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What Is Test㎿Time Optimization? 
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Observation㎿Guided Test㎿Time Optimization: Station2Radar ㏙1㏚

[1] Kim, Doyi, Minseok Seo, and Changick Kim. "Station2Radar: Query-Conditioned Gaussian Splatting for Precipitation Field." International Conference on Learning Representations. Vol. 2026. 
2026.



Observation㎿Guided Test㎿Time Optimization: Station2Radar ㏙2㏚

[1] Kim, Doyi, Minseok Seo, and Changick Kim. "Station2Radar: Query-Conditioned Gaussian Splatting for Precipitation Field." International Conference on Learning Representations. Vol. 
2026. 2026.



Observation㎿Guided Test㎿Time Optimization: StreamTTO ㏙1㏚

[2] Under review
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Observation㎿Guided Test㎿Time Optimization : StreamTTO ㏙2㏚

[2] Under review



Why Does TTO Work? Sensitivity to Distribution Shift ㏙1㏚

[3] Su, Jiawei, Danilo Vasconcellos Vargas, and Kouichi Sakurai. "One pixel attack for fooling deep neural networks." IEEE Transactions on Evolutionary Computation 23.5 (2019): 
828-841.
[4] Hendrycks, Dan, and Thomas Dietterich. "Benchmarking neural network robustness to common corruptions and perturbations." arXiv preprint arXiv:1903.12261 (2019).



Why Does TTO Work? Sensitivity to Distribution Shift ㏙2㏚

[5] Jia, Menglin, et al. "Visual prompt tuning." European conference on computer vision. Cham: Springer Nature Switzerland, 2022.



Why Does TTO Work? Sensitivity to Distribution Shift ㏙3㏚

[6] Seo, Minseok, et al. "Domain generalization strategy to train classifiers robust to spatial-temporal shift." arXiv preprint arXiv:2212.02968 (2022).



Distribution Shift in Weather Forecasting



Data Assimilation Naturally Addresses Distribution Shift

[6] https://www.ecmwf.int/en/about/media-centre/news/2017/20-years-4d-var-better-forecasts-through-better-use-observations



4D㎿Var: Optimizing the Initial State over Time

[6] https://www.ecmwf.int/en/about/media-centre/news/2017/20-years-4d-var-better-forecasts-through-better-use-observations
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HealDA㎕ Highlighting the importance of initial errors in end㎿to㎿end AI weather 
forecasts

[6] Gupta, Aayush, et al. "HealDA: Highlighting the importance of initial errors in end-to-end AI weather forecasts." arXiv preprint arXiv:2601.17636 (2026).



HealDA㎕ Highlighting the importance of initial errors in end㎿to㎿end AI weather 
forecasts
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Domain㎿Adaptive Data Assimilation for Global AI Weather Forecasting



Adaptation across forecasting models and initial conditions



Probabilistic forecast skill with FCNv3



Assimilation from a climatological background



Adaptation of GFS analysis fields throughout 2023



Learned observation operator H

Atmospheric state  xᵢ
Surface variables
13-level ver1cal profile

Observa3on query  ηᵢ
Loca%on, %me offset, pressure
geometry, type, channel, satellite

Hϕ

Surface encoder
7 vars  →  128-D

Profile encoder
Transformer  →  128-D

Query encoder   metadata + embeddings  →  96-
D

Concatenate 352-D  +  shared MLP  →  64-D



Learned observation operator H



Visualization of Spatial Forecast Errors



Conclusion and Discussion

What We show
• DADA is the first framework to explicitly address the domain gap caused by changes in background states.
• DADA improves forecast performance with both AI-based and NWP-based backgrounds.
• DADA complements existing data assimilation systems because it still requires an informative background state.

Where the Field May Go 
• Observation㎿to㎿prediction models such as AI㏊DOP avoid this particular background㎿state domain gap by design.
• If fully end㎿to㎿end observation㎿to㎿forecast learning becomes practical, DADA may no longer be necessary.
• However, the vast amount of accumulated gridded training data makes a complete transition difficult in the near term.

Practical Pathway

Observations → Data Assimilation → Background State → DADA → AI Forecast

Open to Collaboration

AI for weather and climate, and observation-driven 
research across domains


