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Abstract

In this article we introduce SeismoGPT, a step toward a foundation model for seismol-
ogy, developed to forecast three-component seismic waveforms with direct application
to future gravitational wave detectors such as the Einstein Telescope. SeismoGPT learns
to predict the next token in an autoregressive framework. It can be applied to both
single-station and multi-station seismic array, learning both temporal and spatial depen-
dencies directly from raw waveform. Beyond immediate forecasting, SeismoGPT repre-
sents a step toward a general-purpose framework for seismology, one that could support
Newtonian-noise mitigation, real-time observatory control, and ultimately broader seis-
mic monitoring and prediction tasks.
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1 Introduction12

Seismic noise is one of the key challenges for ground-based gravitational wave (GW) detectors,13

as it strongly limits sensitivity, particularly at low frequencies.14

In GW detectors, seismic noise couples to the optical system in two main ways. The first is15

mechanical coupling, where ground motion travels through the mirror suspension and isola-16

tion systems, ultimately shaking the optical components, which is an effect that is many orders17

of magnitude stronger than a GW signal [1]. The second is Newtonian Noise (NN), a subtler18

process in which seismic waves change the density of the surrounding ground and air, creating19

gravitational field fluctuations that directly act on the test masses [2].20

To address this challenge, especially in the low frequency band between 0.1–10 Hz, GW de-21

tectors rely on sophisticated isolation systems [1]. These rely on a mix of passive methods, like22

pendulums and springs, which filter out ground motion, and active control, where sensors and23

actuators detect vibrations and cancel them in real time. In addition, signal processing tech-24

niques, such as Wiener filtering [2] are used to further suppress it. However, these methods25

rely on linear assumptions and dense sensor arrays, which limit their flexibility. Here, deep26

learning techniques come into play, as they can capture non-linear relationships and adapt27

more easily to changing conditions. By directly predicting seismic waveforms, we take a first28

step toward integrating learning-based solutions into future control and subtraction pipelines.29

In this work, we introduce a transformer-based approach for predicting seismic waveforms,30

envisioned as a step toward a foundation model for seismology. Although we highlight future31

third-generation GW observatories such as the Einstein Telescope (ET) [3] as a motivating use32

case, the approach is general and transferable to other physical systems.33

2 Model Architecture34

SeismoGPT is a transformer-based architecture for seismic waveform forecasting. The model35

comes in two variants—one for single-station input and another for seismic arrays—with a36

schematic overview provided in [4].37

The SeismoGPT uses the transformer encoder [5], where self-attention captures long-range38

dependencies. In our autoregressive setup we use causal attention, so each token attends only39

to the present and past tokens.40

2.0.1 Single-Station Model41

The single-station model forecasts three-component waveforms from one seismic station. In-42

put waveforms X ∈ RT×3 (Z, N, E components) are split into N non-overlapping tokens of43

length L, yielding X tok ∈ RN×L×3. Each token is flattened and embedded with a 1D convolu-44

tional block, producing Z ∈ RN×d .45

In addition, a sinusoidal positional encoding [5] has been added and processed the se-46

quence with stacked transformer encoder layers using causal attention. The output H ∈ RN×d
47

is projected back into waveform space:48

Ŷtok ∈ RN×L×3,

representing the predicted waveform tokens.49

2.0.2 Array-Based Model50

The array-based model leverages spatial correlations across multiple stations. Input data has51

shape X ∈ RB×S×N×L×3, where B is batch size, S the number of stations, N the number of52
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Figure 1: Prediction results from the single-station SeismoGPT model. The predicted
waveform (dotted) is overlaid on the ground truth (solid) for each component (Z, N,
E).

tokens per station, and L the token length. Tokens are flattened and embedded via a 2D53

convolutional network:54

Xflat ∈ RB×S×N×(L·3)→ Z ∈ RB×S×N×d .

The embeddings are reshaped into two branches: a temporal branch, where each station55

is modeled independently Ztemp ∈ R(B·S)×N×d , and a spatial branch, where time steps across56

stations are grouped Zspat ∈ R(B·N)×S×d . Positional encodings are added only to the temporal57

embeddings. The temporal branch applies causal self-attention, while the spatial branch uses58

full self-attention. Their outputs are then reshaped, merged, and projected back into wave-59

form space, producing Ŷtok ∈ RB×S×(N ·L)×3, which represents the predicted three-component60

waveforms for all stations.61

3 Results62

We trained SeismoGPT on noise-free synthetic seismograms generated with Instaseis [6]. In63

this simulation, the seismic stations were placed at teleseismic distances to ensure stable wave-64

form characteristics. For the array-based setup, a 16-station network was simulated near the65

proposed ET site in the Euregio Meuse-Rhine region. All waveforms were bandpass filtered,66

tapered, and aligned to theoretical P and S arrivals for consistency. The models were trained67

autoregressively to predict the next token from a context of 64 tokens, where each token is68

16 samples, using 1D convolutional embeddings and a 6-layer transformer encoder with 869

attention heads. Optimization was performed with Adam [8] and learning rate of 5× 10−4.70

For evaluation, we tested both the single-station and array-based models on a representa-71

tive setup where the input consists of 32 tokens (16 samples each), corresponding to about72

269 seconds (1.9 Hz sampling rate) and the model forecasts the next 32 tokens.73

As an example, Figure 1 shows predictions from the single-station model. The forecast74

closely follows the ground-truth waveform in the early steps, when the prediction window is75

still near the observed context. As the horizon extends, uncertainty grows and small errors76

accumulate due to the autoregressive decoding, yet the model still captures key features such77

as phase arrivals and oscillatory patterns with reasonable fidelity. Overall, both model variants78
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achieved strong accuracy in the initial forecast steps. The array-based model benefited from79

spatial redundancy across stations, producing more stable predictions than the single-station80

variant, particularly at longer horizons.81

4 Conclusion82

In this work, we presented SeismoGPT, a transformer-based model for seismic waveform fore-83

casting with both single-station and array-based inputs. Beyond demonstrating its potential84

for seismic noise mitigation and Newtonian-noise subtraction at GW observatories, our results85

point toward broader applications in real-time systems such as earthquake early warning. This86

work is a step toward developing a general-purpose foundation model for seismology.87
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