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Figure 1 Distribution of the 94 flux stations worldwide covering eight main landscape types. (a) Spatial distribution of flux stations. (b) Timing length
information of flux stations. (¢) Number of flux stations in different ecosystems
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Table 1 Comparison of test performance
KATFHFNEE Z=INEE 4FEBRNEE
iR
RMSE R’ LCS MAE RMSE R? LCS MAE RMSE R? LCS MAE
LSTM 1563  0.634 2152 1.005 1.110 0.706  1.106  0.728 0.336 0.181  0.092 0222
LASSO 2097 0342 3213 1.459 1.562 0419 1912  1.082 0.370 0016  0.075 0235
SVR 1.682 0577 2506  1.068 1.235 0.637 1398  0.785 0.375 0.035  0.103  0.246
RF 1.660  0.588 2489  1.022 1.200 0.657 1316  0.741 0.416 0.010  0.156  0.263
FNN 1.630  0.604 2384  1.028 1.203 0.656 1345  0.753 0.381 0.042  0.119  0.245

a) B AETURALIINE A HNEEZ 15 SR FIAEBR A S AU PEREFE 5. RMSE . LCSFIMAER A HgC m? d'. RAMAENEESS 1Y /&R 253 SSA T

BAMRIONEE, Horp & TNEER T AEFR A3 4 ik
Bith RHE T AHRR BN OB BHEHMN BEK
ARMSE  0.036 0.044  -0.021 0.058 0.001 0.049  -0.022

F| AR? 0024 0054 0024 0040 0.006  -0.013  0.019

™

f)

S | ALCS SV 0059  -0.069  0.035 -0.024
AMAE 0036  -0029 0014  -0008  0.043  -0.009  0.026  -0.007
ARMSE -0.072  -0.004 0027 [EWELEEY  0.011 0072  -0056  -0.117

£ | AR? KL 0.141 -0.045 [EVIEE -0.078 FHPRE 0.089 0.119

P

g

| ALCS 0024  0.034 0.027 | -0.164  0.009 0028  -0.069  -0.113
AMAE  -0.027  -0.013 0010  -0.132 0027  -0.067  -0.031  -0.044

[
- 0 + RMSE/LCS/MAE

+

B3 HRs|oHE SR AT SR M A2 R
ARMSE . ALCSHIAMAERA ) heC m™2 d7!

- R2

WEIRTEME D, BA RERIRT M LSTMEEME GEHE R0 T JC5 | S LSTMAR B

Figure 3 Performance differences between “knowledge-guided” and unguided frameworks. Blue indicates that the LSTM model with scale
knowledge guidance outperforms the unguided LSTM in terms of performance metrics in the simulated site seasonal or IAV NEE tasks in the test set.

The units of ARMSE, ALCS, and AMAE are gC m™2 d™'
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Figure 4 Changes of performance in the cross-scale experiment. Blue indicates that the LSTM model with proper timescale outperforms the cross-
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Table 2 Performance of the cross-scale application

e KL 2= NEE FHIAFEPRNEE
PRetE bR . — . —
ZHHLSTM AEFRLSTM ZHHLSTM AEBRLSTM
RMSE 1.110 2.103 0.429 0.336
R? 0.706 0.000 0.000 0.181
LCS 1.106 1.993 0.164 0.092
MAE 0.728 1.521 0.276 0.222
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Deep learning methods have increasingly been applied to simulate carbon fluxes in terrestrial ecosystems, owing to their
superior fitting capabilities for complex systems. However, widely used “end-to-end” modeling frameworks, while
effective at capturing seasonal variations in net ecosystem carbon exchange (NEE), tend to underestimate the magnitudes
of interannual variability. This limitation may stem from spectral bias during the training process, as these models primarily
rely on raw observational signals and tend to prioritize smoother temporal components of the time series data. To improve
the accuracy of deep learning models for estimating ecosystem carbon fluxes, this study aims to clarify how the modeling
frameworks contribute to uncertainties in carbon flux modeling.

This study introduces a novel “knowledge-guided” modeling framework that leverages prior knowledge about the
memory effects of ecosystems and the distinct responses of NEE at seasonal and interannual scales. By integrating
nonparametric Singular Spectrum Analysis (SSA), this framework facilitates the temporal decomposition of seasonal and
interannual signals, thereby guiding the modeling of unique NEE responses across timescales. The recurrent neural
network Long Short-Term Memory (LSTM) is employed to capture the cumulative impacts of climate change and
accurately represent state changes within the ecosystem. Utilizing observational data from FLUXNET sites, the study
conducts validations across various ecosystems. Performance assessments demonstrate that the implemented LSTM model
effectively captures the nonlinear responses of NEE to meteorological factors, outperforming baseline models, including
LASSO regression, Random Forest, Support Vector Machines, and Feedforward Neural Networks. Simulations based on
historical climate conditions also reveal that the “end-to-end” LSTM model overlooks NEE responses at the interannual
scale, while the “knowledge-guided” models better reproduce both seasonal and interannual variations. According to
SHAP (SHapley Additive exPlanations) values derived from these models, radiation and temperature are identified as the
driving factors for both the “end-to-end” LSTM and seasonal LSTM models. Therefore, the “end-to-end” deep learning
framework is predominantly driven by seasonal processes, while the “knowledge-guided” models improve the
representation of scale-specific patterns under the guidance of scale knowledge.

The distinct mechanisms of NEE response across scales can be further elucidated through the “knowledge-guided”
models. Cross-scale experiments and wavelet analyses reveal significant differences in the NEE response patterns captured
by seasonal versus interannual LSTM models. Using a seasonal model to simulate interannual variations or an interannual
model for seasonal changes leads to inaccuracies in signal properties such as amplitude, resonance periods, and phase,
ultimately resulting in degraded performance. According to SHAP values derived from “knowledge-guided” models,
radiation and temperature are identified as primary drivers of seasonal NEE changes, accounting for 46.9% and 24.5% of
seasonal variation, respectively. At the interannual scale, temperature emerges as the most influential factor, contributing
24.5% to changes, while the contribution of radiation decreases to 21.1%. Additionally, the contributions of precipitation,
vapor pressure deficit (VPD), and wind speed all exceed 15%. Factorial simulations conducted with the trained
“knowledge-guided” models reveal the synergistic effects of rising temperature and radiation on seasonal NEE, while the
interactions at the interannual scale prove to be more complex. These findings underscore the importance of integrating
prior knowledge into deep learning models to mitigate uncertainties and enhance interpretability. Overall, this study
optimizes the modeling framework of deep learning models to enhance their fitting capabilities for NEE responses at
different timescales, providing effective numerical simulation methods and analytical tools for assessing the impact of
climate change on the terrestrial carbon cycle.

net ecosystem exchange, interannual variability, seasonal dynamics, deep learning, climate change, global
terrestrial ecosystems
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