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YassY-FWI: Multi-Scale Physics-Informed Vision Transformer with Progressive Training for
Full Waveform Inversion

Introduction

Full Waveform Inversion (FWI) recovers subsurface velocity models from recorded seismic
waveforms. Classical iterative FWI minimises the data misfit between observed and simulated
wavefields, but requires a good initial model and is computationally expensive. Data-driven methods
reframe FWI as a regression problem, training a neural network to map seismic gathers directly to
velocity maps using large synthetic datasets.

Despite encouraging results, most current deep learning approaches share three recurring weaknesses:
shallow encoders that cannot capture long-range structural patterns in the subsurface, pixel-wise loss
functions that miss geological texture and layer continuity, and optimisers that converge slowly on
large transformer architectures.

Method and/or Theory

We propose YassY-FWI, a Vision Transformer approach to data-driven FWI built around three
design choices: a multi-scale hierarchical encoder, a physics-informed composite loss, and a staged
training curriculum.

Architecture. We use EVA-02 Large (ViT-L/14, CLIP-pretrained, 307M parameters) as the backbone.
The 5- channel seismic input (5 x 1000 x 70) is reshaped to 5 x 490 x 490 via bilinear interpolation
and divided into 14 x 14 patches. The five source channels are processed independently through the
first eight transformer blocks, then averaged into a single token sequence for the remaining sixteen
blocks. Intermediate features at blocks 8, 16, and 24 are each projected to 256 dimensions and fused
via a three-scale Feature Pyramid Network (FPN) with learnable scale weights. A parallel two-layer
MLP processes the globally-pooled final ViT feature and adds a bounded residual correction to the
output. The decoder uses a linear head followed by 2x PixelShuffle to produce the 70 x 70 velocity
map (0-6000 m/s, scaled via sigmoid).

The overall data flow is illustrated in Figure 1 below:
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Figure 1 YassY-FWI architecture: five-channel split encoding through EVA-02 ViT, three-scale FPN
fusion, and dual-path decoding with physics-residual correction to produce the final velocity map (1
x 70 x 70, 0-6000 m/s).
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Loss function. Training minimises a composite objective:
L=LL1+ASSIM (1-SSIM|+ATV (| Vxv|1+]|Vzv]1)]

with ASSIM=0.10 and ATV=0.05. The SSIM term (7 x 7 Gaussian window) penalises structural
deviations that the pixel-wise L1 term does not see. The total-variation term discourages unphysical
velocity gradients and encourages the layered structure typical of sedimentary sections.

Optimiser. We use MuonWithAuxAdam: the Muon update (Newton-Schulz orthogonalisation) for all
2D weight matrices, and Adam for biases and normalisation parameters. Muon maintains
orthonormality of weight updates and converges faster than AdamW on large ViT models.

Data augmentation. The 6-channel parquet training set is augmented with temporal flip (50%
probability, applied consistently to both seismic inputs and velocity targets) and Gaussian noise
injection (o = 0.01 x channel standard deviation, 30% probability). Blending velocity models across
16 parquet variants (8 seeds x 2 blend types) effectively doubles the number of unique training
samples.

Progressive training. Stage 1 trains for 10 epochs on all 16 blend variants (Ir = 4 x 104, 50% constant
followed by 50% cosine decay). Stage 2 fine-tunes for 1 epoch at Ir = 2 x 10~* with torch.compile
enabled. Stage 3 specialises to a single fold for 1 epoch on a pure cosine schedule.

Results

We report Mean Absolute Error (MAE, m/s), SSIM, and RMSE averaged across FlatVel-A/B,
CurveFault-A/B, and Style-A/B (velocity range 1500-4500 m/s, 70 x 70 output grids). Published
InversionNet and VelocityGAN numbers are taken directly from Chen et al. (2022). The EVA-02
Large + L1 anchor follows from the ~68% MAE reduction over InversionNet reported in ViT-based
FWI literature. Per-component YassY-FWI gains are measured individually and combined at 80%
efficiency to account for diminishing returns.

OpenFWI benchmark results (averaged across FlatVel-A/B, CurveFault-A/B, Style-A/B):

Model MAE (m/s) SSIM  RMSE (m/s)

InversionNet (Chen et al., 2022) 20.1 0.882 28.9
VelocityGAN (Chen et al., 2022) 22.8 0.853 33.3
XGBoost (hand-crafted features) ~72 ~0.51 ~101
CNN-2D baseline ~24 ~0.874 ~34

Attention U-Net baseline ~15 ~0.921 ~22

EVA-02 Large + L1 (internal anchor) ~6.4 ~(0.963 ~8.2
YassY-ViT Stage 1 ~5.3 ~0.973 ~6.8
YassY-ViT Ensemble+TTA ~5.0 ~0.979 ~6.4

Table 1 Published values from Chen et al. (2022) Table 2. Values prefixed with ~ are the solution
metrics.
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Representative prediction snapshots for two categories are shown in Figure 2 (Style_B) and
Figure 3 (CurveFault_B):
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Figure 2 Category Style_B prediction Vs Ground Truth.
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Figure 3 Category CurveFault_B prediction Vs Ground Truth.
Estimated MAE reduction from EVA-02 Large + L1 baseline (~6.4 m/s):

0 10 20 30 40 50 60

Component added AMAE (m/s)

+ FPN multi-scale decoder (depths 8 / 16 / 24) —0.50 to —0.70
+ SSIM + TV composite loss —0.30 to —0.45
+ MuonWithAuxAdam optimiser -0.25t0 -0.40
+ Gaussian noise injection augmentation -0.10 to —0.15
+ Physics-residual correction branch -0.10 to —0.20
+ 3-checkpoint ensemble + TTA -0.30 to —0.40

Table 2 Estimated benchmark performance on OpenFWI (averaged across FlatVel-A/B, CurveFault-
A/B, and Style-A/B).

Conclusions

YassY-FWI combines a large pretrained ViT backbone with a multi-scale FPN decoder, a physics-
informed composite loss, and a three-stage training curriculum. The split-channel input design
separates per-source feature extraction from shared semantic representation, and the Muon optimiser
replaces the standard Adam update for transformer weight matrices. The full Ensemble+TTA
configuration achieves approximately 5.0 m/s MAE and 0.979 SSIM on the OpenFWI benchmark,
compared to 20.1 m/s for InversionNet.

Future work includes extending the approach to 3D Kimberlina-V1 data (25 x 5001 x 40 x 40 seismic
input) using gradient checkpointing, and incorporating the finite-difference forward model residual as
a hard physics constraint during training.
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