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➔ COP-GEN: Latent Diffusion 
Transformer for Copernicus 
EO Data

DEM LULC S1RTC

S2 L1C

CLOUD MASK
TIMESTAMP LAT-LON

05-08-2020 50.34,4.85

S2 L2A

◆ Multi-modal inputs (native spatial-spectral resolution)

◆ Shared backbone (unified joint modelling)

◆ Any-to-any conditional generation (zero-shot)

◆ Output diversity (covering true distribution)
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TRAINING:

◆ Independent noise levels for 

each modality

◆ Shared backbone promotes 

cross-modal information 

exchange

COP-GEN

◆ U-ViT transformer architecture

◆ Streams of tokens
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COP-GEN Benchmark

➔ ~500 locations

◆ Per location:

● 16 real S2L2A acquisitions

● 16 Terramind S2L2A generations

● 16 COP-GEN S2L2A generations

➔ New metrics: evaluate distributions, not samples

◆ Perceptual fidelity metrics (embedding space)

◆ Physical consistency metrics (spectral vectors)

Does the model’s output distribution match the 

true distribution of plausible observations?
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COP-GEN Benchmark

➔ ~500 locations

◆ Per location:

● 16 real S2L2A acquisitions

● 16 Terramind S2L2A generations

● 16 COP-GEN S2L2A generations

➔ New metrics: evaluate distributions, not samples

◆ Perceptual fidelity metrics (embedding space)

◆ Physical consistency metrics (spectral vectors)

Does the model’s output distribution match the 

true distribution of plausible observations?

COP-GEN Terramind

Recall 90.0% 2.8%

COP-GEN covers 90% of the real observation 

manifold; TerraMind covers 2.8%.

COP-GEN Terramind

Spectral 
coverage 63% 18%

COP-GEN spans 63% of the real per-band 

reflectance range; TerraMind spans only 18%.
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Code Website

Paper Benchmark


