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Abstract

Big data and the rapid development of artificial intelligence (AI) provide unprecedented
opportunities to enhance our understanding of the global carbon cycle and other biogeochemical
processes. However, retrieving mechanistic knowledge from big data remains a challenge. Here,
we develop a Biogeochemistry-Informed Neural Network (BINN) that seamlessly integrates a
vectorized process-based soil carbon cycle model (i.e., Community Land Model version 5,
CLM)) into a neural network (NN) structure to examine mechanisms governing soil organic
carbon (SOC) storage from big data. BINN demonstrates high accuracy in retrieving
biogeochemical parameter values from synthetic data in a parameter recovery experiment. We

use BINN to predict six major processes regulating-the-seil-earben-eyele-(or components in

process-based models) regulating the soil carbon cycle from 25,925 observed SOC profiles

across the eentermineuscontiguous US and eemparedcompare them with the same processes
previously retrieved by a Bayesian inference-based PROcess-guided deep learning and DAta-
driven modeling (PRODA) approach-'=. igh. The good agreement between the spatial
patterns of the retrieved processes using the two approaches with an average correlation
coefficient of 0.8+77 confirms BINN’s ability in retrieving mechanistic knowledge from big

data. Additionally, the integration of neural networks and process-based models in BINN
improves computational efficiency by more than 50 times over PRODA. We conclude that BINN
is a transformative tool that harnesses the power of both Al and process-based modeling;

faeilitating to understand large scale soil carbon cycle. Applying BINN to other domains of earth

system science will facilitate new scientific discoveries while improving interpretability-and

aeeuraeythe predictive performance of Earthearth system medelssmodel simulations.
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Plain Language Summary

TFhe-rapid-development-ef Conventional artificial intelligence (Al) eanuneoverhidden-is great at

predicting biogeochemical patterns (such as the amount of organic carbon in biegeechemistry

from-big-soils) across space and time, when plenty of data;-yet-translating are available.

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

these patterns-inte-seientifie-insights-of underlying, because many of these processes is

challenging.cannot be directly measured. In this study, we introduce a new framework called the

Biogeochemistry-Informed Neural Network (BINN)-BINN-blends) that integrates a traditional

process-based model

to-learn-fremtarge into a multilayer neural network. By comparing the process-based simulations

against big observational datasets, BINN optimizes process-based model simulations while

carbon{SOC)-data;-we-found-it-ean-accurately identifyyidentifying critical processes governing

SOC storage;-while-working. Critically, BINN is more than 50 times faster than previeus

methods-existing approaches that use Bayesian inference to align scientific models with

observational data. This advance in speed-and-understanding soil carbon cycling and

computational speed could help scientists better predict how-seils-behavethe soil carbon cycle

under different environments. We-therefore-believe-BINN can partner-withalso be extended to

use in incorporating other process-based models-te-benefit, helping researchers exploring-many

different-aspeetsexplore various issues of Earth’s biogeochemical cycles.
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1. Introduction
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Artificial intelligence (Al) has revolutionized our ability to leverage big data to uncover

relationships in complex systems such as the Earth system'. Methods such as machine learning

and deep learning have shown power in discovering key patterns from data in biogeochemistry,

such as representing soil organic carbon (SOC) concentrations>>, predicting aboveground carbon

accumulation rates in naturally regenerating forests*, and estimating soil respiration®. However.

most Al-based approaches primarily learn black-box statistical correlations from the data rather

than causality, making it challenging to translate the learned relationships and patterns into

mechanisms and controls on processes. This lack of mechanistic insight is an inherent weakness

of Al-based models®.
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To address this challenge, various hybrid approaches have emerged, aiming to integrate

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

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

reasoning to enhance the mechanistic understanding of the earth system through big data’. By

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

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

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

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

explicitly represent physical and biological processes, providing mechanistic interpretability to

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

model towards physically-consistent predictions®, such as by adding loss terms that penalize

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

discrepancies between neural network and process-based model outputs'®. However, these

methods do not guarantee that model simulations will strictly obey physical constraints; they

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

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

(LSTM) network to guarantee mass conservation at each step'!, or embedding hydrological

models'>!, terrestrial models'*, thermodynamic rules'®, domain-specific objectives'®, or Bragg's

law for x-ray diffraction!” into the NN model architecture. Despite these advances, previous

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

photosynthesis'®) or simplified models that comprise latent variables and conservation

principles'z. It remains challenging to integrate numerous differential equations with free
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parameters into a neural network to study the dynamics of a complex system, such as SOC

dynamics.

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

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

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

0

partitioning®, nutrient cycling'®, ecosystem respiration', plant phenology?’, and hydrology—

biogeochemistry couplings®'. However, the data assimilation method usually estimates a set of

fixed biogeochemical parameters without spatial or temporal variations, which has been argued

not represent changes in ecosystem properties over space and time*2. While statistical methods

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

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

covariates and biogeochemical parameters®. A recently-developed approach, PROcess-guided

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

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

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

understanding of the global soil carbon cycle’*?”. This approach harnesses the strengths of both

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

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

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

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

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

Model version 5, CLMS5) that describes SOC dynamics into a neural network, thus developing a

Biogeochemistry-Informed Neural Network (BINN). BINN is a novel framework that combines
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data-driven machine learning with process-based modeling to enable interpretability of
biogeochemical dynamics, such as SOC dynamics in this study-(FigureH-. Herein, we first
introduce the structure of BINN-(Figureta);, followed by a demonstration of BINN’s ability to
recover biogeochemical parameters with high accuracy through a parameter recovery experiment

(Figure2)-and-estimation-of. Lastly, we evaluate model components from real-world SOC

observations-(Figure-+b)—Our-. The BINN-predicted biogeochemical parameters accurately

simulate real-SOC observations; and are similar to those produced by PRODA, while being much
faster to estimate-computationally=compute. By combining data-driven learning with reasoning
about existing geeseientifiebiogeochemical knowledge, BINN can accurately and quickly infer

underlying physical processes from-enty SOC observations.

2. Methods
2.1 Biogeochemistry-Informed Neural Network (BINN)
BINN ineorporatesintegrates a process-based model (CLMS5, see Section 2.1.2 below) into a

neuralnetwork-dilferentiable, end-to-infer SOC-concentrations-and-underhying processestrom
observational data(Figure-end framework (Fig. 1a)—First-aneural networklearns-the
relationships-between) that maps environmental covariates and-to site-level biogeochemical

parameters, which-quantifirfeeds those parameters into CLMS for the forward simulation, and

back-propagates the strength-of impertantproecesses—in-loss through the setl-carbon-eyele—We

framework during training (Fig. 1b).

We implemented BINN in Python using PyTorch and executed the experiments on the < [Formatted: Indent: First line: 0.5"

supercomputer, Derecho, maintained by National Center for Atmospheric Research (NCAR).
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cores, leveraging PyTorch Distributed Data Parallel (DDP) for multi-CPU training. Meanwhile

BINN was also tested with a multi-GPU compute node on a cluster in Cornell University’s

Center for Advanced Computing. confirming its capability for training on GPU clusters when

needed, [Formatted: Font: Times New Roman, 12 pt

2.1.1 Neural Network

connected neural network learns the relationship between environmental covariates (Table S1)

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

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

network, we use embedding layers to encode categorical (discrete) covariates and spatial

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

each category (e.g. climate type). For spatial coordinates, we pass the latitude and longitude

through a spatial positional encoder to obtain a location embedding vector, characterizing

unobserved aspects of each location that are not captured in our covariates?®.

We then concatenate the categorical covariate embeddings, location embedding, and the «—— [ Formatted: Indent: First line: 0.5"

remaining covariates into a vector e, and pass this through a 4-layer neural network fyx
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(Equation 1) with learnable weights/biases w, which outputs a vector zp with 21 values

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

=D = fun(€; W)

m -

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

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

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

—@ -

2where vy is an output from a neuron after the linear combination of its input, w; is a learnable

weight for x;, x; is the input from either the environmental covariates or the previous layer's

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

A

10,

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

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

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

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

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

function with respect to all learnable weights w; and biases b.

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

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

activation function:

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

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

function is for negative y. LeakyReLU is chosen over traditional ReL U because it allows

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

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

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

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

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

the initial parameter predictions P _are first normalized to be in the range [0, 1] by element-wise
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sigmoid functions ¢ (Equation 4) and then further linearly scaled into the predicted parameters p

(Equation 5). This ensures that each parameter p; stays within their prior ranges:

1
Pnorm,i = o(@uy) = B~
1+exp (— %)

Pi = fscate (pnorm,i: O maxs ei,min) = Pnorm,i * (Oimax = Gimin) + i min (6]

where p; is the i-th output of the neural network, y is a learnable parameter, and 6; .4, and

0; min_are the plausible upper and lower limits for each biogeochemical parameter p;. Thus, the

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

location, with each parameter p; being constrained to be in its prior range [6; min, i max]- i min

and 6; ;4. are values taken from previous literature to indicate plausible limits for processes

quantified by each biogeochemical parameter p;>°. Note that we introduce a y value in Equation

4 to control how fast the results after activation function can converge to 0 or 1 and to 8; ,,q,_Or

0; min_after scaling. When the y value is small, the predicted parameters may quickly get stuck at

0; min_and 6; ;4. If this happens, the derivative of the activation approaches zero and it will be

difficult to further optimize the predictions via gradient-based optimization (see Section 2.1.4)*°.

Thus, we tuned y to be a relatively large value to facilitate neural network optimization.

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

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

embedding layer, whether to use batch normalization, the initialization of y, negative_slope in

the LeakyReL U, and the loss function hyperparameters). Based on a grid search for these

hyperparameters, we chose to train BINN for 300 epochs with a batch size of 32, using PyTorch

DDP to distribute training across 128 CPUs, as this performed best on our validation dataset. The

[Formatted: Font: Times New Roman, 12 pt

[ Formatted: Font: Times New Roman, 12 pt

12,

A4




250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

optimized BINN model was recorded each time when the validation loss improved over the

previous best model. We used the Adam W optimizer with a learning rate of 0.01. The embedding

size was set as 64, and the dropout rate was set as 0.3. The network also used batch

normalization after each LeakyReLU activation function to normalize the layers' outputs by re-
centering and re-scaling, making training faster and more stable*®. We initialized y_to 64.5 but

allowed it to be further optimized throughout the training processes within the range from 10 to

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

©)
=10+109 - —
14 1+ exp(—y")

where ¥’ is a learnable parameter that is initialized to 0. We set negative slope to -0.3 in the

LeakyReLU by default.

2.1.2 Process-based Model

and-passive-pools:In this study, we use a matrix form of the soil carbon module of CLMS5 to [ Formatted: Font: Times New Roman, 12 pt
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represent our knowledge of SOC dynamics’®*? (Figure S2). CLM5 has been continuously

developed and refined over the past decade for simulating biogeochemical cycles, including SOC

dynamics®®; it mathematically represents our knowledge of SOC dynamics with 140 partial

differential equations. We chose CLMS5 to enable direct comparison with PRODA, which uses

the same model.

CLMS5 simulates SOC dynamics across 20 soil layers to 8 m. Each layer contains 7

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

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

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

pools (7 pools x 20 layers).

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

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

32,34

form as:

d);gt) = B(D)I(t) — AE(DKX (1) = V(DX (L) G -

(140%140) is the carbon transfer matrix, quantifying horizontal carbon movement between pools

in the same layer; K (140%140) is the intrinsic decomposition rate of each carbon pool, which is
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291  the same for each pool across 20 layers; £)<(t) (140%140) captures how the environment
292  modifies the intrinsic decomposition rate in the KK matrix by temperature (£13;¢7 )., water

293 (Ewk&y). oxygen (€0)$p). and depth (€p)¢)) scalars; V8 V (t) (140%140) defines how SOC

O JU U U

294  enters and leaves each layer; and X (t) is carbon pool size. The term B (t)](t) represents the { Formatted: Font: 12 pt
. . . L {Formatted: Font: 12 pt
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and human activities are relatively minor compared to the SOC storage that has developed over

thousands of years>>**. The steady-state SOC storage X(t)_can be obtained by letting dX (t)/dt

on the left-hand side of equation (3) equal 0. Solving for X (t) we obtained:

R(t) = (ALK + V(1)) B®OI(D) @®

The matrix representation of CLMS5 is implemented in PyTorch utilizing vectorized

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

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

This enables more efficient computation of SOC predictions in response to changes in

parameters. For example, we constructed two vectors for each carbon pool: (1) an environmental

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

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

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

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

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

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

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

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

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

process-based model (Section 2.1.4).

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

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

soil respiration, and substrate quality) in the soil carbon cycle 2. Because those processes are
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336  quantifying their properties (i.e., the parameter values) should differ with locations with different

337  environments®%. Thus, in this study, the neural network embedded in BINN (Section 2.1.1)

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

339  values of the 21 biogeochemical parameters and the environmental forcings (Table S3) are used

340 in Equation (8) to estimate steady-state SOC storage at sites across the Contiguous US.

341

342 2.1.3 Loss Function

343  Because we are-interested-inaim to accurately simulatingsimulate SOC, our primary loss

344  quantifies the discrepancy between simulated and observed SOC values. Specifically, we use a

345  smooth L1 loss function, which transitions from quadratic behavior near zero to linear behavior

346  beyond a specified threshold B-:

Smooth L1 LOSS(}A/pmﬁle, yprofile) - [ Formatted Table

~ 2 (4 [ Formatted: Font: Not Italic
0.5(y ite — Y, il :
= { ( proftte proft 8) if | yprofile — Yprofile I< :8

B 9 [ Formatted: Font: Not Italic

| yprofile — Yprofile | —0.5x .8 0.w.
347 where Jpro5ie represents the simulated SOC profile at all observation depths for a single site by
348 CLMS, ¥prorie denotes the corresponding observed SOC profile at the same site, and f is a

349  threshold hyperparameter that determines the transition point between quadratic and linear
350  behaviors of the loss function. The smooth L1 loss function's linear asymptotic behavior makes it

351  more robust to outliers compared to conventional loss functions *’-such as Mean Squared Error

352  (MSE)*.

353 We also add an additional hyperbolic cosine loss (cosh) term that acts as a regulator,
354  encouraging the neural network to predict biogeochemical parameters within reasonable bounds. [ Formatted: Font: Times New Roman, 12 pt
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Specifically, it penalizes parameter values that deviate substantially from the center of the prior
distribution, thereby discouraging biogeochemically implausible extreme values. Eventually, the

total loss, Lpq¢cp. 1S @ linear combination of the two losses-(Equation5)::

batch size <

Lpatch = Z {Smooth L1 Loss(j}proﬁle: yp'rofile)
profile=1 A(él

21
+w Zcosh [z(p; — 0.5)]} 0)

where batch size is a hyperparameter degzrlibing the number of soil profiles processed in each
training iteration before performing one backpropagation, w is a weighting hyperparameter that
balances the two loss components, p; represents the predicted biogeochemical parameter from
the neural network, and 7 is a scaling factor that controls the strength of regularization by the
hyperbolic cosine function. From the hyperparameter grid search, we set betar, to +15 and loss
weight of a biogeochemical- parameter-toss-weight to 100.

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

field were not necessarily measured at the depth nodes set in CLMS5-simulatien. Thus, in

<

calculating the loss function value,

simulated-valaes-were-direetly-from-CEMS-eutputs—Whenwhen observations occur at depths

between two CLMS5 nodes, we employed linear interpolation to estimate simulated SOC values
at the observation depths. In cases where observations extend beyond 8 meters (i.e., the deepest
node in CLMS5 simulations), we used the values at 8 meters as simutated- SOC-as-SOC

concentration in deeper layers no longer changes much.

2.1.4 Backpropagation to Optimize Neural Network Parameters

18
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374  During training, BINN computes the loss function based on the current predicted SOC and

375  biogeochemical parameters; the loss quantifies how poorly its current predictions match the SOC
376  observations and prior knowledge. Through backpropagation, the loss signals propagate

377  backwards through the entire BINN structural chain: first through the CLM5 matrix equations
378  that generate modeled SOC, then through the biogeochemical parameters, and finally to the

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

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

381  learnable NN component (e.g. ww in Equation 1 and ¥y, in Equation 2). These gradients indicate [Formatted: Font color: Black

382  how each component can be adjusted to increase or decrease the loss. The NN components are
383  adjusted slightly in the direction that decreases the loss, and then the above process is repeated.
384  The differentiability of the process-based model (CLMS in this case) enables this continuous
385  gradient flow and thus allows the neural network to learn parameter values that produce better

386  SOC predictions.

387 [ Formatted: Font: Not Bold

388  32.1.5 Monte Carlo dropout

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

390 predictive uncertainty’’. MC dropout randomly disables a fraction of neurons (with probability

391  dropout_p) within the neural network during training. This process acts like training an implicit

392  ensemble of subnetworks and improves generalization and robustness of BINN.

393 When dropout p is set larger than 0, the posterior distributions of the predicted

394  biogeochemical parameters can be estimated by MC dropout at each site. To be specific, during

395  forward simulation with the best-trained BINN, we kept dropout active and perform 100
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stochastic forward passes with different dropout masks, resulting in an efficient approximation of

the uncertainty in the model’s parameter predictions.

2.2 Recovering Biogeochemical Parameters from Synthetic Data

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

SOC data using a 10-fold cross-validation experiment®®. Unlike real-world observations that

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

across multiple depths used in this study were generated by running CLMS5 with prescribed

spatially-varying parameter values (obtained from a previous work with PRODA approach®*; see

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

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

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

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

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

targets.
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2.2.1 Sensitivity Analysis

To decide which biogeochemical parameters to modify in thisthe experiment;-we-cenduet of

recovering the biogeochemical parameters of CLM5 from synthetic SOC, we conducted a

sensitivity analysis of CLMS5 to identify the biogeochemical parameters that have the greatest

influence on simulated SOC values{Appendix—We-.

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

including 0-0.3 m, 0.3-1 m, >1 m, and the entire soil profile (0-8 m). SOC simulations at each

layer by CLMS5 were aggregated based on the node depths falling into the above-mentioned

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

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

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

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

individual layers mentioned above.

For this analysis, we randomly selected the-four512 sites across the Contiguous US and

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

V(S0C) _from the model output when all the 21 biogeochemical parameters (p) in CLMS were

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

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

site, ran the model, and calculated the variance of the simulations, which was considered the

unconditional variance V(S0C).

Next, we estimated the conditional expectation of the variable SOC for each

biogeochemical parameter p; (i = [0, 20]) at each site. We randomly selected a value (p;*) for

each biogeochemical parameter p; from a uniform distribution within its prior range. For the
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463

remaining biogeochemical parameters (p;: j # i), we produced 1000 random settings from

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

biogeochemical parameter sets, we estimated the conditional expectation E(SOC|p; = p;*). We

repeated this sampling process for 100 randomly selected values of p; and used the results to

estimate the variance V (E(SOC|p;)). This value quantifies the variance in the output variable

SOC as a result of modifying the biogeochemical parameter p;. We discarded the simulations

when NaN values appeared due to randomly sampled biogeochemical parameter sets. Finally, we

repeated this procedure for each biogeochemical parameter p;, and a sensitivity index S; was

calculated for each biogeochemical parameter at each site as:

S = V(E(SOC|P)) an
ET T v(so0)

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

sensitivity values across all the randomly selected sites across all depths (Figure 2) and

individual depth ranges (Figure S3). Error bars represent the mean sensitivity & one standard

deviation across sites.

Our analysis identified the five most sensitive parameters-from-this-sensitivity-test:: the <« [Formatted; Indent: First line: 0"

parameter "beta" governs the allocation of carbon inputs across soil depths; the parameter "w-

scaling" represents the influence of soil water on-medifiring SOC decomposition; the parameter
"tauds3" represents the decomposability of the passive SOC pool; the parameter "fs1s3"

indicates the efficiency of carbon transforming from active SOC to passive SOC; and the

parameter "efolding" quantifies the impacts of soil depth in-SOC-decomposition—While
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CEMS5on SOC decomposition.

2.2.2 Simulation Experiment to Recover Biogeochemical Parameters from Synthetic Data

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

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

combinations of biogeochemical parameter values®’, for the parameter recovery experiment.

To test the recovery efficiency of the biogeochemical parameters with BINN, we
modified the final layerslayer of the neural network by reducing the number of neurons from 21
to 45 to predict these 4five biogeochemical parameters. Combining the 4five biogeochemical
parameters predicted by BINN and the remaining +716 biogeochemical parameters from the
prescribed parameter values, BINN was able to simulate SOC values and update itself through
backpropagation. After training BINN with the synthetic SOC dataset, we compared the 4five
parameters predicted by BINN with thetheir prescribed parameter values in the testing dataset to
evaluate the accuracy of BINN in retrieving the prescribed biogeochemical parameters. To

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

with all 21 parameters following the same processes.
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4.

2.2.3 10-fold cross-validation

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

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

validation, while the remaining subset served as the test set. This process was repeated ten times,

with each subset serving as the test set once. The performance metrics, including Nash—Sutcliffe

modelling efficiency coefficient (NSE) and Pearson correlation coefficient (r), were calculated

for each iteration. Final performance evaluations were conducted by averaging the metrics across

all iterations, and grid-level predictions were averaged across the ten iterations. This cross-

validation approach provides a robust assessment of BINN’s generalizability by testing its

performance on multiple independent datasets, reducing the impact of data partitioning bias and

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

2.3 BINN performance with real-world SOC Observations

2

4

A
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We-then evaluated the performance of BINN by comparing BINN’s SOC predictions with
observed SOC across the CenterminensUnited-Statescontiguous US (a total of 25,925 profiles)

(Figure 1b).

which-arethe2.3.1 Data Preparation

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

Tao et al. (2020, 2023)**?%. Each profile (i.e., each site) may have SOC observations at multiple

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

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

each site from Tao et al. (2023)* as input to BINN (Table S1). To achieve better training

effectiveness, we normalized all the environmental covariates to the interval [0, 1] according to

their maximum and minimum values, except the categorical covariates.

We applied eight types of forcing data to drive CLM35 SOC simulations: mean annual net

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

setHayerthe number thatreaches-theof soil layers reaching bedrock, the soil oxygen scalar for
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decomposition, the soil nitrogen scalar for decomposition, soil temperature, and soil water
potential. These forcings arewere derived from 20 years of monthly CLMS5 simulations at-the
steady state using a preindustrial forcing (that is, I1850CIm50Bgc) at 0.5° resolution.

The 10-fold cross-validation divided the whole dataset randomly into 10 folds, and we
took one-fold (i.e., 10%) data as the testing dataset in each iteration. The remaining data were

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

2.3.2 PRODA

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

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

network that maps environmental covariates to the calibrated parameters.

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

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

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

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

calculated as the final point estimates.

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

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

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

for each hidden layer were 256, 512, 512 and 256, respectively, with ReL U as the activation

function and adadelta as the optimizer. PRODA was trained with 6000 epochs and validated

with a 10-fold cross-validation. When comparing with BINN, the test dataset for each fold was

set the same as the corresponding fold during BINN training.
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2.3.3 Summary Statistics

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

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

Y(obs; — simu;)? a2)

NSE =1 - —
Y (obs; — obs,)?

where obs; is one of the SOC observations, obs, is the mean of the SOC observations, and

simu is the simulated SOC by CLM5 embedded in BINN.

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

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

biogeochemical parameters as follows:

Yl(paragny — Paragny) X (PArarye — DATAprye) ] 3)

\/Z(paTaBINN —paragyy)? X N(paragrue — DA Arrye)?

where parag;yy_is the biogeochemical parameter predicted by BINN, para;,._is the

biogeochemical parameter previously prescribed at the same site, parag;yy_is the mean of this

biogeochemical parameter predicted by BINN, and para;,._is the mean of this prescribed

biogeochemical parameter.

2.3.4 Normalized Difference

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

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

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

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

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

27A
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relative magnitude of biases while preventing a small number of extreme values from

dominating the colored scale.

2.3.5 Traceability Analysis

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

conducted a traceability analysis*’. The traceability analysis uses the process-based model to

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

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

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

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

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

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

North America map provided by the US Environmental Protection Agency™.

2.4 Computational Efficiency

We compared computational efficiency between BINN and PRODA on the same dataset (2,000

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

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

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

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

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

PRODA., the computational bottleneck is the site-level MCMC calibration of CLMS5 parameters.

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

[Formatted: Font: Times New Roman, 12 pt
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is stable across sites, peak RSS was taken from these 10-site runs. PRODA’s second stage using

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

trained for 6,000 epochs. We recorded its peak RSS and reported PRODA’s overall peak RSS as

the maximum of the MCMC stage or the NN stage.

3. Results

3.1 Parameter Recovery Accuracy

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

parameter values exhibited high consistency with the prescribed biogeochemical parameters used

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

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

test dataset when comparing simulated SOC with synthetic SOC (Figure 3g). In the cross-

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

“efolding”, representing the depth scalar, had a correlation coefficient of 0.92 in comparison with

the prescribed parameter values (Figure 3a). The parameter "tau4s3", representing the baseline

turnover time of the passive SOC pool, showed a correlation coefficient of 0.93 (Figure 3b). The

"fs1s3" parameter, indicating the transfer fraction from fast to passive SOC pools, achieved a

correlation coefficient of 0.82 (Figure 3c). The "w-scaling" parameter, which is the scaling factor

of soil water, had a correlation coefficient of 0.9 (Figure 3d). Lastly, the "beta" parameter that

governs the vertical distribution of carbon inputs exhibited a correlation coefficient of 0.83

(Figure 3e).

Extending recovery to all 21 parameters revealed heterogeneous identifiability that is

consistent with their influence on SOC storage (Fig. S4). 2Parameters with low sensitivity (e.g.,
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cryo, taucwd) showed weak correlations between retrieved and prescribed values, whereas high-

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

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

dropout®’ to obtain the posterior distributions of parameters at each site (Fig. S5). Although point

estimates of parameters may not exactly match the prescribed values in parameter recovery

experiment, the posterior distributions of parameter values by BINN frequently cover the

prescribed values. We further quantified the site-level coverage (i.e., the fraction of prescribed

values falling into the BINN-predicted intervals) in Fig. S6. which indicated the issue of

equifinality can be further controlled to a reasonable extent in BINN.

3.2 Performance in Predicting Real-world SOC Observations-Analysis

After BINN optimization, we used its predicted biogeochemical parameters to calculate six
model components that-indieaterepresenting different prepertiesprocesses in soil carbon cycle
over the contiguous US-eentinent: carbon transfer efficiency, baseline decomposition,
environmental modifier, carbon input allocation, vertical transport rate, and plant carbon inputs.

The comparisons between BINN-retrieved six model components were-compared-with-the

resultsand those generated from PRODA-(Eigure-5)We-assessed-the, along with their spatial

patterns-efsix-model-compenents-, are shown in Figure 4. Note that emerged-from-beth

appreaches—Thethe plant carbon input component was identical between BINN and PRODA;

(Figure 4p-r). due to the use of the same NPP forcing data-(Figure-5p;-5¢;51)Spatial. The

spatial distributions of the other five components were similar between BINN and PRODA, with
an average correlation coefficient of 0.8477.

The carbon transfer efficiency predicted by BINN, which quantifies the weighted average
ratio of decomposed carbon being transferred from one carbon pool to another relative to the

30,
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total carbon decomposition, exhibited more spatial variation than PRODA's

predietion-predictions (Figure 4a—b). While both methods indieatedsimulated higher carbon

transfer efficiency in the northwestern region and lower efficiency in the middle-west(Figure Sa;
Sby;midwestern region, BINN predicted slightly higher values in the northeastern and
southeastern parts of the ConterminousUnited-Statescontiguous US compared to PRODA,

resulting in a relatively high average value. Even so, the correlation coefficient between the two

approaches still reaches-0-86-(Figure-Sercached 0.77 (Figure 4c). Baseline decomposition, which

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

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

decomposition values from BINN were somewhat higher than those from PRODA (Figure 4f).

The environmental modifier predicted by BINN achieved a correlation coefficient of

0.8278 with PRODA's results (Figure 5i41). Their spatial patterns were nearly identical across the
Centerminous-United-Statescontiguous US, with lower values in the northwestern partregion and
values gradually increasing to-the-highest-values-intoward the southeastern partregion (Figure 5¢g;
Shy:

——TFhe-earboendg—h). Carbon input allocation predicted by both methods also displayed

similar spatial patterns across-the-ConterminousUnited-States-with a correlation coefficient of

0.7473 (Figure 5141). Both-the methods predicted low carbon input allocation rates in the eastern
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and western US but high rates in the midcentral US (Figure 51;-5k);-theugh4j—k), although BINN

predicted higher rates of carbon input allocation in the midcentral US than the PRODA's

PRODA. BINN and PRODA also predicted the-vertical transport rate with nearly < [Formatted: Indent: First line: 0.5

identical spatial distributions acress-the-Conterminous-United-States-(Figure Sm;-5n4m-n), with

a high correlation coefficient of 0.91 (Figure Se40).

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

NSE of 0.71 in predicting the observed SOC across the 10-fold cross validations (Figure 5¢),

with an average NSE of about 0.57 on the test datasets (Figure 5d). The training and validation
NSE values recorded throughout model training at each epoch indicated a validation NSE of 0.63

(Figure S6). The map of the normalized difference between BINN predicted and observed SOC

shows that BINN captured SOC dynamics in most parts of the contiguous US, except in the

north-central and western regions (Figure 5a), which may be due to the large uncertainty across

the 10-fold cross validations (Figure 5b).

Overall, BINN demonstrated accuracy comparable to PRODA in predicting SOC across

the contiguous US (Figure 6a). However, PRODA showed a tendency toward negative bias
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694  (underestimation) over broad areas, whereas BINN’s normalized difference was closer to zero

695  (Fig. 6b). In the north-central and eastern US, where PRODA mainly underestimated observed

696  SOC, BINN exhibited fewer geographical biases (Figure 6¢c—d).

697

698 3.3 Spatial Patterns of the Determinant Processes of SOC

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

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

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

702  Mediterranean California exhibited similar carbon storage, despite contrasting underlying

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

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

705  California and Northwestern Forested Mountains showed similar SOC residence time (Figure
706  7b), which can be attributed to similar baseline carbon residence times and environmental

707  scalars.
708

709 3.4 Computational Efficiency

710
711
712

713

714  seilprefiles:
715

716
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On a single CPU, BINN with for-loops required 52.5 hours (Figure 8)) to complete 2,000 « [Formatted: Indent: First line: 0"

profiles, whereas the vectorized version took only 10.5 hours (5x faster). n-eontrastMoreover,
MCMC alone took 574.697 hours, leading to a total of 577.697 hours for PRODA- when
including ~3 hours of neural network training. Thus, BINN is approximately 57 times faster than

PRODA and can be further accelerated via PyFereh’s Distributed DataParallel{PyTorch DDPy;

enabling, which enables parallel training across multiple CPUs. While both approaches achieve

parameter interpretability (Section 43.2), BINN does so more efficiently by directly integrating
the process-based model into the neural network architecture, eliminating the need for

computationally intensive site-by-site MCMC optimization. In addition. BINN with vectorized

CLMS5 yields the lowest peak memory usage among all the methods (Figure S7).
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Thispaper-introduces BINN;4. Discussion
Our study demonstrates that BINN is a novel approach forretrievingto retrieve spatially varying

model parameters from big data and predietingpredict their spatial distributions for determining

SOC dynamics over the glebe;contiguous US. while greatly accelerating computational

efficiency; and facilitating process understanding.
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773  BINN’s ability to retrieve and predict biogeochemical parameters

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

775  a parameter recovery experiment, which used synthetic SOC data generated by CLMS5 with

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

777  we conducted a sensitivity analysis and focused on the five most sensitive biogeochemical

778  parameters, which are also those typically well constrained by Bayesian calibration. As expected,

779  BINN recovered these target parameters with high correlations with their respective prescribed

780  values. Moreover, BINN reproduced the synthetic SOC patterns well using only environmental

781  covariates and synthetic SOC, without using a Bayesian method. These results suggest that

782  BINN learns causal relationships between environmental covariates and SOC simulations

783 consistent with the underlying dynamics, rather than simply exploiting spurious correlations?2.

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

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

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

787  when data are weakly informative.
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To further characterize and mitigate equifinality, we applied MC dropout at inference to

obtain posterior-like parameter distributions at each site. Although point estimates did not

necessarily match the prescribed values exactly, the BINN uncertainty intervals frequently

covered the ground truth (i.e., the prescribed parameters in this case). Reporting these NN-

induced uncertainty ranges (for both parameters and resulting SOC simulations) makes the

sources of indeterminacy explicit and helps keep the practical impact of equifinality under

control.

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

quantified the six model components of CLMS5. BINN-predicted model components, which-are

calculated from estimatedthe predicted biogeochemical parameters, showed good agreement with

those generated by PRODA. Since Bayesian optimization as used in PRODA is widely accepted
in earth system modeling for parameter estimationoptimization through data assimilation, the
agreement between BINN and PRODA predietions-suggests that BINN can effectively capture
spatial variations in eriticatkey model components while maintaining physical interpretability.
This capability enables BINN to evaluate the relative importance of different processes
controlling SOC storage, similarteas done with PRODA, while offering computational

advantages through its integrated neural network architecture.

74.2. BINN’s Computational Efficiency

BINN shows significant improvement in computational efficiency compared to PRODA while
performing similar functionality in terms of retrieving parameters and predicting the spatial
distributions of SOC storage and theirits components from big data. Compared to PRODA,

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

KA
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keeping memory usage the lowest. PRODA requires running a Bayesian optimization algorithm

for each site independently; it does not use gradients to optimize parameter values-but-enly

aceuratelysimulate SOC-observations{(Table-. Instead. it only perturbs parameters randomly and

checks whether the accuracy has been improved or notS43=Additionally—we-tused-veetorized
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eyeling-By contrast, BINN reimplements the process-based model, CLMS5. in a differentiable

way using PyTorch, and leverages this differentiability to rapidly find the optimal parameters

(for all sites simultaneously) that accurately simulate SOC observations (Table S4). Additionally,

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

CLMS5 model, which further enhances computational efficiency. BINN can also utilize PyTorch

DDP to parallelize computations, allowing much faster iterations and thus greatly saving real

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

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

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

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

4.3. BINN’s Facilitation of Mechanistic Understanding

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

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

observations poorly**. This discrepancy arises because complex systems. such as the terrestrial

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

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

represent those well-understood processes in their structure while using parameters to represent
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unresolved processes®>. Without taking advantage of the extensive information present in

observations, these model parameters are usually not well constrained.

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

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

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

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

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

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

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

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

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

transfer efficiency) consistent with prior work using Bayesian-based methods®’. Traceability

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

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

processes shift system behavior (e.g.. nitrogen effects on carbon storage capacity*).

BINN's potential for advancing scientific understanding can be extended well beyond

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

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

process-based model, BINN can help uncover mechanisms from big data. This framework is

particularly valuable for studying complex biogeochemical cycles, such as nutrient cycles, where

some processes are well-understood and explicitly represented in models, while others remain

unresolved. By combining process-based representations of known mechanisms with big data,

BINN could help identify unknown mechanisms governing biogeochemical cycling.
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Furthermore, BINN's flexible architecture allows integration of diverse data sources. This
capability is particularly valuable for incorporating limited but important datasets, such as
isotope measurements, which can reveal spatial and temporal mechanisms in soil carbon
dynamics despite their scarcity. Even if these measurements are only available at a few sites,
BINN can still learn from them by incorporating them in the loss function where they are
available. By leveraging multiple data sources, BINN maximizes the potential to facilitate our

scientific understanding while maintaining biogeochemical consistency.
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Figure 1. Schematic diagram of BINN architecture and training preeessworkflow. (a)

Detailed BINN structure showing the integration of neural networks with CLMS5. TheA neural

network eempenent(purple) processes spatial coordinates (red) through a positional encoder and

categorical environmental covariates through an embedding

transformed via a sigmoid activation function to generate 21

layer. The network outputs are

biegeochemiealnormalized

parameters- (grey). These parameters;-constrained-by-aseft-priorloss; are input-tothen scaled by

their corresponding prior range (blue) and pass into CLMS5 along with environmental forcings to

simulate SOC dynamies-(teal). The model's performance is evaluated using a smooth L1 loss
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925  function- and a soft prior penalty on biogeochemical parameters (green). The entire framework is

926  differentiable, enabling end-to-end training through backpropagation (teal arrow).

927  (b) Overview of BINN training workflow. Environmental covariates at each site serve as input
928  to the neural network to predict biogeochemical parameters. These parameters, along with

929  environmental forcings, drive the process-based model (CLMS5) to simulate SOC. The difference
930  between modeled and observed SOC is used to compute the loss function, which guides neural
931  network parameter updates through backpropagation (teal arrow). This training process

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

933  performance.

934
Optimized 4
> BINN > Most Sensitive
Biogeochemical
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biogeochemical parameters aggregated, across all soil layers. Bars show mean sensitivity {Formatted: Font: Bold

with horizontal error bars representing +1 standard deviation. Red triangles indicate error bars

clipped by the x-axis (uncertainty extends beyond the displayed range). Parameters are hsted-on

the-ranked (y-axis-in-descending-orderbased-on-theirsensitivity-seores:) by decreasing

sensitivity and color-coded by their associated process component (e.g., K, A, B, &, V in Equation

7). The x-axis represents the-sensitivity scores, indicating how changes in each parameter

influence the model's performance.
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Figure 54: Comparison of the spatial patterns of model components retrieved by BINN and

PRODA -across-the-Conterminous-United-States—The. Maps show BINN (left column panels)

and PRODA (middle column panels) estimates for six model components-inelude: carbon

transfer efficiency (a;-b;—c), baseline decomposition (d;e;—f), environmental modifier (g-hs- —),

carbon input allocation (j;I&—1), vertical transport rate (ms#;—0), and plant carbon inputs (ps-;—
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Figure 5: Comparison of simulated and observed SOC storage using BINN across 10-fold

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

variation of difference across 10 folds, indicating spatial uncertainty. (¢) Observed vs. fold-

average simulated SOC across all depths and sites. (d) Box plot of test NSE across 10 folds.
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Figure 6. Side-by-side evaluation of BINN and PRODA across identical 10-fold test sets

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

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

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

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

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

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

bias; positive and negative values indicate overestimation and underestimation, respectively.
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1043  Figure 8: Computational time to process 2,000 soil profiles with CLM5. Wall-clock runtime

1044  (hours) for PRODA (MCMC + NN), MCMC only. and for BINN using the original matrix

1045 CLMS and a vectorized CLMS5 implementation. All runs were executed on the same platform.
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1061  Data and Code Availability

062  The code and data for BINN is available at-https://sithub.com/Hardyxu8067BINN-:

063  https://zenodo.org/records/17746275.
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