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Let’s talk about
dgenerative multi-
modality in Earth

observation
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Turing test
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Sentinel-2 L2A
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Sentinel-1 RTC Composite
(power scale)
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Sentinel-2 L2A
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Sentinel-1 GRD
Composite (power scale)
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Digital elevation
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TerraMind — our first deep learning

model with cross-modal understanding
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Generation
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TerraMind

Modalities Modality-wise Tokenization Correlation Learning

Sentinel-2 L2A
Sentinel-2 L1C
Sentinel-2 RGB

Pixel-level input

Sampled target tokens

TerraMind 1s our first
any-to-any generative,
large-scale multimodal

Sentinel-1 GRD
Sentinel-1 RTC
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Cross Entropy Loss
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A satellite | - TerraMind
Image caption “‘C“Ozieﬂ?rfea Sequence input Encoder
it . text T e
. ) Coords . . . .
Coordinates at 0°50'N Ization )
0.25 x 0.25 deg 122°75'E Sampled input tokens

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

Sentinel-2 L2A  Sentinel-2 L1C Sentinel-2 RGB Sentinel-1 TC LULC DEM

BN Water W Trees 1 Flooded vegetation Crops B Builtarea # Bare ground B Snow/ice Clouds B Rangeland

Blumenstiel, B., Fraccaro, P., Marsocci, V., Jakubik, J., Maurogiovanni, S., Czerkawski, M., ... & Longépé, N. (2025).
CVPR'25 MORSE workshop / © 2025 IBM Corporation TerraMesh: A Planetary Mosaic of Multimodal Earth Observation Data. arXiv preprint arXiv:2504.11172.
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Tokens are gooa

pre-training ta
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1 Mentzer, F., Minnen, D., Agustsson, E., & Tschannen, M. (2023). Finite scalar quantization: Vg-vae made simple. arXiv
preprint arXiv:2309.15506.

TerraMind uses

Vecto

Variati

Encoca

with ¢

-quantized

onal Auto-
ers (VO-VA
ITTusion ste

for tokenization.

0S

The tokenizer of each
modality Is trained
separate and uses Finite
Scalar Quantization
(FSO) with a codebook
size of 15,360 tokens.
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Fusing the modalities with
correlation learning

Sampled target tokens

Latent representation Cross entropy loss

J 1 1] 1] | B IIIIII
N N S A R R

qh

- H "_ TerraMind { ’v_ TerraMind
\>)~  Encoder
0°50'N
122°75'E

[ S I N
1 1] ]

Sampled input tokens Mask tokens

Mizrahi, D., Bachmann, R., Kar, O., Yeo, T., Gao, M., Dehghan, A., & Zamir, A. (2023). 4m: Massively multimodal masked
CVPR'25 MORSE workshop / © 2025 IBM Corporation modeling. Advances in Neural Information Processing Systems.



Modalities

Sentinel-2 L2A
Sentinel-2 L1C
Sentinel-2 RGB

Sentinel-1 GRD
Sentinel-1 RTC

Digital Elevation
Model (DEM)

Vegetation
index (NDVI)

Land-use/
land-cover
maps (LULC)

Image caption

Coordinates at
0.25x0.25 deg
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Modality-wise Tokenization

A satellite

Image of a

coastline
with ...

0°50’'N
122°75'E

Pixel-level input

Image

lzation

Sequence input

. . . . . . Caption

Coords

Text

Ization

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

Correlation Learning

Sampled target tokens

Cross Entropy Loss

EENEEEEE
tot ot ot ottt

TerraMind
Decoder

Mask tokens

I
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t ¢+ t t+ ¢+ ¢t t 1t

TerraMind
Encoder

t + t t 1
— ]

Sampled input tokens

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

Downstream Applications

Multimodal Generation

Generate data based on
learned correlations

Fine-tuning

Task

decoder

Native support for multi-modal inputs

Thinking in Modalitites (TiM)

N\ S

TIM tuning with generated modalities
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Any-to-any generation

Predicted tokens

!!!!!! 1 ! B Generation

Input

- TerraMind TerraMina g Diffusion
Encoder \ Decoder Decoder

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

Raw Input Sentinel-2 L2A Sentinel-1 RTC
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Consistancy
between
generated
modalities
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Thinking In
Modalities

Te
en

Thi

(Ti

raMind enables to
nance fine-tuning by
nking-in-Modalities

M) — generating

Intermediate artificial
data of other modalities.

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

TerraMind
Encoder

Task
decoder

TIM fine-tuning with intermediate modalities
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How does
TerraMind

Derrorm’
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PANGAEA bench — nine diverse downstream tasks

BurnScars MADOS PASTIS SenlFl11 FBP DynamiceEN  CTM-SS  SpaceNet7 AldFarms
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Marsocci, V., Jia, Y., Bellier, G. L., Kerekes, D., Zeng, L., Hafner, S., ... & Nascetti, A. (2024). PANGAEA: A global and
CVPR'25 MORSE workshop / © 2025 IBM Corporation inclusive benchmark for geospatial foundation models. arXiv preprint arXiv:2412.04204. 22



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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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
TerraMindv1-L 32.93 75.57 43.13 90.78 63.38 37.89 55.04 59.98 27.4°7 59.57 3.44

CVPR'25 MORSE workshop / © 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.



Burn Scars FiveBillionPixels
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Improvements with
multi-modality

Multimodal inputs consitently improve t

ne TerraMind

berformance on PANGAEA benchmark datasets.

Input PASTIS SenlFl11 CTM-SS
Sentinel-1 20.04 30.39 24.45
Sentinel-2 40.20 89.57 50.90
Multimodal 40.51 90.62 55.80

CVPR'25 MORSE workshop / © 2025 IBM Corporation



Thinking in Modalities

Comparision between
the standard approach
with tull fine-tuning and

Thinking-i
(TIM) tuni
generated

g U
LU

as additio

nal

n-Modalities

sing
' C tokens

INputs.

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

CVPR'25 MORSE workshop / © 2025 IBM Corporation

Dataset Model Input ToUyater mIoU
TerraMind-B Sentinel-1 68.00 81.06
TerraMind-B TIM S-1+ gen. LULC 72.25 83.65
SenlFloodsll — . .
erraMind-B Sentinel-2 82.26 89.70
TerraMind-B TiIM S-2 + gen. LULC 84.75 91.14
TerraMind-B Sentinel-2 471.87
SALTOP TYPE o aMind-BTIM  S-2 + gen. LULC ) 4274
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Few-shot experiments

How one-shot classitication works:

Labeled data
(support set)

4

Crop

Unlabeld data
(query set)

O

¥ o

Highway O\(\

Classification based on shortest

River distance in the embedding space

CVPR'25 MORSE workshop / © 2025 IBM Corporation

1-shot 5-way classitication 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 1L1C 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.

28



Neural
compression
benchmark

R2 results of TerraMind,
other FMs and baselines

on Image compression
tasks trrom a CVPR
EarthVision challenge.

The wel
embedc

| structured
INg space ot

TerraMi

Nd outperforms

all other tested models.
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Biomass
Crops Std
Clouds Biomass
Mean
Landcover Heatisland
Agriculture Std
Landcover Heatisland
Forest Mean
Method
—eo— TerraMind (FM) DINO VIT (FM) Factorized Prior

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

SOTA Performance

TerraMind reaches
state-of-the-art

performance on
PANGAEA bench.

CVPR'25 MORSE workshop / © 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.
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Maritime use case
with TerraMind

CVPR'25 MORSE workshop / © 2025 IBM Corporation
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L everaging
TerraMind In

Singapore
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A little outlook...

CVPR'25 MORSE workshop / © 2025 IBM Corporation

38



Ingesting
weather data

. I [Input] NOAA GFS temperatures 12h ahead [Generation] TerraMind generations: S2L2A —— T2M
into TerraMind

Conditioning
generations of
temperature profiles on
Sentinel-2 images with
TerraMind.

Leveraging timeseries
on a daily and hourly
basis tor correlation
learning.

FSO tokenization of the
time series.



Building next
deneration

tokenizers

S2-L2A

Generative capabilities
INn any-to-any models
are upper bounded by
tokenizer
reconstructions.

Pysh the limits of |
tokenizer Reconstruct]ons
reconstructions (e.g., by (compression

introducing perceptual factor due to
0Sses). tokenization

~1000x)




Try it tor
yvourself!

We ® Open source!

All models are released
on Hugging Face under
the Apache 2.0 license.

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

CVPR'25 MORSE workshop / © 2025 IBM Corporation 41
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TerraMing
webpage IS
now online

e

[m] ez P
nttps://ibm.github.io/terra
Mmind/
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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,

CVPR'25 MORSE workshop / © 2025 IBM Corporation Examples at https://github.com/IBM/terramind
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https://github.com/IBM/terramind

We want to see what you
can build with TerraMind!

Get Iinspired and submit your idea wit
https://huggingrace.co/ibm-esa-geos

N TerraMind at:

patial/challenge

A bi-monthly award
spotlighting the boldest,

to push TerraMinc

mMmost Imaginative ways

neyond “just anot

ner

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!

CVPR'25 MORSE workshop / © 2025 IBM Corporation

-Ind more information about TerraMind at

ttps://huggingtace.co/ilbm-esa-geospatial
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