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Introduction
PLANT (Population synthesis with Learned Astrophysical geNerative models for
graviTational-wave populations) uses neural generative models to emulate GW
merger populations orders of magnitude faster than traditional simulation.

• LIGO-Virgo-KAGRA have detected 390 compact-binary mergers in the
gravitational-wave transient catalog (GWTC-5.0; LVK Collaboration 2026).

• Linking mergers to star formation requires costly population-synthesis runs gov-
erned by the cosmic star formation rate (SFR) (Madau & Dickinson 2014):
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• Forward model: COMPAS binary evolution + cosmic integration (SSPC; Nei-
jssel et al. 2019) maps astrophysical hyperparameters Λ to merger catalogs
(mchirp, q, z).

• Bottleneck: each Λ needs ∼106–107 binaries (many CPU-hours per point; Bar-
rett et al. 2017). Hierarchical inference or dense grids require ∼103–104 compu-
tationally intractable forward evaluations (Team COMPAS et al. 2022).

Question: Can conditional generative models learn to produce
realistic GW merger catalogs directly from astrophysical parameters,

bypassing expensive population-synthesis runs?

Training Data
The SSPC (Synthetic Stellar Population Convolve) framework convolves COMPAS
binaries with the Madau-Dickinson SFR and Neijssel+19 metallicity model. We
train on COMPAS (Riley+ 2022): 3.35 × 106 DCO systems across SMT, CE, CHE
channels. We grid over aSFR and µ0 (two parameters that strongly drive predictions)
as a feasibility test, sampling the other 7 nuisance parameters stochastically. For
each grid point we compute the intrinsic merger rate:
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weighting each binary by its formation rate and delay time τ .

• aSFR ∈ [10−6, 0.092], µ0 ∈ [10−6, 0.061] (van Son+ 2022, TNG100 ±1σ)
• 7 nuisance params (b, c, d, µz, σ0, σz, αskew) sampled per cell
• 50×50 × 3 channels = 7,500 cells; 50K events each → 375M mergers
• Observables: Mc, q, z; Λ (12-D) conditioning

Figure 1: Merger-rate density across the (aSFR, µ0) grid.

Methods: Generative Models
Both models learn p(Mc, q, z | Λ) with a shared conditioning encoder.
Conditional Flow Matching (CFM)

• Deterministic ODE velocity field, optimal-transport paths (Lipman+ 2023)

• L = E
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• Single forward pass at inference

Score-Based Diffusion

• Iterative denoising, linear schedule, T =100 steps (Ho+ 2020)

• L = Et,ϵ
∥∥ϵθ(xt, t,Λ)− ϵ
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• Strong mode coverage for multimodal targets

Baseline: Naive Bayes

• Per-cell Gaussians, kernel-weighted mix: πg∝exp(−∥Λ− Λg∥2/2τ 2)
• No training, statistical estimate. Lower bound on fidelity.

Methods: Pipeline

Figure 2: PLANT pipeline, from binary simulations to fast catalog generation.

Methods: Architecture

Figure 3: Shared encoder feeds both generation heads.

Results

Figure 4: Emulator vs. ground truth marginals (Mc, q, z) on held-out grid points.
On held-out settings, CFM and Diffusion reproduce the bulk of intrinsic merger distributions; all
emulators struggle on the high-Mc tail, which is sparse.

W1 Mc [M⊙] q z

CFM 0.12 0.005 0.04

Diffusion 0.40 0.021 0.07

Naive Bayes 0.33 0.016 0.15

• CFM outperforms other models on Wasserstein metric across all three observables

• Naive Bayes is fast (CPU, no backprop) but factorized Gaussians miss q structure

• All emulators 300–500× faster than SSPC per catalog

Conclusions & Next Steps
• Demonstrated feasibility of generative models on selected star formation parameter space

• Both models reproduce multimodal merger distributions across all three formation channels

• Opens up real-time parameter exploration previously bottlenecked by simulation cost

Next steps:
• Finetune hyperparameters of generative models

• Add χeff; scale to full 9-D SSPC grid

• Selection effects and measurement uncertainty

• Ensemble of emulators for epistemic uncertainty

• Apply to real LVK O4/O5 data
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