
DeepCosmoNet Training Pipeline workflow

DEMNUni Cosmological Simulation
N-body Particle Distribution (1024³ particles)

3D Voxelization
Grid 128³ (1 h⁻¹Mpc resolution)

HALOS
Hierarchical Aggregation Learning for Overdensity Search

Spatial Partitioning
KD-Tree construction
Divide into n regions

Feature Engineering
Per-Particle Features:
• Local density (KNN)
• Velocity dispersion

• Covariance matrices

Multi-Task MLP
(Single Network, Dual Output)

Architecture:
• 3 Dense Blocks
• BatchNorm + LeakyReLU
• Dropout regularization

Task 1: Binary Classification
Bound vs Unbound Particles
Output: p_bound (sigmoid)

Task 2: Centroid Regression
Predict (Δx, Δy, Δz) offset
to parent subhalo centre

Training Configuration
• K-Fold CV (k=5)
• BCE Loss (classification)
• MSE Loss (regression)
• AdamW optimizer

Physically-Informed Transformation
Shift particles toward predicted centroids

Enhanced density peaks

HDBSCAN Clustering
Density-based Instance Segmentation

on Transformed Point Cloud

Hyperparameter Tuning
• Grid Search
• min_cluster_size
• min_samples

OUTPUT: Subhalo Catalogue

Performance Metrics:
• Semantic accuracy: 95%
• ARI (instance seg): >90%
• Completeness: 98.5%
• Median centroid offset: <30 kpc
• Speedup: ~10× vs FoF+SUBFIND

Ground Truth
SUBFIND algorithm

DEMNUni sims

3D YOLO-like Cosmic Void Detector
Multi-Scale Deep Learning for Underdense Structures

Multi-Channel Preprocessing
5 Input Channels from ρ(x)

Gaussian Filtering (σ =
2,4,8,16):
ρ_σ(x) = ρ(x) ⊗ G_σ(x)

Quantile Transform:
I_i(x) = Φ⁻¹(F_i(ρ_σi(x)))

Data Augmentation
• Random axis flipping
• Random axis
permutation
→ 48× data diversity

Backbone Encoder
Super-Separable 3D Conv Blocks

128³ → 64³ → 32³

Super-Separable Conv:
Complexity: O(C·3³ + C²)
vs Standard: O(C²·3³)
→ 25× parameter
reduction

Feature Pyramid Network
Multi-scale feature fusion

Downsampling + Upsampling
Skip connections

5 Multi-Scale Detection Heads
YOLO-inspired Architecture

Output per Head (5
channels):
• P_void: presence prob
• Δx, Δy, Δz: coord offsets
• ΔR: log₂-scaled radius

Scales: 2³, 4³, 8³, 16³, 32³
voxels
(covers 10-100 h⁻¹Mpc)

Multi-Component Loss

L_tot = λ_P·L_P + λ_xyz·L_xyz +
λ_R·L_R

• Focal Loss (class imbalance)
α=8, γ=4
• MSE (coordinates)
• MSE (radius, log-scale)

Training Configuration
• AdamW optimizer
• Cosine annealing LR
• lr = 10⁻⁴, wd = 10⁻²
• Mixed precision (AMP)
• Gradient clipping
• Max 300 epochs

Post-processing

1. Sigmoid activation (probabilities)
2. Coordinate transformation
3. NMS via DBSCAN clustering
4. Weighted Box Fusion (WBF)

OUTPUT: Cosmic Void Catalogue

Performance Metrics:
• Precision: 73% (16-32 h⁻¹Mpc)
• Recall: 63% (16-32 h⁻¹Mpc)
• F1-score: 68% (best range)
• IoU: 55% average
• VSF agreement with Pylians
• Orders of magnitude faster

Ground Truth
Pylians Void Finder

DEMNUni sims
IoU threshold: 0.25

Legend & Key Information

Preprocessing Neural Network Traini Loss Post-processing Final Output Validation/Config
• Both projects use DEMNUni simulation (1024³ particles, 1
Gpc³)

• HALOS: Instance segmentation of halos/subhalos

• 3D Voids: Object detection of cosmic voids (multi-scale)

• Both achieve significant computational speedup vs traditional
methods

• Common voxelization: 128³ grid at 1 h⁻¹Mpc resolution

• Training: Both use GPU acceleration and advanced optimization


