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Abstract. Diffusion models provide a promising way to model the distribution of implicit structural models, potentially im-

proving generalization across surveys. However, existing diffusion Transformer pipelines scale poorly to high-dimensional

geophysical data because noise- or velocity-prediction objectives are often unstable at large patch sizes, forcing the use of

small patches that lead to long token sequences and high computational cost. To reduce computation, most approaches rely

on Variational autoencoders (VAEs) and latent diffusion, but robust pretrained VAEs are scarce in geophysics, and enforcing5

geological priors in latent space is difficult. To address these scalability bottlenecks and the difficulty of enforcing geological

priors in latent space, we propose Latent-Compression-Free Generative Diffusion (LFD) with Geological Priors and Geophys-

ical Regularization for implicit structural modeling. Built on flow matching, LFD generates implicit structural models directly

in the data space, enabling efficient large-patch Vision Transformer (ViT) inference and allowing fault/horizon constraints

and geophysical regularization to be applied explicitly during generation. To strengthen structural conditioning, we design a10

structure-enhanced Transformer that injects horizon and fault embeddings at multiple layers. We further introduce two prior-

guided losses: a horizon loss to match the generated models to the input horizons, and a fault-aware bending-energy term that

regularizes smoothness while ignoring stencils across faults. By enforcing these priors directly in the data space, the model

is effectively constrained to generate geologically reasonable structures. Experiments on both synthetic data and real surveys

validate the effectiveness of LFD for prior-guided implicit structural modeling. Benefiting from large-patch inference, LFD15

generates a 512× 512 model in 1.56 s on an NVIDIA H20 GPU. With relative positional encoding, LFD can be extended to

higher resolutions via simple adaptation without retraining. Overall, LFD offers new insights into deploying diffusion models

for high-dimensional geophysical data, enabling efficient generation with interpretable, prior-guided constraints.
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1 Introduction

Implicit structural modeling aims to recover a continuous subsurface representation from sparse and heterogeneous geological20

observations. A common formulation estimates an implicit scalar field, often referred to as the relative geological time (RGT),

whose iso-surfaces represent stratigraphic interfaces (Mallet, 1989; Houlding, 1994; Lajaunie et al., 1997). Compared with

explicit surface-based representations (Caumon et al., 2009), implicit modeling provides a true volumetric description that

enables consistent extraction of multiple geological surfaces and unified enforcement of heterogeneous constraints (Maxelon

et al., 2009; Caumon et al., 2013; Pizzella et al., 2022; Arienti et al., 2025). As a result, implicit structural models have25

increasingly been adopted in a wide range of applications, including geological surveying and mapping (MacCormack et al.,

2019; Guo et al., 2018), seismic interpretation (Wu and Hale, 2015; Bi et al., 2021; Wu et al., 2023), joint geophysical inversion

and imaging (Zheglova et al., 2018; Giraud et al., 2020, 2024), mineral resource and reserve estimation (Vollgger et al.,

2015; Zhong et al., 2019), and stratigraphic-domain transformations for subsequent property modeling (Cowan et al., 2002;

Mallet, 2004; Wellmann and Caumon, 2018; De la Varga et al., 2019). Moreover, the automated and efficient nature of implicit30

modeling facilitates iterative updates and provides a principled basis for incorporating geological knowledge and quantifying

structural uncertainty (Wellmann and Caumon, 2018; Yang et al., 2019).

Classical approaches formulate implicit structural modeling as a constrained interpolation or PDE-based problem, incor-

porating horizons, faults, and orientation information through variational formulations, discretized operators, or least-squares

criteria on constraints (Calcagno et al., 2008; Caumon et al., 2013; Grose et al., 2021). To estimate the scalar field from sparse35

spatial constraints, two major numerical routes are commonly adopted (Renaudeau et al., 2019). The first route uses meshfree

global interpolation, including radial basis function interpolation (Cowan et al., 2002; Guo et al., 2018; Zhong et al., 2019)

and dual kriging with polynomial drift (Chilès et al., 2004; Calcagno et al., 2008; De la Varga et al., 2019; Pizzella et al.,

2022), for which the computational cost is primarily driven by the number of constraint points. The second route relies on

grid-based discretization, where the scalar field is computed by discrete smooth interpolation on discontinuity-conforming40

tetrahedral meshes (Frank, 2007; Caumon et al., 2013; Mallet, 2014; Irakarama et al., 2022; Belhachmi et al., 2025), and the

cost is dominated by the mesh resolution. Complementary PDE-based formulations solve for the implicit field by propagating

interface and orientation constraints via Hamilton-Jacobi equations (Osher, 1993; Hjelle and Petersen, 2011; Gillberg et al.,

2014). Across these formulations, explicit treatment of discontinuities induced by faults and unconformities is a key source of

algorithmic and computational complexity. Although these approaches can produce geologically meaningful fields, they can45

become expensive at high resolution and often require re-solving the system when constraints are updated.

More recently, deep learning has accelerated implicit structural modeling by learning data-driven priors and accelerating

inference from sparse geological constraints. Existing approaches can be broadly categorized into two paradigms. The first

paradigm is coordinate-based implicit neural representation (Hillier et al., 2021; Li et al., 2025; Fan et al., 2025), where a

network takes spatial coordinates as input and outputs the scalar value of the implicit field (Kamath et al., 2025). This is50

typically realized with fully connected networks. This formulation is highly flexible and can naturally support divide-and-

conquer strategies, such as solving separate sub-fields over different stratigraphic or temporal intervals and then assembling
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them into a globally consistent model (Hillier et al., 2023). The second paradigm is field-based prediction (Wang et al., 2023;

Lin et al., 2025), where the input is a structured spatial grid and the network directly maps volumetric observations and

constraint rasters to an implicit field, using convolutional networks (Liu and Durlofsky, 2021; Bi et al., 2022; Zhang et al.,55

2024) or Transformer architectures to capture both local structure and long-range dependencies (Ren et al., 2025). In both

paradigms, geological observations and prior rules can be incorporated through differentiable loss terms that constrain the

predicted field to honor horizons, faults, and other structural constraints (Wu et al., 2023; Gao and Wellmann, 2025). Despite

this progress, generalization across surveys with different structural styles or acquisition characteristics remains challenging,

and new areas may still require re-training or fine-tuning (Sheng et al., 2025; Guo et al., 2025).60

Generative diffusion models learn data-driven priors by modeling the data distribution rather than memorizing samples (Sohl-

Dickstein et al., 2015; Shah et al., 2025; Bonnaire et al., 2025). This distributional learning can improve generalization, which

is appealing for implicit structural modeling. Methodologically, diffusion models follow two main routes. Discrete-time De-

noising Diffusion Probabilistic Models (DDPMs) define a forward process that gradually corrupts data through many small

Gaussian noise increments until it becomes nearly Gaussian, and the reverse model must therefore undo this corruption pro-65

gressively—removing only a small amount of noise per step to stay close to the target distribution. Consequently, DDPMs

generate samples via a multi-step reverse process (Ho et al., 2020; Nichol and Dhariwal, 2021; Choi et al., 2021) and, while

conceptually simple, typically require hundreds of sequential denoising steps (i.e., many neural network inferences), making

sampling computationally expensive. Continuous-time approaches such as flow matching learn a time-dependent velocity field

and sample by integrating an ordinary differential equation (ODE) (Liu et al., 2022; Lipman et al., 2022), often achieving70

comparable quality with fewer function evaluations and thus better suiting iterative modeling workflows (Dao et al., 2023; Gat

et al., 2024). However, deploying flow matching on high-dimensional geophysical data faces key challenges. Diffusion trans-

formers typically rely on VAE-based latent diffusion for efficiency (Rombach et al., 2022; Peebles and Xie, 2023; Lee et al.,

2025), yet robust pretrained VAEs are scarce in geophysics. Moreover, geological priors and spatial data are harder to impose

and interpret in latent space than in data space (Garayt et al., 2025). Finally, even with a VAE, noise or velocity prediction in75

the diffusion models makes structural conditioning indirect because most geological constraints are naturally defined on the

implicit scalar field (Song et al., 2023). Recent studies suggest that directly predicting the clean sample (denoted as x), instead

of regressing noise (ϵ) or velocity (v), can improve optimization and enable large-patch ViT inference (Li and He, 2025). This

reduces attention cost and can avoid VAE-based compression, while allowing priors to be imposed directly in data space.

Motivated by these observations, we propose Latent-Compression-Free Generative Diffusion (LFD) with Geological Priors80

and Geophysical Regularization for implicit structural modeling. Our method is built on three key ideas. First, we adopt an

x-prediction formulation that directly predicts the implicit structural models in data space, which makes constraint handling

more direct and supports large-patch transformer inference without requiring VAE-based latent compression (Sec 2.1). Second,

we introduce a structure-enhanced network architecture that incorporates interpreted horizons and faults at multiple network

layers (Sec 2.2), enabling these structural constraints to effectively guide the generation of the implicit structural models.85

Third, we design prior-guided losses derived from geological and geophysical principles to promote structural consistency in

the generated models (Sec 2.3). The trained model can be extended to higher resolutions (e.g., 1024 and 2048) through simple
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Figure 1. Overview of LFD for implicit structural modeling. Top: Training stage. We sample Gaussian noise ϵ and time t, construct zt =

tx+(1−t)ϵ, and use a structure-enhanced Transformer conditioned on horizons and faults to predict the clean implicit scalar field x̂. Bottom:

Inference stage. Starting from z0 = ϵ, we iteratively integrate the probability-flow ODE using x̂ to obtain v̂ and generate the final implicit

structural model.

adaptations, even when training is performed at 512 resolution. Extensive experiments on synthetic data and real surveys with

complex faulting demonstrate that our approach produces more geologically consistent implicit structural models, offering new

insights into applying diffusion-based generative modeling to high-dimensional geophysical data (Sec 3).90
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2 Method

This section first reviews the fundamentals of flow-based diffusion models and introduces the x-prediction (denoised-sample

prediction) formulation adopted in this work. We then present the denoising Transformer architecture, in which interpreted

horizons and faults are injected at multiple network layers to ensure that the generated implicit field remains consistent with the

input structural constraints. Finally, to better capture the role of structural conditions in generation and to promote geological95

consistency, we design two prior-guided losses that explicitly enforce structure-consistent learning.

2.1 x-Prediction Diffusion

We briefly review flow matching (Lipman et al., 2022), a generative diffusion framework that learns a continuous transport

from a Gaussian base distribution ϵ∼N (0,I) to the data distribution x∼ pdata(x). We construct the noisy sample zt at a

randomly sampled time t∼ U(0,1) using linear interpolation between the data x and Gaussian noise ϵ:100

zt = tx+(1− t)ϵ, (1)

where z0 = ϵ and z1 = x. With the linear interpolation path, the target velocity along this path is constant:

v =
∂zt
∂t

= x− ϵ, (2)

Flow-based methods train a neural network fθ to estimate the velocity field, denoted by v̂, where the network takes the time t

and the corresponding noisy sample zt as inputs:105

v̂ = fθ(zt, t), (3)

The model is optimized by matching v̂ to v:

Lv = Ex,ϵ,t

[
1

N
∥v̂−v∥22

]
, (4)

Lv minimizes the discrepancy between the target velocity field v and its prediction v̂ via an element-wise mean-squared error

over the N pixels of the field, and the expectation is taken over training samples x, Gaussian noise ϵ, and randomly sampled110

times t. We refer to it as the v-loss.

At inference, we start from a Gaussian sample z0 ∼N (0,I) at t= 0. We then generate a sample by integrating the learned

probability-flow ODE from t= 0 to t= 1. In practice, we discretize the time interval [0,1] into K uniform steps, {tk}Kk=0,

with tk = k/K (thus ∆t= tk+1 − tk = 1/K), and evaluate the network to obtain the velocity field.

v̂k = fθ(ztk , tk), (5)115

An explicit solver updates the state as

ztk+1
= ztk +∆t v̂k, ∆t= tk+1 − tk, (6)
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and the final generated sample is obtained at t= 1 as x̂≡ ztK . In practice, flow-based sampling typically requires only tens of

ODE steps to reach good sample quality (e.g. K = 50), which is substantially fewer than the hundreds to thousands of steps

often used in DDPM sampling (Zhou et al., 2024).120

Learning an accurate velocity field in high-dimensional spaces is challenging for denoisers such as Diffusion Transformers

(DiTs) (Peebles and Xie, 2023), often leading to unstable training and reduced sampling efficiency at higher resolutions. As

a result, v-prediction models typically use very small square patches (e.g., 2× 2, 4× 4, or 8× 8), which greatly increases

token length and attention cost for large geophysical data (Ma et al., 2024). Most diffusion transformers therefore resort to

VAE-based latent diffusion to reduce computation, but this is less appealing for geophysical data because it may compromise125

fine structural details and makes it harder to explicitly impose geological priors in the latent space.

In contrast, clean samples usually lie on a lower-dimensional manifold (Chapelle et al., 2009), making it easier and more

stable to predict the clean signal directly than to regress the velocity field. Recent studies (Li and He, 2025) have demonstrated

that directly predicting the clean data x combined with the v-loss leads to more stable optimization and better sample quality.

In this setting, the network no longer predicts the velocity field v; instead, it directly predicts the clean sample x̂ (as shown in130

Figure 1):

x̂= fθ(zt, t,cond), (7)

where cond denotes the additional conditioning information. In our implicit structural modeling task, cond specifically repre-

sents the input horizons and faults. Consequently, the predicted velocity field v̂ can be obtained from x̂ by differentiating the

interpolation path in Eq. 1:135

v̂ = x̂− zt − t x̂

1− t
=

x̂− zt
1− t

(8)

Based on Eq. 2, we can still compute the v-loss in Eq. 4 for this velocity estimate. This is the x-prediction diffusion formulation

adopted in this work. We next introduce the denoising network used in this diffusion framework, which further strengthens

structural guidance through explicit conditioning.

2.2 Structure-Enhanced Denoising Transformer140

We adopt a standard Vision Transformer (ViT) backbone as the denoising network fθ (Peebles and Xie, 2023). Since predicting

a clean sample on a low-dimensional data manifold is generally easier than regressing the velocity field (Karras et al., 2022),

larger patch sizes can be used without sacrificing training stability. In this work, we employ ViT-Base/32 as the backbone,

which provides a good trade-off between generation quality and efficiency.

Let P = 32 be the patch size and N = (HP )× (WP ) the number of patches. We tokenize zt into a sequence of patch tokens145

using a bottleneck patch embedding (Alemi et al., 2016), which helps stabilize training:

zx = ϕx(zt) ∈ RN×d, ϕx(·) = Conv1×1

(
ConvP×P (·)

)
, (9)

6
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Training Set Test Set

Generation

… …

Figure 2. Synthetic dataset examples used for training, testing, and conditional generation. Top: representative samples from the training set

(left) and test set (right). Bottom: conditional generations from LFD.

where ConvP×P denotes a 2D convolution with kernel size P ×P and stride P (thus extracting non-overlapping patch fea-

tures), and Conv1×1 denotes a 1× 1 convolution that linearly projects the bottleneck features to the ViT hidden dimension

d.150
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We encode horizons and faults using two separate bottleneck embedding modules. Denote the horizon input by h and the

fault input by f . Their token embeddings are

zh = ϕh(h), zf = ϕf (f), (10)

where ϕh(·) and ϕf (·) have the same bottleneck architecture as ϕx(·) but are parameterized independently. For positional en-

coding of ViTs, we use sine–cosine embeddings to provide a stable global reference and rotary position embedding (RoPE) (Su155

et al., 2024) to improve relative position modeling, which improves generalization to varying input sizes (Heo et al., 2024).

We fuse the noisy tokens with structural tokens by element-wise addition, a common token-fusion strategy in Transformers

that combines multiple embeddings while keeping the token dimension and sequence length unchanged (Peebles and Xie,

2023):

z(0) = zx + zh + zf , (11)160

where z(0) ∈ RN×d denotes the fused token sequence at the input of the Transformer.

Beyond the input-level fusion, we further strengthen structural guidance by injecting horizon and fault embeddings into each

Transformer layer as residual priors. Specifically, given the intermediate tokens z(ℓ), we form a structure-enhanced representa-

tion by

z̃(ℓ) = z(ℓ) +αℓ zh +βℓ zf , (12)165

where αℓ and βℓ are learnable, layer-adaptive weights that control how strongly each layer uses horizon and fault priors.

Finally, we obtain x̂ using Eq. 7 with cond = (h, f), where the residual injections encourage structure-consistent denoising

across layers.

To further strengthen the role of the input structural constraints in guiding generation, we next introduce prior-guided loss

terms designed directly in the data space.170

2.3 Prior-Guided Losses

As the model directly predicts the clean data x̂, geological observations and prior constraints can be imposed in a straightfor-

ward and differentiable manner. We introduce two prior-guided terms, a horizon loss LHrz and a fault-aware bending-energy

regularizer LBend, to enforce consistency with the input horizons while promoting smoothness within stratigraphic blocks

without smoothing across faults.175

The implicit structural model is required to align with the input horizons. Let Mh ∈ {0,1}H×W be a binary mask derived

from the input horizon data, indicating horizon locations. We penalize deviations on the horizon by the mean absolute error

normalized by the summed target magnitude:

LHrz =
∥Mh ⊙ (x̂−x)∥1
∥Mh ⊙x∥1 + c

, (13)

where ⊙ denotes element-wise multiplication and c is a small constant. This normalization reduces sensitivity to the absolute180

scale of implicit structural model values.
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Figure 3. Field data results on flower-structure faulting. (a–e) Five real-survey examples with progressively increasing structural complexity

from Huang and Liu (2017). From left to right, each row shows the input fault interpretation, the input horizon constraints, the implicit

structural model generated by SiT, and the result produced by our method.

Additionally, implicit structural models are expected to form a globally smooth field, and horizons should not exhibit ex-

cessive curvature in a geologically reasonable interpretation. We therefore introduce a bending-energy regularizer (Renaudeau

et al., 2019; Belhachmi et al., 2025) that penalizes second-order variations of the predicted implicit scalar field. Importantly,
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this smoothness prior should not be enforced across faults, since faults correspond to discontinuities. To honour fault disconti-185

nuities, we compute the bending energy only on the non-fault region and use fault-aware finite-difference stencils that do not

cross fault pixels.

Let Mf ∈ {0,1}H×W denote the input fault mask, and define the fault domain ΩFaults = {(i, j) |Mf (i, j) = 1}. The fault-

aware bending-energy loss is defined as

LBend = E(i,j)/∈ΩFaults

[(
∂2x̂

∂i2

)2

+2

(
∂2x̂

∂i∂j

)2

+

(
∂2x̂

∂j2

)2
]
, (14)190

where the second-order derivatives are implemented with fault-aware discrete operators that ignore stencils crossing fault

pixels. The final training objective combines the flow matching loss with the prior-guided losses:

L= Lv +λHrzLHrz +λBendLBend, (15)

where λHrz and λBend are weighting factors used to balance the relative magnitudes of different loss terms during training. In

practice, we set λHrz = 10 and λBend = 0.1 to keep Lv, LHrz, and LBend on comparable scales throughout training, thereby195

avoiding any single term dominating the gradients and ensuring stable optimization.

These design choices define the overall LFD framework, combining x-prediction with the v-loss, structure-enhanced de-

noising transformers, and data-space prior-guided regularization. In the following, we evaluate its effectiveness on synthetic

data and challenging field examples.

3 Experiments200

3.1 Data Preparation

To train and validate our conditional generative diffusion model for implicit structural modeling, we construct a large synthetic

dataset in two stages: (i) geology-informed 3D structural simulation and (ii) conversion to 2D conditional training pairs (as

shown in Figure 2).

First, we generate realistic 3D implicit structural models using a simulation workflow in the spirit of Wu et al. (2020). Fold-205

ing deformation is created by superposing multiple parameterized Gaussian functions, with key parameters randomly sampled

to cover a wide range of fold wavelengths, amplitudes, and asymmetries. We then introduce geologically plausible faulting by

constructing 3D fault surfaces, assembling fault networks (fault assemblages), and simulating 3D slip distributions between

the hanging wall and footwall. Building on the resulting folded–faulted framework, we further incorporate unconformities

and associated stratal termination patterns (e.g., onlap, downlap, toplap, and related terminations). This procedure yields 3000210

realistic 3D implicit structural models at 512× 512× 512 resolution, each paired with a full-volume 3D fault mask. The com-

bination of explicit fold/fault/unconformity rules and controlled parameter randomization ensures both geological plausibility

and broad structural–stratigraphic diversity across the dataset.

Second, to match our 2D conditional diffusion training setup, we randomly extract 512× 512 slices from the 3D volumes

of implicit models and fault masks along both inline and crossline directions to increase directional variability and improve215
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Table 1. Model parameter counts.

Parameter VAE Diffusion Total

SiT-B/2 101.14 M 144.55 M 245.69 M

LFD (ViT-B/32) – 145.42 M 145.42 M

generalization. From each 2D implicit model (used as the target label (x)), we derive conditioning inputs in two forms: (1) the

corresponding full 2D fault mask (f ), providing complete fault-boundary conditions, and (2) sparse and potentially incomplete

horizon constraints (h) obtained by randomly sampling a small set of horizons or horizon segments (following Bi et al.,

2022) to mimic practical interpretation scenarios. These complementary conditions—global fault geometry from (f ) and sparse

stratigraphic cues from (h)—jointly guide the conditional diffusion model to generate structurally consistent implicit scalar220

fields. In total, we construct 64,000 training pairs {(h, f),x}, and normalize both inputs and target implicit fields to [−1,1] to

stabilize training.

For field-data evaluation, we test on several real-survey cases from Huang and Liu (2017), characterized by complex flower-

structure faulting with associated horizon interpretations, as shown in the first two columns of Figure 3. We denote the five

cases in Figure 3(a–e) as real-1 through real-5, respectively. Since implicit scalar field values on horizons are unavailable in225

real surveys, we assign normalized horizon values by mapping the mean horizon depth ratio linearly to [−1,1], providing a

consistent relative ordering of horizons for conditioning.

3.2 Training Settings

We initialize the ViT-Base/32 backbone with pretrained weights from Li and He (2025). We set the noise scale to 0.2 when

constructing noisy samples during training because it yields smoother implicit fields in our experiments. We discuss the impact230

of noise scale in Sect. 4. We use a learning rate of 5× 10−5 with a batch size of 128 and train for 600 epochs. Training is

performed on three 96 GB NVIDIA H20 GPUs and takes approximately 18 h. At inference, we discretize the ODE integration

into K = 50 steps for all experiments.

For comparison, we implement a latent-diffusion baseline that follows the SiT (Ma et al., 2024) training paradigm with

a pretrained VAE (Rombach et al., 2022). As reported in Table 1, our model (LFD) and the SiT baseline have comparable235

parameter counts, making the comparison fair. All models are trained under the same settings as above.

3.3 Evaluation Metric

To quantify horizon adherence on real surveys, where ground-truth implicit structural models are unavailable, we propose the

Horizon Consistency Error (HCE), which measures how consistent the predicted implicit field values are along each input

horizon. Let x̂ ∈ RH×W denote the generated implicit model, and let H ∈ {0,1, . . .}H×W be the horizon label map, where240

H(i, j) = 0 indicates background and H(i, j) = k denotes the k-th horizon. For each horizon k ∈ K = {k |k ̸= 0}, we define
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Table 2. Inference times.

Time (s) VAE Enc Diffusion VAE Dec Total

SiT-B/2 0.95 1.60 0.07 2.63

LFD (ViT-B/32) – 1.56 – 1.56

Table 3. Values of Horizon Consistency Error (HCE) on field data shown in Figure 3.

HCE (1e-3) ↓ real-1 real-2 real-3 real-4 real-5

SiT-B/2 6.17 6.62 13.41 16.33 16.42

LFD (ViT-B/32) 3.05 3.59 3.64 2.97 6.17

the horizon support

Ωk = {(i, j) |H(i, j) = k}. (16)

We first compute the mean implicit value on that horizon,

µk =
1

|Ωk|
∑

(i,j)∈Ωk

x̂(i, j), (17)245

and then measure the mean absolute deviation from this mean:

ek =
1

|Ωk|
∑

(i,j)∈Ωk

|x̂(i, j)−µk| . (18)

If the generated implicit field is well aligned with the k-th horizon, x̂ should be nearly constant along Ωk, yielding ek ≈ 0;

otherwise, ek increases as x̂ varies along the horizon. Finally, we aggregate the per-horizon errors using a pixel-wise normalized

average:250

MHCE =

∑
k |Ωk|ek∑
k |Ωk|

. (19)

This pixel-wise normalized aggregation avoids dependence on the number and length of horizons, enabling fair comparisons

across cases.

3.4 Results

Figure 2 shows representative synthetic test examples. The generated implicit models honor the input faults and horizons255

and produce sharp, fault-aligned discontinuities. This indicates that the structural constraints are effectively enforced during

generation. Benefiting from large-patch inference, generating a 512× 512 implicit model requires only 1.56 s on a single

NVIDIA H20 GPU. This runtime is measured with batch size 1 by generating 20 samples and reporting the average per-

sample time. As summarized in Table 2, our method is faster than the SiT baseline, largely because the larger patch size
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变分辨率测试

512/32 1024/64 2048/128

(a) (b) (c)

Figure 4. Resolution generalization. The model trained at 512× 512 is directly applied to higher resolutions by adjusting the patch size

to keep the token grid fixed. From left to right: 512/32, 1024/64, and 2048/128 (resolution/patch size). The model preserves high-quality

implicit structural predictions at 1024× 1024 and 2048× 2048 without additional training.

reduces token length and attention cost. Moreover, SiT additionally incurs VAE encoding and decoding overhead, further260

widening the efficiency gap.

We further evaluate the method on five challenging real-survey cases with complex flower-structure faulting (Figure 3).

As shown in Figure 3(a–e), the structural complexity increases progressively from real-1 to real-5, placing higher demands

on both fault continuity and horizon conformity. The SiT baseline (third column in Figure 3) can recover the major faults,

but without explicit geological priors its generated implicit models tend to drift away from the input horizons, which in turn265

degrades finer-scale stratigraphic features.

Beyond this overall trend, the visual comparisons in Figure 3 highlight several characteristic behaviors. In panel (a), the

red box shows that SiT exhibits noticeably stronger noise than our method, which may be related to the sensitivity of VAE

decoding to latent perturbations that can be amplified into artifacts in the implicit field (Liu et al., 2026). In panel (b), the red box

reveals anomalous values in the SiT result, indicating potential instabilities in latent-space generation. Moreover, the red ellipse270

indicates that our method can still enforce a fault-aligned discontinuity in the implicit field even where horizon constraints are

sparse, whereas SiT fails to express the fault geometry at that location. In panels (d) and (e), the red boxes further demonstrate

that our method remains better anchored to the input horizons and produces sharper, more clearly delineated fault boundaries.

We also note a challenging region in panel (e) (red ellipse), where both methods deviate from the input horizons due to the

presence of pronounced thrusting, making faithful recovery particularly difficult. This represents a limitation of our current275

approach; nevertheless, our method still achieves relatively improved horizon conformity compared with SiT in this setting.
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NS: 2.0

(a) (b) (c) (d) (e)

NS: 1.0 NS: 0.5 NS: 0.2 NS: 0.1

Smaller noise scale yields smoother models

Figure 5. Effect of noise scale (NS) on generation. The model is trained with noise scale NS = 2.0. During inference, we vary only the

noise scale while keeping all other settings fixed. Panels (a–e) correspond to NS = {2.0, 1.0, 0.5, 0.2, 0.1}. As NS decreases, the generated

implicit structural models become smoother and exhibit less residual noise.

The above visual comparisons are quantitatively confirmed by the error metrics given in Table 3, which show that our

approach achieves better horizon consistency than SiT, consistent with Figure 3 and highlighting the value of explicitly injecting

geological priors for reliable implicit structural modeling in complex real surveys.

4 Discussion280

In developing LFD, we observed several interesting behaviors that provide additional insight into diffusion-based implicit

structural modeling, while also revealing practical limitations of the current study. We summarize these findings below.

Resolution robustness. Our model is trained on 512× 512 samples, yet we observe encouraging robustness to higher

resolutions. In principle, the same adaptation applies to other larger input sizes; here we use 1024× 1024 and 2048× 2048 as

representative examples. In testing, we upsample the input horizons and faults to 1024× 1024 and 2048× 2048 using nearest-285

neighbor interpolation. To keep the token length unchanged (i.e., a 16× 16 token grid), we increase the patch size to P = 64

and P = 128 for 1024 and 2048 inputs, respectively. For each bottleneck patch embedding module, the spatial grid changes

with resolution; therefore, we interpolate the positional embeddings and reuse the pretrained network parameters accordingly

to adapt the model to the new grid. Surprisingly, the generated implicit models remain high-quality at both 1024 and 2048

resolutions (Figure 4). We attribute this behavior partly to the relative positional encoding (RoPE), which provides a degree of290

resolution robustness by expressing positions in a scale-consistent manner. This observation is consistent with prior findings

that RoPE improves resolution extrapolation in vision transformers (Heo et al., 2024; van de Geijn et al., 2025). We note,

however, that this finding may be task-dependent: implicit structural models are typically smooth fields and do not require

extremely high-frequency details.

Impact of noise scale. We find that the noise scale is a critical factor for implicit structural modeling. In early experiments,295

using commonly adopted noise scales for natural-image diffusion (e.g., 1.0 or 2.0) often led to overly noisy generations even

with prolonged training. This is likely because implicit structural models exhibit relatively smooth distributions, for which
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excessively strong corruption can hinder stable denoising. We perform an ablation study on the noise scale (Figure 5) and

observe that decreasing the noise scale yields noticeably smoother and more geologically reasonable implicit fields. This

finding provides practical guidance for deploying diffusion models on high-dimensional geophysical data: the noise scale300

should be tuned to the target task and data characteristics to achieve optimal generation quality.

Conditioning flexibility and applicability. We only consider faults and horizons as conditioning inputs in this work. For

practical implicit structural modeling, additional information such as interpreted normals or orientation constraints are often

beneficial, and we believe they can be incorporated naturally in our framework, either as extra input channels or as explicit loss

terms. Compared with VAE-based latent diffusion, injecting such geological priors in our data-space approach is more direct305

and interpretable, avoiding the ambiguity of enforcing constraints in a learned latent space. Moreover, our formulation enables

flexible generation of implicit structural model samples. With only a few sketched horizons and faults, the model can produce

geologically realistic implicit fields, which facilitates the construction and iterative refinement of structural modeling datasets

compared with traditional workflows that often rely on computationally intensive physics-based forward modeling.

Limitation and 3D extension. This study primarily focuses on validating the effectiveness of x-prediction, the structure-310

enhanced transformer design, and the proposed prior-guided losses. Accordingly, our experiments are conducted on 2D implicit

structural modeling, which does not fully capture 3D geological complexity such as fault connectivity and branching. Never-

theless, the proposed framework is conceptually extendable to 3D by replacing 2D patch embeddings and attention with their

3D counterparts. However, a practical 3D implementation requires additional considerations due to the substantially increased

computational cost and the higher structural complexity of volumetric faulted settings. Future work will evaluate the full 3D315

extension, including computational scaling and constraint satisfaction in volumetric settings.

5 Conclusions

To eliminate reliance on VAE-based latent compression in high-dimensional diffusion modeling and overcome the difficulty of

imposing geological priors in latent space, we propose LFD, a latent-compression-free, prior-guided diffusion framework with

denoised-sample prediction for implicit structural modeling. LFD uses flow matching but predicts the implicit structural model320

directly in data space. This keeps the modeling target explicit and makes it easier to enforce geological constraints. We design

a structure-enhanced ViT to improve conditioning. The network injects horizon and fault information at multiple layers. We

also add two prior-guided losses. The horizon loss enforces consistency on horizon locations. The fault-aware bending-energy

loss penalizes curvature only within fault-bounded regions. It avoids stencils across faults and preserves sharp discontinuities.

Experiments on synthetic data and five real-survey examples with complex flower-structure faulting show that LFD produces325

more coherent implicit structural models than SiT. Generally, LFD provides new insights for combining diffusion modeling

with prior-guided constraints on high-dimensional geophysical data.
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