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Achieving this goal involves developing predictive theoretical models that allow us to understand the 
emergent phenomena associated with small-scale many-body quantum systems of finite size. The detailed 
quantum properties of nuclei depend on the intricate interplay of strong, weak, and electromagnetic 
interactions of nucleons and ultimately their quark and gluon constituents. A predictive theoretical 
description of nuclear properties requires an accurate solution of the nuclear many-body quantum 
problem — a formidable challenge that, even with the advent of super-computers, requires simplifying 
model assumptions with unknown model parameters that must be constrained by experimental 
observations.  

Fundamental to Understanding 

The importance of rare isotopes to the field of 
low-energy nuclear science has been 
demonstrated by the dramatic advancement in 
our understanding of nuclear matter over the 
past twenty years. We now recognize, for 
example, that long-standing tenets such as 
magic numbers are useful approximations for 
stable and near stable nuclei, but they may 
offer little to no predictive power for rare 
isotopes. Recent experiments with rare 
isotopes have shown other deficiencies and 
led to new insights for model extensions, 
such as multi-nucleon interactions, coupling 
to the continuum, and the role of the tensor 
force in nuclei. Our current understanding has 
benefited from technological improvements 
in experimental equipment and accelerators 
that have expanded the range of available 
isotopes and allow experiments to be 
performed with only a few atoms. Concurrent 
improvements in theoretical approaches and 
computational science have led to a more 
detailed understanding and pointed us in the 
direction for future advances.  

We are now positioned to take advantage of these developments, but are still lacking access to beams of 
the most critical rare isotopes. To advance our understanding further low-energy nuclear science needs 
timely completion of a new, more powerful experimental facility: the Facility for Rare Isotope Beams 
(FRIB). With FRIB, the field will have a clear path to achieve its overall scientific goals and answer the 
overarching questions stated above. Furthermore, FRIB will make possible the measurement of a majority 
of key nuclear reactions to produce a quantitative understanding of the nuclear properties and processes 
leading to the chemical history of the universe. FRIB will enable the U.S. nuclear science community to 
lead in this fast-evolving field. 

 
Figure 1: FRIB will yield answers to fundamental questions 
by exploration of the nuclear landscape and help unravel 
the history of the universe from the first seconds of the Big 
Bang to the present.  
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AI/ML/ANN– A simple overview

Typical Paradigms

ML Tasks: facial recognition, accelerator fault recognition, etc.
“find better performing battery cathode materials”
“is this a fraudulent credit card transaction?”
“find the precious needle in the haystack (signal from the noise)”
“is this a neutrinoless double beta decay event?”

AI General Tasks: Real time data => action to achieve a goal
Natural Language Processing/Understanding (NLP/NLU) -> Response (Siri, Alexa)

“Car!  Drive me to Chicago by fastest, legal, route”
“Ingenuity! Fly to specified new coordinates”
“Accelerator! Detect and adjust for incipient failures”

ANN Tasks: function approximation, classification, pattern detection, etc.
“determine non-linear approximation to complex data for interpolation and extrapolation”
“Map (Z,N) -> Y (discrete [spin,parity] or continuous [mass, quadrupole moment] observable )”
“Augment a chosen theory/model with corrections/predictions”

AI ⊂  ML ⊂  ANN
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DOE “AI for Science” Town Hall Meetings

Chicago AI for Science Town Hall 
Argonne National Laboratory 
July 22-23, 2019 

Oak Ridge AI for Science Town Hall 
Oak Ridge National Laboratory 
August 20-21, 2019 

Berkeley AI for Science Town Hall
Lawrence Berkeley National Laboratory
September 11-12, 2019 

Washington DC AI for Science Town Hall 
October 22-23, 2019 

Final report will include contributions from 1,000+ participants

350

350
400

400+

Biology, Physics, Mathematics, Accelerators, Computing, etc.

Adapted from Chris Tennant, Roundtable Meeting on AI/ML in NP Facilities, Jan. 30, 2020 
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Why is Machine Learning becoming so popular now?

• Advances in high-performance computers, advent of GPUs 
• Current and planned experiments => massive data sets to process
• Theory can be extended beyond current results with high-performance computers
• Physics can benefit from rapid advances in ML propelled by private sector investments
• A tipping point of initial physics achievements is reached => spurs further efforts
• Students attracted to the ML research applications – opening new career paths

Opportunity: landscape of ML algorithms is large and diverse.
Some examples:

• Artificial neural networks
• Dimensional reduction
• Clustering
• Decision Tree
• Regression
• Deep Learning
• Gaussian Processes



Artificial Neural Networks (ANNs)

Artificial Neural Networks (ANNs)
computer algorithms inspired by
the structure and function of the
brain:

learning

memorizing

generalizing

capable to store knowledge and
apply this knowledge to make
predictions

learning process

composed of a number of
interconnected processing
elements called artificial neurons
(ANs) which are models of the
biological neurons

Fig. 2: Biological Neuron.
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Types of Artificial Neural Networks

Feed-forward multi-layer ANN
successive layers of units
connections from every unit in one layer to every unit in the next layer
no feed-back loops
propagates the input through all the layers

Functional link ANN
similar to feed-forward multi-layer ANN, except it has functional layer
means of implementing an activation function for the input layer
better performance in terms of computational time and accuracy of the
results

Convolutional ANN
connections from every unit in one layer to a subset of units in the next
layer
computer vision

Recurrent ANN
feedback connection in the propagation of the signal through the layers
context layer, the copy of the hidden layer from the previous state of
the network (previous iteration in the learning process)
the input layer is now extended with the units of the context layer
natural language applicationsG. A. Negoita, J. P. Vary, G. R. Luecke (ISU) ANNs for Nuclear Structure Calculations November 29, 2018 10 / 31



Feed-forward Multi-layer Artificial Neural Network

Feedforward Operation
Hidden unit net activation:

netj =
nÿ

i=1
xivji+vj0 =

nÿ

i=0
xivji

Hidden unit output:
yj = f (netj)
Output unit net activation:

netk =
mÿ

j=1
yjwkj+wk0 =

mÿ

j=0
yjwkj

Output unit output:
zk = h(netk)

input layer
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General Feedforward Operation

Case of feed-forward three-layer network with p output unit

gk(x) © zk = h

A
mÿ

j=1
wkj f

A
nÿ

i=1
vjixi + vj0

B

+ wk0

B

(k = 1, . . . , p)
(6)

Hidden layer activation function: hyperbolic tangent sigmoid

f (x) = tansig(x) = 2
1 + e≠2x

≠ 1 (7)

Output layer activation function:
h(x) = x (regression)
h(x) sigmoidal (classification)

G. A. Negoita, J. P. Vary, G. R. Luecke (ISU) ANNs for Nuclear Structure Calculations November 29, 2018 12 / 31



Training Algorithms

The use of an ANN is as
two-step process:

Training Stage
ANN modifies its
weights and biases
until an acceptable
error level between
desired and predicted
outputs (MSE) is
attained.

Testing Stage
The trained ANN is
tested over the data
of interest.

Training Algorithms:
several gradient descent methods:

Stochastic Gradient Descent (train)
Mini-Batch Gradient Descent
Full-Batch Gradient Descent (traingd)
Batch Gradient Descent with
Momentum (traingdm)

heuristic techniques:
variable learning rate backpropagation
resilient backpropagation (Rprop)

standard numerical optimization
techniques:

several conjugate gradient methods
(traincgf, traincgp, traincgb, Scaled
Conjugate Gradient (trainscg))
quasi-Newton (trainbfg, trainoss)
Levenberg-Marquardt (trainlm)

G. A. Negoita, J. P. Vary, G. R. Luecke (ISU) ANNs for Nuclear Structure Calculations November 29, 2018 15 / 31



Backpropagation Algorithm

provide an e�cient method for computing the gradient of error
functions
the weights are moved in the direction of the negative gradient

Select a network architecture.
Initialize the weights to small random values.
Present the network with training examples from training set.
On each step, sample an example drawn uniformly from the training.
For each training example

Forward pass: compute the net activations and outputs of each neuron

in the network with the current value of the weights, e.g., yj , zk

Backward pass: compute the errors for each neuron in the network,

e.g., ”k , ”j

Update weights as a function of the back-propagated errors

If the stopping criterion is satisfied, then stop: maximum number of

epochs, a minimum value of the error function evaluated for the

training data set, and the over–fitting point

G. A. Negoita, J. P. Vary, G. R. Luecke (ISU) ANNs for Nuclear Structure Calculations November 29, 2018 16 / 31



First paper in which neural networks used to model residuals between theory/model and experiment
S. Athanassopoulos, E. Mavrommatis, K. A. Gernoth, and J. W. Clark, “Nuclear mass systematics by complementing 
the Finite Range Droplet Model with neural networks,”  HNPS Advances in Nuclear Physics 14, 65-70 (2005).

Abstract
A neural-network model is developed to reproduce the differences between experimental
nuclear mass-excess values and the theoretical values given by the Finite Range Droplet Model. 
The results point to the existence of subtle regularities of nuclear structure not yet contained 
in the best microscopic/phenomenological models of atomic masses. Combining the FRDM 
and the neural-network model, we create a hybrid model with improved predictive performance 
on nuclear-mass systematics and related quantities.

Mass excess (Exp) – Mass excess (Thy) = Delta(N,Z) => 1620 = (1276 learning, 344 validating) 
data for training ANN + 529 additional nuclei (AME03) for later testing.

Þ Detect subtle regularities that point to improving the theory
Þ Use to predict “ANN corrected mass excess” for nuclei where Exp is unknown
Þ Hybrid = FRDM + ANN for differences betw FRDM & Exp Masses

ANN:  multi-layer feedforward (4-6-6-6-1) with 
“4” = (Z,N,parity(Z),parity(N)) and
“1” = mass excess difference from thy; 
169 weight parameters

RMSE ~ 410 keV for final test set using hybrid model 
developed in the paper while FRDM (HFB2) 
has ~580 keV (~670 keV) RMSE. Thus 410/580 
is residual after ANN improvement => window 
for possible physics improvements.

NUCLEAR MASS SYSTEMATICS... 69 

120 

Fig. 3. RMS mass-excess error per isotope chain, plotted versus atomic number ∆ 
for the full AME03 database. Results are shown for the hybrid, FRDM, and HFB2 
global mass formulas. 

Table 2 
Performance of global mass models for various quantities related to nuclear-mass 
systematics, quantified by the corresponding rms error over all cases involving 
AME03 nuclides [7] for which experimentally measured values are available. Nu-
merical entries are in MeV. 

Model 
S(p) S{2p) S(n) S{2n) Q(a) Q(ß~) 

(1968) (1836) (1988) (1937) (2039) (1868) 

FRDM ([3]) 0.40 

HFB2 ([4]) 0.49 

Neural net mass model ([5]) 0.53 

Neural net mass model ([6]) 0.56 

Hybrid model 0.36 

0.49 

0.51 

0.61 

0.49 

0.40 

0.40 

0.47 

0.48 

0.38 

0.35 

0.51 

0.46 

0.58 

0.46 

0.42 

0.61 

0.55 

0.67 

0.62 

0.48 

0.50 

0.60 

0.64 

0.53 

0.42 

5 Conclusions — Future steps 

Global semi-empirical models of atomic masses have reached a stage of sophisi-
cation such that sub-MeV accuracy is achievable in predicting the mass ex-
cess of newly created nuclides. At this stage one is naturally led to inquire 
whether the residual errors are "chaotic" or random in nature, arising from 
the fluctuation and interplay of a large number of small physical effects as 
well as some experimental error. We have addressed this question by creating 
a neural-network model that generates the difference between experimental 
mass excesses and the values given by a state-of-the-art global mass model, 
specifically, the Finite Range Droplet Model of Möller, Nix, and coworkers 
[3]. Our results suggest that a significant portion of the residual error (per-
haps 30-40%) can be treated systematically, i.e., some regularities remain to 
be extracted from the data. More extensive neural-network studies aimed at 
revealing the statistical behavior of the discrepancy are needed to test this 

http://epublishing.ekt.gr | e-Publisher: EKT | Downloaded at 23/05/2021 21:37:23 |

Case Study I-A
Machine Learning for Nuclear Mass Systematics  



Neufcourt, et al., 

• In light of the recent discovery of eight new isotopes 
of the elements phosphorus, sulfur, chlorine, argon, 
potassium, scandium, and calcium, we estimated the 
boundaries of nuclear existence in the calcium region 
with a full quantification of uncertainties, assessing 
the impact of the experimental discovery on nuclear 
structure research. 
• Using a Bayesian model averaging analysis based on 

Gaussian-process-based extrapolations we computed  
the posterior probability for each nucleus to be 
bound to neutron emission and make predictions, 
with quantified levels of certainty, for bound nuclides 
between silicon and titanium.

• The increase in the predictive power of 
microscopic models aided by the Bayesian Model 
Averaging is excellent.

• The proposed supervised machine learning 
methodology made it possible to quantify  
predictions’ uncertainties precisely and reliably.

• The proposed robust statistical extrapolation 
approach can be useful for assessing the impact 
of current and future experiments.

The nuclei with experimentally-
known masses lie to the left of a 
yellow line. Left of the red line lie 
nuclei that have been 
experimentally observed. Those 
awaiting discovery lie to the right of 
the line. The calculated limit of 
existence (probability >50 %) is 
indicated by the blue line. 

Objectives Impact

Neutron Drip Line in the Ca Region 
from Bayesian Model Averaging

• Publication: L. Neufcourt, Y. Cao, W. Nazarewicz, 
E. Olsen, and F. Viens, Phys. Rev. Lett. 122, 
062502 (2019). 

Accomplishments

I-C



M. Shelley and I. Pastore, “New Mass Model for Nuclear Astrophysics:
Crossing 200keV Accuracy,” Universe 7, 131 (2021) 

Duflo-Zucker (DZ10) model
~3200 data from AME2016
Gaussian Processes for residuals

GP predictions come with
error bars

Note different vertical scales
for the two figures

I-D



Case study II-A:  ML for Accelerator Diagnostics/Control
https://science.osti.gov/np/Highlights/2021/NP-2021-04-e

“In a two-week test of the system in March 2020, CEBAF experienced a few hundred faults 
that the system analyzed. It provided almost real-time feedback to operators, 
allowing them to use the information to recover faulted cavities quickly, 
reducing the time CEBAF’s electron beam was not available for research.”

Tennant, C., et al., Superconducting radio-frequency cavity fault classification using machine learning 
at Jefferson Laboratory, Phys. Rev. Accel. Beams 23, 114601 (2020). 
[DOI: 10.1103/PhysRevAccelBeams.23.114601] 

https://science.osti.gov/np/Highlights/2021/NP-2021-04-e
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• A decision tree is a binary tree structured classifier similar to
the right picture

• Boosting:

• extends one tree to several
       trees which form a forest 

• increases the statistical stability of the classifier and is 
able to drastically improve the separation performance 
compared to a single decision tree 

• For classification trees, the path down the tree to each leaf
node represents an individual cut sequence that selects
signal or background depending on the type of the leaf node

Decision Trees
8.13 Boosted Decision and Regression Trees 125

Figure 21: Schematic view of a decision tree. Starting from the root node, a sequence of binary splits using
the discriminating variables xi is applied to the data. Each split uses the variable that at this node gives the
best separation between signal and background when being cut on. The same variable may thus be used at
several nodes, while others might not be used at all. The leaf nodes at the bottom end of the tree are labeled
“S” for signal and “B” for background depending on the majority of events that end up in the respective
nodes. For regression trees, the node splitting is performed on the variable that gives the maximum decrease
in the average squared error when attributing a constant value of the target variable as output of the node,
given by the average of the training events in the corresponding (leaf) node (see Sec. 8.13.3).

8.13.1 Booking options

The boosted decision (regression) treee (BDT) classifier is booked via the command:

factory->BookMethod( Types::kBDT, "BDT", "<options>" );

Code Example 60: Booking of the BDT classifier: the first argument is a predefined enumerator, the second
argument is a user-defined string identifier, and the third argument is the configuration options string.
Individual options are separated by a ’:’. See Sec. 3.1.5 for more information on the booking.

Several configuration options are available to customize the BDT classifier. They are summarized
in Option Tables 25 and 27 and described in more detail in Sec. 8.13.2.

Adapted from Minghui Zhao, Iowa State University

II-B



Cuts vs Decision Tree/Forest ML
with Pythia-generated data

(very schematic)
Tree sorts data into 
2 electron buckets
1 gamma bucket
3 pion buckets

efpsL3a <= 7.43
gini = 0.67

samples = 240000
value = [80000, 80000, 80000] 

class = electron

efpsL1a <= 0.81
gini = 0.61

samples = 141180
value = [18719, 59505, 62956]

class = pion

True False

gini = 0.51
samples = 77841

value = [9533, 50967, 17341]
class = gamma

pointERatio <= 0.38
gini = 0.44

samples = 63339
value = [9186, 8538, 45615]

class = pion

gini = 0.36
samples = 51947

value = [5112, 6192, 40643]
class = pion

gini = 0.64
samples = 11392

value = [4074, 2346, 4972]
class = pion

pointE <= 17.31
gini = 0.54

samples = 98820
value = [61281, 20495, 17044] 

class = electron

pointERatio <= 0.28
gini = 0.62

samples = 39470
value = [19793, 8155, 11522] 

class = electron

gini = 0.46
samples = 59350

value = [41488, 12340, 5522] 
class = electron

gini = 0.66
samples = 24587

value = [8742, 6438, 9407]
class = pion

gini = 0.42
samples = 14883

value = [11051, 1717, 2115] 
class = electron

II-B

Adapted from Minghui Zhao, Iowa State University
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• Classified events using hit patterns. 

• It did not achieve better separation 

than traditional methods.

• It showed that it was possible to do 

though, and lay the groundwork for 

these techniques to be explored. 

• Modern analyses feature NNs across 

a wide range of applications.

The First Use of ANNs in Neutrino Physics

The SNO Experiments first use of a DNN in the 1990s.

II-C

Karl Warburton, Iowa State University Seminar, December 2020

F. Psihas, M. Groh, C. Tunnell and K. Warburton, “A Review of Machine Learning for Neutrino Experiments,” 
Int. J. Mod. Phys. A 35, 33 (2020); arXiv:  2008.01242



49What we aim to do in Neutrino Experiments – Topologies

𝟏𝒎

NOvA, neutrino 
oscillation

NEXT, neutrino-less double beta decay

ICE-Cube, oscillations and high energy neutrinos.

Neutrino interactions 

can look very different 

in different detectors. 

Cross-sections & oscillations

II-C

Karl Warburton, Iowa State University Seminar, December 2020

F. Psihas, M. Groh, C. Tunnell and K. Warburton, “A Review of Machine Learning for Neutrino Experiments,” 
Int. J. Mod. Phys. A 35, 33 (2020); arXiv:  2008.01242

NOvA & DUNE neutrino oscillation



Convolutional Neural Networks
• CNNs are used to classify images by applying filters to small 

patches of the image (using a convolution).
• Scans over the image with a number of M x N pixel filters. 

Saúl Alonso-Monsalve 51

Filter (learnable 
weights)

input image 
(7x7 pixels)

3x3 filter

Output (feature 
map, 5x5 pixels)

II-C

Saul Alonso-Monsalve, Neutrino Physics and Machine Learning (NPML), July 2020
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Premise: Allow the network to extract features rather 

selecting them a-priori. 

• Removes any biases which may be introduced from 

the traditional reconstruction algorithms. 

In Practice: Cast detector signals into maps and use CNNs 

to classify interactions in the style of image recognition. 

• Use image kernels to do this from 2D arrays. 

• Traditionally use an image-to-RGB tensor strategy.

Convolutional Neural Nets (CNNs)
II-C

Karl Warburton, Iowa State University Seminar, December 2020



DUNE CVN Architecture Overview

Saúl Alonso-Monsalve 57
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Each input image is 500 x 500 
pixels in size, corresponding to 
the images we get from the 
three wire readout planes.

B. Abi, et al., arXiv: 2006.1505

II-C

Saul Alonso-Monsalve, Neutrino Physics and Machine Learning (NPML), July 2020



Case Study II-D: Neutrinoless Double Beta Decay

M. Kekic, et al., ``Demonstration of background rejection using deep convolutional neural networks 
in the NEXT experiment,’'  JHEP 01 (2021) 189 [arXiv:2009.10783].

NEXT:  Neutrino Experiment on 136Xe with a TPC (Time Projection Chamber)
NEXT-100 to be commissioned in 2021 with 100Kg Xe, enriched to 136Xe(90%)

Convolution Neural Network Approach 
to separate SIGNAL (e-e-) from BACKGROUND
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• A network designed to perform 

background rejection for neutrinoless

double beta decay. 

• Equal numbers of signal and background 

events are used in training. 

• 2D projections of the detector readout  

(XY, YZ, XZ) are used as the RGB input 

for the network.

• Outperforms traditional reconstruction by 

between 20% and 60%. 

GoogLeNet and The First Applications of CNNs – NEXT

Pixel maps used by the NEXT experiment.

Top, a coarse voxelation (10 mm voxels) where structure at the end of the track is lost.

Bottom, a fine voxelation (2 mm voxels) where this structure is still visible.

J. Renneret al., “Background rejection in NEXT using deep neural networks,” J. Instrum.12,T01004–T01004 (2017).

II-D

Karl Warburton, Iowa State University Seminar, December 2020



“Feed-forward ANNs can be viewed as universal non-linear 
function approximators [Hornik 1989 & 1991]. Moreover, ANNs 
can find solution when algorithmic methods are computationally
intensive or do not exist. For this reason, ANNs are considered
a more powerful modeling method for mapping complex nonlinear
input-output problems.”

G. A. Negoita, G.R. Luecke, J.P. Vary, P. Maris, A.M. Shirokov,  I.J. Shin, Y. Kim, E.G. Ng and C. Yang,
“Deep Learning: A Tool for Computational Nuclear Physics”,  in Proceedings of the Ninth International 
Conference on Computational Logics, Algebras, 
Programming, Tools, and Benchmarking COMPUTATION TOOLS 2018;

Case Study III
Machine Learning to predict ab initio No-Core Shell Model (NCSM) results

“Training/testing data” supplied by ab initio NCSM results 
obtained on Leadership-Class supercomputers 

ANN

Predictions of exact NCSM results in the continuum limit



• Adopt realistic NN (and NNN) interaction(s) & renormalize as needed - retain induced 
many-body interactions: Chiral EFT interactions and Daejeon16

• Adopt the 3-D Harmonic Oscillator (HO) for the single-nucleon basis states, α, β,…
• Evaluate the nuclear Hamiltonian, H,  in basis space of HO (Slater) determinants 

(manages the bookkeepping of anti-symmetrization)
• Diagonalize this sparse many-body H in its “m-scheme” basis where [α =(n,l,j,mj,τz)]

• HO basis defined by                 where 
• Evaluate observables and compare with experiment

Comments
• Straightforward but computationally demanding => new algorithms/computers
• Requires convergence assessments and extrapolation tools
• Achievable for nuclei up to A=16 (40) today with largest computers available

� 

Φn = [aα
+ • • • aς

+]n 0

� 

n = 1,2,...,1010  or more!

No Core Shell Model 
A large sparse matrix eigenvalue problem

� 

H = Trel +VNN +V3N + • • •
H Ψi = Ei Ψi

Ψi = An
i

n= 0

∞

∑ Φn

Diagonalize Φm H Φn{ }

(Nmax ,!Ω) (2nα + lα )occ ≤∑  N0 + Nmax

III



NCCI calculations – main challenge
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Progress in Ab Initio Techniques in Nuclear Physics, Feb. 2015, TRIUMF, Vancouver – p. 4/50

(NNZ)

NCSM main challenge – computational limits  



Consider the goal of solving for the interaction energy and the radius of 6Li.
These are important test cases since available supercomputer calculations
can be used to train and test the validity of an ANN for predicting the first 
principles results.

Results of supercomputer calculations up to Nmax = 10 used for training/testing
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ANN Design

Topology:
hidden layer: hyperbolic tangent

sigmoid activation function
output layer: linear activation
function

The original dataset:
NCSM calculation results with
MFDn code using Daejeon16 at
19 selected values of ~� = 8 ≠ 50
MeV for all Nmax Æ threshold
test set (3/19 ¥ 16%)

3 random points for each Nmax

design set (16/19 ¥ 84%)
90% training

10% testing

Performance function: MSE
Training: Bayesian regularization

Feed-forward three-layer ANN:
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Fig. 5: ANN topological structure.

G. A. Negoita, J. P. Vary, G. R. Luecke (ISU) ANNs for Nuclear Structure Calculations November 29, 2018 20 / 31
Gianina Alina Negoita, James P. Vary, Glenn R. Luecke, Pieter Maris, Andrey M. Shirokov, Ik Jae Shin, 
Youngman Kim, Esmond G. Ng, Chao Yang, Matthew Lockner and Gurpur M. Prabhu, 
“Deep Learning: Extrapolation Tool for Computational Nuclear Physics,” PRC 99, 054308 (2019); arXiv: 1810.04009



G.A. Negoita, et al., “Deep Learning: Extrapolation Tool for Computational Nuclear Physics,” 
PRC 99, 054308 (2019); arXiv: 1810.04009

ANN results when training & testing data limited to Nmax 10≤
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Deep Learning: 
Extrapolation Tool for
Ab Initio Nuclear Theory,  
G.A. Negoita, et al., 
PRC 99, 054308 (2019);
arXiv:1810.04009
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Artificial Neural Networks applied to both No-Core Shell Model 
and Coupled Cluster results

• NNLOopt used for nucleon-nucleon interaction
• Adopts a sigmoid activation function (1 + e-x)-1
• Uses interpolation to augment the training data set
• Uses a Gaussian to downweight training data in the UV and IR regions 

~ employing a prior in Bayesian statistics
W. G. JIANG, G. HAGEN, AND T. PAPENBROCK PHYSICAL REVIEW C 100, 054326 (2019)

FIG. 6. Extrapolated results for 4He ground-state energy (upper
panel) and point-proton radius (lower panel) with NCSM data sets
from max(Nmax) = 10 to max(Nmax) = 20 employing neural network
(squares) and IR (circles) extrapolation. Error bars represent the
uncertainties of the extrapolations that are from changes in the initial
point in the training process.

Because the four-nucleon bound state of 4He is already well
converged with the maximum model space that NCSM calcu-
lation can reach, it is a good case to perform a benchmark
and study the performance of the neural network extrap-
olations. The networks are trained with different data sets
which contain the NCSM results from Nmax = 4 to the given
max(Nmax). For 4He, six data sets with max(Nmax) = 10 to
max(Nmax) = 20 are given, providing the neural network with
a sequence of mounting information. The extrapolation result
for the single neural network is given by the prediction of
Nmax = 100 when the observable value is virtually constant in
the interval 10MeV < h̄ω < 60MeV. With each data set, the
multiple neural network (containing 100 networks) is trained
with randomly initialized network values. The distribution
of the multiple neural network results is then fitted by the
Gaussian function. Finally, the recommended values of the
multiple neural networks are set to be the mean value µ and
the uncertainties are defined as the standard deviation σ of the
Gaussian.

Figure 6 shows the predictions and corresponding un-
certainties for the neural network approach compared with
the values obtained from the infrared (IR) extrapolations of
Ref. [22]. The error bars reflect the variations that are from
changes in the initial point in the training process. As we
can see, the uncertainty of the neural network predictions
decreases with increasing max(Nmax). This indicates that the
network is learning the pattern as the data set is enlarged. The
neural networks reach convergence after max(Nmax) = 16 and
their predictions agree with the IR extrapolations for both the

FIG. 7. Extrapolated results for 6Li ground-state energy (upper
panel) and point-proton radius (lower panel) with NCSM data sets
from max(Nmax) = 12 to max(Nmax) = 22 employing neural network
(squares) and IR (circles) extrapolation. Error bars represent the
uncertainties of the extrapolations that are from changes in the initial
point in the training process.

ground-state energy and point-proton radius. We note that the
two extrapolation methods exhibit different behaviors while
reaching identical converged values.

6Li is a more challenging task for both ab init io calcu-
lations and extrapolations. This is a weakly bound nucleus
where a weakly bound deuteron orbits the 4He core. Thus,
the radius is relatively large, and the calculated observables
converge slowly as the model space increases. This nucleus
is a good challenge for extrapolation methods. The results
for neural network extrapolations are shown in Fig. 7. For
the ground-state energy, the neural network gives Eg.s. =
−30.743 ± 0.061MeV with the largest data set max(Nmax) =
22 and the results start to converge when max(Nmax) reaches
16. As a long-range operator the radius converges even slower
than the energy, which makes it more difficult for the ex-
trapolation method to obtain a reliable prediction. With the
largest data set, the neural network extrapolated result is
rp = 2.471 ± 0.028 fm and the predictions start to converge
at max(Nmax) = 20. The error bars reflect the variations that
are from changes in the initial point in the training process.

So far, we have only studied the uncertainties from the
random starting point when training the network. To study
the robustness of the trained neural networks, we proceed as
follows. Once a network is trained, i.e., once its weights and
biases w are determined, we take a random vector (with com-
ponents drawn at random from a Gaussian distribution with
zero mean) #w in the space of weights and biases and adjust
its length such that the loss function fulfills L(w + #w) =
cL(w), with c = 2 or c = 10. These values are motivated

054326-6

4He 6Li

W.G. Jiang, G. Hagen and T. Papenbrock, Phys. Rev. C 100, 5 (2019)



Machine Learning-Based 
Inversion of Nuclear Responses

Impact
• A microscopic description of the interaction of nuclei

with electroweak probes is required for elucidating
aspects of short-range nuclear dynamics and for the
correct interpretation of neutrino-oscillation
experiments

• Quantum Monte Carlo methods compute imaginary-
time correlation functions, corresponding to the
Laplace transform of electroweak responses

• We introduced a physics-informed artificial neural
network (“Phys-NN”) suitable to invert the Laplace
transform and reliably reconstruct the electro-
magnetic response functions of atomic nuclei from
their corresponding Euclidean responses

• Phys-NN outperforms Maximum entropy, particularly
in the low-energy transfer region that is relevant for
oscillation experiments and muon-capture rates

Accomplishments
Publication: Krishnan et. al. "Machine learning-based
inversion of nuclear responses." Phys. Rev. C 103,
035502 (2021)

Objectives
•Reconstruct the energy dependence of electroweak

response functions from imaginary-time correlation
functions computed within quantum Monte Carlo
approaches

Top: Phys-NN outperforms MaxEnt as measured by the much
smaller values of the entropy SR;
Bottom: Phys-NN closer to the Original response than MaxEnt



Understand potential of machine learning (ML) 
algorithms for calibrating computationally 
expensive energy density functionals using 
parallel computing resources given:
• Available training/experimental data (100s) 

much smaller than flagship ML uses (millions+)
• Derivatives are not available

• Reveals that targeted optimization methods 
typically outperform zeroth-order ML 
methods when little data are available for 
training computationally expensive nuclear 
physics models

• Provides actionable guidelines and 
directions for future research for leveraging 
parallel physics simulations in an energy-
efficient manner

• Excellent results when applied to calibration 
of Fayans energy density functionals

Objectives Impact

Benchmarking Optimization & 
Supervised Machine Learning Methods

Publication: Bollapragada et al., J. Phys. G: 48
024001 (2021)

Accomplishments

Performance of best-tuned variants on an instance of 
calibrating the Fayans energy density functional. Solid 
lines indicate median performance; transparent bands 
indicate 25th-75th quantile performance. Best solutions 
are found in the allotted budget by POUNDERS; 
randomized methods achieve early reductions.
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Variational Monte Carlo calculations with 
artificial neural-network correlators

Impact 
• We used an artificial neural network to represent a 

nuclear correlation operator that takes as input the 
spatial and spin-isospin coordinates of the nucleons;

• We devised a dedicated stochastic reconfiguration 
algorithm to efficiently train the ANN;

• Using a LO pionless-EFT Hamiltonian, we proved 
that the ANN outperforms conventional Jastrow 
ansatz and perfectly reproduces the density profile 
of the nucleus, including the slow decaying tails;

Accomplishments  
• C. Adams, G. Carleo, A. Lovato, N. Rocco, arXiv 

2007.14282 (PRL in press)

Objectives 
• Devise accurate nuclear wave functions suitable for 

quantum Monte Carlo calculations that do not scale 
exponentially with the number of nucleons;

• Generalize artificial-neural network representations 
used in condensed-matter systems to explicitly 
account for the spin-isospin dependence of the 
nuclear force; 

Convergence of the stochasFc-reconfiguraFon training algorithm

Figure: point-nucleon density of 3H from the ANN and GFMC 
calculaFons;  



• In many cases, nuclear information is not available 
experimentally and must be provided by theoretical 
models using extreme extrapolations. 
• To take full advantage of the information contained 

in current nuclear models and in experimental data 
one can utilize Bayesian machine-learning 
techniques, such as Gaussian processes and Bayesian 
neural networks, to improve predictions.

• The increase in the predictive power of 
microscopic models aided by the statistical 
treatment is excellent.

• While both Gaussian processes and Bayesian 
neural networks reduce the  deviation from 
experiment significantly, the former offer a better 
and much more stable performance

• The proposed robust statistical extrapolation 
approach can be useful for assessing the impact 
of current and future experiments.

Figure: Extrapolations of two-neutron separation 
energies for the tin isotopic chain corrected with 
Bayesian Gaussian processes, combined for four 
representative models. The different models are 
consistent overall once the statistical correction and 
uncertainty are taken into account.

Objectives Impact

Bayesian approach to model-based 
extrapolation of nuclear observables

• Publication: L. Neufcourt, Y. Cao, W. Nazarewicz, 
and F. Viens, Phys. Rev. C 98, 034318 (2018). 
• Highlighted as Editors’ suggestion.

Accomplishments

I-B



Machine Learning – Issues & Challenges
• Discovering the best ML approach: a research project in its own right
• Opening the black box: from application success to physics insights
• Gaining trust in ML results: uncertainty quantification, benchmarking
• Quantifying network bias: model studies, multiple approaches - GP vs NN
• Sharing “expensive” simulated data sets: a community resource
• Limited computational resources: ML-friendly architectures
• Trained workforce considerations: career path, sustainability, 
• Sharing experiences: improving exchanges with private sector



Machine Learning
Provides powerful tools enabling discoveries

in both experimental and theoretical nuclear physics

“Off-the-shelf” tools provide reasonable starting points

Enhanced efforts needed to improve algorithms
and tailor ML tools to specific goals

Potential for cross-pollination of developments
with the private sector
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