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TerraMind — our Tirst tfoundation model
With cross-modal understanding

Sentinel-2 L2A Sentinel-1 RTC DEM

Raw Input

Generation
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TerraMind

TerraMind 1s our first
any-to-any generative,
large-scale multimodal
FM tor EO and Is pre-
trained on 500 billion
tokens using diverse
geospatial data.

TerraMind / © 2025 IBM Corporation
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Jakubik, J., Yang, F., Blumenstiel, B., Scheurer, E., Sedona, R., Maurogiovanni, S., ... & Longépé, N. (2025).
TerraMind: Large-Scale Generative Multimodality for Earth Observation. arXiv preprint arXiv:2504.11171.
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The training data — 9M spatio-temporal locations
with multiple modalities from TerraMesh dataset
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Sentinel-2 L1C
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Blumenstiel, B., Fraccaro, P., Marsocci, V., Jakubik, J., Maurogiovanni, S., Czerkawski, M., ... & Longépé, N. (2025).
TerraMind / © 2025 IBM Corporation TerraMesh: A Planetary Mosaic of Multimodal Earth Observation Data. arXiv preprint arXiv:2504.11172. 25



Tokens are gooa
pre-training targets

TerraMind uses
Vector-quantized
Variational Auto-

Finite State m
o ' Encoders (VO-VAE
Raw Input Ouantization? (FSO) Reconstruction e oS
| for tokenization.
. e [
VIT-B Ditfusion |
« W - Decoder R, i The tokenizer of each

Encoder ) . \

]
Y
HT"EN B

Codebook

modality Is trained
separate and uses Finite
Sate Quantization (FSO)
with a codebook size of
15,360 tokens.

1 Mentzer, F., Minnen, D., Agustsson, E., & Tschannen, M. (2023). Finite scalar quantization: Vg-vae made simple. arXiv
TerraMind / © 2025 IBM Corporation preprint arXiv:2309.15505. 26



Fusing the modalities with
correlation learning

Sampled target tokens

Latent representation Cross entropy loss
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Sampled input tokens Mask tokens

Mizrahi, D., Bachmann, R., Kar, O., Yeo, T., Gao, M., Dehghan, A., & Zamir, A. (2023). 4m: Massively multimodal masked
TerraMind / © 2025 IBM Corporation modeling. Advances in Neural Information Processing Systems.



Modalities
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Image caption
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0.25x 0.25 deg

Modality-wise Tokenization Correlation Learning
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Pixel-level input

Sampled target tokens

Cross Entropy Loss
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Jakubik, J., Yang, F., Blumenstiel, B., Scheurer, E., Sedona, R., Maurogiovanni, S., ... & Longépé, N. (2025).

TerraMind: Large-Scale Generative Multimodality for Earth Observation. arXiv preprint arXiv:2504.11171.

Downstream Applications

Multimodal Generation

X B

Generate data based on
learned correlations

Fine-tuning

N decoder
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Native support for multi-modal inputs

Thinking in Modalitites (TiM)
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Any-to-any generation

Predicted tokens

!!!!!! 1 ! B Generation

- TerraMind TerraMina g Diffusion
Encoder \ Decoder Decoder

Input patches Mask tokens of
target modality
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Chained generation tor
consistent generations

Predicted tokens

!!!!!! 1 ! B Generation

- TerraMind TerraMina g Diffusion
Encoder \ Decoder Decoder
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EE § 5 SEE B
Generated Input tokens Mask tokens of
tokens next target modality
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Chained generation tor
consistent generations

Raw Input Sentinel-2 L2A Sentinel-1 RTC DEM LULC

Generation

>
apy Consistancy
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A generated
Generation > modalities
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Generation' >
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Thinking In
Modalities

TerraMind enables to
enhance fine-tuning by
Thinking-in-Modalities
(TIM) — generating
Intermediate artificial

data of other modalities.

The raw image and the
generated tokens are
used as input by the
fine-tuned model.

TerraMind / © 2025 IBM Corporation

Standard fine-tuning

TerraMind

Encoder

Task
decoder

i "_ i
g~ B

= TerraMind [
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How does
TerraMind

Derrorm’

TerraMind / © 2025 IBM Corporation



PANGAEA bench — nine diverse downstream tasks

BurnScars MADOS PASTIS SenlFl11 FBP DynamiceEN  CTM-SS  SpaceNet7 AldFarms
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‘af

Planet
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Wildtire Marine  Agriculture Flood Land cover Land cover Agriculture Change det. Agriculture

Marsocci, V., Jia, Y., Bellier, G. L., Kerekes, D., Zeng, L., Hafner, S., ... & Nascetti, A. (2024). PANGAEA: A global and
TerraMind / © 2025 IBM Corporation inclusive benchmark for geospatial foundation models. arXiv preprint arXiv:2412.04204. 34



PANGAEA
bench results

PANGAEA bench results for
TerraMind and the top 5 EO FMs
based on average rank. The mIoU is
visualized on a normalized scale.
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Improvements with
multi-modality

Multimodal inputs consitently improve the TerraMind
herformance on PANGAEA benchmark datasets.

Input PASTIS SenlFl11 CTM-SS
entinel-1 20.04 80.39 24.45
entinel-2 40.20 89.57 50.90

Multimodal 40.51 90.62 55.80

TerraMind / © 2025 IBM Corporation



Thinking in Modalities

Comparision between
the standard approach
with full fine-tuning and
Thinking-in-Modalities
(TIM) tuning using
generated LULC tokens
as additional inputs.

Potential TIM modalities
for TerraMind include
S-2,S-1, LULC, DEM,
NDVI, and coordinates.

TerraMind / © 2025 IBM & ESA

Dataset Model Input ToU\yater mIoU
TerraMind-B Sentinel-1 63.00 81.06
TerraMind-B TIM S-1+ gen. LULC 72.25 83.65
SenlFloodsll — . .
erraMind-B Sentinel-2 82.26 89.70
TerraMind-B TiM S-2 + gen. LULC 84.75 91.14
TerraMind-B Sentinel-2 41.87
A T . . —
SALTOPTYPE o aMind-BTiM -2 + gen. LULC 42.74
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Few-shot experiments

How one-shot classification works:

Labeled data
(support set)

Unlabeld data
(query set)

Classification based on shortest
distance in the embedding space

River

TerraMind / © 2025 IBM Corporation

1-shot 5-way classification results using nearest

neighbors, measured in accuracy and averaged over
200 runs. TerraMind outpertorms benchmarks from

CV and EQ, suggesting a well-structured latent space.

Model Input EuroSAT METER-ML
. S-2RGB 52.39 28.13
CLIP-VIT-B/16
NAIP — 31.73
DeCUR S-2 L1C 50.54 27.87
Prithvi EO 1.0 S-2 L1C 60.11 26.08
Prithvi EO 2.0 S-2 1L1C 61.06 28.26
. S-2 L1C 70.83 33.90
TerraMind-B
NAIP — 32.23

1-shot 5-way defines a setting with five randomly sampled classes with one labeled example each.
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NeU rat Biomass

: Crops Std
compression
benchmark
Biomass
| Clouds Mean

R2 results of TerraMind,
other FMs and baselines
on Image compression
tasks from a CVPR
EarthVision challenge.

Landcover Heatisland

Agriculture Std
The well structured
embedding space of
TerraMind outpertorms Landcover Heaticland
all other tested models. Forest Mean

Method
—eo— TerraMind (FM) DINO VIT (FM) Factorized Prior

—eo— MAE VIT (FM) DINO ResNet (FM) —eo— Averaging Baseline

TerraMind / © 2025 IBM Corporation



Insights

SOTA Performance

TerraMind reaches
state-of-the-art

performance on
PANGAEA bench.

TerraMind / © 2025 IBM Corporation

Multi-modal inputs

TerraMind Is trained
with various modalties,
natively supporting
multi-modal fine-tuning.

Thinking-in-Modalites

TerraMind Iintrodcues a
new intermediate step
and imagines how other
modalities look like.

Embedding space

TerraMind embeddings
are well well suited for
few-shot classification
or Image retrival tasks.

41



Maritime use case
with TerraMind



IBM Geospatial Studio

Welcome Benedikt Blumenstiel!

e & o

Manage you API keys — Documentation > Feedback —
Manage your API keys to access Access SDKs, model cards, and Manage your feedback
the studio services developer resources submissions and check for status
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Prepare data Customize a model Use models for prediction
Refine datasets for tuning and Tune and edit foundation models Use existing tuned models for
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1BM Geospatial Studio
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L everaging
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IBM Geospatial Studio
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Try It

for

yvourselt!

We ® Open source!

All mode
on Huggi
the Apac

s are released
ng Face under

ne 2.0 license.

https://huggingface.co/ibm-esa-geospatial

TerraMind / © 2025

IBM & ESA

O

El < © B @ B huggingface.co & @ ¥ [2504.11172] Te... ©
~ . Hugging Face Models Datasets Spaces Posts Docs Enterprise  Pricing v= @
'l.‘ ,’ - .

‘\,{g IBM ESA Geospatial Community
Activity Feed New 3 Organization settings Following %" 34 Q
<> Al & ML interests Community £ Editorg card

Organization Card
None defined yet.

IBM and ESA 6 Advancing Geospatial Al with TerraMind

Recent Activity
IBM and the European Space Agency (ESA) introduce TerraMind, the first multimodal, any-to-any generative
P. blumenstiel updated a Space
ibm-esa-geospatial /README

#  blumenstiel updated a model the "Thinking-in-Modalities" approach to handle missing modalities. The model was pre-trained in partnership with

foundation model for Earth Observation. TerraMind reaches new SOTA results on downstream tasks and introduces

ibm-esa-geospatial /TerraMind-1.0-large Jiilich Supercomputing Centre (Forschungszentrum Jiilich) and supported by the FAST-EQ project.

P, blumenstiel updated a model

ibm-esa-geospatial/TerraMind-1.0-base
% Open Source

View all activity

The FAST-EO partners and ESA are committed to Open Source, sharing knowledge, and driving innovation for the

Team members geospatial domain.

g g g ' & Papers and Resources
.\.', i | ‘

Explore the technical paper detailing TerraMind's architecture and applications here.
Il Upcoming Models and Datasets
Stay tuned for our upcoming model and dataset releases: Llama3-MS-CLIP and TerraMesh.

Explore our models, datasets, and papers, and join our discussions to shape the future of geospatial Al!

Collections

TerraMind 1.0 > TerraMind Tokenizer >

49
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N\ TerraTorch —
%/ The FM Toolkit

TerraMind is fully integrated into TerraTorch
which enables low/no-code fine-tuning.

Initalize pre-trained TerraMind models for
fine-tuning, TIM tuning, any-to-any generation,
or tokenization within a few lines of code.

from terratorch import BACKBONE REGISTRY

model = BACKBONE REGISTRY.build(
"terramind vl base",
modalities=["S2L1C", "SIGRD"],
pretrained=True,

TerraMind / © 2025 IBM & ESA Examples at https://github.com/IBM/terramind

IBM:terramind - terramind_v1_base_sen1floods11.ipynb

+ 8 1T J [>, Xr » & [ Code v Managed Jupyter server: auto-start v Python 3 (ipykernel

# Segmentation mask that build the model and handles training and vali
model = terratorch.tasks.SemanticSegmentationTask(
model_factory="EncoderDecoderFactory", # Combines a backbone with necK®
decoder, and a head
model_args={
# TerraMind backbone
"backbone": "terramind_vl_base", # large version: terramind_v1_large
"backbone_pretrained": True,
"backbone_modalities": ["S2L1C", "S1GRD"],
# Optionally, define the input bands. This 1is only needed if you select a
subset of the pre-training bands, as explained above.
# "backbone_bands": {"S1GRD": ["VV"]},

# Necks
"necks": [
{
"name": "SelectIndices",
"indices": [2, 5, 8, 11] # indices for terramind_vi1_base
# "indices": [5, 11, 17, 23] # indices for terramind_vi_large
I
{"name": "ReshapeTokensToImage",
"remove_cls_token": False}, # TerraMind is trained without CLS token,
which neads to be specified.
{"name": "LearnedInterpolateToPyramidal"} # Some decoders like UNet or
UperNet expect hierarchical features. Therefore, we need to learn a
upsampling for the intermediate embedding layers when using a ViT like

TerraMind.
i
# Decoder
"decoder": "UNetDecoder",

"decoder_channels": [512, 256, 128, 64],

# Head



https://github.com/IBM/terramind

. We want to see what you
TerraMind < can build with TerraMind!
Blue=Sky - H—

Challenge

Get inspired and submit your idea with TerraMind at:
hitps://huggingtace.co/ibm-esa-geospatial/challenge

A bi-monthly award
spotlighting the boldest,
most Imaginative ways
to push TerraMinc
heyond “just another
fine-tune”. You can win
4 x €1 000 prize money.

See Terms & Conditions at
https://huggingface.co/ibm-esa-geospatial/challenge.
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Thank you!

TerraMind / © 2025 IBM & ESA

-ind more information a

nttps://huggingrace.co/

bout TerraMind at

hm-esa-geospatial
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PANGAEA bench results for
TerraMind, the top 3 EO FMs and

a fully fine-tuned UNet. The mIoU is
visualized on a normalized scale.

TerraMind / © 2025 IBM Corporation
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PANGAEA bench

Performance evaluation of TerraMind across nine benchmark datasets using the
PANGAEA evaluation protocol. Higher mIoU (1) and lower rank values ({) are
reported. The best model is highlighted and the second best is underscored.

Model BurnSr MADOS PASTIS SenlFl11 FBP DEN CTM-5S SN7 Al4Farms Avg. mIoU Avg. Rank
CROMA 32.42 67.55 32.32 90.89 51.83 38.29 49.38 59.28 25.65 55.29 6.61
DOFA 30.63 59.58 30.02 39.37 43.18 39.29 51.33 61.84 27.07 53.59 3.22
GFM-Swin 76.90 64.71 21.24 72.60 67.18 34.09 46.98 60.89 27.19 52.42 10.00
Prithvi 1.0 100M 83.62 49.983 33.93 90.37 46.81 27.86 43.07 56.54 26.86 51.00 11.00
RemoteCLIP 76.59 60.00 18.23 74.26 69.19 31.78 52.05 57.76 25.12 51.66 11.22
SatlasNet 79.96 55.86 17.51 90.30 50.97 36.31 46.97 61.88 25.13 51.65 10.67
Scale-MAE 76.68 57.32 24.55 74.13 67.19 35.11 25.42 62.96 21.47 49.43 11.44
SpectralGPT 380.47 57.99 35.44 39.07 33.42 37.85 46.95 58.86 26.75 51.87 10.11
S.-512-MoCo 31.53 51.76 34.49 39.26 53.02 35.44 43.58 57.64 25.38 53.02 10.06
S.-512-DINO 31.72 49.37 36.13 88.61 51.15 34.81 438.66 56.47 25.62 52.51 10.89
S.-512-MAE 81.91 49.90 32.03 387.79 51.92 34.03 45.80 57.13 24.69 51.69 12.39
S.-S12-Data?Vec 81.91 44.36 34.32 38.15 43.82 35.90 54.03 58.23 24.23 52.22 10.72
UNet Baseline 84.51 54.79 31.60 91.42 60.47 39.46 4°7.57 62.09 46.34 57.58 4.89
VIT Baseline 31.53 43.19 38.53 37.66 59.32 36.83 44.08 52.57 38.37 54.13 10.28
TerraMindvl1-B 32.42 69.52 40.51 90.62 59.72 37.87 55.80 60.61 28.12 58.35 3.94
TerraMindvl-L 82.93 75.57 43.13 90.78 63.38 37.89 55.04 59.98 27.4°7 59.57 3.44

TerraMind / © 2025 IBM Corporation

Jakubik, J., Yang, F., Blumenstiel, B., Scheurer, E., Sedona, R., Maurogiovanni, S., ... & Longépé, N. (2025).
TerraMind: Large-Scale Generative Multimodality for Earth Observation. arXiv preprint arXiv:2504.11171.



	Slide 1: TerraMind      Dr. Johannes Jakubik  
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23: TerraMind – our first foundation model with cross-modal understanding
	Slide 24: TerraMind
	Slide 25: The training data – 9M spatio-temporal locations with multiple modalities from TerraMesh dataset
	Slide 26: Tokens are good pre-training targets
	Slide 27: Fusing the modalities with correlation learning
	Slide 28
	Slide 29: Any-to-any generation
	Slide 30: Chained generation for consistent generations
	Slide 31: Chained generation for consistent generations
	Slide 32: Thinking in Modalities
	Slide 33: How does TerraMind perform?
	Slide 34: PANGAEA bench – nine diverse downstream tasks
	Slide 35: PANGAEA  bench results
	Slide 36
	Slide 37: Improvements with multi-modality
	Slide 38: Thinking in Modalities
	Slide 39: Few-shot experiments
	Slide 40: Neural compression benchmark
	Slide 41: Insights
	Slide 42: Maritime use case with TerraMind
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47: Leveraging TerraMind in Singapore
	Slide 48
	Slide 49: Try it for yourself!
	Slide 50: TerraTorch –  The FM Toolkit
	Slide 51: We want to see what you can build with TerraMind!
	Slide 52
	Slide 53
	Slide 54
	Slide 55: PANGAEA bench

