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Photonuclear data libraries provide a quantitative description of photon interaction physics for nuclear reaction
modeling and underpin a broad range of applications. However, existing evaluations remain limited by persistent
inconsistencies between experimental measurements and theoretical descriptions, particularly when multiple
isotopes and reaction channels must be treated simultaneously. Correlations induced by shared reaction-model
parameters across isotopes, observables, and reaction channels are difficult to rigorously propagate within
traditional localized evaluation approaches, motivating joint inference methodologies for physically consistent
photonuclear evaluation. In this article, we present a deep-neural network emulator of COH3 reaction modeling
code that accurately reproduces theoretical calculations with substantial speedup and enables a Markov Chain
Monte Carlo inference. We show that a statistically consistent joint Bayesian treatment of 235U and 239Pu
photonuclear reaction cross sections, including photofission ratio data, exposes tensions between current nuclear
models and the available experimental data. We present a joint photonuclear evaluation that rigorously incor-
porates these measurements and reports posterior distributions on the underlying reaction-model parameters.
Validation studies show high predictive accuracy (root mean square error <0.008 barns) and the ability to
generalize to unseen nuclei, indicating that the emulator captures meaningful underlying physics relationships.
The joint Bayesian inference reveals that the available experimental data cannot be simultaneously reproduced
within the current theoretical description. The inferred posterior distributions identify the model parameters
and correlated reaction mechanisms most strongly constrained by the data, exposing tensions across isotopes,
observables, and reaction channels that remain hidden in traditional localized evaluations. The analysis also
revisits a longstanding 235U photofission cross section discrepancy and reaches conclusions that differ from
previous interpretations based on isolated evaluations. More broadly, this work establishes machine-learning-
enabled Bayesian inference as a framework for rigorously testing the consistency of photonuclear data and
probing the limits of current reaction theory.
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I. INTRODUCTION

Photonuclear data libraries provide detailed representa-
tions of photon interactions with atomic nuclei, leading to
particle emission or nuclear disintegration. These interac-
tions play a crucial role in various applications, including
fission and fusion energy systems, astrophysics, radiographic
techniques, and nuclear safeguards. Despite coordinated in-
ternational efforts to compile experimental measurements
through databases such as EXFOR [1], photonuclear data li-
braries continue to suffer from sparse and often low-precision
experimental coverage. The 2019 update from the Coor-
dinated Research Project (CRP) [2] covers roughly 200
isotopes, with photon energy extending up to 200 MeV. Com-
parable sublibraries in ENDF/B-VIII.1 [3], TENDL-2025 [4],
and JENDL-5 [5] provide additional coverage, although all
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remain limited in scope, particularly in covariance representa-
tion and coverage at higher energies. Many evaluations remain
static carryovers from earlier releases and lack full uncertainty
quantification or modern benchmarking. This remains in stark
contrast to neutron-induced data libraries, which encompass
thousands of isotopes across a much broader energy range and
benefit from decades of experimental validation.

Photonuclear reactions are governed by different photon
absorption mechanisms whose relative importance depends
on the incident photon energy. At photon energies Eγ below
approximately 30 MeV, the Giant Dipole Resonance (GDR),
a collective excitation in which protons and neutrons oscillate
out of phase, dominates. At higher energies, the quasideuteron
(QD) process becomes increasingly significant, with the
photon interacting with pre-existing proton-neutron pairs
within the nucleus, mimicking the photodisintegration of a
deuteron [2].

Theoretical modeling of photonuclear processes is typi-
cally based on the Compound Nucleus (CN) framework, in
which an intermediate nuclear state is formed by the absorp-
tion of the incoming photon. This compound nucleus exists in
thermal equilibrium, and its subsequent decay is independent
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of how the nucleus was formed. The decay is typically de-
scribed using statistical models such as the Hauser-Feshbach
model, analogous to those used in neutron-induced reac-
tion modeling that calculate decay probabilities based on
nuclear level densities, particle and photon penetrabilities,
energy conservation, and quantum selection rules on spin and
parity.

These mechanisms are implemented in reaction codes
such as TALYS [6], COH3 [7], CCONE [8], and EM-
PIRE [9], which combine absorption models, pre-equilibirum
dynamics, and compound-nucleus decay within a unified
framework. Despite the substantial progress, these models
remain largely phenomenological and continue to require
isotope- and channel-specific parameter tuning. Although cer-
tain global parameters exhibit systematic correlations across
isotopes, current photonuclear evaluation methodologies still
predominantly treat individual nuclei and reaction chan-
nels independently. Existing methodologies, largely based on
generalized least-squares (GLS) techniques [10,11], rely on
simplifying statistical assumptions that are poorly suited to
the strongly nonlinear, correlated, and sometimes inconsistent
nature of photonuclear data [2,12,13]. As a result, correlated
constraints from shared reaction-model physics are not con-
sistently propagated across isotopes, reaction channels, and
derived observables such as cross-section ratios.

A deep learning-based emulator offers a pathway to ad-
dress many of these limitations, not by replacing existing
physics-based reaction models, but by serving as a computa-
tional surrogate that enables more flexible Bayesian modeling
of photonuclear physics and experimental observables. In this
paper, we present a deep learning-based emulator trained
on detailed outputs from the COH3 [7] photonuclear reac-
tion code. The emulator reproduces the underlying physics
model with high fidelity while reducing computational cost by
more than six orders of magnitude, while retaining full differ-
entiability for gradient-based inference. This computational
efficiency enables tractable solutions to complex Bayesian
models that consistently connect underlying physics parame-
ters to photonuclear observables across wide energy ranges,
multiple reaction channels, multiple isotopes, and nonlin-
ear transformations associated with experimental methods.
Within this framework, we leverage Hamiltonian Monte Carlo
[14] to estimate the joint Bayesian posterior for physics
parameters governing 239Pu and 235U (e.g., level densities,
fission barriers, and GDR parameters). The framework is
not restricted by linear or Gaussian assumptions and natu-
rally accommodates shared and correlated physics parameters
within the evaluation. For example, level density parame-
ters for nuclei within the same neutron-emission chain may
simultaneously influence multiple neutron multiplicity cross
sections for a given target nucleus. Trained across a broad
region of the nuclear chart, the emulator reproduces sys-
tematic nuclear trends and demonstrates predictive capability
for neighboring isotopes outside the training set, indicating
that the network learns underlying physical structure rather
than merely interpolating between training examples. This
behavior suggests that correlated nuclear systematics can be
leveraged to inform photonuclear modeling in sparsely con-
strained regions of the chart of nuclides.

In the study of 239Pu and 235U presented herein, no
reaction-model parameters are shared directly between iso-
topes; however, the inclusion of photofission cross-section ra-
tio measurements introduces correlated constraints between
the corresponding parameter spaces. The analysis simul-
taneously incorporates cross sections across six channels
[(γ , Xn), (γ , 1n), (γ , 2n), (γ , fis), (γ , Sn), and (γ , abs)
[2]] for both isotopes within a unified Bayesian framework.
The resulting posterior distributions quantitatively identify
which reaction-model parameters are strongly constrained by
the available measurements in these reaction channels and
which remain weakly informed. More broadly, the framework
enables systematic investigation of correlated constraints,
parameter sensitivities, and potential tensions between the-
oretical descriptions and experimental observables across
isotopes and reaction channels. In particular, the longstanding
discrepancy in the 235U (γ , fis) channel is revisited within a
framework that incorporates information from multiple reac-
tion channels and isotopes simultaneously.

The emulator architecture and training methodology are
described in Sec. II. The Bayesian framework used to con-
dition the photonuclear reaction model on experimental data
is presented in Sec. III, followed by results and discus-
sion in Sec. IV, where we examine correlated parameter
constraints, model-data tensions, and inconsistencies across
reaction channels and isotopes within emulator-driven evalu-
ations. Finally, conclusions are provided in Sec. V.

II. DEEP LEARNING EMULATOR

A. Problem formulation

The deep-learning-based emulator is designed to reproduce
the behavior of the COH3 photonuclear reaction model with
high computational efficiency, enabling consistent applica-
tion across energies and reaction channels during evaluations.
The COH3 model predicts photonuclear cross sections for a
given nucleus based on a set of nuclear-structure and reaction
parameters. Mathematically, the emulator seeks to learn the
functional mapping from model inputs X to photonuclear
reaction cross sections σZA,

X �→ σZA(γ , c)(Eγ ), (1)

for all nuclei considered, each uniquely defined by the proton
number Z and mass number A. The nuclei considered for
this work are defined by an euclidean distance from the line
of stability (excluding very light isotopes A < 20) and can
be visualized later in Fig. 3. For a given nucleus, Eγ is the
incident photon energy and c indicates the reaction channel.
We define K = 6 reaction channels in the set C:

C = {Xn, 1n, 2n, Sn, abs, fis} (ordered),

ck ∈ C, k = 1, . . . , 6. (2)

The physical interpretations of each ck are as defined in
Ref. [2]: Xn is the photoneutron production cross section (in-
cluding multiplicity), 1n and 2n are the single and double
neutron emission cross sections, Sn is the total photoneutron
cross section (not including multiplicity), abs is the total pho-
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toabsorption cross section, and fis is the photofission cross
section.

The input parameters, Xi ⊂ RpX , form a fixed-order vector
in which each dimension corresponds to a specific physical
model parameter. Consequently, the model is not permutation
invariant, as reordering the inputs would alter their physical
interpretation and therefore the model output. We can unpack
X into smaller fixed-order subsets based on the physics inter-
pretation,

X ≡ [N , �,F ,�, β], (3)

where Ni ⊂ RpN are fundamental nuclear parameters, �i ⊂
Rp� are GDR parameters, Fi ⊂ RpF are fission-barrier
descriptors (if applicable), �i ⊂ Rp� are level density param-
eters, and βi ⊂ Rpβ are deformation parameters.

The collection of fundamental nuclear parameters, N , is
unique to each nucleus and includes known quantities such as
the proton and mass numbers and is detailed in the Appendix.
In contrast, the other input parameter subsets represent semi-
empirical (phenomenological) nuclear model parameters that
are not precisely known for any nuclei.

The model input for � has a dimension p� = 18 which de-
scribes six GDRs, each with three parameters that characterize
the resonance energy, width, and strength. The six GDRs are
defined for E1, M1, E2, and M2 transitions, with E1 and
M1 transitions represented by up to two Lorentzians (denoted
a and b) to account for nuclear deformation [15]. The E1a

and E1b modes are modeled by a modified Lorentzian, while
the remaining modes follow standard Lorentzian parametriza-
tions. The model input for F has a dimension pF = 16
describing double-hump fission barriers for first, second,
third, and fourth chance fission. Each fission barrier is given
a height and curvature parameter for each hump, while the
inertia parameter is ignored and the default in COH3 is taken.
Level density information is required not only for the target
nucleus but also for the daughter nuclei that appear as interme-
diate compound systems during particle emission. Channels
such as (γ , 1n) and (γ , 2n) involve sequential decays, and
the level densities of each intermediate nucleus affect the
branching ratios and final reaction yields. The model input,
therefore, takes three level density parameters for each rel-
evant nucleus, resulting in dimension p� = 3. Finally, there
are three deformation parameters (i.e., β = [β2, β4, β6]) in the
input, giving dimension pβ = 3 corresponding to quadrupole,
hexadecapole, and hexacontatetrapole distortions of the nu-
cleus shape [16].

For each nucleus, the prediction target is yZA ∈ Rq, which
is a vector of cross-section predictions at different photon
energies and reaction channels. All reaction channels share a
common photon-energy grid of L = 99 linearly spaced points
from 0.01 to 30 MeV:

E� = 0.01 + (� − 1)�E ,

�E = 30 − 0.01

99 − 1
≈ 0.306 MeV, � = 1, . . . , 99. (4)

For each reaction channel c ∈ C, let σZA(γ , c) : R → R de-
note the cross section (e.g., in barns) for nucleus ZA forming

the channel-by-energy matrix Y ∈ RC×L with entries

Yk,� = σZA(γ , ck )(E�), k = 1, . . . , 6, � = 1, . . . , 99.

The prediction vector yZA ∈ Rq (with q = K × L ≡ 594) is
obtained by concatenating the energy-ordered values for each
channel (in a fixed channel order):

yZA = [σZA(γ , c1)(E1), . . . , σZA(γ , c1)(E99), . . . ,

σZA(γ , c6)(E1), . . . , σZA(γ , c6)(E99)]� = vec(Y �).

(5)

The full training dataset is then

D = {(Ni, �i,Fi,�i, βi,Yi )}M
i=1, (6)

where each entry contains one set of input parameters, includ-
ing nuclear identifiers Ni, GDR parameters �i, fission-barrier
descriptors Fi, level density parameters �i, and deformation
parameters βi, paired with the corresponding COH3-generated
cross section matrix Yi. All nuclei (1150) contribute the same
number of parameter samples (10 000) to ensure a balanced
dataset, for a total dataset size M of 11.5 million.

B. Data preprocessing

Before training the neural network (NN), the dataset
D is scaled and transformed to improve numerical sta-
bility and training convergence. The input parameters
(Ni, �i,Fi,�i, βi ) are normalized to zero mean and unit
variance. The prediction targets, (Yi,c(E )), where c indices
correspond to reaction channels, are similarly first normalized
and subsequently transformed to logarithmic space as

Y ′
i,c(E ) = ln

(
1 + Yi,c(E )

Y0,c

)
, (7)

where Y0,c is a fixed channel-dependent reference value deter-
mined from the training set. This transformation compresses
the dynamic range of the cross sections and avoids depen-
dence on the absolute scale of Yi,c. The transformed targets
are then rescaled to the interval [0,1] for each reaction channel
according to

Ỹi,c(E ) = Y ′
i,c(E ) − Y ′

c,min

Y ′
c,max − Y ′

c,min

. (8)

These transformations balance the loss across reaction chan-
nels and prevent channels with larger absolute magnitudes
from dominating the training. In cases where input param-
eters are unknown, zero imputation, which corresponds to
mean imputation after standardization of the inputs, was ap-
plied. The missing features are restricted to quantities such as
isospin or Jπ that may not be well established for more exotic
nuclei. This allows the network to process nuclei with incom-
plete parameters in subset N without discarding valid data. In
addition, loss masking, where unavailable target elements are
excluded from the loss computation, was used to handle cases
where elements of the prediction target were missing. Because
the network predicts multiple values for each input sample
i (i.e., Yi spans reaction channels k and energy points l),
occasional target elements may be unavailable due to compu-
tational or numerical errors. Rather than removing the entire
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training sample, Di, the loss contribution from zero-imputed
element of Yk,l is set to zero, while the model is allowed to
learn from the other elements.

C. Model architecture and training objective

The emulator model was built in PYTHON using the KERAS

API [17] with TensorFlow [18] as the backend. The network
is structured as a dense (or fully connected) architecture with
three hidden layers of widths of 1024, 2048, and 1024 neu-
rons, respectively. Each hidden layer employs a rectified linear
unit (ReLU) activation function [19]. The input layer employs
batch normalization to stabilize training, while the output
layer employs a softplus activation that enforces a physical
constraint that all predicted cross sections remain positive.

The loss function combines a mean-squared-error (MSE)
term with additional penalty terms that impose soft physical
and functional constraints. The model is trained by minimiz-
ing the following loss function:

θ∗ = arg min
θ

1

M

M∑
i=1

[( ˆ̃Yi − Ỹi )
2 + λphys Rphys(Ŷi )

+ λdv Rdv(Ŷi,Yi )], (9)

where θ represents the network parameter vector, M is the out-
put dimension, ˆ̃Y denotes the network prediction in the trans-
formed target space, and Ŷ is the corresponding prediction in
physical cross-section space obtained through the inverse of
the transformations given in Eqs. (7) and (8). λphys and λdv are
non-negative weighting coefficients that control the relative
strength of the physics-based and derivative-consistency reg-
ularization terms. The physics-informed regularization terms
are evaluated in the physical cross section space, Ŷ , rather than
in the transformed training space. The derivative-consistency
regularization term is computed as

Rdv = 1

N

N∑
i=1

(
∂Ŷi

∂Eγ

− ∂Yi

∂Eγ

)2

, (10)

where the derivatives are evaluated using central finite dif-
ferences for interior points and forward and backward finite
differences at the boundaries. The weighting hyperparameter
(λdv) was set to 1.0 such that deviations in function values and
derivatives contribute equally to the loss.

The physics penalty Rphys calculates the mean-squared vi-
olation of the channel constraint,

σ (γ , Xn)(Eγ ) � σ (γ , 1n)(Eγ ) + 2σ (γ , 2n)(Eγ )

+ σ (γ , fis)(Eγ ). (11)

The hyperparameter λphys was selected by increasing from
zero until the constraint was not violated. This was done with
a coarse step size because the training was robust against
this hyperparameter, and very few violations occurred when
λphys = 0.

Explicit regularization, such as L1 and L2 weight penalties
and dropout, was not implemented into the loss function or
any of the hidden layers as the purpose of this network is
to emulate COH3 exactly rather than to generalize beyond

it, and no symptoms of overfitting were observed in the test
set. Early stopping based on a test set, which can sometimes
be interpreted as a regularization technique, was employed
to reduce computational cost and to enable fair comparison
of networks of different sizes during initial NN architecture
tuning. While batch normalization and the physics-based soft
constraints can have stabilizing effects, they are not employed
as regularization; rather, they serve to ensure numerical sta-
bility and physical consistency. Optimization was performed
using the Adam stochastic gradient descent [19,20] with a
learning rate of 0.001.

Training directly on the entire dataset led to slower conver-
gence, so a warm start strategy was adopted to improve the
global objective and overall training time. In this approach,
θ0 came from first training on several subsets of D that each
contained only one nuclei (i.e., input parameters N are all
constant and the model learns the relationship for the phe-
nomenological parameters). These models converged to θ∗

ZA
quickly, and θ0 was calculated as the average of all θ∗

ZA.

D. Generating training data

For a given nucleus, the parameters N are generally well-
known and determined through theoretical and experimental
developments that do not involve photoreaction cross sections.
These data were compiled from the IAEA Live Chart of
Nuclides [21], which is largely informed by the Evaluated
Nuclear Structure Data File [22]. Conversely, the parame-
ters �, F , �, and β are generally determined through, or
at least adjusted during, evaluation of experimental photore-
action data. It follows that the goal of the emulator is to
find the mapping in Eq. (1) within some reasonable phase
space of parameters �, F , �, and β. For a given nucleus,
we define that phase space as a hypercube centered at a vector
of prior best estimates for the unknown physics parameters,
πZA = [�,F ,�, β]. The size of the phase space is set by a
multiplicative parameter u, giving the lower bound (1 − u)πZA

and the upper bound (1 + u)πZA.
The prior parameter estimates πZA were determined from a

combination of tabulated databases and systematic equations.
Because complete databases exist for fission barrier parame-
ters and deformation parameters, central parameter estimates
were taken from Refs. [23] and [16], respectively. While the
referenced database for fission barrier parameters was in-
tended for neutron-induced reactions, no analogous database
exists for photon-induced reactions. The emulator parameter
space was therefore selected to be sufficiently broad to encom-
pass parameter values relevant to photon-induced reactions.
For an isotope with N neutrons, fission barrier parameters are
given for isotopes N through N − 3. Isovector GDR parame-
ters (E1 transitions) are obtained from a compiled database by
the IAEA CRP [24] using experimentally determined param-
eters when available and systematic equations otherwise. For
higher-order GDR parameters, the systematic equations found
in Chap. 9 of the TALYS manual [15] were used. If the nucleus
is deformed, E1 and M1 transitions were allowed two GDR
modes, both centered at the energies given by the systematic
equations. The COH3 code employs the Gilbert-Cameron level
density model [25] by default; the parameters � act as scaling
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FIG. 1. Schematic of five-fold cross-validation for holdout nu-
clei. Each column represents onefold with an independent 1/5 split
of nuclei used as the held-out test set (blue), while the remaining
four splits (gray) form the training data. Within each training set,
a stratified 90-10 split of train-validation samples across nuclei is
applied to monitor early stopping (illustrated for fold 5).

factors on the asymptotic level density parameter and, for an
isotope with N neutrons, are given for isotopes N through
N − 3. The COH3 code automatically recalculates relevant
fission level densities when the level density is adjusted.

For this work, we defined the phase space with u = 0.4
for all nuclei based on the intuition that the compiled central
physics parameters πZA should be within 40% of the values
that best explain measured data (unless in the presence of
strong experimental bias). Latin Hypercube Sampling, imple-
mented in SciPy [26], was used to generate samples uniformly
across the defined phase space. These samples were then
formatted as inputs to COH3 to generate labels and target data.

For the COH3 calculations, discrete level information up to a
default cutoff are taken from the Reference Input Parameter
Library (RIPL) database [27]. Calculation of the prompt-
fission neutron spectra using the Madland-Nix model [28] was
done within COH3 to be able to analyze the (γ , Xn) channel
because it includes fission multiplicity. Pre-equilibrium par-
ticle emission was also included. Other default behavior of
the COH3 code can be found in its manual and associated
publications. The Koning-Delaroch neutron potential [6] was
used in these calculations. Other charged particle potentials
were neglected in the training data. For high-Z nuclei, such as
the actinides evaluated later in this article, this approximation
has little-to-no impact. For lighter isotopes, particularly below
Z ≈ 30, this is a poor approximation of reality. Both of these
statements are validated in the Appendix. While this physics
approximation used to train the emulator limits its applica-
bility to real-world data in the low-Z regime, such nuclei
were nevertheless included in the training set to demonstrate
the emulator’s ability to learn underlying physical trends and
exploit correlations across the chart of nuclides.

E. Dataset partitioning strategy

Two separate train-test strategies were used. The first is
a 10% test split stratified across nuclei (i.e., each nuclei has
9000 train and 1000 test samples randomly selected). This
is a standard strategy, and the resulting model can be seen
as the best-performing global emulator. The second strategy
employs five-fold cross-validation over held-out nuclei to
quantify generalization to previously unseen nuclei. Unlike

FIG. 2. Reaction cross sections predicted by the emulator and calculated with COH3. An example of the best, median, and worst cases in
the test set is shown (i.e., the 1st, 50th, and 99th quantiles).
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FIG. 3. Global emulator test performance (MSE) plotted on the
chart of nuclei.

the first strategy, this approach produces five emulator models,
each trained on a reduced subset of nuclei; as a result, no
single model achieves the same level of global performance
as the first strategy. Each of the five folds (split across nuclei)
also includes an identical split across samples as in the first
strategy: a stratified 10% train-test split across the nuclei in
the training set to monitor performance for early stopping (see
Fig. 1).

F. Emulator performance

1. Global emulator

This section details the performance of the best-performing
global emulator that was built as detailed in the previous
sections and trained with the first, standard data partitioning
strategy (i.e., no holdout isotopes). To illustrate emulator per-
formance, Fig. 2 compares predicted (emulator) versus true
(COH3) cross sections for test samples at the 1st, 50th, and
99th quantile of mean squared error (MSE). These represent
the best-, median-, and worst-performing cases across all nu-
clei.

More global metrics can provide a broader assessment of
emulator performance in different physics regions. For exam-
ple, Fig. 3 shows the MSE for test samples as a function of
the evaluated nucleus. A nearly monotonic trend of worsening
performance is seen as nuclei become heavier. Standard error
metrics evaluated on the test data are shown in Table I. These
metrics are given across the entire test set (aggregate) and for
each individual reaction channel in the test set. The metrics are
root mean squared error (RMSE), mean absolute error (MAE),
median absolute error (MedAE), and mean absolute scaled
error (MASE). The MASE provides a scale-invariant metric
(with respect to the cross-section magnitudes) that is calcu-
lated as the MAE divided by the mean absolute deviation. A
relative metric such as mean absolute percent error (MAPE)
is not reported because it is not robust against the small values
of the reaction cross sections, particularly before thresholds,
resulting in a highly skewed metric.

TABLE I. Emulator error metrics evaluated on test data. Metrics
are evaluated on the entire test set (aggregate) and for each individual
reaction channel.

Channel RMSE MAE MedAE MASE

Aggregate 0.007 745 8 0.002 138 1 0.000 405 7 0.037 021 7
Xn 0.016 166 2 0.004 537 0 0.001 182 7 0.051 237 3
1n 0.005 177 1 0.002 171 4 0.000 586 2 0.049 083 5
2n 0.004 730 1 0.001 408 3 0.000 169 7 0.070 785 5
Sn 0.004 405 9 0.002 064 7 0.000 667 7 0.036 708 1
Abs 0.004 111 4 0.002 152 5 0.000 891 5 0.034 524 5
Fis 0.003 539 6 0.000 494 4 0.000 035 3 0.089 908 7

The test residuals are shown in Fig. 4 to assess the bias and
variance of errors across different reaction channels and inci-
dent photon energies. The predictions are mostly unbiased,
particularly when assessed using the median residual. The
average residual shows small bias near the peaks of several
reaction channels, likely skewed by a few large-magnitude
residuals that occur in the regions where the reaction cross
section itself is large.

A major motivation for the emulator is its dramatic im-
provement in computational speed. As discussed later in
Sec. IV, a standard evaluation of 239Pu would typically start
by generating pointwise cross sections with COH3 from sam-
pled input parameters (≈2500 samples to converge the prior
covariance matrix). Table II compares the CPU times for this
task using COH3 and the emulator. Once trained, the emulator
offers a speedup of approximately six orders of magnitude.

2. Holdout emulator performance

This section details the performance of the five emulator
models, each trained on a smaller subset of nuclei in the
five-fold cross-validation holdout study. While none of these
emulator models are expected to perform as well as the global
emulator, they give a robust indication of the global emulator’s
ability to learn underlying physics and generalize to unseen
nuclei. In each of the following metrics or figures, the per-
formance quantities are computed from the aggregated set of
held-out nuclei across all five folds, such that each nucleus
appears in the holdout set exactly once, enabling holdout
performance to be quantified for all nuclei shown in the chart.

A qualitative visualization of best-, median-, and worst-
performing cross-section predictions is given in Fig. 5.
Performance across the chart of nuclei is shown for holdout
nuclei in Fig. 6, standard error metrics are given in Table III,
and residual distributions are shown by reaction channel in
Fig. 7. Comparing these characterizations of holdout perfor-
mance to that of the Global emulator testing, similar trends
can be seen [e.g., worsening performance as nuclei become
heavier, largest residuals and other error metrics in the (γ , Xn)
channel, scale invariant MASE metric shows worst perfor-
mance in the (γ , fis) channel].
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FIG. 4. Characterization of emulator test residuals as a function of incident photon energy for the reaction channels indicated in the panel
labels.

III. ENHANCED BAYESIAN EVALUATION

A. Bayesian methods for evaluation

Nuclear data evaluators often take a Bayesian approach,
using theory or a previous evaluation as prior knowledge
and updating that prior knowledge with experimental data.
Analytic and numerical methods exist for solving a Bayesian
model, with the former used more prominently in the field of
nuclear data evaluation [29]. The analytic approach offers a
closed-form solution when the prior and likelihood distribu-
tions are in the same conjugate family—often a multivariate
normal distribution—and when the relationship between de-
pendent and independent parameters is algebraically linear.
This approach is often referred to as Bayesian generalized
least squares (GLS). Reference [11] notes two approaches for
incorporating a nuclear reaction model into the GLS frame-
work: (1) approximating the model with a first-order Taylor
expansion and imposing a prior distribution on the model
parameters (this approach is sometimes called generalized
linear least squares, GLLS), or (2) sampling model parameters
to get the mean and covariance of the corresponding cal-
culated observables, thereby encoding the model constraints
and prior knowledge to first order. The former approach pro-

TABLE II. Comparison of emulator and COH3 computation speed.

Model CPU (s) / 1 sample CPU (s) / 2500 samples

COH3 76.95 3.85 × 105

Emulator 3.17 × 10−5 0.16

vides posterior estimates for model parameters but must be
used in the limit of small parameter perturbations because
nuclear reaction models can be highly nonlinear [30]. The
latter can be less sensitive to model nonlinearities, but the
resulting posterior estimates are on the calculated observable
rather than the model parameters. Similarly, the Kalman filter
approach [31] is an analytic approach that can offer numerical
advantages but often reduces to the same matrix operations
used in Bayesian nuclear data evaluation, as in Ref. [32].

Monte Carlo methods, such as importance sampling or
Markov chain Monte Carlo (MCMC), provide solutions to
Bayesian models that subvert assumptions of Gaussian dis-
tributions and linearity. These methods have begun to be
explored in nuclear data evaluation for this purpose, par-
ticularly for composite observables such as ratio data [33].
MCMC algorithms draw samples directly from the posterior,
allowing for efficient sampling of complex posterior distribu-
tions with many parameters and/or hierarchical relationships.
This permits the inclusion of additional latent variables in the
Bayesian evaluation framework to represent deficiencies of
the model and/or the data, an approach with only a handful
of recent applications in nuclear data evaluation [34,35].

In this work, we leverage the No U-Turn Sampler (NUTS)
sampling kernel provided by TENSORFLOW via the PYTHON

API [18]. The NUTS kernel dynamically selects hyperpa-
rameters for an underlying Hamiltonian Monte Carlo (HMC)
sampling kernel, which uses first-order gradient information
to take more efficient steps than traditional “random walk” ap-
proaches. HMC can provide significantly better convergence
for high-dimensional, complex, and/or hierarchical posterior
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FIG. 5. Reaction cross sections predicted by the emulator and calculated with COH3. An example of the best, median, and worst cases in
the holdout sets is shown (i.e., the 1st, 50th, and 99th quantiles).

parameter spaces, while NUTS can greatly improve the ef-
ficiency and usability of HMC with on-the-fly selection of
step size [36,37]. These algorithms require the gradient of the
posterior log-probability function for each step, which can be
analytic in some cases but is more often done with autodiffer-
entiation in probabilistic programming languages (PPLs) such
as STAN [38]. In nuclear data evaluation, however, computing
these gradients is often computationally prohibitive or even
infeasible because the likelihood depends on high-fidelity
nuclear reaction models implemented in external codes that

FIG. 6. Holdout emulator performance (MSE) plotted on the
chart of nuclei.

cannot be readily translated into STAN or other PPLs. A key
advantage of the photonuclear reaction cross section emulator
is that it provides differentiable surrogate predictions, thereby
making gradients readily available and enabling the use of
efficient gradient-based sampling algorithms.

B. Demonstration on 235U and 239Pu

Available photonuclear reaction measurement data for
235U and 239Pu in the EXFOR database [1] were compiled
for use in evaluation. A summary of the datasets and their
corresponding EXFOR entry numbers is provided in Table IV.
It is well recognized in the field of nuclear data evaluation that
uncertainties listed in the EXFOR entry can be incomplete
or inaccurate. Therefore, we took the following approach: all
datasets were assigned their reported statistical uncertainties,
while a 10% systematic uncertainty was assigned to those
datasets for which no systematic uncertainty was reported.
Systematic uncertainties were assumed to be correlated
with respect to incident photon energy using a Gaussian
correlation model with a damping factor of 0.5, following
Ref. [39]. Under this assumption, measurements at nearby

TABLE III. Emulator error metrics evaluated on holdout nuclei
aggregated over all reaction channels.

RMSE MAE MedAE MASE

0.017 262 1 0.004 264 5 0.000 607 3 0.075 261 6
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FIG. 7. Characterization of emulator holdout residuals as a function of incident photon energy for the reaction channels indicated in the
panel labels.

photon energies are assigned stronger correlations, with the
correlations decreasing smoothly as the energy separation
increases. This treatment is necessarily approximate because
reported systematic uncertainties are likely attributed to latent
observables such as yields or multiplicity counts [2], and
conversion of such observables to reaction cross sections in-
volves nontrivial analyses (deconvolution in the case of yield

measurements or solving a linear system of equations in the
case of multiplicity counts). Derivative-based approaches to
accurately propagate systematic uncertainties require access
to the latent observables themselves, which are generally not
published. Even when such data are available, the derivatives
only enable first-order propagation of uncertainties, which
break down when uncertainties are large and analysis

TABLE IV. Experimental data curated for evaluation. Statistical uncertainty and systematic uncertainty columns have an X if the
information was provided in the EXFOR entry; otherwise, the attributed uncertainty is reported. The statistical uncertainties for both Katz et al.
data were found in the literature rather than in the EXFOR entry. Data in the 235U (γ , fis) channel are grayed out because they were excluded
from the evaluation; however, they are still visualized in later figures for comparison.

Author Year Nuclei Channel EXFOR entry Stat. unc. Sys. unc.

Katz et al. [40] 1957 239Pu (γ , Xn) L0091.005 25% 10%
Katz et al. [40] 1957 239Pu (γ , fis) L0085.008 30% 10%
Bowman et al. [41] 1964 235U (γ , Xn) M0601.003 X 10%
Bowman et al. [41] 1964 235U (γ , fis) M0601.002 X 10%
Shapiro et al. [42] 1971 239Pu (γ , fis) L0084.003 X X
Gurevich et al. [43] 1976 235U (γ , abs) M0090.003 X 10%
Gurevich et al. [43] 1976 239Pu (γ , abs) M0090.005 X 10%
Caldwell et al. [44] 1980 235U (γ , Xn) L0050.009 X X
Caldwell et al. [44] 1980 235U (γ , 1n) L0050.006 X X
Caldwell et al. [44] 1980 235U (γ , 2n) L0050.007 X X
Caldwell et al. [44] 1980 235U (γ , Sn) L0050.032 X X
Caldwell et al. [44] 1980 235U (γ , fis) L0050.008 X X
Ries et al. [45] 1984 235U (γ , fis) M0492.002 X X
Berman et al. [46] 1986 239Pu (γ , Xn) L0058.015 X X
Berman et al. [46] 1986 239Pu (γ , 1n) L0058.012 X X
Berman et al. [46] 1986 239Pu (γ , 2n) L0058.013 X X
Berman et al. [46] 1986 239Pu (γ , fis) L0058.014 X X
De Moraes et al. [47] 1988 239Pu (γ , fis) M0406.003 X X
Krishichayan et al. [48] 2018 235U / 239Pu (γ , fis) ratio L0233.004 X X
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FIG. 8. Parameters and correlations for the Bayesian posterior with an informed prior distribution on the parameters. The upper fig-
ure shows correlations in the posterior parameter distributions, while the lower shows the relative movement of each parameter from its
prior value. The gray box in the lower plot shows one relative standard deviation for a given parameter. Definitions and ordering for specific
parameters within each parameter subset (E1, M1, E2, M2, F , �, and β) are given in the Appendix and in Table VI.

involves strongly nonlinear transformations. A more detailed
uncertainty analysis is outside the scope of this demonstration
but would be valuable if done retroactively for past data and
should be considered for any new experimental campaigns.

Experimental data in the 235U (γ , fis) channel were ex-
cluded from the evaluation; that is, the data by Bowman
(1964), Caldwell (1980), and Ries (1984). Data in this channel
were excluded because there are unresolved discrepancies
between the different measurements, which have significant
implications for the cross-section magnitude where the GDR
dominates. This has been a major topic of discussion for
evaluators, with modern evaluations like ENDF/B [3,49–51]
adopting the reasoning and evaluation of Varlamov [52]. In an
attempt to further explore this long-standing issue, we lever-
age the joint evaluation framework to inform the 235U (γ , fis)
channel through other isotopes and channels. By excluding the
discrepant data completely, we answer the question: what 235U
(γ , fis) cross section is most consistent with an evaluation of
other channels?

Lastly, parameter values used to define the center point for
the emulator phase space in Sec. II D were taken as the mean
of a global Bayesian prior for the physics parameters of each
nucleus. All parameters were assigned independent Gaussian
priors. GDR parameters were given a standard deviation of
10%, while fission barrier, level density, and deformation pa-
rameters were given a standard deviation of 5%. The prior
uncertainties assigned to the GDR parameters are approx-
imate estimates informed by the expected accuracy of the
systematic relationships used to define their mean values.
Similarly, the prior uncertainties for the remaining param-
eters were chosen based on expert judgment rather than a
formal quantitative procedure. Nevertheless, adopting simple
prescriptions of 10% and 5% is desirable for reproducibility
and transparency. Prior predictive distributions were also used
to assess the suitability of these choices. In particular, they
indicated that certain parameters, such as the fission barriers,
required tighter priors to meaningfully constrain the reaction
cross sections. For example, assigning a 10% prior uncertainty
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FIG. 9. Posterior-predictive reaction cross section distributions compared with the experimental data for 235U. The prior-predictive is
visualized by the gray contours in the background, while the different colored posteriors represent two different treatments in the Bayesian
evaluation model (Posterior in blue indicates an informed prior while the MLE in green indicates the maximum likelihood or best fit to the
data). The dark red line shows the current ENDF/B VIII.1 [3] evaluation.

to the fission barriers produced an excessively broad prior pre-
dictive distribution. This prior π , defined for 235U and 239Pu,
was conditioned on the experimental data using a multivariate
normal likelihood function with a full covariance given by the
statistical and systematic uncertainties defined previously. In
addition to this proper posterior model, a maximum likelihood
model (maximum likelihood estimator, or MLE) was also fit
to the data. That is, the prior parameter model was removed
such that the resulting posterior is informed completely by
the data likelihood. In this case, the HMC sampler was con-
strained to the same phase space in which the emulator was
trained and validated (i.e., 40% from the centered or mean
parameter values) to ensure physically meaningful inference
and to avoid the likelihood optimization exploiting unvali-
dated regions of the emulator input space that could produce
artificially good agreement with the data.

IV. EVALUATION RESULTS AND DISCUSSION

The MCMC approach generates samples from the joint
posterior across all model parameters. The mean and

standard deviation of parameter priors and posteriors are
given in the Appendix, while Fig. 8 shows the corre-
lation between each of the physics parameters in the
upper plot, and the lower plot shows the relative move-
ment of the posterior from its prior location for each
parameter.

In general, strong positive and negative correlations are
observed among the E1 GDR parameters. Similarly, the first
fission barrier and level density parameters, corresponding to
the compound nucleus, with subsequent components along
the parameter vector representing daughter nuclei follow-
ing neutron emission exhibit strong correlations both within
and between parameter groups. Many of these intra-isotope
correlations have a direct physical interpretation within the
underlying reaction model. For example, it makes physical
sense that the first and second fission barrier heights show
strong correlations; these are positive for 235U and negative
for 239Pu, which relates to the observed shape of the data.
The nonzero interisotope correlations emerge naturally from
the joint posterior conditioned on the fission ratio data and
demonstrate that nonlinear experimental constraints propagate
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FIG. 10. Posterior-predictive reaction cross section distributions compared with the experimental data for 239Pu. The prior-predictive is
visualized by the gray contours in the background, while the different colored posteriors represent two different treatments in the Bayesian
evaluation model (Posterior in blue indicates an informed prior while the MLE in green indicates the maximum likelihood or best fit to the
data). The dark red line shows the current ENDF/B VIII.1 [3] evaluation.

consistently across nuclei within the evaluation framework
presented here.

The reaction model parameter values in the bottom panel
of Fig. 8 show that several parameters are pulled far from
their prior, particularly the E1 GDR, fission barriers, and level
densities. This result suggests some tension between the prior
and the data. Their displacement, along with minimal spread
in the posterior distribution, provides physically interpretable
evidence of which model components are most constrained
by the data. On the other hand, we see evidence that M1
and higher-order GDR parameters are less constrained by the
available reaction data.

Pushing the posterior parameter samples back through the
emulator results in a posterior-predictive distribution for re-
action cross sections. This is shown in Figs. 9, 10, and 11.
The prior-predictive distribution is visualized in gray, showing
the 80/20, 90/10, and 95/5 quantiles. These figures show two
additional results: (1) the current ENDF/B-VIII.1 evaluation,
and (2) the posterior predictive distribution for an evaluation
with no prior information; that is, the MLE.

Tension between the prior parameters and the data likeli-
hood was indicated in Fig. 8 by several parameter posteriors
moving significantly further than two standard deviations
from their prior value. It is similarly seen in the prior predic-
tive quantiles (gray shading in Figs. 9, 10, and 11), as they
do not provide good coverage for the data in the (γ , 1n),
(γ , 2n), and (γ , fis) channels for 235U and similarly in the
(γ , 1n) and (γ , 2n) channels for 239Pu. The posterior predic-
tive (blue shading) shows better coverage but still does not
fully describe data in the (γ , 1n) or (γ , 2n) channels for 239Pu
or the (γ , Sn) or (γ , fis) channel for 235U. Smaller discrep-
ancies between the posterior predictive and the data are also
seen in the bimodality of the (γ , Xn) and (γ , abs) channels
for 235U. By removing the prior parameter probability from
the Bayesian model, we can solve for the “best possible fit
to the data” allowed by the physics model (green shading).
This was done by solving the problem with a uninformative
prior (very large variance on prior parameter estimates) while
also constraining the MCMC samples to the phase space
within which the emulator is validated. This constraint is
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FIG. 11. Posterior-predictive distribution of the fission ratio
(235U to 239Pu) compared with the experimental data used in the
evaluation. The prior-predictive is visualized by the gray contours
in the background, while the different colored posteriors represent
two different treatments in the Bayesian evaluation model (posterior
in blue indicates an informed prior while the MLE in green indicates
the maximum likelihood or best fit to the data). The dark red line
shows the current ENDF/B VIII.1 [3] evaluation.

necessary because, in the absence of a prior on the parameters,
maximum-likelihood optimization could identify parameter
values outside the validated bounds of the physics emulator
that are physically unrealistic and/or provide good fits due to
emulator errors rather than true underlying physics.

Even in this case, the resulting posterior predictive
estimates fail to reproduce all experimental data within rea-
sonable uncertainty, with a lack of coverage occurring in
many of the same channels and energy regions as was seen
for the model incorporating an informative prior. In fact, the
posterior predictive distributions are nearly identical except
for a more pronounced bimodality in the composite reaction
channels and an increase in magnitude near the peak of several
reaction channels. This similarity indicates that the observed
discrepancies are not primarily driven by the prior assump-
tions but instead reflect limitations intrinsic to the current
model description or biases in experimental data. Parameters
for the MLE model, shown in Fig. 12, show much broader
distributions and often move much further from the prior or
centered values. For example, while parameters are still physi-
cally possible, the ±40% change seen in several fission barrier
heights for 235U is highly unlikely within current theoretical
expectations. Collectively, these results indicate that the lack
of coverage cannot be attributed to inaccurate prior knowledge
alone; rather, they provide evidence of a structural model-data
inconsistency.

This is further supported by known deficiencies in the
data, including the visually discrepant data in the 235U fission
channel. As discussed in Sec. III B, these data were excluded
from the evaluation. Still, the resulting reaction cross sec-
tion informed by all other reaction channels does not agree
with any of the available data, nor does it agree with the

ENDF/B evaluation informed by Varlamov in 1987. Our re-
sult is largely influenced by correlated constraints from the
other reaction channels, particularly the fission ratio data, and
suggests that either the available (γ , fis) measurements are
inconsistent with the correlated constraints imposed by the
remaining experimental data, or the physics model is unable
to fully reproduce the underlying physics. The interpreta-
tion proposed by Varlamov instead prioritizes agreement with
the local (γ , fis) measurements, allowing the evaluation to
move further from the underlying reaction-model constraints.
In contrast, the present framework enforces simultaneous
consistency across correlated observables, reaction channels,
and isotopes, substantially reducing the freedom available
for localized tuning of the (γ , fis) channel alone. As a re-
sult, the preferred (γ , fis) evaluation differs significantly from
the Varlamov interpretation. Ultimately, resolving these dis-
crepancies will require either new targeted measurements or
further development of the underlying physics model.

Similar indications of model-data inconsistency are also
observed in the neutron multiplicity channels. Neutron mul-
tiplicity sorting is a well-documented experimental challenge
for neutron-emitting channels, where finite neutron-detection
efficiency and event misidentification can cause higher-
multiplicity reactions to be reconstructed as lower-multiplicity
reactions resulting in anticorrelated bias in the (γ , 1n) and
(γ , 2n) channels. This interpretation is supported by the eval-
uation results, where the largest residual discrepancies and
poorest posterior predictive coverage consistently occur in the
neutron multiplicity channels after incorporating correlated
constraints from the remaining observables. These experimen-
tal concerns are known a priori but are supported by this
investigation because the most egregious indicators of dis-
crepancy in model and data are seen exactly in these neutron
multiplicity channels. In particular, the experimental (γ , 1n)
cross sections systematically exceed the posterior predictive
mean while the (γ , 2n) cross sections are systematically
suppressed, consistent with multiplicity misidentification
effects.

To resolve the persistent data discrepancies identified in
the partial neutron multiplicity channels and the 235U fission
channel, targeted (γ , 1n) and (γ , 2n) measurements using
quasimonoenergetic photon beams and high-efficiency neu-
tron detection are recommended. Where feasible, activation
measurements or other redundant observables, such as resid-
ual nuclei identification or n-γ coincidence techniques, could
be incorporated to provide independent validation of multi-
plicity assignments. For channels involving fission, advanced
charged-particle tracking detectors such as time projection
chambers (TPCs), which have demonstrated high-precision
fragment identification in neutron-induced fission measure-
ments, could provide improved event characterization and
systematic control in photonuclear experiments. Hybrid con-
figurations combining TPC-based fragment detection with
high-efficiency neutron arrays would further reduce ambiguity
in multiplicity assignments. Finally, experiments delivering
raw multiplicity counts, detector timestamps, and response
matrices, together with a detailed breakdown of systematic
uncertainties would allow for rigorous analysis and propaga-
tion of experimental systematics into the evaluation pipeline
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FIG. 12. Parameters and correlations for the maximum likelihood evaluation model. The upper figure shows correlations in the parameter
distributions, while the lower shows the relative movement of each parameter from its prior value. The gray box in the lower plot shows one
relative standard deviation for a given parameter. Definitions and ordering for specific parameters within each parameter subset (E1, M1, E2,
M2, F , �, and β) are given in the Appendix and in Table VI.

and directly address the multiplicity-sorting ambiguities high-
lighted here.

The posterior analysis enables a physically meaningful
identification of which model parameters require improved
validation. Parameters exhibiting large posterior shifts and
strong correlations, such as the E1 GDR and level density
parameters, reflect regions where experimental data exert sub-
stantial constraint. In contrast, parameters that undergo large
shifts under an uninformative prior yet fail to restore pre-
dictive coverage, which include several parameter groups in
this analysis, indicate structural limitations of the reaction
model or systematic bias in the experimental data, rather
than only restrictive prior knowledge. Importantly, many of
these parameters govern compound-nucleus physics and are
shared with neutron-induced reaction channels. Substantial
modification of these quantities would therefore impact es-
tablished neutron-reaction observables. Nevertheless, despite
this expanded parameter freedom, the neutron-multiplicity
and fission channels are not fully predictive, indicative of
experimental data discrepancies and biases. This distinction

between parameter uncertainty and structural inadequacy is
made explicit by the MCMC framework.

V. CONCLUSION

This article detailed the development of deep neural net-
works for photonuclear reaction cross-section calculations.
The global emulator, which can predict cross sections for over
one thousand nuclei, is able to emulate COH3 calculations to
within a few hundredths of a barn and offers a speedup of
six orders of magnitude. Additionally, the network showed a
promising ability to generalize to unseen nuclei (i.e., nuclei
that were not included in the training set). This result validates
that the network is learning underlying physical relationships
between input features and reaction cross sections that can
be translated from one isotope to another. Furthermore, it
points to a promising path for modeling nuclei in regimes
where state-of-the-art physics models are unreliable, provid-
ing a low-barrier, intermediate-fidelity modeling capability
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TABLE V. Ordered parameter sequence and description for fundamental nuclear parameters in subset Ni.

Ind. Sub. ind. Parameter Description

0 0 Z Proton number of the target nucleus
1 1 A Mass number of the target nucleus
2 2 BE Nuclear binding energy of the target nucleus
3 3 ME Mass excess of the target nucleus
4 4 Sn Neutron separation energy for target nucleus
5 5 Sp Proton separation energy for target nucleus
6 6 Sn (N − 1) Neutron separation energy for daughter nucleus after 1-neutron emission from the compound system
7 7 Sp (N − 1) Proton separation energy for daughter nucleus after 1-neutron emission from the compound system
8 8 electric quadrupole Electric quadrupole moment of the target nucleus
9 9 magnetic dipole Magnetic dipole moment of the target nucleus
10 10 half-life Half-life of the target nucleus
11 11 radius Charge radius of the target nucleus
12 12 Jπ Spin and parity of the ground state of the target nucleus
13 13 isospin Z component of the isospin of the ground state of the target nucleus

that can be used for exploratory studies and to help guide the
development of more rigorous theoretical models.

In this work, the speed and differentiability of the emulator
enable more advanced statistical modeling for the inference
of key physics parameters and their covariance. We solve a
Bayesian model with MCMC, which, if computationally fea-
sible, is preferred to traditional GLS approaches as it provides
more detailed information about physics parameters and is
not limited by assumptions. Relaxing the assumptions of the
GLS approach has several advantages. First, the distribution
of photoreaction cross sections is constrained to the physics
model exactly; thus, the samples are physical and capture
non-Gaussian or nonsymmetric behavior—both of which are
expected in the presence of nonlinear physics models. Sim-
ilarly, ratio data (which are nonlinear with respect to the
model by definition) or other observables can confidently be
incorporated, and shared physics parameters across isotopes
can be easily encoded into the Bayesian model.

The results identify partial neutron-multiplicity channels
and 235U photofission as areas of particularly low confidence.
Posterior distributions for the physics parameters further re-
veal which model components are meaningfully constrained
by the data, indicating that the M1 and higher-order GDR
contributions remain only weakly informed by existing mea-
surements. Our conclusions regarding 235U photofission differ
from the interpretation of Varlamov, which has been adopted
in the ENDF/B evaluation for many years. While that inter-
pretation prioritizes local agreement with individual (γ , fis)
measurements, even when inconsistent with correlated ob-
servables and reaction channels, the present analysis instead
enforces simultaneous consistency across the coupled multi-
channel data and the underlying reaction-model constraints.
The broader conclusion is that the currently available data
do not uniquely support a single interpretation, emphasizing
the need for both new targeted measurements and continued
development of photonuclear reaction theory.

Beyond the specific 235U and 239Pu study presented here,
the persistence of model-data tension under both informative
and uninformative priors highlights the broader importance
of explicitly treating model and experimental deficiencies

within Bayesian nuclear data evaluation, rather than implicitly
absorbing them through linearized updates. In contrast with
first-order GLS approaches, where deviations between theory
and experiment are effectively hidden within the update pro-
cedure, the MCMC framework enables such discrepancies to
be directly identified and quantified. While not explored in
detail here, the flexibility of the emulator-MCMC approach
also provides a practical pathway for incorporating explicit
discrepancy models and for systematically identifying the
measurements, reaction channels, and theoretical develop-
ments most needed to improve photonuclear reaction physics.
Although demonstrated here for photonuclear reactions, the
underlying methodology coupling an emulator to an MCMC
Bayesian framework is broadly applicable when conditioning
a physics model on experimental data, and observed general-
ization across neighboring isotopes additionally suggests that
correlated nuclear systematics learned by the emulator could
provide useful constraints in sparsely measured regions of
the nuclear chart. Future work will extend these studies for
235U and 239Pu, further develop the modeling framework, and
expand the analysis to include 238U, with the goal of more
systematically identifying areas requiring additional theoreti-
cal development.
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TABLE VI. Prior and posterior model parameters and standard deviations. For the prior, the mean and standard deviation fully describe
the Gaussian prior distribution, while the posterior distribution is not strictly Gaussian.

U-235 Pu-239

Parameter Prior Posterior Prior Posterior

E1 Ea 10.8200 ± 1.0820 10.9988 ± 0.0371 11.0700 ± 0.5535 11.1536 ± 0.0262
E1 Ga 3.8800 ± 0.3880 2.7741 ± 0.1077 3.2900 ± 0.3290 2.4790 ± 0.0942
E1 Sa 302.0211 ± 30.2021 299.8238 ± 1.2858 227.7679 ± 22.7768 242.2726 ± 1.3108
E1 Eb 13.8000 ± 1.3800 14.1348 ± 0.0454 14.0000 ± 1.4000 13.9003 ± 0.0408
E1 Gb 4.5400 ± 0.4540 5.1893 ± 0.1166 5.5100 ± 0.5510 5.4363 ± 0.1174
E1 Sb 319.3453 ± 31.9345 333.8649 ± 5.4610 358.1836 ± 35.8184 408.3583 ± 2.3812
M1 Ea 6.6440 ± 0.6644 6.9128 ± 0.5631 6.6067 ± 0.6607 6.0400 ± 0.4387
M1 Ga 4.0000 ± 0.4000 4.1878 ± 0.4394 4.0000 ± 0.4000 3.1941 ± 0.3134
M1 Sa 2.1764 ± 0.2176 2.2342 ± 0.2343 2.2074 ± 0.2207 2.1281 ± 0.2012
M1 Eb 6.6440 ± 0.6644 6.1176 ± 0.5261 6.6067 ± 0.6607 7.2340 ± 0.6387
M1 Gb 4.0000 ± 0.4000 4.9744 ± 0.4873 4.0000 ± 0.4000 3.4755 ± 0.3359
M1 Sb 2.1764 ± 0.2176 2.2491 ± 0.2213 2.2074 ± 0.2207 1.9612 ± 0.2079
E2 Ea 10.2091 ± 1.0209 9.2710 ± 0.8464 10.1518 ± 1.0152 10.0989 ± 0.9891
E2 Ga 3.2900 ± 0.3290 3.2279 ± 0.3126 3.2420 ± 0.3242 3.4327 ± 0.4129
E2 Sa 0.5958 ± 0.0596 0.5887 ± 0.0590 0.6242 ± 0.0624 0.6290 ± 0.0621
M2 Ea 6.6440 ± 0.6644 5.6027 ± 0.6079 6.6067 ± 0.6607 6.8346 ± 0.6131
M2 Ga 4.0000 ± 0.4000 4.0178 ± 0.3632 4.0000 ± 0.4000 4.2209 ± 0.3769
M2 Sa 0.0018 ± 0.0002 0.0017 ± 0.0002 0.0018 ± 0.0002 0.0018 ± 0.0002
Ha (N) 5.7000 ± 0.2850 5.8114 ± 0.0219 5.7500 ± 0.5750 5.7437 ± 0.1571
Ca (N) 0.4000 ± 0.0200 0.4081 ± 0.0209 0.7000 ± 0.0350 0.7304 ± 0.0372
Hb (N) 5.6000 ± 0.2800 4.1793 ± 0.1287 5.5500 ± 0.2775 5.6502 ± 0.0648
Cb (N) 0.3000 ± 0.0150 0.2886 ± 0.0145 0.6000 ± 0.0300 0.6400 ± 0.0317
Ha (N − 1) 6.0500 ± 0.3025 6.0763 ± 0.0373 5.4000 ± 0.2700 4.5824 ± 0.2069
Ca (N − 1) 1.0400 ± 0.0520 1.2504 ± 0.0496 0.7000 ± 0.0350 0.6837 ± 0.0350
Hb (N − 1) 5.4000 ± 0.2700 5.1044 ± 0.2201 5.1000 ± 0.2550 6.4656 ± 0.0477
Cb (N − 1) 0.6000 ± 0.0300 0.6477 ± 0.0328 0.6000 ± 0.0300 0.6084 ± 0.0304
Ha (N − 2) 5.9700 ± 0.2985 4.7874 ± 0.2313 5.8000 ± 0.2900 5.9982 ± 0.2863
Ca (N − 2) 0.8000 ± 0.0400 0.7170 ± 0.0358 0.8000 ± 0.0400 0.8278 ± 0.0418
Hb (N − 2) 5.4500 ± 0.2725 5.7735 ± 0.1870 5.8000 ± 0.2900 5.3859 ± 0.2633
Cb (N − 2) 0.5200 ± 0.0260 0.5164 ± 0.0256 0.5200 ± 0.0260 0.5087 ± 0.0262
Ha (N − 3) 5.8000 ± 0.2900 5.2820 ± 0.2568 6.0000 ± 0.3000 6.5013 ± 0.3268
Ca (N − 3) 1.0400 ± 0.0520 1.1088 ± 0.0568 1.0400 ± 0.0520 1.0781 ± 0.0544
Hb (N − 3) 5.1000 ± 0.2550 5.0252 ± 0.2363 5.0000 ± 0.2500 5.4501 ± 0.2847
Cb (N − 3) 0.6000 ± 0.0300 0.5938 ± 0.0293 0.6000 ± 0.0300 0.6411 ± 0.0327
D (N) 1.0000 ± 0.0500 1.2123 ± 0.0109 1.0000 ± 0.0500 1.1554 ± 0.0133
D (N − 1) 1.0000 ± 0.0500 1.2478 ± 0.0110 1.0000 ± 0.0500 1.1553 ± 0.0146
D (N − 2) 1.0000 ± 0.0500 1.0171 ± 0.0348 1.0000 ± 0.0500 0.8719 ± 0.0348
D (N − 3) 1.0000 ± 0.0500 0.9906 ± 0.0487 1.0000 ± 0.0500 0.9579 ± 0.0495
beta0 0.2141 ± 0.0107 0.2098 ± 0.0105 0.2223 ± 0.0111 0.2093 ± 0.0108
beta1 0.1092 ± 0.0055 0.1019 ± 0.0050 0.0949 ± 0.0047 0.1007 ± 0.0050
beta2 −0.0048 ± −0.0002 −0.0054 ± 0.0003 −0.0180 ± −0.0009 −0.0182 ± 0.0009

modeling code are not publicly available upon publication be-
cause it is not technically feasible and/or the cost of preparing,
depositing, and hosting the data would be prohibitive within
the terms of this research project. The data are available from
the authors upon reasonable request.

APPENDIX

Section II detailed the development of a deep neural net-
work emulator for photonuclear reaction cross sections that
spans multiple nuclei and a significant phase space of input

parameters. The network’s input features, X , are an ordered
sequence that can be separated into ordered subsets as

X ≡ [N , �,F ,�, β]. (A1)

Table V describes the ordered sequence for the fundamental
nuclear parameters used by the emulator. Prior and poste-
rior parameter values, along with uncertainties, are shown in
Table VI. In this table, the E1, M1, E2, and M2 GDR en-
ergies (in MeV) are given by Ea (or Eb if a bimodal GDR
is included), the widths (in MeV) are given by Ga (or Gb
if bimodal), and the peak value of the Lorentzian (in mb) is
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FIG. 13. External validation of Emulator predictions for 235U posterior parameter set. Posterior parameters inferred using the Emulator or
MCMC framework were used in COH3 to calculate photonuclear reaction cross sections (black) and validate the emulator predictions (green).
Additionally, the COH3 calculation was done including charged-particle potentials (red) to show negligible difference in the actinide region.

given by Sa (or Sb if bimodal). These parameters are ordered
as given in Table VI and belong to the network feature subset
� in Eq. (A1). The double-humped fission barrier parameters
are the heights (Ha or Hb) and curvatures (Ca or Cb), both in
MeV, given for nuclei (N) to (N − 3), denoted in parentheses.
Similarly, the level density scaling factors D (unitless) are
given for nuclei (N) to (N − 3), as denoted in the parentheses.
Lastly, the static deformation parameters for the target nucleus
are given by the beta parameters. The fission barrier param-
eters, level density scaling factors, and static deformation
parameters are all ordered as given in Table VI and belong
to the network feature subsets in Eq. (A1), F , �, and β,
respectively.

The posterior mean values were input to COH3 as a
means of further validating the emulator performance and the
methodology as a whole. The results in Figs. 13 and 14 com-
pare the emulator and COH3 predictions at these parameter
values. Good performance is seen, similar to the performance
in the test set. Finally, it was noted that the global emulator
was trained and tested on nuclei across the chart; however,
the data generated with COH3 did not include charged-particle

potentials. For real-world applications in the high-Z and ac-
tinide regions, this should be negligible at the incident photon
energy domain of interest due to the Coulomb barrier. This is
validated in Figs. 13 and 14 because an additional calculation
was done including the following particle potentials in COH3:

(1) Proton: Koning
(2) Alpha: Avrigeanu2009
(3) Deuteron: Bojowald
(4) Helium-3: Becchetti
(5) Triton: Becchetti

For 235U and 239Pu, these additional particle potentials
have no impact on the calculated photoreaction cross sec-
tions. These are expected to have an impact for lower-Z
nuclei and would limit the applicability of this specific em-
ulator for real-world evaluation. It is important to note that
the data generated from the physics model did not include
charged particle emission; therefore, the emulator does not
learn these effects. However, it is not tested on those effects
either since the test data was partitioned from the same set
of physics model calculations. Figure 15 shows a comparison
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FIG. 14. External validation of Emulator predictions for 239Pu posterior parameter set. Posterior parameters inferred using the Emulator or
MCMC framework were used in COH3 to calculate photonuclear reaction cross sections (black) and validate the emulator predictions (green).
Additionally, the COH3 calculation was done including charged particle potentials (red) to show negligible difference in the actinide region.

of COH3 calculations at the default or centered parameters,
both with and without the charged particle potentials for a few
nuclei at lower Z (39K, 63Cu, and 74Ge). Inclusion of these
charged-particle potentials reduces the neutron production

cross sections for 39K and 63Cu but becomes negligible for
74Ge. Of course, the photoabsorption cross section is the same
regardless.
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FIG. 15. Comparison of the impact of excluding charge particle potentials for nuclei with different Z. Solid lines include charged-particle
potentials, while dotted lines with black borders indicate reaction calculations using only the neutron potential. The colors indicate different
nuclei.
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