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AND GENERATIVE DIFFUSION FOR 6D PHASE SPACE DIAGNOSTICS*
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Abstract

Machine learning (ML) tools have been growing in popu-
larity for accelerator applications, but still struggle with time-
varying systems, for which they require lengthy brute-force
re-training. LANL has developed machine learning (ML)-
based tools, that utilize adaptive model independent feed-
back control theory together with hard physics constraints, to
make the tools much more robust to distribution shift. These
adaptive ML tools can extrapolate much further beyond the
span of the training data and are thus much more robust for
time-varying systems. This talk will give a broad overview
of the challenges of various time-varying accelerator sys-
tems at various accelerator facilities (known as systems with
distribution shift in the ML community) and will present
adaptive ML tools for 6D phase space diagnostics of intense
charged particle beams. The talk will also give a general
overview of adaptive latent space tuning, which is the novel
method we have developed for adaptive ML, and how we
are strictly enforcing hard physics constraints in our ML
tools, which traditional ML tools lack. We demonstrate
our general methods for various accelerators: the 5-meter-
long ultra-fast electron diffraction (UED) HiRES compact
accelerator at LBNL, the kilometer long plasma wakefield
accelerator FACET-II at SLAC, and the LANL ion accelera-
tor LANSCE.

INTRODUCTION

Particle accelerators are large complex systems composed
of thousands of coupled components including resonant ra-
dio frequency (RF) structures for beam acceleration and
magnets for beam shaping and steering. The performance of
all of these components drifts with time due to external distur-
bances such as environmental temperature variation, vibra-
tions and power line fluctuations, due to ageing, and due to
misalignment and shift of components during maintenance.
Furthermore, the beams themselves have time-varying ini-
tial conditions due to time variation of the complex beam
source properties. Changing initial conditions can strongly
effect the detailed 6D phase space distributions of beams,
especially for intense beams whose evolution is governed by
complex collective effects such as space charge forces and
coherent synchrotron radiation.

Alongside the complexity and time variation of these sys-
tems and their beams, there is a lack of detailed non-invasive
beam diagnostics beyond simple 1D measurements such as
beam position monitors, beam current monitors, or beam
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loss monitors. The result is that accelerator beams are dif-
ficult to tune up after an outage (typically requiring weeks
of effort be large teams) and are difficult to re-tune between
different experiments even when the machines are running.
Besides the large amount of time that is consequently wasted
in re-tuning of the machines, they are also typically running
at sub-optimal states with operators chasing drifts to de-
crease beam loss by tuning tens-hundreds of parameters by
hand based on experience.

Motivated by the above, there has been a strong effort to
create new tools for beam diagnostics and controls. For the
EuXFEL, a convolutional neural network-based approach
has been developed for generating high-resolution longitudi-
nal phase-space (LPS) (z, E) images of the electron beam [1].
Convolutional neural networks have also been combine with
destructive beam measurements to develop extremely fast
virtual diagnostics for 4D tomographic phase space recon-
structions [2]. Neural network-based methods have also
been developed for predicting the transverse emittance of
space charge dominated beams [3]. Convolutional neural
networks and clustering algorithms have also been devel-
oped for predicting the longitudinal phase space of FEL
beams and also to cluster these images to highlight patterns
within the data [4]. Recently, very interesting methods have
also been studied for phase space reconstructions based on
normalizing flows [5]. One benefit of all ML-based tools is
that they are by default fully differentiable models, enabling
easy studies of complex input-output dependencies.

The time variation of the systems makes it clear that off-
the-shelf machine learning methods cannot simply be used
as they will require continuous repeated re-training based
on expensive invasive beam measurements if they are ap-
plied to such systems which quickly vary with time. To
overcome this difficulty, a new class of adaptive machine
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Figure 1: Adaptive latent space tuning setup in which a gen-
erative autoencoder generates all 15 projections of a beam’s
6D phase space and then only those projections that can be
measured non-invasively are compared to their predictions
in order to track the time-varying beam with unknown and
time-varying initial condtions, by adaptively tuning the low-
dimensional latent embedding.
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Figure 2: Generative Al creating all 15 projections of a beam’s 6D phase space and then only those projections that can
be measured non-invasively are compared to their predictions in order to track the time-varying beam with unknown and
time-varying initial condtions, by adaptively tuning the low-dimensional latent embedding.

learning tools is being developed by the Adaptive Machine
Learning Team at Los Alamos National Laboratory which
incorporates adaptive feedback control and hard physics con-
straints directly within the architectures of generative Al in
order to make these generative tools useful for time-varying
systems without having to rely on continuous re-training.

ADAPTIVE LATENT SPACE TUNING FOR
TIME-VARYING SYSTEMS

The idea of adaptively tuning the low-dimensional latent
embedding of a generative model to quickly track the time-
varying 6D phase space of a charged particle beam was first
introduced in [6]. It was shown that this adaptive gener-
ative Al method enables generative models to track time-
varying accelerator beams and makes them robust much
further beyond the span of the training data than standard
ML approaches which fail to extrapolate [7]. The setup of
the adaptive approach is shown in Fig. 1 alongside one ex-
ample of the 15 generated projections of a beam’s 6D phase
space (Fig. 2). Such virtual phase space diagnostics are very
useful as having an ability to non-invasively measure de-
tails of a beam’s phase space allows us to control the phase
space via adaptive ML-based feedback methods. This was
demonstrated in the first combination of an adaptive feed-
back algorithm [8] together with deep neural networks for
automatic shaping of the longitudinal (z, E) phase space of
intense short electron beams in the LCLS FEL [9]. Adaptive
convolutional neural networks have also been designed for
inverse problems that map downstream beam measurements
back to the initial beam distribution [10].
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GENERATIVE DEEP LEARNING WITH
HARD PHYSICS CONSTRAINTS FOR
ELECTRODYNAMICS

The predictive abilities of most generative models are
limited by a lack of physics constraints. The models are
biased towards generating physical data because they are
trained on data coming from physics simulations or physical
experiments, however the models are prone to hallucination
especially when they extrapolate beyond the training data.
The adaptive generative approach in [7] mitigates ML-driven
hallucination by closely coupling the generative model with
an online physics model, but this slows down the process
because physics based simulations of intense beams are com-
putationally expensive. For example, considering a 2 nC
bunch of N = 1.25 x 10'0 electrons, calculating individual
particle to particle SC or CSR interactions is a computation-
ally expensive © (N?2) process orders of magnitude slower
than the inference speed (10-100 microseconds) of trained
generative neural networks running on modern GPUs. Al-
though the adaptive feedback in the generative approaches
for 6D phase space diagnostics developed in [6, 11] has been
demonstrated to make the models more robust and more
physically consistent than generative models without adap-
tive feedback, but they still lack hard physics constraints.

Physics informed neural networks (PINNs) are the stan-
dard approach to trying to get neural networks to respect
physics. PINNs include an extra term in a neural network’s
training cost penalizing the violation of a PDE which de-
scribes the desired physics [12]. PINNs are incredibly flex-
ible and easy to use because any PDE can easily be added
to a cost function by utilizing the automatic differentiation
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built in to all ML frameworks without having to modify the
neural network itself. PINNs also provide a powerful way
to include boundary conditions and sparse observations to
solve inverse problems [13]. However, PINNs also face sev-
eral major challenges. The first problem is that PINNs do
not guarantee any hard physics constraints, but rather gently
nudge a neural network toward respecting a PDE. The second
problem is that training PINNs can be incredibly difficult as
the PDE constraint and reconstruction accuracy of the PINN
are usually at odds because simply setting everything to 0
usually perfectly satisfies any PDE solution. How to actu-
ally set up and train PINNs successfully is its own research
area. Intuitively this problem can be easily understood by
the following accelerator physics-relevant example.
Consider the goal of generating a magnetic field B associ-
ated with some kind of electrodynamic problem, maybe this
is the self-field of a relativistic electron bunch. The PINN
approach is to train a neural network with a cost function

defined as
C = wy[[[B-B2dV+w, [[[I1V-B2dV

wglB — Bl + wallV - Bl, (1)

where the first term is related to magnetic field prediction
accuracy and boundary conditions and the second term pe-
nalizes violation of the physics constraint V - B = 0. With
soft PINN-type constraints there is a trade-off between the
minimization of the two terms in Eq. 1 based on the choice
of weights wg and w, . This trade-off can be understood by
the fact that the most simple way for a neural network to
satisfy V - B = 0 is to generate B = C for any constant C,
which has absolutely nothing to do with the correct physical
field B.

Recently a new method was developed for enforcing hard
physics constraints in generative ML, respecting physics
and improving generalization via physics constrained neural
networks (PCNN5s) [14]. In [14], 3D convolutional neural op-
erators were used to generate the vector and scalar potential
fields A(r, ) and ¢(r, t), respectively, from which the elec-
tromagnetic fields were generated as B(r,7) = V x A(r, 1),
E(r,7) = -Ve(r,t) — dA(r,t)/dt, as shown in Fig. 3.

The PCNN approach generating fields based on poten-
tials as in [14] builds hard physics constraints (Maxwell’s
equations), such as V - B(r,7) =0and V xE + dB/dt = 0,
directly into the architecture of generative neural networks
without the trade-offs or training difficulties of PINNs.
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Figure 3: A method has been developed to incorporate

Maxwell’s Equations as hard physics within the structure

of generative models by generating potentials rather than
electromagnetic fields directly [14].
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DIFFUSION-BASED MODELS

In the field of generative machine learning, diffusion-
based models are the current state-of-the-art for generating
high resolution, highly complex representations of widely
varying objects. Generative models based on diffusion uti-
lize a gradual denoising approach inspired by statistical ther-
modynamics for modeling complex distributions [15]. This
approach was then further developed for the generation of
high resolution images [16—19]. The generative ability of
diffusion-based models has made them powerful tools for a
wide range of scientific applications [20], such as conditional
generation of hypothetical new familes of superconductotrs
[21], for brain imaging [22], for various bioengineering ap-
plications [23], for protein structure generation [24].

The first application of diffusion to particle accelera-
tors was recently developed for providing a virtual XTCAV
to give virtual non-invasive views of the 2D longitudinal
phase space (LPS) (z, E) of the European XFEL electron
beam [25]. In this approach a conditional vector, ¢, is cre-
ated out of a combination of accelerator settings (such as RF
cavity phase and amplitude set points) together with non-
invasive beam measurements (such as current monitors and
beam position monitors).

The vector is then used to condition the generative dif-
fusion process D(c,t, 0) to accurately predict the LPS of
electron beams at the EuXFEL injector, where ¢ is the time-
step of the diffusion process and 6 represents the weights of
the diffusion U-Net. This approach provides a non-invasive
virtual view of the initial conditions of the beam at 150 MeV
before it is accelerated through the remaining 5 km of the Eu-
XFEL up to 17 GeV. By using time-varying measurements,
such as BPM readings and loss/current monitors, the method
was shown to be robust for predicting unseen beams over
an extended period of time (36 hours). For predictions over
longer periods of time, over which much larger distribution
shift is expected, adaptive feedback on the conditional vector
would be required to track the time-varying beam. The setup
is shown in Fig. 4.

A second application of diffusion for particle accelerators
was recently published in which a variational autoencoder
(VAE) is combined with a diffusion model in an adaptive
and multi-modal generative diffusion process. This method
is used to generate all 15 ((x,y), (x,z),..., (z, E)) unique
2D projections of a charged particle beam’s 6D phase space
distribution at the HIRES compact accelerator UED facil-
ity at LBNL [26]. In this setup a variational autoencoder
(VAE) embeds input beam images into a latent vector z
which is combined with a vector of accelerator and beam
measurements p as well as a physics-informed encoding
of the projection choice d to define the overall conditional
vector ¢ = [z, p,d].

The process is applied in an unsupervised adaptive ap-
proach by first fixing a best guess value of ¢ because the
VAE’s time-varying input beam image cannot be measured
without interrupting operations and the accelerator and beam
parameters p(¢) are time-varying and their measurements are
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Figure 4: Set up at the EuXFEL for use of conditional diffusion as a virtual TCAV/longitudinal phase space diagnostic
based only on accelerator parameter set-points and non-invasive beam measurements.
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Figure 5: Set up at HiRES for use of adaptive conditional diffusion as a virtual diagnostic of all 15 unique projections of the

beam’s 6D phase space.

noisy and have arbitrary offsets. The next step is to generate
only a single projection from the 15, one which is available
for measurement. For example, at the LCLS free electron
laser there is a (z, E) LPS projection always available at the
end of the accelerator which is non-invasive in the sense that
the TCAV and dipole magnet are after the undulator and so
all of the X-rays for an experiment have already been created
by the electron bunch and they go on to the experimental
halls unaffected by the TCAV or dipole that are then used to
image the electron beam. In various accelerators (such as
FACET-II and LANSCE) there are also non-invasive (x,y)
beam measurements available in which a relatively high
energy beam is passed through a scintillating screen and
measured with the beam continuing down the accelerator
with minimal impact on the beam’s characteristics.

The model’s prediction Y of some beam projection
(p1,Pp2) is then compared to the non-invasive measurement

WEXA: Main Session WEX
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Y of that same projection in order to calculate a metric of
the form

C = [[(Y-Y) dpdps, @)

which is then iteratively minimized by adaptive tuning of the
conditional embedding ¢(¢) which represents the unknown
accelerator settings and beam initial conditions. The result
is that the model can track all 15 projections of the 6D
phsae space of the time-varying beam for unknown and
time-varying accelarator and beam parameters and beam
initial conditions. The overall setup is shown in Fig. 5.

CONCLUSIONS

The development of generative high-resolution non-
invasive virtual phase space diagnostics is important for
enabling real-time tuning and optimization and precise con-
trol of charged particle beam phase space distributions. We
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have demonstrated adaptive generative AI methods which
can track beams with unknown and time-varying initial con-
ditions, we have developed adaptive Al-based inverse models
for estimating time-varying initial beam conditions, we have
developed methods for incorporating hard electrodynamics
physics constraints within generative models, and we have
developed the first conditional diffusion-based beam diag-
nostics with unprecedented resolution for widely varying
beam distributions. Furthermore, all of these Al tools are
by default fully differentiable models, enabling easy studies
of complex input-output dependencies.
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