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Reply to Reviewers5

The authors sincerely thank the Reviewers for their comprehensive and insightful exami-6

nation of the submitted manuscript. We appreciate the rigour with which the Reviewers7

identified fundamental conceptual and methodological challenges. Addressing these points8

has significantly enhanced the scientific quality and consistency of our research.9

In response to the suggested major revisions, the manuscript has been substantially re-10

structured. All corrections and additions are highlighted in purple for reviewer A and11

blue for reviewer D in the track-changes version of the manuscript. A clean version of12

the manuscript is also provided for better readability. Below, we provide a point-by-point13

response to each of the technical issues raised during the review process.14

Reply to Reviewer A - Anonymous:15

1. Ill-posed Latent Space Factorization:16

The proposed split of the latent space into (zxy, zxx) and (zxy, zyy) (Eqs.17

(3)–(9)) lacks a mathematically enforceable disentanglement criterion. No mu-18

tual information minimization (e.g., LMI = I(zxy; zxx)) or orthogonality regu-19

larization (e.g., z⊤xyzxx = 0) is imposed. As a result, identifiability is not guar-20

anteed, and latent leakage between common and specific subspaces is inevitable.21

This undermines the claimed interpretability and one-to-many mapping abil-22

ity.23

We would like to thank Reviewer#1 to taking the time to review our manuscript. While24

our architecture decomposes the latent space into common (zxy) and specific (zxx, zyy)25

components, we acknowledge that explicit disentanglement constraints—such as mutual26

information minimization—were not incorporated into the initial objective. Rather, dis-27

entanglement emerges empirically from the distinct spectral structure of the input data.28

The common component is governed by the low-frequency physics-based simulation x29

([0–1] Hz), while zyy captures the high-frequency stochastic residuals ([1–30] Hz) required30

to reconstruct the broadband signal y. To contain latent leakage, we employ the Hyper-31

Spherical Loss (HSL, Eq. 17). By minimizing the angular divergence between real and32

synthesized features on the hypersphere, HSL prevents the magnitude-driven gradient col-33

lapse common in seismic time-series and ensures that specific latent vectors capture the34

directional (phase-based) divergence required for high-frequency synthesis, rather than35

redundant low-frequency information already present in the common manifold. During36

training of the dual-branch encoder, we observed a “latent nullification” phenomenon37

in the zxx branch. Since x contains no high-frequency residuals specific to the common38

wave field, the optimizer naturally drives the information content of zxx toward a near-39

zero manifold to minimize redundancy. This self-organizing behaviour reveals that the40

network identifies the ill-posed nature of a “specific” physics branch and contracts it,41
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thereby achieving a clean factorization between the deterministic common manifold and42

the stochastic specific branch. We updated Section 7.1 to include the justification for43

the ill-posed latent space factorization.44

The dual branch encoder will adopt the behavoir to therefore make the information45

mutual between x and y in the common branch to be the same. In other word we expected46

that (x, zxy) ∼ (y, zyx). This simlarity is presented in the Figure 7(b), demonstrating47

the ability of the encoder to capture common information. In addtition to that ALICE48

framework will force the common part to be Gaussian. During the training we have teste49

this by peforming the Kolmogorov-Smirov test to evaluate this probability of assumtion.50

2. Absence of Physics-informed Constraints :51

The mapping from physics-based signals x to broadband signals y completely52

ignores known physical operators (Green’s functions, transfer functions) that53

could serve as inductive biases. The network minimizes purely data-driven54

losses, risking spurious spectral hallucination. A physically constrained term55

such as56

∥F(x)− PF(y)∥22
(where P is a physics transfer operator) is necessary to ensure physical con-57

sistency.58

We appreciate the Reviewer’s emphasis on physical consistency. We agree that a purely59

data driven approach risks spectral hallucination. However, we would like to clarify that60

our framework incorporate a surrogate physics operator that is functionally equivalent to61

the constraint suggested by the reviewers.62

In the context of this super-resolution task, the “physical transfer operator” P is defined as63

the transformation that relates the broadband manifold to the filtered physical manifold.64

Our architecture enforces this through the two specific mechanism65

i. Cross Domain Consistency (Eq 20): the term Lx
rechyb specifically penalizes the66

discrepancy :67

Lx
rechyb = HSL(x, Gx(F

xy
xy (y)) + FFL(x, Gx(F

xy
xy (y)) (1)

This operation forces the model to take a broadband signal y and reconstruct the68

original physical simulation x. By requiring that Gx(Fxy(y)) ≈ x, we impose a69

structural constraint where the generator must extract a low-frequency backbone70

that is strictly identifiable as a physically valid solution. This prevents the network71

from “hallucinating” high frequencies that would contradict the underlying seismic72

wave propagation physics.73

ii. Focal Frequency Loss (FFL): As suggested by the Reviewer’s term ∥F(x) −74

PF(y)∥22, our use of FFL (Eq. 16) operates directly in the Fourier domain. By penal-75

izing spectral misalignments between the generated and target manifolds, FFL acts76

as a frequency-domain “governor” that ensures the synthesized broadband signal77

remains anchored to the low-frequency physical backbone provided by the SEM3D78

simulation.79
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We have updated Section 4.1 and Section 7 (Discussion) to explicitly define the cross-80

reconstruction path as a learned physical inductive bias. This ensures that the generated81

signals are not mere data-driven interpolations but are conditioned on a consistent physical82

operator.83

3. Spectral Misalignment and Aliasing:84

Section 6.3 admits persistent low-frequency misalignment. Yet, the architec-85

ture uses fixed stride-2 convolutions and interpolative upsampling, which are86

known to induce aliasing in the Fourier domain. There is no enforcement of87

spectral support constraints (e.g., low-pass filtering before downsampling or88

anti-aliasing layers), causing energy leakage across bands and rendering any89

broadband reconstruction physically unreliable.90

We thank the Reviewer for this rigorous assessment of the spectral integrity of our model.91

We acknowledge that the use of strided convolutions and interpolative upsampling can the-92

oretically induce aliasing and energy leakage. However, we have implemented two primary93

mechanisms to mitigate these effects and ensure the physical reliability of the broadband94

reconstruction:95

i. Focal Frequency Loss (FFL) as an Anti-Aliasing Constraint: While our96

architecture utilizes standard upsampling modules, our objective function is con-97

strained by the Focal Frequency Loss (FFL, Eq. 16). Unlike standard time-domain98

losses, FFL operates directly in the Fourier domain and specifically penalizes dis-99

crepancies in the high-frequency components and spectral ”spikes” associated with100

aliasing artifacts. Effectively, FFL acts as a differentiable spectral governor that101

forces the Generator to produce smooth, alias-free reconstructions that match the102

target seismic spectrum. This prevents the “hallucination” of energy across band103

boundaries.104

ii. Spectral Normalization (SN): By applying Spectral Normalization (Eq. 21)105

across all convolutional layers, we enforce Lipschitz continuity. This restricts the106

maximum frequency response of the learned kernels, naturally acting as a low-pass107

regularizer that suppresses the high-frequency “checkerboard” artifacts typically as-108

sociated with strided and transposed convolutions.109

iii. Clarification on Low-Frequency Discrepancy (Section 6.3): The reviewer110

correctly identifies a sub-0.5 Hz discrepancy. We wish to clarify that this is not a111

failure of the generative architecture but an inherent numerical limitation of112

the STEAD dataset. As analyzed in Section 6.3 and Figure 8, the raw seismic113

records often exhibit a lack of coherent energy below 0.5 Hz due to instrument114

response and baseline noise characteristics. We have updated the manuscript to115

frame this not as a “misalignment”, but as a domain of “data intractability” where116

the generative process is naturally limited by the signal-to-noise ratio of the training117

samples.118

We have expanded Section 6.3 to include a discussion on how FFL and SN combine119

to provide a robust anti-aliasing inductive bias, ensuring that the synthesized broadband120

content remains physically consistent with the target spectral support. In addition to121
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that, our architecture departs from standard CNN-based super-resolution by integrating122

Multi-Head Self-Attention (MHSA) via the Conformer blocks. We argue that this pro-123

vides a robust defense against spectral folding and energy leakage through the following124

mechanisms:125

i. Global Temporal Consistency: Unlike 1D-CNNs, which possess a limited local126

receptive field, the MHSA mechanism in the Conformer evaluates long-range depen-127

dencies across the entire 4096-step window. This global context allows the model128

to identify and suppress local aliasing artifacts (such as high-frequency “checker-129

board” noise) that are statistically inconsistent with the global temporal evolution130

of a seismic wave field.131

ii. Signal-Dependent Dynamic Filtering: The Attention weights in our Conformer132

blocks act as a dynamic, data-driven filter. While fixed convolutional kernels can133

blindly propagate aliased frequencies, the MHSA mechanism can effectively “down-134

weight” features that do not correlate with the physical phase-velocity character-135

istics of the earthquake signal. This ensures that the energy remains concentrated136

within the physically valid spectral support.137

By combining the local feature extraction of Residual Blocks with the global “sanity138

check” of Conformer-based Attention, the model effectively mitigates energy leakage139

across bands. This results in a broadband reconstruction that is significantly more coher-140

ent and physically reliable than those produced by classical convolutional architectures.141

142

4. Improper Use of Adversarial Loss for Time Series:143

The adversarial objective (Eq. (22)) treats y and (y, z′) pairs as i.i.d samples,144

disregarding temporal autocorrelation structure. WGAN and hinge loss losses145

assume independent samples, which is violated for autocorrelated seismic se-146

quences. Temporal coherence should be enforced using sequence-level critics147

D : RT×3 → R (e.g, PatchGAN-style in time domain) or a spectral discrimi-148

nator on ∥F(y)∥ to prevent mode collapse on time correlations.149

We acknowledge the importance of preserving temporal autocorrelation in seismic se-150

quences. However, we wish to clarify that our implementation specifically addresses the151

risk of mode collapse and temporal decoherence through the ALICE framework and nu-152

merically stable loss formulations.153

i. ALICE for Joint Distribution Matching: Unlike standard GANs that operate154

only on the marginal distribution p(y), our model employs the ALICE (Adversarial155

Learning Inference with Conditional Entropy) framework. ALICE enforces match-156

ing of the joint distribution p(y, z) and q(y, z) while incorporating a conditional157

entropy constraint (reconstruction loss via FFL and HSL). This bidirectional map-158

ping ensures that every point in the latent space is uniquely and identifiably tied159

to a specific temporal sequence. This structure provides a powerful defense against160

mode collapse, as it prevents the generator from collapsing multiple autocorrelated161

sequences into a single “average” output. In addition, our framework does not rely162

on a single global critic; instead, we employ a dual-branch discriminator architecture163
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with Dxz, Dyz, and a specialized Hybrid Discriminator Dxy, as detailed in Section164

§4.2 and Eq. 15. This multi-adversarial strategy is critical for preserving sequence-165

level coherence.166

ii. Cross-Domain Correlation via Dxy: The hybrid discriminator Dxy is designed167

to evaluate the pair (x, ŷ). Unlike a marginal discriminator that treats samples inde-168

pendently, Dxy evaluates the mutual information and temporal alignment between169

the low-frequency physical input x and the generated broadband output ŷ. If the170

generated high frequencies are temporally shifted or exhibit autocorrelation struc-171

tures that contradict the physical backbone x, the discriminator rejects the sample.172

This forces the generator to maintain strict sequence-level correlation between the173

physical and stochastic domains.174

iii. Feature Consistency via Weight Sharing: As illustrated in Figure 4b, our175

discriminator does not evaluate the hybrid pair (x, ŷ) in isolation. The feature ex-176

traction branches (Dsx and Dsy) are shared across all three discriminators177

(Dxy, Dxz, and Dyz). This ensures that the temporal features (e.g., P-wave onset,178

S-wave transients, and coda envelope) used to identify realistic earthquakes is the179

same vocabulary used to judge hybrid alignment. By reusing these weights, we force180

the hybrid discriminator Dxy to be grounded in the same learned physical features181

as the individual signal critics, preventing the generator from “tricking” the model182

with i.i.d. artifacts that lack global temporal consistency.183

iv. Beyond PatchGAN:While PatchGAN-style discriminators evaluate local “patches”184

(which can lead to i.i.d. assumptions), our shared-backbone architecture evaluates185

the global sequence. The shared weights act as a powerful regularizer, ensuring that186

the gradients provided to the generator are consistent across all domains. This sta-187

bility is critical for convergence toward a Nash equilibrium without mode collapse188

on temporal correlations, as mentioned by the reviewer.189

v. Numerical Stability via BCEWithLogitsLoss: The use of BCEWithLogitsLoss190

across the dual-discriminator setup provides the numerical robustness required to191

propagate high-quality gradients. This prevents the gradient vanishing that often192

leads to mode collapse in complex, autocorrelated seismic sequences, allowing the193

attention heads in the Conformer blocks to converge on a physically valid Nash194

equilibrium.195

By employing explicit cross-entropy through reconstruction loss and a strategic dis-196

criminator architecture with dual branches and weight sharing, our workflow transcends197

simple real/fake classification. The discriminators provide probability scores grounded198

in learned physical features. The attention mechanisms employed in the discriminator199

architecture provide the final validation of this solution.200

5. Unproven Statistical Consistency of One-to-Many Mapping:201

The claimed stochastic generation via Gy(cat(Fxy(x),N (0, I))) lacks any for-202

mal evidence that p(Gy|x) = p(y|x). No likelihood maximization or divergence203

minimization (e.g. KL[pθ(y|x)∥pdata(y|x)]) is used. The model is thus not guar-204

anteed to approximate the conditional data distribution, making its probabilistic205

interpretation unsound.206
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We appreciate the Reviewer’s critical assessment of the model’s probabilistic framework.207

We would like to clarify that while our approach does not utilize an explicit likelihood208

maximization (e.g., VAE-style KL-divergence), it is built upon the ALICE framework,209

which is mathematically designed for robust conditional distribution matching.210

i. Joint Distribution Matching as Conditional Matching: In our work we mini-211

mize the divergence between the joint distribution of the real data and the generated212

samples:213

D[p(x, y)∥q(x, y)] (2)

According to Bayesian inference, if the joint distributions are matched and the214

marginal distribution is known and fixed (as is the case in our work, being the215

physical simulation), then the conditional distributions p(y|x) and q(y|x) are im-216

plicitly and identifiably matched. Thus, the adversarial training provides a formal217

mechanism for approximating the conditional data distribution without requiring218

an explicit density function. In fact, in ALICE we should perform:219

minDJS[p(x, y)∥q(x, y)] (3)

where DJS represents the Jensen-Shannon distance

DJS =
1

2
DKL

(
p ∥ p+ q

2

)
+

1

2
DKL

(
p+ q

2
∥ q

)
,

and DKL the Kullback-Liebler divergence. Moreover, by the chain rule of probability,220

we could make:221

p(x, y) = p(y|x)p(x) and q(x, y) = q(y|x)q(x) (4)

Since the marginal distribution p(x) is approximated by the empirical distribution222

over the data samples, matching p(x, y) ≃ q(x, y) is mathematically equivalent to223

matching the conditional distributions p(y|x) ≃ q(y|x). The choice of minmizing224

the Jensen-Shannon divergence implies that both the (conditional) probability dis-225

tribution converge to their average value, according to the well known GAN training226

scheme, aiming at reaching the Nash equilibrium between generator and discrimi-227

nator Goodfellow et al. [2014]. This probabilistic interpretation is a classical result228

in machine learning Goodfellow et al. [2014].229

ii. Implicit vs. Explicit Likelihood: While VAEs utilize an explicit likelihood (KL-230

divergence), GAN-based ALICE utilizes an implicit density estimator. The com-231

bination of the adversarial loss and the conditional entropy (reconstruction loss)232

ensures that the generator does not merely produce a single “average” output but233

learns the stochastic manifold of high-frequency seismic residuals. The reviewer234

correctly notes that adversarial training can lead to “uninformative” noise. To pre-235

vent this, the ALICE framework’s Lrec term explicitly enforces a conditional entropy236

constraint :237

H(z|y) ≃ 0 (5)

This equation guaranties that the latent vector z is not merely noise but is iden-238

tifiably tied to the specific physical features of the signal. This is evidenced by239

the “Variant” results in Figures 5 and 10, which demonstrate the model’s ability to240

produce multiple physically plausible realizations for a single input.241
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iii. Aleatory Uncertainty in Seismology: From a seismological perspective, the one-242

to-many mapping reflects the aleatory uncertainty inherent in high-frequency243

ground motion. Since the physical simulation x is band-limited, the high-frequency244

content is stochastically “filled in” by the generator. By sampling from the Gaussian245

latent space N (0, I), we explore the range of plausible broadband signals that are246

consistent with the underlying low-frequency physics.247

6. No Quantitative Seismological Validation:248

The paper reports only qualitative or heuristic “Goodness-of-Fit” scores. There249

is no evaluation on engineering-relevant ground motion intensity measures250

(e.g., PGA, SA(T ), Arias intensity, duration metrics), nor any statistical tests251

(e.g., two-sample KS tests on spectral ordinates). Without these, the generated252

signals cannot be trusted for seismic hazard or structural analysis.253

We thank the reviewer for this critical comment regarding the seismological trust of the254

generated signals. We have significantly expanded the quantitative validation section to255

address the engineering requirements of the ground motion.256

1. Standardization of G.O.F: We first wish to clarify that the Envelope (EG) and257

the Phase (PG) Goodness-of-Fit scores utilized in this study are not ”heuristics”.258

They are Standardized quantitative metrics based on the time-frequency misfit259

criteria established by [Kristeková et al., 2006]. These metric provide a holistic260

evaluation of the waveform of accuracy in the time-frequency plane, which is often261

more comprehensive than a single point intensity measure.262

2. Engineering Validation via Spectral Residual: To address the demand for263

engineering-relevant intensity, we have performed a Mean Log-Residual analysis264

of 5% damped Pseudo-Spectral Acceleration (PSA). As shown in the newly added265

Figure 8 (c) (Section 6.4), we evaluate the spectral misfit acorss the test set (N =266

12800) for period T ∈ [0.02, 10] s.267

The results reveal a dual-regime performance:268

• Low-Frequency Consistency (T > 1.0 s): The mean log-residual is near-269

zero, confirming that the generator successfully honors the deterministic physics-270

based backbone.271

• High-Frequency Stochastic Refinement (T < 0.1 s): We observe a sys-272

tematic overestimation (bias≈ 1.0 log-unit). This ”spectral bloom” is an honest273

manifestation of the challenges associated with unconditional stochastic syn-274

thesis and aliasing artifacts. By identifying this bias, we provide a transparent275

assessment of the model’s current conservative limits in the high-frequency276

range.277

We have integrated these quantitative benchmarks into Section 6.4 and updated the278

Discussion to emphasize that the model acts as a ”physics-anchored stochastic synthe-279

sizer,” providing a rigorous foundation for future seismic hazard and structural analysis.280
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7. Training Objective Inconsistency:281

The joint loss (Eq. 19) linearly combines adversarial, reconstruction, and282

phase losses without normalization or uncertaintiy weighting. The scales of283

Ladv, Lrec and LEQ differ by ordered of magnitude, leading to unstable gradietn284

dynamics. There is no evidence of Pareto front analysis or dynamic weighting285

(e.g. λi ∝ 1/σ2, making convergence to Nash Equilibrium highly doubtful.286

We thank the reviewer for this insightful comment on multi-objective optimization. We287

acknowledge that the loss terms Ladv, Lrec, and LEQ operate at different numerical scales.288

However, we wish to clarify that the weighting parameters (λadv = 1, λrec = 10, and λEQ =289

0.1) were not chosen arbitrarily but rather derived from a heuristic gradient balancing290

procedure conducted during the hyperparameter search phase.291

i. Gradient Magnitude Alignment: The weighting coefficients (λrec = 10 and292

λEQ = 0.1) were determined via empirical hyperparameter tuning specifically de-293

signed to achieve gradient magnitude parity. Although the absolute loss scales dif-294

fer, the weights ensure that the backpropagated gradients ∇θLi maintain similar ℓ2-295

norms, that is, E [∥∇θLi∥2] across objectives. This prevents the “gradient vanishing”296

or “dominance” phenomena that typically manifest as multi-objective optimization297

conflicts, as discussed in Section §3.1.298

ii. Structural Stabilization via Spectral Normalization (SN): To mitigate in-299

stability in the gradient dynamics without resorting to complex dynamic weighting300

schemes (e.g., Pareto front analysis), we employ Spectral Normalization across both301

the generator and discriminator networks. Spectral Normalization enforces a global302

Lipschitz constraint on the network, which normalizes the gradient flow indepen-303

dently of the loss function scales. This structural constraint provides the numerical304

stability required to achieve a stable Nash Equilibrium, as evidenced by the smooth305

convergence curves shown in Figure 12.306

iii. Precedent in State-of-the-Art Methods: The use of fixed-weight linear com-307

binations is well established in complex generative frameworks when objectives are308

complementary rather than strictly adversarial. For instance, CMGAN [Abdulatif309

et al., 2022] successfully employs similar static weighting to stabilize time-series310

synthesis. By maintaining fixed weights, we avoid the additional hyperparameters311

and instabilities often introduced by dynamic weighting schemes (e.g., GradNorm312

or WGAN-GP), which can disrupt Nash Equilibrium in high-dimensional manifolds.313

iv. Empirical Evidence of Convergence: The training stability is demonstrated by314

the loss curves in Figure 12 and the statistical consistency achieved across the 12,800315

test samples (Figure 6). The absence of mode collapse (see Figures A.3 and A.4)316

and divergent oscillations confirms that our gradient balancing approach successfully317

navigates the Pareto front, achieving stable Nash Equilibrium without requiring a318

dynamic λi ∝ 1/σ2
i formulation.319

We have further clarified the rationale for these specific weights in Section 4.5, emphasizing320

that the coefficients were tuned to balance the influence of the physical and adversarial321

constraints on the shared encoder-decoder parameters.322
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8. Latent Distribution Assumption Violations: The assumption that323

the latent z ∼ N (0, I) is unverified. No posterior (e.g., KL(q(z|x)∥N (0, I)))324

as in VAE is included. Adversarial ALI does not by itself enforce marginal325

Gaussianity, risking mode collapse and degeneracy of latent space geometry,326

which directly breacks the claimed ”Gaussian manifold” structure.327

We thank the reviewer for this deep dive into the latent space topology. We acknowelge328

that our framework does not utilize an explicit posterior regularization term, such as329

the KL-divergence found in the Variational Autoencoders (VAEs). However, we argue330

that Marginal Gaussinity is a mathématical necessity of the Joint Distribution Matching331

objective used in the ALICE framework.332

i. Mathematical proof of marginal consitency: In the ALICE/BiGAN frame-333

work, the discriminator D is trained to distinguish between the joint distributions334

q(x, z) = q(z|x)pdata(x) p(x, y) = p(x|z)pprior(z) (6)

it is a well-established prood in adversarial inference [Dumoulin et al., 2017, Don-335

ahue et al., 2017] that if the discriminator reached its optimal state and the joint336

distribution are matched (q(x, z) = p(x, z), then the marginal distribution must also337

match :338 ∫
q(x, z)dx =

∫
p(x, z)dx ⇒ q(z) = pprior(z) (7)

Since our prior pprior(z) is explicitly defined as N (0, I), the adversarial pressure339

forces the encoder Fxy(x) to project the seismic data into a manifold that mathches340

this gaussian marginal. Therefore, Gaussianity is not an ”unified assumption” but a341

mathematical requirement for the convergence of the Nash Equilibrium.342

ii. Empirical Verification (Unconditional Generation): The validity of the Gaus-343

sian manifold is empirically confirmed by our ability to perform unconditional344

generation (Figure A.4). If the latent space were degenerate or non-Gaussian, sam-345

pling from z ∼ N (0, I) would result in physical incoherence waveforms or ”noise”.346

As shown in Figure A.4, sampling across the Gaussian manifold produces a diverse347

and realistic range of seismic ”variants”, desmonstration that the space is both348

continuous and well-mapped to the prior.349

iii. Prevention of Mode Collapse: The Reviewer correctly identifies mode collapse350

as a risk. We mitigate this through theConditional Entropy term (the reconstruc-351

tion loss Lrec), which ensures the mapping x ↔ z is bi-directional and identifiable.352

This prevents the latent space from collapsing into a single point (mode collapse)353

because the model must retain enough information in z to reconstruct the original354

signal x.355

We have updated Section 3.2 and Appendix 5. to include this mathematical justifica-356

tion for the marginal Gaussianity of our latent space.357

9. Data-Model Scaling Pathology: The model is trained on 128, 000 3C358

signals but uses ≃ 107 parameters in discriminators alone (Fig 4b). This vi-359

olates Chinchilla scaling laws (Hoffman et al., 2022) and invites overfitting.360

No cross-station generalization test or learning curve analysis are reported, so361

generalization ton unseen or geology is unproven and likely poor.362
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We thank the reviewer for this perspective on model scaling. We respectfully disagree363

with the direct application of Chinchilla scaling laws [Hoffmann et al., 2022] to this work,364

as those laws were empirically derived for the compute-optimal training of autoregressive365

Large Language Models (LLMs).366

i. Data Density vs. Parameter Count:While the models uses≃ 107 of parameters,367

the training set consist of 128,000 three components signals, each with 4,09 time368

steps. This represents over 1.5 billion individual data points. Unlike discrete369

text tokens, seismic waveforms are high-dimensional, continuous-valued signals. A370

high parameter count in the Discriminator is necessary to support the Conformer371

architecture, which must capture complexe non-stationary temporal dependencies372

across 4, 096 steps. This is a standard architectural requirement for state-of-the art373

waveform synthesis and does not inherently imply overfitting?374

ii. Empirical Proof of Generalization (Le Teil Case Study): To address the con-375

cern regarding generalization to ”unseen geology,” we refer the Reviewer to Section376

7: Application for the Teil. This earthquake occurred in a specific geological con-377

text (southeastern France) that is significantly different from the primary tectonic378

regions represented in the global STEAD training set. The model’s ability to pro-379

duce realistic broadband response at the Cruas Nuclear Power Plant (station CRU1)380

without any fine-tuning is the ultimate empirical test of Domain Generalization.381

iii. Cross-Station Validation: Our 10% test split (N = 12, 800 signals) is com-382

posed of stations and events completely excluded from the training phase. The383

high Goodness-of-Fit (G.O.F.) scores maintained across this global test set (Figure384

6) demonstrate that the model has learned the general manifold of seismic physics385

rather than memorizing local station effects.386

We have updated Section 7 and theDiscussion to emphasize that the Le Teil application387

serves as a robust out-of-distribution (OOD) validation of the model’s ability to generalize388

to unseen faults and geological environments.389

10. Incorrect Treatment of Phase Picking Loss: The phase alignment390

penalty ∥∥22 (Eq (18.)) assumes differentiability of EQTransformer outputs391

w.r.t waveforms. However, EQTransformer uses non-differentiable postpro-392

cessing (thresholding/argmax on logits), making gradient unreliable. Backprop393

through such discrete argmax operations is undefined, rendering this constraint394

mathematically unsound and likely ineffective.395

We thank the reviewer for this comment, which raises a fundamental point regarding396

differentiability and backpropagation. However, this concern is based on a misunderstand-397

ing of how the phase alignment loss is defined and applied in our framework.398

While it is indeed correct that discrete arrival picks obtained via thresholding or399

argmax operations are non-differentiable, such operations are not involved in the compu-400

tation of the proposed phase alignment penalty. Specifically, the loss term LEQT is never401

applied to discrete phase picks or timestamps. Instead, it is formulated as an ℓ2-402

norm (mean squared error) between the continuous probability envelopes produced by403

the EQTransformer for the real waveform y and for the generated waveform ŷ.404
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Importantly, the EQTransformer architecture, following the reference implementation405

of [Woollam et al., 2022], is composed exclusively of differentiable components, including406

convolutional layers, recurrent units, and attention mechanisms. As a result, the mapping407

from the input waveform to the output probability traces is fully differentiable. Conse-408

quently, the gradient propagation from the loss to the generator parameters is mathemat-409

ically well-defined and can be written as410

∂LEQT

∂θGen

=

(
∂EQP

∂ŷ
+

∂EQS

∂ŷ
+

∂EQD

∂ŷ

)
· ∂Gy

∂θGen

, (8)

where θGen denotes the parameters of the generator.411

By design, the loss penalizes discrepancies across the full probability envelopes rather412

than relying on single discrete pick locations. This formulation deliberately avoids any413

non-differentiable post-processing steps and therefore does not suffer from the issues de-414

scribed in the reviewer’s comment. On the contrary, it provides a stable and physically415

meaningful training signal that encourages the generator to reproduce the correct tran-416

sient characteristics of P- and S-wave onsets.417

We acknowledge that this distinction may not have been sufficiently explicit in the418

original manuscript. To eliminate any possible ambiguity, we have revised Section 4.3419

to clearly state that the phase alignment loss operates on continuous EQTransformer420

probability outputs and does not involve discrete picking operations.421

Reply to Reviewer D - Anonymous:422

1. Main comment 1:423

My main comment is about the filtering adopted in this work. Since, filtering424

is not perfect and even with filtering the waveforms can still retain phase and425

amplitude related characteristics due to leakage. Aquib and Mai (2024) adopted426

an approach to remove all phase and amplitude related information beyond 1Hz427

in the frequency domain. Gatti and Clouteau (2020) did not address this. In428

your study, your approach finds a clever workaround to force the model to429

separate shared low-frequency and unique high-frequency features. However, I430

still think this might not be the full fix of filtering bias. I think a discussion431

about this in your paper will be interesting.432

We thank the Reviewer for this insightful observation regarding the limitations of tem-433

poral filtering. We acknowledge that standard Butterworth filters possess a finite roll-434

off, which—unlike the ideal ”brick-wall” Fourier masking proposed by Aquib and Mai435

[2024]—can leave residual high-frequency energy (spectral leakage) within the low-pass436

input x, We have integrated a dedicated discussion on this filtering bias in Section 8,437

summarized by the following points:438

i. Implicit separation via Latent Factorization: While [Gatti, 2017] did not ex-439

plicitly address the leakage, our framework provides a robust workaround through440

structural disentanglement. By factorizing the latent space into a deterministic com-441

mon manifold zxy and a stocastic specfic branch (zyy), the generator is forced to dif-442

ferentiate between the shared low-frequency backbone and the high-frequency inno-443

vations.This factorization effectively segregates the ”leaked” residuals from stochas-444

tic content, requiring the generator to synthetize high frequency from the Gaussian445

latent prior that merely amplifying the numerical noise from the filtered input.446
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ii. Spectral via Focal Frequency Loss (FFL): To further mitigate the risk of447

the network exploiting leaked residuals as a ”shortcut” for reconstruction we use448

the Focal Frequency Loss (FFL). This latter loss penalizes spectral misalignment.449

This act as spectral cursor, ensuring that the generated broadband content respects450

the physical transition from the deterministic backbone to the stochastic residuals,451

thereby smoothing the artifacts associated to filter bias.452

iii. Future directions: We once that Fourier-domain masking represent a more ag-453

gressive solution to ensure total spectral disjointness. However, our current results454

demonstrate that the combination of Conformer-based Attention (providing455

global temporal context) and Adversarial Inference is sufficient to produce phys-456

ically plausible broadband waveforms despite minor leakage.457

2. Main comment 2. Can the model extrapolate beyond the training region458

characteristics? I assume not, since ML models don’t perform well in untrained459

regions. If so, I would clearly state the limitations.460

The Reviewer raises a crucial point regarding the extrapolation capabilities of the model.461

While it is true that purely data-driven models are often limited to their training distri-462

bution, we argue that the SeismoALICE-v2 framework achieves a high degree of Domain463

Generalization through its hybrid architecture:464

i. Physics-Based Anchoring: The generator is not an unconstrained synthesize;465

it is explicitly conditionned on a low-frequency physic-based simulation (x) from466

SEM3D. This deterministic ”backbone” already incorporates the specific geological467

features, source mechanism, and region attenuation of the target area. the model is468

required to ”fill in” only the high-frequency stochastics residuals, which are more469

universal.470

ii. Global Training Diversity: The model was trained on the STEAD dataset, which471

is a global repository comprising over a hundred thousand records from diverse472

tectonic and geological environments worldwide. This exposure to high-variance data473

allows the network to learn a generalized manifold of seismic textures rather than474

memorizing site-specific characteristics.475

iii. Empirical Proof via Le Teil: The application to the 2019 Le Teil earthquake476

(Section 7) serves as a robust test of extrapolation. The model was successfully477

applied to a shallow intraplate event in Southeastern France—a region with distinct478

geological characteristics not over-represented in the global training set—without479

any local fine-tuning. The realistic results obtained at station CRU1 (Cruas Nuclear480

Power Plant) demonstrate the model’s ability to generalize to unseen faults and481

geologies.482

Limitations: We acknowledge that the model’s ability to extrapolate is primarily lim-483

ited by the quality of the low-frequency physical input. Furthermore, while the484

stochastic manifold generalizes well, extreme local site effects (e.g., highly non-linear soil485

response) may still require site-specific adjustments. We have clarified these boundaries486

in the Discussion (Section 8).487
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3. Main comment 3. Additionally, some discussion on how will you address488

the problem to allow for real amplitudes, rather than normalized. This might489

be your future work but better to mention in your manuscript.490

We thank the Reviewer for this suggestion regarding the restoration of physical units.491

The choice of normalized acceleration was a deliberate numerical strategy to ensure the492

stability of the adversarial training, preventing gradient saturation caused by the high493

dynamic range of seismic amplitudes. In the updated Section 8 (Discussion), we detail494

how absolute amplitudes can be restored through a post-scaling procedure using intensity495

measures derived from the physics-based backbone. Furthermore, we outline a future496

roadmap for a ”conditioned-scaling” architecture, where the generator will be trained to497

predict the absolute scale of the motion based on source magnitude (MW ) and distance498

(R) metadata.499
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Review1

Generative model to improve the physical simulation of normalized seismic2

acceleration3

Jacquet, G. & Gatti, F. & Clouteau, D.4

Reply to Reviewers (Round 2)5

The authors sincerely thank the Reviewer for their comprehensive and insightful exami-6

nation of the submitted manuscript. We appreciate the rigour with which the Reviewer7

identified fundamental conceptual and methodological challenges. Addressing these points8

has significantly enhanced the scientific quality and consistency of our research.9

In response to the suggested major revisions, the manuscript has been substantially re-10

structured. All corrections and additions are highlighted in red in the track-changes ver-11

sion of the manuscript. A clean version of the manuscript is also provided for better12

readability. Below, we provide a point-by-point response to each of the technical issues13

raised during the review process.14

Reply to Reviewer A - Anonymous:15

1. Latent Space Disentanglement Remains Empirically Asserted,16

Not Formally Verified:17

The authors invoke the “latent nullification” of zxx as evidence of clean fac-18

torization. This partially addresses the collapse of the physics-specific branch,19

but the far more consequential leakage risk, between the common subspace zxy20

and the broadband-specific subspace zyy, receives no formal treatment. If zyy21

bleeds into zxy, replacing zyy with Gaussian noise during hybrid inference will22

corrupt the common representation, producing physically inconsistent outputs.23

The t-SNE visualization in Figure 7(b) cannot rule this out, as t-SNE pre-24

serves local topology only and cannot verify distributional separability25

What is required :26

• A cross-prediction ablation: ablate zyy (set to zero or Gaussian noise)27

and report the degradation in broadband reconstruction, separated by28

frequency band (below and above 1 Hz). A factorized latent space should29

show degradation only in the high-frequency (> 1 Hz) regime.30

• A mutual information estimate between zxy and zyy via MINE, already31

cited in the manuscript, to provide a quantitative leakage bound. The32

current manuscript cites this reference but does not apply it to the task33

for which it is most naturally suited34

We thank the reviewer for pointing out the need for a more formal verification of the latent35

factorization. We have addressed this concern through a dual approach, providing both36

structural and functional evidence of disentanglement for the SeismoALICE-v2 (AdaIN37

variant, updating Figures 5 and 7):38
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(a) Cross correlation heat map. Mean absolute cor-
relation = 0.0659 (b) Spectral ensemble variability

Figure 1: Correlation and spectral variability analysis

• Structural Independence (Cross-Correlation Analysis):As a first-order check,39

we computed the cross-correlation matrix between the 128 dimensions of zxy and the40

128 dimensions of zyy over the entire test set (5,120 samples). The mean absolute41

correlation is 0.0659 (see Figure 1a), with no observable systematic patterns. While42

correlation primarily captures linear dependencies, this near-zero value indicates a43

strong orthogonal separation between the two subspaces.44

• Functional Independence (Cross-Prediction Ablation): Following the re-45

viewer’s suggestion, we conducted a formal ablation study to detect leakage. By46

fixing zxy (physics-based) and sampling 20 independent stochastic realizations of47

zyy, we demonstrate that the resulting output variability is strictly confined to48

the high-frequency regime (> 1 Hz). As shown in Figure 1b, the ensemble standard49

deviation is negligible in the deterministic band (0.1–1 Hz), proving that zyy does50

not bleed into the common representation zxy.51

• Mutual Information Estimation Challenges: We attempted to estimate the52

Mutual Information (MI) via MINE. However, estimating MI in high-dimensional53

spaces (128D) suffers from high sample complexity and variance. Given our dataset54

size, the estimator failed to reach numerical convergence, a known limitation of neu-55

ral MI estimators in high dimensions. Nevertheless, we argue that the frequency-56

selective variability (Point 2) provides a more direct and physically-grounded57

proof of disentanglement for seismic signals than a single, potentially unstable, MI58

scalar.59

2. High-Frequency Spectral Overestimation Is a Disqualifying Limitation60

for the Stated Engineering Application61

62
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The PSA residual analysis in Figure 8(c) reports a systematic spectral over-63

estimation of up to 1.0 log-unit at T < 0.1 s, corresponding to a factor of 1064

in spectral acceleration. This is not a minor numerical artifact; it is a funda-65

mental accuracy failure in precisely the frequency range most critical for the66

paper’s stated motivating application: the seismic response of nuclear power67

plants, explicitly described in the Introduction as requiring accuracy up to68

30–40 Hz. The Discussion section continues to present the model as a “down-69

stream generative pipeline” for nuclear site applications, which is scientifically70

inconsistent with the reported residuals. The proposed future directions (Spec-71

tral Gating, Anti-aliasing layers) remain entirely speculative.72

What is required :73

• The claimed application domain must be explicitly restricted to T > 0.174

s (i.e., f < 10 Hz), and all references to nuclear power plant applicability75

must be revised to reflect this limitation; or76

• A calibration procedure (e.g., spectral gating or frequency-dependent77

scaling) must be demonstrated to reduce the high-frequency bias to within78

±0.3 log-units across the full test set, with results shown in an updated79

version of Figure 8(c).80

We acknowledge the reviewer’s concern regarding the high-frequency spectral bias, which81

is indeed a critical factor for nuclear engineering applications.82

• Architecture Optimization and Calibration: In response to the constructive83

reviewers’ feedback, we have identified that while the Conformer-based architec-84

ture itself provides better globally goodness -of-fit scores, the variant incorporating85

AdaIN layers (initially presented in Table 6) is the one that guarantees a formal86

disentanglement of latent spaces. To meet the seismic engineering precision require-87

ment, we have also integrated a layer spectral calibration in the pipeline. Thereby,88

the presented results in this reviewed version reflect this optimized pipeline (AdaIN89

+ Calibration). The other aspect of the response, which is the systematic overestima-90

tion of the spectral response of the generator, is identified as a frequency-dependent91

bias. To correct this, we derived a Global Spectral Transfer Functions, Hcalib(f)92

defined as the ratio of the mean magnitude spectra of real records (E[Yreal(f)]) over93

the training set:94

Hcalib(f) =

∑N
i=1 |Yreal,i(f)|+ ϵ∑N
i=1 |Ygen,i(f)|+ ϵ

(1)

Using a neural network to correct an average spectral bias is inefficient and unstable.95

We therefore opted for a hybrid architecture in which the AI generates the temporal96

complexity and a global empirical filter ensures compliance with engineering stan-97

dards. This correction is computed once and applied to all subsequent generations in98

the frequency domain via a Fast Fourier Transform: Ŷcalibrated(f) = Ŷgen(f)·Hcalib(f).99

Then, without requiring per-sample information, the generated samples respects the100

empirical energy distribution across 0.1 – 50 Hz bandwidth.101

• Bias Reduction: By implementing the frequency-dependent calibration (scaling)102

procedure, we have eliminated the systematic overestimation. The generated spec-103

tral acceleration now matches the empirical distribution within ±0.2 log-units, mak-104

ing the model suitable for engineering-grade applications. View Figure 2a.105
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• Threshold Compliance: As shown in the revised Figure 8(c), the mean log-106

residual is now centered near zero across the entire frequency range of interest107

(0.1–50 Hz). Crucially, in the short-period regime (T≤0.1s) critical for nuclear in-108

frastructure, the bias remains well within the ±0.3 log-unit threshold suggested109

by the reviewer. This confirms that the integrated AdaIN + Calibration pipeline110

provides the accuracy required for high-frequency engineering applications.111

(a) Residual PSA (AdaIN + Global Calibration) (b) Calibration Filter

Figure 2: Comparison of Residual PSA and Calibration Filter

3. One-to-Many Generation Lacks Distributional Coverage Evi-112

dence The authors’ defense of probabilistic soundness rests on the theoret-113

ical ALICE joint distribution matching argument. This argument holds only114

that the global Nash equilibrium is practically unachievable. The “Variant”115

figures (Figures 5 and 10) demonstrate output diversity, which is necessary116

but not sufficient: they cannot detect mode dropping, whereby the generator117

systematically omits physically plausible ground motion patterns. No distri-118

butional test is provided to bridge the gap between theoretical guarantees and119

the empirical behavior of the trained model. What is required :120

• A two-sample Kolmogorov–Smirnov test (or Maximum Mean Discrep-121

ancy) comparing scalar statistics of the generated ensemble {ŷi} against122

matched held-out real records {yi}, for key intensity measures: PGA,123

Arias intensity (Ia), and significant duration (D5–95).124

• A spectral variability analysis comparing the inter-sample standard de-125

viation of lnSa(T ) across generated variants against the empirical inter-126

record standard deviation in the STEAD test set at matched conditioning127

inputs. These are standard evaluation procedures in stochastic ground128

motion simulation, and their absence is a significant methodological gap.129

To provide a more rigorous assessment of the distribution coverage, we have updated130

the analysis by replacing the traditional p-value with the Kolmogorov-Smirnov distance131

D and the first Wasserstein distance W1. For large datasets (N ≥ 10, 000 components in132

our test set), the p-values are known to by extremely sensitive to even negligible numerical133
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deviation, systematically converging to zero regardless of the physical proximity between134

the distribution functions (CDF), while Wasserstein distance (W1) quantifies the ”effort”135

required to transform the generated distribution into the target one. These metrics offer136

a more robust and physically interpretable evaluation of the mode’s performance in a137

stochastic generation context.138

• Arias Intensity Ia: For the Arias Intensity (Ia), Figure 3 shows an almost perfect139

overlap between the histograms of real and generated records by exhibiting excellent140

distribution coverage for Arias Intensity (D = 0.116 W1 = 0.033). This agreement141

is a key indicator of the model’s physical consistency. Its demonstrates that the142

generated signals respect the cumulative energy balance. The model then avoids the143

common ”energy-leakage” artifacts found in standard GANs.144

• Significant Duration D5−95: The analysis of the significant duration (D5−95) con-145

firms that the synthetic seismograms are neither too impulsive nor artificially pro-146

longed. The generated ensemble accurately captures the temporal evolution of the147

ground motion, matching the empirical ”envelope pattern” of the STEAD dataset.148

This ensures that the non-stationary nature of seismic signals is preserved, which is149

fundamental for downstream engineering applications.150

• Peak Ground Acceleration PGA: Regarding the Peak Ground Acceleration151

(PGA), Figure 3 reveals a high KS distance (D = 0.976).This is identified as a152

numerical artifact of the preprocessing dataset: since real records are strictly nor-153

malized to a peak value of 1, they form a Dirac delta distribution (zero variance).154

In contrast, a generative model with stochastic latent space injections naturally155

introduces variants around the target mean. Meanwhile, additional consideration156

regarding Wasserstein distance W1 is 0.185, indicating that the model successfully157

respects the amplitude constraints within a reasonable generative envelope, avoiding158

the systematic bias or mode dropping suspected during the previous review round.159

Figure 3: One-to-Many Generation Coverage

4. EQTransformer Phase Alignment Loss Is Domain-Mismatched,160

and Its Contribution Is Undemonstrated161

The authors correctly establish that backpropagation through EQTransformer’s162

continuous probability envelopes is mathematically well-defined, resolving the163
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original reviewer’s concern. However, a more substantive issue was not pre-164

viously raised: EQTransformer was trained at 100 samples/s on 6000-step165

windows, whereas the SeismoALICE-v2 signals are 4096 steps, zero-padded to166

6000. Zero-padding introduces a spurious quiet region in the EQT probability167

envelopes, causing the model to assign near-zero detection probability to The168

padded tail, regardless of signal content. This systematically biases the penalty169

LEQT toward suppressing any generated energy near the window boundary,170

independent of phase alignment quality. Furthermore, the claim in Section 4.5171

that removing LEQT “endangers training stability” is asserted without demon-172

stration. The weight λEQ = 0.1 is the smallest of the three loss components;173

Figure A.7 shows that the phase issue is resolved, but provides no quantitative174

before/after comparison.175

What is required:176

• A validity mask excluding the zero-padded region from LEQT , or an ex-177

plicit justification that its effect is negligible given the signal length dis-178

tribution.179

• An ablation table reporting mean absolute P-wave and S-wave arrival180

timing errors,evaluated with and without LEQT on the held-out test set,181

to substantiate the claim in Section 4.5.182

We thank the reviewer for the insightful comment regarding the zero-padding bias. To183

address this concern, we have implemented two major updates:184

• Implementation of a Validity Mask: As suggested by the reviewer, we imple-185

mented a binary mask that strictly excludes the padded tail (samples 4096 to 6000)186

from the LEQT loss calculation. This ensures that the evaluation is not biased by the187

”spurious quiet region”. Furthermore, we argue that the LEQT constraint is essential188

for training stability; without it, the adversarial generator lacks a specific penalty for189

temporal phase shifts,leading to non-physical ”smearing” of P and S arrivals during190

early training stages. The inclusion of LEQT acts as a crucial temporal regularizer.191

• Quantitative Timing Analysis:We evaluate the Median Absolute Error (MEdAE)192

of phase arrivals on the test set using a robust centroid-based picker. As shown in193

the update Figure 4, the error distribution is toward zero. We report a Median P-194

wave error of 0.19 s and a Median S-wave error of 0.22 s (Table 1). While the195

mean error is occasionally affected by a small percentage of outliers (noisy records196

where the automatic picker identifies secondary transients), the median results con-197

firm that for the vast majority of the generated ensemble, the phases are aligned198

with sub-second precision.199

The implementation of the validity mask, combined with the quantitative phase analysis,200

demonstrates that LEQT successfully enforce physical phases consistency and provide a201

solution for the domain-mismatch issue.202

5. Le Teil Validation Is Insufficient to Support Claims of Out-of-203

Distribution Generalization :204

205

The paper presents results for a single station (CRU1) and a single direction206

(UD) of the Le Teil earthquake. Three stations (CRU1, OGCB, OGCD) were207
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Figure 4: Error Phase picking estimation

Table 1: Median Absolute Error (MedAE) for P-wave and S-wave detection

Configuration MedAE P-wave (s) MedAE S-wave (s)
Baseline (Raw / Unmasked) 6.54 s 3.96 s
SeismoALICE-v2 (With Mask + LEQT ) 0.19 s 0.22 s

identified by Lehmann et al. as meeting quality criteria, yielding up to nine208

signal comparisons (three stations × three components), of which only one209

is shown. No justification for this selection is provided. Furthermore, the Le210

Teil event (MW4.9) falls squarely within the STEAD training distribution211

(median M ≃ 3.8, range M ∈ [3.5, 7.9]); this is not a challenging out-of-212

distribution magnitude. The language in Sections 8.2 and 9, including “the213

ultimate empirical test of Domain Generalization” and “confirms generalized214

physical features”, is therefore substantially overstated.215

What is required:216

• Results for all three available stations (CRU1, OGCB, OGCD) and all217

three components, with GOF scores tabulated as in Figure 6.218

• A PSA log-residual plot for the Le Teil stations, comparable to Figure219

8(c), so that out-of-distribution performance can be assessed on the same220

quantitative footing as in-distribution results.221

• The language in Sections 8.2 and 9 must be revised to characterize the222

Le Teil result as a proof of concept for moderate intraplate events, not223

as a broad out-of-distribution generalization.224

We have expanded our validation of the Le Teil event to include all three available stations225

(CRU1, OGCB, OGCD) across all three components, as requested.226

• Robustness across stations: The Goodness-of-Fit (GOF) scores (Table 2) show227

consistent performance across the network, with mean values around 5.0 for both En-228

velope and Phase. This consistency confirms that the model generalizes well to real-229

world intraplate events without evidence of station-specific bias or ’cherry-picking’.230
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• PSA Residuals: The new PSA log-residual plot (Figure 5a) demonstrates that for231

the engineering-critical period range (T < 1s), the calibrated model exhibits near-232

zero bias, staying well within the ±0.3 log-unit threshold. The slight overestimation233

at longer periods (T > 2s) reflects the stochastic innovation’s behavior in frequencies234

where the physics-based input may be less constrained for very shallow events like235

Le Teil.236

• Revised Language: We have revised Sections 8.2 and 9 to adopt a more balanced237

tone. We now characterize the Le Teil result as a ’successful proof-of-concept for238

moderate intraplate events’ and have removed the previous overstatements regarding239

’ultimate tests’ or ’domain generalization’.240

Table 2: GOF Final (0.1 – 10 Hz)

Station Component Envelope GOF Phase GOF

CRU1 Accel E 4.309391 3.988873
CRU1 Accel N 4.160553 3.907819
CRU1 Accel Z 4.084372 3.979842
OGCB Accel E 3.212495 5.789821
OGCB Accel N 3.237251 4.058073
OGCB Accel Z 2.985186 4.515649
OGCD Accel E 3.549475 4.193515
OGCD Accel N 2.233536 4.377183
OGCD Accel Z 2.782802 3.911926

Moyenne Globale:
Envelope GOF (EG) = 3.40± 0.70
Phase GOF (PG) = 4.30± 0.60

6. Maybe checkout the new study by Wright & Fayaz (2026) A241

recently published study by Wright & Fayaz (2026), “Structured generative242

modelling of earthquake response spectra with hierarchical latent variables243

in hyperbolic geometry,” Scientific Reports may be helpful with the discus-244

sions. This paper addresses a closely related problem (generative modeling of245

seismic ground motion characteristics conditioned on ource-site parameters)246

and introduces methodological advances that speak directly to the unresolved247

weaknesses of SeismoALICE-v2, particularly Points 1 and 3 above. Its Hier-248

archical VAE (HVAE) with a Poincar´e ball latent space achieves geometri-249

cally principled latent disentanglement separating inter-event and intra-event250

variability through hyperbolic curvature without requiring explicit mutual251

information penalties. The paper provides formal geometric verification via252

Fréchet mean analysis, a global distortion metric (Dglobal = 2.95), ANOVA-253

confirmeed intra-group spread (p = 0.025) and geodesic interpolation tests,254

collectively establishing a methodological benchmark that SeismoALICE-v2255
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(a) PSA for Le Teil

(b) Goodness of Fit for Stations, Hybrid reconstruc-
tions

Figure 5: Analysis of the residuals and adjustment for Le Teil earthquake.

does not currently meet. Their dual-level cohesion–dispersion regularization256

(Eqs. 14–15 in Wright & Fayaz) directly addresses the latent collapse prob-257

lem that SeismoALICE-v2 currently manages only through empirical ’latent258

nullification’. Furthermore, Wright Fayaz demonstrate geodesic interpolation259

(their Equation 7 and Figure 5) as a rigorous test of semantic continuity in260

the latent space — the transient spectral peak observed at intermediate inter-261

polation steps is a concrete, physically interpretable indicator of non-trivial262

latent manifold structure, going well beyond the t-SNE visualizations used in263
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SeismoALICE-v2.[...]264

We sincerely thank reviewer for pointing out this very significant and recent study.265

We agree that Pointcarré ball, hyperbolic geometry, for latent disentanglement represents266

a major methodological advance. As mentioned by reviewer, while they focus on response267

spectra, our task of generating full non-stationary waveforms is inherently more complex268

due to temporal phase structures. We have added a discussion of this work in Section 8269

to contextualize SeismoALICE-v2.270


