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Abstract

High-energy physics experiments studying neutrinos rely heavily on simulations of
their interactions with atomic nuclei. Limitations in the theoretical understanding
of these interactions typically necessitate ad hoc tuning of simulation model pa-
rameters to data. Traditional tuning methods for neutrino experiments have largely
relied on simple algorithms for numerical optimization. While adequate for the
modest goals of initial efforts, the complexity of future neutrino tuning campaigns
is expected to increase substantially, and new approaches will be needed to make
progress. In this paper, we examine the application of simulation-based inference
(SBI) to the neutrino interaction model tuning for the first time. Using a previous
tuning study performed by the MicroBooNE experiment as a test case, we find that
our SBI algorithm can correctly infer the tuned parameter values when confronted
with a mock data set generated according to the MicroBooNE procedure. This
initial proof-of-principle illustrates a promising new technique for next-generation
simulation tuning campaigns for the neutrino experimental community.

1 Introduction

A major priority for current research in high-energy physics is the investigation of the properties of
neutrinos. Because these elementary particles interact weakly with other forms of matter, typical
neutrino experiments involve both intense neutrino sources and large, highly sensitive detectors in
order to record enough reactions for analysis. Beyond the technical demands of the required apparatus,
however, interpretation of the experimental data poses its own significant difficulties. Among the
greatest of these difficulties is the need for precise simulations of collisions between neutrinos and
atomic nuclei. Despite ongoing efforts within the scientific community, gaining a full theoretical
understanding of these collisions is a formidable problem, and state-of-the-art simulations of neutrino
scattering presently rely on many rough, semi-empirical approximations.
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To obtain simulation predictions that are reliable enough to use for physics measurements, neutrino
experiments have commonly resorted to tuning interaction model parameters to reference data. The
widely-used GENIE simulation code [6, 4] has been the most popular platform for such tuning
exercises, with several carried out by the developers themselves [27, 28, 29, 19] as well as multiple
experimental collaborations [26, 3, 2]. A representative example recently performed by Micro-
BooNE [2] involved using a software framework called NUISANCE [25] to tune four GENIE model
parameters to neutrino scattering data previously obtained by the T2K experiment [1]. A satisfactory
adjustment to the base GENIE model, dubbed the “MicroBooNE Tune,” was ultimately achieved via
a simple likelihood fit to the data. However, pathological results seen during initial attempts led the
authors to take the drastic step of ignoring the reported correlations between bins of the reference
T2K measurement. While this stopgap solution, paired with simple numerical methods, was adequate
for the modest immediate needs of MicroBooNE, next-generation efforts will be substantially more
exacting. To achieve the stringent precision on neutrino interaction modeling required for the goals
of the field, future tuning campaigns will necessarily involve both larger parameter spaces and more
input data with greater complexity. Technical innovation in simulation tuning procedures provides a
potential solution for the neutrino community to overcome these looming obstacles.

Although very recently applied to modeling the performance of the detector hardware in the JUNO
neutrino experiment [15], the use of simulation-based inference (SBI) methods for tuning neutrino
interaction models has not yet been explored. These methods leverage simulators as a part of the
statistical inference procedure, where the goal is to infer the likelihood or posterior distributions
for a given experiment or observation. Traditional SBI methods include, for example, Approximate
Bayesian Computation [ABC; 24] and Approximate Frequentist Computation [AFC; 11], which are
closely related to the traditional template histogram and kernel density estimation approaches. The
recent rise of SBI algorithms, which utilize deep neural networks as surrogates for modeling the
conditional probability densities of the likelihood or posterior distribution in a given inference problem
from simulations, enabled inference even in high-dimensional parameter spaces [14]. Furthermore,
after the training of the deep learning model is performed, the subsequent inference is fast and cheap,
i.e., the SBI model is amortized.

Deep learning-based SBI models have already been successfully used in other areas of physics. For
example, in collider physics [10] for constraining the Higgs potential for di-Higgs production [20],
searching for CP violation in leptonic WH production [7], measuring QCD Splittings [8], etc. In
astrophysics and cosmology, SBI has been used for the inference of the Hubble constant from
binary neutron star mergers [16], the dark matter substructure inference in galaxy-galaxy strong
lenses [12, 13, 5], inference of strong lensing parameters [18, 30, 22], inference of galaxy properties
from spectra [17], for cosmology inference from galaxy cluster abundance [23], etc.

In this work, we use SBI [9] with a neural posterior estimator (NPE) method to revisit the neutrino
interaction model tuning performed by MicroBooNE [2]. SBI provides an efficient alternative to
conventional methods, as it offers amortized inference, i.e., after the upfront cost of training the model
is paid, inference can be performed in seconds. We demonstrate that our SBI model is capable of
inferring correct parameter values when confronted with mock data generated using the MicroBooNE
Tune configuration of GENIE. This technical demonstration reveals strong potential for near-future
use of SBI to obtain parameter values from actual experimental data sets, thus establishing a novel
approach for tuning neutrino interaction simulations.

2 Data and Methods

We simulate neutrino-nucleus collisions using GENIE [6, 4]. Within the GENIE interaction model,
we vary the four model parameters that were adjusted in the MicroBooNE tune: θ1 (MaCCQE), θ2
(NormCCMEC), θ3 (XSecShape_CCMEC) and θ4 (RPA_CCQE). The former represent the axial mass for
CCQE interactions, which governs the Q2 dependence of the cross section. NormCCMEC represents
the overall normalization of the CC multi-nucleon (MEC) contribution. XSecShape_CCMEC represent
the shape parameter of the CC MEC cross section. Finally, RPA_CCQE represents which modifies
the Random Phase Approximation correction applied to CCQE processes. More detailed physical
meanings of these parameters are described in detail in the original MicroBooNE publication [2].
To provide sufficient coverage of the parameter space in the vicinity of the best-fit values from the
MicroBooNE tune, we created an ensemble of configurations in which the four parameters were
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independently sampled from uniform distributions with the following ranges:
θ1 ∈ [0.961, 1.39] GeV, θ2 ∈ [1.0, 3.0], θ3 ∈ [0.0, 1.0], θ4 ∈ [0.0, 1.0].

For each configuration of the parameters, we processed the output of GENIE with NUISANCE [25]
to produce a 58-bin histogram representing a theoretical prediction that can be directly compared to
the “Analysis I” T2K neutrino interaction data set reported in Ref. [1]. For the original MicroBooNE
tune, this procedure was used together with a subsequent likelihood fit to the measured histogram to
obtain best-fit parameter values. In this study, we created a training set of 200,000 configurations and
a test set of 1,000 independent configurations to validate our SBI workflow.

The goal of our algorithm is to infer the underlying set of parameters used within GENIE from a
prediction histogram generated according to the approach described above. For this task, we utilize
the SBI framework developed by mackelab1, implemented in python. The model takes as input the
four physics parameters, θi, where i = 1, 2, 3, 4, along with their associated histograms, xi, to learn
the inverse mapping from histograms to parameters.

To facilitate a more efficient learning of the posterior distribution, we use a simple three-layer
embedding network to reduce the dimensionality of the histograms from 58 to 24 summary features 2.
These embeddings are then used as inputs to the NPE. The NPE uses a Masked Autoregressive
Flow [21] architecture with six transformations and 55 hidden features in each block. Both the
embedding network and the MAF are trained together to allow the embedding network to learn the
most informative summaries, which will lead to the best posterior predictions.

For the training loop, we use mini-batches of size 512, a learning rate of 10−2, and a train-
ing/validation split of 90%/10% to monitor and mitigate overfitting. Training proceeds under
an early stopping criterion, with patience of 45 epochs. The training converges in an average of 215
epochs, running in approximately 10 minutes in a regular CPU environment. The code used in this
work can be found on our GitHub3 page.

3 Results

The performance of the NPE for an individual randomly chosen test event is illustrated in Figure 1 (top
left figure). In here, the diagonal panels show the one-dimensional marginal posterior distributions
for each parameter, while the off-diagonal panels display the corresponding two-dimensional joint
posteriors. The contours represent the 68% and 95% confidence intervals, enclosing the highest
posterior density intervals under the assumption of a well-behaved posterior distribution. The
shape and orientation of the contours provide insight into the correlation structure among the
parameters: for example, elongated contours indicate strong correlations, while circular contours
suggest independence. In this individual test event, we therefore see little correlation between the
four parameters; however, some of these correlations will appear when averaged over the whole
test sample (for example, Figure 1 top right panel). The vertical and horizontal dashed lines denote
the corresponding true parameter values used to generate the plotted test data point. Overall, the
posteriors are centered near the target values within the 68% interval.

To assess the overall performance of the model, in Figure 1 (top right) we show the distribution of
the residuals ∆θi = θpredi − θtruei for i = 1, 2, 3, 4, computed over a sample of 1000 independent
test events. Again, each diagonal panel displays the one-dimensional distribution of residuals for an
individual parameter, while the off-diagonal panels illustrate the joint distributions between pairs
of residuals. The dashed lines indicate zero bias. We observe that all residuals are centered around
zero with narrow widths, indicating that the model yields unbiased estimates with low variance. The
contours in the off-diagonal panels reveal the correlation structure among residuals: mild correlations
are visible for all parameter pairs, but no significant systematic deviations are observed.

In Figure 1 (bottom left), we present the posterior coverage probability for each parameter θi,
evaluated again over a sample of 1000 test events. The solid colored lines represent the empirical

1https://github.com/sbi-dev/sbi
2Comparable results can be obtained with lower-dimensional input data; however, we found that the network

becomes overconfident when the number of parameters is reduced below ten. Using 24 parameters proved to
be a stable choice, maintaining a well-calibrated model. Further studies on architecture design and optimal
parameter tuning are ongoing.

3https://github.com/karlaTame/Neutrino_SBI/
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Figure 1: Upper left panel: Inferred posterior distributions of four parameters for a single event in
the test data set. The gray dashed lines indicate the true values. Upper right panel: Residuals of four
parameters for 1000 test events. The gray dashed lines are located at zero for reference. Lower left
panel: Posterior coverage of the θi parameters for 1000 test events. The diagonal black-dashed line
indicates perfect uncertainty calibration. The gray regions indicate thresholds of 10% (dark gray)
and 20% (light gray) uncertainty miscalibration. Lower right panel: The red points represent the
MicroBooNE fit parameters reported in Ref. [2] and used to generate the test histogram xi. In blue,
we show the four parameters θi along with their corresponding 1σ error bars inferred by our network
with xi as input. In orange, we show the prior ranges used to train the SBI. We observe an excellent
match between the inferred and true parameter values.

coverage for each parameter, indicating the fraction of events where the true value lies within a given
posterior confidence interval. The black solid curve represents the combined performance of the
model on all parameters, for which we utilize a distance metric D(θi) from [22]. D(θi) combines
parameter values from posterior samples into a single objective function that takes into account
the covariance between different θi parameters. The black dashed diagonal corresponds to perfect
uncertainty calibration, where the predicted confidence intervals exactly match the empirical coverage.
The shaded bands around the diagonal (dark and light gray) denote 10% and 20% tolerance regions,
respectively, for quantifying miscalibration. Two of our inferred parameters are within the 10%,
and two within 20% tolerance band. Only θ3 shows slight overconfidence, while for the rest of the
parameters, the model is slightly underconfident.

Finally, we performed a test to verify the ability of the model to identify the correct parameter values
when presented with a histogram generated with the MicroBooNE tune parameters. In Figure 1
(bottom right), we show that the true values are almost identically reproduced. This is a key validation
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test towards the application of the model to actual experimental data sets, including the same T2K
measurement used to derive the MicroBooNE tune.

4 Summary and Conclusion

To overcome present deficiencies in models of neutrino scattering, experimental collaborations often
tune simulation parameters to relevant interaction data. Increasingly arduous requirements for these
tuning exercises may be addressed by improving the sophistication of the numerical methods applied
to them. Here we demonstrate, for the first time, the successful application of advanced AI-based
techniques—specifically, simulation-based inference with neural posterior estimation—to efficiently
determine the neutrino interaction model parameter values from mock data. Using outputs of the
GENIE and NUISANCE codes, we trained an SBI algorithm to infer the correct parameter values
when presented with a physics model prediction corresponding to the “MicroBooNE Tune” defined
in Ref. [2]. Given that an algorithm trained in this way could be immediately used for parameter
inference using actual measurements as input, this successful validation of our approach lays a strong
foundation for future neutrino interaction model tuning using SBI techniques.

Future work will apply our SBI algorithm to the T2K measurement studied by MicroBooNE, including
a physical interpretation of the inferred parameter values, a full treatment of correlated uncertainties
on the inputs and outputs, and an evaluation of the consistency and relative performance of our
technique versus the original MicroBooNE likelihood fit. We expect the SBI tuning approach to
be easily generalizable to similar problems in neutrino interaction modeling, with the potential to
significantly improve the efficiency of future efforts in both time and computing resources.
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