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Abstract

Accurate simulation of terrestrial ecological car-
bon cycles is crucial for global climate change
and ecosystem management. Process-based carbon
models have high interpretability, but suffer from
insufficient accuracy and slow computation due to
fixed parameters. In contrast, deep-learning carbon
models achieve high accuracy, but disregard physi-
cal principles, which prevents ecologists from ex-
plaining ecosystem dynamics. We propose Neu-
roDALEC, an interpretable framework that em-
beds the DALEC carbon-cycle model within a neu-
ral network, enabling differentiable computation
of ecological processes. Key parameters and en-
semble learning strategies are designed, and mass-
conserving carbon pool state transition equations
are introduced to ensure physical consistency. Ex-
periments show NeuroDALEC outperforms exist-
ing models in both accuracy and efficiency. More-
over, it provides sufficient interpretability by pre-
dicting all components of the carbon cycle. De-
ployed in a real-time carbon assimilation system,
NeuroDALEC supports daily carbon forecasting
and decision-making. This work contributes to the
United Nations’ Sustainable Development Goals
13 (Climate Action) and 15 (Life on Land). The
source code is available at: https://github.com/
codesiena/NeuroDALEC.

1 Introduction

Driven by global climate mitigation and carbon neutrality tar-
gets, terrestrial ecosystems play a key role in regulating the
global carbon balance by absorbing and storing atmospheric
carbon dioxide [Jain and Mitra, 2025]. As important compo-
nents of terrestrial ecosystems, forests, grasslands and other
vegetation types together constitute the core process of ter-
restrial carbon sinks through vegetation growth, litter inputs,

and soil carbon accumulation [Cao and Woodward, 1998;
Hari and Tyagi, 2022]. Therefore, reliable modeling and pre-
diction of the terrestrial ecosystem carbon cycle is a key sci-
entific foundation for carbon peaking, carbon neutralization
strategies, ‘and ecosystem management [Wang er al., 2021;
Song etal., 2025]. However, terrestrial ecosystem carbon dy-
namics involve multiple coupled carbon pools and complex
nonlinear biophysical processes, whose evolution is jointly
influenced by climate drivers, ecological processes, and ex-
ternal disturbances. Accurately forecasting net primary pro-
ductivity (NPP), net ecosystem productivity (NEP), gross pri-
mary production (GPP) and carbon stock dynamics therefore
remains a central challenge for sustainable ecosystem man-
agement and climate action [Ma et al., 2025].

Although some progress has been made in ecosystem mod-
eling, current approaches to the terrestrial carbon cycle face
fundamental limitations [Liao et al., 2023]. Firstly, process-
based models utilize carbon pool-flux structure and mass
conservation, which provides good ecological interpretabil-
ity [Bernardini et al., 2024]. However, key ecological param-
eters are fixed and estimated by Bayesian inversion, limiting
the ability of time-varying states [Hui et al., 2022]. Moreover,
data assimilation and inference are computationally expen-
sive, making real-time prediction and large-scale deployment
difficult [Pierson er al., 2022]. Secondly, data-driven deep
learning time series models are relatively efficient and accu-
rate, but the carbon turnover process is a black box [Perry
et al., 2022]. Without explicit physical and biological con-
straints, the predictions may violate carbon conservation and
ecological principles, especially under extreme climatic con-
ditions [Chen et al., 2024]. The limited interpretability makes
it difficult for ecological scientists to use them as reliable
tools for ecosystem analysis. Besides, from an application
perspective, carbon prediction models must maintain effi-
ciency, stability, and transferability for the long-term run in
online systems [Tian er al., 2025]. The above challenges im-
pede the transformation of carbon-cycle models into globally
scaled, sustainably operated decision-making tools.
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To solve these problems, we propose a differentiable
and interpretable mass-conserving framework for terrestrial
ecosystem carbon cycle dynamics. By transforming the car-
bon pool-flux equations of the DALEC model into differen-
tiable operators and embedding them within a neural network,
the model achieves adaptive responsiveness to climate-driven
variations. To the best of our knowledge, this is one of the
first end-to-end framework that embeds the DALEC pool-
flux dynamics as a fully differentiable, mass-conserving op-
erator within a neural forecasting model for multi-step pre-
diction. The main contributions are summarised as follows:

* Ecology-aware parameter learning with physical
consistency constraints. We group and optimise key
ecological parameters like turnover rates and litterfall
processes to ecological timescales to enhance model in-
terpretability.

¢ Differentiable DALEC-ACM Module. We design the
carbon pool and flux equations as a differentiable dy-
namic layer, embedding it into the time-series backbone
network while ensuring carbon mass conservation. This
significantly enhances model accuracy and efficiency.

¢ Accurate full-component carbon cycle dynamics.
Compared with DALEC, NeuroDALEC improves pre-
diction accuracy by 12% while reducing computational
time from the scale of hours to minutes. It also presents
the dynamics of all ecological variables.

¢ Real-world deployment and social impact. The model
has been integrated into an operational ecosystem car-
bon assimilation and forecasting system that supports
daily prediction at multiple ecological sites. It provides
interpretable and auditable outputs for carbon sink as-
sessment, ecosystem management, and climate-related
decision support.

This work directly supports the United Nations Sustainable
Development Goals SDG 13 (Climate Action) and SDG 15
(Life on Land). By enabling efficient, interpretable, and de-
ployable forest carbon forecasting, the NeuroDALEC sup-
ports real-time carbon monitoring and near-term risk assess-
ment. It demonstrates how physics-aware Al can be trans-
lated into trustworthy tools for ecological governance, align-
ing with the principles of Al for Social Good.

2 Related Work
2.1 Terrestrial Carbon Cycle Process Models

Terrestrial carbon cycle simulation and prediction depends
on a model called Process-Based Models (PBMs) [McGuire
et al., 2001]. These models can describe the changes of
carbon pool and the dynamics of carbon flux driven by
weather [Yuan er al., 2024]. Among them, the Data As-
similation Linked Ecosystem Carbon (DALEC) model and
its various variants are an important and interpretable infer-
ence framework [Chuter et al., 2015]. Generally, we combine
DALEC with data assimilation technology, and use Bayesian
inversion method like Markov Chain Monte Carlo Method
(MCMQO) to estimate ecological parameters and initial car-
bon state from past observation data, and then use it to

make future simulation and prediction [Williams et al., 2005;
Delahaies et al., 2017]. DALEC-ACM combines Aggre-
gated Canopy Model (ACM), and estimates GPP and evap-
otranspiration by Leaf Area Index (LAI) and meteorological
data, which is simpler than those complicated physiological
models [Smallman and Williams, 2019]. It also extends the
Ecological and Dynamic Constraints (EDCs) to limit the pa-
rameter range to a reasonable biological range [Bloom and
Williams, 2015], and the CARDAMOM framework to esti-
mate and verify the large-scale flux with DALEC [Famigli-
etti et al., 2021; Yang et al., 2022]. However, the standard
data assimilation method assumes that the parameters will not
change during the prediction period, which leads to the accu-
mulation of errors under unsteady climate interference, and
the high computational cost of iterative inversion limits the
real-time applications.

2.2 Mechanism-Aware Deep Learning

In order to balance the expressive ability of data-driven mod-
els and physical consistency, recent research usually adds
physical knowledge to deep learning in two directions: one
is to use physics-informed neural networks (PINNs) and add
the residual or constraint conditions of the control equation to
the loss function to ensure consistency [Raissi et al., 2019],
which is summarized and applied in the physical information
machine learning framework [Karniadakis er al., 2021]. The
other is to embed process modules or differentiable physi-
cal layers into the network in a structured way, and learn the
relationship between parameters and mechanisms in train-
ing [Willard et al., 2022; Shen et al., 2023]. In the field of
terrestrial carbon cycling, early applications mainly focused
on data-driven flux scale expansion research. For example,
FLUXCOM used machine learning to extrapolate observation
station data to the global scale. But its essence is to estab-
lish a static mapping between meteorology and flux, lacking
a dynamic mechanism [Jung et al., 2020]. In order to alle-
viate the physical inconsistency, recent research attempts to
introduce ecological constraints into deep learning. Fan et al.
explicitly introduced the equilibrium constraint [Fan et al.,
2025] in the multi flux joint learning. The knowledge guided
framework built by Liu et al. combines process structure pri-
ori with high-resolution observations, which significantly im-
proves the quantification ability of the carbon cycle [Liu et
al., 2024]. However, most of the existing methods only focus
on the numerical fitting at the flux level, ignoring the dynamic
evolution of carbon storage state. The lack of constraints
in this mechanism not only limits the interpretability of the
model, but also leads to the drift phenomenon that violates
the ecological law in the long-term rolling prediction.

3 Methods
3.1 Problem Formulation

Given a historical window of length L, the model takes mete-
orological driver sequences, including air temperature (T,),
photosynthetically active radiation (PAR), relative humidity
(RH), and soil water content (SWC), and predicts ecosys-
tem states and carbon-cycle variables over a future horizon
of length H. Formally, the input is represented as X €
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Figure 1: The overall structure of the proposed NeuroDALEC. Three key processes are shown in detail, including the standard flux chain

GPP — NPP — NEP and mass-conserving carbon-pool updates.

REXLxD where B denotes the batch size, L denotes the in-

put length, and D denotes the number of input variables. A
time series forecasting backbone maps the input sequence to
a multi-channel auxiliary output ¥ € RB*#*C whose chan-
nels are aligned with the subsequent physical layer.

The output channels follow a fixed ordering
[Ta, PAR,SWC, Cy, Cy, Cr, Clit, Csom), where  the
first three variables denote future meteorological drivers and
the remaining variables correspond to ecosystem carbon
pools. Based on these predicted states, a differentiable
DALEC-ACM physical module computes carbon fluxes
such as GPP, NPP, and NEP. Then carbon pools are updated
via mass-conserving balance equations. During training,
flux and carbon pool observations are used for supervision,
while physical consistency constraints are imposed to ensure
ecologically plausible predictions.

3.2 The Overall Framework

The overall framework of the proposed NeuroDALEC is il-
lustrated in Figure 1. NeuroDALEC is an end-to-end differ-
ential physics guided prediction framework, which aims to
embed the ecological mechanism into the neural network, and
realize the integration of data-driven and physical processes.
Our framework is mainly composed of the following three
COre processes:

(i) The first is the neural prediction process in Figure 1A.
The module encodes the historical meteorological observa-
tions (History L) using the time-series backbone network to
extract the latent representations h;. Then, the decoder is
used to predict the future meteorological driving factor M, ;
and the instantaneous deviation AC' of each carbon pool state

relative to the baseline values. The design reconstructs the
current state of the carbon pool, provides accurate initial con-
ditions for the evolution of subsequent physical differential
equations.

(ii) The second is the differentiable DALEC-ACM dynam-
ics process in Figure 1B. The B1 main rollout skeleton estab-
lishes a time evolution based on differential equations. This
module takes C*"* as the starting point of physical evolu-
tion, and uses the differentiable DALEC—ACM operator for
multi-step recursive deduction to generate the prediction se-
quence C{5¢. The DALEC-ACM operation (B2) encapsu-
lates the complete ecological calculation process, receives
driving data to calculate ACM photosynthesis, and strictly
calculates respiration and carbon pool turnover flux based on
the principle of conservation of mass. Specifically, this phys-
ical process follows the standard ecological relation chain
GPP — NPP — NEP, where NPP = GPP — R, and
NEP = GPP — R, — R},. The resulting fluxes are then used
to update each carbon pool by inflow—outflow balance. At the
same time, the B3 bounded module models key ecological
parameters as learnable variables and groups them according
to the fast/slow ecological process. Through Sigmoid trans-
formation, these parameters are strictly constrained within
the biological interval [I,u], enabling the network to learn
parameter with physical significance. The B4 pooling con-
sistency loss module calculates the neural prediction carbon
pools C®“* and physical evolution carbon pools C%*¢¢. The
difference between them forces neural networks to fit the real
physics law.

(iii) The output process is in Figure 1C. The model com-
bines the physical module output and neural residual term
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(ANEP) to generate the final NEP prediction. At the same
time, the whole framework is optimized end-to-end through
the composite loss function to achieve a balance between
the prediction accuracy, physical consistency and regulariza-
tion constraints. Ultimately, the model not only outputs NEP
prediction curves comparing with observed values, but also
presents the stacked pools of the five major carbon pools over
time, making the dynamics of the ecosystem transparent and
visible.

3.3 Time Series Forecasting Backbone Module

The time series backbone encodes the history of meteorolog-
ical drivers and extracts a latent representation of short-term
environmental dynamics. At time step ¢, the model takes the
driver sequence with standard temporal position encodings:

Dl:t = [Ta,1:t7PAR1:t7SWCl:t>RH1:t]7 (1)

where D1.; denotes the concatenated multivariate time series
at time ¢. Let Enc(-) denote the encoding operation of the
time-series backbone such as TimeXer [Wang er al., 2024]
or iTransformer [Liu et al., 2023], which maps the input se-
quence to a latent representation:

hy = Enc(D1y), hy € R, )

The latent state h; is then mapped by a prediction mapping
Pred(-):
yt+1:t+H = Pred(ht). (3)

Specifically, the output vector at time step ¢ 4 1 consists of
predicted meteorological drivers at ¢ + 1 and auxiliary devia-
tions of carbon pools at the current time step ¢, and is defined
as:

N o Tat-i—la PARt+17 SWCt+17 Acf,ta Ac’w,t»
YT AC, Ak 1, ACuom,
“)
Let My4+1 = [T44+1, PAR+1,SWCy44] denote the pre-
dicted meteorological drivers at time ¢ 4 1. ~Carbon pool
x € {f,w,rlit,som} indexes foliage; wood, root, litter,
and soil organic matter pools, respectively. For each z, the
backbone predicts a deviation AC}; from its long-term site-

specific baseline, and reconstructs an auxiliary estimate CA’;jltX
through the following equation.

A =C0 + AC, 4, (5)

where C¥ denotes the baseline value of pool x. This design
is motivated by the fact that site-scale carbon pools are stable
at year time scales, so we generate short-term deviations to
fixed baseline values.

3.4 Ecology-Aware Parameter Learning

The DALEC-ACM physical module requires a set of ecolog-
ical parameters:

0= {p07"'7p10} (6)

where each parameter p; controls a specific ecological pro-
cess, such as carbon allocation fractions, turnover rates, or
temperature sensitivity coefficients in Table 1.

Group Parameters

Slow decomposition and soil processes  pg, P7, Ps
Autotrophic respiration D1

Carbon allocation D2, P3
Fast turnover and transfer P4, P5, P
Temperature sensitivity D9

Leaf area index(LAI)-related process P10

Table 1: Grouping of ecological parameters po—p1o by dominant
ecological process.

Bounded and Differentiable Parameterization
To preserve ecological interpretability and ensure stable train-
ing, these parameters of the DALEC-ACM model are de-
signed as learnable variables under biological constraints. In-
stead of estimating by offline inversion, NeuroDALEC en-
ables adaptive parameter learning within an end-to-end dif-
ferentiable module.

Each ecological parameter is represented by an uncon-
strained variable z; and mapped to a biological range [I;, u;]
by a sigmoid transformation:

i = li+(uy—1;) - 0(2),

where [; and u; denote the lower and upper bounds for pa-
rameter p;, which prevents non-physical parameter fluctua-
tion and maintains biological ranges during training.

i=0,...,10, (7

Process-Aware Grouped Optimization
Ecological processes operate on different time scales and
impose different sensitivity requirements on the parameters.
Therefore, we group the ecological parameters by their dom-
inant ecological functions, as summarized in Table 1.

During training, each parameter group is optimized using
a specific learning rate g and regularization strength, which is
defined as:

Nlg = Qg 1], 3
where 71 denotes the base learning rate shared by all param-
eters and «y is a fixed scaling factor, which controls the up-
date magnitude for group g. Parameters associated with faster
processes are assigned larger «,, while slower processes are
updated more steadily to prevent unrealistic drift in carbon
pools.

3.5 Differentiable DALEC-ACM Physical Module

Our framework implements the DALEC-ACM as a differen-
tiable physical module. At each time step, this module ac-
cepts the predicted meteorological drivers and carbon pool
states, denoted as y;41 (derived from Eq. 4). Formally, we
define the differentiable transition operator as:

dal -

CiiT = Toavec (Yi41:0), )
where 6 represents ecological parameters. As detailed below,
this operator Tpargc uses meteorological driver data and car-

bon pools to infer GPP and allocate fluxes for pool updates
C?illec'
A critical innovation of NeuroDALEC is the execution of

these dynamics. Unlike the traditional DALEC-ACM that
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operates as a standalone iterative simulation, our module ap-
plies these physical laws to advance the time-series model’s
prediction by exactly one time step. By integrating this oper-
ator with Ecology-Aware Parameter Learning and loss func-
tions, we enable gradients to flow through the previously rigid
biophysical equations.

Environmental Response Functions

Environmental controls on photosynthesis and decomposition
are implemented as bounded differentiable gates in DALEC—
ACM. Given the predicted drivers, these gates output factors
constrained to [0, 1] to adjust carbon uptake and heterotrophic
decomposition. We use bounding operators like max(-) and
clip(+) to stabilize long-horizon rollouts, while keeping gate
parameters learnable and interpretable. We design a tempera-
ture gate strategy for photosynthesis. Temperature limitation
with a piecewise-linear response is bounded to [0, 1]:

. Ta,t+1 - Topt
ft,t+1 Chp(]. ﬂim — Topt y 0, 1) 5 (10)
where T}, ;1 is air temperature, and T}, and 7j;, denote an
optimal and a limiting temperature, respectively.

Following the same bound, we define a soil-water limi-
tation factor f, 141 € [fmin, 1] driven by SWCy;4, and a
strictly positive decomposition temperature factor Tyage,¢+1
driven by Tj, 141 with sensitivity v (where v € ¢). We omit
their explicit functional forms for brevity, as they are standard
constrained modulators.

Photosynthesis and Carbon Fluxes

The ecosystem carbon fluxes are computed through a sequen-
tial process in which GPP is first estimated from environmen-
tal drivers, followed by autotrophic respiration (R,) and het-
erotrophic respiration (R},), such that NEP emerges as the net
balance of carbon uptake and release. Specifically, the GPP is
computed using the ACM module, which links canopy photo-
synthesis to meteorological drivers and leaf area index (LAI).
Specifically, LAl is derived from leaf carbon as

LAL = ACy, (an

where ) is a fixed conversion coefficient from foliage carbon

to LAI GPP is then obtained as

GPPt+1 = fACM(Ta,tJrh PARt+1, LAIt) : ft,t+1 . fw,t+17
(12)

where facm(-) denotes the ACM photosynthesis function.

Then R, is modeled as a fixed fraction of GPP,

Ra,t-l—l = COresp GPPH—h (13)
where v 1s a scalar respiration fraction. This yields net
primary productivity

NPP,;y = GPPyiy — Raui1, (14)

NPP is allocated to leaf, wood, and root pools following stan-

dard DALEC allocation schemes. Then R}, is computed from
litter and soil pools as

Rh,t+1 = Trate,t+1 ("flitclit,t + Ksomcsom,t) s (15)

where xj;; and kg0, are base decomposition rate coefficients

for litter and soil organic matter, respectively. Ecosystem pro-
ductivity NEP is then given by

NEPny,t4+1 = GPPiy1 — Rap41 — Rhet1- (16)

Mass-Conserving Carbon Pool Dynamics

The daily evolution of the five carbon pools is driven by in-
ternal fluxes and strictly follows mass balance principles. In
DALEC-ACM, the transition is formalized as a compact dif-
ference equation:

Clalee = C™ + Ay — T(0, M) © CI™,  (17)

Faalec(CF,Myy1)

where A, aggregates both NPP allocation and inter-pool
transfer fluxes, and T(6,M;;1) denotes environmentally
modulated turnover and decomposition coefficients. Pool-
wise, this reduces to the standard mass-conservation form

Cips1 = Cip + Fh oy — FON, (18)

where internal transfers between pools cancel in the system-
wide sum, so total carbon storage changes only through atmo-
spheric exchange. Accordingly, the net storage change satis-

fies
> Cirnn =Y Ciy=
GPPt+1 - Ra,t+1 - Rh,t+1 = NEPphy,t+1~

We refer to Fgalec(-) as the physical evolution operator,
which maps the current auxiliary state C3"* and meteorolog-
ical drivers M to the physically consistent next state.

19)

Training Objective with Stepwise Physical Consistency

Backbone networks are currently used for parallel multi-step
prediction to improve computational efficiency. However, if
the states of each step are predicted independently, the pre-
diction may violate the internal dynamics of the ecosystem
between neighboring steps. Therefore, we introduce a step-
wise physical consistency loss that enforces agreement be-
tween (i) the backbone’s direct prediction of the next aux-
iliary carbon state and (ii) the one-step transition produced
by applying the differentiable DALEC operator Fg,jec to the
current predicted state. Concretely, for each forecasting step
and each carbon pool z € X, we compute a DALEC-updated
next state C'¢2!°¢ from the current predicted auxiliary state,
and penalize its distance from the direct next-state prediction

A aux.
Canx,

~ 2
1 C;ux _ Cgalec
Lony = 7 7 > ( - ) . (0

where the summation is taken over all consecutive step
pairs within the forecasting horizon of length H, X =
{f,w,rlit,som} denotes the set of carbon pools, and o,
normalizes scale differences across pools.

Despite mass conservation in the differentiable DALEC—
ACM, structural model errors remain. We add a lightweight
residual head to predict ANEP from backbone features and
correct the final estimate as

NEP = NEP,,, + ANEP, 1)
Finally, we optimize a composite objective:

Etotal = Lnep + )\res‘cres + /\smoothﬁsmooth + )\phy'cphya
(22)
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Here, Lne, = E[(NEP, — NEPS")?] represents the su-
pervised loss against observations. The regularization terms
Lrs = E[(ANEP;)?] and Lgnooth = E[(ANEP; —
ANEP;_1)?] constrain the magnitude and temporal variation
of the correction, respectively. The hyperparameters A con-
trol the trade-off between data fitting, physical consistency
Lphy, and regularization.

4 Experiments

4.1 Experimental Settings

Datasets. Experiments are conducted on the DingHuShan
(DHF) national ecological station dataset, which consists of
long-term observations from 2005-2025. Input variables in-
clude meteorological drivers including air temperature (17,),
photosynthetically active radiation (PAR), and soil water
content (SWC), together with available remote-sensing in-
dicators. The primary prediction target is NEP, while car-
bon pool variables (C'y, Cy, Cy, Ciit, Csom) are used to en-
force physical consistency and support interpretability analy-
sis. All variables are temporally aligned. The dataset is split
into training, validation, and test sets with a ratio of 7:2:1.
Baselines. We compare the proposed method with both
process-based and data-driven baselines.  Process-based
baselines include the DALEC with default parameters and
DALEC with Bayesian parameter inversion using MCMC
(Metropolis). Data-driven baselines include representative
time-series forecasting models including TimeXer[Wang et
al., 2024], iTransformer[Liu et al., 2023] and PatchTST[Nie,
2022].

Evaluation Metrics. Prediction performance is evaluated us-
ing root mean squared error (RMSE) and mean absolute error
(MAE) for NEP forecasts.

Implementation Details. We evaluate the proposed Neu-
roDALEC and data-driven baselines under multiple fore-
casting settings covering short-term to long-term: horizons.
Specifically, for the data-driven models, we consider vary-
ing input lengths L and prediction length H, includ-
ing (L, H) € {(14,7), (28,14), (56, 28),(56,56), (90, 90)},
covering weekly to seasonal time scales. For the DALEC
baseline, L corresponds to the full length of the available his-
torical sequence used for model parameter inversion to fore-
cast the subsequent H days. We employ either a TimeXer-
based, an iTransformer-based and a PatchTST-based archi-
tecture as the time series forecasting backbone. The model
is trained using AdamW with a learning rate of 1 x 10~ for
neural network parameters. Ecological parameters are opti-
mized jointly using a smaller, fixed learning rate through the
proposed process-aware grouped optimization strategy. Loss
weights are kept fixed across all experiments, and early stop-
ping is applied based on validation performance. All experi-
ments are conducted on a single workstation equipped with a
NVIDIA P100 GPU.

4.2 Main Results

Table 2 reports the performance of different methods on the
NEP forecasting task. NeuroDALEC achieves the lowest
RMSE and MAE errors across all baselines. We observe that
data-driven models exhibit higher RMSE values compared

to DALEC methods which indicates that general time-series
models are insufficient to capture the complex non-linear re-
lationships within the carbon cycle system. NeuroDALEC
reduces RMSE by about 20% and MAE by nearly 50% com-
pared with data-driven models and also reduces RMSE by
about 12% compared with DALEC (calibration) while main-
taining comparable MAE levels. These results demonstrate
the differentiable DALEC-ACM physical layer can not only
introduce essential physical inductive bias to prevent gener-
ating intermediate variables that violate conservation laws
but also optimize the physical parameters via backpropaga-
tion and enhance the fitting capability of the model. Regard-
ing the effects of input and prediction window lengths, data-
driven models exhibit performance degradation when the pre-
diction lengths extends from 14 to 90 (RMSE increase from
3.6 to 4.1). In contrast, NeuroDALEC maintains stability
with an RMSE around 2.7 across all prediction length and
achieves even better performance when window lengths in-
crease (NeuroDALEC+TimeXer). This trend may suggest
that fitting longer window data becomes increasingly diffi-
cult for data-driven models lacking physical formula priors.
By contrast, NeuroDALEC utilizes the mass conservation re-
lationship between time steps, which enables the model to
learn from longer data sequences for precise forecasting.

4.3 Ablation Study

We perform ablation experiments to quantify the contribution
of each component in NeuroDALEC. As shown in Table 3,
W/O NEP residual correction results in the largest perfor-
mance degradation.This may suggest that after DALEC pro-
vides predictions within physical constraints, a lightweight
neural network for correction can enhance the representation
capacity of the model. Strict regularization in the correc-
tion can focus on correcting high-frequency residuals with-
out overriding the physical backbone. W/O physical con-
sistency loss leads to a relatively small rise in RMSE and
MAE. This is because this the primary role of Ly is not
to directly minimize point-wise prediction errors, but to con-
strain carbon-pool transitions across consecutive forecasting
steps under mass conservation, thereby reducing physical
drift, error accumulation, and implausible intermediate states.
Hence, this term mainly improves physical plausibility and
long-horizon stability, which are essential for reliable multi-
step forecasting. W/O learning ecological parameters and
W/O grouped optimization also degrades performance, in-
dicating that Process-Aware Grouped Optimization can coor-
dinates ecological groups with different physical sensitivities
to improve accuracy.

4.4 Efficiency Analysis

We compare computational efficiency with DALEC mod-
els using Bayesian parameter inversion. As shown in Ta-
ble 4, the differentiable physical layer enables end-to-end
gradient-based optimization and yields orders-of-magnitude
reductions in training and inference time.

S Interpretability Analysis

To validate the interpretability of NeuroDALEC, we conduct
a component-level consistency analysis on the model outputs.
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Ours Ours

Settings (+TimeXer) TimeXer (+iTrans)

iTransformer

Ours DALEC
(+PatchTST) PatchTST (calibration)

DALEC
(default)

Pred|Seq| RMSE MAE | RMSE MAE |RMSE

MAE |RMSE MAE |RMSE MAE |RMSE MAE |RMSE MAE | RMSE

MAE

7 |14 27713 1.9927 | 3.6646 2.9329 | 2.7564 1.9268 | 3.6796
14 | 28 | 2.7904 1.9231 | 3.7970 3.0826 |2.7783 1.9221 | 3.8629
28 | 56 | 2.7367 1.9265|3.8163 3.1661 | 2.7546 1.9154 | 4.1316
42 | 90 | 2.8754 1.9064 | 4.0323 3.3094 | 2.7700 1.8644 | 4.1832
56 | 56 | 2.8341 1.8661 | 4.0357 3.3674 | 2.7824 1.8968 | 4.2515
90 | 90 | 2.7593 1.8661 | 4.1196 3.3294 |2.7691 1.8538 | 4.2118

2.9290 | 2.7529 1.9299 | 3.6691 2.9415|3.1457 1.9095 | 3.5578 1.9829
3.1448 | 2.7632 1.9467 | 3.7577 3.0414 | 3.1488 1.9124 | 3.3577 1.9875
3.4827 | 2.7696 1.9389 | 4.0328 3.3725|3.1514 1.9165 | 3.3580 1.9932
3.5712 | 2.7681 1.9528 | 3.9315 3.2102 | 3.1516 1.9080 | 3.3582 1.9951
3.5662 | 2.7793 1.8874 | 4.1258 3.4279 | 3.1515 1.9077 | 3.3585 1.9980
3.4706 | 2.7705 1.8009 | 4.0017 3.1010 | 3.1521 1.9121|3.3590 2.0002

Table 2: Results on DHF Station. The best and second-best results for each metric are shown in bold and underlined, respectively.

Models Metrics  Ours (+TimeXer)
'W/O physical RMSE 2.7652
consistency loss MAE 1.8877
W/O learning RMSE 2.92717
ecological parameters MAE 1.9500
W/O grouped RMSE 2.8363
optimization MAE 1.9288
W/O NEP RMSE 3.0008
residual correction MAE 1.9462

Table 3: Ablation study on different modules and components (look-
back window length=56, prediction window=28).

Stage I Stage I1 Total
Method (Inversion / Training)  (Prediction)  Time
DALEC 5.8h 1.2h ~T7h
Ours 5 min 30s ~ 0.1h

Table 4: Comparison Results on Computational Efficiency.

We verify that the predicted carbon pools and fluxes satisfy
mass conservation. The changes in carbon storage are fully
explained by the balance between carbon inputs and outputs
at each prediction step.

Figure 2 presents a‘daily ecosystem carbon state predicted
by NeuroDALEC. In addition to NEP, the model estimates
gross and net primary productivity (GPP, NPP), respiration
(Ra, Rh), carbon allocation fluxes to leaves, wood, and roots
(Af, Aw, Ar), as well as vegetation and soil carbon pool sizes
(Cf, Cw, Cr, Csom). These quantities form a closed and phys-
ically consistent carbon balance, where NEP emerges as the
net outcome of carbon uptake and respiratory losses rather
than an independently regressed variable. The availability
of carbon stocks and fluxes further enables the derivation of
ecosystem-level indicators. For instance, vegetation and soil
carbon turnover times (7,4 and Ts,;;) can be computed from
the ratios between carbon pools and outgoing fluxes, provid-
ing insights into global carbon residence time, ecosystem sta-
bility, and long-term carbon storage capacity.

Net ecosystem productivity(NEP):1.54 g C m=2 day~'

| Net primary productivity:
4.16 g C m=2day™’

| Bross primary productivity(GPP):
6.39 g C m=2day™’

1 Autotrophic respiration(Ra):
2.24 g C m2day™’

Vegetation carbon density(Cveg):
10672.45g C m=2

Leaf carbon density(Cf):
5305.19 g C m=2

Xylem carbon density(Cw):
5300.81gCm™

1 Heterotrophic respiration(Rh):
2.61gCm=2day"’

,ﬁf\aﬁa&% Soil carbon density(Csom)

12651.50 g C m2

n(Ar):
M3 day

Root carbon density(Cr):
66.46.g.C m=2

Figure 2: Interpretable carbon-cycle state results, showing the flux
chain GPP — NPP — NEP, mass-conserving pool updates, and
ecosystem-level turnover times.

6 Social Impact Analysis

The proposed NeuroDALEC model has been adopted in an
operational, nation-wide forecasting workflow for forest car-
bon dynamics across China. The daily forecasting is com-
patible with Hygon GPU resources. As shown in Figure 3,
the system produces routine, daily estimates of carbon fluxes
(e.g., NEP, NPP, and GPP) and carbon pool states for national
ecological research sites, in a manner analogous to opera-
tional weather forecasting. This system provides automated
and low-latency monitoring of ecosystem carbon dynamics,
which reduces the need for frequent field campaigns and man-
ual sampling by scientists and monitoring staff. The system
supports practical tasks such as carbon accounting, ecosystem
assessment, and the identification of anomalous carbon re-
sponses under climate extremes, contributing to climate gov-
ernance and sustainable decision-making management. Be-
sides, like weather forecasts, the system’s daily terrestrial
carbon-cycle predictions can be visualized to intuitively il-
lustrate global carbon turnover for public outreach and K—12
education.

This work is carried out in close collaboration with ecosys-
tem scientists and operational monitoring teams at national
ecological research stations, who contributed domain knowl-
edge, data validation, and feedback on model interpretability
and usability. Our aim is to help domain experts to diagnose
whether variations in NEP are driven by photosynthetic up-
take, carbon allocation strategies, or respiratory losses.
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Figure 3: Operational interface of the deployed NeuroDALEC-
based ecosystem carbon forecasting system.

7 Conclusion

We proposed NeuroDALEC, coupling a differentiable
DALEC-ACM operator with sequence modeling for long-
horizon carbon forecasting under mass-conserving, phys-
ically consistent rollouts. Experiments at the DHF sta-
tion demonstrate improved accuracy and stability with inter-
pretable ecological parameters, and the model has been de-
ployed across multiple Chinese national ecological stations
in an operational forecasting system. Future work will ex-
tend the model globally to diverse biomes and climatic re-
gions to validate cross-regional generalization, and will ex-
plore parameter transfer under ecosystem shifts and distur-
bances. We also plan to integrate additional observations and
quantify predictive uncertainty for carbon monitoring and vi-
sualization.
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