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Abstract

Robust astrophysical interpretations from gravitational-wave parameter inference1

require addressing model-dependent biases. We present a physics-informed frame-2

work to decompose discrepancies among five waveform models (NRSur7dq4,3

IMRPhenomXO4a, SEOBNRv5PHM, IMRPhenomXPHM, IMRPhenomTPHM)4

for GW231123. Our approach combines exploratory metrics (Jensen-Shannon5

Divergence, Wasserstein distance), high-dimensional analysis with UMAP, and6

a Physics-Informed Discrepancy Decomposition. This decomposition quantifies7

divergences in parameter subspaces—mass/distance, effective spin, individual8

spin/orientation, and remnant properties—linking model differences to physi-9

cal approximations. We find substantial disagreements in inferred component10

masses, effective spin, and redshift, with UMAP separating models into distinct11

clusters. Discrepancy attribution shows individual spin/orientation is most model-12

dependent due to spin-precession treatments, while remnant properties reflect13

merger-ringdown modeling. Crucially, no astrophysical parameter for GW23112314

is robust across all models, as systematic waveform uncertainties exceed statistical15

errors. Thus, for high-mass, precessing binary black hole mergers, waveform16

choice dominates inference, limiting firm astrophysical conclusions unless model17

biases are explicitly accounted for.118

1 Introduction19

The advent of gravitational-wave (GW) astronomy, beginning with LIGO-Virgo-KAGRA (LVK)20

detections of binary black hole (BBH) mergers, has transformed our understanding of energetic21

astrophysical events. GW signals allow us to infer black hole properties, formation channels, and22

test spacetime under extreme conditions. Yet, such interpretations critically depend on theoretical23

waveform models, which approximate Einstein’s field equations with varying fidelity—from accurate24

but costly numerical relativity (NR) simulations to faster semi-analytical and phenomenological25

models.26

High-mass, spinning, and precessing BBH systems particularly require approximate models, since27

NR is too computationally expensive for large-scale inference. Consequently, multiple waveform28

families exist, differing in efficiency, higher-order mode inclusion, and spin-precession treatment.29

This diversity introduces model-dependent biases that can dominate statistical errors, especially for30

challenging events like GW231123. To achieve robust science, it is essential not only to observe31
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multi-AI agent system. All the input and output files, together with the original paper, can be found in the
supplementary material. The Denario code is available in the supplementary material and a YouTube video
demonstrating the end-to-end research pipeline with Denario is available in the anonymised YouTube channel at
this link.
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model discrepancies but to identify why they arise and which physical aspects of the source are most32

sensitive.33

In this paper, we introduce a physics-informed framework to decompose discrepancies among34

five models—NRSur7dq4, IMRPhenomXO4a, SEOBNRv5PHM, IMRPhenomXPHM, and IMR-35

PhenomTPHM [17]. Our key innovation, Physics-Informed Discrepancy Decomposition, defines36

parameter subspaces (mass/distance, effective spin, individual spin/orientation, remnant properties)37

and quantifies divergences within them, directly linking differences in inferred parameters to known38

model approximations such as spin-precession treatment or higher-order mode inclusion.39

To validate this approach, we first perform exploratory analysis: computing marginal posterior40

divergences via Jensen-Shannon Divergence (JSD) and 1-Wasserstein distance, and applying Uniform41

Manifold Approximation and Projection (UMAP) to reveal model clustering in the high-dimensional42

parameter space. The physics-informed decomposition then quantifies disagreement within each43

subspace, identifying which GW231123 properties are robust across models and which remain44

model-sensitive. This provides interpretable insights into astrophysical inference robustness and45

enables more reliable consensus constraints for GW231123.46

2 Methods47

2.1 Data Acquisition and Pre-processing48

Our analysis initiates with the acquisition and meticulous pre-processing of posterior samples derived49

from the gravitational-wave event GW231123. These samples, representing the probability distribu-50

tions of various source parameters, were generated using five distinct gravitational-wave waveform51

models: NRSur7dq4, IMRPhenomXO4a, SEOBNRv5PHM, IMRPhenomXPHM, and IMRPhenomT-52

PHM. Each model’s posterior samples were provided as individual CSV files, specifically located at53

‘/mnt/ceph/users/anonymous_human/AstroPilot/GW/Iteration1/data/GW231123_NRSur7dq4.csv‘,54

‘/mnt/ceph/users/anonymous_human/AstroPilot/GW/Iteration1/data/GW231123_IMRPhenomXO4a.csv‘,55

‘/mnt/ceph/users/anonymous_human/AstroPilot/GW/Iteration1/data/GW231123_SEOBNRv5PHM.csv‘,56

‘/mnt/ceph/users/anonymous_human/AstroPilot/GW/Iteration1/data/GW231123_IMRPhenomXPHM.csv‘,57

and ‘/mnt/ceph/users/anonymous_human/AstroPilot/GW/Iteration1/data/GW231123_IMRPhenomTPHM.csv‘.58

Upon loading, each CSV file was parsed into a separate pandas DataFrame [26]. To facilitate unified59

analysis while preserving model attribution, a ’model’ column was appended to each DataFrame,60

explicitly identifying the waveform model from which the samples originated. These individual61

DataFrames were then consolidated into a single, master Python dictionary, with model names serving62

as keys, providing a structured and accessible representation of the entire dataset.63

A critical step in pre-processing involved thorough data cleaning and verification [16, 19]. This64

included confirming the consistency of column names across all files, checking for the presence of65

any ‘NaN‘ or missing values (none were found, as expected for posterior samples of this nature) [16],66

and verifying the sensible range of log_likelihood values.67

2.2 Exploratory Data Analysis and Baseline Comparison68

Prior to undertaking advanced discrepancy decomposition, we performed an extensive exploratory69

data analysis to establish a baseline understanding of the agreements and disagreements among the70

five waveform models. This phase provided initial quantitative insights into the parameter inferences71

for GW231123 [8, 7].72

2.2.1 Summary Statistics73

For each of the five waveform models, we computed key summary statistics for the following74

astrophysical parameters: mass_1_source (primary component mass), mass_2_source (secondary75

component mass), chi_eff (effective inspiral spin parameter), chi_p (precessing spin parameter),76

redshift, final_mass_source (remnant black hole mass), and final_spin (remnant black hole77

spin). Specifically, we calculated the median and the 90% credible interval (defined by the 5th and78

95th percentiles) for the 1D marginal posterior distribution of each parameter. These statistics were79

compiled into a comprehensive table, offering an immediate, quantitative overview of the central80

tendencies and uncertainties predicted by each model.81
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2.2.2 Pairwise Statistical Divergence82

To rigorously quantify the disagreement between the 1D marginal posterior distributions of each83

parameter across all model pairs, we employed two robust statistical divergence metrics: the Jensen-84

Shannon Divergence (JSD) [25, 13] and the 1-Wasserstein distance. For each parameter, and for85

every unique pair of waveform models, the following procedure was applied:86

1. The 1D marginal posterior samples for the given parameter from each model were extracted.87

2. A Kernel Density Estimator (KDE) was used to estimate the Probability Density Function88

(PDF) for each set of samples. A common, optimized bandwidth (e.g., determined by89

Scott’s rule or Silverman’s rule) was applied across all PDFs for a given parameter to ensure90

consistent smoothing.91

3. The JSD was calculated between the estimated PDFs of the two models. The JSD is92

a symmetric and finite measure of the similarity between two probability distributions,93

ranging from 0 (identical distributions) to 1 (maximally divergent distributions), and is based94

on the Kullback-Leibler divergence.95

4. The 1-Wasserstein distance (also known as Earth Mover’s Distance) was computed between96

the empirical distributions of the two models. This metric quantifies the minimum cost of97

transforming one distribution into the other, effectively measuring the "distance" between98

probability distributions.99

This process yielded two 5x5 symmetric matrices for each key astrophysical parameter, one for JSD100

values and one for 1-Wasserstein distances. These matrices served as a quantitative baseline for101

understanding the degree of agreement or disagreement between models on a parameter-by-parameter102

basis, highlighting where significant univariate discrepancies first emerge.103

2.3 High-Dimensional Degeneracy and Discrepancy Analysis104

To gain a holistic understanding of how the different waveform models populate the high-dimensional105

parameter space and to visualize complex degeneracies, we employed Uniform Manifold Approxima-106

tion and Projection (UMAP) [11, 29].107

2.3.1 Data Preparation for UMAP108

All posterior samples from the five waveform models were combined into a single, large DataFrame.109

This consolidated dataset included all 13 physical parameters typically inferred for binary black hole110

mergers. To ensure that parameters with differing scales did not disproportionately influence the111

dimensionality reduction, all parameter columns were standardized using z-scoring (subtracting the112

mean and dividing by the standard deviation across the combined dataset). The ’model’ column was113

retained to allow for post-projection attribution and analysis.114

2.3.2 Uniform Manifold Approximation and Projection (UMAP)115

The UMAP algorithm was applied to the standardized, high-dimensional parameter space. UMAP is a116

non-linear dimensionality reduction technique that constructs a high-dimensional graph representing117

the data’s topological structure and then optimizes a low-dimensional graph to be as structurally118

similar as possible [31]. Our primary goal was to project the high-dimensional parameter space119

(encompassing all 13 physical parameters) down to a 2D space, thereby enabling intuitive visualization120

of the complex, non-linear relationships and degeneracies inherent in the posterior distributions121

[30, 31].122

We utilized the ‘umap-learn‘ library for this implementation. Key hyperparameters, n_neighbors123

(controlling the balance between local and global structure preservation) and min_dist (controlling124

how tightly points are packed together), were tuned to optimize the embedding quality [18, 18].125

Initial values of n_neighbors = 50 and min_dist = 0.1 were used as a starting point [32, 14], with126

iterative adjustments made to achieve a robust representation that captures both the local clustering127

and global separation of the data [20]. The output of the UMAP transformation was a set of 2D128

coordinates (UMAP_1, UMAP_2) for each posterior sample, representing its position in the129

learned low-dimensional manifold.130
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2.3.3 Analysis of UMAP Embedding131

The generated 2D UMAP embedding provided a powerful visual and analytical tool to assess the high-132

dimensional discrepancies [24]. By filtering the UMAP coordinates by their associated ’model’ label,133

we could qualitatively and quantitatively examine how the posterior samples for each waveform model134

occupy and cluster within this reduced space [10, 4]. We specifically investigated whether the point135

clouds corresponding to different models exhibited systematic shifts, changes in overall shape, or136

differences in density concentration. For instance, we analyzed if models with fundamentally different137

physical approximations, such as IMRPhenomXPHM (which includes a "twisting-up" precession138

formalism) and NRSur7dq4 (a numerical relativity surrogate), showed distinct, non-overlapping139

regions in the UMAP space [12], indicating significant high-dimensional disagreements.140

2.4 Physics-Informed Discrepancy Decomposition141

The core of our methodology lies in the Physics-Informed Discrepancy Decomposition [9], which142

systematically dissects the overall model disagreements and attributes them to specific physical143

effects [9] and the corresponding approximations within the waveform models [22]. This approach144

goes beyond global comparisons by focusing on physically motivated parameter subspaces [9].145

2.4.1 Definition of Physical Parameter Subspaces146

Based on our understanding of binary black hole physics and the known characteristics and approxi-147

mation schemes of the waveform models [21, 23, 15], we meticulously defined four distinct parameter148

subspaces. These subspaces were designed to isolate specific physical aspects of the binary merger149

that are known to be treated differently across waveform models [15]. For each subspace, we created150

subsets of the posterior data, containing only the relevant parameters.151

1. Mass & Distance Subspace: This subspace includes (mass_1_source, mass_2_source,152

redshift). These parameters are fundamental to the overall amplitude and frequency153

evolution of the gravitational-wave signal. Discrepancies in this subspace can often be154

attributed to differences in the leading-order inspiral dynamics or the calibration against155

astrophysical priors.156

2. Effective Spin Subspace: Comprising (chi_eff , chi_p), this subspace captures the domi-157

nant, orbit-averaged effects of spin. chi_eff primarily influences the inspiral rate, while158

chi_p quantifies the strength of orbital plane precession. Disagreements here reflect how159

models approximate the average spin effects throughout the inspiral.160

3. Individual Spin & Orientation Subspace: This is a high-dimensional subspace consisting161

of (a_1, a_2, cos_tilt_1, cos_tilt_2, cos_theta_jn, phi_jl). These parameters describe162

the detailed magnitudes and orientations of the individual black hole spins, as well as the ori-163

entation of the binary’s orbital angular momentum relative to the line of sight. This subspace164

is particularly sensitive to the treatment of spin precession, including the full precessional165

dynamics (as in NRSur7dq4 and SEOBNRv5PHM) versus simplified "twisting-up" for-166

malisms (as in IMRPhenomXPHM and IMRPhenomTPHM). Significant discrepancies in167

this subspace directly indicate differences in how models handle the complex interplay of168

spins and orbital dynamics.169

4. Remnant Properties Subspace: This subspace includes (final_mass_source,170

final_spin). These parameters represent the predicted properties of the final black hole171

formed after the merger. They are highly sensitive to the modeling of the merger-ringdown172

phase of the waveform, as well as the accurate inclusion of higher-order waveform modes,173

which become more prominent during this phase.174

2.4.2 Quantifying Subspace-Specific Discrepancies175

For each of the four defined physical subspaces, and for every pairwise combination of the five176

waveform models, we quantified the multi-dimensional disagreement using the multi-dimensional177

Jensen-Shannon Divergence (JSD) [25, 13]. The procedure for computing multi-dimensional JSD for178

a given subspace between two models (e.g., Model A and Model B) was as follows:179

1. The posterior samples for the parameters within the specific subspace were extracted for180

both Model A and Model B.181
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2. A multi-dimensional Kernel Density Estimator (KDE) was employed to estimate the joint182

PDF for each model’s samples within that subspace. This involves estimating the probability183

density across the entire multi-dimensional space spanned by the subspace parameters.184

3. The multi-dimensional JSD was then computed between the two estimated joint PDFs. This185

metric provides a single scalar value quantifying the overall divergence of the two models’186

posterior distributions within that specific physical subspace.187

This process resulted in four separate 5x5 discrepancy matrices [28], one for each physical subspace.188

Each matrix element represented the multi-dimensional JSD [1, 6] between a pair of models within189

that particular subspace, thereby providing a targeted measure of disagreement.190

2.4.3 Correlation of Discrepancies with Model Physics191

The resulting discrepancy matrices from the physics-informed decomposition were critically analyzed192

to establish direct links between the magnitude of the observed discrepancies and the known physical193

differences in the underlying waveform models.194

For instance, we specifically compared the JSD values in the ’Individual Spin & Orientation’ matrix195

with those in the ’Mass & Distance’ matrix. We hypothesized that models with fundamentally196

different treatments of spin precession (e.g., IMRPhenomXPHM versus NRSur7dq4) would exhibit197

significantly larger JSD values in the highly sensitive spin and orientation subspace compared to the198

more universally agreed-upon mass and distance subspace. Similarly, we examined the ’Remnant199

Properties’ discrepancy matrix, anticipating that models incorporating a more complete treatment200

of higher-order modes (such as SEOBNRv5PHM and IMRPhenomXPHM) would show greater201

consistency among themselves, while displaying larger divergences with models that have a less202

comprehensive representation of the merger-ringdown phase, like IMRPhenomXO4a. This systematic203

correlation allowed us to attribute discrepancies to specific physical approximations within the models,204

moving beyond mere observation of disagreement to understanding its underlying causes.205

2.5 Robust Astrophysical Inference206

The final stage of our analysis involved synthesizing the findings from the exploratory data analysis,207

high-dimensional embedding, and physics-informed decomposition to derive robust astrophysical208

constraints for GW231123 [33, 5, 27].209

2.5.1 Identification of Robustly Constrained Parameters210

A key objective was to identify which astrophysical parameters for GW231123 are robustly con-211

strained across all five waveform models, meaning their inferred posterior distributions show high212

consistency regardless of the model choice [2, 3]. A parameter was deemed "robust" if the maximum213

pairwise Jensen-Shannon Divergence (JSD) and 1-Wasserstein distance values among all model pairs214

(as calculated in Section 2.2) fell below a pre-defined threshold (e.g., JSD < 0.01). Furthermore,215

strong overlap in the medians and 90% credible intervals across all models, as observed in the216

summary statistics, served as an additional indicator of robustness [2].217

2.5.2 Identification of Model-Dependent Parameters218

Conversely, parameters that failed to meet the robustness criteria were classified as "model-219

dependent." For these parameters, the systematic uncertainties introduced by waveform model220

choice were found to be significant. Crucially, our Physics-Informed Discrepancy Decomposition221

(Section 4.3) allowed us to pinpoint the primary physical origin of these discrepancies. For example,222

if chi_p was identified as model-dependent, the analysis would then attribute this discrepancy to223

differing treatments of spin precession between phenomenological and NR-calibrated models, based224

on the high JSD values observed in the ’Individual Spin & Orientation’ subspace.225

2.5.3 Derivation of Consensus Astrophysical Constraints226

For those parameters identified as robustly constrained, we derived a final consensus measurement227

for GW231123 [7]. This was achieved by combining the posterior samples for that specific parameter228

from all five waveform models into a single, aggregated dataset. From this combined distribution, the229
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final consensus median and 90% credible interval were computed, representing our most reliable,230

model-agnostic measurement for that property of the binary black hole system [7].231

2.5.4 Final Results Compilation232

The comprehensive findings were compiled into a final summary table. This table explicitly listed all233

key astrophysical parameters of GW231123. For each parameter, it provided the derived consensus234

median and 90% credible interval if the parameter was deemed robust.235

If a parameter was classified as model-dependent, the table reported the range of medians observed236

across the different models instead of a single consensus value, clearly marking it as such. An237

additional column provided a concise statement on whether the parameter constraint was ’Robust’ or238

’Model-Dependent’, along with a brief, physics-informed note explaining the origin of any significant239

model dependency, directly linking back to the insights gained from the discrepancy decomposition.240

This structured presentation allowed for a clear and interpretable assessment of the astrophysical241

inferences for GW231123.242

3 Results243

3.1 Baseline comparison: Significant divergence in key physical parameters244

Our initial exploratory data analysis, utilizing summary statistics and pairwise statistical divergence245

metrics as outlined in Section 2.2, immediately revealed substantial disagreements among the five246

waveform models regarding the inferred astrophysical parameters for GW231123. As summarized in247

Table 1 and visually presented through one-dimensional marginal posterior distributions in Figure 1,248

key source parameters exhibit significant model-dependent variations.249

The most pronounced discrepancy, evident in both Table 1 and Figure 1, is observed in the component250

masses, particularly for mass_2_source. While NRSur7dq4, SEOBNRv5PHM, and IMRPhe-251

nomTPHM infer a relatively symmetric binary system with mass_2_source medians ranging from252

110.04M⊙ to 111.10M⊙, IMRPhenomXO4a predicts a significantly more asymmetric configuration,253

with a median mass_2_source of only 55.08M⊙. IMRPhenomXPHM also infers a lower secondary254

mass (93.33M⊙) compared to the first group, further highlighting model-dependent variations. This255

fundamental disagreement in the mass ratio propagates to other inferred parameters, such as the256

effective inspiral spin parameter (chi_eff) and redshift.257

For chi_eff, the inferred median values span a considerable range, from a near-zero value of 0.04 for258

IMRPhenomXPHM to a significantly positive 0.44 for SEOBNRv5PHM and IMRPhenomTPHM, as259

shown in Table 1 and visually confirmed by the distinct posterior peaks in Figure 1. Such a wide range260

has profound implications for understanding the astrophysical formation channels of GW231123, as261

chi_eff is a key indicator of the binary’s spin alignment with the orbital angular momentum. In262

contrast, the precessing spin parameter (chi_p) shows a comparatively smaller spread in median263

values (from 0.73 to 0.82), suggesting that while the magnitude of precession is consistently inferred264

to be high, its detailed influence on other parameters varies.265

These disagreements are quantitatively supported by the pairwise Jensen-Shannon Divergence (JSD)266

and 1-Wasserstein distance metrics, calculated as described in Section 2.2. For instance, JSD values267

between certain model pairs for mass_2_source and redshift frequently exceed 0.6, indicating268

near-complete non-overlap of the 1D marginal posterior distributions, as is clearly visible in Figure269

1. For redshift, IMRPhenomXPHM consistently places the source at a much closer distance270

(median 0.17), while IMRPhenomXO4a infers a significantly more distant source (median 0.58),271

with other models falling in between. This initial assessment underscores that the choice of waveform272

model introduces substantial systematic uncertainties that cannot be overlooked in astrophysical273

interpretations.274

3.2 High-dimensional degeneracy and model clustering275

To gain a more comprehensive understanding of how the waveform models populate the full,276

high-dimensional parameter space, we employed Uniform Manifold Approximation and Projection277

(UMAP), as detailed in Section 2.3. The 2D UMAP embeddings, generated from the 13-dimensional278
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parameter space and shown in Figure 2 and Figure 3, provide a powerful visualization of the complex279

degeneracies and discrepancies.280

The UMAP projection, as depicted in Figure 2 and Figure 3, clearly reveals a structured separation281

of the models into distinct clusters. This indicates that the discrepancies are not merely isolated to282

individual parameters but are inherent to the correlated, high-dimensional posterior distributions. The283

models coalesce into three primary groups:284

1. A Core Cluster: Comprising NRSur7dq4, SEOBNRv5PHM, and IMRPhenomTPHM.285

These models occupy a contiguous region in the UMAP embedding, suggesting a higher286

degree of consistency in their high-dimensional parameter inferences.287

2. An Isolated Cluster (IMRPhenomXO4a): This model forms a distinct, separate cluster,288

indicating significant divergence from all other models in the overall parameter space.289

3. A Second Isolated Cluster (IMRPhenomXPHM): This model also forms a unique cluster,290

located in a region of the UMAP space far from the other models.291

Table 2 provides the UMAP centroid coordinates for each model, quantitatively illustrating their292

separation in the learned low-dimensional manifold. IMRPhenomXPHM is positioned at UMAP_1293

≈ −3.86, while IMRPhenomXO4a is at UMAP_1 ≈ 11.42, confirming their extreme separation from294

the core cluster which is centered around UMAP_1 values closer to 0− 3.295

This clustering is physically meaningful. The two most separated models, IMRPhenomXO4a and296

IMRPhenomXPHM, are both frequency-domain phenomenological models, but they incorporate297

different physical approximations, particularly in their treatment of higher-order modes and spin298

precession. For instance, IMRPhenomXPHM employs a "twisting-up" formalism for precession,299

which differs from the more complete dynamical evolution captured by numerical relativity (NR)300

surrogates like NRSur7dq4 and effective-one-body (EOB) models like SEOBNRv5PHM. The relative301

agreement within the core cluster suggests that for a high-mass, potentially precessing system like302

GW231123, the NR-calibrated and EOB-based time-domain models, along with the time-domain303

phenomenological model IMRPhenomTPHM, provide more consistent descriptions of the underlying304

physical dynamics. The UMAP analysis thus serves as a powerful diagnostic tool, demonstrating that305

waveform model choice fundamentally alters the inferred parameter space for GW231123.306

3.3 Physics-informed discrepancy decomposition307

To link high-dimensional disagreements to physical effects and approximations, we performed a308

physics-informed discrepancy decomposition (Section 2.4). Multi-dimensional Jensen-Shannon309

Divergence (JSD) was quantified between model pairs in four parameter subspaces: Mass & Distance,310

Effective Spin, Individual Spin & Orientation, and Remnant Properties, with results shown in Figure311

4.312

3.3.1 Mass & distance subspace313

Parameters mass_1_source, mass_2_source, and redshift show very high JSD values (often314

> 0.6), confirming strong model disagreement on intrinsic masses and source distance (Figure315

4, top-left). Degeneracies with spin and orientation drive large shifts, showing even basic source316

properties are not robust without modeling systematics.317

3.3.2 Effective spin subspace318

Effective spin parameters (chi_eff, chi_p) also show large discrepancies (Figure 4, top-right).319

IMRPhenomXPHM vs. IMRPhenomTPHM diverge strongly (JSD = 0.636), reflecting different320

spin-orbit treatments. By contrast, SEOBNRv5PHM and IMRPhenomTPHM agree well (JSD =321

0.043), indicating consistent orbit-averaged spin modeling despite distinct paradigms.322

3.3.3 Individual spin & orientation subspace323

The 6-D space (a1, a2, cos_tilt_1, cos_tilt_2, cos_theta_jn, phi_jl) shows the strongest324

disagreements, with many JSD values near the 0.693 maximum (Figure 4, bottom-left). This reflects325

model-dependent spin-precession treatments: simplified "twisting-up" models (IMRPhenomXPHM,326
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IMRPhenomXO4a) yield different posteriors than fully dynamical precession models (NRSur7dq4,327

SEOBNRv5PHM), making spin configuration highly uncertain.328

3.3.4 Remnant properties subspace329

Final black hole properties (final_mass_source, final_spin) are also model-dependent (Figure330

4, bottom-right). IMRPhenomXPHM predicts lower final spin (median 0.71) than others (0.81–0.89,331

Table 1), reflecting differences in merger-ringdown modeling and numerical relativity calibration.332

Inclusion of higher-order modes is critical. SEOBNRv5PHM and IMRPhenomTPHM again agree333

well (JSD = 0.051).334

3.4 Robust astrophysical inference for GW231123335

Combining all analyses, robustness was defined (Section 2.5) as pairwise JSD < 0.05 and median336

spread < 10%. Table 3 shows that no parameter for GW231123 is robust; model differences prevent337

consensus.338

For high-mass, precessing BBHs like GW231123, short merger–ringdown–dominated signals mean339

waveform-choice systematics match or exceed statistical errors. Wide spreads—mass_2_source340

55.1–111.1,M⊙, chi_eff 0.04–0.44—make distinguishing formation channels impossible without341

systematic treatment. For GW231123, waveform choice dominates interpretation, precluding firm342

astrophysical conclusions.343

4 Conclusions344

4.1 Problem Statement and Our Approach345

Astrophysical interpretation of GW events, especially complex BBH mergers like GW231123, is346

hindered by model-dependent biases from approximate waveform models. These models trade347

physical fidelity for efficiency, introducing systematic uncertainties larger than statistical errors.348

This paper addressed the issue with a physics-informed framework that decomposes and attributes349

discrepancies among waveform models, quantifying multi-dimensional divergences in parameter350

subspaces to link model differences to specific physical approximations.351

4.2 Summary of Findings352

Our comprehensive analysis of GW231123, utilizing five distinct waveform models (NRSur7dq4,353

IMRPhenomXO4a, SEOBNRv5PHM, IMRPhenomXPHM, IMRPhenomTPHM), yielded several354

key findings:355

1. Significant Baseline Disagreements: Initial exploratory data analysis revealed substantial356

discrepancies in 1D marginal posterior distributions for key astrophysical parameters, most357

notably for component masses (especially mass_2_source), effective inspiral spin (chi_eff),358

and redshift. The Jensen-Shannon Divergence (JSD) and 1-Wasserstein distance metrics359

frequently indicated near-complete non-overlap between certain model pairs.360

2. High-Dimensional Model Clustering: Uniform Manifold Approximation and Projec-361

tion (UMAP) confirmed that these discrepancies are not isolated but permeate the high-362

dimensional parameter space. The UMAP embedding clearly separated the models into363

distinct clusters, with NRSur7dq4, SEOBNRv5PHM, and IMRPhenomTPHM forming364

a core cluster, while IMRPhenomXO4a and IMRPhenomXPHM occupied significantly365

isolated regions. This clustering directly reflects fundamental differences in how these366

models describe the underlying physical dynamics of GW231123.367

3. Physics-Informed Discrepancy Attribution: Our core Physics-Informed Discrepancy368

Decomposition successfully attributed these model differences to specific physical approxi-369

mations:370

• The Mass & Distance subspace showed high JSD values, indicating that even funda-371

mental source properties like masses and redshift are strongly degenerate with and372

sensitive to the overall waveform modeling.373
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• The Effective Spin subspace exhibited substantial disagreements, particularly between374

IMRPhenomXPHM and IMRPhenomTPHM, highlighting differing treatments of spin-375

orbit coupling.376

• The Individual Spin & Orientation subspace revealed the most severe model depen-377

dence, with JSD values approaching maximum divergence. This is a direct consequence378

of the varying formalisms for spin precession (e.g., full dynamical precession versus379

simplified "twisting-up" approximations) employed by the models.380

• The Remnant Properties subspace also showed significant model dependence, sensitive381

to the modeling of the merger-ringdown phase and the inclusion of higher-order382

waveform modes, which are crucial for accurately predicting the final black hole’s383

mass and spin.384

4. Lack of Robust Constraints: Crucially, our analysis concluded that no key astrophysical385

parameter for GW231123 is robustly constrained across all five waveform models. The sys-386

tematic uncertainties introduced by waveform model choice consistently exceeded statistical387

uncertainties for this event.388

4.3 Implications for Astrophysical Inference389

This work shows that for high-mass, potentially precessing binary black hole mergers like GW231123,390

the waveform model choice is not minor but central to interpretation. Inferred values of component391

masses, effective spin, and redshift vary widely, affecting conclusions about the source’s nature and392

history. For example, the mass ratio spread (mass_2_source from 55.1,M⊙ to 111.1,M⊙) can lead393

to very different origin scenarios.394

Our decomposition clarifies that spin precession treatment and merger-ringdown modeling drive these395

model-dependent biases. This highlights the need for waveform models that capture spin precession396

and higher-order modes. Reliable astrophysical inference will require either consistent models397

across key parameter spaces or systematic uncertainty methods that account for model discrepancies.398

Without this, conclusions about extreme GW events remain uncertain.399
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B Supplementary Tables617

Table 1: Summary of Inferred Parameters for GW231123
Parameter Model Median 5th Percentile 95th Percentile
mass_1_source NRSur7dq4 129.14 115.15 143.86

IMRPhenomXO4a 143.18 128.70 167.47
SEOBNRv5PHM 133.69 119.69 152.28

IMRPhenomXPHM 149.87 138.24 162.34
IMRPhenomTPHM 133.37 121.44 150.75

mass_2_source NRSur7dq4 110.62 93.47 124.36
IMRPhenomXO4a 55.08 37.48 65.93
SEOBNRv5PHM 111.10 91.61 127.56

IMRPhenomXPHM 93.33 73.44 111.44
IMRPhenomTPHM 110.04 95.16 125.21

chi_eff NRSur7dq4 0.23 -0.12 0.48
IMRPhenomXO4a 0.30 0.15 0.50
SEOBNRv5PHM 0.44 0.21 0.63

IMRPhenomXPHM 0.04 -0.17 0.19
IMRPhenomTPHM 0.44 0.27 0.58

chi_p NRSur7dq4 0.78 0.59 0.95
IMRPhenomXO4a 0.82 0.71 0.92
SEOBNRv5PHM 0.73 0.52 0.91

IMRPhenomXPHM 0.75 0.51 0.94
IMRPhenomTPHM 0.77 0.58 0.91

redshift NRSur7dq4 0.29 0.15 0.52
IMRPhenomXO4a 0.58 0.38 0.74
SEOBNRv5PHM 0.39 0.23 0.57

IMRPhenomXPHM 0.17 0.12 0.23
IMRPhenomTPHM 0.47 0.31 0.62

final_spin NRSur7dq4 0.81 0.67 0.87
IMRPhenomXO4a 0.85 0.78 0.90
SEOBNRv5PHM 0.87 0.81 0.92

IMRPhenomXPHM 0.71 0.61 0.77
IMRPhenomTPHM 0.89 0.84 0.92

Table 2: UMAP Cluster Centroids for Each Model

Model UMAP_1 UMAP_2
IMRPhenomTPHM 3.46 5.69
IMRPhenomXO4a 11.42 6.74
IMRPhenomXPHM -3.86 -2.20
NRSur7dq4 -0.33 3.18
SEOBNRv5PHM 2.90 3.08

Table 3: Final Astrophysical Inference Summary for GW231123
Parameter Status Consensus Value / Range Physical Discrepancy Source
mass_1_source Model-Dependent 129.1 - 149.9 M⊙ (Range) Discrepancy linked to ’Mass & Distance’ subspace, degenerate with spin/orientation.
mass_2_source Model-Dependent 55.1 - 111.1 M⊙ (Range) Discrepancy linked to ’Mass & Distance’ subspace, strong sensitivity to mass ratio.
chi_eff Model-Dependent 0.04− 0.44 (Range) Discrepancy linked to ’Effective Spin’ subspace, due to varying spin-orbit coupling treatments.
chi_p Model-Dependent 0.73− 0.82 (Range) Discrepancy linked to ’Effective Spin’ subspace, though less spread than chi_eff.
redshift Model-Dependent 0.17− 0.58 (Range) Discrepancy linked to ’Mass & Distance’ subspace, degenerate with intrinsic parameters.
final_mass_source Model-Dependent 189.7 - 232.7 M⊙ (Range) Discrepancy linked to ’Remnant Properties’ subspace, sensitive to merger-ringdown modeling.
final_spin Model-Dependent 0.71− 0.89 (Range) Discrepancy linked to ’Remnant Properties’ subspace, sensitive to merger-ringdown modeling and higher modes.

C Supplementary Figures618
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Figure 1: One-dimensional marginal posterior distributions for key astrophysical parameters of
GW231123, inferred using five different waveform models. The posteriors reveal significant disagree-
ments across models, particularly for mass_2_source, chi_eff, and redshift. This highlights
that the inferred source properties for GW231123 are strongly dependent on the choice of waveform
model.
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Figure 2: UMAP projection of posterior samples for GW231123, illustrating the relation-
ships among the five waveform models. Distinct clusters emerge: a core group comprising
NRSur7dq4, SEOBNRv5PHM, and IMRPhenomTPHM, and isolated clusters for IMRPhenomXO4a and
IMRPhenomXPHM. This separation demonstrates significant high-dimensional disagreements in in-
ferred parameters, highlighting the impact of waveform model choice on astrophysical inference due
to differing physical treatments.
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Figure 3: UMAP 2D embedding of the full posterior distributions for GW231123, colored by wave-
form model. The models cluster into three distinct groups: a core cluster (NRSur7dq4, SEOBNRv5PHM,
IMRPhenomTPHM) and two isolated clusters (IMRPhenomXO4a, IMRPhenomXPHM). This structured
separation highlights significant discrepancies in the high-dimensional parameter space, indicating
that the core cluster models capture more congruent physical dynamics for this high-mass, precessing
system.
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Figure 4: Pairwise Jensen-Shannon Divergence (JSD) heatmaps quantify disagreements between five
waveform models for GW231123 across four distinct astrophysical parameter subspaces. Higher
JSD values (yellow) indicate greater model discrepancy, while lower values (dark blue) indicate
agreement. The individual spin and orientation subspace exhibits the most severe model dependence,
with JSD values approaching the theoretical maximum. Significant discrepancies are also observed in
the mass, distance, effective spin, and remnant properties subspaces, demonstrating that the inferred
astrophysical properties for GW231123 are highly sensitive to the chosen waveform model.
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