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Figure 4. Per-variable improvement vs. 5-NN distance to assimilated stations. Lines show 
u10, v10, t2m, and d2m relative RMSE improvement ∆% = 100 (1 − ERA5-Flow/ERA5) as a 
function of mean 5-NN distance. Improvements are highest near stations and decay with 
distance; winds decline more gradually than temperatures. The annotation marks the 
median distance for random U.S. locations (42.0 km) and the corresponding average 
improvement (~20.7%). This confirms that Guidance++ captures station variance, 
demonstrating its promise for downscaling.

Figure 6. Case study for 10-meter horizontal wind (u10) on 
January 1, 2020, at 00:00 UTC. This figure highlights the area 
with the most correction for u10, located around the Great 
Lakes region. Large wind errors were identified along the 
shore, which are corrected by Guidance++.

Table 1. RMSE change (%) relative to ERA5 (mean ± std across runs) on test stations. 
Positive = lower RMSE than ERA5 (improvement); negative = higher RMSE (degradation).  
"Average" is the unweighted mean across variables.
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Table 2. Compute cost for pretraining and inference-time assimilation. Values are 
Mean ± Std; lower is better; best per column in bold. Guidance++ is able to assimilate 
365 snapshots within 5 mins.

Figure 1. ERA5 data and weather station observations exhibit foundational distribution 
misalignments. ERA5 is known for its spatial smoothness and often fails to reflect true 
local values, while weather stations exhibit greater variance. Can we, using station 
observations, adjust ERA5 to better reflect these station-level variables? Furthermore, 
can we downscale ERA5 to capture this station variance within its native grid cells?

Figure 2. Overview of CD-Flow, an improved version of D-Flow. CD-Flow optimizes the 
initial noise x0 through end-to-end backpropagation.

Figure 7. Case study for 2-meter Temperature (t2m) on 
January 1, 2020, at 00:00 UTC. This figure highlights the 
area with the most correction for t2m, located around Los 
Angeles. Because of the region's proximity to the sea and 
mountains, the temperature varies greatly with space. In 
the ERA5 data, mountains are not cold enough and cities are 
not hot enough; these biases are corrected by Guidance++.

Figure 3. Overview of Guidance++, an improved version of Guidance. Guidance++ corrects 
velocity during ODE integration.

Figure 5. Guidance++ guides ERA5-Flow to more closely match observations from assimilated weather stations locally. 
This leads to improvements at test stations due to spatial correlation between assimilated and test stations.3. Benchmark

2. Method and Datasets

1. Motivation

7. Future Work

 Summary

The Flow Model was trained on continental U.S. ERA5 (2019–
2023), assimilating observations from 8,294 training weather 
stations, and evaluated on 1,778 separate test stations.

4. Guidance++ Captures Station Variance

5. Guidance++ Refines ERA5-Flow Locally with Observations

6. Case Study - Where Guidance++ Corrects the Most

Downscaling ERA5 with foundation model embeddings and satellite images
Multi-sensor data assimilation

Problem: Standard ERA5 weather data is too "smooth" 
and often fails to capture real, local weather variations 
seen at ground stations.

Result: Guidance++ matches the best performance while 
requiring far less compute. Guidance++ successfully 
corrects known ERA5 biases (like wind near lakes and 
temperature in mountains) and achieves a mean 
improvement of 20.7% at random U.S. locations 
compared to the ERA5 baseline. Guidance++ e�ectively 
refines the ERA5 data locally and captures station 
variance by assimilating observations from thousands 
of local weather stations.

Method: We compare multiple GenAI approaches for 
weather data assimilation.
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