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Beam loss monitors (BLMs) and beam current monitors (BCMs) are ubiquitous at particle accelerators
around the world. These simple devices provide noninvasive high-level beam measurements but give no
insight into the detailed 6D ðx; y; z; px; py; pzÞ beam phase-space distributions or dynamics. We show that
generative conditional latent diffusion models can learn intricate patterns to solve the extreme inverse
problem of mapping waveforms of tens of BLMs or BCMs along an accelerator to detailed 2D projections
of a charged particle beam’s 6D phase-space density. This transformational method can be used at any
particle accelerator to transform simple noninvasive devices into detailed beam phase-space diagnostics.
We demonstrate this concept via multiparticle simulations of the high-intensity beam in the kilometer-long
Los Alamos Neutron Science Center linear proton accelerator.

DOI: 10.1103/rqg9-g3dp

I. INTRODUCTION

Control of the 6D ðx; y; z; px; py; pzÞ phase-space dis-
tribution of beams is important for all particle accelerators
over a wide range of applications including beam-based
imaging for material science, accelerator-based light
sources, and plasma wakefield-based accelerators.
At all large high-intensity beam particle accelerators,

such as the Los Alamos Neutron Science Center
(LANSCE) [1] or the Spallation Neutron Source (SNS)
[2,3], the beam’s phase distribution must be controlled for
proper acceleration and to prevent beam loss by matching
to the accelerator’s magnetic focusing lattice. At particle
accelerator-based free electron laser (FEL) light sources,
such as the Linac Coherent Light Source [4], the European
X-ray FEL [5,6], and the SwissFEL [7–9], the beam’s
phase space defines the properties of the generated light and
must be adjusted between different experiments. For
plasma wakefield acceleration (PWA), such as the
Advanced Proton Driven Plasma Wakefield Acceleration
Experiment (AWAKE) at a CERN [10] or the Facility for
Advanced Accelerator Experimental Tests (FACET and
FACET-II) at SLAC [11,12], the details of the beam’s 6D
phase-space density influence the PWA process. For laser-
driven PWA [13], controlling the quality of the created
beam’s 6D phase space is challenging. Nondestructive

views of a beam’s 6D phase space for PWA has the
potential to help in the understanding and optimization
of complex PWA processes.
When detailed beam phase-space measurements are

available, advanced control theory-based adaptive machine
learning (ML) techniques have been developed to quickly
automatically shape the beam’s phase space [14]. For
noninvasive beam measurements, beam loss monitors
(BLMs) and beam current monitors (BCMs) are ubiquitous,
providing a measure of beam quality but give no insight
into a beam’s detailed 6D phase-space density. They simply
measure 1D signals proportional to the total number of
particles at a given accelerator location [15].
Recently, the world’s first 6D beam measurement was

conducted at the SNS Beam Test Facility, but this required
32 h (now reduced to 18 h) and 5,675,740 measurements
[16]. Recent developments in high-dimensional beam
diagnostics include 4D phase-space tomography from
1D measurements [17], 4D tomographic transverse
phase-space reconstructions [18], 4D reconstructions using
differentiable simulations [19], 5D tomographic phase-
space reconstructions [20], single shot 4D core reconstruc-
tions [21], and ND maximum-entropy tomography via
particle sampling [22]. An innovative tomographic algo-
rithm has also been developed, based on the measurement
data of the accumulated beam profile obtained from the
wall current monitor in a synchrotron, to reconstruct the
longitudinal phase space of the injected beam [23]. Efforts
to develop ML-based virtual beam diagnostics including
adaptive latent space tuning of generative autoencoders for
tracking time-varying beams [24,25], combining generative
ML models with physics models [26–28], latent evolution
models [29], and normalizing flows [30].
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In the ML/AI community, diffusion-based models are the
state-of-the-art for generating accurate representations of
high-dimensional complex data [31–36]. Recently, the first
application of diffusion was demonstrated as a virtual
diagnostic to generate megapixel resolution virtual views
of the ðz; EÞ longitudinal phase space of the electron beam
in the European x-ray FEL [37]. That method was then
generalized to an adaptively tuned conditional diffusion
approach for generating high-resolution representations of
all the unique 2D projections of the HiRES UED beam’s
6D phase-space distribution [38]. A physics-constrained
superresolution diffusion-based method has been devel-
oped in which a beam’s entire 6D phase-space density is
generated as a 6D tensor from which 2D views are
projected [39].
In this paper, we demonstrate that conditional generative

latent diffusion can find subtle patterns in waveforms BLM
or BCM measurements along an accelerator to solve an
extreme inverse problem to map these vectors to highly
detailed representations of the various 2D projections of a
beam’s 6D phase-space distribution, as shown in Fig. 1.
This transformational result provides a method for trans-
forming simple noninvasive BLM and BCM devices into
detailed beam phase-space diagnostics. This same
approach can be applied at any particle, completely trans-
forming the amount of noninvasive beam diagnostics
information that is available for tuning and setup. As a

proof of principal, we demonstrate this generative AI
concept via multiparticle simulations of high-intensity
beams in the kilometer-long LANSCE linear proton accel-
erator as shown in Fig. 1.
Figure 2 shows an overview of an inductive BCM whose

operation is described by the Maxwell-Faraday equation

I
∂Σ
E · dl ¼ −

Z
Σ

∂B
∂t

· dA; Bðr; tÞ ¼ μ0IðtÞ
2πr

θ̂; (1)

where IðtÞ is beam current, r is transverse distance from the
beam center, Bðr; tÞ is the beam’s magnetic field, and E is
the electric field induced by the beam passing through a

(a)

(b) (c)

(d)

FIG. 1. Overview of the latent diffusion approach for mapping beam current or loss monitor readings to 2D phase-space projections.
(a) Noninvasive beam current or loss monitor readings are recorded along the length of the accelerator. (b) The vector c ¼ (c1;…; cn) of
beam current at various accelerator locations together with accelerator parameters is used to condition the diffusion process. The
conditional diffusion process generates a latent embedding representation of the beam’s 2D phase-space projection. (c) The decoder of a
variational autoencoder generates the desired 2D phase-space projection from its latent representation. (d) Various examples of 2D beam
projections are shown. In this setup, we can generate any one of the 15 unique 2D projections of the beam’s phase space and here various
examples of the ðz; EÞ and ðx; yÞ projections are shown.

FIG. 2. In an inductive beam current monitor, the time-varying
flux of a passing beam’s magnetic field BðtÞ induces a current
IiðtÞ in a conductor, which is measured as a current ItðtÞ
proportional to the beam’s current IðtÞ.
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conducting loop. The induced electric field creates a current
in the loop which is then coupled through a simple ac
transformer to a current measurement pickup, giving a
signal proportional to beam current.

II. DATA

For this work, we utilize the particle tracking code HPSim

which includes 3D space charge and is implemented in
CUDA to run extremely fast (few seconds for a million
macroparticle simulation through the kilometer-long
LANSCE accelerator with space charge) on a GPU [40].
The code simulates the transport of a charged particle beam
from the source to the end of the coupled cavity linac
section of the LANSCE accelerator through approximately
1 km as it traverses 48 resonant frequency (RF) accelerating
cavities. The data are generated by setting an initial beam
condition and then randomly perturbing the amplitude and
phase of the first 4 RF cavities of LANSCE within uniform
distributions over a range of �3° and �3% of the RF phase
and amplitude set point, respectively, relative to a design
tune of the RF system. Note that this is a significant change
as operators typically adjust any one of these parameters at
most�1° or�1% to maintain minimal beam loss while the
system slowly varies with time due to factors such as
temperature changes. For a fixed initial beam condition,
500 such simulations are run, each with 106 macroparticles,
and for each simulation, 2D histograms are made for
each of the unique 2D projections of the beam’s 6D
phase space at the exit of every single RF module over
a 256 × 256 pixel grid. This process is repeated for 4
different initial conditions resulting in a dataset of 2000
simulations where each simulation results in 15 images of
256 × 256 pixels each at 48 module locations.
The final dataset is 2000 × 48 × 15 ¼ 1.44 million

256 × 256 pixel images. Of these simulations, from the
4 different runs having the same initial beam conditions,
the training data consist of 400 simulations from each of the
first 3 runs. The test set consists of 100 simulations from
each of the first 3 runs and all 500 simulations of the 4th
run. This split allows us to test the model’s predictive
ability relative to a fixed initial condition and varying RF
parameters as well as a completely unseen initial condition
together with varying RF parameters. The reasoning behind
this dataset is that in practice the beam’s initial conditions
change on a slower timescale than the RF parameters. The
LANSCE ion source is a complicated device, the H− beam
is created inside a high frequency (120 Hz), high duty
factor (10%, 833 μs) tungsten filament-plasma driven,
cesiated surface-conversion, multicusp ion source. While
operationally the source is well understood, there are many
uncertainties known about many of its internal parameters
such as a quantitative measure of cesium density and H−
beam density inside the source [41]. During operations, the
filaments of the source gradually wear out via a compli-
cated process, resulting in a regular source replacements

multiple times during each run cycle. Every time that the
beam source is replaced, the beam’s initial conditions
experience a step change and then while that source is
run and the beam’s initial conditions are changing very
slowly, the entire RF system’s characteristics continuously
drift (on timescales of minutes-hours), requiring continuous
manual retuning by the operators and beam physicists.
At each module m∈ f1; 2;…; 48g, the 15 unique

beam projections of the beam’s 6D phase-space density
ρmðx; y; z; px; py; pzÞ are

ρm1 ðx; yÞ; ρm2 ðx; zÞ; ρm3 ðx; pxÞ; ρm4 ðx; pyÞ; ρm5 ðx; pzÞ
ρm6 ðy; zÞ; ρm7 ðy; pxÞ; ρm8 ðy; pyÞ; ρm9 ðy; pzÞ

ρm10ðz; pxÞ; ρm11ðz; pyÞ; ρm12ðz; pzÞ
ρm13ðpx; pyÞ; ρm14ðpx; pzÞ

ρm15ðpy; pzÞ

:

We calculate a number proportional to the surviving
beam current at each module by simply summing over the
ρm12ðz; pzÞ projection

bm ¼
Z
z

Z
pz

ρmðz; pzÞdpzdz: (2)

Note that any projection can be used, they should all give
identical answers. In practice, this one was chosen because
the projection bounds were carefully selected along the
modules to capture as much beam as possible for a wide
range of RF settings while not making the bounds too wide
so that details of the beam would be missed. Because of
this, the edges of the beam are sometimes clipped by the
size of the projection window, but this is rare and has
negligible effects on the overall analysis.
In high-energy particle accelerators, the beam’s longi-

tudinal momentum typically dominates the other compo-
nents with pz ≫ px; py, therefore instead of px and py, we
typically consider the quantities x0 ¼ px=pz and y0 ¼
py=pz which provide a measure of the beam’s divergence
from straight line motion. Furthermore, because of the
resonant RF structures used to accelerate the beam, instead
of considering the global z position of particles in the
accelerator, it is also common to consider the phase φ of a
particle in a bunch relative to a design particle, where φ is
the phase shift of the RF accelerating field. In particular, for
a given RF cavity amplitude set point As and phase set point
θs, HPSim considers a design particle that arrives when the
RF field’s phase is at θs so that the electric field in the
cavity is given by

E ¼ As sinðωtþ θsÞ; (3)

then the “phase” of any particle in the bunch is defined by
considering the distance Δz between the particle and the
design particle, considering the particle velocity v at the
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entrance to the RF cavity, and calculating the amount of
phase shift of the RF field between the two particles
according to

Δθ ¼ ωΔt ¼ ω
v
Δz

; (4)

and assigning a phase θ ¼ θs þ Δθ. For the 2D projection
of the bunch at the RF cavity, the absolute phase θs is not
important, and so we consider just the relative phase
φ ¼ Δθ to get the total phase spread of the bunch. One
final change is that we typically consider the total kinetic
energy of the beam, E, assuming that it is almost entirely
due to the pz momentum component.
With these new phase-space coordinates, the 15 projec-

tions that we typically care about are the 15 unique beam
projections of the beam’s 6D phase-space density
ρmðx; y; z; x0; y0; EÞ given by

ρm1 ðx; yÞρm2 ðx;φÞρm3 ðx; x0Þρm4 ðx; y0Þρm5 ðx; EÞ
ρm6 ðy;φÞρm7 ðy; x0Þρm8 ðy; y0Þρm9 ðy; EÞ

ρm10ðφ; x0Þρm11ðφ; y0Þρm12ðφ; EÞ
ρm13ðx0; y0Þρm14ðx0; EÞ

ρm15ðy0; EÞ

represented as a 256 × 256 pixel images.
The importance of specific 2D projections depends on

position within the accelerator. Near the front end, the Los
Alamos Neutron Science Center (LANSCE) linear proton
accelerator uses 100 MeV proton beams to create medical
isotopes, for which the transverse beam size σr, average

beam current, and beam energy are important as the beam is
impacted onto a target for which the beam’s kinetic energy
controls the nuclear process of isotope creation and the
beam must be rastered across the sample based on its size
and current to prevent overheating [42]. Near the end of
LANSCE, an 800 MeV proton beam is impacted onto a
tungsten target producing a high-neutron flux for neutron-
diffraction material-science studies, for which only the
average beam energy is important. At the end of LANSCE,
proton radiography requires a precisely controlled longi-
tudinal phase-space ðz; pzÞ distribution of beam energy and
bunch length σz for beam-based dynamic imaging [43].
Throughout the LANSCE accelerator, the beam’s trans-
verse ðx; yÞ and ðpx; pyÞ distributions must be controlled to
keep the beam matched to the quadrupole magnet-based
focusing lattice so that the beam’s space charge does not rip
it apart causing it to impact the accelerator’s beam pipe.

III. VARIATIONAL AUTOENCODER

Our eventual goal is to create a map from RF settings and
beam current measurements to the various 2D phase- space
projections described above via a conditional guided latent
diffusion approach. The first step of latent diffusion is to
compress a large 256 × 256 pixel image ρmj down to a
much lower dimensional latent representation zmj to speed
up the diffusion process that will then work directly in the
latent space, as shown in Fig. 3. Besides the reduction in
computational complexity, by working with latent repre-
sentations zmj , the diffusion model is able to focus on
abstract features that have been learned by the VAE, which
keeps only the most essential details, rather than the raw

(a)

(d) (e) (f)

(b) (c)

c = [p,d,b,m]

FIG. 3. Combining a variational autoencoder (VAE) with a diffusion model for latent diffusion. (a) The VAE is used to compress a
projection ρmj ∈R256×256 down to a much lower dimensional latent embedding zmj ∈R8×8×3 (b) from which an estimate of the image is
then reconstructed as ρ̂mj ∈R256×256 (c). (d) A latent diffusion model, guided by a conditional vector c containing beam current
measurements, is then trained to generate estimates of the latent embeddings ẑmj ∈R8×8×3 (e). (f) The generated latent embeddings
ẑmj ∈R8×8×3 are then passed back into the decoder of the VAE resulting in conditional generation of the high-resolution phase-space

projections ˆ̂ρmj ∈R256×256.
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pixel values. This is clear in the latent representations
shown in Fig. 5 where the original phase-space images have
large empty backgrounds of 0-value pixels while the latent
representations are much more dense, using up the reduced
pixel space in a more optimal way.
For this dimensionality reduction task, we first train a

variational autoencoder (VAE) convolutional neural net-
work which embeds the 2D phase-space projections
ρmj ∈R256×256 into latent representations zmj ∈R8×8×3, from
which estimates of the projections ρ̂mj ∈R256×256 are then
reconstructed, as shown in Fig. 3(a). By embedding a
256 × 256 ¼ 65536 pixel image into a three-channel
8 × 8 × 3 ¼ 192 pixel image, the data are compressed
by a factor of 341. Using additional channels allows the
VAE’s latent representation to take into account various
image properties such as edges, as shown in Fig. 5. A high-
level overview of the VAE is shown in Fig. 4, demonstrat-
ing how much smaller the latent embedding is for fast latent
diffusion. The resolution decreasing layers shown in Fig. 4
each consist of a group of three 2D convolution layers with
3 × 3 filters and swish activation functions [44] followed
by batch normalization [45]. The first group of 2D
convolutions has 64 filters each. After each such set of
three, the image resolution is reduced by a factor of 2 using
a MaxPool 2D layer with a 2 × 2 pool size. This procedure
is repeated until the images are reduced to 8 × 8 with the
number of filters doubling at each stage. The network then
splits into two branches, each of size 8 × 8 × 3, with one
defining a mean image and the other defining a log

variance. Together these define a 8 × 8 × 3 normal distri-
bution from which samples are passed through the decoder
half of the VAE whose architecture mirrors that of the
encoder, with MaxPool layers replaced by transposed 2D
convolutions.
If we represent a 256 × 256 pixel input image as X, then

the encoder function of the VAE, fen maps X to mean zμ
and log variance zΣ:

fen∶ X → ½zμðXÞ; zΣðXÞ�; (5)

which are then used to define a normal distribution from
which latent representations z are sampled

zðXÞz̃μðXÞ þ ΣðXÞN ð0; IÞ; ΣðXÞ ¼ exp½zΣðXÞ=2�:

The sampled latent representation is then passed through
the decoder function, fde, which attempts to regenerate X
according to

fde∶ zðXÞ → X̂½zðXÞ�: (6)

The VAE’s loss function has two main components, the
first is the Kullback–Leibler (KL) divergence between the
learned latent distribution N θ and a mean 0 unit variance
normal distribution with diagonal covariance matrix
according to

KL½N θ;N ð0; IÞ� ¼ 1

2
fTr½Σ� þ zTμzμ − log½detðΣÞ�g: (7)

FIG. 4. The top row shows eight random examples of 256 × 256 pixel 2D phase-space projections of the beam. The second row shows
the associated 8 × 8 pixel red, green, blue (RGB) three-channel latent embedding images of the VAE. The third through fifth rows show
the separate RGB channels of the latent embeddings. The red channel seems to be activated by the brightest regions of the original image
and its interior, the green channel is highly active at the image boundaries, and the blue channel looks like a down sampled 8 × 8 pixel
version of the original image, uniformly covering the support of the image.
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This KL divergence regularizes the network’s latent rep-
resentation, pushing it toward a mean 0 unit variance
distribution so that the latent space can be easily sampled
and traversed without embeddings being placed in frag-
mented distant islands.
The second component of the loss function is the

reconstruction loss defined as the negative log-likelihood
of the regenerated images

R ¼ − log½PrðXjzðXÞÞ�; (8)

which pushes the network toward accurately reconstructing
the input images. The total VAE training loss is then
defined as a weighted sum

C ¼ Rþ wKL; (9)

where the weight w is typically chosen to be < 1 to allow
the network to develop some structure in the latent
embedding.
Despite using a highly compressed representation, the

VAE is able to reconstruct highly accurate, very detailed
images, as shown in Figs. 6 and 7. The overall absolute
percent error statistics for the training and test data of the
VAE are shown in Fig. 8.

IV. CONDITIONAL GUIDED LATENT DIFFUSION

In what follows, we sometimes drop phase-space coor-
dinate arguments and refer to the projections above as

ρmj ðp; ρ0Þ∈ fρm1 ðp; ρ0Þ; ρm2 ðp; ρ0Þ;…; ρm15ðp; ρ0Þg; (10)

to emphasize their dependence on the initial beam density
ρ0 and on the RF parameter settings

p ¼ ½A1; θ1; A2; θ2; A3; θ3; A4; θ4�; (11)

which are the amplitude set points ðAiÞ and the phase set
points ðθiÞ of the first 4 RF modules which make up the
201.25 MHz drift tube linac section of the LANSCE
accelerator (all other RF settings are fixed).
We focus on this section of the accelerator because the

beam’s characteristics are most sensitive to these RF
modules, which have the greatest impact on the overall
downstream performance.In practice, these are the first
knobs that the operators tune in order to minimize beam
loss or adjust other beam properties. For any given initial
beam distribution ρ0 and any RF settings p, we test whether
we can reconstruct the 2D beam phase-space projections
from a vector of beam currents as measured at all 48 RF
module locations

b ¼ ½b1; b2;…; b48�; (12)

where the individual beam current measurements are as
defined above in Eq. (2). We assume that we do not have
access to ρ0 which in practice is a time-varying ρ0ðtÞ which
undergoes step changes with every source change. Our
overall virtual diagnostic is then tasked with the mapping:

c ¼ ½p;b;d; m� → ρmj ; (13)

where d is a vector which defines which of the 15
projections we would like to generate.
As discussed in [38], a good physics-informed choice

for d is to use a six-dimensional vector whose
positions correspond to the six phase-space dimensions
ðx; y;φ; x0; y0; EÞ so that, for example, when generating
ρm1 ðx; yÞ, then d ¼ ½1; 1; 0; 0; 0; 0� and when generating
ρm15ðy0; EÞ, then d ¼ ½0; 0; 0; 0; 1; 1�.

256 x 256

128 x 128

64 x 64

16 x 16

8 x 8

32 x 32

256 x 256

8 x 8

16 x 16
32 x 32

64 x 64

128 x 128

256 x 256

8 x 8

4 x 4

2 x 2

2 x 2

4 x 4

8 x 8

256 x 256

(a)

(b)

FIG. 5. (a) High-level overview of the VAE architecture
(a) showing image size reduction from 256 × 256 pixels down
to a 8 × 8 × 3 latent embedding. (b) The much smaller diffusion
UNet working directly in the latent embedding space.
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FIG. 6. The top 15 images show one example of the true phase-space projections at module 48 for a test data point and the bottom 15
images show the generated images. The white curves are projections of the true data on their respective axes and the magenta curves are
those of the generated data.
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This physics-informed method is found to work better
than simply choosing a scalar d∈ f1=15; 2=15;…; 1g,
which arbitrarily places certain projections closer to each
other than others. For example, such an approach would
condition the ρm1 ðx; yÞ projection with 1=15, the ρm2 ðx;φÞ
projection as 2=15, and the ρm3 ðx; x0Þ projection as 3=15,
thus placing ρm2 ðx;φÞ twice as close as ρm3 ðx; x0Þ to
ρm1 ðx; yÞ, although all three projections share just the
single x axis. In contrast to this, for the physics-informed
6D vector approach conditions, the projections ρm1 ðx; yÞ,
ρm2 ðx;φÞ, and ρm3 ðx; x0Þ with the vectors d1 ¼
½1; 1; 0; 0; 0; 0�, d2 ¼ ½1; 0; 1; 0; 0; 0�, and d3 ¼
½1; 0; 0; 1; 0; 0�, respectively, so that all of these projections
that share the x axis have the same pairwise inner

products di · dj ¼ 1. Furthermore, completely independent
projections, such as ρm12ðφ; EÞ represented by d12 ¼
½0; 0; 1; 0; 0; 1� and ρm13ðx0; y0Þ represented by d13 ¼
½0; 0; 0; 1; 1; 0� are orthogonal with d12 · d13 ¼ 0. This
method also outperforms one-hot encoding d as
15-dimensional unit basis vectors of the form d1 ¼
½1; 0;…; 0�, d2 ¼ ½0; 1; 0;…; 0�, which forces each projec-
tion to be orthogonal, ignoring the shared axes.
Details of the diffusion process are available in the

literature [31–36]. Here we provide only a quick overview.
To generate latent images z, generative diffusion works by
learning how to reverse a diffusion stochastic differential
equation (SDE). One can approximate the SDE with finite
differences, yielding an iterative (diffusion based) noising

FIG. 7. The true and predicted ðΔφ;ΔEÞ projections are shown at several modules along LANSCE along with the difference and the
latent embeddings.

(a) (b) (c)

FIG. 8. Percent absolute error statistics for VAE reconstructions over the training and test data (a), for conditional diffusion
reconstructions of the latent representations (b), and for the VAE decoder reconstructing the original images using the diffusion-based
latent reconstructions (c).
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process, converting z into mean zero, unit variance
Gaussian noise:

z1 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1 − β1

p
zþ

ffiffiffiffiffi
β1

p
ϵ1

z2 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1 − β2

p
z1 þ

ffiffiffiffiffi
β2

p
ϵ2

..

.

zT ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1 − βT

p
zT−1 þ

ffiffiffiffiffi
βT

p
ϵT; ϵk ∼N ð0; IÞ: (14)

The noise schedule fβk; k∈ 1;…; Tg is chosen as an
increasing sequence such that 0 < βk−1 < βk < 1 with
typical starting and ending values of β1 ¼ 1 × 10−4

and βT ¼ 1 × 10−2. For large high-resolution images
ð1024 × 1024Þ, the sequence length is typically
T ¼ 1000, but for the much smaller latent images that
we use for latent diffusion, we can work with T ¼ 100.
This is one additional factor that greatly speeds up latent
diffusion relative to standard image space diffusion, besides
working with a smaller UNet, we also need fewer diffu-
sion steps.
For an image evolving according to Eq. (14), a sample zk

can be generated in a single shot from z without having to
go through the Markov chain one step at a time as it is
easily calculated that

zk ¼
ffiffiffiffi
αt

p
zþ

ffiffiffiffiffiffiffiffiffiffiffiffi
1 − αt

p
ϵ; ϵ ∼N ð0; IÞ; (15)

where

αk ¼
Yk
j¼1

ð1 − βjÞ: (16)

Equation (16) and 0 < βj < 1 implies that αk converges
toward 0 as k increases and therefore from Eq. (15), it is
clear that zk approaches a sample from N ð0; IÞ.
Equation (15) makes it easy to sample the state of an
image z at an arbitrary diffusion time k. We can analytically
approximate the conditional diffusion distribution of a
reverse diffusion step of moving from zk to zk−1 by a
combination of Bayes’ rule and a change of variables, as

qðzk−1jzk;zÞ ¼ N
�
1−αk−1
1−αk

ffiffiffiffiffiffiffiffiffiffiffiffi
1−βk

p
zkþ

ffiffiffiffiffiffiffiffiffi
αk−1

p
βk

1−αk
z;

ð1−αk−1Þβk
1−αk

I

�
: (17)

Having this analytic form (and making several additional
simplifying assumptions as described in the literature)
allows us to design the diffusion UNet to perform iterative
denoising steps by predicting and removing the noise that is
added during the diffusion process Dk which we model
using a UNet Dθ according to

Dk½zt; c� ¼
1ffiffiffiffiffiffiffiffiffiffiffiffiffi

1 − βk
p zk − βkffiffiffiffiffiffiffiffiffiffiffiffiffi

1 − αk
p ffiffiffiffiffiffiffiffiffiffiffiffiffi

1 − βk
p Dθ½zt; t; c�:

(18)

The overall architecture uses a U-net [46], with the setup
that was developed for the PixelCNN [47], which uses
group normalization instead of regular normalization [48],
two residual CNN blocks at each resolution of 8 × 8, 4 × 4,
and 2 × 2, and attention layers at the 4 × 4 and 2 × 2 pixel
embedding levels [49–54].
Reconstruction error statistics for both the training and

test data are shown in Figs. 8–10. In Fig. 8, we can see a
trade-off of the latent diffusion approach as the overall test
error grows along the encode, generate, decode sequence.
Although it is faster than diffusion in image space, in the
latent diffusion approach, each generative model, and
especially compression, adds its own error to the overall
final result. In our case, and in most use cases, this trade-off
is acceptable if a large/powerful enough autoencoder is
used. In Fig. 9, we see a comparison between training and
test data of the accuracy of the predicted first moments of
the beam after it has been regenerated from its latent
representation by the latent diffusion process. As expected,
performance is worse for test data than for training data, but
the results remain highly accurate, with σ errors much
smaller than the σ values of the beams themselves. This is
expected because here the diffusion model is solving a
difficult ill-defined inverse problem of mapping a 1D
distributed measurement back to detailed 2D phase-space
projections. For such problems, although a validation error
is used to stop training once overfitting is detected, the
overall validation error is greater than the training error,
those two curves do not overlap as they do in much more
simple problems. This can be clearly seen in Fig. 8. While
the VAE is solving the easier self-supervised task of
compressing and reconstructing images, the train and test
error distributions look almost identical (A). However, once
we reach the diffusion process, which addresses the ill-
defined inverse problem, even with early stopping of
training to prevent overfitting, we immediately see a split
in distributions with the test data error increasing (B). In
Fig. 10, we see a more detailed breakdown of the test error
as the dependence of MSE test error is shown relative to
module number and projection number. As expected, we
see that the method’s performance is related to the variance
of the data (when variance is low, a model can easily get
away with just learning the mean).

V. ROBUSTNESS TO NOISE

For a study of how feasible this approach is, it is
important to test the robustness of the approach to meas-
urement noise. In simple BCMs, such as the design shown
in Fig. 2, the induced current IiðtÞ in the body of the BCM
itself excites a measured current ItðtÞ through a trans-
formerlike coupling. The actual measured current ItðtÞ
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FIG. 10. Prediction error compared to variation of the data as a function of location in LANSCE (module number) and projection
number. The top three figures in the middle column show that as expected MSE of the predictions rises with variation of the data (if there
was no variation at all, then the model could just memorize 1 image). In the first and third columns, three random examples of
projections are shown at module 1 and also at the end of the accelerator at module 48, the bottom row shows three random longitudinal
phase-space projections of the beam including at the middle of the accelerator.

FIG. 9. Error statistics calculated by fitting Gaussians to each 1D projection of each image and then comparing the σ values for both
training and test data predictions. The top row shows true and predicted results for the training data, the middle row shows results for test
data, and the bottom row shows histograms of the absolute errors.
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depends on IiðtÞ as a function of the impedance of the
measurement circuit through which ItðtÞ passes and on the
transfomer coupling and can also be perturbed by external
noise. The result is that the overall BCM circuit must be
carefully calibrated during installation, and despite such an
effort, the actual measured beam current as provided by the
BCM will be a different function of IiðtÞ at each specific
BCM. The result of all of this is that we can see unphysical
measurements such as the BCM readings increasing at
certain regions of the accelerator, which corresponds to
more beam being created as it travels through the machine,
which is of course the opposite of what really happens in
that beam is continuously lost along the accelerator.
To take into account such effects in our simulation-based

synthetic data, and to study the robustness of our
generative AI to such measurement noise, we add mean-
zero Gaussian noise N ð0; σÞ of varying standard deviation
σ to our BCM signals, where we test sigma values of
σ ∈ f1%; 2%;…; 10%g with the percentage corresponding
to the ideal initial 100% beam current at the accelerator
entrance, as shown in Fig. 11 for 10 random examples of
the beammoving through all 48 modules of LANSCE, with
only 4 of the noise levels shown. Recall that our BCM
simulation is based on a surviving particle count, which
counts the total number of particles at each of the 48
accelerator modules, based on the ðφ; EÞ phase-space
projection. Therefore, the red lines shown in Fig. 11 are
strictly decreasing as the simulation removes lost particles
that intercept accelerator components or the beam pipe. By
adding random noise, we can add the AI’s robustness to the
nonphysical effects that we discuss of BCM readings
sometimes slightly increasing.
Figure 12 shows the resulting mean squared error (MSE)

of the latent representations generated by the diffusion
model when they are conditioned on the true BCM readings
and also when the BCM part of the conditional vector is
corrupted by increasing levels of noise. The bottom part of
the plot shows that there is a clear correlation between noise
level and latent image prediction ẑmj error, but the impact of
the noise even at 10%, is not dramatic, as seen in the top
part of the image. Figure 13 then takes those latent images
that were generated based on noisy BCM readings and

sends them through the decoder of the VAE to generate
approximations of the beam projections ρ̂mj . Here there is
again a clear correlation between noise level and prediction
error with no significant jump in error until a 6% noise level
is reached. Figure 14 shows one example of the true and

FIG. 11. Examples of 10 noisy BCM readings at various noise levels used for testing the robustness of the approach.

FIG. 12. Error statistics for predicting the latent space repre-
sentation z at module 48 for the test data when varying levels of
noise are added to the beam current measurement.
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generated 2D ðφ; EÞ projection at module 48 in LANSCE
for 0%, 5%, and 10% signal noise levels. The fact that the
diffusion model and therefore the final generated image are
not extremely sensitive to such noise is promising for
testing this method experimentally and are explained by the
fact that despite additive noise, overall trend of the BCM
reading is on-average preserved, until extremely large noise
levels are reached.

VI. ADAPTIVE LATENT DIFFUSION

ML for nonstationary systems is an open problem and an
active field of research [55–58]. Typical approaches for
nonstationary systems rely on detecting significant changes
after which the weights of neural networks are updated/
retrained with new information or are continuously trained
to keep up with continuous changes [59–61]. Approaches
have been developed for the case of covariate shift, where

the input distribution PðxÞ is different for training and test
data, but the conditional distribution of output values
PðyjxÞ remains unchanged [62], based on importance-
weighting (IW) techniques [63]. IW methods have also
been developed using kernel mean matching methods [64]
and by minimizing the Kullback-Leibler divergence
between a test data density distribution and its estimate
[65,66]. Methods have also been developed for extracting
frequencies and amplitudes from time-series data [67], and
Bayesian methods have been used with sinusoidal kernels
for periodic time-varying systems [68].
Recently, an adaptive machine learning approach has

been developed which combines deep learning with the
state-of-the-art robust adaptive feedback mechanism from
control theory, known as bounded extremum seeking, for
stabilizing and optimizing analytically unknown dynamic
systems [69–73]. This approach was first demonstrated for
automatic control of the ðz; EÞ longitudinal phase space of
the LCLS electron beam [14], it has been incorporated
within the architecture of generative models for real-time
adaptive latent space tuning for real-time tracking of time-
varying acceleartor beams based on limited measurements
[24–26], for tracking time-varying 3D electron densities in
coherent diffraction imaging [74], and it has been used for
adaptive tuning of conditional vectors that guide generative
diffusion models as virtual particle accelerator beam
diagnostics [38,39].
For our adaptive application, we consider the case where

we have access to a 1D projection of one of the 2D images
that we are trying to generate. For example, the projection
of the longitudinal phase-space distribution along the phase
or time axis, as defined by

ρmðφÞ ¼ PEρ
mðφ; EÞ ¼

Z
E
ρmðφ; EÞdE; (19)

is a measure of the bunch current profile at module m.
Sometimes, the beam can also be projected along the
energy axis, as defined by

ρmðEÞ ¼ Pφρ
mðφ; EÞ ¼

Z
φ
ρmðφ; EÞdφ: (20)

In the above, P• represents the projection operator so that
P•ρð∘; •Þ ¼

R
ρð∘; •Þd•. Such a measurement is performed

by passing the beam through a dispersive element, such as a
dipole bending magnet, thus correlating transverse position
with energy, and then impacting a phosphor screen or
scintillator. For any such projection, P, of a 2D beam
phase-space density XðτÞ, we can simulate the same
projection, P̂, and apply it to the diffusion-generated
version of the 2D distribution X̂ðτÞ. Comparing the
measured and simulated projections, we can define a
simple cost function

FIG. 13. Error statistics for predicting the 2D ðz;φÞ projections
at module 48 for the test data when varying levels of noise are
added to the beam current measurement.

ALEXANDER SCHEINKER and ALAN WILLIAMS PHYS. REV. ACCEL. BEAMS 28, 094602 (2025)

094602-12



Cðτ; cÞ ¼ kP̂X̂ðc; τÞ − PXðτÞk
¼

Z
jP̂X̂ðc; τÞ − PXðτÞj; (21)

where we have highlighted the fact that the generated
projection X̂ depends on the conditional vector c. Our goal
is then to apply bounded extremum seeking to adaptively

tune the conditional vector c to continuously track a time-
varying PXðτÞ.
For this kind of time-varying optimization problem, the

bounded extremum seeking method, as first described
in [70], simply follows the dynamics

ċj ¼ ffiffiffiffiffiffiffiffi
αωj

p
cos ½ωjτ þ kCðτ; cÞ�; (22)

FIG. 14. Comparing predictions to true image of the 2D ðφ; EÞ projection at module 48 for the test data when varying levels of noise
are added to the beam current measurement. As described in the text, the noise is mean zero Gaussian with only the standard deviation
increasing, there is no set offset to the measured signal, it is just perturbed with a higher and higher variance mean-zero random noise.

FIG. 15. Overview of adaptive conditional tuning for a virtual 2D diagnostic that tracks a time-varying beam based on 1D projections.
Here, τ represents physical time, relative to which accelerator components and initial conditions of the beam are changing, while t
represents generative diffusion process time. If a 1D projection PXðτÞ of one of the beam’s 2D distributions is available for
measurement, it can be compared to a simulated projection P̂ of the generated representation of the same 2D distribution given as
P̂X̂ðτÞ. A cost function defined by the difference between these projections is then used to adjust the conditional vector cðτÞ to
adaptively track the time-varying beam.
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where ωi ≠ ωj are distinct dithering frequencies. The term
α defines the steady-state oscillation amplitudes of the
tuned parameters. Once a minimum of Cðτ; cÞ is reached,
cjðτÞ will oscillate about its minimizing value c�jðτÞ with a
trajectory of the form

cjðτÞ ≈ c�jðτÞ þ
ffiffiffiffiffi
α

ωj

r
sinðωjτ þ θÞ;

where θ is some phase offset. To get close to the minimum
and for the adaptive dynamics to be faster than the system’s
time variation, the ωj must be sufficiently large relative to
k∂C=∂tk. The term α also acts as a feedback gain together
with the term k as on average, the system dynamics of
Eq. (22) can be approximated arbitrarily accurately by the
gradient flow dynamics

ċ ¼ − kα
2
∇cCðτ; cÞ; (23)

which for kα > 0 finds and tracks the minimum of the
analytically unknown function Cðτ; cÞ. Note that, on
average, the dynamics are a gradient flow; the adaptive
feedback, as defined in Eq. (22), is not attempting any kind
of discrete gradient estimation, which makes the method
incredibly robust for high-dimensional and noisy dynamical
systems. The method has been demonstrated in hardware
for automatic particle accelerator tuning including auto-
matic optimization of high-voltage converter modulator rise
time [75], automatic FEL output power maximization at
both the LCLS and the EuXFEL [76], for real-time multi-
objective optimization of the AWAKE electron beamline
[77], for automatic beam loss minimization at LANSCE
[78,79], and for vertical stabilization of plasmas in a
tokamak [80].
An overview of the adaptive setup is shown in Fig. 15,

which emphasizes that there are two timescales to consider.
The time τ is related to physical time relative to which the
beam and accelerator are changing and evolving and the
conditional vector cðτÞ must be adjusted to track the time-
varying object. The second timescale t is the diffusion

FIG. 16. Demonstration of adaptive longitudinal phase-space tracking at LANSCE. The left columns show initial beam distributions,
the middle columns show the distributions that the beams evolve to due to time-varying RF module settings, and the right columns show
the adaptively tracked predictions. The top row is for module 28, the next is module 38, and the bottom row is module 48.
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process time representing the diffusion-based image gen-
eration process.
While this process can, in principal, be applied for any

beam projection at any accelerator location, in this dem-
onstration, we focus on using the 1D energy projection as
our measurement. We use the energy projection because we
have locations in LANSCE where the beam goes around a
bend and we can measure the energy spread on a phosphor.
We focus on modules near the high-energy end of
LANSCE because that is where the energy screens are
located and that is also where we need the finest control
over the beam’s ðφ; EÞ phase space because high-energy
beam loss contributes most to equipment damage and
radioactive activation of accelerator components and also

the final beam energy must be finely controlled for
experiments. Figure 16 shows three examples of an initial
beam distribution which then changes because of drifting
RF parameters, where we assume that we do not have
access to the true RF signals, but we are nevertheless able to
track the time-varying beam distribution by continuously
adaptively tuning the conditional vector of the generative
diffusion process based only on the 1D energy projections.
We choose the RF parameters to vary because during
LANSCE operations, the RF systems are the fastest time-
varying signals and the RF pickup loops have arbitrary
temperature-dependent offsets. The eight tuned RF param-
eters of the accelerator changed approximately 2° and 2%
for the phase and amplitude, respectively, and so did the
conditional vectors in order to properly track them.
Because our adaptive feedback only has access to a 1D

projection of a 2D image, the tracked reconstruction is not
perfect as even an exact match of a 1D projection can come
from uncountably many different 2D objects. For example,
a square and a circle whose diameter is the same length as
the side of the square can have the same 1D projection if
their densities are defined correctly. Nevertheless, by
starting at the correct solution, we see that we can
accurately track the time-varying image (only missing
minor interior details) based only on tracking the 1D
projection because the beam is not just an arbitrary shape,

FIG. 18. Reconstruction accuracy of the latent representation as a function of number of beam measurements.

FIG. 19. Reconstruction accuracy of 2D beam phase-space projections as a function of number of beam measurements used to
reconstruct that latent representations.

FIG. 17. Mask used to remove beam measurements. Locations
of used beam measurements shown in gray, those that are thrown
out are shown in green.
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FIG. 20. Example of a good reconstruction by all models. The left column shows the true projection, the second, third, and fourth
columns are being generated by the models using 36, 24, and 12 channels, respectively. The 2nd, 4th, and 6th rows show the true 1D
projections in solid white and generated 1D projections as dashed lines superimposed on top of the difference between the true and the
generated beam images.
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FIG. 21. Example of a bad reconstruction by the model using only 12 channels. The left column shows the true projection, the second,
third, and fourth columns are being generated by the models using 36, 24, and 12 channels, respectively. The second, fourth, and sixth
rows show the true 1D projections in solid white and generated 1D projections as dashed lines superimposed on top of the difference
between the true and the generated beam images.
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rather it is defined as a function of RF parameter settings
according to a very specific physical process and the
diffusion model has learned how to accurately move around
in this parameter space.

VII. DEPENDENCE ON NUMBER
OF BEAM MEASUREMENTS

The robustness of this approach relative to the number of
beammeasurements that are available is studied next. All of
the analysis above used 48 beam measurements, one after
each accelerating module. In order to study how applicable
this approach might be to other accelerators, with fewer
numbers of beam measurements, we retrain 3 new condi-
tional diffusion models which use only 36, 24, or 12 beam
monitors for the conditional vector of the diffusion model,
as shown in Fig. 17.
By reducing the amount of detail that is available for the

conditional model, the already ill-defined inverse problem
should be much more difficult to solve uniquely as there is
a greater chance of two different beams having much more
similar beam loss or beam current-based signatures that are
conditionally guiding the generative diffusion process. For
this reason (similar to the discussion above), there should
be a growing test error, which grows much faster than the
training set error.
Figure 18 shows the statistics of training and test error

for the conditionally generated latent images ẑ, and they are
compared to the test error of the original diffusion model
that uses all 48 beam signals, as shown in Fig. 8(b). When
using only 36 or 24 measurements, the statistics are very
similar to that of using all 48, once we go down to just 12
measurements, the error increase is more noticeable. Once
the generated ẑ images are passed through the same
decoder that was used above, we show the error statistics
for the reconstructed 2D beam phase-space projections in
Fig. 19 alongside the errors when using all 48.
Figure 20 shows an example of a reconstruction that is

very good when using all three conditional diffusion
models, and Fig. 21 shows an example in which the
diffusion model with only 12 signals is producing an
inaccurate latent representation that is then being mapped
to the wrong 2D phase-space projections by the decoder.
As shown in Figs. 18–21, reducing the number of beam

measurements, which reduces the amount of information
in the conditional vector of the diffusion model, leads to a
reduction in predictive ability, as expected. However, it is
also seen that the degradation in prediction accuracy is
not severe, with a significant effect showing up only
when the number of beam measurements has been
reduced by a factor of 4. At that point, when only 12
beam measurements are being used, the prediction
accuracy is a mix and more unreliable. The most obvious
and easy way to fix this, in the case where only limited
numbers of beam measurements are available, is to add
additional complementary beam data, such as beam

position monitors, which were not studied in this work.
This kind of study is expected to be very accelerator
architecture dependent.

VIII. CONCLUSIONS

We have developed a conditionally guided latent dif-
fusion model that can map waveforms of beam loss or beam
current measurements along an accelerator to detailed 2D
projections of the beam’s 6D phase-space density. We
showed that the method can interpolate to unseen data
points for different initial beam conditions and RF param-
eter settings. We studied the robustness of the method to
noisy BCM readings and showed that it is not prohibitively
sensitive to additive noise. We have also shown that if
calibrated then adaptive condition tuning can track a time-
varying beam based only on 1D projections even when the
RF parameters begin to change and are unknown. This
transformational method has the potential to be used at any
particle accelerator to transform simple noninvasive devices
into detailed beam phase-space diagnostics. It is worth
noting that the applications studied above relied on the fact
that the LANSCE accelerator has non-negligible beam loss
and therefore non-negligible changes in current monitor
readings so that those signals could inform the generative
diffusion process.
In this work, we demonstrated this concept via multi-

particle simulations of the high-intensity beam in the
kilometer-long LANSCE linear proton accelerator.
Future work will focus on expanding to a higher dimen-
sional parameter study including additional RF cavities,
magnets, and an experimental demonstration.
Not all particle accelerators operate under significant

beam loss conditions. For example, in the nominal oper-
ation of the SwissFEL accelerator, nearly 100% trans-
mission is achieved. Moreover, in such conditions, many
different phase-space projection techniques can be imple-
mented directly due to the high transmission, and a beam
loss or beam current-based method would probably not be
applicable in such scenarios. In such cases, it is possible
that other rich noninvasive signals, such as beam position
monitors, could be used as conditional vectors to inform the
2D phase-space reconstructions, but that is a topic of future
work which has not been studied here.
We acknowledge that in order to develop such a

generative tool for any of the 2D beam projections, one
must have access to a well-calibrated model to train the
generative AI and for even more accurate results, one
would need a way to experimentally measure projections,
such as sending the beam through a screen to measure the
transverse ðx; yÞ density or through a TCAV-based system
to measure the ðz; EÞ distribution. If such destructive
diagnostics are available, they can be used to train the
generative model, which can thereafter act as a noninvasive
diagnostic that does not intercept the beam but instead
relies on beam loss or beam current measurements.
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For accelerators where the beam loss is primarily caused
by trajectory deviations, it would be interesting to inves-
tigate this approach and use beam position monitor (BPM)
readings as the conditional vectors that guide the diffusion
process. It is well known that BPM signals encode some
information about the beam size and shape through the
image charge [81–85]. It would be interesting to study how
much information a deep generative model can extract from
such signals, but that is beyond the scope of this work.
Finally, our study of robustness to the number of beam

measurements has shown that, at least for LANSCE, this
method remains effective even when the number of
measurements is reduced by a factor of 2, from 48 to
24. When reduced by a factor of 4, to just 12 measurements,
the results are still decent overall, but with larger errors.
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