communications engineering

Article

A Nature Portfolio journal

https://doi.org/10.1038/s44172-026-00674-9

Adapting general representations of
pretrained vision foundation models to
seismic understanding

M| Check for updates

Zhengfa Bi'?, Xinming Wu ® 20<, Nuo Chen? & Nori Nakata'®

Interpreting seismic data remains challenging because most learning-based approaches rely on
specific architectures that require retraining for each task and generalize poorly across subsurface
regimes when training data are limited. Here, we introduce a cross-domain transfer learning framework
that adapts a vision foundation model for seismic understanding. A lightweight seismic-to-vision
bridge maps seismic data into the representational space of pretrained backbone, while low-rank
adaptation and prefix tuning enable efficient parameter updates that preserve general visual priors.
Geological constraints are incorporated via stratigraphic prompting that injects stratigraphic order into
the latent space, guiding predictions to respect structural consistency. A task-adaptive decoder
enables flexible downstream applications, including facies segmentation, structural interpretation,
and property inversion. The framework outperforms baseline models across diverse tasks and
datasets with fewer parameters, demonstrating that adapting pretrained vision foundation model via
geologically informed prompting and lightweight tuning enables transferable seismic interpretation

and broader data-driven geoscientific applications.

Seismic interpretation plays a central role in subsurface characterization,
offering critical insights into lithostratigraphic sequences, depositional
systems, and the spatial organization of key petroleum system elements"”.
Identifying seismic facies and structural features supports sedimentological
and stratigraphic analysis by capturing spatial variations in reflection
attributes such as amplitude strength, reflection continuity, and spectral or
phase characteristics. Despite its importance, deriving geologically mean-
ingful patterns from seismic data remains inherently challenging. Complex
depositional settings and the progressive loss of resolution with depth often
obscure crucial subsurface features. At the same time, the scale and
dimensionality of seismic datasets continue to increase, while the number of
trained interpreters remains relatively constant.

Although traditional experiential learning partially addresses this
expertise gap, a promising alternative lies in encoding interpretive knowl-
edge into intelligent systems capable of learning directly from data’. Recent
breakthroughs in artificial intelligence, particularly deep learning, have
transformed pattern recognition across scientific disciplines®"’, including
seismology'' ™, atmospheric sciences'*", planetary studies'®"’, and geologic
modeling'*".

In seismic interpretation, supervised deep learning has become the
prevailing paradigm due to its capacity to model complex nonlinear

relationships. Nevertheless, the effectiveness of such models is heavily
constrained by their reliance on large, high-quality labeled datasets.
This dependence introduces issues such as subjectivity in labeling,
limited scalability, and inconsistent taxonomies across regions and
interpreters. To alleviate the scarcity of annotated data, numerous studies”"*”
have adopted synthetic datasets crafted with domain expertise.
While synthetic data can provide scale and control, models trained solely
on artificial examples often suffer from poor generalization to field
data, especially in structurally complex or previously unseen
geological settings’>”’. This limitation arises as synthetic datasets
typically generated through predefined workflows and parametric
models may struggle to capture the full diversity of real-world seismic
patterns.

The recent emergence of foundation models offers a promising
direction for overcoming these limitations. Pretrained on large-scale and
diverse datasets, these models can learn generalized and expressive feature
representations, enabling strong transferability across a wide range of
downstream tasks™**. Their representational capacity driven by billions or
even trillions of parameters, allows them to capture spatial patterns beyond
the ability of conventional task-specific models. Representative examples
such as GPT-4%, PaLM”, DINOv2*, and SAM* have set new performance
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benchmarks in language understanding, image segmentation, and multi-
modal reasoning”*”".

As most foundation models have been developed beyond geosciences,
their extension to seismic interpretation presents a natural yet under-
explored opportunity. Preliminary studies have begun bridging this gap™*,
but widespread adoption has been limited by the lack of massive and well-
curated labeled data, and the prohibitive computational cost of full model
pretraining. As advances in data acquisition improve the resolution and
enrich the content of data, and as model architectures continue to evolve, the
need to repeatedly retrain domain-specific models becomes increasingly
unsustainable.

A practical alternative is to reuse foundation models pretrained on
large-scale natural image datasets and adapt them for seismic applications
via transfer learning. Similar strategies have demonstrated success in other
geoscientific applications, such as global seamount detection™. Despite
differences between natural and seismic imagery, they share similarities in
their dense, array-based representations. Seismic profiles resemble grayscale
images composed of continuous pixel intensities. Furthermore, common Al
tasks such as classification, regression, and anomaly detection are shared
across both domains. These structural parallels suggest that vision foun-
dation models can be effectively adapted for seismic interpretation. Recent
studies” have explored prompt-guided fine-tuning of vision models to
enable instance segmentation and local analysis of seismic features. How-
ever, these approaches stop at vision pattern recognition, and post manual
interpretation is required to link predictions to geological meanings.

In this study, we introduce a transfer learning framework that repur-
poses vision foundation models as seismic backbones through parameter-
efficient adaptation and geological prompting to address core tasks in
seismic interpretation. A seismic bridge aligns amplitude inputs with the
pretrained representation space, while low-rank adaptation (LoRA)” and
prefix tuning™ inject learnable flexibility into attention modules without
retraining billions of parameters. This strategy retains the rich representa-
tional capacity of the foundation model while adapting it to domain-specific
needs. Beyond representation transfer, we embed structural priors into the
latent space of the foundation model, which bridges the gap between data-
driven pattern recognition and physics-guided interpretation. By encoding
stratigraphic ordering and continuity, these priors guide the transformer’s
attention toward geologically consistent regions and act as soft constraints
during optimization. Our framework also couples with a task-adaptive
decoder that accommodates both segmentation and regression, which
enables broad applicability across diverse interpretation scenarios.

We validate our approach across multiple benchmark datasets span-
ning diverse geological settings, showing that it consistently outperforms
both scratch-trained and fully fine-tuned baselines. It achieves superior

accuracy with fewer trainable parameters while preserving fine-scale
structural details. The results indicate the effectiveness of repurposing vision
foundation models in seismic interpretation, and emphasize their potential
to advance data-driven geoscientific discovery under supervision-
constrained conditions. More broadly, our work positions general-
purpose foundation model adaptation as a unifying geologically informed
paradigm for data-driven discovery in the geosciences.

Methods

We introduce a transfer learning framework that employs the representa-
tional power of pretrained vision foundation models (Fig. 1). It enables
seamless adaptation to the seismic domain regardless of the backbone
architecture. Our framework mainly consists of four modules, including a
seismic bridge module, a vision foundation encoder, a task-adaptive deco-
der, and a structure prior prompter. The seismic bridge model aligns the
representation space of seismic inputs with that of natural images for
effective transfer learning with minimal computational overhead. Embed-
ding a LoRA matrix into the frozen backbone enables efficient cross-domain
adaptation without the need for extensive retraining of the foundation
models. The decoder generalizes the feature representations to a wide range
of seismic interpretation tasks. A prompting module integrates geologically
informed priors to enforce physical consistency in predictions.

Bridge model for cross-domain representation alignment

While vision foundation models are originally designed to process natural
images composed of three-channel color inputs, seismic data exhibit dif-
ferent semantic characteristics. These differences can impair the foundation
model’s ability to extract meaningful representations from seismic images.
To mitigate this modality gap, we utilize a lightweight bridge model that
transforms seismic data into a representation space compatible with the
frozen backbone of the pretrained vision model.

This module consists of two convolutional layers followed by nor-
malization and non-linear activation, which project the input seismic data
with single-channel grayscale amplitude maps into high-dimensional fea-
ture representations. The transformed output mimics the properties
expected by vision foundation models. It not only enables seamless inte-
gration without modifying the core architecture but also ensures knowledge
transfer from large-scale natural image datasets. Moreover, it provides a
learnable interface that adapts seismic characteristics to the statistical priors
embedded in the foundation model.

Low-rank and prefix adaptation for transfer learning
Foundation models possess billions of parameters and are typically trained
on large-scale natural image datasets. In this study, we employ the Segment

Fig. 1 | Overview of our transfer learning frame-
work for seismic interpretation. Pretrained vision
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Anything Model (SAM)* as a general-purpose feature extractor for seismic
interpretation. SAM is a state-of-the-art vision model trained on an
extensive dataset comprising over 1.1 billion masks and 11 million images,
with powerful vision representations. Despite being optimized for class-
agnostic segmentation without any physical understanding, its rich
embedding space shows strong potential for adaptation to cross-domain
tasks. However, our framework is not limited to SAM and can be extended
to any modern vision foundation model, allowing future integration with
more powerful architectures as they emerge.

Implementation within the pretrained encoder. Fine-tuning an entire
vision foundation model is computationally expensive and prone to
overfitting when only limited seismic labels are available. To address this,
we employ parameter-efficient adaptation by injecting LoRA and prefix
tuning into the attention modules of the pretrained SAM encoder
(see Supplementary Information, Notes 1 and 2). These techniques allow
the model to acquire seismic-specific representations while preserving
the general visual priors learned during large-scale pretraining. Given
that most existing foundation models are built upon transformers, this
adaptation is broadly extendable to other foundation models.

LoRA introduces lightweight trainable matrices that provide low-rank
updates to the query and key projections in each attention block. Rather
than modifying the full attention weights, these updates act as small,
learnable perturbations applied on top of the frozen pretrained parameters.
This design enables the encoder to adapt to seismic structures with only a
small fraction of additional parameters. Prefix tuning further enhances
flexibility by appending a set of learnable prefix tokens to the key and value
sequences. These tokens act as soft prompts that modulate the attention
patterns in a task-dependent manner. These two mechanisms are jointly
embedded into the SAM encoder to form a parameter-efficient strategy for
cross-domain seismic transfer. The detailed mathematical formulations of
multi-head attention, LoRA, and prefix construction are provided in the
Appendix for reference.

Hybrid adaptation with selective attention tuning. As shown in Fig. 2a,
the input features are first embedded with positional encodings to retain
spatial context before being passed into the multi-head attention module.
They are then projected into queries, keys, and values, which serve as the
inputs to the attention block. Within each head, attention weights are
applied to the value vectors to yield head-specific outputs. The outputs
from all heads are concatenated and passed through a linear projection to
form the attention output. The attention output is then combined with
the input via a residual connection, followed by a Layer Normalization
operation. This output is subsequently passed through a linear layer to
model higher-order token-wise interactions. A second residual connec-
tion is applied thereafter, yielding the final output of the multi-head
attention. We restrict adaptation solely to the attention modules within
the image encoder of the foundation model.

To achieve knowledge transfer from vision foundation models to
seismic interpretation, we adopt a hybrid adaptation strategy that combines
LoRA, prefix tuning, and partial fine-tuning. LoRA and prefix tokens are
embedded within the attention layers of the transformer encoder, while the
final one or two encoder blocks are unfrozen to allow gradient-based
updates. We refer to these configurations as FM-LoRA1, where only the
final block is updated, and FM-LoRA2, where the last two blocks are
updated. This hierarchical tuning enables a trade-off between efficiency and
representational flexibility to retain general vision priors while capturing
domain-specific features. For comparison, we denote the encoder backbone
trained from scratch as FM-Scratch, and the one fine-tuned from pretrained
weights as FM-Finetune. The variant that incorporates prompt embeddings
for structural guidance is referred to as FM-Prompt.

Embedding geological knowledge via prompting
We embed geological priors into the latent space of a foundation model
through a prompting mechanism (Fig. 1) to reconcile learned visual patterns

with physically meaningful features. The priors derived from RGT maps or
other attributes encode stratigraphic coherence and depositional chronol-
ogy, which are often difficult for purely data-driven models to infer.

The prompter consists of convolutional layers that project geological
priors into spatially aligned feature maps. These feature maps are then
integrated into the image embeddings through positional encodings to
guide the transformer’s attention towards stratigraphically consistent
regions (Fig. 2b). The implementation extends the decoder by introducing
additional prompt embeddings that are linearly combined with the image
embeddings. A weighting factor further modulates the influence of these
priors, preventing overfitting to uncertain interpretations. The enriched
latent representations are then translated by the upscaling pathway into
high-resolution outputs that preserve fine-scale seismic details and large-
scale stratigraphic order.

Task-adaptive decoding with bidirectional feature fusion

The decoder module transforms latent embeddings into task-specific out-
puts (Fig. 1). It receives seismic representations from the foundation model
alongside prompt embeddings encoding prior constraints. These inputs are
jointly processed by a MaskFormer-based decoder” (Fig. 2b), with a core
architecture based on Two-Way Transformers. This architecture allows
bidirectional interaction between learnable output tokens and spatially
distributed features. It alternates between four operations at each layer,
including self-attention among output tokens, cross-attention from tokens
to image features, a feedforward multilayer perceptron (MLP), and reverse
cross-attention from image features back to tokens. These operations enable
global token-level reasoning and localized spatial refinement, which is
essential in seismic interpretation where structural features often span
multiple spatial scales.

The output embeddings from the Two-way Transformer are refined
through a multi-stage convolutional pipeline and integrated self-attention to
retain spatial details. Each output token is passed through an MLP to pro-
duce weights that encode semantic reasoning for each upsampled feature
map. For image-to-image regression tasks, dense predictions are produced
via dot products between these weights and the feature maps. This yields
spatially resolved outputs with shape N x W x H, where N denotes the token
number and W x H corresponds to the spatial resolution. For classification
and segmentation tasks, token-derived weights are transformed through an
MLP followed by non-linear activation to yield class probabilities, produ-
cing compact outputs of shape N. By combining structured priors, foun-
dation model features, and token-level reasoning, our approach delivers
global semantic understanding with localized spatial features. This design
accommodates a broad range of seismic interpretation tasks, including
structural delineation and facies classification.

Results

To assess the generalizability of our framework across diverse geologic
contexts and task settings, we conduct experiments on three publicly
available benchmark datasets. These datasets represent varying levels of
structural complexity and depositional diversity, ranging from seismic facies
classification to structural interpretation. All models are trained on a single
NVIDIA A100 GPU, and the parameter-efficient LoRA configurations
decrease peak GPU memory usage by approximately 55% and pro-
portionally accelerate each training epoch. In the following subsections, we
provide detailed qualitative and quantitative evaluations for each bench-
mark and discuss the roles of pretraining and structural prompting in
achieving these performance gains.

We employ multiple segmentation metrics to compare different
encoder configurations, including FM-Finetune, FM-Scratch, FM-LoRA1,
and FM-LoRA2. We benchmark them against a diverse set of modern
architectures widely adopted in state-of-the-art geophysical and computer-
vision workflows. The comparison includes heavyweight backbones such as
deeper residual networks (ResNet***, Xception*), hybrid convolution-
transformer designs (ConvNeXt"), and dilated architectures that enhance
multiscale context aggregation (DRN™). The evaluation also covers
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Fig. 2 | Architecture of the proposed framework integrating geologically
informed prompting with lightweight adaptation for seismic representation
learning. a Low-rank adaptation and prefix tuning are incorporated into attention
layers throughout the foundation model encoder to enable efficient parameter

updates. b The decoder employs Two-way Transformers to achieve bidirectional
fusion between output tokens and spatial features, while structure-aware prompting
injects geological priors into the learned representations.

computationally efficient lightweight models, including EfficientNet" and
MobileNet*. All baselines utilize official implementations to ensure
reproducibility. Model complexity varies across backbones, with FM-
LoRA1, FM-LoRA2, EfficientNet, and MobileNet under 100 million para-
meters, ResNet, DRN, and Xception in the 100 — 120 million range, and
ConvNeXt, FM-Finetune, and Scratch above 160 million (Fig. 3a).

Facies segmentation in the Netherlands F3 block

Segmentation is critical in seismic interpretation, including both lithological
facies classification and the delineation of intricate geological structures. In
this section, we focus on the representative example of seismic facies seg-
mentation. We employ the fully annotated Netherlands F3 block as a
benchmark dataset’™ to demonstrate the effectiveness of our framework.
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Fig. 3 | Quantitative analysis of segmentation
performance and model complexity. a Number of
trainable parameters for each backbone configura-
tion. b Area Under Loss Curve (AULC) for different
model configurations. ¢ Evaluation metrics across
these configurations. LoRA1 achieves a strong trade-
off between performance and model complexity,
outperforming both lightweight and heavyweight
baselines.
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This dataset comprises a post-stack time-migrated seismic volume that
spans approximately 16km x 24km, with dimensions of 255 x 701 x 401 in
depth, crossline, and inline directions. The corresponding facies volume
derived from 26 boreholes contains seven lithostratigraphic units, including
the Upper North Sea, Middle North Sea, Lower North Sea, Chalk, Rijnland,
Scruff, and Zechstein formations. Because the boundary between the Chalk
and Rijnland units is difficult to distinguish, the two Cretaceous intervals are
merged into a single facies class. It encompasses a geologically complex
region located at the boundary between the Dutch Central Graben and the
Step Graben in the North Sea, where tectonic processes and salt diapirism
have produced pronounced structural heterogeneity.

To construct the training and validation sets for our experiments, we
extract a total of 169 seismic and facies sections of shape 255 x 701 samples
from the 3-D volumes. These slices are extracted at varying azimuthal
orientations and positions to enhance structural diversity. We rotate
through multiple azimuths at 10" increments and sample neighboring
planes at intervals of 10 grid units. Among the extracted slices, 80% are
randomly assigned to the training set, while the remaining 20% are reserved
for validation.

We employ our framework to train models with various encoder
backbones, each augmented with our proposed adaptation modules.
Their backbone encoders are either trained from scratch or fine-tuned
depending on the transfer learning strategy, while the adaptation mod-
ules are initialized from scratch. Training is performed using the AdamW
optimizer with a learning rate of 1 x 10~ and a weight decay of 1 x 1072,
The learning rate is adaptively reduced using a scheduler with a patience
of 10 epochs and a decay factor of 0.5. The total number of training
epochs is set to 100, and the batch size is set proportionally to the number
of available GPUs, using 24 samples per GPU. Although the epoch count
may appear high given the use of pretrained backbones, this choice
ensures that all architectures under comparison, such as those initialized

from scratch or equipped with different encoder depths, reach stable
convergence.

A hybrid loss function combining focal loss and Dice loss is used to
address class imbalance and identify the boundary of seismic facies by
optimizing the overlap between predicted and ground truth masks. The
focal loss is formulated as:

1 N C
ﬁfocal == N Z Z & (1 - pi,c)yyi,c log(pi,c)7 (1)

i=1 c=1
where N is the total number of pixels, C is the number of facies classes,
Pic € [0, 1] is the predicted probability for class c at pixel 4, and y; . € {0, 1} is
the corresponding one-hot encoded ground truth. The factor a, € [0, 1]
compensates for class imbalance, and y > 0 is the focusing parameter that
down-weights well-classified examples. The Dice loss is defined as:

N C
221‘:1 Zc:lpi,c ytﬂc +e

[’dice =1- N C ’
Ei:lZc:lPi,c +Yi.tTe

@

where € is a small constant added for numerical stability. The overall facies
segmentation loss is then expressed as a weighted combination of the two
components:
[’facies = Afocal ‘Cfocal + Adice [’dice? (3 )
where Ag = 20.0 and Agie = 1.0 control the relative contributions of
each term.
To further assess convergence behavior under a unified training bud-

get, we compute the Area Under the Loss Curve (AULC) for all backbone
and adaptation configurations (Fig. 3b). AULC provides an integrated
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Fig. 4 | Qualitative comparison of facies segmentation results on slices from the
validation set of the Netherlands F3 block. a Seismic profile. b Ground-truth facies
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regions affected by salt tectonics and structural deformation, where baseline models
fail to delineate facies boundaries, while FM-LoRA1 produces stratigraphically
aligned predictions. The black insets show zoomed-in views of the regions indicated
by the arrows.

measure of optimization efficiency, where smaller values indicate faster
descent and more rapid stabilization of the loss. Across the evaluated
models, the configuration with full fine-tuning (FM-Finetune) exhibits the
lowest AULC, reflecting the fastest convergence among all tested variants.
The LoRA-based models (FM-LoRA1 and FM-LoRA2) follow closely,
showing faster loss reduction than both scratch-trained models and con-
ventional baselines. The improved convergence of these configurations is
consistent with their initialization from pretrained vision backbones, indi-
cating that the transferred priors provide a favorable optimization starting
point for seismic tasks.

Qualitative comparisons demonstrate the effectiveness of our
approach (Fig. 4). FM-LoRA1 exhibits superior detection of complex facies
boundaries and preserves stratigraphic continuity, outperforming DRN and
ResNet, which struggle in salt-intruded or tectonically uplifted regions (red
arrows). This is evident in boundary fragmentation and geologically
implausible facies assignments. Quantitative results in Fig. 3¢ support these
observations. FM-LoRAL1 consistently achieves the highest scores across
metrics, which indicates the benefit of lightweight adaptation using a pre-
trained foundation models. In contrast, ResNet and DRN suffer from
overfitting due to the limited amount of labeled data, which leads to poor
generalization on unseen validation slices. While full fine-tuning (FM-
Finetune) yields competitive performance, it requires substantially more
parameters (above 160 million). In contrast, FM-LoRA1 reaches compar-
able results with a significantly smaller model footprint, demonstrating the
efficiency and scalability of our approach.

Structural interpretation in the Teapot Dome dataset

To demonstrate the applicability of our framework beyond facies segmen-
tation, we evaluate it on the publicly available Teapot Dome dataset™ for
structural interpretation. This dataset has been widely used in seismic

attribute analysis and fracture characterization, and serves as a benchmark
for seismic interpretation tasks, including Relative Geologic Time (RGT)**™**
estimation and borehole-constrained property inversion. We utilize the
models using different encoder backbones to estimate RGT images. RGT
images reflect a continuous stratigraphic ordering of seismic reflections,
assigning each voxel a relative age that increases monotonically with depth
along locally coherent structural directions. This attribute captures the
depositional chronology encoded implicitly within the seismic volume and
serves as a powerful descriptor of stratigraphic architecture. The dataset
consists of a post-stack time-migrated seismic volume with dimensions of
401 x 357 x 161 samples in depth, crossline, and inline directions. To
construct training and validation sets, we extract 139 seismic-RGT slice
pairs with a size of 401 x 357 from multiple azimuths sampled at 10°
increments, and spaced at 10 grid units. Among these slices, 80% are ran-
domly assigned to training, and the remaining 20% are reserved for vali-
dation. Model training is conducted using the AdamW optimizer with the
same hyperparameters as in prior experiments. As this is a regression task,
we adopt the Mean Squared Error (MSE) loss function.

Compared to ResNet, our lightweight adaptation model FM-LoRA1
demonstrates an improved ability to capture structural features, producing
RGT profiles that align more closely with the ground truth across multiple
validation slices (Fig. 5a—d). In structurally complex regions such as anti-
clines and synclines or low-quality regions, ResNet struggles to follow
reflectors (red arrows in Fig. 5), whereas FM-LoRA1 maintains structural
coherence and yields geologically consistent stratigraphic layering. Quan-
titative comparisons (Table 1) further support these observations. Across
multiple regression metrics, LORA configurations consistently outperform
both fine-tuned and scratch-trained counterparts. Such a performance gap
is not caused by differences in model capacity but instead reflects the
challenge of overfitting and poor generalization in training on limited data.
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Fig. 5 | Comparisons of Relative Geologic Time (RGT) predictions on validation
slices from the Teapot Dome dataset. a-d Represent different slices sampled across
the volume. For each subfigure, the top row displays the ground truth RGT image

(left), the RGT prediction from ResNet (middle) and LoRA1 (right). The bottom row
shows the corresponding seismic sections overlaid with horizons extracted from the
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ground truth (left), ResNet (middle) and LoRAL1 (right). Red arrows indicate
structurally complex regions or low signal-to-noise zones where ResNet fails to
continuously track reflectors, while FM-LoRA1 yields geologically plausible strati-
graphic layers.

Table 1 | Performance comparison of network backbones on
the validation set

Backbone Parameters MAE| MSE| PSNR RMSE SSIM t
(M) (dB) t U

FM-LoRA1 92.7 0.0439 0.0037 40.71 0.0505  0.9960
FM-LoRA2  99.8 0.0408 0.0033 39.98 0.0487  0.9961
FM- 170.3 0.0660 0.0086 39.83 0.0720  0.9957
Finetune

FM-Scratch  170.3 0.0433 0.0032 37.77 0.0525  0.9949
ResNet 111.3 0.0554 0.0060 36.44 0.0663  0.9931
DRN 118.3 0.0546 0.0054 37.87 0.0635  0.9948
ConvNeXt 172.2 0.0532 0.0052 34.92 0.0644  0.9915
Xception 112.8 0.0708 0.0095 32.11 0.0865  0.9899
MobileNet 84.3 0.0697 0.0096 31.87 0.0864  0.9894
EfficientNet  86.0 0.0724 0.0107 32.67 0.0901  0.9910

Bold values indicate the best performance for each metric.

Lower values indicate better performance for mean absolute error (MAE), mean squared error (MSE),
and root mean squared error (RMSE); higher values indicate better performance for peak signal-to-
noise ratio (PSNR, dB) and structural similarity (SSIM).

Under data-scarce conditions, our lightweight adaptation strategy using
pretrained foundation model enables robust generalization to previously
unseen structural patterns. In contrast, large models trained from scratch
struggle to generalize reliably, and lightweight models without pretraining
lack sufficient representational capacity.

To evaluate the behavior of the proposed framework under restricted
supervision, we further conduct experiments in which the proportion of
available training slices is systematically reduced from 80% down to 10%,
with the remaining slices reserved for validation. The full dataset contains
only 63 profiles extracted from multiple azimuths across the entire volume.
To mitigate variability introduced by random train-validation partitions, we
repeat each experiment three times and report the averaged metrics. Across
this sequence of increasingly constrained training scenarios, the foundation-
model-based approach exhibits a high degree of resilience to reduced
supervision. In the low-data regimes (10-30%), where baseline architectures
show substantial deterioration due to limited labeled information, our
method retains consistently strong performance across all evaluation
metrics, including RMSE (Fig. 6a), MAE (Fig. 6b), SSIM (Fig. 6¢),and PSNR
(Fig. 6d). An ablation study comparing models initialized with pretrained
weights against those trained from scratch (FM-Scratch) further confirms
that pretrained visual priors enhance robustness when supervision is sparse.
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The stability of these metrics reflects the model’s ability to utilize pretrained
visual priors to compensate for the lack of extensive annotated data. These
results highlight the effectiveness of foundation-model transfer learning for
generalizable seismic interpretation, and its potential in realistic conditions
where dense labeling is rarely feasible.

Prompt-guided segmentation in the Parihaka dataset
To further evaluate the generalization capability of our framework across
diverse depositional settings, we conduct experiments on the publicly
available Parihaka 3-D seismic dataset. The dataset originates from the
offshore Taranaki Basin in New Zealand, a structurally complex and
hydrocarbon-rich region characterized by deepwater depositional systems.
The seismic volume spans a spatial extent of approximately 15km x 20km
with a vertical sampling interval of 10ms, with dimensions of
1000 x 780 x 590 samples in depth, crossline, and inline directions. This
dataset includes a wide variety of structural and stratigraphic features,
providing a technically challenging benchmark for seismic facies segmen-
tation. Pixel-level annotations provide six seismic facies classes, including
basement, slope mudstones, mass transport deposits, channelized bodies,
and submarine canyon structures, enabling detailed characterization of
subsurface heterogeneity. Additionally, we compute an RGT volume using
an automatic horizon-tracking method™, which propagates seed horizons
through the seismic volume using structure-guided similarity measures and
dip-coherence constraints. The resulting RGT attribute is then incorporated
into our framework as a structural prior in the form of prompt embeddings,
guiding the model toward stratigraphically consistent facies segmentation.
The 180 sections of shape 1000 x 780 are extracted at varying azimuthal
orientations and positions from these volumes. Sections are rotated at 10°
increments and sampled at intervals of 16 grid units, excluding slices aligned
along the inline or crossline directions. The training set comprises
163 samples, while the remaining 17 are reserved for validation.
Qualitative comparisons (Fig. 7) exhibit the ability of our framework in
resolving complex stratigraphic boundaries. FM-LoRA1 (Fig. 7¢) achieves
superior detection of thin and discontinuous facies layers (highlighted by
red arrows), owing to the geometric priors embedded during pretraining on
large-scale image datasets. In contrast, FM-Scratch (Fig. 7d), which is
trained from random initialization, struggles to delineate these features
accurately. Quantitative metrics in Fig. 8a corroborate these observations.
LoRA-based adaptations (LoRA1 and LoRA2) consistently yield high scores

across all metrics, which underscores the efficiency of lightweight fine-
tuning strategies. Conversely, heavyweight backbones and FM-Scratch
suffer from overfitting due to the limited availability of labeled data, resulting
in degraded performance on unseen sections. Although full fine-tuning
(FM-Finetune) achieves marginally better results, the improvement is
limited and comes at the cost of higher computational demand. Notably,
LoRA achieves comparable performance with a significantly smaller model
footprint.

Additionally, we train the model without structural prompts and then
activate the prompting system to assess the contribution of geological gui-
dance. Performance consistently improves across the metrics when the
RGT-encoded structural embeddings are integrated alongside seismic
representations. To quantify this effect, we modulate the relative con-
tribution of structural prompts and seismic embeddings using a softmax-
weighted scheme (Fig. 8b). The metrics exhibit an upward trend as the
proportion of structural embeddings increases, reaching an optimum when
prompts constitute approximately 70% of the total encoding. Beyond this
point, further emphasis on RGT geometry leads to a performance decline.
The degradation arises from the suppression of amplitude-based facies
distinctions in cases with thin layers or interbedded disruptions. These
underscore the value of structural priors as guiding signals in facies seg-
mentation, but their integration needs to be balanced to preserve lithological
contrast.

Although the RGT attributes incorporated as prompts encode struc-
tural cues, they remain approximations of the subsurface and may contain
uncertainties. The prompting mechanism operates as a soft prior rather
than a hard geological constraint. The learnable weighting enables the
model to down-weight unreliable structural information and rely more
strongly on the seismic image and the pretrained visual priors when
inconsistencies arise. The framework exhibits stable performance and
retains its ability to recover fine-scale stratigraphic details even when the
structural priors are imperfect. The prompt embeddings provide beneficial
contexts without compromising flexibility to allow the network to balance
amplitude-driven inference with structure-aware guidance.

Foundation model-guided seismic impedance inversion

To demonstrate the applicability of our framework beyond facies segmen-
tation, we evaluate it on the publicly available Teapot Dome dataset’ for
seismic structural interpretation and impedance inversion. Fig. 9a, b show
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the spatial distribution of the 27 selected wells overlain on a horizontal slice
of the seismic volume. Although the dataset includes hundreds of wells, only
27 are retained after discarding those lacking density or velocity logs.
Among them, 23 wells (orange triangles) are used for training, while the
remaining four wells (red triangles) are reserved exclusively for validation.

The 2-D training and validation datasets are constructed by randomly
generating paths that intersect the well locations and then extracting the
corresponding vertical seismic profiles. For training, we generated 702 random
paths that traverse at least four training wells, thereby ensuring sufficient
geological diversity across the survey (Fig. 9a). For validation, 98 paths are
generated, each intersecting at least one validation well to enable fair com-
parison of impedance values. Additionally, we constructed an initial impe-
dance model from the 23 training wells using a seismic-structure-guided
interpolation method. This interpolated model is generally consistent with the
measured well logs near the wells and laterally aligned with seismic reflectors.
As interpolation accuracy decreases with increasing distance from the wells,
we employ a distance-weighted scheme in which the interpolated values are
assigned weights decaying smoothly from one at the well locations to zero in
regions far away. Instead of feeding this interpolated model into the network,

we use it as weak supervision, allowing the model to learn spatial dependencies
and fill subsurface properties in a geologically consistent manner.

Figure 9c-e present four input seismic sections, interpolated impe-
dance profiles, and predictions from FM-LoRALl, each corresponding to
paths that intersect at least one validation well. Despite not being seen
during training, the model predicts impedance variations that align with
seismic structures across the entire section.

The predictions preserve thin layers where impedance values change
rapidly with depth, which indicates the ability of our model to recover fine-
scale heterogeneity. Figure 9f-i compare the predicted impedance traces at
the four validation wells. The FM-LoRA1 (red curve) and FM-Finetune
(blue curve) predictions exhibit close agreement with the measured logs
(black curve) and outperform both ResNet (brown curve) and EfficientNet
(purple curve) backbones. Moreover, FM-LoRA1 and FM-Finetune better
capture rapid impedance fluctuations within thin stratigraphic units, which
conventional backbones tend to oversmooth. Quantitative results (Table 2)
also corroborate these observations. While FM-Finetune yields the highest
similarity to the interpolated profiles, FM-LoRA achieves the lowest MSE
and MAE when compared to the measured well-log values.
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analysis of stratigraphic prompting using Relative Geologic Time (RGT), showing
model performance as a function of the prompt-to-seismic embedding ratio, which
controls the strength of geological conditioning.

The superior performance of FM-LoRA1 relative to both scratch-
trained and fully fine-tuned models suggests that our tuning strategies
preserve the representational vision priors while constraining overfitting.
The foundation model adaptation enables geologically consistent impe-
dance inversion, even when only a limited number of wells are available.
This highlights the potential of parameter-efficient foundation model tun-
ing as a unifying paradigm for subsurface characterization. Additionally,
because the network learns general mappings from seismic observations to
subsurface properties, it is not limited to impedance. Any attribute with
available well-log measurements can be inverted from a seismic image
within the same framework.

Discussion

In this section, we discuss the internal representations learned by foundation
models, the contributions of structural priors, and the potential for
extending this paradigm toward 3-D seismic interpretation. These per-
spectives offer insights into the mechanisms driving the model’s general-
ization capacity but also point to promising research directions.

Vision foundation model encodings of seismic image

Recent progress in vision foundation models has transformed our ability to
extract generalized spatial features across diverse downstream tasks.
Extending these models to seismic interpretation offers a promising avenue
in domains where high-quality labeled data are scarce and costly to obtain.

Instead of training models from scratch on seismic data, we employ the
priors embedded in pretrained foundation models to extract transferable
representations. The models learn to recognize textures, edges, and spatial
organization, all of which are key characteristics captured in seismic images.
This shared spatial inductive bias allows them to generalize beyond their
original training domain. To evaluate the internal representation capacity of
the vision foundation model from a feature level perspective, we apply FM-
LoRA1 to seismic sections from the Parihaka dataset (Fig. 10a). Inter-
mediate encoder features are projected into a spatial subspace using Prin-
cipal Component Analysis. Mapping the first three principal components to
RGB channels yields a composite visualization of the latent representations.

As shown in Fig. 10b, the FM-LoRA1 produces coherent clusters in the
latent space that align with lithologic transitions or structural boundaries
(marked by red arrows). These patterns emerging without explicit super-
vision suggest that the model has internalized a form of geologically con-
sistent encoding through cross-domain pretraining. In contrast, FM-
Scratch trained without pretraining fails to exhibit comparable structural
coherence in its latent space (Fig. 10c). This demonstrates the advantage of
using vision priors for seismic interpretation and reveals the limitation of
models trained from scratch under scarce labeled data. The emergence of
structure-aware representations in the pretrained model has implications
for downstream seismic interpretation tasks. These tasks often rely on subtle
stratigraphic cues embedded within seismic reflections, in which the pre-
trained model appears sensitive.

Communications Engineering| (2026)5:157

10


www.nature.com/commseng

https://doi.org/10.1038/s44172-026-00674-9 Article
0 0
a) b) s &
(7]
ES
>
03
=
g
| 100 5®
2
g 18 5 _
= o3
z i3
£ 200 9 x&
3
39
E @
2504 0
300 144 A 18
Q_
53
‘ 9 «&
Al X A K xX &
50 100 150 50 100 33
Cross-line Axis Cross-line Axis &

A Training Wells A validation Wells

@ 13
f) g 12 { —e— Target g) —e— Target

~ —»— FM-Loral 12 { = FM-Loral

X 11 FM-Finetune FM-Finetune

% Seo: Rasniet 114 --- Resnet

O 101 -~ Efficientnet 10{7" Efficientnet

=)

8 9 9

§

3 8 8

£

= 40 60 80 100 120 140 160 180 60 80 100 120 140 160 180
Well-log Index Well-log Index

h) g L [ Target I) 12 T
—%— FM-Loral —w— FM-Loral

i 1 FM»Finretune 11 FM»ﬁt::tune

] -+ Resnet ---- Re:

5 10415 Efficientnet 10 -1 Efﬁscr:::nnet

S 9 : %y

9

g 8

g7 8

£ 6

- 0 25 50 75 100 125 150 175 200 60 80 100 120 140 160 180
Well-log Index Well-log Index

Fig. 9 | Demonstration of foundation model-based impedance inversion on the
Teapot Dome dataset. a, b Spatial distribution of 27 wells overlaid on a horizontal
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wells in red. c-e Example seismic sections along random paths intersecting

validation wells, with corresponding interpolated models and predictions from FM-
LoRALI. The model captures stratigraphic continuity and preserves fine-scale
impedance contrasts that align with seismic reflectors. f-i Comparison of predicted
impedance traces against measured logs at four validation wells.

Table 2 | Quantitative evaluation of impedance inversion performance across different network backbones

Backbone Impedance Profiles (from Training Wells) Validation Wells
MAE | MSE | PSNR (dB) 1 RMSE | SSIM 1 MAE | MSE |

FM-LoRA1 0.1789 0.2213 26.58 0.4591 0.7614 4.7455 54.86
FM-LoRA2 0.1739 0.1956 25.46 0.4337 0.7588 4.7446 54.89
FM-Finetune 0.1623 0.1862 27.50 0.4235 0.7729 4.7451 54.91
FM-Scratch 0.1893 0.2192 25.66 0.4583 0.7621 4.7519 55.06
ResNet 0.2132 0.2834 2452 0.5218 0.7315 4.7570 54.88
DRN 0.1793 0.2426 24.83 0.4798 0.7550 4.7491 55.00
ConvNext 0.1908 0.2495 24.06 0.4880 0.7372 4.7685 55.18
Xception 0.2098 0.3270 22.02 0.5576 0.7264 4.7500 54.77
EfficientNet 0.2254 0.3822 23.57 0.6077 0.7165 4.7606 55.00
MobileNet 0.2396 0.3822 23.35 0.6102 0.7134 4.7459 55.44

Bold values indicate the best performance for each metric.

Metrics are reported for both interpolated impedance profiles derived from training wells (left) and predictions at held-out validation wells (right). Lower values indicate better performance for mean absolute
error (MAE), mean squared error (MSE), and root mean squared error (RMSE), whereas higher values indicate better performance for peak signal-to-noise ratio (PSNR, dB) and structural similarity (SSIM).

Communications Engineering| (2026)5:157

11


www.nature.com/commseng

https://doi.org/10.1038/s44172-026-00674-9

Article

0
(]

&
0

800 600 400 200

Z
800 600 400 200
800 600 400 200

b) © o o o
=3 =3 =3 =3
o <1 =3 =1
~N ~N o~ o~
=3 =3 =3 =3
=3 =3 =3 =3
<+ <+ <+ <+

N
=3 =3 o o
Q o Q Q
© © © ©
=3 =3 =3 =3
=3 =1 Q =3
@ @ o =)

0 200 400 600

c)° oT o o
o o o
<1 | ©1 o
o~ | N o~
=3 =3 =3
o o =]
< | < <

N
o o =3
=3 [ 21 Q
© | © ©
o | o | o
Q1 =1 Q
@D @ o

e

200 400 600

200 400 600
X X X

0 200 400 600

Fig. 10 | Latent representations of seismic images extracted by a vision
foundation model. a Seismic sections from the Parihaka dataset. b Color composite
visualization of principal components derived from FM-LoRA1 encoder

800 600 400 200

800 600 400 200

(]
(]

800 600 400 200
o
apnyduwy olwsies

800 600 400 200

200 400 600 400 600

200 400 600

0
0

800 600 400 200
800 600 400 200

200 400 600

200 400 600 400 600

0
0

800 600 400 200
800 600 400 200

200 400 600 0 200 400 600

400 600
X X X

embeddings, revealing coherent patterns aligned with seismic structures (high-
lighted by red arrows). ¢ Latent representation from FM-Scratch, showing reduced
sensitivity to seismic features.

Balancing structural priors and seismic data diversity
Incorporating structural priors through RGT-based positional encoding
improves stratigraphic consistency and promotes geologically coherent
predictions. However, not all facies strictly follow horizon-conformable
patterns in settings where heterogeneous lithologies or depositional over-
printing introduce complexity. For example, channelized deposits may
crosscut or disrupt stratigraphic continuity, reducing the effectiveness of
rigid horizon alignment. In such cases, enforcing strict structural conformity
risks obscuring lithological variability within the same stratigraphic unit. To
address this challenge, future work may further enhance the flexibility by
developing attention mechanisms that dynamically modulate the influence
of structural priors based on local amplitude variability and global geological
consistency.

Extending foundation models to volumetric seismic data

While our framework demonstrates robust performance on 2-D seismic
sections, many interpretation tasks require 3-D geometrical reasoning to
capture the geometrical complexity of subsurface structures. Operating on
individual sections limits the model’s ability to enforce global 3-D coher-
ence, even though the LoRA-based adaptation and decoder fusion help
stabilize slice-wise predictions. To partially address this limitation, our
prompting module allows volumetric attributes to be injected as spatially
aligned guidance. These prompts provide stratigraphic trajectories across
adjacent slices and help preserve geological consistency.

The development of 3-D foundation models remains in an early stage.
Existing volumetric transformers from video understanding”*” or medical
imaging™ are trained on domains that differ from seismic data, and their
inductive biases might not directly transfer to seismic volumes. Moreover,
the datasets used to pretrain these architectures are several orders of mag-
nitude smaller than those used to pretrain modern 2-D foundation models,
which limits their ability to encode broadly generalizable spatial priors.
Future research may focus on developing foundation models capable of
volumetric seismic understanding through 3-D extensions of vision

transformers, including spatial attention mechanisms and volumetric patch
embeddings. The architectures that couple 2-D and 3-D representations
also hold promise, which allows the method to employ the knowledge of 2-D
pretraining while including explicit volumetric context when necessary.

Conclusions

We have introduced a generalizable transfer learning framework that adapts
vision foundation models for seismic interpretation through parameter-
efficient fine-tuning and geologically informed prompting. By embedding
LoRA and prefix tuning into a frozen pretrained backbone, our method
achieves cross-domain transfer without the prohibitive cost of full retrain-
ing, while preserving rich representational priors. A task-adaptive decoder
and hierarchical structural prompting based on seismic attributes derived
positional encodings enable the model to produce predictions that are
stratigraphically consistent and sensitive to local seismic variability. Eva-
luations across multiple benchmark datasets demonstrate that the frame-
work consistently outperforms scratch-trained and fully fine-tuned
baselines while requiring fewer trainable parameters in different seismic
interpretation tasks. These results highlight the potential of parameter-
efficient foundation model adaptation as a geologically informed paradigm
for next-generation seismic interpretation, which bridges data-driven
learning with physical consistency in complex subsurface settings.

More broadly, our study emphasizes that vision foundation models can
provide scalable backbones for seismic analysis even without exposure to
domain data during pretraining. This ability arises from the shared spatial
characteristics between natural images and seismic profiles, such as edge
continuity, texture organization, and multiscale patterns. By injecting
appropriate domain adaptation and structural priors, such models offer a
promising path toward automating interpretation at scale, enabling
improved subsurface characterization across geological settings. With
continued advancements in foundation models, we envision an emerging
class of models that can reason over large-scale geoscientific data with
minimal supervision.
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Data availability

The study uses publicly available seismic datasets and newly generated
example data. The Netherlands F3 block dataset for facies segmentation
benchmarking is available via Zenodo (https://zenodo.org/records/
1471548)*. The Teapot Dome 3-D seismic survey is provided by the
Society of Exploration Geophysicists (SEG) and can be accessed at https://
wiki.seg.org/wiki/Teapot_dome_3D_survey”’. The Parihaka 3-D seismic
dataset is available from the SEG Open Data repository at https://wiki.seg.
org/wiki/Parihaka-3D. The example dataset generated in this study is
publicly available on Figshare with https://doi.org/10.6084/m9.figshare.
30702569”. All data are stored in publicly accessible repositories as indi-
cated above. Additional data and materials related to this study are available
from the corresponding author upon reasonable request.

Code availability

The custom code used to reproduce the results in this study is publicly
available on GitHub at https://github.com/jqfzfb/cross-domain-seismic-
fm-master. No restrictions apply to the access of the code.
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