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Summary
We present a Knowledge-Informed Mapping toolkit in the Python programming language,
named KIM, to optimize the development of the mapping 𝑓 from a vector of inputs X to a
vector of outputs Y. KIM builds on the methodology development of deep learning-based
inverse mapping in Jiang et al. (2023) and Wang et al. (2026). KIM offers a preliminary
understanding of data interdependencies while optimizing the training step with uncertainty
accounted for. We expect this toolkit to facilitate model–data integration for Earth science
applications.

Statement of need
Striving for scientific hypothesis testing and discovery, Earth scientists oftentimes develop
data-driven mappings – either for inverse modeling, as part of model calibration, or forward
modeling, as an emulator. Both approaches benefit from an efficient way of mapping, 𝑓, that
projects from a vector of inputs X to a vector of outputs Y. Such mapping approaches have
seen successes in addressing inverse and forward problems in multiple studies across Earth
sciences (Cromwell et al., 2021; Hu et al., 2014; Krasnopolsky & Schiller, 2003; Mudunuru et
al., 2022).

Nevertheless, constructing the mapping 𝑓 that connects all inputs X to all outputs Y is usually
challenging due to (1) limited data/simulations for training; (2) uninformative relations between
some members of X and Y; and (3) the structural uncertainty of the mapping 𝑓. To address
these challenges, Jiang et al. (2023) and Wang et al. (2026) leveraged the idea of integrating
scientific knowledge with deep learning (Willard et al., 2022) to develop knowledge-informed
mapping (KIM). The goal of this paper is to document and open source KIM for general public
use. Figure 1 shows the general procedure of KIM, which is detailed in the next section.
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Figure 1: Comparison between KIM and the original mapping.

State of the field
Several open-source tools address individual pieces of the KIM workflow. For global sensitivity
analysis, SALib (Herman & Usher, 2017) offers a variety of classical methods such as Sobol,
Morris, and FAST. However, SALib treats sensitivity analysis as a standalone diagnostic
step: it does not provide a conditional-independence-based redundancy filter, nor does it
feed its results into a subsequent model-training stage. For conditional independence testing,
tigramite (Runge et al., 2019) implements the PC algorithm for causal discovery among time
series, including a conditional independence test whose residual-based implementation inspired
KIM’s own (Step 2 in the Mathematical approach section). However, tigramite is designed to
recover causal graphs, not to construct a predictive mapping, and has no ensemble-learning or
uncertainty-quantification component. For the mapping step itself, general-purpose libraries
such as scikit-learn (Pedregosa et al., 2011) and deep learning frameworks (JAX (Bradbury
et al., 2018), PyTorch (Paszke et al., 2019)) supply the regression and neural-network building
blocks, but leave input pruning, ensemble configuration, and per-output uncertainty aggregation
entirely to the user.

Research impact statement
KIM’s contribution is to integrate these three stages, i.e., filtering by global sensitivity analysis,
filtering by conditional independence, and ensemble-learning-based mapping with uncertainty
quantification, into a single package that operationalizes the methodology validated in Jiang et
al. (2023) and Wang et al. (2026). Rather than contributing this workflow piecemeal to SALib,
tigramite, or scikit-learn, each of which serves a broader purpose, we built a focused package so
the full workflow is reproducible end to end from a single dependency and openly shared Jupyter
notebook examples. This mapping methodology has already been validated in peer-reviewed
scientific research, rather than being a speculative or purely illustrative tool. Jiang et al.
(2023), published in Hydrology and Earth System Sciences, applied the knowledge-informed
inverse mapping approach that KIM implements to calibrate the Advanced Terrestrial Simulator
against streamflow observations at the Coal Creek Watershed, Colorado – one of the two
worked examples distributed with this package. Wang et al. (2026), published in Journal of
Advances in Modeling Earth Systems, applied the same approach to estimate wall-flux and
collision-kernel scaling parameters in a cloud chamber model, KIM’s second worked example.
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Mathematical approach
Consider a vector of inputs X = [𝑋1, ..., 𝑋𝑁𝑥

] and a vector of outputs Y = [𝑌1, ..., 𝑌𝑁𝑦
]. The

objective is to build up a mapping function 𝑓 from X to Y, such that 𝑓 ∶ ℝ𝑁𝑥 → ℝ𝑁𝑦 , based
on 𝑁𝑒 pairs/realizations of X and Y. Instead of developing a lumped mapping, we aim to
develop a separate mapping 𝑓𝑗 for each 𝑌𝑗 ∈ Y by using a reduced space X𝑆

𝑗 ⊆ X that is
most relevant to 𝑌𝑗, such that 𝑓𝑗 ∶ ℝ

𝑁𝑥𝑗 → ℝ, where 𝑁𝑥𝑗
= |X𝑆

𝑗 | (see examples in Jiang et
al. (2023) and Wang et al. (2026)), which involves the following steps.

Step 1: Filtering by global sensitivity analysis. We first perform a mutual information-based
global sensitivity analysis to exclude inputs sharing zero information with 𝑌𝑗 and narrow down
a subset X𝑆1

𝑗 such that:

X𝑆1
𝑗 = {𝑋𝑖 ∶ 𝐼(𝑋𝑖; 𝑌𝑗) ≠ 0 with 𝑋𝑖 ∈ X},

where 𝐼(𝑋𝑖; 𝑌𝑗) is the mutual information between 𝑋𝑖 and 𝑌𝑗 (Cover & Thomas, 2006). Based
on the 𝑁𝑒 realizations, 𝐼 is calculated on the joint probability of 𝑋𝑖 and 𝑌𝑗 using either the
binning method or the k-nearest-neighbor method.

Step 2: Filtering by redundancy check. Then, we conduct a further assessment that filters out
elements in X𝑆1

𝑗 whose dynamics are redundant to 𝑌𝑗 given the knowledge of the remaining
X𝑆1

𝑗 . This is achieved through a conditional independence test using conditional mutual
information (Cover & Thomas, 2006) given as:

X𝑆
𝑗 = {𝑋𝑖 ∶ 𝐼(𝑋𝑖; 𝑌𝑗|X

𝑆1
𝑗 \𝑋𝑖) ≠ 0 with 𝑋𝑖 ∈ X𝑆1

𝑗 },

where X𝑆1
𝑗 \𝑋𝑖 is the remaining set of X𝑆1

𝑗 by excluding 𝑋𝑖; 𝐼(𝑋𝑖; 𝑌𝑗|X
𝑆1
𝑗 \𝑋𝑖) is

the conditional mutual information between 𝑋𝑖 and 𝑌𝑗 conditioning on X𝑆1
𝑗 \𝑋𝑖.

𝐼(𝑋𝑖; 𝑌𝑗|X
𝑆1
𝑗 \𝑋𝑖) = 0 indicates that 𝑋𝑖 and 𝑌𝑗 are independent given the knowledge

of X𝑆1
𝑗 \𝑋𝑖. Directly conditioning on the full X𝑆1

𝑗 \𝑋𝑖 faces the curse of dimensionality.
To address this issue, we approximate it by conditioning on only the 𝑘 most sensitive
remaining members of X𝑆1

𝑗 \𝑋𝑖 for increasing 𝑘 up to a maximum cardinality (i.e., three by
default), removing 𝑋𝑖 from X𝑆

𝑗 as soon as one such test finds independence; see the online
documentation for the full algorithmic details.

Step 3: Uncertainty aware estimation by training ensemble neural networks. For each parameter
𝑌𝑗, we train an ensemble of fully-connected neural networks by varying the hyperparameters,
including the number of hidden layers, the number of hidden neurons, and the learning rate.
We split the 𝑁𝑒 model realizations into training, validation, and testing datasets. When
evaluating the estimation on the test dataset, we further quantify the bias and uncertainty of
the prediction as:

Bias = 𝐸(|𝜇𝑤 − 𝑦|)
Uncertainty = 𝐸(𝜎𝑤/|𝑦|),

where 𝐸 is the expectation operator; 𝑦 is the true value; 𝜇𝑤 and 𝜎𝑤 are the mean and standard
deviation of the ensemble predictions weighted by their accuracy in the validation set. (Note
that the definition of Uncertainty is relative, so it is unstable when |𝑦| is close to 0, and readers
should interpret it with care.)
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Software design
KIM’s architecture directly mirrors the three-step methodology described above.

Two-stage filtering as a separate, model-agnostic layer. The Data class and the pre_analysis

subpackage implement Steps 1-2 independently of any neural network code. Both mutual
information and conditional mutual information are available via either a binning estimator or
a k-nearest-neighbor estimator, and their statistical significance is assessed with a permutation
shuffle test.

Two-level mapping API that encodes the modeling philosophy. The KIM class orchestrates
one or many Map objects: with map_option="many2one", the class trains one independent
ensemble mapping per predictand 𝑌𝑗, restricted to the reduced input subset selected by the
chosen mask based on the filtering step; with map_option="many2many", the class trains a
single lumped mapping using all inputs, which serves as the non-knowledge-informed baseline
used for comparison.

Ensemble uncertainty via configuration. Rather than requiring users to write a training loop per
hyperparameter combination, Map accepts separate “choices” and “fixed” dictionaries for model,
optimizer, and dataloader hyperparameters, and generates the ensemble’s configurations from
an ensemble_type of "single", "ens_random" (random sampling), or "ens_grid" (full grid
search). Each ensemble member is trained independently and their predictions are aggregated
into a validation-loss-weighted mean and standard deviation, giving an uncertainty estimate
from the ensemble itself rather than requiring a separate Bayesian or dropout-based UQ
method.

Lastly, KIM reduces the computational time by adopting parallel computing in two ways. First,
KIM trains ensemble members of neural networks in parallel by using joblib.Parallel (The
joblib developers, 2025) with the loky backend. Second, the same technique is applied to the
permutation-based shuffle tests in the sensitivity analysis. This trades inter-process overhead
for training throughput that scales with available CPU cores without requiring GPU access.

Examples
We present two applications of KIM in performing inverse modeling, with Jupyter notebooks
provided in the repository to guide the package usage. For each case, we developed three types
of inverse mappings: (1) the original inverse mapping without knowledge-informed filtering,
denoted as 𝑀0; (2) the knowledge-informed inverse mapping only using global sensitivity
analysis (Step 1), denoted as 𝑀1; and (3) the knowledge-informed inverse mapping using both
Step 1 and Step 2, denoted as 𝑀2. The configurations can be found in the example Jupyter
notebooks.

Case 1: Calibrating a cloud chamber model. Cloud chamber models have been widely applied
as virtual counterparts of physical cloud chamber to study turbulence, clouds, and their
interactions (Thomas et al., 2019; Wang, Ovchinnikov, Yang, Schmalfuß, et al., 2024; Wang,
Ovchinnikov, Yang, Cantrell, et al., 2024; Wang, Krueger, et al., 2024; Wang et al., 2025).
The objective of this example is to estimate two key parameters, i.e., the scaling coefficients of
wall fluxes (𝜆𝑤) and collision processes (𝜆𝑐) using inverse mapping. To this end, an ensemble
of 513 model runs were generated based on the model setup detailed in Wang et al. (2026), by
varying the values of the two parameters using a Sobol sequence. Twenty-seven virtual sensors
are configured, each of which ‘records’ multiple variables including flow properties and cloud
properties. The preliminary analysis and parameter estimation results are shown in Figure 2
and Figure 3, respectively.
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Figure 2: Preliminary analysis of cloud chamber ensemble modeling (the inputs X: simulated flow and
cloud properties at 27 sensor locations; Y: two parameters of the cloud chamber model).

Figure 3: Estimation of the two parameters of the cloud chamber model.

Case 2: Calibrating an integrated hydrological model. The Advanced Terrestrial Simulator
(ATS) is an integrated hydrological model used to simulate hydrological fluxes across a
watershed (Coon et al., 2019). Here, we calibrated ATS against the streamflow observations
at the outlet of Coal Creek Watershed, CO, USA. The objective is to estimate eight model
parameters categorized into evapotranspiration (ET), snowmelt, and subsurface permeability.
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See Jiang et al. (2023) for more detailed information. The preliminary analysis and parameter
estimation results are shown in Figure 4 and Figure 5, respectively.

Figure 4: Preliminary analysis of ATS ensemble modeling (the inputs X: simulated streamflows; Y:
eight parameters of the ATS model).
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Figure 5: Estimation of four (out of eight) parameters of the ATS model.

AI usage disclosure
AI tools were used in a limited and supportive role to assist in the development of this library
and in drafting the manuscript. Specifically, the authors used Claude Code (version 2.1.306
with model claude-opus-5-5) to refine the documentation and suggest code improvements. All
the AI-generated code and documentation were reviewed by the authors to ensure that they
accurately reflected the intended function and design of the software. The original draft of
the manuscript was written by the authors and subsequently improved through feedback and
revisions from the reviewers, editors, and Claude. All underlying scientific motivation, software
architecture, analyses, and final interpretations were conceived, verified, and approved by the
authors.
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