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Abstract
Soils have potential to mitigate climate change by seques-
tering carbon from the atmosphere, but the soil carbon cy-
cle remains poorly understood. Scientists have developed
process-based models of the soil carbon cycle based on ex-
isting knowledge, but they contain numerous unknown pa-
rameters and often fit observations poorly. On the other
hand, neural networks can learn patterns from data, but
do not respect known scientific laws, and are too opaque
to reveal novel scientific relationships. We thus propose
Scientifically-Interpretable Reasoning Network (ScIReN), a
fully-transparent framework that combines interpretable neu-
ral and process-based reasoning. An interpretable encoder
predicts scientifically-meaningful latent parameters, which
are then passed through a differentiable process-based de-
coder to predict labeled output variables. While the process-
based decoder enforces existing scientific knowledge, the en-
coder leverages Kolmogorov-Arnold networks (KANs) to re-
veal interpretable relationships between input features and
latent parameters, using novel smoothness penalties to bal-
ance expressivity and simplicity. ScIReN also introduces a
novel hard-sigmoid constraint layer to restrict latent param-
eters into prior ranges while maintaining interpretability. We
apply ScIReN on two tasks: simulating the flow of organic
carbon through soils, and modeling ecosystem respiration
from plants. On both tasks, ScIReN outperforms or matches
black-box models in predictive accuracy, while greatly im-
proving scientific interpretability – it can infer latent scientific
mechanisms and their relationships with input features.

Code — https://github.com/gomes-lab/ScIReN
Extended version — https://arxiv.org/pdf/2506.14054

1 Introduction
Climate change poses major challenges to humanity, such
as sea level rise, damages to agricultural production, and in-
creased natural disasters (Lee et al. 2023). Soils have the
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potential to mitigate climate change by sequestering carbon
from the atmosphere (Lal, Negassa, and Lorenz 2015), as
they store more carbon than plants and the atmosphere com-
bined (Jobbágy and Jackson 2000). Yet it is difficult to un-
derstand how carbon flows through the soil, leading to high
uncertainties in future climate projections (Luo et al. 2016).

Neural networks can predict the amount of organic carbon
stored in the soil at each location (Tan et al. 2024). However,
neural networks can produce predictions that violate existing
scientific knowledge, such as mass conservation (Karpatne,
Kannan, and Kumar 2022). Also, scientists want to under-
stand the biogeochemical processes governing the soil car-
bon cycle – which control how much carbon can be stored
in the soil and how long it will remain sequestered there.
However, the black-box nature of neural networks makes it
challenging to translate their predictive ability into novel sci-
entific insights (Marcinkevičs and Vogt 2023).

To gain insight into these biogeochemical processes, ecol-
ogists use domain expertise to develop process-based mod-
els that simulate the soil carbon cycle (Luo and Smith 2022).
These models are highly sophisticated, and may contain
hundreds of pools representing different types of carbon,
and matrices specifying flux rates between each pair of
pools (Luo et al. 2022; Huang et al. 2018; Lu et al. 2020).
However, these models contain many unknown parameters,
which traditionally must be tuned by human experts through
an inefficient trial-and-error process (Luo and Schuur 2020).
These models often cannot fit observed data well, especially
in cross-scale predictions, due to a poor understanding of the
relationships between environmental conditions and param-
eter values. This is a key bottleneck in using process-based
models for verifiable predictions on the global soil carbon
cycle and its response to climate change.

A few prior works in hydrology (Tsai et al. 2021; Feng
et al. 2022), phenology (van Bree, Marcos, and Athanasiadis
2025), ecosystem modeling (Reichstein et al. 2022), and soil
biogeochemistry (Xu et al. 2025) have proposed implement-
ing process-based models in a differentiable way so that
poorly-understood processes can be optimized by backprop-
agation or replaced with neural networks. While these ap-
proaches integrate scientific knowledge with deep learning,
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the neural network components remain too opaque for sci-
entists to understand, which leaves the relationships between
the latent parameters and input features unclear.

To address these limitations, we propose Scientifically-
Interpretable Reasoning Network (ScIReN), an end-to-end
differentiable framework that embeds scientific process-
based models into a fully-transparent neural model, creating
a system that respects scientific knowledge, learns from data
in an end-to-end manner, and can discover new scientific re-
lationships. ScIReN contains three main components. First,
a learnable encoder takes in environmental features for a
given location, and predicts scientifically-meaningful latent
parameters. We use an interpretable model such as a sparse
Kolmogorov-Arnold network (Liu et al. 2024c) to make this
portion fully transparent, allowing scientists to understand
the relationships between latent parameters and input fea-
tures. Second, a hard-sigmoid constraint layer projects these
parameters into a physically-plausible range set by prior
knowledge. Finally, a process-based decoder uses these pre-
dicted parameters to simulate the flow of carbon through the
soil based on scientific knowledge, and finally predicts the
output variables (e.g. amount of organic carbon at each soil
depth). We compare our predictions with ground-truth la-
bels, and backpropagate to train the entire system.

Our main contributions are: (1) We propose ScIReN, a
fully-interpretable framework for combining scientific rea-
soning (in the form of process-based models) with data-
driven learning. Unlike prior work, our model can infer un-
observed physical processes and their relationships to in-
put variables in a fully-transparent way. (2) We balance
smoothness and expressivity in the learned functional rela-
tionships by using B-splines with novel smoothness penal-
ties. (3) We propose a novel hard-sigmoid constraint layer to
constrain the scientific parameters to fall within physically-
plausible ranges. (4) We validate ScIReN on two scien-
tific domains. First, in ecosystem respiration, ScIReN dis-
covers the correct relationships between latent parameters
and input features, while other methods do not. It also im-
proves out-of-distribution extrapolation compared to exist-
ing methods. Second, we test ScIReN on a more complex
task of modeling the soil carbon cycle through 140 soil
pools at each location. On a synthetic dataset, ScIReN is
able to predict unlabeled biogeochemical parameters and ac-
curately retrieve their relationships with environmental fea-
tures. With real data, ScIReN simulates observed soil carbon
amounts with accuracy comparable to black-box methods
while being completely interpretable. We hope our work in-
spires other researchers to apply and extend ScIReN across
diverse scientific tasks, advancing AI’s capacity for inter-
pretable scientific discovery.

2 Related Work
Knowledge-Guided Machine Learning. There is a rich
history of incorporating prior knowledge into neural net-
works by modifying the loss function, pretraining proce-
dure, or model architecture (Karpatne, Jia, and Kumar 2024;
Willard et al. 2022). A common approach is to add a loss
term that penalizes when physical laws are violated (Daw

et al. 2022; Beucler et al. 2019; Jia et al. 2019). For ex-
ample, the density of water is known to increase mono-
tonically with depth; thus, Daw et al. (2022) and Jia et al.
(2019) use a “monotonicity loss” to penalize violations of
this. Physics-informed neural networks assume that the gov-
erning equation of a system is known, and penalize when the
model predictions or gradients violate this equation (Raissi,
Perdikaris, and Karniadakis 2019), but are hard to train (Kr-
ishnapriyan et al. 2021). Process-based models can generate
synthetic data to pretrain the network (Jia et al. 2021; Liu
et al. 2024a). While these approaches use prior knowledge
to guide the model, they cannot guarantee that physical con-
straints will be satisfied (Willard et al. 2022), and cannot
easily provide new insights into physical processes.

One can also design model architectures to encode prior
knowledge. Convolutional neural networks encode induc-
tive biases such as translation equivariance and locality into
the model architecture (LeCun, Bengio et al. 1995). In lake
temperature modeling, Daw et al. (2020) design an LSTM
variant that produces monotonically-increasing intermediate
variables by design. In agriculture, Liu et al. (2024a) design
a hierarchical neural network that incorporates causal rela-
tions between different variables. However, it is difficult to
design a new architecture for every problem.

Combining reasoning and learning. A few works reason
about constraints and prior knowledge within the network
itself. Deep Reasoning Networks use entropy-based losses
to encourage the latent space to be interpretable and sat-
isfy constraints (e.g. in Sudoku, each row must contain ex-
actly one of each number) (Chen et al. 2020). This approach
was used to solve the phase-mapping problem in materials
discovery, where the constraints are thermodynamic rules
(Chen et al. 2021). CLR-DRNets enhanced the reasoning
process using a modified LSTM, and used curriculum learn-
ing to improve trainability (Bai, Chen, and Gomes 2021).
Physically-informed Graph-based DRNets add a physical
decoder that reconstructs X-ray diffraction patterns based on
Bragg’s law (Min et al. 2023). CS-SUNet encourages pixels
with similar input features to have similar predictions, en-
abling weakly-supervised prediction (Fan et al. 2022). While
these models have an interpretable latent space, the bulk of
the network remains uninterpretable.

Process-based models. Scientists develop process-based
models to simulate physical processes based on domain
knowledge (Cuddington et al. 2013). These models consist
of mathematical equations that describe relationships be-
tween various variables. In soil science, pool-and-flux mod-
els are common, where a matrix equation tracks the amount
of carbon at each soil depth and matter type (Luo and Smith
2022). Transition matrices encode the rate at which carbon
is transferred between pools, which are functions of soil and
climate properties. Many scientific models can be unified
under this matrix form (Huang et al. 2018; Luo et al. 2022).

Unfortunately, despite their sophistication, these models
have difficulty matching real observations, and have numer-
ous unknown parameters that are traditionally set in an ad-
hoc way. These unknown parameters need to vary across
space and (sometimes) time, but are difficult to estimate
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(Luo and Schuur 2020). A state-of-the-art approach for set-
ting these parameters is PRODA (Tao et al. 2020). PRODA
first runs Bayesian data assimilation at each location sepa-
rately to find optimal biogeochemical parameters for each
location. Then, a neural network is trained to predict these
optimal parameters given environmental covariates. While
this approach is effective, it is computationally expensive,
and is not always robust since each location’s parameters
are estimated with only a few observations.

Differentiable Process-Based Models. A few works in-
tegrate process-based models and neural networks in an
end-to-end differentiable framework; this has been called
differentiable parameter learning (Tsai et al. 2021), hy-
brid modeling (Reichstein et al. 2022), or differentiable
process-based modeling (Shen et al. 2023). For example,
(van Bree, Marcos, and Athanasiadis 2025; Reichstein et al.
2022; Tsai et al. 2021) used a process-based model as the
main backbone, but replaced some poorly-understood com-
ponents with neural networks. By implementing the process-
based model in a differentiable way, the model could be
trained end-to-end, and unknown components could be fit
using data. Xu et al. (2025) scaled this approach up to a more
complex soil carbon model with 21 unknown parameters and
140 carbon pools. However, the neural network component
is still opaque, making it difficult for scientists to discover
new relationships and insights.

Interpretable ML. A subfield of machine learning aims
to interpret how neural networks make predictions (Molnar
2025). Post-hoc feature attribution methods such as SHAP
(Lundberg and Lee 2017) or Integrated Gradients (Sun-
dararajan, Taly, and Yan 2017) estimate the impact of each
feature on the model’s prediction for a given example. Lo-
cal surrogate models such as LIME (Ribeiro, Singh, and
Guestrin 2016) fit an interpretable model that approximates
the black-box model in a small region. Marginal effect plots
such as Partial Dependence Plots (Friedman 2001) or Ac-
cumulated Local Effects plots (Apley and Zhu 2020) plot
how each feature affects the output on average. These meth-
ods are mere approximations of a black-box model, and can
produce misleading explanations (Rudin 2019).

On the other hand, inherently-interpretable models make
the entire model transparent by design (Rudin 2019). In lin-
ear regression, coefficients precisely reveal how each input
affects the prediction. Neural additive models (Agarwal et al.
2021) and Kolmogorov Arnold Networks (Liu et al. 2024c)
provide greater expressivity while maintaining interpretabil-
ity; we discuss these in the next section. These methods are
typically applied in supervised settings; to the best of our
knowledge, our work is the first to combine them with sci-
entific knowledge to predict unlabeled variables.

3 Methods
To combine scientific knowledge and data-driven learning
into a fully-transparent model, ScIReN contains three main
components. First, a learned encoder fNN (with learnable
weights θ) takes in input features x ∈ RD (e.g. soil/climate
variables at a given location), and outputs unconstrained la-
tent parameters p̃ ∈ RP : p̃ = fNN (x; θ). In ScIReN,

fNN should be a fully-transparent model, such as a neu-
ral additive model or sparse Kolmogorov-Arnold network.
The latent parameters are scientifically-meaningful variables
that govern underlying physical processes, yet cannot be ob-
served directly. Secondly, a constraint layer projects the un-
constrained parameters into scientifically-plausible ranges
given by prior knowledge: p = Proj(p̃). Finally, the con-
strained parameters are passed through a fixed, determin-
istic process-based decoder gPBM , which simulates phys-
ical processes and predicts output variables: ŷ = gPBM (p).
We compare this with the true label and backpropagate. The
framework is summarized in Figure 1, and we elaborate on
each component below.

3.1 Encoder: Learned Interpretable
Relationships

We want to learn a function fNN mapping observed input
features x to latent scientific parameters p. In prior work,
fNN is typically a fully-connected neural network (Xu et al.
2025; van Bree, Marcos, and Athanasiadis 2025; Reichstein
et al. 2022; Tsai et al. 2021). However, scientists want to un-
derstand how biogeochemical parameters (e.g. transfer rates
between pools) depend on input features (e.g. temperature);
neural networks do not provide these insights.

Recently, a line of work has aimed to produce neural net-
works that are inherently interpretable while being expres-
sive. Neural additive models (NAM) (Agarwal et al. 2021)
model the output as the sum of single-variable functions of
each input feature. Specifically, they learn a neural network
ϕj : R → R (with one input and one output) for each feature
xj , and sum contributions from each feature into the output:

NAM(x) = b+
D∑

j=1

ϕj(xj ; θj) (1)

where (b, {θj}Dj=1) are learnable parameters trained via
backpropagation. While NAM is quite expressive, it cannot
model non-additive feature interactions, which are important
in soil science (Dieleman et al. 2012).

To increase the expressivity of neural additive models,
we can generate intermediate variables using neural additive
model of the inputs, then further use a neural additive model
on the intermediate variables to generate the output. Specif-
ically, generate intermediate variables z = {z1, . . . , zH} as

zh = NAMh(x) = bh +
D∑

j=1

ϕh,j(xj), ∀h ∈ [1, H] (2)

Now define each output variable p̃i as a neural additive
model over the intermediate variables

p̃i = NAMi(z) = bi +
H∑

h=1

Φi,h(zh) (3)

= b′i +
H∑

h=1

Φi,h

 D∑
j=1

ϕh,j(xj)

 (4)

where all the bias terms are collected into b′i. This is now
the same form as a two-layer Kolmogorov-Arnold network
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Figure 1: Overview of ScIReN. The encoder reveals interpretable functional relationships between environmental inputs (e.g.
temperature) and latent scientific parameters (e.g. transfer rates between soil pools). A constraint layer forces latent parameters
into a prior range, and the process-based decoder simulates the physical process with the given latent parameters.

Figure 2: Learned encoder examples: 1-layer KAN (left) and
2-layer KAN (right)

(KAN, see equation 2.1 in (Liu et al. 2024c)). By the
Kolmogorov-Arnold theorem, this multi-layer stack of neu-
ral additive models can approximate any multivariate con-
tinuous function (Liu et al. 2024c).

Two examples of learned encoders are shown in Figure
2. On the left, a 1-layer KAN models the latent parameter
Rb ≈ w1 · sw pot + (−w2) · dsw pot. One can immedi-
ately see how each feature influences Rb. On the right, a 2-
layer KAN is needed to capture this nonlinear relationship,
where an intermediate variable Rb′ ≈ w1 ·sw pot+(−w2) ·
dsw pot, and then Rb ≈ |Rb′|.

3.2 Sparsity and Smoothness Regularization
Kolmogorov-Arnold networks are still hard to interpret if
each output depends on many inputs. Liu et al. (2024b) pro-
pose entropy regularization to sparsify the network. Specif-
ically, we compute an importance score for each edge, as
the mean absolute deviation of the output activations from
the edge, weighted by their eventual contribution to the final
output variables (Liu et al. 2024b); see Appendix for details.
We denote this score for edge (i → j) in layer l as Bl

i,j . We
encourage the entropy of the edge importance distribution to
be low (making the network choose a few important edges

and push others towards zero). We also use a L1 penalty
to further promote sparsity by shrinking the magnitudes of
each edge’s outputs towards zero:

eli,j =
Bl

i,j∑
i′,j′ B

l
i′,j′

(make edge importances sum to 1)

(5)
Lentropy = −

∑
l

∑
i,j

eli,j log e
l
i,j ; LL1 = −

∑
l

∑
i,j

|Bl
i,j |

(6)
The model can be viewed as using gradient descent to reason
over possible scientific relationships, ultimately choosing a
sparse set of relationships that fits the data.

Note that KANs parameterize the learnable edge activa-
tion functions Φ, ϕ using B-splines instead of neural net-
works. B-splines represent a curve as a weighted sum of ba-
sis functions, each of which peaks at a different point on the
x-axis; see (Eilers and Marx 1996) for details. We can apply
a second-order difference penalty on the spline coefficients
– this encourages the coefficients to change in a linear way,
making the function more linear (Eilers and Marx 2010).
To our knowledge this has not been proposed with KANs
before; this allows us to increase the number of basis func-
tions (knots) and the function’s expressivity while maintain-
ing smoothness and preventing overfitting. If c1 . . . cG are
B-spline coefficients, the penalty is

Lsmooth =
G−2∑
i=1

((ci+2 − ci+1)− (ci+1 − ci))
2 (7)

3.3 Linear Parameter Constraint Layer
For some latent scientific parameters pi, there is a known
prior range [pmin

i , pmax
i ] based on prior knowledge and

physical plausibility. Xu et al. (2025) applied a sigmoid
function to the encoder output p̃i to force the predicted pa-
rameter into the prior range: pi = σ(p̃i). However, this adds
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Figure 3: Left: The hard-sigmoid function constrains param-
eters to [pmin, pmax], without adding nonlinearity. Right:
parameter violation loss pushes the hard-sigmoid input away
from flat regions.

nonlinearity and harms interpretability. For example, sup-
pose a parameter pi is actually a linear function of input
variable xj , pi = wxj . If the parameter was constrained
using a sigmoid, the unconstrained encoder would have to
learn p̃i = σ−1(wxj), so that after the sigmoid function the
parameter becomes pi = σ(σ−1(wxj)) = wxj . The addi-
tional inverse sigmoid makes the function less interpretable.

Instead, we use a piecewise linear hard-sigmoid function
(Figure 3 left) to constrain the parameters:

pi =


pmin
i if p̃i ≤ −3,

pmax
i if p̃i ≥ +3,
pmax
i − pmin

i

6
· p̃i +

pmax
i + pmin

i

2
otherwise

(8)
While the gradient ∂pi

∂p̃i
is zero when p̃i is outside the range

[−3, 3], we can add “parameter violation loss” that places a
penalty when p̃i is in the flat area (figure 3 right).

Lparam =
P∑
i=1

max(0,−p̃i − 3, p̃i − 3) (9)

This provides a gradient that pushes p̃i towards the linear
range [−3, 3] when it is in the flat range.

For the ecosystem respiration model, we only know that
the latent parameter is nonnegative, so we use ReLU to im-
pose the constraint, and a flipped ReLU loss to push inputs
out of the flat region.

pi = max(p̃i, 0); Lparam = max(−p̃i, 0) (10)

3.4 Differentiable Process-Based Decoder
ScIReN uses a process-based model that expresses output
variables as a fixed, differentiable function of scientific pa-
rameters and input variables: Ŷ = gPBM (p,x). Two exam-
ples are described below.

Ecosystem respiration. Consider the model of ecosystem
respiration in (Reichstein et al. 2022). Based on scientific
knowledge, we write the output variable Reco (ecosystem
respiration) as a differentiable function of two latent param-
eters, base respiration Rb and temperature sensitivity Q10:

Reco = gPBM (p,x) = Rb(x) ·Q
ta−Tref

10
10 (11)

where the latent parameters are p = {Rb, Q10}, the input
features are x = {sw pot, dsw pot, ta}, and Tref = 15. Rb

has an unknown relationship with the input features (learned
in the encoder), while Q10 is a learnable constant.

Soil carbon modeling. As a more complex process, we
use the soil organic carbon module from Community Land
Model 5 (CLM5) (Lu et al. 2020), which tracks the amount
of soil organic carbon (SOC) in 140 pools in the soil (20
depths and 7 material types per depth). Denote the amount
of carbon in pool i as Yi. The core of the model is a mass
conservation equation for each pool, where the change in
carbon equals inflow (from plants and other pools) minus
outflow (to other pools or the atmosphere):

dYi(t)

dt
= inflow to pool i− outflow from pool i (12)

The equations for each pool can be combined into a single
matrix equation. If we assume steady state (dYi(t)

dt = 0), we
can write Y as a function of biogeochemical parameters p
and input features x:

Ŷ (p,x) = [A(p) (ξ(p,x)⊙K(p)) + V (p,x)]
−1

I(p,x)
(13)

The details of this equation are explained in the Appendix.
For now, it is sufficient to note that the process-based model
takes in 21 latent biogeochemical parameters p, uses the pa-
rameters to construct matrices describing carbon fluxes and
decomposition, and finally predicts the amount of carbon in
140 pools (20 layers and 7 pools), Ŷ . Each operation (in-
cluding matrix inversion) is differentiable and can be imple-
mented in PyTorch. Note that our labeled data only contains
aggregate SOC amounts at specific depths (which may not
match the 20 fixed layers). Thus, we sum up the SOC pools
at each layer, and linearly interpolate to predict SOC at the
observed depths.

3.5 Final Loss
The final loss contains a smooth L1 loss between the pre-
dicted and ground-truth output variables, as well as the pa-
rameter violation and KAN regularization losses:

L =
N∑
i=1

[
SmoothL1(Ŷi, Yi)

]
+ λparamLparam + λL1LL1

+ λentropyLentropy + λsmoothLsmooth

Since the entire network is differentiable, we can backprop-
agate the loss through the process-based model to optimize
the latent parameters and the learnable weights of the neural
network. The loss weights λ are tuned on a validation set for
each domain; they are intuitive to tune since we can visu-
alize whether the KAN is too sparse/dense and whether the
functions are too jagged/smooth. The Appendix examines
how sensitive ScIReN is to hyperparameter choices.

4 Experiments
We test our approach on two domains: the model of ecosys-
tem respiration in (Reichstein et al. 2022), and the CLM5
soil carbon cycle model (Xu et al. 2025).

4.1 Evaluation Metrics and Baselines
For each dataset, we first verify that methods are able to pre-
dict observed variables, by measuring R2 on the test set.
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However, the main novelty of ScIReN is its ability to in-
fer hidden functional relationships between input features
and latent parameters. We thus conduct experiments on syn-
thetic data to verify that ScIReN infers the correct latent
parameters and functional relationships. To evaluate func-
tional relationship quality, for both ground-truth (synthetic)
relationships and our learned models, we first compute the
fraction of variance in the output that is explained by each
input feature. For 1-layer KAN, we can simply compute the
variance of each edge’s post-activation outputs, and divide
by the total variance in the output. For other models, this is
non-trivial; we use Partial Dependence Variance (Greenwell,
Boehmke, and McCarthy 2018) to estimate this. We then use
KL divergence to measure how far the model’s learned fea-
ture importance distributions are from the ground-truth.

For baselines, we compare against a pure neural network
that only predicts observed variables (and cannot infer latent
variables), and a blackbox-hybrid model (Reichstein et al.
2022; Xu et al. 2025) where a neural network (or linear
model) predicts latent parameters, which are passed through
the process-based model. We run ScIReN and Blackbox-
Hybrid using a nonlinear constraint (sigmoid or softplus)
and our proposed linear constraint (hard-sigmoid or ReLU).

4.2 Ecosystem Respiration
For ecosystem respiration, we used the same dataset and
splits as (Reichstein et al. 2022), except we removed the
20% highest-temperature examples from the train set, forc-
ing the model to extrapolate to higher temperatures than seen
during training. We created two sets of latent Rb (base res-
piration) values. First, we model Rb as a linear function of 2
features sw pot, dsw pot (as in Reichstein et al. (2022)):

Rb = 0.0075 · sw pot− 0.00375 · dsw pot+ 1.03506858

Second, to create a setting where a 2-layer KAN is needed,
we add an absolute value.

R′
b = 0.0075 · sw pot− 0.00375 · dsw pot (14)

Rb =

∣∣∣∣R′
b −mean(R′

b)

stdev(R′
b)

∣∣∣∣+ 0.1 (15)

We then generate the observed variable Reco using the
process-based model (Eq. 11) with multiplicative noise:

Reco = Rb ·Q
ta−Tref

10
10 · (1 + ϵ), ϵ ∼ N(0, 0.1), (16)

Table 1 shows results for the first setting (linear Rb). For
predicting the observed variable Reco, Blackbox-Hybrid and
ScIReN outperform Pure-NN as the process-based model
provides prior knowledge that helps the model extrapolate
out-of-distribution. For inferring the latent variable Rb and
functional relationships, ScIReN with linear constraint does
best; it correctly learns that Rb only depends on sw pot and
dsw pot, not ta (see Figure 2 left). This is difficult because
the irrelevant feature ta (air temperature) is highly correlated
with feature sw pot. Also, if the model learns the wrong Q10

value, it can make Rb depend on ta to compensate. ScIReN’s
entropy loss pushes it to eliminate as many variables as pos-
sible, and the smoothness loss (with the linear constraint)

makes the relationship as linear as possible. Other methods
learn complex relationships that perform worse.

Table 2 shows results for nonlinear Rb, where a 2-layer
KAN is needed to model the complex relationship (1 layer
is insufficient). ScIReN predicts the observed variable, la-
tent variable, and functional relationships almost perfectly,
greatly outperforming Pure-NN and Blackbox-Hybrid. Fig-
ure 2 (right) shows that ScIReN learned the true relationship.

4.3 Soil Carbon Cycle
For soil carbon, we split the US into 2×2 degree blocks and
randomly assign the blocks to five folds, as in (Wang et al.
2020). We average across five data splits – each split uses
one fold for testing, one for validation, and the other folds
for training. Each split also uses its own initial seed.

First, we synthetically generate functional relationships
between the 10 input features and 4 most sensitive biogeo-
chemical parameters from (Xu et al. 2025). Of the 10× 4 =
40 possible relationships, we select 20% and randomly as-
sign each to (linear, quadratic, log, exp, abs) with random
affine shifts. We set the other parameters to default values
as they are poorly constrained by data (Xu et al. 2025);
this equifinality is an inherent limitation of process-based
models, which we mitigate by only predicting the 4 most
sensitive parameters. We then use the CLM5 process-based
model to generate synthetic SOC labels from these parame-
ters. Table 3 shows how various methods perform in recov-
ering these functional relationships. ScIReN (1-layer KAN)
recovers the ground-truth relationships (see Figure 4) and
observed/latent variables almost perfectly, while Blackbox-
Hybrid is not incentivized to produce sparse relationships
and mixes correlated features in.

Finally, we train all methods on real carbon labels in Table
4. ScIReN’s accuracy in predicting SOC amounts is compa-
rable to Blackbox-Hybrid and outperforms pure neural net-
works (in terms of R2). This indicates that we can obtain
full interpretability without significantly sacrificing predic-
tive accuracy. Note that a 1-layer KAN is enough to achieve
good accuracy, making the encoder even easier to interpret.
Qualitatively, the predicted relationships are consistent with
ecological knowledge; see Appendix for details.

5 Conclusion
We have proposed ScIReN, an end-to-end framework that
combines data-driven learning with established scientific
knowledge (in the form of process-based reasoning) to dis-
cover interpretable relationships between latent scientific pa-
rameters and inputs. The entropy loss helps the model dis-
cover robust relationships and disregard irrelevant variables,
while the smoothness loss enables expressivity without over-
fitting. A limitation of ScIReN is that the KAN encoder
is somewhat sensitive to initialization and hyperparameters;
future work could pursue making KANs easier to train. Nev-
ertheless, ScIReN demonstrates excellent performance at re-
trieving true functional relationships, can extrapolate out-
of-distribution, and contains useful biases towards simplic-
ity. Most importantly, ScIReN is fully transparent – it re-
spects existing scientific knowledge while generating novel
insights, thus facilitating data-driven scientific discovery.
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Method R2 (observed, ↑) R2 (latent, ↑) KL, functional relationships (↓)
Pure-NN 0.968 ± 0.004 N/A N/A
Blackbox-Hybrid, nonlinear constraint 0.972 ± 0.003 0.818 ± 0.052 0.284 ± 0.041
Blackbox-Hybrid, linear constraint 0.976 ± 0.001 0.941 ± 0.031 0.161 ± 0.068
ScIReN, nonlinear constraint (1-layer KAN) 0.975 ± 0.000 0.995 ± 0.000 0.002 ± 0.001
ScIReN, linear constraint (1-layer KAN) 0.976 ± 0.000 1.000 ± 0.000 0.001 ± 0.001

Table 1: Ecosystem respiration, linear Rb. Mean and standard deviation across 5 seeds.

Method R2 (observed, ↑) R2 (latent, ↑) KL, functional relationships (↓)
Pure-NN 0.946 ± 0.004 N/A N/A
Blackbox-Hybrid, nonlinear constraint 0.948 ± 0.008 -0.265 ± 0.355 0.937 ± 0.168
Blackbox-Hybrid, linear constraint 0.961 ± 0.001 0.949 ± 0.059 0.199 ± 0.094
Linear-Hybrid, linear constraint 0.400 ± 0.002 -0.204 ± 0.080 1.078 ± 0.115
ScIReN, linear constraint (1-layer KAN) 0.651 ± 0.014 -1.225 ± 0.668 1.182 ± 0.085
ScIReN, linear constraint (2-layer KAN) 0.961 ± 0.001 0.993 ± 0.005 0.078 ± 0.045

Table 2: Ecosystem respiration, nonlinear Rb. Mean and standard deviation across 5 seeds.

Method R2 (observed, ↑) R2 (latent, ↑) KL, functional relationships (↓)
Pure-NN 0.933 ± 0.015 N/A N/A
Blackbox-Hybrid, nonlinear constraint 0.996 ± 0.003 0.226 ± 0.800 1.312 ± 0.170
Blackbox-Hybrid, linear constraint 0.995 ± 0.003 0.721 ± 0.226 1.082 ± 0.258
Linear-Hybrid, linear constraint 0.979 ± 0.013 0.087 ± 1.014 1.727 ± 0.322
ScIReN, linear constraint (1-layer KAN) 0.999 ± 0.002 0.989 ± 0.019 0.080 ± 0.042

Table 3: Soil carbon cycle (synthetic parameters). Mean and standard deviation across 5 splits/seeds.

Figure 4: Functional relationships learned by Blackbox-Hybrid (left) and ScIReN (center) vs. truth (right), on synthetic labels.
ScIReN recovers the true relationships much more accurately.

Method R2(↑) MAE (↓) Pearson correlation (↑)
Pure-NN 0.552 ± 0.173 4609.3 ± 356.8 0.780 ± 0.053
Blackbox-Hybrid, nonlinear constraint 0.584 ± 0.082 4726.2 ± 727.3 0.776 ± 0.048
Blackbox-Hybrid, linear constraint 0.589 ± 0.070 4849.7 ± 650.3 0.774 ± 0.040
Linear-Hybrid, linear constraint 0.552 ± 0.082 4984.8 ± 771.6 0.761 ± 0.046
ScIReN, linear constraint (1-layer KAN) 0.582 ± 0.080 4708.2 ± 673.1 0.769 ± 0.049
ScIReN, linear constraint (2-layer KAN) 0.571 ± 0.094 4707.3 ± 826.3 0.765 ± 0.052

Table 4: Soil carbon cycle (real labels). Mean and standard deviation across 5 splits/seeds.
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