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The Bitter Lesson

The most significant advancements in Al have come from
focusing on general methods that leverage computation rather
than human-designed representations and knowledge

Richard Sutton, 2019, http://www.incompleteideas.net/Incldeas/Bitteresson.html
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The Bitter Lesson for Satellite Data: the signal is noisy
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The Bitter Lesson for Satellite Data: every GIS task is manual
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The Bitter Lesson for Satellite Data: signals are temporal
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The Bitter Lesson for Satellite Data: life's too short
(to do anything other than self supervised learning)

Unlabelled Self-Supervised Learning Few-shot labels
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The Bitter Lesson for Satellite Data: life's too short
(to do anything other than self supervised learning)

Unlabelled Self-Supervised Learning Few-shot labels
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The Bitter Lesson for Satellite Data: life's too short
(to do anything other than self supervised learning)

Unlabelled Self-Supervised Learning Few-shot labels
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TESSERA: an "Al world map" for many uses

We generate 128-dimension images encoding the
annual spectral-temporal evolution for 10mz2 tiles

"TESSERA: A Foundation Model for Earth Observation", Z. Feng et al
https://arxiv.org/abs/2506.20380
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Let's see TESSERA in action!
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Request @& Download Input L) ' Apply :
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Year: 2024 P
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"TESSERA: A Foundation Model for Earth Observation", Z. Feng et al
https://arxiv.org/abs/2506.20380
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lots of downstream uses Eﬁn. 2
i Xome
| oOStI

I |
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INVEKOS Austrian Crop Dataset
17
Number of| Percent
16 Name
Samples age
| Legume 2227 3.31%
- Soy 5802 | 8.76%
[ Summer Grain 2475 3.68%
Winter Grain 24914 | 37.05%
Corn 6902 10.27%
Sunflower 207 0.31%
Mustard 1734 2.58%
Potato 2514 3.74%
Beet 1257 1.87%
Squash 2019 3.00%
Grapes 222 0.33%
Tree Fruit 347 0.52%
Cover Crop 1418 2.11%
Grass 2349 3.49%
" Fallow 4484 6.67%
Other (Plants) 8220 12.23%
Other(Non 57 0.08%
Plants)
Total 67238 100%
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TESSERA: growing a worldwide user community
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1) Label Efficient: just a few hints are enough to get started.

lots of energy
to train it once

very little energy

to re-use multiple times

Download

TESSERA

open, global,
reproducible, free

Tiles for ROI

can run offline
a mobile phone

Simple o Validation
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no GPU
required!
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TESSERA: growing a worldwide user community
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TESSERA: growing a worldwide user community

Classification

I
R t «Q Download Input i ,f?p XGBOOStE Appl
: eques ownloa npu f) pply .
Bounding Box —— > > N C - E ’70'0,77/:0 i ——— Segmentation
W |G$$ resl'l R g :

' ! egression

Geolessera e e e e e L

: Tessera Embedding Modelzo0

1) Label Efficient: just a few hints are enough to get started.
2) Emergent Learning: embeddings cluster unexpectedly.
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TESSERA: growing a worldwide user community
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1) Label Efficient: just a few hints are enough to get started.
2) Emergent Learning: embeddings cluster unexpectedly.
3) Global Model: regional fine-tuning makes things worse!

O ucam-eo / geotessera Q Type (/] to search 8 6~

<> Code () Issues 20 19 Pull requests 1 &> Agents O Discussions  (®) Actions [ Projects [0 Wiki @ Security |~ Insights 3 Settings

is:issue state:open Q > Labels > Milestones New issue

Open 20 Closed 113 Author ~ Labels ~ Projects ~ Milestones ~ Assignees ~ Types ~ =1 Newest ~

(> [Embedding Request] Microsoft Al for Good / 2017-2025 [/ Kenya | embedding-request O

#163 - satejsoman opened last week

(> [Embedding Request] HU / 2022 - 2025 | Zambezia Province (MOZ) = embedding-request O

#159 . eichfussl opened 2 weeks ago

(© [Embedding Request] UNODC /2023 2024 2025 | Andean region embedding-request O

#155 - caalbarracinb opened 2 weeks ago

(> [Embedding Request] Universitat Trier [ [2017, 2018, 2019, 2024] / Central England (Manchester) =embedding-request O3

#152 - franzschug opened last month

(> [Embedding Request] ORG [ 2024 [ Xiamen, China embedding-request Oo
#144 - dongGIS-geo opened on Dec 20, 2025




TESSERA: growing a worldwide user community
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1) Label Efficient: just a few hints are enough to get started.
2) Emergent Learning: embeddings cluster unexpectedly.
3) Global Model: regional fine-tuning makes things worse!

Easy-to-use Python/OCaml libraries

No GPUs needed for many simple tasks

Growing community of worldwide users helping
Cloud platform independent and on-prem / offline

Sovereign training and inference via torchgeo
Coding agent friendly with Claude skills

Q Type (/) to search 8 6~ + - (O| I A




How will TESSERA change the world?

v2 Can we spot changes in realtime?
sc/0\\(\(5'
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Scaling the model size: v1 to v2 (at a University)

v1 is currently SOTA, but it can be even better!
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Scaling the model size: v1 to v2 (at a University)

Storage LPB» CPU ggfe% GPUs
MPC AMD Nvidia
AWS Intel Intel

ARM AMD

v1 took 6,200 GPU hours on
AMD MI300Xs and used 1/400th
of a single year.

We have vast amounts of training
data not being used in v1!

Scaling experiments show log(n)
Improvements in v2.

Going from 1bn->10bn parameters:

if we can find GPUs+storage!
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* TESSERA v1.0



Spotting planetary changes in real time

Unlabelled Self-Supervised Learning

Petabytes Terabytes Gigabytes
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Data Pretraining Map Tiles
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to predict 2018
next year 2019




How will TESSERA change the world?




What if we could get a billion geolabels? £&

We've spent two years building up a giant global label database from
public and private datasets, using LLMs and coding agents.

Global Biodiversity Information Facility (3.6bn observations).

IUCN Red List of Endangered Species, iNaturalist, OpenStreetMap, ...
15m academic papers fulltexts via the University Library

The debug dashboards we built for this are currently
accidentally going viral in the ecology community!

IUCN Red List Assessments Dashboard
Click a taxon row for details, click again to return




But how do do LIVE programming?!

Scientists continuously collect new data and refine modeling and
analysis approaches. But models and analyses as reported in
publication and scientific artifact repositories are frozen in time.

Not good enough.

Design + impl. criteria for Fairground’s onchesfnafion ean?ua?e

Fairground is formally a single massive live program being collaboratively
edited by thousands of contributors (humans + safely sandboxed Als).

1. To support , we need a robust and customizable foreign
function interface (FFI), foreign data interface (FDI), and type system.

2. To support reproducibility and liveness, we need to control dependencies
and side effects.

3. To support liveness at scale, we need incremental + parallel + distributed
+ gap-free type checking and program execution.



A Hilbert curve to describe a planet




A DAG to describe a planet
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A program to describe a planet
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A (functional?) program to describe a planet
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The GAIA foundation model of the planet

OSM iNaturalist
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