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Abstract

While computer science has seen remarkable advancements in foundation models, which
remain underexplored in geoscience. Addressing this gap, we introduce a workflow to de-
velop geophysical foundation models, including data preparation, model pre-training, and
adaption to downstream tasks. From 192 globally collected 3-D seismic volumes, we create
a carefully curated dataset of 2,286,422 2-D seismic images. Fully using these unlabeled
images, we employ the self-supervised learning to pre-train a Transformer-based Seismic
Foundation Model (SFM) for producing all-purpose seismic features that work across various
tasks and surveys. Through experiments on seismic facies classification, geobody identifica-
tion, interpolation, denoising, and inversion, our pre-trained model demonstrates versatility,
generalization, scalability, and superior performance over baseline models. Conclusively, we
provide a foundation model and vast dataset to advance AI in geophysics, addressing chal-
lenges (poor generalization, lacking labels, and repetitive training for task-specified models)
of applying AI in geophysics and paving the way for future innovations in geoscience.

Introduction
Deep learning has demonstrated remarkable success in addressing complex challenges in Earth
Sciences, encompassing atmospheric [Ham et al., 2019, Kadow et al., 2020, Ravuri et al., 2021,
Bi et al., 2023], oceanic [Andersson et al., 2021], and solid earth domains [LeCun et al., 2015,
Bergen et al., 2019, Reichstein et al., 2019]. In the field of solid earth, deep learning has facili-
tated the analysis of observational data to extract subsurface rock physics parameters and analyze
physical processes, leading to a deeper understanding of Earth’s internal structure and dynamics.
Specifically, deep learning has contributed to solving various problems in the geophysical fields
of seismology (phase picking [Ross et al., 2018, Zhu and Beroza, 2018, Pardo et al., 2019, Liu
et al., 2020, Mousavi et al., 2020], earthquake monitoring [Perol et al., 2018, Ross et al., 2019,
Mousavi and Beroza, 2019, Rouet-Leduc et al., 2020, Zhu et al., 2022a,b, Yang et al., 2022, Wang
et al., 2022], focal mechanism [Kuang et al., 2021] and earthquake forecasting [Johnson et al.,
2021, Beroza et al., 2021]) and explorational geophysics (seismic data processing [Ovcharenko
et al., 2019, Park and Sacchi, 2020, Mousavi et al., 2023], interpolation [Wang et al., 2019, Chai
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et al., 2020, Kaur et al., 2021], interpretation [Wu et al., 2019, Shi et al., 2019, Pham et al., 2019,
Geng and Wang, 2020, Li and Li, 2021], and inversion [Wu and Lin, 2019, Yang and Ma, 2019,
Chen and Schuster, 2020, Li et al., 2023a, Shi et al., 2023]). These efforts have shown promising
results, but mostly following the way of training a specific model for each task. Such a spe-
cific model is often only applicable to a particular task, a small datasets with specific patterns or
acquired at specific surveys, which makes us in dire need of a model with better generalization.

The recent rise of fundamental models is promising to address the poor generalization prob-
lem[Li et al., 2023b]. The concept of a Foundation Model, a model pre-trained on large-scale
data in a self-supervised or semi-supervised manner that can be adapted for various downstream
tasks [Bommasani et al., 2021], has triggered a new revolution in the field of artificial intelli-
gence. These models are trained once on extensive datasets and subsequently applied to address
a wide range of related tasks. The recent emergence of models with large number of parameters,
like GPT-4 [OpenAI, 2023], Pathways Language Model (PaLM, [Driess et al., 2023]), Vision
Transformer-22B [Dehghani et al., 2023], MAE [He et al., 2022], Swin Transformer V2 [Liu
et al., 2022], VideoMAE V2 [Wang et al., 2023b], CLIP [Radford et al., 2021], Segment Any-
thing Model (SAM, [Kirillov et al., 2023]), and DINO V2 [Oquab et al., 2023], has highlighted
the potent feature extraction capabilities. Such models can tackle previously challenging prob-
lems and even excel at unforeseen tasks. In the field of geophysics, a demand for this transforma-
tive potential exists, but direct application of these models is hindered by differnet data statistical
properties, disparities in spatiotemporal resolutions, and significant variations in physical mean-
ings [Reichstein et al., 2019]. Consequently, a geoscience-specific foundation model is required
[Li et al., 2023b].

To develop such a model, extensive and diverse geophysics data must be collected, followed
by training methodologies tailored to the characteristics of geophysical data. Subsequently, the
model’s effectiveness should be validated across various geophysical tasks. In this context, we
present a whole workflow to build a geophysical foundational model by using seismic data as a
case study (Fig. 1). We collected a global set of 192 3-D seismic datasets and meticulously pre-
pared them for effective training. Given the lack of labels in seismic data and the need of global
context understanding for most seismic data processing and interpretation tasks, we selected a
generative self-supervised training strategy combined with the Transformer architecture for de-
veloping our seismic foundation model. We applied the resulted foundation model to downstream
tasks such as classification (i.e. seismic facies), segmentation (i.e. seismic geobody), inversion
(i.e. reflectivity estimation), signal processing (i.e. denoise), and interpolation. Across all the
tasks, our foundation model demonstrated superior performance compared to task-specifically
trained networks, highlighting the effectiveness of our provided dataset and training workflow.

Results

Data Collection
To train our foundational model effectively, a substantial and diverse dataset with rich features
is essential. We collected diverse 3-D migrated seismic data from the sources of United States
Geological Survey (USGS, [USGS]), South Australian Resources Information Gateway (SARIG,
[SARIG]), Society of Exploration Geophysicists (SEG, [SEG]), and so on. The 3-D seismic data
obtained from USGS primarily located in the Gulf of Mexico Basin, United States. We gathered
a total of 80 datasets from this source, amounting to around 371 gigabytes (G). SARIG’s data

2



Self 
Supervised
Learning

Model Pre-Train

Seismic 
Data

Seismic
Pretrained

Model

USGS

SEG
80G

13 3D Seismic Data

371G
80 3D Seismic Data

Multi
50G

10 3D Seismic Data

SARIG
1126G

89 3D Seismic Data

Data Collection Data Preparation

InlineCrossline

224

224

5 224

224

5

···

Total : 2286422 2-D Seismic Data

Downstream Application

Interpolation

Seismic Geobody

Signal
Processing

Segmentation

Inversion

Denoise

Seismic Facies

Classification

Reflectivity Estimation

Figure 1: Four main stages of the workflow for developing our seismic foundation model: diverse
raw data collection, training data preparation, model pre-training, and downstream task applica-
tion. First, a diverse seismic dataset is collected worldwide from 192 3-D surveys, from which
2286422 2-D seismic data are carefully chosen for pre-training. The foundational model is fur-
ther constructed and trained through a self-supervised pre-training strategy on the vast amount
of unlabelled seismic data. The versatility of the pre-trained model is finally demonstrated in
downstream applications such as classification (i.e. seismic facies), segmentation (i.e. seismic
geobody), inversion (i.e. reflectivity estimation), signal processing (i.e. denoise), and interpola-
tion.

encompassed the southern region of Australia, where we collected 89 3-D datasets, totaling 1126
G. The SEG data consisted of publicly available seismic surveys from various locations world-
wide, from which we collected a total of 13 3-D seismic volumes, with a size of approximately
80 G. Additionally, we incorporated data from various other sources, resulting in a collection of
10 datasets totaling 50 G. In total, we amassed 192 3-D migrated seismic datasets acquired in
the global areas of Middle America, Southern Australia, Southeast Asia, and Northern Europe,
amounting to 1562 G of data. These massive datasets sourced from worldwide encompassed
a wide range of subsurface geologic features. These features included various types of faults
(e.g., normal, reverse, strike-slip), varying degrees of folding, geobodies of different sizes and
locations, as well as unconformities exhibiting different combinations and types. These repre-
sentative geological characteristics provide valuable insights for analyzing and interpreting the
seismic data.

Training data preparation
After acquiring the seismic datasets, data preprocessing is necessary to meet the requirements
of training a foundation model. Considering the prohibitive GPU memory and computational
demands of training a large-scale foundation model using 3-D data, we selectively extracted a
diverse 2-D training dataset from the collected 3-D dataset to train our foundation model. As
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shown in the second column in Fig. 1, we performed 2-D seismic slicing on each seismic dataset
in both the inline and crossline directions. The 3-D data were segmented into smaller blocks of
size 224 (vertical dimension) × 224 (inline/crossline direction) × 5 (crossline/inline direction).
From the five available images in each block, we selected the one with the greatest difference to
the previously selected sample to be added to the training dataset. In this way, we extracted one
2-D sample for every five inline or crossline slices, which was helpful to reduce the redundancy
of features between the extracted samples. Additionally, we introduced overlapping regions be-
tween two adjacent blocks in the vertical direction, effectively increasing the number of training
samples. A subset of these samples from our dataset was displayed at the bottom of the second
column of Fig. 1, illustrating the diverse structural features contained in the samples.
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Figure 2: Our underlying logic of choosing the network architecture and pre-training strategy for
the seismic foundation model. We illustrate the contrast between seismic data’s distinctive char-
acteristics and those of natural images, driving the selection of generative unsupervised learning
and the Transformer architecture as a domain-specific strategy for developing our foundation
model.

Selecting a suitable approach for training a seismic foundational model necessitates a careful
consideration of the uniqueness of seismic images (see Fig. 2). Seismic images are typically
represented in Float32 precision, which is higher than the Uint8 precision often used for natural
images. Additionally, seismic data comprise a single channel, whereas natural images typically
exhibit RGB three-channel structures. From a visual standpoint, seismic images contain rela-
tively simple layered structures, while natural images consist of more diverse and complex ob-
jects with well-defined boundaries. In addition to the above differences beyond the composition
of the data, the physical significance and the statistics of the data are also considerably distinct
from each other. These discrepancies imply a gap when directly applying computer vision-based
foundational models to the field of geophysics, necessitating the development of domain-specific
foundational models. Given that most seismic data lack annotations or ground truth, we con-
sidered using the unsupervised learning as the preferred training strategy to make it possible to
pre-train our foundation model on a large amount of unlabeled datasets. Unsupervised learning
consists of two major categories of generative and contrastive learning. Generative unsupervised
learning involves predicting a portion of raw data from the remaining portion, while contrastive
unsupervised learning entails creating positive and negative perspectives of the input, aligning

4



the positives, and distinguishing the negatives [Wang et al., 2023a]. Unlike natural images where
object categories (e.g., cats versus dogs) can be readily defined as negative samples, different
categories within seismic data may lack distinct boundaries or differentiation. Seismic data from
diverse samples could share geological significance, such as belonging to the same stratigraphic
unit or sedimentary/tectonic environment. Besides, the categories within seismic data can change
according to the purpose of collecting and analyzing the data [Reichstein et al., 2019]. Thus,
we opted for a generative unsupervised learning approach for our training strategy. This choice
was aligned with the inherent complexities of seismic data, allowing us to uncover meaningful
patterns and structures within the subsurface.

Regarding the architecture, the majority of foundation models currently adopt the Transformer
framework [Vaswani et al., 2017], owing to its dynamic attention mechanism tailored to different
input data and its ability to capture global context information. More importantly, Transformer
exhibits great generalization properties, which are crucial for the application of deep learning
in seismic data. As a contrasting option, CNN-based network architectures [Ronneberger et al.,
2015, Chen et al., 2017] can obtain multi-scale features through multiple stages and demonstrate
shift, scale, and distortion invariance due to the convolutional algorithms. CNN also excels in
local spatial modeling. However, given the seismic data’s demand for global information and
improved generalization, we chose the Transformer architecture to build our foundational model.
In summary, considering the characteristics of seismic data, we opted for the combination of
generative unsupervised learning and the Transformer architecture as our strategy for developing
our foundation model. Upon adopting this strategy, various methods are available for its imple-
mentation, and in this study, we chose the Masked Autoencoders (MAE [He et al., 2022]) method
(Supplementary Fig. S1). This choice was motivated by the fact that the masking strategy in MAE
significantly reduces the required memory and training time. After completing the pre-training of
the foundation model, we extracted the Encoder Module as the seismic foundation model (SFM).
The SFM was then utilized to extract features and fed them into a simplified decoder network for
further application. More details about the training process were included in the supplementary
file.

Application
Following the completion of model training, we have collected diverse datasets to evaluate the
performance of our foundation model. For segmentation tasks, we assessed the model’s capabil-
ities in classification (i.e. seismic facies) and segmentation (i.e. seismic geobody). Additionally,
we tested the model’s performance in regression tasks, specifically in signal processing (i.e. de-
noising), inversion (i.e. reflectivity estimation), and interpolation.

Seismic Facies Classification A seismic facies unit refers to a delineated seismic unit com-
prising clusters of reflections exhibiting distinct characteristics from adjacent facies units. Accu-
rately identifying seismic facies is essential for understanding ancient stratigraphic and structural
changes. However, manual delineation of seismic facies can be challenging, requiring extensive
geological background knowledge and physical parameters inferred from seismic data. We col-
lected data from the competition “Facies Identification Challenge: 3-D image interpretation by
machine learning techniques”, jointly organized by AIcrowd and SEAM. The dataset provided
for this competition consists of a 3-D seismic image from the publicly available “Parihaka” seis-
mic survey [SEG]. Experts have meticulously interpreted each point in the image and classified
it into one of six different facies (see Fig. 3).
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We partitioned 590 crosslines of the seismic volume into a 500:90 ratio, with 500 serving as
the training dataset (shown in blue) and 90 as the validation dataset (shown in orange). Con-
sidering that adjacent seismic images exhibit similar features, we randomly selected representa-
tive seismic images from every five adjacent seismic images in both the training and validation
datasets. Consequently, we obtained 100 training samples (Fig. 3a) and 17 validation sam-
ples(Fig. 3b).

We compared our approach, referred to as “Seismic Foundation Model (SFM)” with two
commonly used segmentation models: Unet [Ronneberger et al., 2015] and Deeplab [Chen et al.,
2017]. Additionally, we conducted experiments with variations of our Transformer model, includ-
ing “Transformer From Scratch” (the same architecture without pre-trained parameters), “SFM
Frozen” (our model architecture with pre-trained parameters, with only Decoder parameters train-
ing), and “SFM Fine-tune” (our model architecture with pre-trained parameters, with full fine-
tuning).

In the seismic facies classification task, geophysicists are particularly interested in obtaining
more continuous seismic facies results and emphasizing the delineation of contact relationships
between different facies. The experimental results for seismic facies, as shown in Fig. 3c, indi-
cated that the predictions using the Unet, Deeplab, and Transformer From Scratch were not as
effective as desired when compared to the labeled ground truth. However, with the pre-trained
seismic foundational model, both SFM Frozen and SFM Fine-tune outperformed the Unet and
Deeplab methods, showcasing the significant impact of our pre-trained model in achieving bet-
ter performance. To provide a comprehensive comparison of the results, we introduced mean
Intersection over Union (mIoU) and Class Pixel Accuracy (CPA) as metrics to evaluate the per-
formance of different methods. From the overall performance on the validation dataset (as shown
in Table 1), the SFM Fine-tune and SFM Frozen models outperformed other ones. In the Eval-
uation section of Fig. 3d, the bar charts displayed the IoU and CPA for each class. Notably,
the SFM Fine-tune and SFM Frozen models consistently demonstrate stable and superior perfor-
mance across all classes.

As shown in the right panels in Fig. 3d, we also evaluated the generalization capabilities of
different models on the validation slices that were increasingly distant from the training samples.
As the validation seismic slices gradually move away from the training samples, the differences
between these slices and the training samples also increase. Stable seismic facies prediction on
the slices requires the model to have strong generalization capability. The area under the curve
in the line plot (right panels in Fig. 3d) demonstrated that the SFM Fine-tune and SFM Frozen
models, in relation to other ones, exhibited a slower performance decline with distance. This
indicates that our approach achieves more stable extrapolation of interpretative results, which
is crucial in assisting experts during seismic facies interpretation and highlights the improved
generalization.

Seismic Geobody Identification Another crucial task in seismic interpretation is the recogni-
tion of geological bodies, known as geobodies. The unique subsurface features, such as salt,
karst, and channels, often indicate different rock types underground, provide insights into spe-
cific tectonic phenomena, and reveal the evolution of geological structures. We took the task of
salt recognition as a representative example to demonstrate the performance of our SFM on the
tasks of seismic geobody identification. We collected data from the Kaggle competition “TGS
Salt Identification Challenge”. The dataset consisted of 4000 samples, each of size 101×101. To
accommodate our model’s input size, we interpolated the data to seismic data of size 224×224.
Among these samples, 3500 were assigned to the training dataset (Fig. 4a), while the remaining
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Figure 3: Seismic Facies Classification Task: Leveraging the Facies Identification Challenge
seismic facies dataset, we employed the first 500 crossline slices for training and the subsequent
90 crossline slices for validation. Considering the strong similarity between adjacent slices, we
selected one every five slices, ultimately forming a training dataset with 100 slices (a) and a
validation dataset with 17 slices (b). In the validation dataset, we present results obtained from
Unet, Deeplab, Transformer From Scratch, SFM Frozen, SFM Fine-tune, and SFM # 512 models.
The predictions using the first three models are not as effective as desired when compared to the
ground truth. However, based on our pre-trained foundation model, SFM # 512, SFM Frozen and
SFM Fine-tune outperform the Unet and Deeplab methods, showcasing the significant impact of
our pre-trained model in enhancing model performance (c). The bar charts displayed the IoU
and CPA for each class. Notably, the SFM Fine-tune and SFM Frozen methods consistently
demonstrate stable and superior performance across all classes (d). We also show the mean IoU
and Accuracy of the models on the validation seismic slices that are arranged in terms of distance
from the training dataset (lower-right panels). We observe that the SFM Fine-tune and SFM
Frozen models’ performance remains more stable as they move further away from the training
data, indicating better generalization. 7



500 samples served as the validation dataset (Fig. 4b).
Similarly, we compared the Unet, Deeplab, Transformer From Scratch, SFM Frozen, and

SFM Fine-tune models. From the overall performance on the validation dataset (as shown in
Table 1) and the visualizations of the predictions on the validation dataset (Fig. 4c), it was evident
that both the SFM Fine-tune and SFM Frozen models consistently exhibited superior IoU and
CPA for the two classes. We also showed the statistics of mean IoU and Pixel Accuracy across
all validation samples (Fig. 4d). The SFM Fine-tune and SFM Frozen models outperformed the
other ones in the majority of the validation dataset (with density concentrated in the high mean
IoU and Pixel Accuracy region).

Table 1: Segment Task Performance

Seismic Facies Classification Seismic Geobody Identification

Method mean IoU Pixel Accuracy mean IoU Pixel Accuracy

Unet 0.5851 0.8779 0.8497 0.9396
Deeplab 0.5564 0.8618 0.8325 0.9317
Transformer
From Scratch 0.4858 0.7822 0.7989 0.9178

SFM Frozen 0.6417 0.9148 0.8577 0.9424
SFM Fine-tune 0.7294 0.9377 0.9145 0.9667
SFM Fine-tune 512 0.7980 0.9430 - -

Note: Bold values represent the best performance.

Inversion (Reflectivity Estimation) In the field of geophysics, obtaining accurate subsurface
physical parameters remains a challenging task. Extracting real-world rock properties from bore-
hole logging is both costly and impractical for large-scale applications. Hence, geophysicists
resort to various feasible methods for signal acquisition. Once signals are acquired, geophysicists
undergo signal processing and inversion techniques to reflect the desired subsurface information
and rock properties, such as lithology. Seismic inversion is one such method, mapping geophys-
ical data to physical models that help understand subsurface physical properties like reflectivity,
impedance, and water saturation. These inverted subsurface physical models can be used for
disaster early warning, energy exploration, and the development of underground spaces in smart
cities.

We tested our SFM’s application in the task of reflectivity model inversion, which served as
a representative example of inversion problems. Due to the lack of real labels, we simulated
a reflectivity-seismic dataset as the training dataset and utilized the 3-D seismic volume and
the corresponding reflectivity model from the SEAM Phase I model as the validation dataset.
Specifically, as shown in Fig. 5, we performed geological forward modeling to generate 2200
seismic reflectivity models of size 224×224 [Wu et al., 2020] and simulated their corresponding
seismic data as the training dataset (Fig. 5a). For the validation dataset, we segmented the SEAM
Phase I model (Fig. 5b) by using the same method in Data preparation section. Finally, we
obtained a total of 5000 pairs of 224×224 seismic data for the validation dataset (Fig. 5b).
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c) Validation Results

d) Evaluation Statistics

Geobody Identification (Salt) a) 4000 Field Training Data pairs 224*224 b) 17 Field Validation Data pairs 768*768 

Seismic
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Figure 4: Seismic Geobody (Salt) Identification Task: Utilizing the TGS Salt Identification Chal-
lenge seismic salt dataset, we allocated 3500 data for training (a) and reserved the remaining 500
data for validation (b).In this dataset, we test the Unet, Deeplab, Transformer From Scratch, SFM
Frozen, and SFM Fine-tune models (c). The predictions from the Unet, Deeplab, and Trans-
former From Scratch models exhibit outliers and holes that are mis-predicted. Conversely, the
SFM Frozen and SFM Fine-tune models displayed a more reasonable pattern with continuous
predictions, aligning better with the labels. The bar charts illustrate the IoU and CPA for each
class (d). Notably, the SFM Fine-tune and SFM Frozen models consistently exhibit robust and
superior performance across all classes. Additionally, we present statistical summaries of mean
IoU and Accuracy for various methods on the validation dataset, where the SFM Fine-tune and
SFM Frozen models tend to concentrate on higher IoU and Accuracy, suggesting a more favorable
performance of our proposed methods. 9



Again, we compared the Unet, Transformer From Scratch, SFM Frozen, and SFM Fine-tune
models. As shown in the validation results (Fig. 5c), the Unet model exhibited shortcomings in
some low signal-to-noise ratio (SNR) data, presenting abrupt short and cluttered predictions of
the reflections. Such performance was deemed unacceptable in practice. On the other hand, the
Transformer-based methods demonstrated superior performance in this aspect. To provide a com-
prehensive comparison, we introduced Multi-Scale Structural Similarity (MS-SSIM) as a metric
to evaluate the model performance. Since the predictions of all the networks were relative re-
flectivity models, evaluating absolute reflectivity values was not appropriate. Therefore, we only
used MS-SSIM as the evaluation parameter. The overall performance on the validation dataset of
5000 samples (as shown in Table 2) indicated that both SFM Fine-tune and SFM Frozen, which
are associated with our seismic foundational model, outperformed other models. Furthermore,
the MS-SSIM distribution plot in Fig. 5d showed that SFM Fine-tune and SFM Frozen models
predominantly concentrated in regions with higher structural similarity. By training on synthetic
data, our method can also be generalized to field data (Supplementary Figure S2). These results
demonstrated that our foundation model leveraged synthetic data to incorporate geophysicists’
understanding of physical processes for inversion results.

Denoise Signal processing is another key research focus in the field of geophysics. Due to
variations in acquisition devices and processing techniques, geophysicists often encounter sub-
surface images with different signal-to-noise ratios (SNRs). The SNR directly impacts our ability
to extract crucial structural information and lithological variations. Various types of interference
noise pose challenges, including random noise, radio industry interference, low-frequency noise,
ground-roll noise, and multiple reflections [Mousavi and Beroza, 2022]. The objective of noise
removal is to eliminate such interference signals and highlight the essential information. How-
ever, in field data, distinguishing between noise and valuable signals might be difficult. Hence,
for this task, we employed forward modeling to synthesize the dataset. We generated 2000 noise-
free seismic data and subsequently added random noise to obtain seismic data with noise. Each
pair of data before and after noise addition formed a training sample pair (Fig. 6a). For the val-
idation dataset, we opted to evaluate the model’s performance on field data. Thus, we selected
a 3-D dataset (Fig. 6b) and segmented it into 2-D 224×224 seismic data by using the method
mentioned in Data preparation section, resulting in a total of 4000 224×224 profiles for the
validation dataset (Fig. 6b).

In the noise removal task dataset, we also compared the performance of Unet, Transformer
From Scratch, SFM Frozen, and SFM Fine-tune models. The results (Fig. 6c) on the validation
dataset demonstrated the difference between the predicted results and the original noisy data.
Ideally, this removal noise should not contain any useful signal, and the predicted denoise result
should retain the same structure as the original data. We observed that the Unet model tended
to remove signals during the denoising process, leading to structural losses in some areas. This
is an undesirable outcome in denoise methods. Transformer-based methods, on the other hand,
performed relatively better in preserving the structure. Due to the lack of true labels without
noise, to better describe the comparison results, we not only compared the MS-SSIM between
the predicted results and the original seismic data but also between the residuals and the original
seismic data. We expected the denoised images to resemble the original images more while
making the residuals less similar to the original seismic images. The overall performance of
the 4000 samples in the validation dataset (as shown in Table 2) indicated that both SFM Fine-
tune and SFM Frozen methods performed well. Moreover, from the MS-SSIM distribution of the
predicted results and the residuals in Fig. 6d, we can observe that SFM Fine-tune and SFM Frozen

10



c) Validation Results

d) Evaluation Statistics

Inversion Data (Reflectivity model )

a) 4000 Synthetic Training Data pairs 224*224 b) 5000 Synthetic Validation Data pairs 224*224

Seismic
Transformer 
From Scratch SFM Frozen SFM Fine-tune LabelUnet

Figure 5: Seismic Inversion (Reflectivity Model) Task: We synthesized 4000 data for training (a)
and employed 5000 validation samples, extracted from a more realistic SEAM phase I model,
for validation (b). For this task, we compared the performance of the Unet, Transformer From
Scratch, SFM Frozen, and SFM Fine-tune models(c). The predictions of the Unet model exhibit
erratic features in low signal-to-noise ratio areas and lack continuity in reflectors. Conversely,
other three models displayed more continuous reflectors. The statistical summaries of MS-SSIM
between predictions and labels (d) reveal that the SFM Frozen and SFM Fine-tune models pre-
dominantly converge in regions of higher structural similarity, signifying greater similarity in the
predicted reflectivity models.
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methods primarily focused on regions with higher structural similarity for the predicted results
and regions with lower structural similarity for the residuals, which aligned with our expectations
for denoise.

Interpolation In the field of geophysics, another important problem that requires attention is
interpolation. During the process of signal acquisition, the observation system may be limited
by natural and human factors, leading to data missing in some areas. Interpolating the missing
data is beneficial for data analysis and subsequent inversions. Seismic interpretation can also help
geophysicists and geologists interpret geological structures, describe stratigraphic contacts, and
gain a more comprehensive understanding of subsurface formations. Interpolation algorithms
have been developed and widely applied by many experts, and traditional methods work well for
cases with a low proportion of missing and discontinuous traces. However, for situations with
a large proportion of missing and continuous traces, the problem becomes more challenging. In
this context, we selected 6000 seismic data from field as the interpolation training dataset and
randomly masked a portion of continuous seismic traces, setting the missing ratio at 25% (Fig.
7a). The corresponding labels for the input data were known because we possessed complete
seismic data. Similarly, we selected 4000 field seismic data samples for building the validation
dataset (Fig. 7b).

For the interpolation task, we also compared the performance of the Unet, Transformer From
Scratch, SFM Frozen, and SFM Fine-tune models. Fig. 7c displayed the interpolation results and
residuals, where we can observe that the Unet model tended to disconnect continuous geological
structures. In comparison, SFM Frozen and SFM Fine-tune methods demonstrated better con-
tinuity for complex geological structures. We employed Mean Square Error (MSE), MS-SSIM,
and Peak Signal-to-Noise Ratio (PSNR) to evaluate the similarity between the interpolated results
and the labels (Fig. 7d). From the distribution on the validation datasets and the overall average
metrics (Table 2), we can observe that SFM Frozen and SFM Fine-tune models performed better.
These results indicated that our foundation model can reasonably complete missing information
by attending to global features, making the seismic data more visually reflective of subsurface
geological structures.

Table 2: Regression Task Performance

Inversion Signal Processing Interpolation

Method MSSSIM MSSSIM MSSSIM-R↓ MSE MSSSIM PSNR

Unet 0.4105 0.6964 0.6259 0.7416 0.5376 12.1442
Transformer
From Scratch 0.4073 0.9131 0.5743 0.7235 0.5377 12.2200

SFM Frozen 0.4148 0.9280 0.4181 0.7197 0.5414 12.2569
SFM Fine-tune 0.4383 0.9547 0.4936 0.7108 0.5414 12.2922

Note: Bold values represent the best performance. (R) represent the residual noise
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c) Validation Results

d）Evaluation Statistics

Sesimic Processing (Denoise)

a) 2000 Synthetic Training Data pairs 224*224 b) 4000 Field Validation Data pairs 224*224

Seismic
Transformer From 
Scratch/ Residual

SFM Frozen
/ Residual

SFM Fine-tune
/ ResidualUnet/ Residual

Figure 6: Seismic Signal Processing Data (Denoise) Task: We synthesized 2000 data for training
(a)and extracted 4000 profiles from a field seismic data for validation (b). On this dataset, we
conducted comparative testing of the Unet, Transformer From Scratch, SFM Frozen, and SFM
Fine-tune models (c). Predictions from the Unet models exhibit an over-removal of valid signals,
resulting in discontinuities and information loss in structures. In contrast, predictions from the
other three models demonstrate an enhanced data signal-to-noise ratio, with removed noise con-
taining minimal strong energy signals. The statistical graphs showcase MS-SSIM between pre-
dictions and original data, as well as MS-SSIM between residuals and original data (d). Notably,
predictions from the SFM Frozen and SFM Fine-tune models align predominantly in regions of
higher structural similarity, with residuals focusing on areas of lower structural similarity. This
suggests that our predicted results closely resemble the original data in terms of structure, and the
removed noise contains fewer valid signals. 13



c) Validation Results

d) Evaluation Statistics

Interpolation Data and Label a) 6000 Field Training Data pairs 224*224 b) 2000 Field Validation Data pairs 224*224

Seismic Input/Label
Transformer From 
Scratch /Residual SFM Frozen /Residual SFM Fine-tune/ResidualUnet/Residual

Figure 7: Seismic Interpolation Task: We employed 6000 field data for training and 2000 field
data for validation. For this task, we conducted comparative experiments on the models of the
Unet, Transformer From Scratch, SFM Frozen, and SFM Fine-tune. Predictions from the Unet
mode reveal discontinuities in interpolated structures. Comparatively, predictions from the other
three models tend to maintain a more continuous structural representation. The statistical graphs
showcase MSE, PSNR, and MS-SSIM between predictions and original data. Notably, predic-
tions from the SFM Frozen and SFM Fine-tune models tend to align more in regions of higher
structural similarity, higher PSNR, and lower MSE. This implies that our predicted results closely
resemble the original data in both structural and numerical aspects.
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1 Discussion
In this article, we presented an entire workflow for developing a seismic foundation model (SFM)
and collected datasets for pre-training and evaluation. The worldwide sourced data from 192
3-D seismic datasets constituted a feature-rich dataset. This feature-rich dataset provided am-
ple resources to train our robust feature extraction model. Leveraging the pre-trained SFM for
feature extraction from seismic data proved highly effective in addressing various geophysical
challenges, including classification (i.e. seismic facies), segmentation (i.e. seismic geobody),
inversion (i.e. reflectivity estimation), signal processing (i.e. denoise), and interpolation. Be-
yond offering our pre-trained SFM, we provided the pre-training dataset as well as downstream
task training and validation datasets for model evaluation. These datasets could prove benefi-
cial in overcoming the prevalent challenge of evaluating deep learning methods across various
data sources. As most current deep learning methods rely on individually collected or synthe-
sized datasets for validation and aid in addressing specific regional problems, they fall short of
accurately assessing the true impact of deep learning, potentially leading to misguided enthusi-
asm. Hopefully, the data we have collected will provide a fair comparison platform for evaluating
models.

To verify the effectiveness of our pre-trained model, we conducted a comprehensive assess-
ment of SFM across various tasks. The comparative analysis with Transformer From Scratch
served to underscore the substantial enhancements conferred by pre-trained parameters. SFM
Frozen’s performance underscored its capacity to extract valuable features that guide downstream
tasks, affirming the SFM’s adeptness at discerning vital seismic data insights. Further, our exper-
iments with SFM Fine-tune, involving overall fine-tuning, manifested superior results in contrast
to the practice of freezing all Encoder parameters during post-training. The commendable out-
comes of both SFM Fine-tune and SFM Frozen can be attributed to two critical factors. Firstly,
the robust architecture of the Transformer framework plays an instrumental role. This advantage
can be attributed to the Transformer’s global attention mechanism, which allows the extraction
of global seismic features for the various seismic processing and interpretation tasks. Secondly,
initializing the foundation model with enhanced parameters empowered the network to capture
pivotal seismic features more effectively. Our SFM Frozen and SFM Fine-tune models exhib-
ited substantial performance gains when compared to the same architecture without the benefit of
pre-trained foundation model parameters (Transformer From Scratch). This substantiated that a
large and diverse unlabeled dataset significantly contributed to a proficient Encoder, essential for
deciphering seismic data complexities, aligning seamlessly with the SFM’s intended utility and
performance.

The versatility of our SFM was evident through its superior generalization observed in seis-
mic facies classification and seismic geobody identification tasks. This attribute facilitated the
expansion of our model’s expertise across a broader spectrum of data by synergizing with lim-
ited expert-interpreted experiences, thereby presenting a potent solution to diverse geophysical
challenges. On another facet, our SFM, fortified by extensive data-driven training, harmoniously
integrates with the physics-driven element of synthetic data in regression tasks. This synergy cul-
minates in an advanced capacity to resolve geophysical conundrums more effectively. The jux-
taposition of empirical and synthetic data sources augments the model’s overall problem-solving
aptitude, exemplifying the comprehensive capabilities of our SFM model in addressing a diverse
array of geophysical inquiries.

Our pre-trained seismic foundational model, which demonstrated stronger versatility, better
generalization, scalability, a greater attention on global information, and full utilization of vast
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unlabeled data, aligned well with our expectations for seismic models.
1. Multi-task versatility: Through testing on multiple tasks, our model exhibited good perfor-
mance across various tasks.
2. Generalization: Our model made stable predictions on validation data that are significantly
different from the training data, indicating strong generalization.
3. Scalability: Our foundation model pre-trained on 224×224 data can also be successfully ap-
plied to 768×768 data in the downstream tasks.
4. Global information Attention: Leveraging the Transformer architecture enabled our model
to capture global information, as demonstrated in multiple tasks (seismic facies classification,
seismic geobody identification, reflectivity model inversion, denoising, and interpolation). Our
method excels in achieving high structural continuity, a key aspect we desire in practical applica-
tions of neural networks.
5. Full utilization of vast unlabeled data: Through self-supervised pre-training on massive
amounts of unlabeled dataset of field seismic data, our seismic foundation model can effectively
alleviate the lack of labeled training data in practical deployment of deep learning models. With
its superior feature extraction capabilities, the foundation model can be efficiently and effectively
fine-tuned for a specific downstream task through transfer-learning, even with on a small training
dataset (e.g., 100 seismic facies training pairs) for that particular task. This presents a potential
application: we can interpret a small portion of profiles with expert knowledge, and the foun-
dational model can then generalize this knowledge to the rest of uninterpreted data in practical
production.

In the application of our SFM, we found that there are still some issues related to the foun-
dation model that need to be explored, such as how to utilize the computer vision pre-trained
model to help geophysical problems and how to choose the Decoder when applying our model.
While leveraging pre-trained computer vision models may seem convenient, effectively matching
seismic data to natural images to make computer vision models adaptable to seismic images is
an area that requires further exploration. We tested a simple approach by replicating seismic data
three times to create three-channel data, then fine-tuning a pre-trained computer vision model
on downstream tasks. However, due to the differences between seismic data and natural images,
this approach did not perform as well as our foundational model. However, it is still a potential
direction if we find a way to map seismic data to natural images.

Another issue worth exploring is about Decoder architecture, we found that fusing outputs
from multiple layers was beneficial for segmentation tasks. The shallow layers of the Transformer
block in Vision Transformer focus on local information, while the deeper layers emphasize global
information. Fusing both local and global information is more advantageous for segmentation
tasks (Supplementary Fig. S1). For regression tasks, a more complex Decoder is required, thus we
introduced more learnable parameters and adopted a Unet-like module (like the right expansion
path of Unet) for continuous upsampling in the Decoder (Supplementary Fig. S1). It’s worth
noting that the Decoder architecture we used is illustrative, and exploring how to leverage the
foundational model’s Decoder architecture for different tasks deserves further research. More
details about the Decoder architecture are included in the supplementary file.

In fact, the training approach presented in this paper can be applied to train other foundation
models for geoscience. Here are some feasible directions for the future:
1. Professional Geoscience Language Models based on language models and knowledge
graphs: Utilizing geoscience literature and books, these models can provide professional knowl-
edge in a question-answer format, promoting the dissemination of geoscience knowledge.
2. Multimodal Geoscience Models: Training language models to guide image models is an
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emerging trend. By combining language with geoscience data, we can train models more ef-
ficiently (leveraging pre-trained language models). Language can serve as a prompting engine,
defining or guiding geoscience tasks (e.g., how to classify seismic data into facies) and generating
seismic science schematic diagrams (e.g., schematic diagrams of normal faults, salt domes, and
subsurface structures).
3. Lightweight Deployment of Large Geoscience Models: Future directions include knowledge
distillation to reduce model memory consumption while preserving performance. This allows for
faster inference, enabling real-time monitoring, disaster risk warning, and other applications.
Moreover, lightweight models combined with interaction allow experts to continuously correct
model results. For instance, experts can provide 1-2 points or rough lines to interpret the distri-
bution of faults/salt domes in the subsurface or interpret seismic facies. Alternatively, they can
input the necessary corrections to the model using text.

In conclusion, we believe that foundation models in geoscience are a feasible and promising
trend for the future. They serve as a breakthrough in the application of AI in the field of intelli-
gent geoscience. By harnessing the power of the powerful feature extraction capabilities of the
foundation models, they can offer superior versatility, better generalization, and enhanced per-
formance in various geophysical tasks, opening new possibilities for advancing geoscience data
analysis, subsurface structure interpretation, and other geoscience investigations.

2 Methods
The application of our foundation model (as shown in Supplementary Fig. S1) involved two
stages of training: Pre-training and Downstream task application. In the Pre-training stage (up-
per part of Supplementary Fig. S1), we used a diverse set of training dataset and employed the
Masked Autoencoders (MAE) method [He et al., 2022] as the Pre-training method. In the Down-
stream task stage, we utilized the parameters obtained from our pre-trained foundation model to
extract features, which were then fed into a simple Decoder network for further Downstream task
applications. The Decoder network was divided into two categories of segmentation (seismic
facies classification and seismic geobody identification) and regression tasks (denoising, reflec-
tivity model inversion, and interpolation). Although both tasks involve pixel-level outputs, their
levels of difficulty differ. It is necessary to design different types of Decoder networks tailored to
optimize the model’s performance on different tasks.

2.1 Pre-train Stage
1. Embedding Module: The input seismic data was divided into non-overlapping patches of size
16×16. 75% of these patches were randomly masked, and the remaining 25% were fed into the
network to obtain patch features through a learnable linear projection (patch embedding). We
also incorporated 2-D position embedding to retain positional information. Here, we compared
the mask ratio of 50% and 75%. Experiments showed that with 20% additional information
provided, the reconstructed image is improved by 6.3% on MS-SSIM, MSE is reduced by 15.6%,
and PSNR is improved by 4.0%. Masking 50% of the patches resulted in better image restoration,
but our goal is to train a better Encoder that can reconstruct images with fewer visible patches.
Therefore, we chose a mask ratio of 75%. When the ratio was set to 90%, the input information
would be too sparse (e.g., in a 224×224 image, only 20 patches are visible to predict 196 patches),
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making training hard to converge and preventing the attainment of a high-quality Encoder.
2. Encoder Module: After obtaining the embedding for each patch, we fed these embeddings

into multiple Transformer Blocks. Each Transformer block consisted of a MSA (Multiple Self-
Attention) module and a MLP (Multi-Layer Perceptron) module. Layer Norm was applied to
the features before feeding them into the modules to stabilize the distribution of feature values.
Besides, Residual Connection was applied after the modules’ output to enhance the network’s
ability to overcome gradient vanishing. Here, we provided two Encoder modules to be adapted to
different tasks: ViT-Base and ViT-Large. The ViT-Base model consists of 12 Transformer Layers,
a Hidden size (D) of 768, an MLP size of 3072, and 12 heads. The ViT-Large model comprises
24 Transformer Layers, a Hidden size (D) of 1024, an MLP size of 4096, and 16 heads.

3. Decoder Module: We merged the features obtained from the Encoder’s output with the
learnable features of the masked patches. These merged features were then collectively fed into
the Decoder’s Transformer Block to produce the final features. Considering that seismic images
were less complex than natural images, we performed simple tests on a small dataset to strike a
balance between computational efficiency and accuracy (Supplementary Table S1). As a result,
we decided on the following Decoder configuration: 4 Transformer Layers, a Hidden size (D) of
256, an MLP size of 1024, and 16 heads.

4. Output Module: The output features were transformed into pixel features through a linear
projection and subsequently reshaped into seismic images.

2.2 Downstream Task Application Stage
The well-trained foundation model obtained by the Pre-training Stage was utilized for feature ex-
traction in downstream tasks. We employed the extracted features as input to a simple Decoder.
Two types of Decoders were designed to accommodate different task complexities: one for seg-
mentation tasks (seismic facies classification and seismic geobody identification) and the other
for regression tasks (denoising, reflectivity model inversion, and interpolation). For the Decoder
used in segmentation tasks, we adopted a structure similar to SERT-MLA[Zheng et al., 2021].
Specifically, we concatenated the outputs from the 3rd, 6th, 9th, and 12th (or 6th, 12th, 18th, and
24th for the Large model) Transformer blocks of the Base (or Large) foundation model. We then
performed 4x upsampling and applied a set of convolutional layers. To match the size of the input
image, we also implement an upsampling operator.

As for the Decoder used in regression tasks, we adopted a similar upsampling module to Unet.
We took the output from the last layer of our foundation model and fed it through a series of op-
erations: convolution, 2x upsampling, convolution, repeated four times to maintain the feature
dimension consistent with that of the input data. Additionally, we applied a convolutional opera-
tion to the input data and concatenated it with the output of the upsampling module. Finally, we
used a convolutional module to produce the ultimate regression result.

2.3 Loss function and Evaluation metrics
In the Pre-training stage, we chose Mean Squared Error (MSE) Loss as the Loss function. While
computing the loss for masked patches, we did not apply mean-variance normalization to each
small patch. Using normalization weakens the amplitude contrast information, which distin-
guishes seismic data from natural images. Therefore, we decided not to include patch mean-
variance normalization when calculating the loss ( Supplementary Table S1). In the Downstream
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Task Application Stage, we used two different losses for segmentation and regression tasks, re-
spectively. The choice of different loss functions for specific tasks was based on their respective
requirements. For segmentation tasks (seismic facies classification and seismic geobody identi-
fication), the CrossEntropy loss is employed to measure the total entropy between the predicted
output probability distribution and the label probability distribution. For regression tasks (de-
noising, reflectivity model inversion, and interpolation), the loss function consisted of a weighted
combination of the MSE loss and the Multi-Scale Structural Similarity (MS-SSIM) loss. By in-
corporating the MS-SSIM loss, the network can learn more structural information. In addition,
we calculated loss only in the missing part of the interpolation task. More training Settings are
shown in the Supplementary Table S2.

Regarding the evaluation metrics, segmentation tasks (seismic facies classification, geological
target detection) were assessed using Accuracy and Intersection over Union (IoU). For regression
tasks (denoising, reflectivity model inversion, and interpolation), the evaluation metrics including
MSE, PSNR, and MS-SSIM were employed. These evaluation metrics provided comprehensive
measures to assess the performance and accuracy of the model in various geophysical applica-
tions, ensuring a thorough evaluation of the model’s capabilities across different tasks.

Data availability
Pre-training data and downstream task data links are organized on GitHub.

Code availability
Pre-training code and downstream task code links are organized on GitHub.
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Thibaut Perol, Michaël Gharbi, and Marine Denolle. Convolutional neural network for earth-
quake detection and location. Science Advances, 4(2):e1700578, 2018.

Nam Pham, Sergey Fomel, and Dallas Dunlap. Automatic channel detection using deep learning.
Interpretation, 7(3):SE43–SE50, 2019.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In International conference on machine learning,
pages 8748–8763. PMLR, 2021.

Suman Ravuri, Karel Lenc, Matthew Willson, Dmitry Kangin, Remi Lam, Piotr Mirowski, Megan
Fitzsimons, Maria Athanassiadou, Sheleem Kashem, Sam Madge, et al. Skilful precipitation
nowcasting using deep generative models of radar. Nature, 597(7878):672–677, 2021.

Markus Reichstein, Gustau Camps-Valls, Bjorn Stevens, Martin Jung, Joachim Denzler, Nuno
Carvalhais, and fnm Prabhat. Deep learning and process understanding for data-driven earth
system science. Nature, 566(7743):195–204, 2019.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for
biomedical image segmentation. In International Conference on Medical image computing
and computer-assisted intervention, pages 234–241. Springer, 2015.

Zachary E Ross, Men-Andrin Meier, and Egill Hauksson. P wave arrival picking and first-motion
polarity determination with deep learning. Journal of Geophysical Research: Solid Earth, 123
(6):5120–5129, 2018.

Zachary E Ross, Yisong Yue, Men-Andrin Meier, Egill Hauksson, and Thomas H Heaton.
Phaselink: A deep learning approach to seismic phase association. Journal of Geophysical
Research: Solid Earth, 124(1):856–869, 2019.

Bertrand Rouet-Leduc, Claudia Hulbert, Ian W McBrearty, and Paul A Johnson. Probing slow
earthquakes with deep learning. Geophysical research letters, 47(4):e2019GL085870, 2020.

SARIG. Resource and energy georeference databases,south australian resources information
gateway. https://walrus.wr.usgs.gov/namss/search/.

SEG. Open data on the seg wiki,society of exploration geophysicists. https://wiki.seg.
org/wiki/Open_data/.

22

https://walrus.wr.usgs.gov/namss/search/
https://wiki.seg.org/wiki/Open_data/
https://wiki.seg.org/wiki/Open_data/


Yongxiang Shi, Marco Ballesio, Kasper Johansen, Daniel Trentman, Yunsong Huang, Matthew F
McCabe, Ronald Bruhn, and Gerard Schuster. Semi-universal geo-crack detection by machine
learning. Frontiers in Earth Science, 11:1073211, 2023.

Yunzhi Shi, Xinming Wu, and Sergey Fomel. Saltseg: Automatic 3d salt segmentation using a
deep convolutional neural network. Interpretation, 7(3):SE113–SE122, 2019.

USGS. The national archive of marine seismic surveys,u.s. geological survey. https:
//walrus.wr.usgs.gov/namss/search/.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Łukasz Kaiser, and Illia Polosukhin. Attention is all you need. Advances in neural information
processing systems, 30, 2017.

Benfeng Wang, Ning Zhang, Wenkai Lu, and Jialin Wang. Deep-learning-based seismic data
interpolation: A preliminary result. Geophysics, 84(1):V11–V20, 2019.

Hanchen Wang, Tianfan Fu, Yuanqi Du, Wenhao Gao, Kexin Huang, Ziming Liu, Payal Chandak,
Shengchao Liu, Peter Van Katwyk, Andreea Deac, et al. Scientific discovery in the age of
artificial intelligence. Nature, 620(7972):47–60, 2023a.

Kun Wang, Christopher W Johnson, Kane C Bennett, and Paul A Johnson. Predicting future
laboratory fault friction through deep learning transformer models. Geophysical Research
Letters, 49(19):e2022GL098233, 2022.

Limin Wang, Bingkun Huang, Zhiyu Zhao, Zhan Tong, Yinan He, Yi Wang, Yali Wang, and
Yu Qiao. Videomae v2: Scaling video masked autoencoders with dual masking, 2023b.

Xinming Wu, Luming Liang, Yunzhi Shi, and Sergey Fomel. Faultseg3d: Using synthetic data
sets to train an end-to-end convolutional neural network for 3d seismic fault segmentation.
Geophysics, 84(3):IM35–IM45, 2019.

Xinming Wu, Zhicheng Geng, Yunzhi Shi, Nam Pham, Sergey Fomel, and Guillaume Caumon.
Building realistic structure models to train convolutional neural networks for seismic structural
interpretation. Geophysics, 85(4):WA27–WA39, 2020.

Yue Wu and Youzuo Lin. Inversionnet: An efficient and accurate data-driven full waveform
inversion. IEEE Transactions on Computational Imaging, 6:419–433, 2019.

Fangshu Yang and Jianwei Ma. Deep-learning inversion: A next-generation seismic velocity
model building method. Geophysics, 84(4):R583–R599, 2019.

Lei Yang, Xin Liu, Weiqiang Zhu, Liang Zhao, and Gregory C Beroza. Toward improved urban
earthquake monitoring through deep-learning-based noise suppression. Science advances, 8
(15):eabl3564, 2022.

Sixiao Zheng, Jiachen Lu, Hengshuang Zhao, Xiatian Zhu, Zekun Luo, Yabiao Wang, Yanwei Fu,
Jianfeng Feng, Tao Xiang, Philip H.S. Torr, and Li Zhang. Rethinking semantic segmentation
from a sequence-to-sequence perspective with transformers. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), pages 6881–6890, June
2021.

23

https://walrus.wr.usgs.gov/namss/search/
https://walrus.wr.usgs.gov/namss/search/


Weiqiang Zhu and Gregory C Beroza. Phasenet: a deep-neural-network-based seismic arrival-
time picking method. Geophysical Journal International, 216(1):261–273, 10 2018.

Weiqiang Zhu, Ian W McBrearty, S Mostafa Mousavi, William L Ellsworth, and Gregory C
Beroza. Earthquake phase association using a bayesian gaussian mixture model. Journal of
Geophysical Research: Solid Earth, 127(5):e2021JB023249, 2022a.

Weiqiang Zhu, Kai Sheng Tai, S Mostafa Mousavi, Peter Bailis, and Gregory C Beroza. An
end-to-end earthquake detection method for joint phase picking and association using deep
learning. Journal of Geophysical Research: Solid Earth, 127(3):e2021JB023283, 2022b.

24



3 Supplementary Information
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Figure S1: Network architecture of Seismic Foundation Model (SFM) at two stages: Pre-training
and Downstream Task Application. In the Pre-training stage, we utilize a diverse training dataset
and employ the Masked Autoencoders (MAE) for initial feature extraction. Specifically, 75%
of randomly selected patch data undergo masking, followed by input into the encoder network.
Subsequently, the missing features are supplemented with learnable features, forming a complete
set of corresponding features. The Pre-trained decoder network then generates outputs for all
patches. The trained encoder is repurposed as the Seismic Foundation Model for downstream
tasks. In the Downstream Task stage, we leverage the SFM to extract features, which are subse-
quently fed into a simplified decoder network for further application. This downstream decoder
network is bifurcated into two branches, each tailored to accommodate specific tasks such as seg-
mentation, regression, and so on. For segmentation tasks, outputs are derived by concatenating
outputs from various layers of Transformer Blocks, followed by interpolation of feature sizes to
achieve the final output. For regression tasks, the final layer’s output is progressively transformed
through convolution-upsampling-convolution modules to match the input image’s dimensions.
Ultimately, these outputs are concatenated with specific features derived from convolutions ap-
plied to the input image.
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Inversion (Reflectivity model ) – Field Data Example

Seismic
Transformer 
From Scratch SFM Frozen SFM Fine-tuneUnet

Figure S2: Seismic Inversion (Reflectivity Model) Task on Field Data: We compared the perfor-
mance of the Unet, Transformer From Scratch, SFM Frozen, and SFM Fine-tune models on field
data. Despite the lack of labeling of the field data, we can still observe that the predictions of
the Unet model exhibit erratic features in low signal-to-noise ratio areas and lack continuity in
reflectors. Conversely, other three models displayed more continuous reflectors.
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Table S1: Ablation experiments on the decoder at the pre-training stage.

Index Mask Ratio Dim Depth Loss Function

0.75 0.5 512 256 8 4 1
w/o

norm
w/

norm

MS-SSIM 0.392 0.417 0.392 0.382 0.487 0.480 0.462 0.392 0.346
MSE 0.833 0.702 0.833 0.799 0.445 0.455 0.463 0.833 0.947
PSNR 21.77 22.65 21.77 21.93 23.19 23.10 23.01 21.77 21.22

Table S2: Pre-Training and Fine-tune Setting.

Task optimizer base lr
batch
size

lr
schedule

warmup
epochs

training
epochs

Pre-trained AdamW 1.5e-4 9280 cosine 40 1600

Facies
Classifcation AdamW 1.5e-3 1 cosine 10 100

GeoBodies
Identification AdamW 1.5e-3 64 cosine 10 100

Reflectivity
Estimation AdamW 6.4e-4 60 cosine 10 100

Denoise AdamW 6.4e-4 60 cosine 10 100

Interpolation AdamW 1.5e-4 50 cosine 10 300

Note: AdamW[Loshchilov and Hutter, 2017], warmup epochs [Goyal et al., 2017],lr schedule [Loshchilov and
Hutter, 2016]. lr represent learning rate.
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