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Abstract

Full waveform inversion (FWI) is widely used in geophysics to reconstruct high-
resolution velocity maps from seismic data. The recent success of data-driven
FWI methods results in a rapidly increasing demand for open datasets to serve
the geophysics community. We present OPENFWI, a collection of large-scale
multi-structural benchmark datasets, to facilitate diversified, rigorous, and repro-
ducible research on FWI. In particular, OPENFWI consists of 12 datasets (2.1TB
in total) synthesized from multiple sources. It encompasses diverse domains in
geophysics (interface, fault, CO2 reservoir, etc.), covers different geological sub-
surface structures (flat, curve, etc.), and contains various amounts of data samples
(2K - 67K). It also includes a dataset for 3D FWI. Moreover, we use OPENFWI to
perform benchmarking over four deep learning methods, covering both supervised
and unsupervised learning regimes. Along with the benchmarks, we implement
additional experiments, including physics-driven methods, complexity analysis,
generalization study, uncertainty quantification, and so on, to sharpen our under-
standing of datasets and methods. The studies either provide valuable insights into
the datasets and the performance, or uncover their current limitations. We hope
OPENFWI supports prospective research on FWI and inspires future open-source
efforts on AI for science. All datasets and related information (including codes)
can be accessed through our website at https://openfwi-lanl.github.io/

1 Introduction

Understanding subsurface velocity structures is critical to a myriad of subsurface applications, such
as carbon sequestration, reservoir identification, subsurface energy exploration, earthquake early
warning, etc [1]. They can be reconstructed from seismic data with full waveform inversion (FWI),
which is governed by partial differential equations (PDEs) and can be formulated as a non-convex
optimization problem. FWI has been intensively studied in the paradigm of physics-driven ap-
proaches [2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12]. Negative complications of these approaches include high
computation consumption, cycle-skipping, and ill-posedness issues.

With the advance in deep learning techniques, researchers have been actively exploring data-driven
solutions for complicated FWI problems [13, 14, 15, 16, 17]. Recently, data-driven approaches have
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Figure 1:Gallery of OPENFWI , which contains one example of velocity maps from each dataset inOPENFWI.

witnessed exploration for FWI, especially on network architectures such as multilayer perceptron
(MLP) [18, 19], encoder-decoder based convolutional neural networks (CNNs) [17, 20, 21, 22, 23],
recurrent networks [24, 25, 26], generative adversarial networks (GANs) [27, 28, 29], etc. [30]
extended data-driven FWI from 2D to 3D. UPFWI [31] leverages the governing acoustic wave
equation to shift the learning paradigm from supervised to unsupervised. [32] provides a detailed
survey on purely deep learning-based FWI and [33] gives a thorough overview of physics-guided
data-driven FWI approaches.

Data is the oxygen for data-driven approaches, and public datasets �gure prominently in developing
cutting-edge machine learning algorithms. However, the FWI community currently experiences a
lack of large public datasets. The existing seismic datasets [34, 35, 18, 17, 36, 37] have not been
released to the public. As a result, it is dif�cult to perform fair comparisons among different methods.

Table 1:Existing datasets for data-driven FWI. The top row corresponds to ourOPENFWI dataset. The
symbols! and% indicate that the dataset has or does not have the corresponding feature, respectively.

Dataset Public Multi-scale
Domains Geological Structures

2D 3D Interface Fault Salt body CO2 storage Natural structure

OPENFWI ! ! ! ! ! ! % ! !

Wang and Ma [34] % % ! % % % % % !

Liu et al. [35] % % ! % ! ! ! % %

Araya-Poloet al. [18] % % ! % ! % ! % %

Yang and Ma [17] % % ! % ! % ! % %

Renet al. [36] % % % ! ! ! ! % %

Genget al. [37] % % % ! ! ! % % %

Here, we presentOPENFWI, the �rst large-scale collection of open-access multi-structural seismic
FWI datasets based on our knowledge. It contains12datasets, each pairs seismic data with velocity
maps for different subsurface structures. Examples of velocity maps are shown in Figure 1. A
comparison betweenOPENFWI datasets and other existing datasets for data-driven FWI is listed
in Table 1. In contrast to previous datasets, ourOPENFWI datasets are open-source, covering both
2D and 3D scenarios, capturing more geological structures on multiple scales. We emphasize our
datasets have the following favorable characteristics:

• Multi-scale: OPENFWI covers multiple scales of datasets, in terms of the number of data
samples and the �le size. The smallest 2D dataset has15K data samples while the largest
one contains60K samples. Four of the 2D datasets take43GB of space each, which supports
training without massive computational power. The 3D dataset occupies1:4TB of space,
therefore is usually trained in the distributed setting, further expediting the development of
scalable algorithms for deep learning-based FWI.
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Figure 2:Schematic illustration of data-driven FWI and forward modeling. Neural networks are employed
to infer velocity maps from seismic data while forward modeling is to calculate the seismic data using governing
wave equations with velocity map provided.

• Multi-domain: OPENFWI empowers the research on both 2D and 3D scenarios of FWI. The
datasets include velocity maps that are representative of realistic subsurface applications,
such as time-lapse imaging, subsurface carbon sequestration, geologic faults detection, etc.

• Multi-subsurface-complexity:OPENFWI encompasses a wide range of subsurface struc-
tures from simple to complex, such as interfaces, faults, CO2 storages and natural structures
from natural images. The complexity is primarily measured by Shannon entropy. It supports
researchers to start with moderate datasets and re�ne their methods for more challenging
ones.

OPENFWI enables fair comparison among different methods over multiple datasets. We evaluate
three representative methods (InversionNet [20], VelocityGAN [27], and UPFWI [31]) over 2D
datasets, and assess InversionNet3D [30] on the 3D Kimberlina-V1 dataset. We hope these results
provide a baseline for future work. For attempts on reproducibility, please refer to the resources listed
in Section 1 of the supplementary materials, and the licenses therein.

OPENFWI also facilitates other related studies, such as complexity analysis, uncertainty quanti�ca-
tion, generalization and so on. Limited by space, we brie�y summarize the results of these studies
and provide details in the supplementary materials. In particular, good generalizability is considered
an important property of data-driven FWI, as a utopian method is expected to learn the physics rules
of inversion, thus induces small errors when tested with unseen data. However, our empirical study
shows existing methods suffer non-negligible degradation in terms of generalization, and it is related
to the complexity of subsurface structures of the target datasets.

The rest of the paper is organized as follows: Section 2 introduces the physics background of FWI.
Section 3 presents the datasets' properties concerned by domain interests. It follows in Section 4
to brie�y introduce four deep learning methods for benchmarking, and demonstrate the inversion
performance on each dataset. In Section 6, we initiate a discussion on the complexity of subsurface
structure, the generalization performance, and uncertainty quanti�cation, then move forward to future
challenges. Finally, Section 7 concludes the paper.

2 Seismic FWI and Forward Modeling

Figure 2 provides a concise illustration of 2D data-driven FWI and the relationship between velocity
maps and the seismic data therein. The governing equation of the acoustic wave forward modeling in
an isotropic medium with a constant density is as follows:

r 2p �
1
c2

@2p
@t2

= s; (1)
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