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Fig. 1. Gradient of volume flux (attenuation) for a geometric parameter (vertical translation) in 3D space, computed by auto-differentiating our Monte Carlo
neutron transport simulation, which is built using our new differentiable estimators. The scene consists of two materials separated by a boundary defined by
the dragon shape. We show the relative mean square error over collision and tracklength estimators against the finite differences.

Neutron transport simulation plays a central role in nuclear engineering,
yet its inverse problems—such as shielding design and sensitivity analy-
sis—remain extremely challenging. The governing transport equation shares
a common mathematical foundation with the volume rendering equation
used for participating media in computer graphics. Recent advances in dif-
ferentiable rendering have demonstrated that inverse problems—such as
recovering scene properties from observations—can be efficiently solved
through gradient-based optimization, where the gradients are estimated
through Monte Carlo methods.

Inspired by these developments, we extend differentiable rendering tech-
niques to neutron transport problems, enabling inverse design and sensitivity
analysis in nuclear systems. To adapt these methods to the neutron trans-
port problem, we generalize the automatic differentiation of Monte Carlo
light transport simulation to multi-energy neutron transport; propose a new
simplified way to handle moving geometric discontinuities; and propose
new estimators for derivatives of volume integrals. We demonstrate the
effectiveness of the proposed framework on several model inverse problems,
including gradient-based optimization of multi-group neutron moderation,
sensitivity analysis of material properties, and diagnostic sensor shape opti-
mization. These results show that differentiable Monte Carlo neutron trans-
port can support optimization and analysis tasks, opening new opportunities
for inverse design in nuclear shielding and related applications.
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1 Introduction
Nuclear reactors, including both fission- and fusion-based systems,
generate large fluxes of high-energy neutrons that propagate through
surrounding materials. Capturing and moderating these neutrons
is essential not only for efficient energy production and system
diagnostics, but also for maintaining structural integrity and opera-
tional safety. To this end, it is crucial to understand how the spatial,
angular, and energy distributions of measured neutrons depend on
design parameters such as source characteristics, material proper-
ties, and the configuration of diagnostic devices. Selecting these
underlying scene parameters to achieve desired neutron measure-
ments constitutes what we refer to as the inverse neutron transport
problem.
Although neutron transport [Davison 1958] arises in a very dif-

ferent physical context than computer graphics, it shares a common
mathematical foundation with light transport in participating media.
Both describe the propagation of particles through space governed
by probabilities of different reactions (like emission, absorption,
and scattering) along their paths. While forward simulation is well
studied, the corresponding inverse problems—such as determining
optimal material configurations or quantifying the impact of un-
certain material properties—remain significantly challenging. In
particular, understanding how variations in material composition
and geometry affect energy distribution is critical for reactor design,
safety assessment, and performance optimization. These challenges
motivate the development of inverse methods capable of computing
sensitivities with respect to both geometry and material parameters,
which is the focus of this work.

Conventional approaches to the inverse problems include adjoint
neutron transport [Hoogenboom 1977; Saracco et al. 2016], which
computes an importance function that quantifies how neutrons at
each phase-space point contribute to a specified response, as well as
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�nite-di�erence Monte Carlo methods, which require a large num-
ber of forward simulations to probe the response landscape. More
recently, data-driven [Li et al. 2024; Sahadath et al. 2025; Zhu et al.
2026], gradient-based approaches have also emerged. However, ad-
joint methods become increasingly di�cult to apply in scenes with
complex geometries and multiple responses, while data-driven sur-
rogate models often struggle to provide accurate gradients in high-
dimensional parameter spaces and lack physical guarantees outside
their training regimes. To date, there exists no auto-di�erentiable
Monte Carlo neutron transport simulator that provides e�cient and
unbiased gradient estimates with respect to both complex geometry
and material parameters.

This paper addresses that gap by building a theoretical framework
and providing a gradient-based method for inverse neutron trans-
port. Unlike previous work focused on simple parameters like the
thickness of a shield [Wang et al. 2024b], our approach encompasses
the full range of possible shapes, opening up more design dimen-
sions for this problem. Our key idea is to generalize the concept of
di�erentiable rendering [Li et al. 2018; Loubet et al. 2019; Zhang
et al. 2019] to di�erentiable neutron transport.

We show that extending the mathematical framework of di�eren-
tiable light transport to neutron transport simultaneously simpli�es
and complicates the problem. On the one hand, di�erentiation with
respect to geometric parameters becomes simpler: neutrons pre-
dominantly transmit across material boundaries, and complications
arising from re�ection and refraction�central in light transport�do
not arise. On the other hand, neutron transport is substantially more
challenging because it predicts a spatial neutron �ux �eld, whose
dimensionality is higher than the two-dimensional image space typ-
ical in inverse light transport. The material parameters that it takes
as input are also energy dependent. These higher-dimensional input
and output spaces necessitate the development of more e�cient
estimators, which must also remain fully di�erentiable. In di�eren-
tiable rendering, geometry is typically represented as the shape of
visible objects and interfaces, such as meshes, and primarily a�ects
visibility. In neutron transport, by contrast, geometry is more often
represented as a partition of space into material regions, using con-
structive solid geometry(CSG). Making CSG directly di�erentiable,
however, is nontrivial. Thus neutron transport is not merely an
application, but a foundational extension of di�erentiable transport
theory�one that opens a new domain in which the mathematical
and algorithmic tools of computer graphics can naturally evolve.

To the best of our knowledge, this is the �rst Monte Carlo neutron
transport framework that is fully di�erentiable with respect to both
geometry and energy-dependent material parameters via automatic
di�erentiation. Achieving that, our contributions include:

� A novel method for computing radiation gradients that avoids
sampling of geometric boundaries.

� An algorithm for computing gradients via traditionally non-
di�erentiable track-length estimators, ensuring smoother gra-
dient estimation for volume �ux.

� A formulation of the di�erentiable neutron transport simula-
tion supporting energy-dependent scattering.

� An alternative engineering solution that preserves the conve-
nience of CSG-based material geometry while maintaining

di�erentiability with respect to mesh parameters, without
involving a complex CSG solver.

We show three applications of gradients in solving inverse neutron
transport problems, including shielding design, sensor design, and
sensitivity analysis.

2 Related Work
Neutron Transport. Monte Carlo methods are widely used in neu-

tron transport [Davison 1958], particularly in complex scenarios
such as neutron slow-down, where fast neutrons are moderated to
thermal energies through a sequence of collision events. Several
Monte Carlo simulators are available for neutron transport, includ-
ing OpenMC [Romano et al. 2015], MCNP [Kulesza et al. 2024], and
Tripoli-4 [Petit et al. 2008]. While these tools are highly e�ective
for forward simulation, they o�er limited support for inverse prob-
lems and di�erentiable analysis. Our work focuses on providing
a theoretical framework that enables automatic di�erentiation of
Monte Carlo estimators with respect to both geometry and material
parameters.

Classical estimators�including the collision estimator, the track-
length estimator, and their variants [Spanier and Gelbard 2008]�have
also been adopted in computer graphics in the form of photon beams
[Habel et al. 2013; K°ivánek et al. 2014], photon planes [Bitterli and
Jarosz 2017], and photon surfaces [Deng et al. 2019], enabling ef-
�cient volumetric and time-of-�ight rendering [Liu et al. 2022].
Unlike light transport, where an additional integration dimension
is required to make photon primitives unbiased estimators, the
track-length estimator in neutron transport is naturally unbiased
for estimating volume �ux. Our goal here, however, is to make these
estimators di�erentiable with respect to geometry and material
parameters.

Inverse Neutron Transport. A wide range of inverse problems arise
in neutron transport. These include sensor design [Sjoden 2002;
Wang et al. 2024b; Yi et al. 2012], where adjoint methods and Monte
Carlo simulations are used to optimize sensor geometry for maximal
response; shielding optimization [Chen and Yan 2023; Rockwell 1956;
Yun et al. 2019], which typically assumes simpli�ed geometries and
relies on Monte Carlo analysis to evaluate candidate designs; and
sensitivity analysis of nuclear data [de la Lluvia et al. 2026; Leray
et al. 2017; Rochman et al. 2014]. Classical sensitivity approaches
typically derive estimators for each class of parameters with theory
in [de Lataillade et al. 2002], and [Roger et al. 2005], whereas our
formulation expresses the transport estimator in a di�erentiable
form and obtains gradients through automatic di�erentiation. As
a result, derivatives with respect to multiple parameters can be
accumulated simultaneously within a single Monte Carlo simulation
using the same set of sampled paths.

Physically-based Di�erentiable Rendering. Starting from [Li et al.
2018], which estimates geometry gradients of pixel values by explic-
itly sampling discontinuities in the integrand of the path integral,
the main focus of physically based di�erentiable rendering has been
to handle discontinuities arising from geometry and visibility terms.
In general, existing approaches fall into two categories. The �rst cat-
egory [Zhang et al. 2021a, 2020, 2019] reformulates the path-space
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integral into a material-space integral and separates the gradient
into interior and boundary contributions by generalizing the Leibniz
integral rule. The second category [Bangaru et al. 2020; Loubet et al.
2019; Vicini et al. 2021; Zeltner et al. 2021] reparameterizes the inte-
gral such that the integrand has well-de�ned geometry derivatives
that smoothly interpolate boundary motion. To e�ciently sample
discontinuity boundaries, [Wang et al. 2024a; Zhang et al. 2023]
collect samples near discontinuities during the forward rendering
pass and project or reweight them during gradient computation. Our
surface �ux gradient computation falls into the reparameterization
category; however, unlike previous methods, our problem setup
allows us to move all gradient terms entirely into the integrand,
eliminating all explicit handling of boundaries or edges.

Di�erentiable Volumetric Rendering. [Gkioulekas et al. 2013] de-
rives analytic gradients with respect to participating-media param-
eters represented on volume grids. Subsequently, [Yu et al. 2023;
Zhang et al. 2021b] enable geometry gradients in scenes containing
participating media by formulating the problem in path space and
discretizing volumes using tetrahedralization. [Nimier-David et al.
2022] introduces di�erential ratio tracking to compute unbiased
gradients of volumetric properties de�ned on voxel grids. In the
context of subsurface scattering, [Deng et al. 2022] estimates gra-
dients with respect to both geometry and volumetric parameters
by modeling the volume beneath refractive surfaces using a dif-
fusion approximation. In contrast, our method jointly computes
gradients with respect to both geometry and material parameters
in scenes containing piecewise-homogeneous participating media
separated by surfaces. The scattering and absorption properties are
energy-dependent, and energy shifts during scattering are fully sup-
ported. Our approach does not require tetrahedralizing the volume
or sampling the boundary, and it accommodates arbitrary geometry
representations, requiring only ray intersection queries.

Applications. Di�erentiable light transport through volumes has
been applied to a range of inverse problems, including reconstruct-
ing complex materials such as leaves [Deng et al. 2024], designing
projection patterns for volumetric 3D printing [Nicolet et al. 2024],
plasma visualization [Öztürk et al. 2025], and atmospheric sensing
[He et al. 2026]. Our work shares this general gradient-based inverse
optimization framework, but di�ers in the governing scattering law,
the role of energy dependence, and the physical quantity predicted
by the forward solver.

3 Overview
In nuclear reactor design, neutron transport is treated separately
from the underlying physics of neutron generation and microscopic
material interactions. We assume that the neutron source is known
and speci�ed as a prescribed function, and that neutron�material
interactions are characterized statistically through known scattering
distributions. Under these assumptions, the neutron transport prob-
lem reduces to predicting the statistical spatial, angular, and energy
distributions of neutrons after emission and multiple scattering,
given the source, the geometry and the properties of surround-
ing materials. Mathematically, this problem is closely analogous to
light transport: given a source, scene geometry, and optical material

Fig. 2. Problem setup with an emission source, a shielding material, and two
measurement types: (a) surface current on the detector and (b) volumetric
flux.

properties, the distribution of photons is obtained by physically
simulating the transport of light.

Although neutron transport is mathematically analogous to light
transport, there are important di�erences between the two problems.
First, neutrons exist at multiple energy levels, and their scattering
behavior is strongly energy dependent. Second, the detectors in
neutron transport are typically not limited to an image plane, as is
common in light transport simulations. Depending on the analysis
objective, neutron transport may be solved to compute (a) the energy
leakage at the surface of a shielding structure (surface integral), (b)
the spatial distribution of neutrons (volume integral), or (c) the en-
ergy distribution of neutrons. Each of these quantities corresponds
to a di�erent type of measurement process, analogous to di�erent
types of �cameras� in light transport. Third, surface e�ects, such as
re�ection and refraction, are not important in neutron transport.

The inverse problem, in this context, consists of inferring scene
parameters�such as source characteristics, material properties, or
geometric con�gurations�to achieve desired values of these mea-
surements. When gradients of these measured quantities with re-
spect to the underlying parameters are available, gradient-based
optimization methods, including stochastic gradient descent, can
be employed to e�ciently solve such inverse problems.

This work focuses on deriving di�erentiable estimators for neu-
tron transport with emphasis on gradients of two commonly used
measurements: the surface current (J), de�ned as the net �ow of
neutrons across a surface, and the volumetric �ux (� ), de�ned as a
volume integral of neutron density (see de�nitions in Table 1).

Fig. 2 illustrates a simple problem setup: a neutron source is placed
in space, and a shielding material (in the purple shape) blocks the
fast neutrons emitted from the source. Let# ¹ x• lº be the neutron
radiance representing the angular neutron density, marginalized
over energy. Two measurements we are considering here are:

Current. (J) Current, analogous to irradiance in rendering, is
the net count of neutrons crossing an oriented surface (shown in
Fig. 2(a), marked green), which is the integral of neutron radiance
over the area� of the surface and over all directions of propagation

:

J =
¹

�

¹



# ¹x• lº¹n¹xº � lºdxdl” (1)
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Fig. 3. Path Sample formulated in sequence of directions and distances

This measurement is important because it gives us information
about neutron leakage at the surface of a shield or at the interface
of a detector that counts all neutrons absorbed within a volume.
Understanding how each parameter in the scene a�ects this quantity
is crucial.

Flux. (� ) Flux is average neutron density within a volume (shown
in Fig. 2(b), marked green), integrated over all propagation direc-
tions:

� =
1
V

¹

V

¹



# ¹x• lºdxdl” (2)

Flux is important because relevant reactions, such as absorption
(converting a neutron's energy to heat) and Tritium breeding (�s-
sioning Lithium to produce Tritium) happen at collisions, and �ux
is proportional to the collision density through the macroscopic
total cross section, which gives the collision ratef C� . Measuring
the �ux and its gradient for the scene parameters helps us under-
stand how the outcomes of these reactions are a�ected by the scene
parameters.

Both types of measurements can be expressed as integrals of the
neutron density against a score function, ¹ x• lº (of the detector)
over all directions and the detector domain V3 :

I =
¹

V3

¹



# ¹x• lº, ¹x• lºdxdl• (3)

The distribution# arises from neutrons that start at the source,
travel through space, and undergo scattering in the material. To
model this process we consider paths like the one shown in Fig. 3.
The neutrons travel in straight lines with constant velocity before
collision events occur. The points x8 for 0 Ÿ 8 Ÿ : represent the
locations of collision events. When a collision happens, the neu-
tron either is absorbed or is scattered to travel at another veloc-
ity. With this model of neutron propagation, the neutron density
# ¹ x: • lº can be computed by summing over all paths weighted by
the emission�¹ x0º at the start and the throughput of the path. The
weighting function 5 ¹x0 ” ” ”x: • \ º assigns a weight to each neutron
path, accounting for attenuation between collisions, energy- and
direction-dependent scattering probabilities, and geometric factors
arising from the probability measure over paths. The measurement
I: due to paths of length: is an integral over this neutron path
space:

I: =
¹

�
� ¹x 0º5 ¹x0 ” ” ” x: • \ º, ¹x : ºdx: ” ” ” dx0” (4)

Symbol Description
# ¹x• lº Neutron Radiance, angular neutron density,

marginalized over energy.
J Current, the net neutron �ow across a surface

(unit: #neutron 2<�2 B�1 ).
� Flux, the total distance neutrons propagate

per unit volume per unit time (unit: #neutron
2< �2 B�1 ).

I General Measurement.
x Point position in Cartesian coordinate system.
C Distance in Cartesian coordinate system.
l Solid Angle.

 Solid angle space.
� Conventional path space.

� Direction�distance path space.
d Path in direction�distance space, whered =

x0• l 0• C0• ” ” ” • l: �2 • C: �2 • x: .
5 ¹dº Path contribution function in direc-

tion�distance space.
5l ¹l 8• l 8¸1º Scattering term between directionl 8 andl 8¸1.
5C¹Cº Attenuation along distance C.
� ¹xº Emission function.
, ¹xº Sensor score function.
dV¹xº In�nitesimal volume element.
A Distance along the ray to the nearest surface.
\ Scene parameters, including the geometry pa-

rameter (vertices position, transformation) and
the material properties (like total cross section
f C, scattering cross section fB)

Table 1. List of symbols and definitions.

In practice,� can depend on the direction towards x1 and, can
depend on the direction from x: �1 , but for simplicity of notation we
assume these functions are isotropic in the following derivations.

Some particular challenges when di�erentiating this quantity
are (a) that5 ¹x0 ” ” ”x: • \ º contains discontinuities whose positions
depend on\ , and (b) that we need to compute estimates for large
collections of score functions , ¹x: º that arise from voxel grids.

As shown in Fig. 3, a neutron travels from x8 to x8¸1 along direc-
tion l 8 by distanceC8. In our case, the weighting function is only
piecewise continuous, and it has jumps not just at the boundary of
the shielding geometry but also where di�erent materials meet in
the interior. We use the boundary to refer both to the boundary of
the geometry and to the interfaces between materials (marked as
purple lines). The integration domain is de�ned by path vertices
being inside the boundaries of the materials. But it is equivalent
to consider the vacuum outside the materials as another material,
turning the outer boundary into another interior discontinuity, so
these two types of boundaries can be handled in the same way.

Previous work like Yu et al. [2023] and Zhang et al. [2021b] com-
putes geometric gradients by decomposing into an interior integral
and a boundary integral. This approach requires additional bound-
ary sampling and also does not directly cover the case where there
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are material interface boundaries in the interior, like the multi-layer
material con�gurations considered in this work. In contrast, we
present a simpler method for estimating shape gradients that avoids
explicit boundary integrals. By applying a suitable reparameteri-
zation, the geometry dependence can be handled entirely within
the interior integral. To introduce this reparameterization, we �rst
express the neutron transport path integral in a direction�distance
formulation.

Any collision point x8 ¹8 Ÿ :º on the path can be expressed as the
result of a sequence of o�sets from the emission point x0 as follows:

x8¹\ º = x 0 ¸
8�1Õ

9=0

C9¹\ ºl 9¹\ º” (5)

Therefore, we write a neutron path as¹x0• C0• l 0• ” ” ” • C: �2 • l : �2 •x: º
with C8 = kx8¸1 � x8k andl 8 = C�1

8 ¹x8¸1 � x8º. We will show that this
formulation is easier to work with in the problem of di�erentiating
neutron transport.

With this parameterization, we can write a pathd: of length: as
a sequence of directionsl : = l 0 � � � l : �2 , a sequence of distances
C: = C0 � � � C: �2 , and two points residing on the source x0 and sensor
x: , respectively:

d: = fx 0•l• C• x: g” (6)

Note thatd1 = x0x1 represents the neutron path with no collisions.
This forms the modi�ed path space� : with : � 1 collision events
as the Cartesian product of directional space� l (l 2 � l ), distance
space� C (C 2 �C), the space of the source� 3 (x0 2 � 3), and the
space of the sensor (3 (x: 2 (3 ): � : = � 3 � ( 3 � � l � � C.

The corresponding weighting function for pathd: in this direction-
distance formulation is :

5 ¹d: º = � ¹x 0º, ¹x : º
: �1Ö

8=1

5l ¹l 8º
: �1Ö

8=0

5C¹C8º• (7)

where 5C¹C8º = 4�
¯ C8
0 f C¹C ºdCand 5l ¹l 8• \ º = f B5? ¹x8• l 8• l 8�1• \ º is

the phase function which can depend on\ . Note that5C¹C8º = 4�C8f C

in a homogeneous volume. We use5C¹C: • \ º and 5l ¹l : • \ º to ab-
breviate

Î : �1
8=1 5l ¹l 8• \ º and

Î : �1
8=0 5C¹C8• \ º. Then we write the path

space integral using the distance and direction formulation. Given
a source with volume� 3 and a sensor with volume( 3 , the total
measurement I: of the neutron is:

¹

� 3

¹

( 3

� ¹x 0º, ¹x : º
¹

� l

¹

� C
5C¹C: • \ º5l ¹l : • \ ºdC: dl :

|                                      {z                                      }
I<: ¹\ º

dx0dx: ”

(8)

In this space, we will show that the discontinuities can be stabilized
with a simple reparameterization of only theCvariables. Further-
more, we will show in Sec. 5 that we can integrate out the variable
C: �1 when the score function, has a convenient form, leading to a
track-length estimator.

4 Reparameterization of the Distance Subspace
In this section, we reparameterize the distance subspace, consisting
of the C variables, to handle discontinuities.

Fig. 4. Two path samples with path length of: = 2 in an arbitrary shape.
Sample 1, withC0 = C0

0C0
1, is the path that connects x0•x0

1•x0
2. Sample 2, with

C1 = C1
0C1

1, is the path that connects x0• x1
1• x1

2.

4.1 Reparameterization for Single Sca�ering
We �rst consider reparameterizing the distance subspace with a sin-
gle collision event (: = 2). Given a surface enclosing a material with
total cross-sectionf Cand single scattering albedoU, we compute
the �ux at the detector surface due to neutrons that scatter once in
the material. This quantity is equal to the path space integral Eq. (8)
for a path length of: = 2, whose gradient with respect to\ can be
written as

m
m\

I2 =
¹

� 3

¹

( 3

� ¹x 0º, ¹x : º
m
m\

I<2 ¹\ ºdx2dx0 (9)

Our task now is to estimatem
m\ I

<
2 . Writing I<

2 ¹\ º in Fig. 4 as:
¹




¹ A0¹l 0•\ º

0
5C¹C0• C1• \ º5l ¹l 0• l 1• \ ºdC0dl 0• (10)

the key idea is to apply the change of variableC0 = C0
0A0¹l 0• \ º to

remove the parameter dependency from the integral bounds. Then
the gradient is:

m
m\

I<2 ¹\ º =
¹




¹ 1

0

m
m\

"

5C¹C0
0A0• C1• \ º5l ¹l 0• l 1• \ ºA0¹\ º

#

dC0
0dl 0•

(11)

which is straightforward to estimate by Monte Carlo integration
and automatic di�erentiation because its integrand is continuous
and its bounds are constant.

This reparameterization is powerful because it allows us to com-
pute an unbiased gradient estimate by simply applying automatic
di�erentiation to the forward Monte Carlo simulation.

4.2 Generalizing the reparameterization to multiple
sca�ering

Now we are ready to consider the case where there is more than
one scattering event and generalize the expression to I: .

Consider how the reparameterization works for I3, when there
are two scattering events in the materialmm\ I

<
3 ¹\ º:

m
m\

¹




¹ A0¹\ º

0

¹




¹ A1¹\•C0º

0
5C¹C0• C1• C2• \ º5l ¹l 0• l 1• \ ºdC1dC0dl 3”

(12)

Using the reparameterization introduced in the last section, where

C0 = C0
0A0¹l 0• \ º• C1 = C0

1A1¹l 2• C00A0• \ º• (13)
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