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Contact & Cooperatlon

pdy@smail.nju.edu.cn

.
P

Obs | O

(O | Obs

Background

Analysis

» We propose LoPhyDA, a diffusion assimilation
framework that jointly leverages global priors and

local physical constraints to reduce state-estimation

Assimilation Window

>

uncertainty under sparse observations.

> A low-rank tensor-based observation reconstruction
method is proposed to recover dense fields from

sparse and discontinuous observations, enhancing

global structural consistency.

»> A physical gradient-guided inference method is

introduced to enforce local physical consistency

during denoising.

LoPhyDA: Low-Rank Tensor and Physics Gradient Guided

Diffusion for Atmospheric Data Assimilation
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2. Method: LoPhyDA
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3.Main Results
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> Real observations
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4_Ablation Study
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5. Cyclic assimilation and forecasting
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