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Foundation models

–  Pre-trained on large datasets, 
leveraging self-supervised techniques.

– Learn generalizable and adaptable data 
representations which can be 
effectively used in multiple downstream 
tasks.

IBM Research | © 2025 IBM Corporation 51. Bommasani, Rishi, et al. "On the opportunities and risks of foundation models." arXiv preprint arXiv:2108.07258 (2021).
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“Transfer learning is what makes 
foundation models possible, but scale is 
what makes them powerful”.1

Pre-training: a model is trained on a 
surrogate task and then adapted to the 
downstream task of interest via a second 
training phase called fine-tuning.
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Based on deep neural networks and 
self-supervised learning at scale.

Self-supervised learning → scalable

“Transfer learning is what makes 
foundation models possible, but scale is 
what makes them powerful”.1

Pre-training: a model is trained on a 
surrogate task and then adapted to the 
downstream task of interest via a second 
training phase called fine-tuning.



Remote sensing + 
ML
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Remote sensing + ML

Convolutional Neural Networks for Large-Scale
Remote-Sensing Image Classification1

– Fully convolutional network for dense predictions

– 2-step training approach:

1. Train on raw OSM labeled data (large)
2. Train on manually labeled data (small)

“The overall success of CNNs lies mostly in the fact that 
the networks are forced by construction to learn 
hierarchical contextual translation-invariant features, 
which are particularly useful for image categorization”.1

IBM Research | © 2025 IBM Corporation 91. Maggiori, Emmanuel, et al. "Convolutional neural networks for large-scale remote-sensing image classification." IEEE TGRS 55.2 (2016): 645-657.

Fine-tuning

Pictures extracted from (1)

Data for step 1 Data for step 2



Remote sensing + ML
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Foundation models
in computer vision
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From convolutional networks 
to vision transformers

Convolutional neural networks (CNNs)

– inductive bias → locality, 2D neighborhood structure, 
and translation equivariance

– good at dense predictions

– efficient memory utilization (parameter sharing)

– good with relatively small datasets
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From convolutional networks 
to vision transformers

Vision Transformers

– inductive bias → practically none

– good at capturing global context, and long-range 
dependencies

– good scalability with large/huge datasets

131. Dosovitskiy, Alexey, et al. "An image is worth 16x16 words: Transformers for image recognition at scale." arXiv preprint arXiv:2010.11929 (2020).

Vision transformer (ViT) architecture. Extracted from (1)

IBM Research | © 2025 IBM Corporation



Self-attention

The key component of vision transformers is the self-
attention mechanism. It models the interactions 
between all parts of a sequence.

Multi-head attention → multiple attention mechanisms 
applied in parallel.

“Multi-head attention allows the model to jointly attend 
to information from different representation subspaces 
at different positions. With a single attention head, 
averaging inhibits this”.1

IBM Research | © 2025 IBM Corporation 14

Self-attention mechanism. Adapted from (1)

1 Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).

Scaled dot product 
attention

Multi-head
attention



Self-attention

Query, Key, and Value → Q, K, V

– Terminology borrowed from retrieval systems

– Steps:

1. project input into learnable linear layers to get Q, K, V

151 Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).
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Self-attention

Query, Key, and Value → Q, K, V

– Terminology borrowed from retrieval systems

– Steps:

1. project input into learnable linear layers to get Q, K, V

171 Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).
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Self-attention

Query, Key, and Value → Q, K, V

– Terminology borrowed from retrieval systems

– Steps:

1. project input into learnable linear layers to get Q, K, V
2. compute similarity between Q and K and scale

181 Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).

Scaled dot product 
attention

Self-attention mechanism. Adapted from (1)
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IBM Research | © 2025 IBM Corporation



Self-attention

Query, Key, and Value → Q, K, V

– Terminology borrowed from retrieval systems

– Steps:

1. project input into learnable linear layers to get Q, K, V
2. compute similarity between Q and K and scale
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Self-attention

Query, Key, and Value → Q, K, V

– Terminology borrowed from retrieval systems

– Steps:

1. project input into learnable linear layers to get Q, K, V
2. compute similarity between Q and K and scale
3. softmax to restrict the values between 0 and 1

201 Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).

Scaled dot product 
attention

Self-attention mechanism. Adapted from (1)
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Scaled dot product 
attention

Self-attention

Query, Key, and Value → Q, K, V

– Terminology borrowed from retrieval systems

– Steps:

1. project input into learnable linear layers to get Q, K, V
2. compute similarity between Q and K and scale
3. softmax to restrict the values between 0 and 1
4. multiply by V

21

Self-attention mechanism. Adapted from (1)

1 Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).

Attention(𝑄, 𝐾, 𝑉) = softmax
𝑄𝐾𝑇

𝑑𝑘
𝑉
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Attention filter
(n x n)

Self-attention

Query, Key, and Value → Q, K, V

– Terminology borrowed from retrieval systems

– Steps:

1. project input into learnable linear layers to get Q, K, V
2. compute similarity between Q and K and scale
3. softmax to restrict the values between 0 and 1
4. multiply by V

221 Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).
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Self-attention

231 Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).

Multi-head
attention

Multi-head attention mechanism. Adapted from (1)

MultiHead(𝑄, 𝐾, 𝑉) = Concat(head1, …, headh)𝑊𝑂 

 headi = Attention(𝑄𝑊𝑖
𝑄, 𝐾𝑊𝑖

𝐾, 𝑉𝑊𝑖
𝑉) 

–  𝑊𝑖
𝑄 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙 × 𝑑𝑄

–  𝑊𝑖
𝐾 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙 × 𝑑𝐾 

–  𝑊𝑖
𝑉 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙 × 𝑑𝑉 

–  𝑊𝑂 ∈ ℝℎ𝑑𝑣 × 𝑑𝑚𝑜𝑑𝑒𝑙 

IBM Research | © 2025 IBM Corporation



Vision transformer
(ViT)

Patch embeddings

–Divide image into smaller 
patches and project into 
an embedding space.

–patch size = 16 x 16

–Image → tokens

–Position embeddings: 
information about the 
position of tokens in the 
input image.

1. Dosovitskiy, Alexey, et al. "An image is worth 16x16 words: Transformers for image recognition at scale." arXiv preprint arXiv:2010.11929 (2020).

Vision transformer (ViT) architecture. Extracted from (1)

IBM Research | © 2025 IBM Corporation



Swin transformer

–CNNs x ViT

• Images have different scales, 
unlike text → ViT tokens have 
fixed size.

• Pixels in images have much 
higher resolution than words 
in text → dense tasks require 
accuracy at the pixel level.

– Hierarchical transformer 
architecture → dense 
predictions

IBM Research | © 2025 IBM Corporation

Extracted from (1)

1. Liu, Ze, et al. "Swin transformer: Hierarchical vision transformer using shifted windows." Proceedings of the IEEE/CVF ICCV. 2021.



Swin transformer

–Smaller patch size (4 x 4)

1. Liu, Ze, et al. "Swin transformer: Hierarchical vision transformer using shifted windows." Proceedings of the IEEE/CVF ICCV. 2021.

Extracted from (1)

IBM Research | © 2025 IBM Corporation



Swin transformer

–Smaller patch size (4 x 4)

• Start from small patches 
and gradually merge nearby 
patches in deeper layers.

–With the hierarchical 
feature maps, the Swin 
Transformer can leverage 
techniques for dense 
prediction such as FPN or 
U-Net. 

1. Liu, Ze, et al. "Swin transformer: Hierarchical vision transformer using shifted windows." Proceedings of the IEEE/CVF ICCV. 2021.

Extracted from (1)

IBM Research | © 2025 IBM Corporation



Swin transformer

Global attention x local 
window attention

–Linear computational 
complexity 

• Compute self-attention 
locally within non-
overlapping windows.

 
• The number of patches 

in each window is fixed: 
complexity is linear to 
image size.

Extracted from (1)

1. Liu, Ze, et al. "Swin transformer: Hierarchical vision transformer using shifted windows." Proceedings of the IEEE/CVF ICCV. 2021.IBM Research | © 2025 IBM Corporation



Masked AutoEncoder:
ViT + self-supervised learning

IBM Research | © 2025 IBM Corporation 29

2016 2017 2018 2019 2020 2021 2022 2023

Transformer
(2017)

ViT
(2021)

Swin 
Transformer
(2021)

MAE
(2022)

Supervised training

Swin → direct:
– classification, segmentation, object detection

ViT → with pre-training phase:
– ImageNet → 1k classes, 1.3M images 
– ImageNet-21k → 21k classes, 14M images 
– JFT → 18k classes, 303M images

“With MAE pre-training, we can train data-hungry 
models like ViT-Large/-Huge on ImageNet-1K with 
improved generalization performance. With a vanilla 
ViT-Huge model, we achieve 87.8% accuracy when 
fine-tuned on ImageNet-1K. This outperforms all 
previous results that use only ImageNet-1K data”.1

1. He, Kaiming, et al. "Masked autoencoders are scalable vision learners." Proceedings of the IEEE/CVF CVPR. 2022.



Self-supervised learning

Training ML models for classification, regression, 
segmentation, etc., requires comparing the model’s 
output for a given input to a ground truth.

Supervised learning → requires labeled data
– Manual annotations
– High costs, time-consuming

Self-supervised learning (SSL) → implicit labels
– Labels can be inferred from unlabeled data
– Models are pre-trained on a pretext task – learn  

representations – and fine-tuned on downstream 
tasks.

– Fine-tune on specific labeled dataset

Techniques – pretext tasks

– Masked Image Modeling (MIM)
• Predict or reconstruct masked parts of the image
• Generative

– Contrastive learning
• Given pairs of data samples, distinguish between 

similar (positive) and dissimilar (negative) pairs.
• Positive pairs usually obtained through data 

augmentation techniques.
• Discriminative

IBM Research | © 2025 IBM Corporation 30



Masked image modeling

Model
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Model
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Masked image modeling

32



Model
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Masked image modeling
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masked input

IBM Research | © 2025 IBM Corporation

Model

Masked image modeling
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Model

reconstructed image

IBM Research | © 2025 IBM Corporation

Masked image modeling

35

masked input



MSE loss
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Masked image modeling

36

reconstructed imagetarget = original image



Encoder Decoder

model

MAE architecture 
for pre-training

37

Conv layer

Transformer blocks 
+

 linear projection layer to 
match the target patch size. 



MAE architecture 
for pre-training
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MAE architecture 
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MAE architecture 
for pre-training
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MAE architecture 
for pre-training
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MAE architecture 
for fine-tuning

Pre-trained model

Encoder Decoder

IBM Research | © 2025 IBM Corporation 42



classification 
layers

segmentation 
layers

Pre-trained model

…

MAE architecture 
for fine-tuning

Encoder
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Pre-trained model

MAE architecture 
for fine-tuning

Encoder

IBM Research | © 2025 IBM Corporation 44

Classification layers:
–1 fully connected (FC) layer
–multiple FC layers
–avg pooling + FC layer...

Segmentation layers:
–U-Net
–UperNet
–FCN...



Pre-training x fine-tuning

Pre-training

– Large/huge unlabeled dataset

– Goal: Learn representations – characteristics of the 
data.

– Pre-text task defines pre-training architecture.

– Long training sessions

– Requires significant GPU resources

– Requires distributed training techniques – efficient 
data-loading, GPU communication, ...

Fine-tuning

– Smaller labeled dataset (task-specific)

– Goal: learn specific task.

– Downstream task defines architecture requirements.

– Shorter training sessions

– Can usually be done with a single GPU.

– Parameter efficient fine-tuning methods can improve 
training efficiency on time and resources.

IBM Research | © 2025 IBM Corporation 45



Fine-tuning

IBM Research | © 2025 IBM Corporation 46

Frozen encoder

encoder weights (pre-trained) 
are frozen → only decoder is 

trained

Full fine-tuning

All model parameters are 
trained → encoder + decoder

+GPU resources
+Memory requirements
+Accuracy
...



Fine-tuning
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Frozen encoder

encoder weights (pre-trained) 
are frozen → only decoder is 

trained

Full fine-tuning

All model parameters are 
trained → encoder + decoder

+GPU resources
+Memory requirements
+Accuracy
...

PEFT

Techniques that fine-tune a small 
number of (extra) encoder 
parameters → significantly 

reduces memory usage while 
keeping comparable performance 

to full fine-tuned model.



Low Rank Adaptation - LoRA

LoRA represents the weight updates ∆W with two smaller 
matrices, called update matrices, through low-rank 
decomposition. 

These new matrices are trained to adapt to the new 
downstream task, while the original weight matrix remains 
frozen and doesn’t receive any further updates. 

With the original weights frozen, one can have multiple 
lightweight, portable LoRA models for multiple downstream 
tasks built on top of them.

This approach allows to keep the overall number of trainable 
parameters low, while performance of LoRA models is 
comparable to the performance of fully fine-tuned models.

IBM Research | © 2025 IBM Corporation 481. Hu, Edward J., et al. "Lora: Low-rank adaptation of large language models." ICLR 1.2 (2022): 3.

Pre-trained
weights

𝑊 ∈ ℝ𝑑 × 𝑑 𝐴 ∈ ℝ𝑟 × 𝑑
 

 𝐴 = 𝛮 0, 𝜎2

𝐵 ∈ ℝ𝑑 × 𝑟
 

𝐵 = 0
𝑟

𝑥

𝑑

ℎ

Adapted from (1)



Geospatial
Foundation Models (GeoFMs)
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IBM + NASA

IBM Research | © 2025 IBM Corporation 50



Prithvi-EO-2.0

Key features:

– Trained on 4.2M global 
samples from NASA’s HLS 

– 300M and 600M parameter 
versions

– Temporal and location 
information added to the 
models 

– Extensive benchmarking with 
GEO-Bench

– SME feedback on model and 
dataset design

IBM Research | © 2025 IBM Corporation



Data: Harmonized 
Landsat Sentinel-2

The Harmonized Landsat 
Sentinel-2 (HLS) provides 
consistent global observations 
of the land.

– Data from NASA/USGS's 
Landsat 8 and 9 and the 
ESA's Sentinel-2A and 
Sentinel-2B satellites

– Data available in tiles: each 
has 3660 x 3660 pixels 
(~110 x 110 km).

– 30m resolution

– We used bands present in 
both Landsat and Sentinel: 
Blue, Green, Red, NIR, SWIR 
1, and SWIR 2.

IBM Research | © 2025 IBM Corporation



Data: Sampling

Goal: obtain samples 
representing diverse land use 
and ecosystems while 
minimizing cloud and missing 
value issues.

1. Compute proportion of land 
use/land cover (LULC) 
classes and ecoregions for 
each HLS tile. 

2. Sample tiles based on the 
LULC classes – urban areas 
are upsampled.

IBM Research | © 2025 IBM Corporation



Data: Sampling

Goal: obtain samples 
representing diverse land use 
and ecosystems while 
minimizing cloud and missing 
value issues.

1. Compute proportion of land 
use/land cover (LULC) 
classes and ecoregions for 
each HLS tile. 

2. Sample tiles based on the 
LULC classes – urban areas 
are upsampled.

3. Select a 5% train-validation 
split: 3156 train and 168 
validation tiles.

IBM Research | © 2025 IBM Corporation

Global HLS dataset distribution visualized on a tile-level. The number of training samples are 
color-coded in blue to green while validation tiles are visualized in magenta.



Data: creating 
samples

Once we have a representative 
set of tiles, the next step is 
creating the training samples:

1. Extract 256 x 256 good-
quality patches from 
selected tiles: sequences of 
4 images over time. 

• consecutive images are 
separated by at least 1 
month up to 6 months

2. We use the provided HLS 
mask to remove patches 
with more than 20% of 
cloudy pixels or more than 
1% of missing values.

IBM Research | © 2025 IBM Corporation



Model architecture Our model is based on the 
Masked AutoEncoder (MAE) 
approach.

The model consumes a 
sequence of 4 images with 6 
bands (RGB + NIR + SWIR1/2)

Location and temporal 
embeddings are added to 
inform the model about geo-
location and time of acquisition 
of the input samples.

IBM Research | © 2025 IBM Corporation 56



Satlas

SatlasPretrain is a remote sensing dataset that combines 
images from Sentinel-2 and NAIP with 302M labels under 137 
categories and 7 label types:

1. Semantic segmentation - e.g., land cover
2. Regression - e.g., water depth, percent tree cover
3. Points (object detection) - e.g., wind turbines, oil wells
4. Polygons (instance segmentation) - e.g., buildings, dams
5. Polylines - e.g., roads, rivers, railways
6. Properties of objects - e.g., the rotor diameter of a wind 

turbine.
7. Classification - e.g., whether an image exhibits negligible, 

low, or high wildfire smoke density.

Label sources: new annotation by domain experts, new 
annotation by Amazon Mechanical Turk workers, and processing
existing datasets—OpenStreetMap, NOAA lidar scans,
WorldCover, Microsoft Buildings, and C2S.

571. Bastani, Favyen, et al. "SatlasPretrain: A large-scale dataset for remote sensing image understanding." Proceedings of the IEEE/CVF ICCV. 2023.

Extracted from (1)

IBM Research | © 2025 IBM Corporation



Satlas

Model architecture - SatlasNet

– Backbone = Swin transformer
– Max temporal pooling to 

summarize embeddings from 
different timesteps

– Multiple heads → one for 
each task

– Supervised pre-training – 
requires large set of labels

– Train on multiple tasks at the 
same time.

– Hierarchical backbone

1. Bastani, Favyen, et al. "SatlasPretrain: A large-scale dataset for remote sensing image understanding." Proceedings of the IEEE/CVF ICCV. 2023.

Extracted from (1)

IBM Research | © 2025 IBM Corporation



DOFA - Dynamic 
One-For-All

“DOFA is a foundation model 
architecture that builds on the
principles of MIM (...) 
processing input images with 
any number of channels.”1 

Key concepts:

Wavelength-conditioned 
dynamic patch embedding:
project the data into the same 
feature dimensionality.

Multimodal shared 
Transformer networks: 
with a shared backbone, the 
model is compelled to identify 
and learn common features 
across different modalities.

Masked image modeling with 
any number of spectral bands: 
DOFA follows the MAE 
approach, but DOFA has the 
capacity to process input
images with various channels.

Distillation-based multimodal 
continual pre-training:
To reduce computational costs,
DOFA uses a teacher-student 
method, where the teacher is 
an ImageNet pre-trained 
model.

IBM Research | © 2025 IBM Corporation 1. Xiong, Zhitong, et al. "Neural plasticity-inspired multimodal foundation model for Earth observation." arXiv preprint arXiv:2403.15356 (2024).

Extracted from (1)



DOFA - Dynamic 
One-For-All

The pre-training dataset has 5 
distinct sensors:

– RGB high-res (NAIP)
– multispectral RGB+NIR 

(Gaofen)
– multispectral Sentinel-2
– SAR (Sentinel 1)
– hyperspectral (EnMAP)

Pre-train progressively: 

– 100 epochs on a 50k images 
subset

– 20 epochs on a 410k images 
subset (selecting 100k 
samples from each modality 
and 10k samples from 
EnMAP data) 

– 1 epoch on the entire dataset

IBM Research | © 2025 IBM Corporation 1. Xiong, Zhitong, et al. "Neural plasticity-inspired multimodal foundation model for Earth observation." arXiv preprint arXiv:2403.15356 (2024).

Extracted from (1)



Multimodal GeoFMs
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The Multimodal Foundation Models

With the rise of the foundation models and the unprecedented interest about AI
for almost any task, it did not take so long to these works converge to create
models able of dealing with more than one source of data (now termed as
"modalities").
Following the advent of pioneer large models as Wu Dao, the appeal of the
multi-modality became ubiquitous and has spread to others fields, as SciML and
Geospatial AI.
The main question which appears when we start looking at multi-modal models is
what is the recommendable approach to combine the embeddings coming
from each modality in a way they are not obfuscated or distorted during
the process.

João Lucas de Sousa Almeida, Bianca Zadrozny Multimodal Foundation Models for Geospatial Applications

https://en.wikipedia.org/wiki/Wu_Dao


The Multimodal Foundation Models
The concept of "modality" in Geospatial AI is slightly di!erent from others areas.
The inputs are not so clearly di!erent as text and video, but they usually represent
di!erent aspects of the same object, as spectral bands in various frequencies, RGB
channels and depth.
The models presented in this summary are Masked Auto-Encoders (MAE), that
means, they are pretrained in a self-supervised way to reconstruct data from
inputs with missing parts. The percentage of missing parts in these samples can
be considerably high in order to enforce the models to learn correlations between
the scarce pieces of information and, possibly, better generalize for unseen inputs.
To allow the images be ingested by the architectures, it is necessary to use a
technique called patching, in which the images are subdivided into smaller grids
and reshaped to eliminate extra dimensions.
In the next sections, we present and comment the characteristics of some of these
models and try to extract some partial conclusion about the embedding
combination problem.

João Lucas de Sousa Almeida, Bianca Zadrozny Multimodal Foundation Models for Geospatial Applications



MP-MAE: Single input, multiple outputs

Figure: MP-MAE is ConvNext-V2 architecture trained with the MM-Earth dataset. See the
model page

.João Lucas de Sousa Almeida, Bianca Zadrozny Multimodal Foundation Models for Geospatial Applications

https://vishalned.github.io/mmearth/


MP-MAE

MP-MAE is focused on learning diverse optical satellite images from Sentinel-2.
That means, it receives always a single input, but it is able of reconstructing a set
of other modalities.
MP-MAE is trained on the ConvNeXt architecture, a kind of Convolutional MAE,
di!erently from the most part of the approaches in this area which are dominantly
based on transformers.
It is multi-modal in the sense that the model can deal with di!erent sources of
data, but it does not receive more than one modality as input at a time.
The loss used to train it is a simple weighted mean over the modality-aware losses.
In this architecture the question about the combination of models simply does not
exist, since there is a single encoder and the decoders use the same embedding as
input.
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MultiMAE: Multiple inputs, multiple outputs

Figure: MultiMAE has crossed attention for the partial embeddings. See the model page

.
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MultiMAE

MultiMAE receives inputs from di!erent modalities and combines them using a
simple technique: the unmasked pixels are reshaped, linearly projected and
concatenated to create a common embedding.
In this way the attention layers see the features related to all the modalities at a
time and can better find relationships between them.
After the encoding, the patches related to each modality are remapped onto their
original positions and sent to dedicated decoders, which in turn reconstruct the
original modalities.
The decoders are simple shallow networks, basically a combination of multi-head
attention and MLP layers.
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TerraMind

Figure: TerraMind is based on 4M. See the model page

.
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TerraMind

TerraMind has two stages for the encoding stage: tokenization and the core
encodering.
In the tokenization, an encoder-decoder architecture is pretrained for each
modality in order to create the most appropriated embedding for each one.
In the core encoding, the partial embeddings are sampled, stacked and passed
through the main encoder in order to create the global embedding.
After it, the final decoder is basically reconstructing the sampled inputs, which
helps to guide the encoder towards e!ectively combining the multiple modalities
into some kind of unified representation which can be used for further downstream
tasks.
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Complement

All these models are available on our platform TerraTorch.
New models are being added, as CROMA and Galileo.
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Conclusion

The concept of modality can variate depending on the research area, but if we
simply consider it as an individual source of data with its own defined variables,
the problem of combining modalities can then be interpreted as the problem of
conciliating di!erent sources of data in order to enrich the information seen by the
model during the training.
Combining multiple modalities is not a closed problem and there are diverse
solutions to achieve reasonable results.
However the most usual currently available techniques are based on projecting the
modalities using linear models or neural networks and aggregating them to
produce a global embedding and then perform the decoding.
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Fine-tuning GeoFMs with 
TerraTorch
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Overview

TerraTorch is an open-source library based on Pytorch 
Lightning and TorchGeo designed to streamline the 
process of fine-tuning geospatial foundation models 
(GFMs) for different downstream tasks.

Features

– TorchGeo functionalities
– Easy access to GFM backbones (Prithvi, timm, SMP)
– Flexible trainers for image segmentation, pixel-wise 

regression and classification (more in progress)
– Launching fine-tuning tasks through config files

63

Model

– pre-trained encoder

– decoder

Task

– segmentation, 
detection, regression...

– loss function
– evaluation metrics

Training

– optimizer

– hyperparameters
– loggers

Data

– data format

– train/valid/test splits
– pre-processing
– data augmentation
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Architecture
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Practical Examples
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Benchmarking 
GeoFMs
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GEO-Bench-2

The emergence of Geospatial Foundation Models 
(GeoFMs) holds great promise for 
advancing Earth Observation (EO), enabling more 
general and scalable solutions for a variety of 
tasks. 

However, the rapidly evolving nature of this field 
has meant that evaluation protocols have been 
difficult to standardize.

GEO-Bench-2 is an effort to address this 
challenge by providing a comprehensive and 
community-focused benchmarking 
framework tailored to various EO applications. 

Expanding upon its predecessor, this framework 
is designed to facilitate consistent, insightful, and 
fair comparison of GeoFMs.

IBM Research | © 2025 IBM Corporation 67

https://github.com/The-AI-Alliance/GEO-Bench-2
Simumba, N. et al. GEO-Bench-2: From Performance to Capability, Rethinking Evaluation 
in Geospatial AI, https://arxiv.org/pdf/2511.15658, November 2025.
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What GEO-Bench-2 
Offers

Diverse and 
Permissively Licensed 
Data

Includes a curated 
selection of 19 
datasets covering core EO 
tasks, 
including classification, 
segmentation, regression, 
object detection, and 
instance segmentation, 
ensuring broad usability.

Targeted Evaluation via 
“Capabilities”

Datasets are grouped 
into “capabilities” based on 
shared characteristics (e.g., 
resolution, band usage, 
temporality). 

This feature supports 
flexible benchmarking, 
allowing users to assess a 
model’s strengths on 
specific types of EO data.

Robust Metrics and 
Efficiency

Utilizes the normalized 
interquartile mean 
(IQM) for more robust 
model comparison and 
incorporate subsampling 
strategies to help make 
large-scale evaluation 
more efficient.

Ease of Use with 
TerraTorch

Integration with the 
TerraTorch open-source 
toolkit. 
However, all datasets and 
datamodules can also be 
used independently of 
TerraTorch.
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GEO-Bench-2 
Dataset Selection Criteria
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Challenging and Discriminative
Datasets must distinguish strong GeoFMs 
from baseline models. 

Open Licenses
Prioritizing permissive licenses to
enable academic and industry adoption, 
avoiding GPL and non-commercial licenses.

Diversity
Encompasses a wide range of tasks, 
modalities, and geographic regions, featuring 
samples from all seven continents. The 
comparatively higher representation of 
Europe stems from initiatives such as 
INSPIRE and Horizon Europe.



GEO-Bench-2 
Dataset Capability Groups
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GEO-Bench-2 evaluates nine overlapping 
capabilities designed to highlight specific 
challenges in GeoFM development. 

These include architectural challenges, 
such as object detection and 
segmentation, as well as input-related 
challenges like sensor fusion and temporal 
understanding.

Core provides a balanced subset across all 
capabilities with the aim of reducing the 
compute needed for evaluating on the 
benchmark while evaluating on the more 
discriminative datasets.



Models selected for 
experiments
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Adaptation protocol

Base Model Adaptation

Classification: 
Single linear layer with softmax on the 
encoder output

Pixel-wise Tasks (Segmentation and 
Regression): 
UNet decoder for both semantic 
segmentation and regression tasks, 
where we fed equally spaced features 
from the encoder’s output into the 
Unet.

Object Detection and Instance 
Segmentation: 
Faster R-CNN and Mask R-CNN, 
respectively

Multi-Spectral Bands, SAR 
and Multi-Modal Datasets

Multi-Spectral Bands: 
All bands contained in a dataset are 
utilized, provided they are compatible 
with the model. Where an exact match 
did not exist, bands were matched 
according to closest wavelength. 

Synthetic Aperture Radar: 
In case a model could not handle 
Synthetic Aperture Radar (SAR) natively, 
VV and VH polarization bands were 
loaded as the model’s RGB channels in 
the order VV, VH, and VV. 

Multi-Modal Datasets: 
Ablation comparing S2-only to S1+S2 
for multi-modal datasets. This led to 
using both modalities only for Terramind 
on BEN V2 and BioMassters; all other 
models use S2 only.

Multi-Temporality

For datasets with multi-temporal 
inputs, each timestamp was passed 
through the encoder separately. The 
resulting encoder outputs were then 
averaged along the embedding 
dimensions before being passed to 
the decoder.

Evaluation Metrics

Semantic Segmentation: Multiclass 
Jaccard Index 

Single label Classification: Accuracy 

Multilabel classification: F1-score 

Pixel Wise Regression: Root Mean 
Squared Error 

Instance segmentation and Object 
detection: Mean Average Precision 
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Results across 
capabilities
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Impact of Architecture, Size, 
and Pretraining Dataset

Despite some models 
performing more 
consistently across several 
capabilities (i.e., Clay-V1 
ViT-B, or ConvNeXt 
architectures), no model 
dominates across all 
datasets.

Larger models consistently 
outperform their smaller 
counterparts, with ResNet-
50 models showing notably 
poor performance 
regardless of pretraining 
data. 

Clay-V1 ViT-B achieves top 
Core performance with 
only 86M parameters. 
This is likely due to its 
diverse pretraining on 70M 
heterogeneous EO samples 
(1-30m GSD) and smaller 
patch size of 8, which 
captures finer details at 4× 
computational cost 
compared to standard ViT 
models with patch size 16.

ConvNeXt architectures 
pretrained on natural 
images adapt effectively to 
EO tasks through full 
finetuning, independent of 
model size or pretraining 
domain.
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Importance of Multi-Spectral Bands

DINOv3-ViT-L-SAT and the 
ConvNeXt models are top 
performers in the RGB/NIR 
or the below 10 m GSD 
capability, which mostly 
includes high-resolution 
RGB data to perform the 
task.

Despite TerraMindV1-
Large, Prithvi-EO-2.0-600-
TL, and Clay-V1 ViT-B 
taking the podium in the 
Multi-Spectral-Dependent 
capability, the ConvNeXt 
models are still close in 
normalized performance.

In individual datasets like 
NASA Burn Scars and 
PASTIS crop classification, 
there is a more marked 
difference (e.g. up to 10%) 
between the models using 
all multi-spectral bands 
available and the ones 
using only RGB data. 
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Discussion and 
Limitations

GeoFMs are advancing rapidly, with a 
strong appeal for domain-specific 
applications.
•  However, the field has yet to 

experience a paradigm shift 
comparable to that of generative 
modeling in text or computer 
vision.

• While larger models tend to 
perform better, geoFMs have not 
exhibited the scaling laws 
observed in LLMs or image 
generation.
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Under full fine-tuning settings, 
GeoFMs consistently outperformed 
simpler models, but not larger models 
trained on natural images, particularly 
for high-resolution RGB-only tasks.

GeoFMs demonstrated clear advantages 
when multi-spectral or multi-temporal 
information is critical.
• These results align with DINOv3 

findings, where even the 7B RGB-only 
model could not surpass the 10× 
smaller Prithvi-EO-2.0 in crop 
classification. 



Questions? 
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