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Which is the correct S2 image?

Cross-modal mappings in EO are non-injective



- vyet... Generative FMs collapse towards the average values,

failing to capture the distribution of possible outputs
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EO Data

Multi-modal inputs (native spatial-spectral resolution)

Shared backbone (unified joint modelling) iR AT

Any-to-any conditional generation (zero-shot)
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Output diversity (covering true distribution)
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COP-GEN Benchmark

Does the model’s output distribution match the

true distribution of plausible observations?

/-) ~500 locations G} )
€  Perlocation: <
e 16 real S2L2A acquisitions
e 16 Terramind S2L2A generations
e 16 COP-GEN S2L2A generations
- New metrics: evaluate distributions, not samples
€ Perceptual fidelity metrics (embedding space)
€ Physical consistency metrics (spectral vectors)
o J
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COP-GEN Benchmark

Does the model’s output distribution match the

true distribution of plausible observations?

>

~500 locations

(op

e 16 Terramind S2L2A generations
e 16 COP-GEN S2L2A generations

- New metrics: evaluate distributions, not samples

€ Perlocation:

e 16 real S2L2A acquisitions

€ Perceptual fidelity metrics (embedding space)

€ Physical consistency metrics (spectral vectors)

-

~

/

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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e Mappings are not one-to-one = Model them as distributions

e COP-GEN ~ the first to learn a joint generative distribution across

modalities at native resolution, with any-to-any conditioning.

e COP-GEN Benchmark - Benchmark for evaluating distribution of

outputs. Single-reference metrics hide diversity collapse.




