Problem: Seismic Denoising

e Remove noise
e Preserve reflector continuity

e Avoid smoothing weak structures
Noisy input Clean target
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Joint Training of Experts and Router

g=1->DINOvV3
g=0->5Swin v2

Joint Prediction

e Router Only prefers DINOv3
71.3% of the time

e Joint choses itonly 32.7%
of the time

e Expertaware training
switches the role of experts
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e Trained on 1600 pairs
. Improvement from base

e 100 Epochs i on SSIM:

e Rankr = 16, alpha = 04 E e DINOV3: 172 9%

e DINOV3, global VIT features i e SWin v2: 159.7%

e Swin v2, hierarchical features
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LORA Experts

Soft Spatial Blender Pipeline Architecture
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(1-g) Expertl+ g Expert 2
Router predicts per-pixel gate

Router sees where experts disagree
Blends instead of choosing one model
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Final Results and Evaluations

Final residual-router denoising results
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e Loss function:L=L1+0.005TV(g)
e TV(g) =mean |g[i+1

Router Architecture (How to Predict g)
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Inference Speed

SSB Evaluates two experts for each prediction
Trade-off between inference speed and denoising quality

SFM-Base

DINOv3 LoRA
expert

Residual joint SSB
(optimized)

SwinV2 LoRA
expert

Residual joint SSB
(non-optimized)

Inference throughput on held-out test patches

44.89
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LoRA adaptation of . Adaptable SSB pipeline
SwinV2 and DINOv3
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. Router Architecture . Trained Model
e Beats SFM Base
e Can be addapted
efficiently
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