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Future improvements in particle accelerator performance is predicated on increasingly accurate
online modeling of accelerators. Hysteresis effects in magnetic, mechanical, and material components
of accelerators are often neglected in online accelerator models used to inform control algorithms,
even though reproducibility errors from systems exhibiting hysteresis are not negligible in high
precision accelerators. In this work, we combine the classical Preisach model of hysteresis with
machine learning techniques to efficiently create non-parametric, high-fidelity models of arbitrary
systems exhibiting hysteresis. We also experimentally demonstrate how these methods can be used
in-situ, where the hysteresis model is combined with a Bayesian statistical model of the beam
response, allowing characterization of hysteresis in accelerator magnets solely from measurements
of the beam. Furthermore, we explore how using these joint hysteresis-beam models allows us to
overcome optimization performance limitations that arise when hysteresis effects are ignored.

Hysteresis is a well-known physical phenomenon where
the state of a given system is dependent on its histori-
cal path through state-space. This property is evident in
physical, biological, chemical and engineering processes,
including the magnetization of ferromagnetic materials
[1], the activation of embryonic cells [2], the charging
and discharging cycles of nickel-metal hydride batteries
[3] and driving mechanical actuators [4]. In particular,
hysteresis effects in magnetic [5], mechanical [6] and ma-
terial [7] elements of particle accelerators makes optimiz-
ing the performance of current accelerator facilities used
for scientific discovery challenging.

State-of-the-art optimization algorithms, such as
Bayesian optimization (BO) [8, 9], use online computa-
tional models of objective functions to tackle optimiza-
tion tasks at accelerator facilities [10–12]. However, mod-
els used in these algorithms ignore hysteresis effects en-
tirely, limiting optimization performance due to errors
caused by hysteresis (e.g. see [13, 14]). These lim-
its on optimization performance are further amplified
when considering ambitious targets of future accelera-
tors, [15, 16] which are increasingly sensitive to hysteresis
effects. Incorporating an accurate description of hystere-
sis into models used for online accelerator optimization
would substantially improve the performance of current
and future particle accelerators.

Non-parametric Preisach modeling [17] is a flexible ap-
proach for accurately describing systems that exhibit hys-
teresis behavior. Unfortunately, fitting these models to
experimental measurements using numerical optimiza-
tion techniques has been shown to be computationally
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expensive [18, 19] due to the large number of free model
parameters due to the so-called “curse of dimensionality”
[20].

In this work, we construct a differentiable, non-
parametric Preisach model, which when used in conjunc-
tion with gradient-based optimization, significantly re-
duces the computational cost of model identification. We
explore how our technique enables accurate online model-
ing of the beam response with respect to controllable ac-
celerator parameters through the use of joint hysteresis-
Bayesian statistical models. We experimentally demon-
strate how this enables the characterization of hystere-
sis properties in magnetic beamline elements from beam-
based measurements. Finally, we explore how the joint
model improves optimization of a realistic beamline con-
taining magnetic elements exhibiting hysteresis.

The Preisach model of hysteresis [21, 22] is comprised
of a discrete set of hysterons, which when added together,
model the output of a hysteretic system f(t) for a time
dependent input u(t). Given a set of discrete time or-
dered inputs ui = u(ti), the hysteron state is represented
by the hysteron operator γ̂αβ shown in Fig. 1a, which
has an output of ±1, where α and β describe the input
required to switch the hysteron between its two possible
states. The number of hysterons with values (α, β) is
given by the hysteron density function µ(α, β), plotted
on the Preisach (α-β) plane (Fig. 1b).

The Preisach model output is represented by

f(t) = Γ̂u(t) =

∫∫
α≥β

µ(α, β)γ̂αβu(t)dαdβ (1)

where α ≥ β results from physical conditions of the hys-
teron operator. This integral is evaluated through a geo-
metric interpretation, shown in Fig. 1(c). Given the se-



2

FIG. 1. (Color online) Elements of the differentiable non-parametric Preisach hysteresis model. (a) Output of the hysteron

operator γ̂αβ and the approximate differentiable hysteron operator ζ̂αβ acting on the input u(t). (b) Discretization of the density
on the Preisach (α-β) plane. Note that µ(α, β) = 0 if α < β, α > αm or β < βm where αm, βm are equal to the maximum
and minimum inputs of the model respectively. (c) S+ and S− sub-domains after three time steps, where u1 > u3 > u2 > βm,
assuming that all hysterons are in the negative state initially. Inset: Corresponding model output (not to scale).

quence of input values ui, we can determine sub-regions
of the Preisach plane, S+ and S−, where hysteron op-
erators output positive and negative states respectively.
We start with the assumption that all hysterons are ini-
tially in the negative state (S− covers the entire Preisach
plane). When ut > ut−1, a horizontal line is swept up,
flipping hysteron states from negative to positive, in-
creasing the S+ region. Conversely, when ut < ut−1,
a vertical line is swept to the left, flipping states from
positive to negative.

Once the regions S+ and S− are determined by the
input u(t), fitting a Preisach model to experimental data
requires the determination of the hysteron density func-
tion µ(α, β), often referred to as the identification prob-
lem. Approaches for solving this problem are gener-
ally divided into parametric or non-parametric methods.
Parametric methods describe the hysteron density using
one of several analytic functions with a small number of
free parameters [19, 23, 24], which can be determined
through numerical optimization methods given experi-
mental data. However, this limits model flexibility, re-
sulting in prediction errors for systems that do not match
the chosen analytical function. On the other hand, non-
parametric methods [18, 25, 26] discretize the density
function using a mesh grid (Fig. 1b) and attempt to de-
termine the density of hysterons at each mesh point based
on experimental measurements. However, these meth-
ods require large amounts of data or significant compu-
tational expense to fit high fidelity models.

We improve upon non-parametric modeling of hys-
teresis by creating differentiable Preisach models, which
use gradient-based optimization to identify the hysteron
density function at high fidelities. Differentiable model-
ing refers to tracking derivative information during every
step of internal model calculations. This allows what is
known as back-propagation [27], where through the chain

rule, the derivative of the model output with respect to
any model parameter is analytically calculable. By com-
bining this technique with gradient based optimization
algorithms (e.g. L-BFGS-B [28] or Adam [29]), we are
able to scale non-parametric Preisach models to thou-
sands of mesh points, while still being computationally
practical for use in online modeling.

We construct a differentiable Preisach model by im-
plementing the non-parametric version of Eq. 1 in the
python library PyTorch [30]. The continuous hysteron
density µ(α, β) is replaced with a discrete one, located
on a triangular mesh containing N mesh points on the
Preisach plane µi = µ(αi, βi), where i = 1, . . . , N . We
also replace the hysteron operator γ̂αβ with a differen-

tiable approximation ζ̂αβ , enabling differentiability with
respect to u(t) as shown in Fig. 1(a) (see Supplemental
Materials for the exact form). The differentiable, non-
parametric Preisach model is given by

f(t) =

N∑
i=1

µiζ̂αβ,iu(t) (2)

where ζ̂αβ,i is the differentiable hysteron operator at the
ith mesh point.

We demonstrate the effectiveness of our differentiable
Preisach model by using it to analyze experimental data
gathered from a quadrupole magnet at SLAC National
Accelerator Laboratory. Current applied to the magnet
was cycled to sample both major and minor hysteresis
loops and the integrated gradient at the magnet center
was measured using a rotating coil technique [31]. Mea-
surements were then split into training and test sets to
investigate how accurately the model predicted measure-
ment data and generalized to unknown future measure-
ments.

Accelerator magnets pose a unique hysteresis modeling
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FIG. 2. (Color online) Non-parametric modeling of hysteresis perturbations using direct measurements of a SLAC quadrupole
magnet. (a) Normalized hysteresis error training/test data and model predictions. Sequence of applied currents during mea-
surements u(t) is normalized during training to the unit domain and measured field errors are transformed such that the training
data has zero mean and a standard deviation of one. (b) Normalized hysteron density representing hysteresis perturbations µ̄i
on the normalized Preisach plane after model training.

challenge, as they are designed specifically to minimize
field perturbations from a polynomial function of mag-
net current due to hysteresis [31]. Despite this, realistic
magnets contain field perturbations that cannot be tol-
erated in high precision applications [5]. We are inter-
ested in resolving these field perturbations, which result
from non-zero hysteron densities off of the α = β line,
denoted as µ̄(α, β). Resolving these small perturbations
requires specialized data processing and model construc-
tion, details of which can be found in the Supplemental
Materials.

Model fitting to hysteresis perturbations observed in
experiment is shown in Fig. 2 using an adaptive trian-
gular mesh containing 7411 mesh points. We trained
the model on an Intel i9-9900K CPU at 3.6 GHz using
a mean squared error loss function and the Adam algo-
rithm with a learning rate of 0.01 over 10k steps, which
took approximately 67 s. This is roughly two orders of
magnitude faster than a comparable analysis in previous
non-parametric studies [18].

Our model captures the features of major hysteresis
loops with an RMS training error σtrain of 0.8 mT, cor-
responding to a percentage error (p = 100σtrain/fmax) of
0.015%. Despite only training on major hysteresis loops,
our model makes accurate predictions of minor hysteresis
loops and large swings in applied current with an RMS
error of 2.6 mT (0.051%). Our model significantly out-
performs polynomial fitting of the unnormalized experi-
mental data, which has an RMS error of 12.1 mT (0.23%)
over the entire data set.

Next, we examine the case where directly measuring
hysteresis output is impractical or impossible. For exam-
ple, fields cannot be accurately characterized for mag-
netic elements that are already installed in accelerator

beamlines. Instead, we may only observe the beam re-
sponse to fields generated by these elements. To deter-
mine hysteresis characteristics in this case, we combine
our hysteresis model with a Gaussian process (GP) model
[9] representing beam propagation as a function of mag-
netic fields. We then infer hysteresis behavior from mea-
surements of the beam with respect to currents applied
to each magnet.

The overall characteristics of GPs, defined as g(x) ∼
GP(m(x), k(x,x′;θ)) with a mean function m(x) and
covariance function k(x,x′;θ), are governed by a set of
hyperparameters θ, which describe our prior knowledge
of the model’s smoothness, amplitude and noise. GP
models predict the distribution of function values at a
location x to be p(g|D,x,θ) = N (µ(x), σ2(x)), where
D = {X,y} is the set of training samples and µ(x),
σ2(x) are the posterior mean and uncertainty (see Sup-
plemental Materials for details). We infer hyperparam-
eters for a GP model from training data by maximizing
the marginal log likelihood given by

p(y|X) =

∫
p(y|X,θ)p(θ)dθ (3)

with respect to the hyperparameters θ, which results in a
model that balances the trade-off between accuracy and
complexity.

We combine the hysteresis and GP models into a single
joint model by treating the hysteresis output as the GP
input and training both models simultaneously. The joint
hysteresis-GP model is given by

p(y|D, t,φ,θ) = N (µ(f(t)), σ2(f(t))). (4)

where φ represents hysteresis model parameters. The
joint set of parameters Φ = {φ,θ} is then determined



4

FIG. 3. (Color online) Comparison between GP modeling
and joint hysteresis-GP modeling of beam transmission as a
function of quadrupole current at the APS injector. (a) GP
model prediction with training data over three cycles (see
inset). Shading denotes 2σ confidence region. (b) Hysteresis-
GP model prediction, colored by cycle index.

by maximizing the marginal likelihood using Eq. 3 with
respect to the new set of parameters Φ.

We demonstrate the effectiveness of our joint
hysteresis-GP (H-GP) model by fitting the beam re-
sponse with respect to the current applied to a focusing
magnet located in the Advanced Photon Source (APS)
injector [32]. The current of the quadrupole magnet was
varied using a sawtooth pattern from - 2 A to + 2 A while
measuring beam charge passing through a downstream
current monitor. Measurements from this experiment,
shown in Fig. 3, have two sources of uncertainty, one
from random noise inherent in the accelerator (aleatoric
uncertainty) and one due to the unknown properties of
magnetic hysteresis (epistemic uncertainty). A normal
GP model (Fig. 3a) does not take into account the ex-
istence of hysteresis, thus it interprets epistemic errors
due to hysteresis as aleatoric uncertainty, overestimating
uncertainties in portions of the input domain. However,

the joint hysteresis-GP model (Fig. 3b), is able to resolve
hysteresis cycles inside the data, removing epistemic un-
certainties in the model prediction, thus improving model
accuracy and reducing uncertainty.

The increase in accuracy from joint hysteresis-GP
models has ramifications for model-based, online opti-
mization of accelerators using BO. We examine how mod-
els with and without hysteresis taken into account af-
fect optimization performance when optimizing a sim-
ulated accelerator that contains realistic magnetic ele-
ments which exhibit hysteresis. We simulate the task of
sequentially optimizing currents applied to three identi-
cal quadrupoles using BO, in order to transform an in-
coming round beam with an RMS beam size of σx,y = 5
mm to a final round beam size of σtarget = 8 mm, assum-
ing that the hysteresis properties of the magnets have
been previously determined. The objective function is
given by a geometric mean of the beamsize deviation
l =

√
∆x∆y where ∆k = |σk − σtarget|. A toy hysteresis

model (described in the Supplemental Materials) with a
tunable hysteresis magnitude was used to simulate realis-
tic magnetic elements. Three beamlines with maximum
fractional hysteresis errors Hε = 0, 0.1 and 0.4 were used
in optimization trials to represent ideal, realistic, and ex-
treme hysteresis effects respectively.

We performed BO using the Upper Confidence Bound
acquisition function [33], first with β∗ = 2 which balances
exploration (sampling points in unexplored regions of in-
put space) and exploitation (sampling points that are
predicted to be at global extrema). We then repeated
the experiment with β∗ = 0.1, which prioritizes exploita-
tion. Optimization results obtained over 64 trials using
BO with GP and H-GP models are shown in Figure 4.

Figure 4a shows that hysteresis has little effect on
the performance of BO when balancing exploration and
exploitation, even when extreme hysteresis errors are
present. The acquisition function in this case often
chooses to measure points in unexplored regions of input
space and as a result, is relatively insensitive to hysteresis
errors.

On the other hand, if we attempt to exploit the model
as shown in Fig. 4b, modeling errors due to hysteresis
effects in normal GP models negatively impact optimiza-
tion performance, depending on the magnitude of hys-
teresis errors. A joint hysteresis-GP model significantly
improves optimization performance, matching the perfor-
mance observed when optimizing an idealized beamline
without hysteresis.

These results identify a clear strategy for optimizing
physical systems that contain hysteresis using BO. Hys-
teresis effects can be neglected when coarsely searching
for global optima of a system, even when hysteresis errors
are significant, since the optimization is dominated by
uncertainties of unexplored regions in input space (espe-
cially in high dimensional input spaces where uncertain-
ties are large). However, hysteresis effects must be taken
into account when attempting to exploit extrema dur-
ing optimization. In this case, a model of the hysteresis
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FIG. 4. (Color online) BO performance for simulated beam-
line optimization problem using GP and H-GP models for
varying maximum hysteresis errors Hε. (a) Performance when
evenly weighting exploration and exploitation (β∗ = 2). (b)
Strong weighing towards exploitation (β∗ = 0.1). Lines de-
note the mean best performance of 64 optimization runs,
while shading denotes standard error. Insets: Cartoon show-
ing BO observation selection (red triangle) based on an ac-
quisition function (orange line) given a GP model mean (blue
line) and 2σ uncertainty (blue shading) calculated from mea-
surements (green points).

behavior can then be constructed by cycling the mag-
net current while directly measuring the fields inside the
magnet or indirectly measuring the effect of the magnetic

fields on beam properties. Once identified, the hysteresis
model is combined with a GP model of the beam re-
sponse to conduct BO to exploit predicted extrema. Our
technique thus enables a staged approach toward opti-
mization of systems involving hysteresis, where model
and computational complexity is traded for optimization
precision.

In conclusion, we have demonstrated how a differen-
tiable Preisach model can describe arbitrary hysteretic
systems using direct or indirect measurements, and im-
prove model based optimization of those systems. We
collected direct and indirect measurements of systems ex-
hibiting hysteresis and then used the procedure described
here to construct a model for the hysteretic behavior.
Improved identification speed of differentiable Preisach
modeling enabled practical, high-fidelity regression of
major and minor hysteresis loops in realistic magnetic el-
ements. We demonstrated that our hysteresis model can
be combined with GP modeling to infer hysteresis behav-
ior without making direct measurements of the hystere-
sis response. Finally, we demonstrated how these joint
hysteresis-GP models can be used to optimize physical
systems containing hysteretic behavior, overcoming lim-
itations faced by currently-used algorithms that neglect
hysteresis repeatability errors. This development enables
future advanced modeling techniques of hysteresis, most
notably implementing fully Bayesian hysteresis models
using stochastic variational inference [34].

ACKNOWLEDGMENTS

The authors would like to thank the SLAC Metrol-
ogy group for their help gathering quadrupole data, Adi
Hanuka for enriching conversations that informed the
early stages of this work and Louis Emery for early dis-
cussions on practical implementation and preliminary
data. This work was supported by the U.S. Depart-
ment of Energy, under DOE Contract No. DE-AC02-
76SF00515 and the Office of Science, Office of Basic En-
ergy Sciences.

[1] D. C. Jiles and D. L. Atherton, Theory of ferromagnetic
hysteresis, Journal of Magnetism and Magnetic Materials
61, 48 (1986).

[2] J. R. Pomerening, E. D. Sontag, and J. E. Ferrell, Build-
ing a cell cycle oscillator: hysteresis and bistability in the
activation of Cdc2, Nature Cell Biology 5, 346 (2003),
bandiera abtest: a Cg type: Nature Research Journals
Number: 4 Primary atype: Research Publisher: Nature
Publishing Group.

[3] D. U. Sauer, BATTERIES | ChargeDischarge Curves, in
Encyclopedia of Electrochemical Power Sources, edited
by J. Garche (Elsevier, Amsterdam, 2009) pp. 443–451.

[4] M. Warnecke and M. Jouaneh, Backlash Compensation

in Gear Trains by Means of Open-Loop Modification of
the Input Trajectory, Journal of Mechanical Design 125,
620 (2003).

[5] N. J. Sammut, H. Burkhardt, S. M. White, C. Giloux,
and W. Venturini-Delsolaro, Measurement and Effects of
the Magnetic Hysteresis on the LHC Crossing Angle and
Separation Bumps (2008), number: LHC-PROJECT-
Report-1107.

[6] N. Huque, M. Abdelwhab, E. Daly, and Y. Pischalnikov,
Accelerated Life Testing of LCLS-II Cavity Tuner Motor,
in 17th International Conference on RF Superconductiv-
ity (2015) p. THPB062.

[7] D. A. Turner, G. Burt, and T. Junginger, No DC super-



6

heating and increased surface pinning in low temperature
baked niobium, Tech. Rep. (2022) iSSN: 2693-5015 Type:
article.

[8] J. Snoek, H. Larochelle, and R. P. Adams, Practical
Bayesian Optimization of Machine Learning Algorithms,
in Advances in Neural Information Processing Systems
25 , edited by F. Pereira, C. J. C. Burges, L. Bottou,
and K. Q. Weinberger (Curran Associates, Inc., 2012)
pp. 2951–2959.

[9] C. E. Rasmussen and C. K. I. Williams, Bayesian Re-
gression and Gaussian processes, Gaussian Processes for
Machine Learning , Chapter 2 (2006), iSBN: 026218253X.

[10] J. Duris, D. Kennedy, A. Hanuka, J. Shtalenkova, A. Ede-
len, P. Baxevanis, A. Egger, T. Cope, M. McIntire,
S. Ermon, and D. Ratner, Bayesian Optimization of
a Free-Electron Laser, Physical Review Letters 124,
10.1103/physrevlett.124.124801 (2020).

[11] R. Roussel, J. P. Gonzalez-Aguilera, Y.-K. Kim, E. Wis-
niewski, W. Liu, P. Piot, J. Power, A. Hanuka, and
A. Edelen, Turn-key constrained parameter space ex-
ploration for particle accelerators using Bayesian active
learning, Nature Communications 12, 5612 (2021).

[12] J. Kirschner, M. Mutn, N. Hiller, R. Ischebeck, and
A. Krause, Adaptive and Safe Bayesian Optimization
in High Dimensions via One-Dimensional Subspaces,
arXiv:1902.03229 [cs, stat] (2019), arXiv: 1902.03229.

[13] A. Hanuka, J. Duris, H. Shang, and Y. Sun, Demon-
stration of Machine Learning Front-End Optimization
of the Advanced Photon Source Linac, Proceedings of
the 12th International Particle Accelerator Conference
IPAC2021, 4 pages, 0.838 MB (2021), artwork Size: 4
pages, 0.838 MB ISBN: 9783954502141 Medium: PDF
Publisher: JACoW Publishing, Geneva, Switzerland.

[14] R. Roussel and A. Hanuka, Towards Hysteresis Aware
Bayesian Regression and Optimization, in 12th In-
ternational Particle Accelerator Conference (IPAC’21),
Campinas, SP, Brazil, 24-28 May 2021 (JACOW Pub-
lishing, Geneva, Switzerland, 2021) pp. 2159–2162.

[15] M. Borland, M. Abliz, N. Arnold, T. Berenc, A. Bled-
nykh, J. Byrd, J. Calvey, J. Carter, J. Carwardine,
H. Cease, Z. Conway, G. Decker, J. Dooling, L. Emery,
J. Fuerst, K. Harkay, A. Jain, M. Jaski, P. Kallakuri,
M. Kelly, S.-H. Kim, R. Lill, R. Lindberg, J. Liu, Z. Liu,
J. Nudell, C. Preissner, V. Sajaev, N. Sereno, X. Sun,
Y. Sun, S. Veseli, J. Wang, U. Wienands, A. Xiao, and
C. Yao, The Upgrade of the Advanced Photon Source
(JACOW Publishing, Geneva, Switzerland, 2018) pp.
2872–2877.

[16] M. Aicheler, P. Burrows, M. Draper, T. Garvey, P. Le-
brun, K. Peach, N. Phinney, H. Schmickler, D. Schulte,
and N. Toge, A Multi-TeV Linear Collider Based on
CLIC Technology: CLIC Conceptual Design Report ,
CERN Yellow Reports: Monographs (CERN, Geneva,
2012).

[17] K. H. Hoffmann and G. H. Meyer, A least squares method
for finding the preisach hysteresis operator from measure-
ments, Numerische Mathematik 55, 695 (1989).

[18] R. Iyer and M. Shirley, Hysteresis parameter identifica-
tion with limited experimental data, IEEE Transactions
on Magnetics 40, 3227 (2004), conference Name: IEEE
Transactions on Magnetics.

[19] H. Marouani, K. Hergli, H. Dhahri, and Y. Fouad,
Implementation and Identification of Preisach Param-
eters: Comparison Between Genetic Algorithm, Parti-

cle Swarm Optimization, and LevenbergMarquardt Al-
gorithm, Arabian Journal for Science and Engineering
44, 6941 (2019).

[20] R. Bellman and R. E. Bellman, Adaptive Control Pro-
cesses: A Guided Tour (Princeton University Press,
1961) google-Books-ID: POAmAAAAMAAJ.

[21] I. D. Mayergoyz and G. Friedman, Generalized Preisach
model of hysteresis, IEEE Transactions on Magnetics
24, 212 (1988), conference Name: IEEE Transactions on
Magnetics.

[22] G. Bertotti and I. D. Mayergoyz, eds., The science of hys-
teresis, 1st ed. (Academic, Amsterdam ; Boston, 2006).

[23] A. Sutor, S. J. Rupitsch, and R. Lerch, A Preisach-based
hysteresis model for magnetic and ferroelectric hysteresis,
Applied Physics A 100, 425 (2010).

[24] K. Hergli, H. Marouani, M. Zidi, Y. Fouad, and M. Els-
hazly, Identification of Preisach hysteresis model param-
eters using genetic algorithms, Journal of King Saud Uni-
versity - Science 31, 746 (2019).

[25] X. Tan, R. Venkataraman, and P. S. Krishnaprasad, Con-
trol of hysteresis: theory and experimental results, in
Smart Structures and Materials 2001: Modeling, Signal
Processing, and Control in Smart Structures, Vol. 4326
(SPIE, 2001) pp. 101–112.

[26] M. Ruderman and T. Bertram, Identification of Soft
Magnetic B-H Characteristics Using Discrete Dynamic
Preisach Model and Single Measured Hysteresis Loop,
IEEE Transactions on Magnetics 48, 1281 (2012), con-
ference Name: IEEE Transactions on Magnetics.

[27] Y. A. LeCun, L. Bottou, G. B. Orr, and K.-R. Mller,
Efficient BackProp, in Neural Networks: Tricks of the
Trade: Second Edition, Lecture Notes in Computer Sci-
ence, edited by G. Montavon, G. B. Orr, and K.-R. Mller
(Springer, Berlin, Heidelberg, 2012) pp. 9–48.

[28] R. H. Byrd, P. Lu, J. Nocedal, and C. Zhu, A limited
memory algorithm for bound constrained optimization,
SIAM Journal on scientific computing 16, 1190 (1995),
publisher: SIAM.

[29] D. P. Kingma and J. Ba, Adam: A Method for Stochas-
tic Optimization, arXiv:1412.6980 [cs] (2017), arXiv:
1412.6980.

[30] A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury,
G. Chanan, T. Killeen, Z. Lin, N. Gimelshein, L. Antiga,
A. Desmaison, A. Kopf, E. Yang, Z. DeVito, M. Rai-
son, A. Tejani, S. Chilamkurthy, B. Steiner, L. Fang,
J. Bai, and S. Chintala, PyTorch: An Imperative Style,
High-Performance Deep Learning Library, in Advances
in Neural Information Processing Systems 32 , edited by
H. Wallach, H. Larochelle, A. Beygelzimer, F. d. Alch-
Buc, E. Fox, and R. Garnett (Curran Associates, Inc.,
2019) pp. 8024–8035.

[31] J. Tanabe, Iron Dominated Electromagnets: Design, Fab-
rication, Assembly and Measurements, Tech. Rep. SLAC-
R-754 (SLAC National Accelerator Lab., Menlo Park,
CA (United States), 2005).

[32] Y. Sun, M. Borland, G. I. Fystro, X. Huang,
and H. Shang, Recent Operational Experience with
Thermionic RF Guns at the APS, in Proc. 12th Int. Par-
ticle Accelerator Conf. (IPAC’21) (JACoW Publishing,
2021) pp. 3959–3962.

[33] N. Srinivas, A. Krause, S. Kakade, and M. Seeger, Gaus-
sian process optimization in the bandit setting: no regret
and experimental design, in Proceedings of the 27th In-
ternational Conference on International Conference on



7

Machine Learning, ICML’10 (Omnipress, Madison, WI,
USA, 2010) pp. 1015–1022.

[34] D. Wingate and T. Weber, Automated Variational Infer-

ence in Probabilistic Programming, arXiv:1301.1299 [cs,
stat] (2013), arXiv: 1301.1299.


