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Abstract. Accurate precipitation forecasting is essential for mitigating weather-related disasters. Numerical Weather Predic-

tion (NWP) precipitation forecasting accuracy is largely constrained by microphysical parameterization schemes, which rely on

simplifying assumptions that introduce uncertainties. Deep learning provides a promising approach for data-driven modeling

of complex microphysical relationships. We propose to model the cloud microphysical process via the Learned Microphysics

Transformer (LMP-Tr). LMP-Tr employs a hybrid Convolutional Neural Network (CNN)–Transformer architecture that al-5

ternately integrates multi-scale convolutional modules and dual-pathway attention modules to capture both local cloud-scale

features and long-range atmospheric dependencies. The key innovation lies in the systematic alternation of multi-scale con-

volutional modules for local feature extraction and dual-pathway attention modules for global dependency modeling. The

proposed model enables progressive refinement of atmospheric representations through height-variable attention pathways and

cross-module attention mechanisms. Extensive evaluation on a WRF simulation dataset demonstrates superior performance10

of the proposed method. LMP-Tr provides a practical and effective solution for enhancing cloud microphysics representation

in operational NWP systems, offering improved accuracy and physical consistency compared to other Artificial Intelligence

(AI)-based parameterization approaches.

1 Introduction

Accurate precipitation forecasting is essential for addressing escalating challenges posed by global climate change and increas-15

ingly frequent extreme weather events. Numerical Weather Prediction (NWP) Shuman (1978) has emerged as the predominant

approach for operational weather forecasting worldwide. However, precipitation prediction accuracy in NWP systems is largely

constrained by cloud microphysical parameterization schemes, which represent a critical yet inherently uncertain component of

atmospheric modeling. Traditional schemes, including single-moment Cotton et al. (1995); Lin et al. (1983), double-moment

Morrison et al. (2005), and advanced multi-moment approaches such as Milbrandt-Yau Milbrandt and Yau (2005a, b), Seifert-20

Beheng Seifert and Beheng (2006), Thompson Thompson et al. (2008); Morrison and Gettelman (2008), P3 Morrison and

Milbrandt (2015); Milbrandt and Morrison (2016, 2021), and grid-scale cloud schemes Ferrier et al. (2002), face fundamental

limitations from lack of comprehensive observational constraints, inherent closure problems, and numerous simplifying as-
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sumptions Liu et al. (2023). Comprehensive evaluations Köcher et al. (2023); Segele et al. (2013); Jin and et al. (2023); Shi

et al. (2013); Morrison et al. (2020) demonstrate that no existing scheme adequately represents all physical processes across25

diverse meteorological conditions.

Machine learning offers transformative potential for atmospheric modeling through exceptional nonlinear approximation

capabilities Ren et al. (2021). Deep learning-based weather prediction frameworks Weyn et al. (2020) demonstrate substantial

potential for enhancing atmospheric process representation. Applications to cloud microphysics include warm rain processes

Gettelman et al. (2021); Seifert and Rasp (2020), autoconversion Alfonso and Zamora (2021), raindrop formation Takeishi30

et al. (2024), and emulation frameworks Sharma and et al. (2025); Arnold and et al. (2024). Integration frameworks like

Weather Research and Forecasting-Machine Learning (WRF-ML) Zhong and et al. (2023) and radiative transfer coupling

Mu et al. (2023) demonstrate practical feasibility, while basis function approaches Rodríguez-Genó et al. (2022) expand the

methodological toolkit. Recent advances Yuval and O’Gorman (2020); Beucler et al. (2021); Brenowitz et al. (2020) show

promise for incorporating physical constraints and specialized processes such as convective momentum transport Bryan et al.35

(2003) and electrification Mansell et al. (2010). However, current approaches face limitations in capturing global-scale coherent

structures and complex inter-variable dependencies that characterize highly nonlinear, multi-scale atmospheric systems.

Building upon Shu et al. (2024) Shu et al. (2024), which introduced a pioneering One-Dimensional Convolutional Neu-

ral Network (1D-CNN) framework, we address the limitation of capturing long-range dependencies by introducing LMP-Tr

(Learned Microphysics Transformer), a Transformer-based cloud microphysical parameterization scheme. Our approach com-40

bines 1D-CNN’s local feature extraction with global attention mechanisms, employing alternating multi-scale convolutional

modules and dual-pathway attention modules (TR_HEI, TR_VAR, and TR_CROSS) to capture vertical and inter-variable

dependencies. The primary contributions of this paper are summarized as follows:

1. A Transformer-based cloud microphysical parameterization scheme (LMP-Tr) is proposed, which provides another im-

plementation approach for cloud microphysics parameterization in operational NWP systems.45

2. The dual-pathway attention mechanisms (TR_HEI, TR_VAR, and TR_CROSS) in LMP-Tr are developed to capture

both local atmospheric features and global vertical–variable dependencies.

3. Two versions of LMP-Tr are implemented and evaluated on this dataset; their performance differences highlight the

importance of matching architectural complexity to physical process requirements.

2 Methodology50

2.1 LMP-Tr

The overall architecture of LMP-Tr (Learned Microphysics Transformer) is illustrated in Figure 1(a). This AI-based param-

eterization adopts a hybrid CNN–Transformer structure to simultaneously capture local cloud-scale features and long-range

atmospheric dependencies. The core design principle is the systematic alternation of multi-scale convolutional modules for lo-

cal feature extraction and dual-pathway attention modules for global dependency modeling, enabling progressive refinement of55
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atmospheric representations. The architecture features three pairs of alternating multi-scale convolutional modules (pink) and

dual-pathway attention modules (blue), followed by a Conv1D layer (green), with extensive skip connections (black arrows) en-

abling dense feature reuse. Each sample is one vertical column at a single grid point and time step, represented as X ∈ RH×Vin

(H = 50 layers; Vin = 15 input variables) with output Y ∈ RH×Vout (Vout = 12). Here, “sequence” denotes the vertical profile,

not a multi-time history. LMP-Tr learns the column-wise, one-step Markovian update ∆xt+∆t = f(xt,et) without lagged time60

steps. In this study, “spatiotemporal” refers to the height–variable dual-stream representation and its one-step update in time-

evolving NWP fields, rather than multi-time network inputs. This alternating design enables iterative refinement: convolutional

modules extract multi-scale local features while attention modules model global dependencies across vertical and variable di-

mensions. To enhance information flow, a dense feature reuse mechanism propagates features from earlier pairs to later stages

at three levels: (1) input features propagate directly to subsequent pairs, (2) features from earlier pairs integrate into later pairs,65

and (3) intermediate features from all pairs concatenate into the final Conv1D layer. For each convolutional-attention pair i:

F
(i)
dense = Concat(Finput,F

(1)
IT ,F

(2)
IT , . . . ,F

(i)
IT ) (1)

where Finput represents original input features and F
(i)
IT denotes the output of the i-th pair. This mechanism ensures stable gra-

dient flow, accelerates training convergence, and enhances generalization. LMP-Tr employs Logarithmic-Quadratic Activation

(LQA) in the multi-scale convolutional layers of both model variants, defined as:70

σLQA(x) = ln(1+ ex)+
x2

2
(2)

Compared to ReLU, LQA provides smoother nonlinear characteristics that facilitate capturing complex meteorological re-

lationships while mitigating gradient vanishing and ensuring numerical stability. In the remaining modules, multi-head self-

attention employs the built-in softmax; the first feed-forward layer uses ReLU, whereas the second feed-forward layer, layer

normalization, and the output head are linear without additional activation. For fair comparison, all deep learning models in75

the comparative and ablation experiments—including LMP-Tr variants, baseline architectures, and ablated counterparts—use

LQA in their convolutional layers wherever convolutions are present; other modules retain their standard activations (e.g.,

ReLU or softmax).

2.2 Alternating Inception-Transformer Architecture

The LMP-Tr scheme employs an alternating architecture where multi-scale convolutional modules and dual-pathway attention80

modules are systematically interleaved to achieve progressive feature refinement and global dependency modeling. This design

addresses the need to simultaneously capture fine-grained local features (e.g., phase transitions at specific layers) and long-

range dependencies (e.g., vertical stratification effects and inter-variable interactions). The processing flow follows a three-stage

pattern: (1) convolutional modules extract multi-scale local features, (2) attention modules model global dependencies across

vertical and variable dimensions, and (3) refined features pass to the next stage. Through three pairs of alternating modules,85
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Figure 1. Architecture of the LMP-Tr parameterization scheme. (a) Overall architecture. (b) Multi-scale convolutional module. (c) Dual-

pathway attention module.

features undergo progressive refinement—early stages capture basic local patterns, intermediate stages integrate multi-scale

information, and later stages establish comprehensive global dependencies.

2.3 Multi-Scale Convolutional Architecture

The multi-scale convolutional architecture serves as the core local feature extraction module, designed to capture multi-scale

atmospheric patterns through parallel convolutional pathways (Figure 1(b)). The architecture employs parallel branches at90

different vertical scales: Branch-1 uses 1×1 convolutions, Branch-2 combines 1×1 and 3×3 convolutions, and Branch-3 (in

LMP-Tr-2) applies sequential 3×3 convolutions. All branch outputs are concatenated along the channel dimension. Convolu-

tions are 1D along the vertical axis (H): 1×1 kernels mix variables/features at the same level, whereas 3×3 kernels aggregate

three adjacent vertical layers. Global height–variable dependencies are handled by the attention modules (TR_HEI, TR_VAR).
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We introduce two variants: LMP-Tr-1 employs a two-branch structure where Branch-1 uses 1×1 convolution for dimension-95

ality reduction and Branch-2 adds 1×1 followed by 3×3 for larger-scale features, providing focused extraction suitable for

well-defined patterns; LMP-Tr-2 extends this with a third pathway where Branch-3 applies 1×1 followed by two sequential

3×3 convolutions for large-scale context, enabling sophisticated multi-scale integration for complex atmospheric processes.

The architectural difference reflects a trade-off: the dual-pathway design excels for well-structured processes, while the three-

pathway design benefits tasks requiring sophisticated multi-scale interactions.100

2.4 Dual-Pathway Attention Architecture

Following each multi-scale convolutional module, dual-pathway attention modules capture global dependencies across dif-

ferent physical dimensions (Figure 1(c)). The module comprises three sub-modules: TR_HEI for height-dimension atten-

tion, TR_VAR for variable-dimension attention, and TR_CROSS for cross-attention fusion, each employing multi-head self-

attention and feed-forward networks with residual connections and layer normalization. To capture different relationship types105

simultaneously, the model employs Multi-Head Self-Attention (MHSA, Figure 2), which projects queries, keys, and values h

times with learned linear projections (WQ
i , WK

i , WV
i ), then performs scaled dot-product attention in parallel. Outputs from

all h heads are concatenated and linearly transformed:

MHSA(Q,K,V ) = Concat(head1, . . . ,headh)W
O (3)

where headi = Attention(QWQ
i ,KWK

i ,V WV
i ). The core component is scaled dot-product attention (Figure 2), operating110

through: (1) computing similarity scores between query (Q) and key (K) vectors, (2) scaling by 1√
dk

and applying softmax,

and (3) weighting value (V) vectors by attention weights. Mathematically:

Attention(Q,K,V ) = softmax
(
QKT

√
dk

)
V (4)

where dk represents the key dimension. The scaling factor prevents large dot products that would push softmax into low-

gradient regions, ensuring stable gradient flow and enabling dynamic focus on relevant input parts.115

Dual-pathway dependency modeling employs two parallel Transformer modules (Figure 1(c)). TR_HEI (Height-Dimension

Attention) captures dependencies along the vertical dimension by treating each layer as a sequence element, enabling un-

derstanding of vertical atmospheric structure and long-range dependencies; this is crucial where vertical stratification plays

fundamental roles. TR_VAR (Variable-Dimension Attention) models interactions among cloud microphysical variables by

treating each variable as a sequence element, capturing inter-variable relationships such as coupling between temperature,120

humidity, and hydrometeor species. Both modules employ identical Transformer architectures but operate on different dimen-

sional views, enabling complementary feature extraction. After projection to F̂H and F̂V , TR_CROSS fuses the two views via

cross-attention (F̂H as Query; F̂V as Key and Value):

Fcross = MHSA(F̂H , F̂V , F̂V ), Fnorm = LN(Fcross +FH) (5)

followed by a residual feed-forward network, yielding the fused output FIT for the next stage.125
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(a) Multi-head self-attention. (b) Scaled dot-product attention.

Figure 2. Attention mechanisms: (a) Multi-head self-attention; the input is split into multiple heads with learned Q, K, V projections. (b)

Scaled dot-product attention; the three-step flow: Q-K similarity, softmax scaling, V weighting.

3 Experiments

3.1 Dataset

Following Shu et al. (2024) Shu et al. (2024), we constructed a WRF simulation dataset of cloud microphysical parameters over

Southern China (2018–2020). All samples are model-generated outputs rather than observational measurements. The dataset

includes 30 precipitation events selected based on meteorological criteria, with each event comprising over 270,000 samples,130

totaling more than eight million instances. Data were generated using the Thompson microphysical scheme Thompson et al.

(2008), preserving complete spatiotemporal characteristics of cloud variables.

3.1.1 WRF Model Configuration

We adopt WRF model version 4.2.1 with the Thompson microphysical scheme. Initial and boundary conditions are derived

from European Centre for Medium-Range Weather Forecasts (ECMWF) operational analysis data. Parameter settings are135

consistent with real-time operational forecasts of the Shenzhen Meteorological Bureau.

The horizontal domain (Figure 3) is centered at 22.8877°N and 113.6719°E, utilizing Lambert conformal conic projection.

Horizontal resolution is 3 km × 3 km, with grid size 577 × 481 points, covering 104.8895°E–122.4543°E and 16.2589°N–29.3032°N.

The vertical coordinate system employs terrain-following configuration with 50 layers. The integration time step is 18 sec-
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Figure 3. The horizontal domain of Weather Research and Forecasting Preprocessing System (WPS) and WRF in this work. The longitude

ranges from 104.8895°E to 122.4543°E and the latitude ranges from 16.2589°N to 29.3032°N, covering the Southern China region.

onds. Physical parameterization schemes include RRTMG for longwave and shortwave radiation, Yonsei University scheme140

for boundary layer, revised MM5 scheme for surface layer, and unified Noah model for land-surface processes; no cumulus

parameterization is employed (cu_physics = 0), as 3-km resolution resolves convective processes explicitly.

3.1.2 Precipitation Event Selection

Five selection criteria ensure diverse and representative precipitation conditions: (1) preferential selection during months with

higher rainfall, (2) 80%–90% of events during rainy seasons (April–September), (3) time interval between events within the145

same month exceeding 48 hours, (4) hourly sliding average precipitation exceeding 10 mm, and (5) approximately even distri-

bution of rainfall amounts.

Thirty precipitation events spanning 2018–2020 are selected (Figure 4). Results show 27 (90%) events occurred during

April–September. Maximum sliding accumulated precipitation reaches 136.5 mm h−1, with most events exceeding 50 mm

h−1.150
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Figure 4. Month and precipitation distribution of the selected thirty precipitation events. There were 27 precipitation events (90%) from

April to September, corresponding to the rainy seasons in the South China region. All thirty precipitation events exhibited hourly sliding

accumulated precipitation greater than 10 mm h−1.

3.1.3 Dataset Variables

The dataset contains comprehensive cloud microphysical variables (Table 1). Mass mixing ratios (kg/kg) include water vapor

(QV), cloud water (QC), cloud ice (QI), rainwater (QR), snow (QS), and graupel (QG). Number mixing ratios include cloud ice

(NI), rainwater (NR), and cloud water (NC). Aerosol concentrations (#/kg) include water-friendly (NWFA) and ice-friendly

(NIFA) aerosols. Thermodynamic variables include temperature (T; K), pressure (P; Pa), vertical wind speed (W; m/s), and155

layer thickness (DZ; m). All variables are defined across 50 vertical layers.

3.1.4 Sample Independence Analysis

A correlation analysis using Pearson correlation coefficient validates dataset suitability. Since samples from different grid

points are calculated independently, even adjacent grid columns can be considered independent. A block-based approach

divides samples into blocks. The correlation coefficient ρ between samples X and Y is:160

ρ=

∑D
i=1(Xi − X̄)(Yi − Ȳ )√∑D

i=1(Xi − X̄)2
√∑D

i=1(Yi − Ȳ )2
(6)

8



Name Description I/O Name Description I/O

QV Water vapor mass

mix. [kg/kg]

I/O NR Rain no. [#/kg] I/O

QC Cloud water mass

mix. [kg/kg]

I/O NC Cloud water no.

[#/kg]

I/O

QI Cloud ice mass mix.

[kg/kg]

I/O NWFA Water-friendly

aerosol [#/kg]

I/O

QR Rain mass mix.

[kg/kg]

I/O NIFA Ice-friendly aerosol

[#/kg]

I/O

QS Snow mass mix.

[kg/kg]

I/O T Temperature [K] In

QG Graupel mass mix.

[kg/kg]

I/O P Pressure [Pa] In

NI Cloud ice no. [#/kg] I/O W Vertical wind [m/s] In

Table 1. Input and output variables of the WRF-4.2.1 Thompson scheme. Notation: xc (mass), y (number/aerosol), xe (env). I/O = input and

output.

where D = 50 denotes the vertical dimension. Results (Figure 5) demonstrate exceptional sample independence: 83.36% of

correlation values range from 0 to 0.1, with only 31 values exceeding 0.5 and maximum correlation of 0.7416, confirming high

sample independence suitable for machine learning applications.

3.2 Data Preprocessing165

Given minimal variation between consecutive time steps, prediction targets are set as incremental changes rather than absolute

values. Preserving vertical structural consistency across 50 layers is crucial for maintaining physical characteristics.

Inputs are normalized using Min-Max normalization:

Xnorm =
X −Xmin

Xmax −Xmin
, (7)

where Xmax and Xmin are computed across the entire dataset.170

Outputs are scaled using standardized normalization:

ynorm = y× yscale = (xt+1 −xt)× yscale, (8)

with scaling factors: QV–QG (107), NI (10−3), NR (100), NC (10−8), NWFA (10−7), NIFA (10−2), and T (103), xt+1 and xt

represent the variables at the current and next time step, respectively, which are “Input and Output” in Table 1.
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Figure 5. The pseudocolor plot and range distribution of all block correlation values from the whole dataset: (a) pseudocolor plot of element-

averaged correlation value matrix and (b) range distribution. The analysis demonstrates that approximately 83.36% of correlation coefficient

values range from 0 to 0.1, confirming strong sample independence suitable for machine learning applications.

3.3 Evaluation Metrics175

Given substantial magnitude differences across predicted variables, Mean Squared Error (MSE) is adopted as the primary

evaluation metric:

MSEj =
1

N

N∑
i=1

D∑
k=1

(ytrue,i,j,k − ypred,i,j,k)
2
, (9)

where ytrue,i,j,k and ypred,i,j,k denote reference and predicted values for variable j at layer k of sample i, D = 50 is the vertical

dimension, and N is the total number of test samples.180

3.4 Benchmark Models and Training Protocol

We conduct comparative experiments using baseline models spanning different methodological approaches (Table 2). These

benchmark models provide a comprehensive evaluation framework from classical machine learning (Linear, MLP) to modern

deep learning architectures (Autoencoder, 1D-CNN, DenseNet, ResNet, Transformer, Inception). The 1D-CNN baseline serves

as an important reference point, representing our proven methodology and providing the foundation for LMP-Tr.185
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Model Pros / Cons Model Pros / Cons

Linear (1805) +Simple −No nonlinear DenseNet (2017) +Reuse −High memory

MLP (1986) +Nonlinear −No spatial ResNet (2015) +Deep −Limited atm.

Autoencoder (1987) +Dim. reduct. −Not predict Transformer (2017) +Long-range −Compute-heavy

SVM (1995) +Classic −Limit. complex Inception (2014) +Multi-scale −May overfit

1D-CNN (2024) +Local −Limit. long-range

Table 2. Benchmark models: + = strength, − = limitation.

The dataset is partitioned with an 80/20 training-validation split. An independent test set composed exclusively of 2020

precipitation events is used for evaluation. We randomly selected 60,000 samples from 20 events spanning 2018–2019 (3,000

samples per event) for training and validation. Training employs the Adam optimizer with initial learning rate 0.001, progres-

sively reduced to 0.0001. Batch size is 64, and training runs for 500 epochs with early stopping to prevent overfitting.

4 Results190

4.1 Effectiveness Evaluation

Performance evaluation across 12 cloud microphysical variables reveals substantial improvements with the proposed LMP-Tr

variants. Quantitative results are summarized in Table 3, while Figure 6 visualizes performance profiles across all 12 evalu-

ated models and variables, including baseline models (1D-CNN, Autoencoder, Linear, MLP, DenseNet, ResNet, Transformer,

Inception), proposed models (LMP-Tr-1, LMP-Tr-2), and ablation variants (w/o Height Attention, w/o Cross Attention). The195

two proposed variants consistently outperform baseline methods and existing deep learning architectures.

Number concentration variables exhibit particularly strong improvements. Cloud water number concentration (NC) errors

decrease from 0.188 to 0.120 (LMP-Tr-1) and 0.020 (LMP-Tr-2), with LMP-Tr-2 achieving an 89.4% reduction. Rain number

concentration (NR) errors fall from 25.3 to 16.4 (LMP-Tr-1) and 15.7 (LMP-Tr-2), representing 35.2% and 38.0% reductions.

Temperature (T) prediction errors decrease from 24.0 to 17.7 (LMP-Tr-1) and 15.8 (LMP-Tr-2), showing 26.3% and 34.2%200

improvements.

Performance differences between the two variants reflect distinct architectural characteristics and their alignment with phys-

ical process requirements. LMP-Tr-1, with its dual-pathway design, performs particularly well on ice-phase hydrometeors (QI,

QS), where focused feature extraction captures well-defined patterns effectively. In contrast, LMP-Tr-2’s three-pathway archi-

tecture shows advantages for precipitation-related variables (QR, QG) and temperature prediction, where multi-scale feature205

integration becomes critical. These observations suggest that architectural complexity should be matched to the underlying

physical processes: simpler designs suffice for well-structured patterns, while complex interactions benefit from more sophis-

ticated multi-scale representations.
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Model QV QR QI QC QS QG NI NR NC NWFA NIFA T

1D-CNN 3.73 332.4 31.9 129.0 45.1 132.9 991.8 25.3 0.188 5.07 0.72 24.0

Autoencoder 3.68 274.9 20.1 89.4 45.7 112.0 902.0 16.9 0.310 5.60 2.03 22.5

Linear 5.20 441.5 19.7 149.2 81.9 116.4 943.4 19.4 0.330 5.43 0.97 29.3

MLP 7.80 484.7 27.8 240.2 173.2 172.4 949.5 23.0 0.620 6.15 1.34 44.2

DenseNet 3.38 308.7 27.2 115.6 41.3 122.4 938.5 23.2 0.168 5.02 0.68 21.8

ResNet 3.61 327.4 30.8 125.9 44.7 131.2 961.8 24.6 0.185 5.08 0.73 23.9

Transformer 3.42 312.3 26.5 119.7 42.1 127.8 948.2 23.5 0.172 5.03 0.66 22.1

Inception 3.74 335.6 31.4 130.2 46.3 133.7 970.1 25.0 0.189 5.09 0.75 24.5

LMP-Tr-1 2.85 244.2 10.9 78.7 25.4 78.1 823.9 16.4 0.120 5.00 0.92 17.7

LMP-Tr-2 2.67 226.1 12.4 73.8 29.7 82.5 837.4 15.7 0.020 5.04 0.79 15.8

w/o Height Attention 5.44 393.7 17.2 66.5 30.4 74.6 893.0 15.5 0.040 4.96 1.79 32.7

w/o Cross Attention 3.11 242.2 31.7 74.6 48.6 102.9 899.9 16.8 0.030 4.74 0.64 19.6

Table 3. Comparative effectiveness analysis of different models across cloud microphysical variables. MSE values are reported for each

variable, with lower values indicating better performance.

Relative to the 1D-CNN baseline, both variants show consistent improvements across all variables. Water vapor (QV) errors

decrease from 3.73 to 2.85 (LMP-Tr-1) and 2.67 (LMP-Tr-2), representing 23.6% and 28.4% reductions, respectively. Rainwa-210

ter (QR) errors drop from 332.4 to 244.2 (LMP-Tr-1) and 226.1 (LMP-Tr-2), corresponding to 26.5% and 31.9% improvements.

The most substantial gains occur in ice-phase hydrometeors. Cloud ice (QI) errors fall from 31.9 to 10.9 (LMP-Tr-1) and 12.4

(LMP-Tr-2), representing 65.8% and 61.1% reductions. Cloud water (QC) errors decrease from 129.0 to 78.7 (LMP-Tr-1)

and 73.8 (LMP-Tr-2), showing 39.0% and 42.8% improvements. Snow (QS) errors reduce from 45.1 to 25.4 (LMP-Tr-1)

and 29.7 (LMP-Tr-2), with 43.7% and 34.1% reductions. Graupel (QG) errors drop from 132.9 to 78.1 (LMP-Tr-1) and 82.5215

(LMP-Tr-2), corresponding to 41.2% and 37.9% improvements.

4.2 Ablation Study

We conduct ablation studies by selectively removing critical components from LMP-Tr-2 (Table 3), examining two variants:

w/o Height Attention and w/o Cross Attention.

Height-Dimension Attention Removal: Removal results in substantial accuracy degradation. QR experiences 74.1% MSE220

increase (393.7 vs. 226.1), QV shows 103.7% increase (5.44 vs. 2.67), QI increases by 38.7% (17.2 vs. 12.4), and QS by 2.4%

(30.4 vs. 29.7). These results underscore the critical importance of height-dimension attention in capturing vertical atmospheric

dependencies.
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Figure 6. Radar chart comparing performance profiles of all evaluated models across 12 cloud microphysical variables. The normalized

performance score (1-MSE/Max) is plotted for each variable, where MSE values are normalized relative to the maximum MSE across all

models for each variable. Larger areas and higher scores (closer to 1.0) indicate better relative performance. All 12 models are included:

baseline models, proposed models (LMP-Tr-1, LMP-Tr-2), and ablation variants (w/o Height Attention, w/o Cross Attention).

Cross-Attention Mechanism Removal: Ablation reveals severe impacts on variables requiring strong inter-variable cou-

pling. QI experiences 155.6% MSE increase (31.7 vs. 12.4), QS shows 63.6% increase (48.6 vs. 29.7), and QG exhibits 24.7%225

degradation (102.9 vs. 82.5), highlighting the essential role of cross-attention in modeling processes that depend on multiple

atmospheric variables.

Component Complementarity: Height-dimension attention is crucial for variables with strong vertical dependencies (QR,

QV, NI), while cross-attention is essential for variables requiring complex inter-variable interactions (QI, QS, QG). Temperature

prediction (T) benefits substantially from both components, showing 107.0% and 24.1% increases when height-dimension230

attention and cross-attention are removed, respectively.

The comparison between LMP-Tr-1 and LMP-Tr-2 further illustrates the importance of matching architectural complexity to

task requirements. LMP-Tr-1 achieves superior performance in ice-phase variables (QI, QS) where focused feature extraction

proves more effective, while LMP-Tr-2 excels in variables requiring complex multi-scale interactions (QR, QG, T, NC). The
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Figure 7. Comparison of cloud microphysical variable changes across different approaches.

complete LMP-Tr-2 achieves superior or competitive performance across all 12 variables, confirming that both mechanisms235

jointly contribute to model accuracy and generalization capacity.

4.3 Case Visualization

Figure 7 provides visual assessment of three methods (1D-CNN, LMP-Tr-1, LMP-Tr-2) against ground-truth data. The figure

displays six cloud microphysical variables (rows: QV, QC, QI, QR, QS, QG) across four columns (Ground-truth, 1D-CNN,

LMP-Tr-1, LMP-Tr-2). The reference data exhibit coherent spatial structures with sharp gradients and physically consistent240

distributions. Detailed analysis of key regions across different variables reveals distinct performance characteristics.

Water Vapor (QV): In the highlighted regions, ground-truth QV exhibits relatively weak amplitude changes with subtle

local perturbations. The 1D-CNN baseline maintains low-amplitude distributions but fails to capture clearer local structures.

LMP-Tr-1 shows localized enhancement responses, producing blue feature blocks not present in ground-truth, indicating over-
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amplification tendencies. In contrast, LMP-Tr-2 effectively suppresses such local artifacts, with predictions closer to ground-245

truth in both amplitude levels and spatial distributions, demonstrating superior robustness in modeling weak-signal variables.

Cloud Water (QC): Ground-truth QC displays clear vortex-like structures with alternating positive and negative changes

in the highlighted regions. The 1D-CNN baseline reconstructs overall morphology but exhibits weakened local contrast and

smoothed detail structures. Both LMP-Tr-1 and LMP-Tr-2 preserve the spatial morphology and sign distribution of vortex

structures well, with LMP-Tr-2 showing superior local contrast and background cleanliness, achieving higher consistency with250

ground-truth.

Cloud Ice (QI): This variable provides the most critical evidence of model performance. Ground-truth QI shows low-

amplitude, spatially dispersed changes in the highlighted regions. However, the 1D-CNN baseline produces pronounced strong

blue aggregation responses with significantly amplified amplitudes, deviating substantially from ground-truth and indicating

local over-estimation problems. In contrast, both LMP-Tr-1 and LMP-Tr-2 effectively suppress such anomalous enhancement,255

bringing predictions closer to ground-truth in amplitude levels and spatial contours. LMP-Tr-2 results are more stable with

reduced noise, demonstrating superior reconstruction accuracy and stability.

Rainwater (QR): Ground-truth QR displays weak and compact local structures in the highlighted regions, with relatively

small differences among methods in overall morphology. The 1D-CNN baseline, LMP-Tr-1, and LMP-Tr-2 all reconstruct main

spatial features. Comparatively, LMP-Tr-2 shows slight advantages in local structural continuity and background smoothness,260

exhibiting more stable consistency with ground-truth.

Snow (QS): Ground-truth QS exhibits relatively clear alternating positive-negative structures in the highlighted regions. The

1D-CNN baseline preserves overall structural morphology but shows weakened local contrast. Both LMP-Tr-1 and LMP-Tr-2

better maintain the clarity of positive-negative change structures, with LMP-Tr-2 results showing sharper boundaries and less

background noise, making local change features closer to ground-truth.265

Graupel (QG): Ground-truth QG displays fine-scale, continuous local change structures in the highlighted regions. The

1D-CNN baseline exhibits smoothing effects during reconstruction, slightly weakening local details. LMP-Tr-1 recovers fine

structural morphology well, while LMP-Tr-2 further reduces background noise while maintaining structural continuity, bring-

ing predictions closer to ground-truth in both spatial distribution and amplitude characteristics.

Overall, across key regions of all cloud microphysical variables, LMP-Tr-1 demonstrates marked improvements over the 1D-270

CNN baseline, while LMP-Tr-2 further enhances performance in suppressing anomalous responses, maintaining weak-signal

consistency, and improving structural stability, achieving the highest overall consistency with ground-truth.

5 Conclusions

We present LMP-Tr (Learned Microphysics Transformer), an AI-based cloud microphysical parameterization scheme that inte-

grates Transformer mechanisms with our prior 1D-CNN framework. LMP-Tr combines local feature extraction with global de-275

pendency modeling through alternating multi-scale convolutional modules and dual-pathway attention modules. We introduce

two variants: LMP-Tr-1 with dual-pathway multi-scale convolutional architecture and LMP-Tr-2 with enhanced three-pathway
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multi-scale convolutional architecture, offering different levels of architectural complexity to match diverse task requirements.

Extensive experiments demonstrate that both variants deliver substantial accuracy gains across all twelve evaluated cloud mi-

crophysical variables, significantly outperforming traditional parameterization schemes and conventional machine learning280

approaches. The experimental results validate the effectiveness of the proposed architecture in capturing complex cloud mi-

crophysical processes, with LMP-Tr-1 demonstrating superior performance in ice-phase hydrometeors where focused feature

extraction proves most effective, and LMP-Tr-2 showing enhanced capabilities in precipitation-related variables and temper-

ature prediction where complex multi-scale feature integration is essential. These findings highlight the potential of AI-based

parameterization schemes as another implementation approach for cloud microphysics parameterization, while demonstrating285

the importance of matching architectural complexity to physical process requirements. Future work should focus on online

coupling with full numerical weather prediction models, long-term stability analysis, physical consistency validation, and gen-

eralization tests across diverse meteorological regimes.

Code and data availability. The training and testing dataset used in this study was generated by post-processing output from Weather Re-

search and Forecasting (WRF) model version 4.2.1 simulations. The archived dataset contains the machine-learning samples used for training,290

validation, and independent testing of the LMP-Tr model, including input features and target variables extracted and processed from the WRF

simulation outputs. The dataset includes samples from 30 precipitation events over Southern China during 2018–2020 and is openly avail-

able at https://doi.org/10.5281/zenodo.20965731 (HUANG (2026b)). The source code, experiment scripts, and post-processing scripts for

LMP-Tr are openly available at https://doi.org/10.5281/zenodo.20481658 (HUANG (2026a)). The initial and boundary conditions for the

WRF simulations were derived from ECMWF analysis data; the original ECMWF data products are not redistributed in this dataset.295
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