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Abstract 17 

BigThe increasing availability of large-scale observational data and the rapid development of 18 

artificial intelligence (AI) provide unprecedented opportunities to enhance our understanding of 19 

the global carbon cycle and other biogeochemical processes. However, retrieving mechanistic 20 

knowledge from bigthese large-scale data remains a challenge. Here, we develop a 21 

Biogeochemistry-Informed Neural Network (BINN) that seamlessly integrates a vectorized 22 

process-based soil carbon cycle model (i.e., Community Land Model version 5, CLM5) into a 23 

neural network (NN) structure to examine mechanisms governing soil organic carbon (SOC) 24 

storage from big data. BINN demonstrates high accuracy in retrieving biogeochemical parameter 25 

values from synthetic data in a parameter recovery experiment. Furthermore, by incorporating 26 

Monte Carlo (MC) dropout to generate posterior distributions, we demonstrate that BINN can 27 

effectively quantify uncertainty in estimated parameters. We use BINN to predict six major 28 

processes (or components in process-based models) regulating the soil carbon cycle from 25,925 29 

observed SOC profiles across the contiguous US and compare them with the same processes 30 

previously retrieved by a Bayesian inference-based PROcess-guided deep learning and DAta-31 

driven modeling (PRODA) approach. The good agreement between the spatial patterns of the 32 

retrieved processes using the two approaches with an by BINN and PRODA (average correlation 33 

coefficient of= 0.77 confirms86) suggests that BINN’s ability in retrievingof capturing 34 

mechanistic knowledge from big datais consistent with the established Bayesian-based methods. 35 

Additionally, the integration of neural networks and process-based models in BINN improves 36 

computational efficiency by more than 50 times over PRODA. We conclude that BINN is a 37 

transformative toolan efficient framework that harnesses the power of both AI, large-scale data, 38 

and process-based modeling to understand large scale soil carbon cycle. Applying BINN to other 39 
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domains of earthEarth system science will facilitate new scientific discoveries while improving 40 

the predictive performance of earthEarth system model simulationsmodels.   41 
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Plain Language Summary 42 

Conventional artificial intelligence (AI) is great at predicting biogeochemical patterns (such as 43 

the amount of organic carbon in soils) across space and time, when plenty of data are available. 44 

However, it is difficult to use these AI tools to understand the underlying mechanisms that drive 45 

these patterns, because many of these processes cannot be directly measured. In this study, we 46 

introduce a new framework called Biogeochemistry-Informed Neural Network (BINN) that 47 

integrates a process-based model into a multilayer neural network. By comparing the process-48 

based simulations against bigintegrating large-scale observational datasets, BINN optimizes 49 

process-based model simulationspredictions while accurately identifyingretrieving critical 50 

processes governing SOC storage within the framework of the chosen process-based model. 51 

Critically, BINN is more than 50 times faster than existing approaches that use Bayesian 52 

inference to align scientific models with observational data. This advance in understanding soil 53 

carbon cycling and computational speed could help scientists better predict the soil carbon cycle 54 

under different environments. BINN can also be extendedapplied to use in incorporating retrieve 55 

mechanistic understanding of other process-based models, helping researchers explore various 56 

issues of Earth’s biogeochemical cycles from large-scale data with process-based models.   57 
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1. Introduction 58 

Artificial intelligence (AI) has revolutionized our ability to leverage big data to uncover 59 

relationships in complex systems such as the Earth system11. Methods such as machineMachine 60 

learning and deep learning, for example, have shown power in discovering key patterns from 61 

data in biogeochemistry, such as representing soil organic carbon (SOC) concentrations2,32,3, 62 

predicting aboveground carbon accumulation rates in naturally regenerating forests44, and 63 

estimating soil respiration5. However, most AI-based approaches primarily learn black-box 64 

statistical correlations from the data rather than causality, making it challenging to translate the 65 

learned relationships and patterns into mechanisms and controls on processes. This lack of 66 

mechanistic insight is an inherent weakness of AI-based models6.  67 

 To address this challenge, various hybrid approaches have emerged, aiming to integrate 68 

scientific knowledge and reasoning with standard machine learning methods. This powerful 69 

combination leverages the strengths of data-driven techniques along with scientific theories and 70 

reasoning to enhance the mechanistic understanding of the earth system through big data7. By 71 

introducing physical or knowledge-based constraints and reasoning, AI-based predictions can be 72 

further constrained by scientific knowledge in addition to being driven by observational data. 73 

More importantly, unlike the uninterpretable weights and biases in a conventional neural 74 

network (NN), the latent physical parameters embedded in the knowledge-based constraints 75 

explicitly represent physical and biological processes, providing mechanistic interpretability to 76 

the neural network’s predictions. For example, we can use physical knowledge to regularize the 77 

model towards physically-consistent predictions8, such as by adding loss terms that penalize 78 

violations of a known governing equation in physics-informed neural networks (PINN)9, or 79 

discrepancies between neural network and process-based model outputs10. However, these 80 
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methods do not guarantee that model simulations will strictly obey physical constraints; they 81 

only softly discourage violations of physical laws. Another body of work thus tries to embed 82 

physical knowledge inside the NN model itself, such as modifying an Long Short-Term Memory 83 

(LSTM) network to guarantee mass conservation at each step11, or embedding hydrological 84 

models12,13, terrestrial models14, thermodynamic rules15, domain-specific objectives16, or Bragg's 85 

law for x-ray diffraction17 into the NN model architecture. Despite these advances, previous 86 

efforts mostly used limited constraints in a system (e.g., a few empirical relationships in 87 

photosynthesis18) or simplified models that comprise latent variables and conservation 88 

principles12. It remains challenging to integrate numerous differential equations with free 89 

parameters into a neural network to study the dynamics of a complex system, such as SOC 90 

dynamics. This integration leverages the strengths of data-driven techniques alongside scientific 91 

theory7,8. By introducing physical or knowledge-based constraints and reasoning, AI-based 92 

predictions can be further constrained by scientific knowledge in addition to being driven by 93 

observational data. More importantly, unlike the uninterpretable weights and biases in a 94 

conventional neural network (NN), the latent physical parameters embedded in the knowledge-95 

based constraints explicitly represent physical and biological processes, providing mechanistic 96 

interpretability to the neural network’s predictions. For example, we can use physical knowledge 97 

to regularize the model towards physically-consistent predictions9, such as by adding loss terms 98 

that penalize violations of a known governing equation in physics-informed neural networks 99 

(PINN)10, or discrepancies between neural network and process-based model outputs11. These 100 

methods do not guarantee that NN simulations will strictly obey physical principles; they only 101 

softly discourage violations. While recent 'Hard-PINNs' developments have sought to enforce 102 

these constraints more strictly to minimize the difference between NN predictions and numerical 103 
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model simulations12, this requires a complex multi-level optimization procedure with many 104 

hyperparameters, and still does not satisfy the constraint exactly. Another body of work thus tries 105 

to embed physical knowledge inside the NN model itself, such as modifying an Long Short-106 

Term Memory (LSTM) network to guarantee mass conservation at each step13, or embedding 107 

hydrological models14,15, terrestrial models16, thermodynamic rules17, domain-specific 108 

objectives18, or Bragg's law for x-ray diffraction19 into the NN model architecture. Recent studies 109 

have further advanced these end-to-end setup to infer stomatal resistance and aerodynamic 110 

resistance in evapotranspiration modeling20 and to estimate global physical parameters for water 111 

cycle models21. Despite these advances, previous efforts mostly used limited constraints in a 112 

system (e.g., a few empirical relationships in photosynthesis22) or simplified models that 113 

comprise latent variables and conservation principles14. It remains challenging to integrate 114 

numerous differential equations into a NN to study the dynamics of a complex system, such as 115 

SOC dynamics. This difficulty stems from the tremendous computational cost required to 116 

execute complex models, and the associated high-dimensional parameter spaces that need to be 117 

optimized for predictive model simulations. In particular, the capacity of NN to efficiently 118 

optimize process-related parameter values with faithful identifiability remains an under-explored 119 

area of research. 120 

 Meanwhile, a traditional method that uses scientific knowledge to guide inference of 121 

biogeochemical processes from observational data is data assimilation. This method has played a 122 

central role in advancing our understanding of many processes, such as terrestrial carbon flux 123 

partitioning8, nutrient cycling19, ecosystem respiration1, plant phenology20, and hydrology–124 

biogeochemistry couplings21. However, the data assimilation method usually estimates a set of 125 

fixed biogeochemical parameters without spatial or temporal variations, which has been argued 126 
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not represent changes in ecosystem properties over space and time22. While statistical methods 127 

such as Geographically-Weighted Regression allow spatially-varying regression coefficients, 128 

they are not flexible enough to model arbitrary nonlinear relationships between environmental 129 

covariates and biogeochemical parameters23. A recently-developed approach, PROcess-guided 130 

deep learning and DAta driven modeling (PRODA), first uses Bayesian inference-based data 131 

assimilation methods to find the optimal biogeochemical parameters for each site, and then trains 132 

a deep learning model to infer biogeochemical parameters at new sites, improving our 133 

understanding of the global soil carbon cycle24–27. This approach harnesses the strengths of both 134 

process-based modeling and deep learning methods to improve SOC simulations by allowing 135 

biogeochemical parameters to vary across space. However, the Bayesian inference-based, site-136 

level data assimilation used in the PRODA approach requires vast computational resources, 137 

making the method inefficient in both time and energy and thus difficult to apply broadly. 138 

 In this study, we integrate a matrix form of a process-based model (i.e., Community Land 139 

Model version 5, CLM5) that describes SOC dynamics into a neural network, thus developing a 140 

Biogeochemistry-Informed Neural Network (BINN). BINN is a novel Meanwhile, a 141 

traditional method that uses scientific knowledge to guide inference of biogeochemical processes 142 

from observational data is data assimilation. This method has played a central role in advancing 143 

our understanding of many processes, such as terrestrial carbon flux partitioning9, nutrient 144 

cycling23, ecosystem respiration1, plant phenology24, and hydrology–biogeochemistry 145 

couplings25. However, the data assimilation method usually estimates a set of fixed 146 

biogeochemical parameters without spatial or temporal variations, which has been argued not 147 

represent variations in ecosystem properties over space and time26. While statistical methods 148 

such as Geographically-Weighted Regression allow spatially-varying regression coefficients, 149 
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they can only model linear relationships between inputs and outputs at each location 27,28. A 150 

recently-developed approach, PROcess-guided deep learning and DAta driven modeling 151 

(PRODA), first uses Bayesian inference-based data assimilation methods to find the optimal 152 

biogeochemical parameters for each site, and then trains a deep learning model to infer 153 

biogeochemical parameters at new sites, improving our understanding of the global soil carbon 154 

cycle29–32. This approach harnesses the strengths of both process-based modeling and deep 155 

learning methods to improve SOC simulations by allowing biogeochemical parameters to vary 156 

across space. However, the Bayesian inference-based, site-level data assimilation used in the 157 

PRODA approach requires vast computational resources, making the method inefficient in both 158 

time and energy and thus difficult to apply broadly. 159 

 In this study, we integrate a matrix form of a process-based model (i.e., Community Land 160 

Model version 5, CLM5) that describes SOC dynamics into a neural network, thus developing a 161 

Biogeochemistry-Informed Neural Network (BINN). BINN is an end-to-end framework that 162 

combines data-driven machine learning with process-based modeling to enablefacilitate the 163 

interpretability of model-represented biogeochemical dynamics, such as SOC dynamics in this 164 

study. Herein, we first introduce the structure of BINN, followed by a demonstration of BINN’s 165 

ability to recover biogeochemical parameters with high accuracy through a parameter recovery 166 

experiment. We further implemented Monte Carlo (MC) dropout to generate posterior parameter 167 

distributions to quantify uncertainties and identify equifinality issues. Lastly, we evaluate model 168 

components from real-world SOC observations. The BINN-predicted biogeochemical parameters 169 

accurately simulate SOC observations and are similar to those produced by PRODA, while being 170 

much faster to compute. By combining data-driven learning with reasoning about existing 171 
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biogeochemical knowledgethe mechanistic representations of process-based models, BINN can 172 

accurately and quickly infer underlying physical processes from SOC observations.  173 

 174 

2. Methods 175 

2.1 Biogeochemistry-Informed Neural Network (BINN) 176 

BINN integrates a process-based model (CLM5, see Section 2.1.2 below) into a differentiable, 177 

end-to-end framework (Fig. 1a) that maps environmental covariates to site-level biogeochemical 178 

parameters, feeds those parameters into CLM5 for the forward simulation, and back-propagates 179 

the loss through the whole framework during training (Fig. 1b). 180 

We implemented BINN in Python using PyTorch and executed the experiments on the 181 

supercomputer, Derecho, maintained by National Center for Atmospheric Research (NCAR). 182 

The experiments were conducted using one compute node with 128 CPU cores, leveraging 183 

PyTorch Distributed Data Parallel (DDP) for multi-CPU training. Meanwhile, BINN was also 184 

tested with a multi-GPU compute node on a cluster in Cornell University’s Center for Advanced 185 

Computing, confirming its capability for training on GPU clusters when needed. 186 

 187 

2.1.1 Neural Network  188 

A fully-connected neural network learns the relationship between environmental covariates 189 

(Table S1) and biogeochemical parameters (Table S2) over space. At each site, we have 60 190 

environmental covariates (input features). While the numeric features can be directly passed into 191 

the neural network, we use embedding layers to encode categorical (discrete) covariates and 192 

spatial coordinates. For each categorical covariate, the embedding layer learns a vector 193 

embedding for each category (e.g. climate type). For spatial coordinates, we pass the latitude and 194 
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longitude through a spatial positional encoder to obtain a location embedding vector, 195 

characterizing unobserved aspects of each location that are not captured in our covariates28.33.  196 

We then concatenate the categorical covariate embeddings, location embedding, and the 197 

remaining covariates into a vector 𝒆, and pass this through a 4-layer neural network 𝑓𝑁𝑁 198 

(Equation 1) with learnable weights/biases 𝒘, which outputs a vector 𝒑̃ with 21 values 199 

(representing unconstrained predictions for each parameter in the process-based model): 200 

𝒑̃ = 𝑓𝑁𝑁(𝒆; 𝒘) 
 

(1) 

Each layer of the neural network comprises prescribed numbers of neurons that receive 201 

information either from the environmental covariates (for the first layer) or outputs of the 202 

previous layer. It then computes linear transformations of the input:  203 

 𝑦 =  ∑ 𝑤𝑖𝑥𝑖 + 𝑏      (2) 

where 𝑦 is an output from a neuron after the linear combination of its input, 𝑤𝑖 is a learnable 204 

weight for 𝑥𝑖, 𝑥𝑖 is the input from either the environmental covariates or the previous layer's 205 

outputs, and 𝑏 is a learnable neuron-specific bias. After the linear transformation, a nonlinear 206 

activation function is applied to generate the eventual results at each neuron, so that the neural 207 

network can generate complex nonlinear relationships between the inputs (i.e., environmental 208 

covariates) and the outputs (i.e., the biogeochemical parameters in the process-based model). 209 

Note that the linear transformations and activation functions are both differentiable, so we can 210 

backpropagate gradients through the network. This allows us to calculate the gradient of the loss 211 

function with respect to all learnable weights 𝑤𝑖 and biases 𝑏. To prevent overfitting and enable 212 

uncertainty quantification through MC dropout, we incorporated a dropout layer after each 213 

hidden layer (Equation 2). During BINN training process, neurons are randomly deactivated with 214 
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a prescribed dropout rate (see below for hyperparameter selections), allowing the network to 215 

explore a range of model configurations. 216 

In our study, for the first three layers of the neural network, we assign each of them to 217 

have 128 neurons to process information from the previous layer and use LeakyReLU as the 218 

activation function: 219 

 𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(𝑦) = 𝑚𝑎𝑥(0, 𝑦) + 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒_𝑠𝑙𝑜𝑝𝑒 ∗ 𝑚𝑖𝑛(0, 𝑦)    (3) 

where max(0, y) is a function that returns the larger value of 0 or y, while min(0, y) returns the 220 

smaller value of 0 or y. The negative_slope is a hyperparameter that determines how “leaky” the 221 

function is for negative y. LeakyReLU is chosen over traditional ReLU because it allows 222 

gradients to flow through the network even when the inputs to the activation are negative.  223 

The final layer has 21 output neurons, with one corresponding to each biogeochemical 224 

parameter in the process-based model. We do not use LeakyReLU after the final linear 225 

transformation because it would bias the distribution of the predicted parameters. However, as 226 

we have prior knowledge about the plausible range of values for each biogeochemical parameter, 227 

the initial parameter predictions 𝒑̃ are first normalized to be in the range [0, 1] by element-wise 228 

parameterized sigmoid functions σ (Equation 4) and then further linearly scaled into the 229 

predicted parameters 𝑝 (Equation 5). This ensures that each parameter 𝑝𝑖 stays within their prior 230 

ranges: 231 

 
𝑝𝑛𝑜𝑟𝑚,𝑖 = 𝜎(𝑝̃𝑖 , 𝛾 ) =

1

1 + 𝑒𝑥𝑝 (−
𝑝𝑖

𝛾 )
 

 

(4) 

 𝑝𝑖 = 𝑓𝑠𝑐𝑎𝑙𝑒(𝑝𝑛𝑜𝑟𝑚,𝑖 , 𝜃𝑖,𝑚𝑎𝑥 , 𝜃𝑖,𝑚𝑖𝑛) = 𝑝𝑛𝑜𝑟𝑚,𝑖 ∗ (𝜃𝑖,𝑚𝑎𝑥 − 𝜃𝑖,𝑚𝑖𝑛) + 𝜃𝑖,𝑚𝑖𝑛 
 

(5) 
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where 𝑝𝑖 is the i-th output of the neural network, 𝛾 is a learnable parameter, and 𝜃𝑖,𝑚𝑎𝑥 and 232 

𝜃𝑖,𝑚𝑖𝑛 are the plausible upper and lower limits for each biogeochemical parameter 𝑝𝑖. Thus, the 233 

final output of the neural network is 𝑝, a vector of 21 biogeochemical parameters for each 234 

location, with each parameter 𝑝𝑖 being constrained to be in its prior range [𝜃𝑖,𝑚𝑖𝑛, 𝜃𝑖,𝑚𝑎𝑥]. 𝜃𝑖,𝑚𝑖𝑛 235 

and 𝜃𝑖,𝑚𝑎𝑥 are values taken from previous literature to indicate plausible limits for processes 236 

quantified by each biogeochemical parameter 𝑝𝑖
26. Note that we introduce a 𝛾 value in Equation 237 

4 to control how fast the results after activation function can converge to 0 or 1 and to 𝜃𝑖,𝑚𝑎𝑥 or 238 

𝜃𝑖,𝑚𝑖𝑛 after scaling. When the 𝛾 value is small, the predicted parameters may quickly get stuck at 239 

𝜃𝑖,𝑚𝑖𝑛 and 𝜃𝑖,𝑚𝑎𝑥. If this happens, the derivative of the activation approaches zero and it will be 240 

difficult to further optimize the predictions via gradient-based optimization (see Section 241 

2.1.4)29.31. Note that we introduce a 𝛾 value in Equation 4 to control how fast the results after 242 

activation function can converge to 0 or 1 and to 𝜃𝑖,𝑚𝑎𝑥 or 𝜃𝑖,𝑚𝑖𝑛 after scaling. When the 𝛾 value 243 

is small, the predicted parameters may quickly get stuck at 𝜃𝑖,𝑚𝑖𝑛 and 𝜃𝑖,𝑚𝑎𝑥. If this happens, the 244 

derivative of the activation approaches zero and it will be difficult to further optimize the 245 

predictions via gradient-based optimization (see Section 2.1.4)34. Thus, we tuned 𝛾 to be a 246 

relatively large value to facilitate neural network optimization.   247 

We conducted a hyperparameter search to determine suitable settings for BINN (i.e., 248 

epochs of training, batch size, CPU number, optimizer, learning rate, dropout rate, embedding 249 

size of the embedding layer, whether to use batch normalization, the initialization of 𝛾, 250 

negative_slope in the LeakyReLU, and the loss function hyperparameters). Based on a grid 251 

search for these hyperparameters, we chose to train BINN for 300 epochs with a batch size of 32, 252 

using PyTorch DDP to distribute training across 128 CPUs, as this performed best on our 253 

validation dataset. The optimized BINN model was recorded each time when the validation loss 254 
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improved over the previous best model. We used the AdamW optimizer with a learning rate of 255 

0.01. The embedding size was set as 64, and the dropout rate was set as 0.3. The network also 256 

used batch normalization after each LeakyReLU activation function to normalize the layers' 257 

outputs by re-centering and re-scaling, making training faster and more stable30.35. We initialized 258 

𝛾 to 64.5 but allowed it to be further optimized throughout the training processes within the 259 

range from 10 to 109. Specifically, we used a sigmoid to constrain the range: 260 

 
𝛾 =  10 + 109 ⋅

1

1 + 𝑒𝑥𝑝(−𝛾′)
 

(6) 

where 𝛾′ is a learnable parameter that is initialized to 0. We set negative_slope to -0.3 in the 261 

LeakyReLU by default.  262 

We also performed a quantitative sensitivity analysis to assess how BINN performance 263 

responds to variations in the loss and activation functions (Table S3). Specifically, we tested the 264 

sensitivity of replacing the smooth L1 loss with L1 loss and L2 loss and substituting the 265 

hyperbolic cosine parameter loss with a squared loss. Furthermore, we evaluated the sensitivity 266 

to changes in activation functions by modifying the first three layers from leaky ReLU to ReLU 267 

and the final layer from Sigmoid to hard Sigmoid.  268 

 269 

2.1.2 Process-based Model 270 

In this study, we use a matrix form of the soil carbon module of CLM5 to represent our 271 

knowledge of SOC dynamics31,32 (Figure S2). CLM5 has been continuously developed and 272 

refined over the past decade for simulating biogeochemical cycles, including SOC dynamics33; it 273 

mathematically represents our knowledge of SOC dynamics with 140 partial differential 274 
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equations. We chose CLM5 to enable direct comparison with PRODA, which uses the same 275 

model.  276 

CLM5 simulates SOC dynamics across 20 soil layers to 8 m. Each layer contains 7 277 

carbon pools, including one coarse woody debris pool, three litter pools corresponding to 278 

metabolic, cellulose, and lignin materials, and three SOC pools classified into fast, slow, and 279 

passive pools according to their turnover times. This structure results in a total of 140 carbon 280 

pools (7 pools × 20 layers).  281 

In this study, we use a matrix form of the soil carbon module of CLM5 to represent our 282 

knowledge of SOC dynamics36,37 (Fig. S1). CLM5 has been continuously developed and refined 283 

over the past decade for simulating biogeochemical cycles, including SOC dynamics38; it 284 

mathematically represents our knowledge of SOC dynamics with 140 partial differential 285 

equations. We chose CLM5 to enable direct comparison with PRODA, which uses the same 286 

model.  287 

CLM5 simulates SOC dynamics across 20 soil layers to 8 m. Each layer contains 7 288 

carbon pools, including one coarse woody debris pool, three litter pools corresponding to 289 

metabolic, cellulose, and lignin materials, and three SOC pools classified into fast, slow, and 290 

passive pools according to their turnover times. This structure results in a total of 140 carbon 291 

pools (7 pools × 20 layers).  292 

 A key innovation of our approach is that we incorporate into our neural network 293 

framework a differentiable CLM5 model, whose structure can be represented in a matrix 294 

form32,34 as:37,39 as:  295 
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 𝑑𝑋(𝑡)

𝑑𝑡
= 𝐵(𝑡)𝐼(𝑡) − 𝐴𝜉(𝑡)𝐾𝑋(𝑡) − 𝑉(𝑡)𝑋(𝑡) 

(7) 

where 𝑑𝑋(𝑡)/𝑑𝑡 is carbon pool change at time t; 𝐼(𝑡) is the total carbon input from vegetation at 296 

time t, 𝐵(𝑡) (140×1) is the allocation of carbon input to different pools; 𝐴 (140×140) is the 297 

carbon transfer matrix, quantifying horizontal carbon movement between pools in the same 298 

layer; 𝐾 (140×140) is the intrinsic decomposition rate of each carbon pool, which is the same for 299 

each pool across 20 layers; 𝜉(𝑡) (140×140) captures how the environment modifies the intrinsic 300 

decomposition rate in the 𝐾 matrix by temperature (𝜉𝑇), water (𝜉𝑊), oxygen (𝜉𝑂), and depth (𝜉𝐷) 301 

scalars; 𝑉(𝑡) (140×140) defines how SOC enters and leaves each layer; and 𝑋(𝑡) is carbon pool 302 

size. The term 𝐵(𝑡)𝐼(𝑡) represents the vegetation carbon input, 𝐴𝜉(𝑡)𝐾𝑋(𝑡) describes the SOC 303 

movements among the 7 pools within each layer, and 𝑉(𝑡)𝑋(𝑡) indicates vertical SOC 304 

movements along the soil profile. The 𝑡 in parentheses means that the corresponding process 305 

changes with time. 306 

 In this study, we assume steady-state SOC storage for computational efficiency, which is 307 

justified by previous research showing that recent disequilibrium effects from climate change 308 

and human activities are relatively minor compared to the SOC storage that has developed over 309 

thousands of years26,35.31,40. The steady-state SOC storage 𝑋̂(𝑡) can be obtained by letting 310 

𝑑𝑋(𝑡)/𝑑𝑡 on the left-hand side of equation (3) equal 0. Solving for 𝑋̂(𝑡) we obtained:  311 

 𝑋̂(𝑡) = (𝐴𝜉(𝑡)𝐾 + 𝑉(𝑡))
−1

𝐵(𝑡)𝐼(𝑡) (8) 

The matrix representation of CLM5 is implemented in PyTorch utilizing vectorized 312 

functions to replace most of the for-loops in the original code. Vectorized functions are designed 313 

to operate on entire arrays of data simultaneously, rather than processing elements one by one. 314 

This enables more efficient computation of SOC predictions in response to changes in 315 
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parameters. For example, we constructed two vectors for each carbon pool: (1) an environmental 316 

scalar vector containing temperature, moisture, oxygen, and depth modifiers that affect 317 

decomposition rates, and (2) a decomposition vector containing pool-specific baseline 318 

decomposition rates and carbon transfer coefficients. By constructing these vectors for all pools 319 

simultaneously (2 vectors for each pool, 7 carbon pools each layer, and 20 layers in total in 320 

CLM5), we can directly construct a matrix using vectorized functions. By implementing all 321 

mathematical operations (such as addition, matrix multiplication, and matrix inverse) using 322 

PyTorch functions, PyTorch can track the gradient of each operation. Using backpropagation, 323 

PyTorch can then automatically compute the gradient of the loss function with respect to the 324 

learnable weights/biases 𝒘 of the neural network, differentiating through all the operations in the 325 

process-based model (Section 2.1.4). 326 

Equation (7) contains 21 biogeochemical parameters (Table S2) that represent properties 327 

of different processes (e.g., transformation and stabilization of SOC, temperature sensitivity of 328 

soil respiration, and substrate quality) in the soil carbon cycle 22. Because those processes are 329 

highly variable depending on different climate conditions or soil properties, the values 330 

quantifying their properties (i.e., the parameter values) should differ with locations with different 331 

environments22. Thus, in this study, the neural network embedded in BINN (Section 2.1.1) 332 

predicts these biogeochemical parameter values from environmental covariates. The predicted 333 

values of the 21 biogeochemical parameters and the environmental forcings (Table S326. Because 334 

those processes are highly variable depending on different climate conditions or soil properties, 335 

the values quantifying their properties (i.e., the parameter values) should differ with locations 336 

with different environments26. Thus, in this study, the neural network embedded in BINN 337 

(Section 2.1.1) predicts these biogeochemical parameter values from environmental covariates. 338 
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The predicted values of the 21 biogeochemical parameters and the environmental forcings (Table 339 

S4) are used in Equation (8) to estimate steady-state SOC storage at sites across the Contiguous 340 

US.  341 

To mitigate the impact of uncertainties in individual parameters and equifinality on our 342 

mechanistic analysis, we aggregated related parameters into functionally distinct model 343 

components. Following the method from Tao et al. (2024), these components, including carbon 344 

transfer efficiency, carbon input allocation, baseline decomposition, vertical transport rate, 345 

environmental modifiers, and plant carbon input, were constructed as weighted averages based 346 

on the relative contributions of constituent parameters to their respective carbon fluxes or pools. 347 

 348 

2.1.3 Loss Function 349 

Because we aim to accurately simulate SOC, our primary loss quantifies the discrepancy 350 

between simulated and observed SOC values. Specifically, we use a smooth L1 loss function, 351 

which transitions from quadratic behavior near zero to linear behavior beyond a specified 352 

threshold β:  353 

 𝑆𝑚𝑜𝑜𝑡ℎ 𝐿1 𝐿𝑜𝑠𝑠(𝑦̂𝑝𝑟𝑜𝑓𝑖𝑙𝑒 , 𝑦𝑝𝑟𝑜𝑓𝑖𝑙𝑒)

=  {
0.5(𝑦̂𝑝𝑟𝑜𝑓𝑖𝑙𝑒 − 𝑦𝑝𝑟𝑜𝑓𝑖𝑙𝑒)

2

𝛽
                  𝑖𝑓 ∣ 𝑦̂𝑝𝑟𝑜𝑓𝑖𝑙𝑒 − 𝑦𝑝𝑟𝑜𝑓𝑖𝑙𝑒 ∣< 𝛽  

                            ∣ 𝑦̂𝑝𝑟𝑜𝑓𝑖𝑙𝑒 − 𝑦𝑝𝑟𝑜𝑓𝑖𝑙𝑒 ∣ − 0.5 × 𝛽                                                𝑜. 𝑤. 

 

(9) 

where 𝑦̂𝑝𝑟𝑜𝑓𝑖𝑙𝑒 represents the simulated SOC profile at all observation depths for a single site by 354 

CLM5, 𝑦𝑝𝑟𝑜𝑓𝑖𝑙𝑒 denotes the corresponding observed SOC profile at the same site, and β is a 355 

threshold hyperparameter that determines the transition point between quadratic and linear 356 

behaviors of the loss function. The smooth L1 loss function's linear asymptotic behavior makes it 357 
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more robust to outliers compared to conventional loss functions such as Mean Squared Error 358 

(MSE)36.41.  359 

We also add an additional hyperbolic cosine loss (𝑐𝑜𝑠ℎ) term that acts as a regulator, 360 

encouraging the neural network to predict biogeochemical parameters within reasonable bounds. 361 

Specifically, it penalizes parameter values that deviate substantially from the center of the prior 362 

distribution, thereby discouraging biogeochemically implausible extreme values. Eventually, the 363 

total loss, 𝐿𝑏𝑎𝑡𝑐ℎ, is a linear combination of the two losses: 364 

 

𝐿𝑏𝑎𝑡𝑐ℎ = ∑ {𝑆𝑚𝑜𝑜𝑡ℎ 𝐿1 𝐿𝑜𝑠𝑠(𝑦̂𝑝𝑟𝑜𝑓𝑖𝑙𝑒, 𝑦𝑝𝑟𝑜𝑓𝑖𝑙𝑒)

𝑏𝑎𝑡𝑐ℎ 𝑠𝑖𝑧𝑒

𝑝𝑟𝑜𝑓𝑖𝑙𝑒=1

+ 𝑤 ∑𝑐𝑜𝑠ℎ [𝜏(𝑝𝑗 − 0.5)] } 

21

𝑗=1

 

 

(10) 

where 𝑏𝑎𝑡𝑐ℎ 𝑠𝑖𝑧𝑒 is a hyperparameter describing the number of soil profiles processed in each 365 

training iteration before performing one backpropagation, 𝑤 is a weighting hyperparameter that 366 

balances the two loss components, 𝑝𝑗 represents the predicted biogeochemical parameter from 367 

the neural network, and 𝜏 is a scaling factor that controls the strength of regularization by the 368 

hyperbolic cosine function. From the hyperparameter grid search, we set 𝜏 to 15 and loss weight 369 

of a biogeochemical parameter𝑤 to 100.  370 

While CLM5 simulates SOC dynamics at 20 specific depths, SOC data collected from the 371 

field were not necessarily measured at the depth nodes set in CLM5. Thus, in calculating the loss 372 

function value, when observations occur at depths between two CLM5 nodes, we employed 373 

linear interpolation to estimate simulated SOC values at the observation depths. In cases where 374 

observations extend beyond 8 meters (i.e., the deepest node in CLM5 simulations), we used the 375 

values at 8 meters as SOC concentration in deeper layers no longer changes much.  376 

 377 
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2.1.4 Backpropagation to Optimize Neural Network Parameters 378 

During training, BINN computes the loss function based on the current predicted SOC and 379 

biogeochemical parameters; the loss quantifies how poorly its current predictions match the SOC 380 

observations and prior knowledge. Through backpropagation, the loss signals propagate 381 

backwards through the entire BINN structural chain: first through the CLM5 matrix equations 382 

that generate modeled SOC, then through the biogeochemical parameters, and finally to the 383 

neural network that predicts these biogeochemical parameters. At each step, PyTorch uses the 384 

chain rule to automatically compute the gradient of the loss function with respect to each 385 

learnable NN component (e.g. 𝑤 in Equation 1 and 𝛾′ in Equation 2). These gradients indicate 386 

how each component can be adjusted to increase or decrease the loss. The NN components are 387 

adjusted slightly in the direction that decreases the loss, and then the above process is repeated. 388 

The differentiability of the process-based model (CLM5 in this case) enables this continuous 389 

gradient flow and thus allows the neural network to learn parameter values that produce better 390 

SOC predictions. 391 

 392 

2.1.5 Monte Carlo dropout 393 

We used Monte Carlo (MC) dropout during BINN training to approximate the model’s 394 

predictive uncertainty37.42. MC dropout randomly disables a fraction of neurons (with probability 395 

equals to the dropout_p rate) within the neural network during training. This process acts like 396 

training an implicit ensemble of subnetworks and improves generalization and robustness of 397 

BINN.  398 

When the dropout_p rate is set larger than 0, the posterior distributions of the predicted 399 

biogeochemical parameters can be estimated by MC dropout at each site. To be specific, during 400 
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forward simulation with the best-trained BINN, we kept dropout active and perform 100 401 

stochastic forward passes with different dropout masks, resulting in an efficient approximation of 402 

the uncertainty in the model’s parameter predictions. 403 

 404 

2.2 Recovering Biogeochemical Parameters from Synthetic Data 405 

We evaluated BINN's ability to recover the biogeochemical parameters of CLM5 from synthetic 406 

SOC data using a 10-fold cross-validation experiment38.43. Unlike real-world observations that 407 

contain measurement uncertainties and potentially unresolved processes, the synthetic SOC data 408 

across multiple depths used in this study were generated by running CLM5 with prescribed 409 

spatially-varying parameter values (obtained from a previous work with PRODA approach2429; 410 

see Section 2.3.2), providing a controlled environment where true parameter values are known 411 

(FigureFig. S2). This synthetic dataset allowed us to quantitatively assess BINN's parameter 412 

recovery accuracy by comparing predicted parameters with the known values used to generate 413 

the synthetic data. Parameter recovery was assessed under two configurations: one using a subset 414 

of the most sensitive parameters as targets, and another using all biogeochemical parameters as 415 

targets. 416 

 417 

2.2.1 First-Order Sobol Sensitivity Analysis 418 

To decide which biogeochemical parameters to modify in the experiment of recovering the 419 

biogeochemical parameters of CLM5 from synthetic SOC, we conducted a sensitivity analysis of 420 

CLM5 using first-order Sobol method to identify the biogeochemical parameters that have the 421 

greatest influence on simulated SOC values.  422 

The sensitivity analysis was conducted on SOC simulations at various soil-depth ranges, 423 

including 0-0.3 m, 0.3-1 m, >1 m, and the entire soil profile (0-8 m). SOC simulations at each 424 
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layer by CLM5 were aggregated based on the node depths falling into the above-mentioned 425 

depth ranges. Specifically, layers 1-6 were used to calculate SOC between 0-0.3 m, layers 7-9 for 426 

SOC between 0.3-1 m, and layers 10-20 for SOC greater than 1 m. Simulations from all 20 427 

layers were summed up to calculate SOC across the whole soil profile. The variance and 428 

sensitivity for each depth range were calculated based on SOC values derived from the 429 

individual layers mentioned above. 430 

 For this analysis, we randomly selected 512 sites across the Contiguous US and 431 

employed the first-order approximation method. We first determined the unconditional variance 432 

𝑉(𝑆𝑂𝐶) from the model output when all the 21 biogeochemical parameters (𝑝) in CLM5 were 433 

allowed to vary freely within their initial ranges from their prior ranges. Specifically, we 434 

randomly sampled the biogeochemical parameter values 1000 times in their initial ranges at each 435 

site s and depth range d, ran the model, and calculated the variance of the simulations, which was 436 

considered the unconditional variance 𝑉(𝑆𝑂𝐶).𝑆𝑂𝐶𝑠,𝑑). 437 

Next, we estimated the conditional expectation of the variable SOC𝑆𝑂𝐶𝑠,𝑑 for each 438 

biogeochemical parameter 𝑝𝑖 (i = [0, 20]) at each site s. We randomly selected a value (𝑝𝑖
∗) for 439 

each biogeochemical parameter 𝑝𝑖 from a uniform distribution within its prior range. For the 440 

remaining biogeochemical parameters (𝑝𝑗: 𝑗 ≠ 𝑖), we produced 1000 random settings from 441 

uniform distributions within their respective prior ranges. Using the sample of 1000 442 

biogeochemical parameter sets, we estimated the conditional expectation 𝐸(𝑆𝑂𝐶|𝑝𝑖(𝑆𝑂𝐶𝑠,𝑑|𝑝𝑖 =443 

𝑝𝑖
∗). We repeated this sampling process for 100 randomly selected values of 𝑝𝑖 and used the 444 

results to estimate the variance 𝑉(𝐸(𝑆𝑂𝐶|𝑝𝑖(𝑆𝑂𝐶𝑠,𝑑|𝑝𝑖)). This value quantifies the variance in 445 

the output variable SOC𝑆𝑂𝐶𝑠,𝑑 as a result of modifying the biogeochemical parameter 𝑝𝑖. We 446 

discarded the simulations when NaN values appeared due to randomly sampled biogeochemical 447 
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parameter sets. Finally, we repeated this procedure fora first-order Sobol sensitivity index 𝑆𝑖,𝑠,𝑑 448 

was calculatedfor each biogeochemical parameter 𝑝𝑖, and a sensitivity index 𝑆𝑖 was calculated 449 

for each biogeochemical parameter at each site s and depth d as:  450 

 
𝑆𝑖 =

𝑉(𝐸(𝑆𝑂𝐶|𝑃𝑖))

𝑉(𝑆𝑂𝐶)
𝑆𝑖,𝑠,𝑑 =

𝑉(𝐸(𝑆𝑂𝐶𝑠,𝑑|𝑝𝑖))

𝑉(𝑆𝑂𝐶𝑠,𝑑)
 

(11) 

The final sensitivity value for each biogeochemical parameter was obtained by averaging the 451 

sensitivity values across all the randomly selected sites across all depths (FigureFig. 2) and 452 

individual depth ranges (FigureFig. S3). Error bars represent the mean sensitivity ± one standard 453 

deviation across sites. 454 

 Our analysis identified the five most sensitive parameters: the parameter "beta" governs 455 

the allocation of carbon inputs across soil depths; the parameter "w-scaling" represents the 456 

influence of soil water on SOC decomposition; the parameter "tau4s3" represents the 457 

decomposability of the passive SOC pool; the parameter "fs1s3" indicates the efficiency of 458 

carbon transforming from active SOC to passive SOC; and the parameter "efolding" quantifies 459 

the impacts of soil depth on SOC decomposition. 460 

 461 

2.2.2 Simulation Experiment to Recover Biogeochemical Parameters from Synthetic Data 462 

We selected the five most sensitive parameters identified from the sensitivity test to minimize 463 

equifinality, which is a phenomenon that a similar simulation output is generated with different 464 

combinations of biogeochemical parameter values39, for the parameter recovery experiment.44, 465 

for the parameter recovery experiment.  466 

To test the recovery efficiency of the biogeochemical parameters with BINN, we 467 

modified the final layer of the neural network by reducing the number of neurons from 21 to 5 to 468 
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predict these five biogeochemical parameters. Combining the five biogeochemical parameters 469 

predicted by BINN and the remaining 16 biogeochemical parameters from the prescribed 470 

parameter values, BINN was able to simulate SOC values and update itself through 471 

backpropagation. After training BINN with the synthetic SOC dataset, we compared the five 472 

parameters predicted by BINN with their prescribed parameter values in the testing dataset to 473 

evaluate the accuracy of BINN in retrieving the prescribed biogeochemical parameters. To 474 

examine the recovery efficiency beyond the top five parameters, we repeated the experiment 475 

with all 21 parameters following the same processes. 476 

 477 

2.2.3 10-fold cross-validation 478 

To conduct 10-fold cross-validations on the simulations, the entire dataset was randomly divided 479 

into ten equal-sized subsets. In each iteration, 8 subsets were used for training, 1 subset for 480 

validation, while the remaining subset served as the test set. Specifically, the training subsets 481 

were utilized for gradient-based optimization, the validation subset served as an independent 482 

check to guide hyperparameter tuning, best model selection, and early stopping to prevent 483 

overfitting, and the test subset was reserved for an unbiased assessment of the BINN’s 484 

generalization capability. This process was repeated ten times, with each subset serving as the 485 

test set once. The performance metrics, including Nash–Sutcliffe modelling efficiency 486 

coefficient (NSE) and Pearson correlation coefficient (r), were calculated for each iteration. Final 487 

performance evaluations were conducted by averaging the metrics across all iterations, and grid-488 

level predictions were averaged across the ten iterations. This cross-validation approach provides 489 

a robust assessment of BINN’s generalizabilityinternal predictive stability by testing its 490 
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performance on multiple independent datasets, reducing the impact of data partitioning bias and 491 

thus enabling evaluation of model stability across different training-testing combinations. 492 

 493 

2.3 BINN performance with real-world SOC Observations 494 

We evaluated the performance of BINN by comparing BINN’s SOC predictions with observed 495 

SOC across the contiguous US (a total of 25,925 profiles) (FigureFig. 1b).  496 

 497 

2.3.1 Data Preparation 498 

We processed SOC observations from the World Soil Information Service (WoSIS) following 499 

Tao et al. (2020, 2023)24,26.29,31. Each profile (i.e., each site) may have SOC observations at 500 

multiple depths. Only profiles with at least three observations were kept, yielding 25,925 profiles 501 

(169,104 SOC measurements) across the contiguous US. We used 60 environmental covariates at 502 

each site from Tao et al. (2023)26 as input to BINN (Table S1).(2023)31 as input to BINN (Table 503 

S1). To achieve better training effectiveness, we normalized all the environmental covariates to 504 

the interval [0, 1] according to their maximum and minimum values, except the categorical 505 

covariates.  506 

 We applied eight types of forcing data to drive CLM5 SOC simulations: mean annual net 507 

primary productivity (NPP), active soil layer depth from the previous year and current year, the 508 

number of soil layers reaching bedrock, the soil oxygen scalar for decomposition, the soil 509 

nitrogen scalar for decomposition, soil temperature, and soil water potential. These forcings were 510 

derived from 20 years of monthly CLM5 simulations at steady state using a preindustrial forcing 511 

(that is, I1850Clm50Bgc) at 0.5° resolution.  512 
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 The 10-fold cross-validation divided the whole dataset randomly into 10 folds, and we 513 

took one-fold (i.e., 10%) data as the testing dataset in each iteration. The remaining data were 514 

further split into training (8/9) and validation (1/9) sets. 515 

 516 

2.3.2 PRODA 517 

We used PRODA as a baseline to compare SOC simulation skill and derived process 518 

components with BINN. PRODA couples site-level Bayesian calibration of CLM5 with a neural 519 

network that maps environmental covariates to the calibrated parameters.  520 

 The site-level data assimilation was conducted by an adaptive Metropolis Markov Chain 521 

Monte Carlo (MCMC) algorithm with 20,000 iterations for the test run and 50,000 iterations for 522 

the formal run. The posterior distribution for each parameter was generated during the second 523 

half of the formal run. The mean values of the posterior distributions of the parameters were 524 

calculated as the final point estimates.  525 

To generalize these site-level estimates to the contiguous US, we trained a fully-526 

connected multilayer neural network using the same 60 environmental variables as predictors. 527 

The neural network used in the final training consisted of four hidden layers. The node numbers 528 

for each hidden layer were 256, 512, 512 and 256, respectively, with ReLU as the activation 529 

function and adadelta as the optimizer. PRODA was trained with 6000 epochs, utilizing an early 530 

stopping patience of 1200 epochs, and validated with a 10-fold cross-validation. When 531 

comparing with BINN, the test dataset for each fold was set the same as the corresponding fold 532 

during BINN training.  533 

To facilitate a direct comparison of model performance between BINN and PRODA (Fig. 534 

4 and 6), we used the identical prior ranges of parameters governing substrate decomposability 535 
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as used in PRODA. Specifically, the prior ranges were for tau4s1 were [0.0001, 1]), tau4s2 [1, 536 

50]), and tau4s3 ([200, 1000]). Aside from this specific comparative analysis, the values of prior 537 

parameter ranges in Table S2 were used for all other analyses.  538 

The robustness of the BINN framework to the variations in prior range selection was 539 

further evaluated by adjusting the prior ranges by 10 percent where the flux related parameters 540 

remained within their physical bounds. The results in Table S3 indicate that BINN is robust to 541 

the test of prior ranges as evidenced by the consistent NSE across different settings of modeling 542 

choices.  543 

 544 

2.3.3 Summary Statistics 545 

We calculated the Nash–Sutcliffe modelling efficiency coefficient, NSE, of simulated SOC to 546 

evaluate the effectiveness of SOC predictions by BINN following the equation: 547 

 
𝑁𝑆𝐸 = 1 −

∑(𝑜𝑏𝑠𝑖 − 𝑠𝑖𝑚𝑢𝑖)
2

∑(𝑜𝑏𝑠𝑖 − 𝑜𝑏𝑠𝑖
̅̅ ̅̅ ̅̅ )2

 
(12) 

where 𝑜𝑏𝑠𝑖 is one of the SOC observations, 𝑜𝑏𝑠𝑖
̅̅ ̅̅ ̅̅  is the mean of the SOC observations, and 548 

𝑠𝑖𝑚𝑢𝑖 is the simulated SOC by CLM5 embedded in BINN.   549 

 We used the Pearson correlation coefficient, r, between the predicted and prescribed 550 

biogeochemical parameters to evaluate the effectiveness of BINN in recovering each of the five 551 

biogeochemical parameters as follows:  552 

 
𝑟 =

∑[(𝑝𝑎𝑟𝑎𝐵𝐼𝑁𝑁 − 𝑝𝑎𝑟𝑎𝐵𝐼𝑁𝑁̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ) × (𝑝𝑎𝑟𝑎𝑡𝑟𝑢𝑒 − 𝑝𝑎𝑟𝑎𝑡𝑟𝑢𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)]

√∑(𝑝𝑎𝑟𝑎𝐵𝐼𝑁𝑁 − 𝑝𝑎𝑟𝑎𝐵𝐼𝑁𝑁̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ )2 × ∑(𝑝𝑎𝑟𝑎𝑡𝑟𝑢𝑒 − 𝑝𝑎𝑟𝑎𝑡𝑟𝑢𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)2
 

(13) 

where 𝑝𝑎𝑟𝑎𝐵𝐼𝑁𝑁 is the biogeochemical parameter predicted by BINN, 𝑝𝑎𝑟𝑎𝑡𝑟𝑢𝑒 is the 553 

biogeochemical parameter previously prescribed at the same site, 𝑝𝑎𝑟𝑎𝐵𝐼𝑁𝑁̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is the mean of this 554 
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biogeochemical parameter predicted by BINN, and 𝑝𝑎𝑟𝑎𝑡𝑟𝑢𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ is the mean of this prescribed 555 

biogeochemical parameter. 556 

 557 

2.3.4 Normalized Difference 558 

For each site, we averaged the simulated SOC across the 10 cross-validation folds and subtracted 559 

the observed SOC to obtain a mean difference. To improve interpretability over space, we 560 

applied a signed percentile normalization: positive differences were scaled to [0,1] by dividing 561 

by the 99th percentile of positive deviations, and negative differences were scaled to [−1,0] by 562 

dividing by the 99th percentile of negative deviations. This approach preserves the sign and 563 

relative magnitude of biases while preventing a small number of extreme values from 564 

dominating the colored scale. 565 

 566 

2.3.5 Traceability Analysis 567 

To further demonstrate how BINN helps understand processes governing SOC dynamics, we 568 

conducted a traceability analysis40. The traceability analysis uses the process-based model to 569 

separate BINN-predicted SOC storage into carbon influx and ecosystem residence time, with the 570 

latter calculated by dividing carbon storage by carbon influx. The ecosystem residence time was 571 

jointly determined by baseline residence time and the environmental modifier. These 572 

decomposed components at each grid were then averaged across different biomes and visualized 573 

in scatter plots for comparison among the biomes. Biome types were assigned to each grid based 574 

on the dominant ecological region within that grid, using the Level 1 Ecological Regions of 575 

North America map provided by the US Environmental Protection Agency41.  576 

 577 

2.4 Computational Efficiency 578 
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We compared computational efficiency between BINN and PRODA on the same dataset (2,000 579 

soil profiles) and the same personal computer, reporting their wall-clock time and peak resident 580 

set size (RSS). For BINN, we evaluated two implementations and recorded their respective 581 

runtime and peak RSS: (i) a matrix version using the original CLM5 formulation and (ii) a 582 

vectorized version that removes explicit for-loops. Each implementation was trained for 300 583 

epochs (no early stopping) to standardize timing and ensure convergence on the training set. For 584 

PRODA, the computational bottleneck is the site-level MCMC calibration of CLM5 parameters. 585 

We measured MCMC runtime at 10 randomly selected sites (with 20,000 test iterations and 586 

50,000 formal iterations per site) and extrapolated to 2,000 sites. Because per-site memory usage 587 

is stable across sites, peak RSS was taken from these 10-site runs. PRODA’s second stage using 588 

a neural network that maps environmental covariates to the MCMC-optimized parameters was 589 

trained for 6,000 epochs., with an early stopping patience of 1200 epochs. We recorded its peak 590 

RSS and reported PRODA’s overall peak RSS as the maximum of the MCMC stage or the NN 591 

stage.  592 

 593 

3. Results 594 

3.1 Parameter Recovery Accuracy  595 

When BINN predicted the five most sensitive biogeochemical parameters, the recovered 596 

parameter values exhibited high consistency with the prescribed biogeochemical parameters used 597 

during synthetic data generation, achieving an average correlation coefficient of 0.88 across the 598 

10-fold cross-validations (FigureFig. 3g). Moreover, BINN achieved an average NSE of 0.99 on 599 

the test dataset when comparing simulated SOC with synthetic SOC (FigureFig. 3g). In the 600 

cross-validation iteration with the median NSE of simulated SOC, the BINN-recovered 601 

parameter “efolding”, representing the depth scalar, had a correlation coefficient of 0.92 in 602 
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comparison with the prescribed parameter values (FigureFig. 3a). The parameter "tau4s3", 603 

representing the baseline turnover time of the passive SOC pool, showed a correlation coefficient 604 

of 0.93 (FigureFig. 3b). The "fs1s3" parameter, indicating the transfer fraction from fast to 605 

passive SOC pools, achieved a correlation coefficient of 0.82 (FigureFig. 3c). The "w-scaling" 606 

parameter, which is the scaling factor of soil water, had a correlation coefficient of 0.9 607 

(FigureFig. 3d). Lastly, the "beta" parameter that governs the vertical distribution of carbon 608 

inputs exhibited a correlation coefficient of 0.83 (FigureFig. 3e).  609 

Extending recovery to all 21 parameters revealed heterogeneous identifiability that is 610 

consistent with their influence on SOC storage (Fig. S4). Parameters with low sensitivity (e.g., 611 

cryo, taucwd) showed weak correlations between retrieved and prescribed values and were 612 

typically distributed around the midpoints of their prior ranges, whereas high-influence terms 613 

(e.g., w-scaling, fs1s3) remained well recovered.  614 

 In addition, to better address the equifinality issue in BINN, we implemented MC 615 

dropout37 to obtain42 to approximate the posterior distributions of parameters at each site (Fig. 616 

S5). Although point estimates of parameters may not exactly match the prescribed values in 617 

parameter recovery experiment, the posterior distributions of parameter values by BINN 618 

frequently cover the prescribed values. We further quantified the site-level coverage (i.e., the 619 

fraction of prescribed values falling into the BINN-predicted intervalsposterior distributions) in 620 

Fig. S6, which indicated the issue of equifinality can be further controlled to a reasonable extent 621 

inis effectively identified and accounted for within the BINN.  framework, as the uncertainty 622 

intervals consistently encompass the ground-truth parameter values at most sites. 623 

 624 

3.2 Performance in Predicting Real-world SOC Observations 625 
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After BINN optimization, we used its predicted biogeochemical parameters to calculate six 626 

model components representing different processes in soil carbon cycle over the contiguous US: 627 

carbon transfer efficiency, baseline decomposition, environmental modifier, carbon input 628 

allocation, vertical transport rate, and plant carbon inputs. The comparisons between BINN-629 

retrieved six model components and those generated from PRODA, along with their spatial 630 

patterns, are shown in FigureFig. 4. Note that the plant carbon input component was identical 631 

between BINN and PRODA (FigureFig. 4p-r), due to the use of the same NPP forcing data. The 632 

spatial distributions of the other five components were similar between BINN and PRODA, with 633 

an average correlation coefficient of 0.7786. 634 

 The carbon transfer efficiency predicted by BINN, which quantifies the weighted average 635 

ratio of decomposed carbon being transferred from one carbon pool to another relative to the 636 

total carbon decomposition, exhibited more spatial variation than PRODA's predictions (Figure 637 

4a–b). While both methods simulated higher carbon transfer efficiency in the northwestern 638 

region and lower efficiency in the midwestern region, BINN predicted slightly higher values in 639 

the northeastern and southeastern parts of the contiguous US compared to PRODA, resulting in a 640 

relatively high average value. Even so, the correlation coefficient between the two approaches 641 

still reached 0.77 (Figuredisplayed similar spatial patterns as PRODA's predictions (Fig. 4a–b), 642 

with a correlation coefficient of 0.92 (Fig. 4c). Baseline decomposition, which describes the 643 

substrate decomposability of each soil pool, showed similar spatial patterns across the 644 

contiguous US for both BINN and PRODA (Figure 4d–e), although the average baseline 645 

decomposition values from BINN were somewhat higher than those from PRODA (Figureas 646 

well (Fig. 4d–e), with the correlation coefficient of 0.91 (Fig. 4f). 647 
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The environmental modifier predicted by BINN achieved a correlation coefficient of 648 

0.7882 with PRODA's results (FigureFig. 4i). Their spatial patterns were nearly identical across 649 

the contiguous US, with lower values in the northwestern region and values gradually increasing 650 

toward the southeastern region (FigureFig. 4g–h). Carbon input allocation predicted byWhile 651 

both methods also displayed similar spatial patterns with a correlation coefficient of 0.73 (Figure 652 

4l). Both methods predicted low simulated higher carbon input allocation rates in the eastern and 653 

western US but high rates in the in the central US (Figure 4j–k), although, BINN predicted 654 

slightly higher rates of carbon input allocationvalues in the western and central US thanparts of 655 

the contiguous US compared to PRODA. (Fig. 4j–k), resulting in a relatively high average value. 656 

Even so, the correlation coefficient between the two approaches still reached 0.71 (Fig. 4l). 657 

BINN and PRODA also predicted vertical transport rate with nearly identical spatial distributions 658 

(FigureFig. 4m–n), with a high correlation coefficient of 0.91 (Figure92 (Fig. 4o). 659 

 When applying the predicted parameters to simulate SOC, BINN showed an average 660 

NSE of 0.71 in predicting the observed SOC across the 10-fold cross validations (FigureFig. 5c), 661 

with an average NSE of about 0.57 on the test datasets (FigureFig. 5d). The training and 662 

validation NSE values recorded throughout model training at each epoch indicated a validation 663 

NSE of 0.63 (Figure S6Fig. S7). The map of the normalized difference between BINN 664 

predicted(Fig. 5a) identifies geographic regions where BINN’s predictive performance is limited, 665 

showing systematic underestimation in the North-Central region and observed SOC shows that 666 

BINN captured SOC dynamics in most parts of the contiguous US, except inoverestimation 667 

within the north-central and western regions (Figure 5a),Rocky Mountains., which may be due to 668 

the large uncertaintypersisted across the 10-fold cross validations (Figure-validation ensemble 669 

(Fig. 5b).  670 
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 Overall, BINN demonstrated in-domain predictive accuracy comparable to PRODA in 671 

predicting SOC across the contiguous US (FigureFig. 6a). However, PRODA showed a tendency 672 

toward negative bias (underestimation) over broad areas, whereas BINN’s normalized difference 673 

was closer to zero (Fig. 6b). In the north-central and eastern US, where PRODA mainly 674 

underestimated observed SOC, BINN exhibited fewer geographical biases (FigureFig. 6c–d).  675 

 676 

3.3 Spatial Patterns of the Determinant Processes of SOC  677 

Traceability analysis revealed that ecosystems with similar average soil carbon storage among 678 

different biomes, which is illustrated by the proximity of the points to a given contour line, may 679 

result from distinct underlying processes (Figure 7a). For instance, North American Deserts and 680 

Mediterranean California exhibited similar carbon storage, despite contrasting underlying 681 

mechanisms, with North American Deserts had longer ecosystem carbon residence times coupled 682 

with smaller carbon inputs than Mediterranean California. Additionally, Mediterranean 683 

California and Northwestern Forested Mountains showed similar SOC residence time (Figure 684 

7b), which can be attributed to similar baseline carbon residence times and environmental 685 

scalars. 686 

 687 

3.4 Computational Efficiency 688 

On a single CPU, BINN with for-loops required 52.5 hours (Figure 8Fig. 7) to complete 2,000 689 

profiles, whereas the vectorized version took only 10.5 hours (5× faster). Moreover, MCMC 690 

alone took 574.7 hours, leading to a total of 577.7 hours for PRODA when including ~3 hours of 691 

neural network training. Thus, BINN is approximately 57 times faster than PRODA and can be 692 

further accelerated via PyTorch DDP, which enables parallel training across multiple CPUs. 693 

While both approaches achieve parameter interpretability (Section 3.2), BINN does so more 694 

Formatted: Space After:  0 pt, Line spacing:  Double



 

34 
 

efficiently by directly integrating the process-based model into the neural network architecture, 695 

eliminating the need for computationally intensive site-by-site MCMC optimization. In addition, 696 

BINN with vectorized CLM5 yields the lowest peak memory usage among all the methods 697 

(Figure S7Fig. S8).  698 

 699 

4. Discussion 700 

Our study demonstrates that BINN is a novel approach to retrieve spatially varying model 701 

parameters from big data and predict their spatial distributions for determining SOC dynamics 702 

over the contiguous US, while greatly accelerating computational efficiency and facilitating 703 

process understanding. and thereby facilitate process understanding. By embedding a matrix 704 

form of process-based model into BINN, BINN can significantly enhance computational 705 

efficiency during parameter optimization compared to conventional data assimilation techniques. 706 

Additionally, the incorporation of MC dropout enables the estimation of posterior distribution for 707 

each parameter, facilitating rigorous uncertainty quantification within this hybrid modeling 708 

framework.  709 

 710 

4.1. BINN’s ability to retrieve and predict biogeochemical parameters 711 

In this study, BINN's ability of retrieving biogeochemical parameters was first validated through 712 

a parameter recovery experiment, which used synthetic SOC data generated by CLM5 with 713 

prescribed parameter values across the contiguous US. To minimize the effects of equifinality, 714 

we conducted a sensitivity analysis using a first-order Sobol index and focused on the five most 715 

sensitive biogeochemical parameters, which are also those typically well constrained by 716 

Bayesian calibration. It is important to note that while the first-order Sobol index identifies the 717 
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direct contribution of individual parameters to model variance, it may not fully account for all 718 

nonlinear interactions within the system. Therefore, future research involving higher-order 719 

sensitivity analysis would be beneficial to further explore complex parameter relationships. 720 

As expected, BINN recovered these target parameters with high correlations with their respective 721 

prescribed values. Moreover, BINN reproduced the synthetic SOC patterns well using only 722 

environmental covariates and synthetic SOC, without using a Bayesian method. These results 723 

suggest that BINN learns causal relationships between environmental covariates and SOC 724 

simulations consistent with the underlying dynamics, rather than simply exploiting spurious 725 

correlations22.26.  726 

We then extended recovery to all 21 parameters; the results showed that highly sensitive 727 

parameters remained well recovered. Although parameters with low influence on SOC showed 728 

weak recovery by BINN, this is a common limitation also observed in Bayesian approaches 729 

when data are weakly informative. To overcome this limitation, future applications could 730 

integrate complementary data streams beyond SOC, which might provide additional constraints 731 

necessary to inform those less-sensitive parameters. Alternatively, the inherent uncertainty of 732 

high-dimensional parameter spaces can be mitigated by aggregating individual parameters into 733 

functionally related model components. As demonstrated in this study, grouping parameters with 734 

similar process-based meanings and weighing them by their relative contributions to total SOC 735 

help characterize the underlying biogeochemical processes more powerfully (Fig. 4). This 736 

approach effectively prioritizes the most influential parameters; as weakly recovered parameters 737 

generally exert minimal impact on total SOC storage. Such parameters are assigned lower 738 

weights within the calculated model components, thereby mitigating the impact of poorly 739 

constrained parameters on our mechanistic interpretations.  740 
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To further characterize and mitigate equifinality, we applied MC dropout at inference to 741 

obtainapproximate the posterior-like parameter  distributions at eachof site.-level parameters. 742 

Although point estimates did not necessarily match the prescribed values exactly, the BINN 743 

uncertainty intervalsposterior distributions frequently coveredcover the ground truth (i.e., the 744 

prescribed parameters in this case). Reporting these NN-induced uncertainty ranges (for both 745 

parametersThis demonstrates BINN’s ability to identify and resulting SOC simulations) makes 746 

the sources of indeterminacy explicit and helps keep the practical impact of account for 747 

equifinality under controlissues. By generating a distribution of potential parameter values 748 

instead of a single point estimate, the framework provides a robust quantification of uncertainty 749 

that carries through from the biogeochemical parameters to the final model simulations.  750 

 We further tested BINN with real-world SOC observations across the contiguous US and 751 

quantified the six model components of CLM5. BINN-predictedretrieved model components, 752 

calculated from the predictedestimated biogeochemical parameters, showed good agreement with 753 

those generated by PRODA. Since Bayesian optimization as used in PRODA is widely accepted 754 

in earth system modeling for parameter optimization through data assimilation, the agreement 755 

between BINN and PRODA suggests that BINN can effectively capture spatial variations in key 756 

model components while maintaining physical interpretability. This capability enables BINN to 757 

evaluate the relative importance of different processes controlling SOC storage within the model 758 

and data domain, as done with PRODA, while offering computational advantages through its 759 

integrated neural network architecture.  760 

While both models show comparable NSE values for SOC simulations (Fig. 6a), their 761 

spatial error structures differ significantly. PRODA demonstrates a widespread tendency to 762 

underestimate SOC stocks, whereas BINN’s normalized differences are centered nearer to zero, 763 
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indicating reduced systematic bias (Fig. 6b). This difference likely stems from the architectural 764 

distinction between the two frameworks: while the neural network in PRODA is trained to 765 

replicate site-level parameter distributions derived from a separate site-level data assimilation 766 

step, BINN’s end-to-end framework directly optimizes the neural network to minimize the 767 

deficit in SOC simulations across the US continent. By coupling the parameter inference and the 768 

physical simulation within a single objective function, BINN can more effectively mitigate 769 

spatial biases that might otherwise arise from the multi-step training process used in PRODA.  770 

In addition, all model components predicted by BINN show high correlations with those 771 

predicted by PRODA. However, the estimated carbon transfer efficiency in BINN is slightly 772 

lower than in PRODA, primarily due to higher carbon input allocation to deeper soil layers in 773 

BINN. Since shallow layers typically maintain larger carbon stocks than deeper layers, the 774 

weighted carbon transfer efficiency in BINN is lower to compensate for the reduced input 775 

allocation in those shallow layers. This minor bias can also be attributed to the distinct 776 

architectural designs between BINN and PRODA and the resulting differences in optimized 777 

parameters.  778 

However, even though BINN shows less underestimation than PRODA, spatial bias still 779 

persist within the North-Central and Rocky Mountain domains (Fig. 5a). These biases likely 780 

stem from a fundamental mismatch between the spatial resolution of the environmental 781 

covariates that derived from global gridded products (Table S1), and the local-scale drivers of 782 

each SOC observation. In the North-Central region, the high spatial density of SOC observations 783 

reveals sub-grid variability that coarse gridded covariates cannot adequately resolve. Conversely, 784 

the overestimation observed in the Rocky Mountains highlights a scale-dependent limitation 785 

where gridded inputs fail to represent the complex topographic heterogeneity inherent to 786 
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mountainous terrain. Consequently, while the BINN framework effectively captures broad 787 

environmental gradients, its localized precision remains constrained by the granularity of the 788 

available geospatial drivers. 789 

 790 

4.2. BINN’s Computational Efficiency 791 

BINN shows significant improvement in computational efficiency compared to PRODA while 792 

performing similar functionality in terms of retrieving parameters and predicting the spatial 793 

distributions of SOC storage and its components from big data. Compared to PRODA, BINN 794 

reduces computational time by more than 50-fold in a test with 2,000 profiles, while keeping 795 

memory usage the lowest. PRODA requires running a Bayesian optimization algorithm for each 796 

site independently; it does not use gradients to optimize parameter values. Instead, it only 797 

perturbs parameters randomly and checks whether the accuracy has been improved or not.  798 

By contrast, BINN reimplements the process-based model, CLM5, in a differentiable way 799 

using PyTorch, and leverages this differentiability to rapidly find the optimal parameters (for all 800 

sites simultaneously) that accurately simulate SOC observations (Table S4S5). Additionally, we 801 

used vectorized functions in PyTorch to replace for-loops in the original matrix form of CLM5 802 

model, which further enhances computational efficiency. BINN can also utilize PyTorch DDP to 803 

parallelize computations, allowing much faster iterations and thus greatly saving real physical 804 

time. Meanwhile, the memory usage of BINN can be kept bounded via smaller batches and 805 

gradient checkpointing, whereas site-by-site Bayesian samplers must maintain full state per 806 

chain, which tends to increase peak RSS despite longer running time. High computational 807 

efficiency is also more environmentally friendly, saving energy when dealing with large datasets.  808 

 809 
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4.3. BINN’s Facilitation of Mechanistic Understanding 810 

A process-based model is an abstraction of a real-world system and represents the processes that 811 

govern the system’s dynamics, yet such model-based predictions often fit with empirical 812 

observations poorly42. This discrepancy arises because complex systems, such as the terrestrial 813 

ecosystems, contain numerous mechanisms regulating carbon cycling. Although some of these 814 

mechanisms are well-understood, many remain unresolved. Process-based models may explicitly 815 

represent those well-understood processes in their structure while using parameters to represent 816 

unresolved processes22. Without taking advantage of the extensive information present in 817 

observations, these model parameters are usually not well constrained. 818 

 BINN learns site-specific parameters from environmental covariates while the process-819 

based model executes the forward simulation. This end-to-end setup improves model fit to 820 

observations and yields spatially varying parameters. When these parameters are properly 821 

constrained by empirical data, they can more accurately reflect the unresolved biogeochemical 822 

processes, enabling models to better simulate ecosystem behavior. After training, we further 823 

transform the learned parameters into model components (as in Figure 5) and apply traceability 824 

analysis to quantify each component’s contribution to SOC storage across space, thereby linking 825 

learned parameters to individual processes and, ultimately, to SOC outcomes. The model 826 

components from BINN reveal interpretable patterns (e.g., baseline decomposition and carbon 827 

transfer efficiency) consistent with prior work using Bayesian-based methods26. Traceability 828 

analysis results can further quantify the contribution of each model component to variations in 829 

SOC storage across ecosystems. Similar logic underlies evaluations of how newly added 830 

processes shift system behavior (e.g., nitrogen effects on carbon storage capacity40).  831 
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A process-based model is an abstraction of a real-world system and represents the processes that 832 

govern the system’s dynamics, yet such model-based predictions often fit with empirical 833 

observations poorly45. This discrepancy arises because complex systems, such as the terrestrial 834 

ecosystems, contain numerous mechanisms regulating carbon cycling. Although some of these 835 

mechanisms are well-understood, many remain unresolved. Process-based models may explicitly 836 

represent those well-understood processes in their structure while these processes need to be 837 

specified via parameterization at given locations under given conditions to represent the 838 

heterogeneity of environmental conditions26. Without taking advantage of the extensive 839 

information present in observations, these model parameters are usually not well constrained. 840 

 BINN learns site-specific parameters from environmental covariates while the process-841 

based model executes the forward simulation. This end-to-end setup improves model fit to 842 

observations by yielding spatially varying parameters. When these parameters are properly 843 

constrained by empirical data, they can more accurately reflect the unresolved biogeochemical 844 

processes, enabling models to better simulate ecosystem behavior. After training, we further 845 

transform the learned parameters into model components (as in Fig. 4), thereby linking learned 846 

parameters to individual processes. The model components from BINN reveal interpretable 847 

patterns (e.g., baseline decomposition and carbon transfer efficiency) consistent with prior work 848 

using Bayesian-based methods31.  849 

 However, it is important to recognize that the mechanism understanding inferred through 850 

this framework is inherently tied to the CLM5 model structure and the BINN-optimized 851 

parameters. While these optimized parameters provide a mechanically consistent representation 852 

of different processes within the process-based model, the resulting mechanistic discovery may 853 

still require further independent validations, such as observational data from satellites, sensors, 854 
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and field and laboratory experiments. Nonetheless, BINN-retrieved mechanism understanding is 855 

much better grounded in observations than these gained by the process-based models or data 856 

alone. 857 

 BINN's potential for advancing scientific understanding cancould be extended well 858 

beyond SOC dynamics to various fields of research in biogeochemistry and ecology. Whenever 859 

current scientific understanding of a biogeochemical system can be mathematically formulated in 860 

a process-based model, BINN cancould help uncover mechanisms from big data. when relevant 861 

observational data are presented. This framework iswould be particularly valuable for studying 862 

complex biogeochemical cycles, such as nutrient cycles, where some processes are well-863 

understood and explicitly represented in models, while others remain unresolved. By combining 864 

process-based representations of known mechanisms with biglarge-scale data, BINN could help 865 

identifyuncover unknown mechanisms governing biogeochemical cycling, providing a 866 

foundation for future empirical studies to validate these model-derived insights.  867 

 Furthermore, BINN's flexible architecture allowsmight allow integration of diverse data 868 

sources. This capability iswould be particularly valuable for incorporating limited but important 869 

datasets, such as isotope measurements, which cancould reveal spatial and temporal mechanisms 870 

in soil carbon dynamics despite their scarcity. Even if these measurements are only available at a 871 

few sites, BINN cancould still learn from them by incorporating them in the loss function where 872 

they are available. By leveraging multiple data sources, BINN maximizeswould maximize the 873 

potential to facilitate our scientific understanding while maintaining biogeochemical consistency.  874 
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(a)  875 

 876 

 877 

(b)  878 

 879 

 880 

Figure 1. Schematic diagram of BINN architecture and training workflow. (a) Detailed 881 

BINN structure showing the integration of neural networks with CLM5. A neural network 882 

(purple) processes spatial coordinates (red) through a positional encoder and categorical 883 
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environmental covariates through an embedding layer. The network outputs are transformed via 884 

a sigmoid activation function to generate 21 normalized parameters (grey). These parameters are 885 

then scaled by their corresponding prior range (blue) and pass into CLM5 along with 886 

environmental forcings to simulate SOC (teal). The model's performance is evaluated using a 887 

smooth L1 loss function and a soft prior penalty on biogeochemical parameters (green). The 888 

entire framework is differentiable, enabling end-to-end training through backpropagation (teal 889 

arrow). (b) Overview of BINN training workflow. Environmental covariates at each site serve as 890 

input to the neural network to predict biogeochemical parameters. These parameters, along with 891 

environmental forcings, drive the process-based model (CLM5) to simulate SOC. The difference 892 

between modeled and observed SOC is used to compute the loss function, which guides neural 893 

network parameter updates through backpropagation (teal arrow). This training process 894 

continues until reaching the maximum number of epochs or achieving optimal validation 895 

performance. 896 

 897 
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 898 

Figure 2: First-order sensitivity indices of biogeochemical parameters aggregated across all 899 

soil layers. Bars show mean sensitivity, with horizontal error bars representing ±1 standard 900 

deviation. Red triangles indicate error bars clipped by the x-axis (uncertainty extends beyond the 901 

displayed range). Parameters are ranked (y-axis) by decreasing sensitivity and color-coded by 902 

their associated process component (e.g., 𝐾, 𝐴, 𝐵, 𝜉, 𝑉 in Equation 7). The x-axis represents 903 

sensitivity scores, indicating how changes in each parameter influence the model's performance. 904 

 905 

 906 

 907 

Figure 3: BINN’s performance in the parameter recovery experiment. Scatter plots 908 

comparing the parameter values (a) "efolding", (b) "tau4s3", (c) "fs1s3", (d) "w-scaling", and (e) 909 

"beta" predicted by BINN against the prescribed parameter values. The color of each point in the 910 

scatter plot represents the number of data points within each hexagonal bin. The correlation 911 

coefficient between the predicted and prescribed parameter values is shown in the title of each 912 

plot. (f) Comparison of the BINN-simulated and synthetic SOC values, with colors representing 913 
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the density of points. (g) Mean performance of BINN in retrieving the five parameters across 10-914 

fold cross validations, as measured by the correlation coefficient between the predicted and 915 

prescribed parameter values as well as NSE of the simulated SOC values compared to the 916 

synthetic SOC data. 917 

 918 

 919 
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 920 

Figure 4: Comparison of the spatial patterns of model components retrieved by BINN and 921 

PRODA. Maps show BINN (left column panels) and PRODA (middle column panels) estimates 922 

for six model components: carbon transfer efficiency (a–c), baseline decomposition (d–f), 923 

environmental modifier (g –i), carbon input allocation (j–l), vertical transport rate (m–o), and 924 

plant carbon inputs (p–r). Right-column panels (c, f, i, l, o, r) compare model components 925 

between BINN (y-axis) and PRODA (x-axis) with 1:1 lines; panel insets report Pearson 926 

correlation coefficients. Color scales are harmonized across BINN and PRODA; otherwise, 927 

panel-specific scales are noted in the legend. 928 

 929 
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 931 

Figure 5: Comparison of simulated and observed SOC storage using BINN across 10-fold  932 

cross-validation testtraining. (a) Map of normalized difference across all 10 folds. (b) 933 

Coefficient of variation of difference across 10 folds, indicating spatial uncertainty. (c) Observed 934 

vs. fold-average simulated SOC across all depths and sites. (d) Box plot of test NSE across 10 935 

folds. 936 

 937 
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 938 

 939 
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Figure 6. Side-by-side evaluation of BINN and PRODA across identical 10-fold test sets 940 

against the observed SOC. (a) Mean test NSE per fold for BINN and PRODA. NSE values are 941 

shown above the bars; the P value below the bars donates the difference in test NSE between the 942 

two methods is insignificant. (b) Mean test-set differences in simulated SOC between the two 943 

methods after normalization. The red dots are outliers, and the horizonal significant bar shows 944 

that the mean differences in SOC between two methods are significantly different. (c–d) Spatial 945 

maps of the normalized differences for (c) BINN and (d) PRODA: values near 0 indicate small 946 

bias; positive and negative values indicate overestimation and underestimation, respectively. 947 

 948 

 949 
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 950 

Figure 7: Traceability analysis on how model components determine SOC storage in 951 

different biomes. (a) How influx and ecosystem carbon residence time determine SOC storage 952 

(contour lines). (b) How environmental scalar (ξ) and baseline carbon residence time determine 953 

ecosystem carbon residence time (contour lines). The color-coded points in (a) and (b) represent 954 

the average values in different biomes. (c) Biome map for the contiguous US used to aggregate 955 

the variables in panels (a) and (b). 956 

 957 

 958 
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Figure 8  959 

Figure 7: Computational time to process 2,000 soil profiles with CLM5. Wall-clock runtime 960 

(hours) for PRODA (MCMC + NN), MCMC only, and for BINN using the original matrix 961 

CLM5 and a vectorized CLM5 implementation. All runs were executed on the same platform.   962 
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