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Abstract. Reconstructing complete, high-resolution daily meteorological fields over multidecadal periods from station ob-

servations is severely underdetermined: stations are sparse, unevenly distributed, and temporally inconsistent, especially over

complex terrain. Because this ill-posedness requires prior assumptions, the choice of prior determines how well extremes are

preserved. Conventional products, whether interpolation, multi-source fusion, or reanalysis, rely on prescribed background-

error covariances that attenuate localized extremes as coverage declines. We introduce Generative REconstruction (GRE), a5

sequential assimilation framework that replaces prescribed covariances with a generative prior learned from satellite-era grid-

ded fields. The prior, a diffusion model trained jointly on precipitation, pressure, wind, and temperature, encodes multivariate

spatial structure including heavy-tailed extremes. At each step, posterior sampling conditions the prior on available stations and

a forecast background, producing an ensemble whose spread reflects observational coverage. Applied over Southwest China

(1951–2024), GRE yields daily 0.1◦ ensemble reconstructions of all four variables. Conditioned on 80% of stations, GRE10

achieves R= 0.93 and RMSE = 5.8 mm/day for daily precipitation versus 0.69 and 7.1 for the baseline product, recovering

rather than smoothing localized peaks. The joint prior propagates observational information across variables, constraining fields

not directly observed. Over three decades, reconstructed precipitation extremes remain consistent with the reference climatol-

ogy while ensemble spread contracts as gauges densify, evidencing calibrated long-term uncertainty. The forecast background

adds most value under sparse coverage and persistent synoptic conditions, maintaining bounded physically consistent uncer-15

tainty throughout the early record.
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1 Introduction

Understanding long-term regional climate variability requires high-resolution, gridded meteorological fields extending back

decades before modern observational networks matured. Over Southwest China, where monsoon dynamics interact with the

complex topography of the Tibetan Plateau margin, the Yunnan Plateau, and the Sichuan Basin (Xu et al., 2008), such records20

are essential for diagnosing climate extremes (Zhang et al., 2008; Zhai et al., 2005) and evaluating climate model fidelity (Flato

et al., 2014); they also underpin the design criteria of long-lived infrastructure such as hydropower systems, flood defenses,

and water-resource management schemes (Liu et al., 2022). Yet for much of the mid-20th century, in situ observations are

sparse, unevenly distributed, and limited to few locations, making spatially complete, temporally consistent, high-resolution

reconstruction a severely under-determined challenge (Schneider, 2001; Chao et al., 2025).25

Conventional gridded products address this gap through three methodologically distinct strategies, interpolation, multi-

source fusion, and reanalysis, each limited by a different mechanism, yet all converging on a common emergent behavior: at-

tenuation of localized extremes as observational coverage decreases. Interpolation-based products (Wu and Gao, 2013; Yatagai

et al., 2012; Hu et al., 2025) honor station records but impose prescribed covariance structures that, by construction, redis-

tribute intensity across smoothing neighborhoods, damping terrain-modulated gradients and spatially concentrated extremes.30

Multi-source fusion products such as the China Meteorological Forcing Dataset (CMFD, He et al. 2020) achieve 0.1◦ resolu-

tion by merging satellite retrievals, reanalysis fields, and station data, but their reliance on satellite-era observations means that

estimates before 1979, if available, may be less directly constrained and therefore less reliable, and the statistical relationships

calibrated during the satellite period may not transfer faithfully to earlier decades when station density alone must constrain

the solution. Dynamical reanalyses, such as ERA5 (Hersbach et al., 2020), ensure physical consistency across variables but35

operate at ∼ 0.25◦ resolution, too coarse to resolve orographic precipitation gradients, and their skill degrades as assimilated

observations thin before the satellite era. In each case, the loss of amplitude fidelity worsens precisely when it matters most:

during extreme events in the early instrumental record, where stations are fewest and the scientific need for accurate intensity

estimates is greatest.

Machine learning offers an alternative strategy: rather than prescribing spatial covariance, learn it from trustworthy data40

(Pan et al., 2019; Luo et al., 2026). Meteorological fields exhibit spatiotemporal covariability rooted in governing dynamics

and quasi-stationary boundary conditions (Chao et al., 2025; Yang et al., 2025); a model that captures this structure encodes

an implicit physical prior, so that reconstructing a field from sparse observations becomes posterior inference under a learned

distribution rather than deterministic interpolation with prescribed smoothing (Reichstein et al., 2019). Deterministic inpainting

has demonstrated skill surpassing conventional statistical methods for global ocean temperature reconstruction (Kadow et al.,45

2020, 2024), but produces single best-estimate fields that cannot represent the ambiguity inherent in severely underdetermined

problems. Probabilistic diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020; Kingma et al., 2021; Song et al., 2021)

address this gap on two levels: as generative models, they learn the full joint distribution over spatial fields, enabling principled

posterior sampling conditioned on arbitrary observation configurations (Song et al., 2022; Chung et al., 2023); as score-based

denoisers, their progressive noise schedule captures spatial structure from large-scale gradients to fine-scale extremes, a multi-50
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scale property well matched to meteorological fields shaped by both synoptic circulation and local orography. These strengths

have been demonstrated in nowcasting (Nai et al., 2024; Wan et al., 2026), ensemble forecasting (Price et al., 2025; Nai et al.,

2025; Ou et al., 2025), stochastic downscaling (Pan et al., 2023; Mardani et al., 2025; Wang et al., 2026), climate reconstruction

with ensemble uncertainty (Ling et al., 2024; Chao et al., 2025), temporal assimilation through coupled forecasting (Yang et al.,

2025), and station-scale data assimilation (Huang et al., 2024; Manshausen et al., 2025).55

Despite these progresses, existing spatial reconstructions mostly operate at monthly resolution (Ling et al., 2024; Kadow

et al., 2024), and temporal assimilation frameworks target weather-to-seasonal timescales (Yang et al., 2025). Few studies

have produced daily, multivariate, high-resolution climate reconstructions from sparse stations over multi-decadal periods.

Such reconstructions must simultaneously capture the coupled spatiotemporal variability across meteorological variables and

remain robust when observations are sparse, unevenly distributed, or temporally inconsistent, conditions that characterize60

the early instrumental record. Finally, they must provide calibrated uncertainty estimates that reflect the varying strength of

observational constraints.

Motivated by these challenges, we propose Generative REconstruction (GRE). GRE combines a probabilistic diffusion

model, a deterministic forecast model, and diffusion posterior sampling (DPS; Chung et al. 2023) into a data-driven analogue of

sequential data assimilation (Kalnay, 2003; Evensen, 2003), replacing prescribed background-error statistics with a generative65

prior learned from physically consistent gridded data. We apply GRE to produce daily 0.1◦ fields of precipitation, surface pres-

sure, wind speed, and temperature over Southwest China (15◦–35◦N, 90◦–110◦E) since 1951, yielding multivariate-coherent,

spatiotemporally consistent, and uncertainty-aware reconstructions that remain robust under the sparse and temporally varying

observational constraints of the early instrumental record.

2 Data and Methods70

GRE is a data-driven analogue of sequential data assimilation, coupling two independently trained components at inference

(Figure 1). A diffusion model (Section 2.2, Figure 1a) learns the joint spatial distribution of meteorological fields from a

satellite-era derived gridded product (CMFD v2.0; see Section 2.1), encoding cross-variable spatial structure as a generative

prior. A forecast model (Section 2.3, Figure 1b) propagates the previous day’s reconstructed state forward, providing temporal

context that constrains the current step, particularly where and when stations are absent. The posterior sampling procedure (Sec-75

tion 2.4, Figure 1c) fuses the prior with two sources of constraint—direct station observations and the forecast background—

through reverse-diffusion steps, producing ensemble reconstructions whose spread reflects remaining uncertainty. This cycle

repeats daily: each day’s reconstruction conditions on its own observations and the preceding forecast, then advances through

the forecast model to initialize guidance for the next day.

2.1 Study Domain and Data80

GRE operates on a 0.1◦×0.1◦ grid (200×200 points) over 15◦–35◦N, 90◦–110◦E, reconstructing daily fields of precipitation

(P ), surface pressure (sp), 10-m wind speed (U10m), and 2-m temperature (T2m) for 1951–2024. Both the diffusion model
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and forecast model are trained on CMFD v2.0 (He et al., 2020, 2024), a derived gridded product that is itself constructed by

fusing satellite retrievals, reanalysis fields, and station observations through terrain-aware interpolation and elevation-based

corrections. Training is restricted to the satellite era (1981–2020), when CMFD is most directly constrained by observations.85

The diffusion prior is trained on daily fields over the full 1981–2020 window; the forecast model is trained on consecutive

daily pairs from 1981–2015 and validated on 2016–2020. Station observations from the China Meteorological Administration

(CMA), obtained through the China Meteorological Data Service Centre (China Meteorological Data Service Centre, 2026),

provide daily P , U10m, and T2m for conditioning during reconstruction. The station network is unevenly distributed, concen-

trated in lower-elevation basins and river valleys with substantially sparser coverage over the western highlands and the Tibetan90

Plateau margin; the number of reporting stations also grows markedly over time, from a sparse network in the early 1950s to

a considerably denser one by the 1980s (Fig. S1 in the Supplement). Surface pressure (sp) is unavailable from CMA stations

and is therefore constrained solely by the learned multivariate prior and forecast guidance. The diffusion model is additionally

conditioned on the digital elevation model (DEM) from the GEBCO_2026 Grid (GEBCO Bathymetric Compilation Group

2026, 2026) and solar angle (SA) as static channels encoding topographic and seasonal radiative forcing.95

2.2 Diffusion-Based Spatial Prior

The spatial prior is a score-based diffusion model (Sohl-Dickstein et al., 2015; Ho et al., 2020; Kingma et al., 2021; Song

et al., 2021) that learns the joint distribution of meteorological fields by constructing a continuous bijective mapping between

the data distribution and a standard Gaussian. Defining x0 ∈ RC×H×W (C = 4 variables, H =W = 200 grid points) as a

multi-variable daily meteorological field over the study domain, the forward stochastic differential equation (SDE):100

dxτ = fτ (xτ )dτ + gτ dwτ , τ ∈ [0,1], (1)

progressively transforms x0 into Gaussian noise x1 ∼N (0,I), where fτ and gτ are the pre-defined drift and diffusion co-

efficients and wτ is a standard Wiener process. We adopt a variance-preserving formulation in which fτ and gτ are set by

a log signal-to-noise-ratio (log-SNR) schedule that yields closed-form noising coefficients α(τ) and σ(τ) (Sect. S1 in the

Supplement). This process admits a time-reversed SDE (Anderson, 1982):105

dxτ =
[
fτ (xτ )− g2τ∇xτ

logpτ (xτ | c)
]
dτ̄ + gτ dw̄τ , (2)

where dτ̄ denotes reverse time, c= [DEM; SA] encodes static topographic and solar forcing attributes. Solving this reverse

SDE from x1 ∼N (0,I) generates samples from the learned distribution. In practice, numerical SDE solvers with discretized

time steps are used (Song et al., 2021). The only unknown, the score function ∇xτ
logpτ (xτ | c), is approximated by a neural

network sθ trained via denoising score matching (Vincent, 2011):110

s∗θ = argmin
sθ

Eτ,x0,xτ∼p0τ (xτ |x0) ∥sθ(xτ , τ | c)−∇xτ
logp0τ (xτ | x0)∥2 . (3)

As the noise schedule progresses from fine to coarse perturbations, the learned score captures spatial structure across scales,

from synoptic-scale gradients at high noise levels to mesoscale features at low noise levels, a multi-scale property well suited
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Figure 1. Overview of GRE, structured as a data-driven sequential assimilation cycle with two phases. Training (a, b): two models are

independently trained on CMFD v2.0 (1981–2020). The diffusion model (a) learns the probability distribution of multivariate weather fields,

conditioned on topography (DEM) and seasonal solar forcing (SA), by training a neural network to map continuously between a standard

Gaussian and the target distribution, a bijective transformation whose reversal requires only the learned score function s∗θ (Sohl-Dickstein

et al., 2015; Ho et al., 2020; Kingma et al., 2021; Song et al., 2021). The forecast model (b) learns how these fields evolve from one day to

the next. Reconstruction (c): for each day t, the diffusion model generates candidate weather fields consistent with the learned prior; these

candidates are then steered toward agreement with the day’s station observationsM⊙ (xt) and with the forecast x̃t carried forward from

the previous day’s analysis, producing the reconstructed field xt. The forecast model then advances this analysis to provide the background

for day t+∆t, and the cycle repeats, mirroring the forecast–analysis loop of classical sequential assimilation, but with the learned prior

replacing prescribed background-error statistics.
5
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to meteorological fields shaped by both large-scale circulation and local orography. The model is trained on daily four-variable

fields from CMFD v2.0 (1981–2020), with DEM and SA concatenated as additional input channels (see Sect. S1 in the Sup-115

plement for network architecture, training strategy, and implementation details).

2.3 Forecast Model for Temporal Propagation

Station observations on any single day provide only sparse spatial coverage, but observations from preceding days carry addi-

tional information about the current meteorological state. GRE exploits this temporal dependence by propagating the previous

day’s reconstructed field forward through a deterministic forecast model trained on consecutive daily field pairs (xt, xt+∆t)120

from CMFD v2.0 by minimizing the mean squared prediction error:

F ∗
ξ = argmin

Fξ

Et ∥Fξ(xt)−xt+∆t∥2 , (4)

where t is calendar time, ∆t= 1 day, ξ∗ is optimal parameter of the forecasting model F . At inference, the forecast x̃t+∆t =

F ∗
ξ (xt) provides a useful but limited role: MSE optimization yields the conditional mean; the forecast tends to smooth fine-

scale variability and under-represent extremes, deficiencies that would be unacceptable in a standalone reconstruction system.125

However, within GRE’s framework, these limitations are absorbed by the diffusion prior, which supplies the realistic spatial

structure and non-Gaussian variability that the forecast lacks. The forecast instead serves as a soft temporal anchor: it biases

the reconstruction toward dynamically plausible states without rigidly imposing its own smoothed estimate. This division of

labor (temporal context from the forecast, spatial realism from the prior, observational fidelity from station conditioning) is

formalized in the posterior sampling procedure described next (see Sect. S2 in the Supplement for model configuration, training130

strategy, and implementation details).

2.4 Sequential Reconstruction via Posterior Sampling

During reconstruction, GRE processes one day at a time following the forecast–analysis cycle of sequential data assimila-

tion: the forecast model propagates yesterday’s reconstruction forward to form a background estimate x̃t = F ∗
ξ (xt−∆t), and

diffusion posterior sampling (DPS; Chung et al. 2023) then corrects this background using station observations, producing135

the current day’s analysis. This cycle repeats daily, with each analysis feeding the next day’s forecast. Importantly, GRE can

cold-start at any point in the record: when no forecast is available, reconstruction relies solely on the diffusion prior and station

observations, requiring no temporal context or spin-up. When a forecast is available, it enters as an additional soft constraint

that improves the reconstruction but is not essential. This flexibility is valuable for long-term climate reconstruction, where

temporal gaps and record boundaries are common.140

Specifically, starting from Gaussian noise x1 ∼N (0,I), the reverse SDE is solved with a guided score:

dxτ =
[
fτ (xτ )− g2τ s

∗
θ

(
xτ , τ | Mt⊙ (xt), x̃t, c

)]
dτ̄ + gτ dw̄τ , (5)

Here s∗θ denotes the effective guided score. The network itself evaluates only the unconditional score s∗θ(xτ , τ | c), while

the observation and forecast constraints enter through external DPS gradient corrections rather than through the network’s
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inputs. In this expression,Mt⊙ (xt) denotes the station observations on day t, x̃t denotes the forecast when available, and145

c= [DEM; SA] denotes the static attributes. At each reverse-diffusion step, the denoised field estimate x̃0(xτ ) is computed

from the unconditional score via Tweedie’s formula (Efron, 2011):

x̃0(xτ ) =
1

α(τ)

[
xτ +σ2(τ)sθ(xτ , τ | c)

]
, (6)

and two DPS corrections are then applied sequentially: first, a forecast-guidance gradient steers the sample toward the back-

ground x̃t; second, an observation-guidance gradient enforces consistency with station measurements:150

xτ ← xτ −λf∇xτ

∥∥x̃0(xτ )− x̃t

∥∥2, (7)

xτ ← xτ −λo∇xτ

∥∥Mt⊙ x̃0(xτ )−Mt⊙ (xt)
∥∥2, (8)

where λf and λo are forecast- and observation-guidance weights (see Sect. S1 in the Supplement for the hyperparameters).

Applying observation guidance last ensures that where station data exist, the reconstruction is anchored to measurements rather

than to the forecast. The corrections are imposed at fixed intervals along the reverse trajectory, while the remaining steps follow155

the unconditional reverse dynamics. The full procedure is summarized in Algorithm 1.

7
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Algorithm 1 Generative REconstruction
Input:

– Pre-trained diffusion model with score sθ(xτ , τ | c)≈∇xτ logpτ (xτ | c)

– Pre-trained forecast model F ∗
ξ

– Station observations {Mt⊙ (xt)}tTt=t1
(may be absent on some days)

– Static attributes c= [DEM; SA]

Output:

– Ensemble of reconstructed fields {x(n)
t }tTt=t1

, n= 1, . . . ,Nens

1 Parameters:

– guidance weights λf , λo

– warm-start noise level τ∗

– number of reverse steps K

for t← t1 to tT do

for n← 1 to Nens do

// Part A: Initialize latent variable

2 if t is first day of month (no forecast available) then

3 τstart← 1 Sample xτstart fromN (0,I) // Cold start: uninformative latent

4 else

5 τstart← τ∗ Obtain xτstart by solving forward SDE from τ = 0 to τ∗, starting from xτ=0 = x̃
(n)
t // Warm start:

latent encodes forecast information

// Part B: Guided reverse SDE

6 for k←K to 1 do

7 Compute denoised estimate x̃0(xτk ) via Tweedie’s formula Take unconditional reverse SDE step using sθ(xτk , τk | c)

// Forecast guidance (background correction)

8 if forecast x̃(n)
t is available then

9 xτk−1 ← xτk−1 −λf∇xτk

∥∥x̃0(xτk )− x̃
(n)
t

∥∥2

// Observation guidance (analysis correction)

10 if station observationsMt are available on day t then

11 xτk−1 ← xτk−1 −λo∇xτk

∥∥Mt⊙
(
x̃0(xτk )

)
−Mt⊙ (xt)

∥∥2

12 x
(n)
t ← xτ0

// Part C: Propagate forward for next day

13 x̃
(n)
t+∆t← F ∗

ξ

(
x
(n)
t

)
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3 Results

We evaluate GRE in five steps that move from its underlying spatial prior to the full reconstruction system under realistic

observational constraints. Section 3.1 examines whether the diffusion prior captures the multivariate spatial climatology of

the study domain, a prerequisite for every later result, by comparing the statistics of unconditionally generated fields with the160

training climatology. Section 3.2 then asks whether the conditioned reconstruction honors station observations and reproduces

localized extremes, using an observation ablation in which available stations are progressively withheld and skill is measured

at the held-out sites. Section 3.3 investigates the added value of multivariate coupling and temporal continuity, isolating how

cross-variable physical relationships encoded in the diffusion prior and temporal information propagated by the forecast jointly

constrain the reconstruction when observations are removed. Section 3.4 then evaluates the network-wide impact of the forecast165

background, quantifying how the propagated temporal information contributes across the full station network and how its

effect varies with station density and seasonal conditions. Finally, Section 3.5 extends the evaluation to the multi-decadal scale,

comparing reconstructed daily precipitation extremes and means against the reference product over 1951–1981 and examining

how ensemble uncertainty co-evolves with the historical growth of the gauge network.

3.1 Multivariate Spatial Structure Learned by the Diffusion Prior170

A reconstruction prior is physically useful only if the fields it generates share the climatological and multivariate statistical

structure of the region, rather than merely resembling individual days. We assess this directly by drawing 10,000 fields from the

prior through sampling the reverse SDE, conditioning only on the static attributes c= [DEM; SA], with no station observations

and no forecast guidance. We thereafter compare the statistics of this generated ensemble with the CMFD training climatology.

Because the generated fields are never constrained by observations, any agreement in their aggregate statistics must originate175

from spatial and cross-variable structure encoded in the prior.

Figure 2 summarizes the comparison for multivariate statistics. For single-grid-point statistics (Figure 2a–h), the generated

climatological mean and standard deviation of precipitation match CMFD with pattern correlation coefficients (PCCs) of 0.92

and 0.88, while the maximum precipitation and maximum 10-m wind speed show PCCs of 0.86 and 0.94, respectively. The

first and second Empirical Orthogonal Functions (EOF1, EOF2) of precipitation are also well reproduced with PCCs of 0.89180

and 0.95 (Figures 2i–l). The smoother fields are captured even more faithfully: surface pressure, 10-m wind speed, and 2-m

temperature all reach PCC ≥ 0.95 for the mean and the leading modes (Figs. S2–S4 in the Supplement). Also, the multivariate

dependence structure is well preserved: the inter-variable correlations in GRE closely match those in CMFD across all variable

pairs (Fig. S5 in the Supplement). The radially averaged power spectra of the generated fields (Figures 2m–p) overlap those

of CMFD across all four variables, from synoptic wavenumbers down to the grid scale, showing that the prior reproduces the185

distribution of spatial variance across scales rather than oversmoothing fine-scale structure.

Together, these diagnostics establish that the prior encodes the region’s multivariate spatial climatology, providing a physi-

cally grounded constraint wherever and whenever station observations are absent.
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Figure 2. Comparison of multivariate spatial statistics between the CMFD and unconditionally GRE samples. (a–h) Grid-point-wise statis-

tics: (a,b) climatological mean precipitation (P ) for CMFD and GRE; (c,d) climatological standard deviation of precipitation P for CMFD

and GRE; (e,f) maximum precipitation (Pmax) for CMFD and GRE; (g,h) maximum 10-m wind speed (U10m,max) for CMFD and GRE.

Each GRE panel is annotated with its pattern correlation coefficient (PCC) against the corresponding CMFD field. (i–l) Spatial pattern

comparison: (i,j) first Empirical Orthogonal Function (EOF1) of precipitation (P ) for CMFD and GRE; (k,l) second Empirical Orthogonal

Function (EOF2) of precipitation (P ) for CMFD and GRE. (m–p) Radially averaged power spectra (spectral energy versus wavenumber)

for (m) precipitation (P ), (n) surface pressure (sp), (o) 10-m wind speed (U10m), and (p) 2-m temperature (T2m): CMFD (solid) and GRE

(dashed).

10
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3.2 Reconstructing Historical Extremes

Having established that the prior encodes the region’s multivariate spatial climatology, we now evaluate the full sequential190

assimilation system, in which the prior is conditioned on station observations and coupled with the forecast model to produce

daily reconstructions. We focus on precipitation (Figure 3), the most intermittent and heavy-tailed of the four variables, and

therefore the one that most severely tests whether the framework preserves localized intensity rather than smoothing it away.

The practical value of a historical reconstruction depends on whether it captures the intensity and location of extreme events,

precisely the features that conventional products smooth as the station network thins toward the early record. To mimic the195

sparser networks of earlier decades, we condition GRE on a randomly selected 50% (GRE50%, Figure 3e,h) or 80% (GRE80%,

Figure 3f,i) of each day’s reporting stations and score the reconstruction at the remaining withheld sites. Because the historical

network changes from day to day, the selection is applied to each day’s available set, producing a different set of conditioning

and evaluation stations daily. We benchmark against CMFD over the same withheld sites.

Figure 3a–c shows the reconstruction on 25 June 1951, the earliest and most sparsely observed day analyzed. CMFD (Fig-200

ure 3b) reproduces a broad wet pattern but spreads the rainfall across the region, displacing and damping the observed peak.

GRE conditioned on the available stations (Figure 3c) instead produces a spatially concentrated maximum collocated with the

observed values: as the station data are assimilated, the diffusion prior fills in terrain-aligned gradients around them, and a

localized extreme emerges rather than being smeared out. This behavior, intensity preserved rather than redistributed, is the

qualitative signature that distinguishes a generative prior from covariance-based interpolation.205

To move beyond a single case, we repeat the experiment over the full year 1951 and compare the reconstructed daily

precipitation against the withheld observations. The maps of annual-mean RMSE at each station (Figure 3d–f) show that

CMFD’s largest errors concentrate near the plateau–basin transition, where orography modulates precipitation most strongly;

GRE80% (Figure 3f,i) markedly reduces these errors. The scatter comparisons across all withheld station-days (Figure 3g–i)

confirm this at the distribution level: GRE80% achieves R= 0.93 and RMSE = 5.8 mm/day, compared with R= 0.69 and210

RMSE = 7.1 mm/day for CMFD. Even GRE50%, conditioned on only half of each day’s stations (Figure 3e,h), attains a

higher correlation than CMFD (R= 0.78 versus 0.69), a notable result given that CMFD was constructed using the full station

network together with satellite and reanalysis data. Reconstruction quality thus improves steadily as more stations are available,

and GRE retains better agreement with withheld observations than the conventional product even under the sparse conditions

typical of the early instrumental record.215

3.3 Added Value of Multivariate Coupling and Temporal Continuity

The stations reporting on a given day are not the only information available to the reconstruction. Two additional factors

shape the analysis: the physical relationships among meteorological variables, for example, a rainfall extreme is typically

accompanied by a pressure low, convergent winds, and a temperature drop, and the memory of previous days’ weather carried

forward by the forecast model. Since GRE’s diffusion prior is trained on all four variables jointly, it encodes these cross-220

variable relationships. Meanwhile, the forecast propagates yesterday’s analysis into today’s background, providing temporal
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Figure 3. Observation constraint and extreme-event fidelity for 1951 precipitation. (a–c): single case, 25 June 1951, the earliest and most

sparsely observed day analyzed: (a) station observations (P obs), (b) CMFD (PCMFD), and (c) GRE conditioned on all stations (PGRE).

(d–f): annual-mean (1951) station-level RMSE relative to observations, mapped at station locations within the evaluation region (red circle),

for (d) CMFD, (e) GRE50%, and (f) GRE80%. (g–i): scatter plot of observed versus reconstructed daily precipitation, with RMSE, correlation

(R), and bias labeled, for (g) CMFD, (h) GRE50%, and (i) GRE80%. GRE50% and GRE80% are conditioned on 50% and 80% of each day’s

available stations and scored at the withheld stations.
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continuity. Here we isolate how much each factor contributes by progressively removing current-day observations at a single

grid point that records two major precipitation events (Figure 4).

We select a grid point that records two major precipitation events within a 45-day window (19 July to 1 September 1951):

74 mm/day on 31 July and 151 mm/day on 25 August. To isolate how different sources of information contribute to the225

reconstruction, we run three experiments that progressively remove current-day observations on the event days (Figure 4). In

the first experiment (Figure 4a–d), all observed variables (P , U10m, T2m) are assimilated on the event days as on every other

day. In the second (Figure 4e–h), precipitation is withheld on the event days while wind speed and temperature remain, so that

the reconstruction of precipitation draws on cross-variable relationships and the forecast background. In the third (Figure 4i–l),

no current-day observations are supplied on the event days, leaving the reconstruction to rely entirely on the forecast propagated230

from the previous day’s analysis and on the prior. Surface pressure (sp) is never observed at this location in any experiment;

its behavior therefore reveals how much constraint the other variables and the forecast provide indirectly.

When all station data are supplied (Figure 4a–d), the ensemble collapses onto the measurements for P , U10m, and T2m, with

near-zero spread and error. Surface pressure, though unobserved, is kept to a modest spread of 1.8–2.6 hPa, anchored by its

learned physical co-variability with the observed fields and by the forecast.235

Removing precipitation on the event days widens the precipitation ensemble substantially: spread of 40.9 mm/day on 31 July

and 97.8 mm/day on 25 August. Yet the ensemble mean still tracks the withheld peaks rather than collapsing to climatology

(Figure 4e–h). The retained wind and temperature observations, together with the forecast, continue to inform precipitation

through their shared physical relationships: heavy rainfall is typically accompanied by enhanced wind convergence and local

cooling, and these signatures help the analysis recover the precipitation signal even though no rain gauge is assimilated. Wind240

speed and temperature, still observed, remain pinned to their measurements with zero spread. Surface pressure spread increases

modestly (to 3.0–3.1 hPa), reflecting the loss of precipitation as an indirect anchor.

The contrast between the two events is informative. On 31 July (74 mm/day), cross-variable coupling reduces precipitation

spread from 58.8 to 40.9 mm/day relative to the fully withheld case, a roughly 30% reduction. On 25 August (151 mm/day),

the reduction is negligible (98.1 to 97.8 mm/day): the event is so far into the tail of the precipitation distribution that wind245

and temperature provide limited additional constraint. Cross-variable information thus helps most for moderate extremes and

diminishes as events become exceptionally rare.

When no current-day observations are assimilated (Figure 4i–l), the reconstruction on the event days is driven entirely by

the forecast background and the prior. Precipitation spread widens further (58.8 and 98.1 mm/day), and ensemble mean errors

grow to 25.3 and 51.5 mm/day, large but still well below the event magnitudes of 74 and 151 mm/day, indicating that the250

forecast carries meaningful temporal information from the preceding days when observations were available. Wind speed and

temperature, now also unobserved, develop nonzero but small spreads. Temperature is notably robust: even without any current-

day observations, its absolute error remains ≤ 0.2 K, reflecting its smooth, persistent character that the forecast alone nearly

captures. Precipitation, by contrast, is intermittent and heavy-tailed, and therefore much harder to reconstruct from temporal

information alone.255
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Surface pressure spread roughly triples relative to the fully observed case (1.8–2.6 to 7.4–7.6 hPa). Because sp is never

directly observed, this tripling measures the total indirect constraint lost when the other variables are removed: cross-variable

coupling and the forecast together were holding the pressure uncertainty to under 3 hPa, and without those anchors the ensemble

widens but remains bounded.

Across all three experiments, ensemble uncertainty grows in an orderly, variable-appropriate manner as observational support260

is removed. The heavy-tailed precipitation field absorbs most of the added uncertainty; the smoothly varying temperature stays

well constrained even when unobserved; and the ensemble never diverges. This behavior, spread scaling with the strength of the

available constraint while remaining bounded, is the hallmark of a well-calibrated ensemble and is essential for reconstructing

the early instrumental record, where station reporting is both sparse and intermittent.

3.4 Network-Wide Impact of the Forecast Background265

Most existing generative and deterministic inpainting methods treat each day independently (Ling et al., 2024; Chao et al.,

2025): they learn spatial structure from gridded data and condition on the available observations, but they carry no memory

from one day to the next. A key distinction of GRE is the forecast model, which propagates yesterday’s analysis forward as

a temporal background for today’s reconstruction. The single-point experiments above showed that this background provides

meaningful constraint even when no current-day observations are available. We now ask how much it contributes across the270

full station network and whether its contribution varies with season and station density.

Figure 5 maps the change in reconstruction skill when forecast guidance is removed, defined as the metric without forecast

minus the metric with forecast, so that positive values indicate improvement. The results are calculated based on data covering

the full year of 1951. Under the sparser GRE50% (Figure 5a), where 50% of station observations are applied to constrain es-

timates, most withheld stations show reductions in both wind-speed error and ensemble spread when the forecast is included,275

with the largest gains near the plateau–basin transition where terrain-driven variability is highest and the stations are fewest,

exactly where the analysis has the least same-day observational support and therefore benefits most from temporal informa-

tion carried forward. Under GRE80% (Figure 5b), where 80% of station observations are applied to constrain estimates, the

improvements are smaller but still predominantly positive: when stations are dense, they already constrain the field well, and

the forecast adds less.280

The seasonal breakdown (Figure 5c,d) sharpens this picture. The forecast helps most in autumn and winter, when synoptic

patterns persist from day to day and the previous day’s analysis is a reliable predictor of the current state. It helps least in

summer, when convective variability breaks the day-to-day connection and the forecast background becomes less informative.

This dependence, with forecast information mattering most when stations are sparse and the weather is persistent, is exactly

the behavior expected of a useful background field in any assimilation system. It confirms that the forecast model is not merely285

a generic smoother but provides physically grounded temporal context that complements the spatial prior, and it is what allows

GRE to maintain both accuracy and calibrated uncertainty through the observational gaps that pervade the early instrumental

record.
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m

Figure 4. Reconstruction at a single grid point under progressive observation removal, for a 45-day window containing two major precipita-

tion events (31 July, 74 mm/day; 25 August, 151 mm/day; red vertical lines). Columns show the four reconstructed variables: precipitation

(P ), surface pressure (sp), 10-m wind speed (U10m), and 2-m temperature (T2m). (a–d) All observed variables (P , U10m, T2m) assimilated.

(e–h) Precipitation withheld on the two event days; wind speed and temperature remain assimilated. (i–l) All variable observations withheld

on the event days; the reconstruction relies on the prior and the forecast from the previous day. Blue curves and shading show the ensemble

mean and range; black dots mark assimilated observations; red diamonds mark observations that exist but are withheld. Surface pressure is

not observed at this location; its spread in all three experiments is governed entirely by cross-variable coupling and the forecast background.

(m) Ensemble spread and absolute error on the two event days for each experiment, summarizing the progressive transfer of uncertainty as

observations are removed.
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Figure 5. Change in wind-speed reconstruction skill when the forecast background is included, evaluated across the station network. Results

are calculated based on data covering the full year of 1951. All panels show the difference with forecast minus without forecast, positive (red)

values indicate improvement from including the forecast. (a) Spatial map for GRE50% (conditioned on 50% of stations). At each station, the

left semicircle shows the reduction in RMSE of ensemble mean estimates, and the right semicircle shows the reduction in ensemble spread;

background shading indicates terrain elevation. (b) Same as (a) but for GRE80% (conditioned on 80% of stations). (c) Seasonal breakdown for

GRE50%. Orange boxplots show error reduction and green boxplots show spread reduction across stations. (d) Same as (c) but for GRE80%.
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3.5 Calibrated Ensemble Uncertainty Through Network Evolution

The controlled experiments of Sections 3.2–3.4 established that GRE’s ensemble spread responds appropriately to the removal290

of observations at individual stations and grid points. A historical reconstruction, however, must maintain this calibration

over multi-decadal timescales as the real station network evolves, a far more demanding test, because network growth is

gradual, spatially heterogeneous, and confounded with seasonal and interannual variability. We evaluate this using the 1951–

1981 record over the observationally covered subregion (23◦–35◦N, 98◦–110◦E), a window that spans the most dramatic

transformation of the gauge network, from fewer than fifty reporting stations in the early 1950s to roughly six hundred by the295

early 1980s (Figure 6d–f). Restricting the comparison to this subregion ensures that both GRE and the reference product are

evaluated where the historical gauge network actually provides constraint; over the data-void western plateau, neither product

is observationally anchored.

A well-calibrated ensemble must satisfy two specific properties over this period. First, uncertainty should scale with statis-

tical order: the spread of a single-gridcell extreme-value statistic such as the daily spatial maximum of precipitation (Pmax)300

should far exceed the spread of a spatially integrated quantity such as the domain-averaged daily precipitation (Pmean), because

spatial averaging cancels local errors while extremes depend on resolving individual grid cells. Second, uncertainty should de-

crease as observational support grows: the ensemble spread should contract as the gauge network densifies, reflecting the

tightening observational constraint rather than producing a fixed uncertainty band. We test both properties using Pmax and

Pmean computed daily over the subregion, two statistics that probe complementary physics: Pmax isolates the single most in-305

tense local event each day and is governed by mesoscale and convective dynamics, whereas Pmean integrates over the domain

and is dominated by the large-scale monsoon circulation.

The ensemble passes both tests. Pmax carries an order of magnitude more uncertainty than Pmean throughout the record. In

the sparse early 1950s (∼40–80 gauges), the Pmax spread frequently reaches 60–120 mm/day (Figure 6d), reflecting genuine

ambiguity about where and how intense the day’s heaviest rainfall is when few gauges sample the domain. By contrast, Pmean310

spread remains below 1–2 mm/day even during this period (Fig. S6 in the Supplement): even a thin network constrains the

domain-integrated rainfall well, because local errors average out. This order-of-magnitude contrast (same ensemble, same

network, same day, different statistic) is exactly the behavior expected of a physically consistent uncertainty estimate and

would be absent from an ensemble whose spread reflected numerical noise rather than genuine observational ambiguity.

The gauge-density dependence is equally clear. As the network grows through the late 1950s, the Pmax spread contracts315

sharply and then stabilizes into a seasonal rhythm once the network reaches its modern density (Figure 6f). The long-term

anticorrelation between spread and gauge count persists across all three decades, with residual summer maxima reflecting

the irreducible difficulty of constraining convective extremes even under dense coverage. This contraction occurs over real,

gradual network evolution rather than the synthetic withholding of Sections 3.2–3.4, and it demonstrates that the ensemble is

responding to actual changes in observational support at the multi-decadal scale.320

Despite the wide uncertainty in extremes during the sparse early record, the GRE ensemble envelope encloses the CMFD

Pmax series throughout the three decades (Figure 6a), reproducing both the pronounced annual cycle (summer-monsoon max-
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ima routinely exceeding 120 mm/day, winter minima below 30 mm/day) and the interannual modulation of peak intensity,

without drift or systematic amplitude bias as the network changes. The zoomed June–August views for a sparse year (1952,

Figure 6b) and a dense year (1980, Figure 6c) illustrate the mechanism at the event scale: in both years the ensemble follows325

individual synoptic episodes, but in 1952 the envelope is visibly wider. For Pmean, agreement is tight throughout (Fig. S6 in

the Supplement): the reconstruction conserves the regional water budget across the full record, confirming that the wide early-

record spread in Pmax reflects localized extreme-value uncertainty rather than a bulk wet or dry bias. GRE and CMFD share the

same station inputs and training-era climatology, so this consistency is expected where the network is dense; the distinguishing

property is that where the network is sparse, GRE provides an explicit uncertainty envelope that CMFD does not.330

Together, these results extend the single-point and single-year calibration of Sections 3.2–3.4 to the multi-decadal, network-

scale regime. An ensemble whose spread tracks observational support, discriminates between statistics of different order,

and remains bounded throughout gives downstream users, whether analyzing multi-decadal trends in precipitation extremes,

evaluating regional climate model hindcasts, or assessing hydrological hazards during the pre-satellite era, a principled basis

for weighting the reconstruction: wide spread signals genuine ambiguity that should temper interpretation, while narrow spread335

signals a well-constrained estimate.

4 Conclusions

Long-term, high-resolution climate records are fundamental to diagnosing regional extremes, evaluating climate models, and

informing hydrological design. However, the station networks that underpin them thin and shift as one moves back through the

instrumental record. Conventional gridded products cope with this thinning through prescribed background-error covariances,340

which inevitably smooth localized extremes and lose amplitude fidelity precisely when accurate intensity estimates matter

most.

This study demonstrates that a learned generative prior, trained jointly on multiple surface variables from satellite-era data,

can replace these prescribed covariances within a sequential assimilation framework (Lorenc, 1986; Kalnay, 2003; Evensen,

2003). The resulting daily 0.1◦ ensemble analyses over Southwest China (1951–2024) preserve localized precipitation extremes345

that the baseline product attenuates, reconstruct withheld station observations more faithfully than conventional interpolation,

and maintain physically coherent multivariate fields, including surface pressure, which is not directly observed but is con-

strained through its learned co-variability with the observed variables. The forecast background contributes most where the

early record is most vulnerable: under sparse coverage, in complex terrain, and during synoptically persistent seasons. Across

all experiments, ensemble spread tracks the strength of the available observational constraint, widening when observations are350

removed and contracting when they are restored, without diverging. Extended over three decades of real network evolution

(1951–1981), the reconstructed daily precipitation extremes over the gauge-covered subregion remain statistically consistent

with the reference product while the ensemble spread contracts in step with the densifying network, and the spatially averaged

precipitation stays tightly constrained throughout (Section 3.5; Figure 6 and Fig. S6 in the Supplement), demonstrating that the

calibration established in controlled withholding experiments carries over to the historical record itself.355
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Figure 6. Calibrated ensemble uncertainty over three decades of network evolution. All statistics are computed daily over the observationally

covered subregion (23◦–35◦N, 98◦–110◦E) for 1951–1981. (a) Daily spatial maximum of precipitation (Pmax, mm/day) from CMFD (blue)

and the GRE ensemble (orange shading spans the ensemble range). Vertical black bars mark the two years selected for detailed comparison.

(b, c) June–August Pmax for a sparse-network year (1952) and a dense-network year (1980). (d, e) GRE ensemble spread of Pmax (cyan)

and number of reporting gauges (gray) for 1952 and 1980; note the difference in spread magnitude between the two years. (f) Long-term

ensemble spread of Pmax (cyan) and gauge count (gray), showing the contraction of uncertainty as the network densifies through the late

1950s and the persistent anticorrelation over the full three decades. The companion analysis for the spatially averaged daily precipitation

(Pmean), which shows an order-of-magnitude smaller spread throughout, is shown in Fig. S6 in the Supplement.
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These properties make the framework well suited to constructing long-term, high-resolution climate records for regions

where station density has changed substantially over time. The resulting ensemble analyses could support studies of multi-

decadal trends in precipitation extremes (Zhai et al., 2005; Fowler et al., 2021), evaluation of regional climate model hindcasts

against observational benchmarks, cross-validation against independent gauge-based precipitation datasets such as CHM_PRE V2

(Hu et al., 2025), and assessment of hydrological hazards during periods that predate satellite coverage.360

Two aspects of the current framework warrant further development. First, the diffusion model is trained on the satellite-

era climatology (1981–2020) and treats the spatial prior as stationary. In reality, large-scale boundary forcing evolves on

interannual to decadal timescales: ENSO modulates monsoon precipitation across Southwest China, and secular warming

shifts the temperature and moisture fields. The prior therefore cannot represent spatial patterns that fall outside the satellite-era

training distribution, for instance, teleconnection-driven rainfall anomalies during an ENSO phase that was rare in the training365

period. A natural extension is to condition the prior on slowly varying covariates such as sea-surface temperature indices or

large-scale circulation fields, which are available from observational records and reanalyses extending back well over a century.

This would allow the prior to adapt to the prevailing boundary forcing rather than defaulting to a fixed climatological envelope.

Second, classical sequential filters weight the forecast background by a flow-dependent error covariance, so that the anal-

ysis trusts the background more when it agrees with the observations and less when it does not. The current framework uses370

fixed guidance weights: the background receives the same influence regardless of how well the forecast matches the stations

reporting on that day. A poor forecast, for example following a rapid regime transition that the simple next-day model cannot

capture, would therefore pull the analysis away from the observations rather than being down-weighted. A practical remedy

is to compare the forecast with the available station data before each analysis step and scale the background guidance accord-

ingly: strong agreement would increase the weight, while large discrepancies would reduce it, mimicking the adaptive gain375

of an ensemble Kalman filter. Implementing such flow-dependent guidance would further improve calibration during regime

transitions and convective episodes where day-to-day predictability is low.

Beyond these two directions, broader extensions include scaling the framework to continental and global domains, assimilat-

ing satellite retrievals and paleoclimate proxies alongside station data, and pushing reconstructions into the late-19th century,

where sparse pressure and temperature records could anchor the analysis in combination with the prior and long-record bound-380

ary forcing.

Code and data availability. The exact version of the GRE source code used for this study is archived on Zenodo at 

https://doi.org/10.5281/zenodo.21525755 (Chao, 2026) and is released under the Creative Commons Attribution 4.0 International licence.

The China Meteorological Forcing Dataset (CMFD) version 2.0 used to train both the diffusion prior and the forecast model is available

from the National Tibetan Plateau / Third Pole Environment Data Center at https://doi.org/10.11888/Atmos.tpdc.302088 (He et al., 2024);385

its CSTR persistent identifier is https://cstr.cn/18406.11.Atmos.tpdc.302088. The GEBCO_2026 Grid used as the digital elevation model is

available from the NERC EDS British Oceanographic Data Centre NOC at https://doi.org/10.5285/4f68d5c7-45eb-f999-e063-7086abc036fa

(GEBCO Bathymetric Compilation Group 2026, 2026). Daily station observations of precipitation, 10-m wind speed and 2-m temperature

are provided by the China Meteorological Administration through the China Meteorological Data Service Centre (China Meteorological
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Data Service Centre, 2026); the data are accessed via https://data.cma.cn/en/ under the data provider’s terms of use and no DOI is assigned.390

Solar angle (SA) is computed from longitude, latitude and date using the open-source Pysolar Python library.
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