitations. The observed severe underfitting and
pronounced class imbalance in the GNN’s predictions
prevent a definitive assessment of its capabilities. The
GNN’s inherent strength lies in its ability to implicitly
learn complex, non-linear relationships and hierarchical
patterns directly from the merger tree structure, a pro-
cess that requires extensive training on large datasets to
fully manifest. The difficulty in predicting concentra-
tion decrease might also suggest that these events are
either rarer, or their underlying physical mechanisms
and signatures within the merger tree are more subtle
and require a more thoroughly trained model to discern.
Therefore, the critical next step is to conduct full-scale

training of the GNN model on the entire CAMELS-SAM
dataset, allowing it to fully leverage its graph processing
capabilities and converge to an optimal solution. This
would enable a robust assessment of its performance
against the feature-engineered baseline and its ability to
capture the nuanced evolutionary pathways of dark mat-
ter halo concentration, including the more challenging
cases of concentration decrease. The GNN framework,
with its capacity to learn from the rich, graph-structured
assembly histories of halos, remains a highly promising
avenue for advancing our understanding and prediction
of dark matter halo evolution.
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