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▪ The experiments with rare isotope beams are limited in time, usually about a week or less.  Shortening the 
accelerator setup time for stable operation with high beam availability is critical to meeting the requirements of the 
FRIB Users community.  

▪ The main goal of this project is the development of AI/ML tools to minimize FRIB accelerator start-up time for any ion 
species. Accelerator setup must deliver the beam to the target with specified energy and beam size, while 
uncontrolled beam losses along the linac must be below 1 W/m and relative beam losses below 10-4. 

▪ Development of machine learning tools such as neural networks (NN), Gaussian processes, and reinforcement 
learning, in which NNs are incorporated to represent system models and optimal feedback, using open-source 
software packages such as TensorFlow, Scikit-learn, PyTorch, and GPyTorch. An efficient optimization algorithm 
using the prior-mean assisted Bayesian Optimization (pmBO) for setting up the Front End (FE) with specified phase 
space parameters and optimized transmission to the FRIB SC linac.  LANL has been developing virtual phase space 
diagnostics via generative encoder-decoder convolutional NNs whose low-dimensional latent space embeddings are 
adaptively tuned based on limited beam measurements.

▪ Project has been completed and renewed with additional scope for the next two years.  

Project Description, Goal and Status
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FY 2024 (k$) FY 2025 (k$) FY 2026(k$)

a) Funds allocated 360 360 600 (renewal)

b) Actual costs to date 360 360 0



Facility for Rare Isotope Beams
U.S. Department of Energy Office of Science | Michigan State University
640 South Shaw Lane • East Lansing, MI 48824, USA
frib.msu.edu

Major Deliverables  
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Milestone Schedul

e

Establish framework for ML application at the FRIB 

linac
Q1FY24 A workstation with an AI/ML library incorporated into the 

Accelerator Controls Network. A special Beam Mode has 

been established to run AI/ML tools  

Fast tuning of 6D beam centroid Q1FY24 ML-based application has been established and is being 

constantly used for the tuning

Fast transverse envelope matching using higher 

order moments extracted from BPMs 
Q3FY24 ML-based application has been established and is being 

constantly used for the tuning

Virtual diagnostics at LEBT Q3FY24 The virtual diagnostics has been developed

Surrogate modeling for instant phase setting Q4FY24 The model has been developed and is used when 

necessary

Fast tuning of multiple charge state beams Q2FY25 The technique has been developed and tested 

Application of extremum seeking and ML for fast 

tuning
Q3FY25 The technique has been developed and tested and will be 

incorporated as an ML-based application

Beam test of FE tuning with ML tools Q4FY25 We use ML tools for the FE tuning together with other 

physics applications

Beam test of multiple charge state tuning Q4FY25 Testing has been done with multiple charge states of 

uranium. 
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▪Adaptive Generative Deep Learning Tools for Virtual 4D Phase Space Diagnostics

Virtual 4D Phase Space Diagnostics at LEBT
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▪ Variational autoencoder compresses 
4D phase space densities (x,px,y,py) 
on a 1284 grid down to optimally 
compressed abstract latent 
representations of size 16x16x4. 

▪ Conditional latent diffusion then works 
directly in latent space.

▪ 4D phase space density generated at 
23 locations along the CSS, final 
output can be used as input to further 
simulation of the rest of the FRIB 
beamlines.

▪ 2D projections of predictions can be 
compared to measurements and the 
error can guide adaptive adjustment of 
the conditional vectors guiding the 
diffusion process for tracking time-
varying beam or machine parameters

4D Convolutional Neural Network Variational Autoencoder
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▪Generative diffusion is the state-of-the-art AI-based method for creating high resolution 
representations of complex objects.

▪Conditional vector c contains lattice and ECRIS parameters (magnet settings and charge 
neutralization), and location at which to generate the beam’s phase space.

▪ Latent diffusion works on small abstract latent representation created by a variational 
autoencoder: faster generation and more optimal compact representation of the beam.

Conditional Guided Latent Diffusion
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4D VAE + Adaptive Latent Diffusion
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Results: Adaptive Conditional Guided Latent Diffusion 
Tracking 4D Time-Varying Phase Space Densities
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▪Consider a scenario where the evaluation of the composite objective function in the real 
machine depends on observations at different states.
• (e.g.) beam trajectory variation over different charge states, beam centering at quadrupole magnet, and 

emittance optimization with partial observations

▪Also consider that the switching state is costly compared to the control knob change.
• (e.g.) selection of charge state.

▪We exploit Multi-task GP (that can capture the relation between the tasks), so that the 
observations at a fixed state can also improve model accuracy at other states through 
correlation. 

▪  A simple acquisition function like Expected Improvement (EI) can be used
• Although Bayesian Algorithm Execution or Knowledge Gradient are also suitable, but they incur 

additional computational costs

▪Beam test: 4 steering correctors, three BPMs, three charge states of uranium 73+,75+ and 77+

▪Goal: combine all charge states to the same position after the achromat bending system 
  

Multi-Task BO with Partial Observation
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▪Use two corrector pairs before FS2 to merge 3Q 

MTBO Beam Test (20250507, 238U35)
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The results will be 

improved with a 

larger control range 

and more epoch 

count
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▪ Curse of dimensionality: The Number of data points for good modeling scales exponentially with 
dimensionality

▪ Modern AI models with millions of parameters are trained efficiently
• A key enabler is Auto-Differentiation (AD) for gradient descent 
» Scales gracefully with the dimensionality of the parameter

▪ Not directly applicable to real machine ⇽ gradient information not available.

▪ Our solution: Extremum Seeking (ES) and Surrogate Gradient (SG)

High-Dimensional Online Optimization
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• ES: sinusoidal perturbations (dithers) on the control parameters, effectively 

performs gradient ascent on average regardless of the dimensionality

Benchmark on 50D 

random NN objective

Benchmark on 200D 

random NN objective

• SG: use auto-differentiation on surrogate model (GP) to extract gradient
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▪ES-induced dithering expands the trajectory into a 
small volume around the path, enriching the 
dataset with more diverse samples.

▪ This variation would improve the surrogate’s 
ability to capture gradient direction

ES Perturbation Improves SG Accuracy
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Gradient prediction 

versus ground truth 

for two datasets: 

(i) samples strictly 

along the gradient 

path 

(ii) ES-perturbed 

samples around the 

same path

2D Goldstein–
Price function

Comparison of gradient quality metrics: trace of the Jacobian variance (grad var) and
cosine similarity between predicted and true gradients. ES perturbations yield consistently 
higher scores, reflecting improved SG accuracy.
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▪ Simultaneously tune 26 correctors and 4 solenoid in LEBT. 

▪ The goal is to restore the previous “good tuning” based on the BPM, 
BCM and FC.

Preliminary Beam Test
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Initial BPM readings relative to the optimization target 

Final BPM readings relative to the optimization target
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▪Some of benchmark on synthetic test functions showed promising results - performance 
comparable to one of state of the art (SOTA) BO: TurBO, but some were not (sub SOTA). 

▪Study to Improve the methodology is progressing
• Understanding relation b/w Hyper-parameters and dimensionality – ES parameters, learning rate, etc

• Implementation and Understanding the effect of dimensionality reduction method on gradient estimation 
accuracy using Active Subspace or Row rank Kernel approximation, etc

• Acquisition function to search most reliable gradient evaluation point near current setpoint 

ES+SG is Still Under Study
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100D normalized negative 

rastrigin function

Note : ES+SG outperforms ES or SG alone. Although marginal cost, TurBO has additional computation cost of acquisition function optimization

100D negative quadratic 

function
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▪BPM consists of 4 pick-ups to measure beam-induced signals UR, UL, UT, UB .

▪Measurement Error

• BPM is designed to measure beam position, not the quadrupole moments
• Quadrupole moment signal strength is the 2nd order → Weak signal 
»Small signal error ( calibration error, noises ) leads to big BPMQ error

▪ Training data Label Error
• Data labeling done with physics simulation. 
»Simulation input parameters are from Profile Measurement (PM) based CS reconstruction.

» Label accuracy depends on simulation error, PM measurement error

»Data accuracy turned out to be not good enough!

▪  

Beam Quadrupole Moment from BPM
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BPMQ = G
𝑈𝑅 + 𝑈𝐿 − 𝑈𝑇 + 𝑈𝐵

𝑈𝑅 + 𝑈𝐿 + 𝑈𝑇 + 𝑈𝐵
− 𝑥2 − 𝑦2 ≃ 𝜎𝑥

2 − 𝜎𝑦
2

geometric factor

T

B

RL

Data cleaning and re-processing!

Uncertainty quantification
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▪Estimate aleatoric uncertainty (random error) of 
• BPMQ measurement from 4-pickup signal sample fluctuation 

• Beam size measurement from PM signal using heuristic study
» conclusion: error is proportional to estimated beam size

▪Re-process CS-reconstruction with PM data (~2 years of data)

• Re-define loss function as posterior with estimated aleatoric uncertainty 
(∝ beam size) as priors ⇀  renew CSs with new loss function.

• Data cleaning based on reconstruction loss

▪Data fidelity categorization
• High-fidelity data: samples collected through a structured q-scan procedure, 

where each step is paired with a PM measurement with low reconstruction 

• Low-fidelity data: two types of samples
» data collected during the q-scan procedure but rejected due to high reconstruction loss

» data collected using random quadrupole settings after the CS reconstruction process.

Data Cleaning, Re-processing and Fidelity Categorization
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Two-stage hierarchical model, input: 161 MHz frequency component (instead of full profile).
• ℳ1 : physics-informed structure. 

ℳ1( 𝑈𝑖 ; 𝜃) =  𝑔
𝑢𝑅 + 𝑢𝐿 − 𝑢𝑇 + 𝑢𝐵

𝑢𝑅 + 𝑢𝐿 + 𝑢𝑇 + 𝑢𝐵
− 𝑥2  −  𝑦2 + 𝐹𝐶𝑁𝑁 𝑢𝑖 , {𝑢𝑖

2}; 𝜃  

        Trained with low-fidelity data first and then fine-tuned with high-fidelity data.

• ℳ2 : (fixed noise) GP model - input: calibrated signal 𝑢𝑖; outputs: offset of data label from ℳ1

ℳ2 𝑈𝑖 ; 𝜃 = ℳ1 𝑈𝑖 ; 𝜃 + 𝐺𝑃 𝑢𝑖 ; 𝜃

 Trained with high-fidelity data.

Virtual Diagnostics (VD) BPMQ model 
Architecture Update: 2-Stage Hierarchical
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𝑔 = (1 + 𝜃𝐺)𝐺 

𝑢𝑖 = 1 + 𝜃𝑖 𝑈𝑖 

Still cannot avoid VD prediction bias 

due to of data label bias
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▪Why Q-scan with Bayesian Active Learning (BAL)?
• Even though LS3 exit is equipped with 17 BPMs, single shot 

measurement leads degenerate solution. 

   ⇀ diverse data needed

• VD prediction bias inherits training data label bias 

   ⇀ diverse data to avoid overfitting on biased prediction data

▪Various strategies explored
• Emittance prior.

• BPMQ and PM hybrid.

• Bayesian VD prediction correction to align consistency b/w 
the BPMQ and physics simulation.

• Bayesian Active Learning for Converging Inference
»Extensive benchmark performed with all the combination of 

strategies

»Code optimization for speed for online application

Toward CS Inference with BPMQ VD
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▪Developed theoretical and experimental Bayesian Active Learning (BAL) framework for 
efficient converging inference with physics model
• application examples: CS inference using Q-scan with BPMQ or Q-scan with PM  (how to choose Q)

Inference of an unknown 𝒛 relies on indirect measurements 𝑦

𝑦 = 𝐹(𝑥, 𝑧) = 𝑓 (𝑥, 𝑧) + 𝛿(𝑥, 𝑧) + 𝜉
𝑓(𝑥, 𝑧): simulation model – approximate of true system 𝐹(𝑥, 𝑧)
𝛿(𝑥, 𝑧): model discrepancy (simulation error vs. real system). 
𝜉: noise

▪ (Bayesian) Statistical Inference = Identifying Posterior
• Posterior  = probability of z (and 𝛿) given dataset 𝒟 ≔ 𝑥𝑖 , 𝑦𝑖 𝑖=1

𝑡  

⇀ most likely z is at maximum peak of posterior

• Posterior ∝ Prior × Likelihood

• We use physics simulation model to 

represent likelihood ⇀ a  lot of benefit (e.g. physics constraints)

Bayesian Active Learning (BAL) for Converging Inference
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𝑝 𝑧, 𝛿1:𝑡 𝒟 ∝ 𝑝 𝑧 ෑ

𝑖=1

𝑡

𝑝 𝛿𝑖|𝑥𝑖 , 𝑧 𝑝 𝑦𝑖|𝑥𝑖 , 𝑧, 𝛿𝑖
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Example: 1D CS inference
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Top to Bottom: BAL iterations. 

Left column: Phase-space at the entrance of the scan quadrupole

Right column: Phase-space at the PM location.

Black ellipse: True CS 

Multi-color ellipses: posterior samples 𝑧𝑖,1:𝑆. 

Vertical line, right columns: Beam size measured by PM. 

Top: Posterior samples 𝑧1,1:𝑆 at 1st iteration (𝑖 = 1). Note that posterior 

samples satisfy the beam size measurement at the PM location (right plot)

Middle: Posterior samples 𝑧2,1:𝑆. The quadrupole magnet strength was 

queried to maximize the variance of the beam size at the PM location 

among the posterior samples 𝑧1,1:𝑆 from the first iteration. Note that the all 

samples are nearly converged already.

Bottom: Converged posterior samples 𝑧3,1:𝑆. 

For all active query and posterior sampling, regularizations are imposed to 

satisfy physics constraints including limited beam size proportional to the 

aperture size. Such regularization can be easily imposed as we are using 

physics model directly instead of data based surrogate modeling.
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▪Single charge state ions
• 82Se32 study shows less 

beam loss (at 3 kW) for 
BPMQ-based envelope 
matching

• Operation did not exploit 
BPMQ-based matching

▪Multi-Q

Beam tests
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20250418 
48Ca20. 

single shot,  

emittance 

prior imposed

20250418
48Ca19. 

single shot,

emittance 

prior imposed

20250416, 82Se32. with10 q-scan 

BPMQ and one PM scan. 
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▪ 20251023 40Ar18, 10 kW beam with BPMQ-based matching for BDS to target
• No collimator temperature rise. Small ion chamber dose (may not be well calibrated, but indicate negligible beam loss)

• 10 q-scan (4 random init, 6 BAL)

• No emittance prior imposed

• No additional PM scan added 

for fast CS inference

• emittance was small

First High-Power Operation with BPMQ based matching
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No reference CS solution as no q-Scan 

with PM scan performed
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ML model for the ECR ion source

▪ The internal physical processes in the ECR ion source are highly complex. Currently, no 
reliable physical model exists, and all adjustments rely on empirical experience.

▪We plan to train an ML model based on historical tuning data to learn the correlations between 
tuning variables and some key parameters, e.g., beam current and emittance. The ML model 
will be used for Model Predictive Control (MPC).

▪A Long-Short-Term-Memory (LSTM) model is trained to predict the beam current measured by 
a Faraday Cup. The input variables of the model include 22 control variables and environment 
variables

▪  
The date before 2025 summer shutdown for 238U35+

Used for training

The tuning period is highlighted in the picture; a higher 

weight for this period

The model has been reevaluated after shutdown
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Model Evaluation on New Data

The model is trained with data in July 2025, while 
tested with data in October 2025. The species of 
the beam is the same, 238U35+.

For all the test data, the model shows a high 
accuracy with an average error less than 2 μA.
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Model Predictions During Tuning Periods

▪Representative samples are selected during the tuning period. The predictions exhibit excellent 
agreement with actual measurements, demonstrating effective learning of the relationship 
between tuning variables and beam current.
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▪AD bridging physics-based model with modern machine learning optimization techniques

▪ Inherit FLAME package to keep compatibility with all archived operation datasets

▪Overwrite parametric values (Quad field or CS parameter) with auto-differentiable variables

▪Support backward differentiation for the optimization, the error propagation

Auto-Differentiation (AD) Model with FLAME

Q1 

MQ1

Beam Envelope

Loss function F (Q1, Q2, Q3)

MS

Q2 

MQ2

Q3 

MQ3

Knob 

Transfer Matrix

Static elements 

from FLAME

Initial Beam

Backward propagation 

of derivative values:
𝜕𝐹

𝜕𝑄1
, 

𝜕𝐹

𝜕𝑄2
, 

𝜕𝐹

𝜕𝑄3

• Schematic of the auto-differentiation model

Quad. fields

Optimization conditions 

defined by beam envelope

Computational graph for

chain rule of partial derivatives
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Multi-Q Beam Envelope Optimization
by Using Backward Differentiation

▪ Control the charge state aberrations by tuning multiple 
quadrupole fields

▪ Optimal beam envelopes are rapidly derived using an 
auto-differentiation model to minimize the beam loss

• 238U 5cs optimization at BDS by using 38 quadrupoles 

X envelope Y envelope

Achieved < 0.1 mm order 

optimization condition in 

200 iterations

(0.35 s / iteration) 
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▪Propagate measurement error to the phase space parameters error

Error Evaluation of Q-Scan Results

• Q-Scan Result (82Se32+)

• Phase space parameters errors with
5 % measurement error + 0.1 [A] quadrupole error 

Mean Error Unit

xRMS 4.33e-01 5.48e-02   (12.7 %) [mm]

x′RMS 2.59e+00 2.67e-02   (1.0 %) [mrad]

yRMS 5.92e-01 1.06e-02   (1.8 %) [mm]

y′RMS 1.10e+00 9.85e-02   (9.0 %) [mrad]

x 2.63e-01 3.54e-02   (13.5 %) [m/rad]

x 1.22e+00 4.82e-01   (39.7 %) [1]

nx 1.48e-01 5.32e-02   (35.9 %) [mm-mrad]

y 5.46e-01 4.94e-02   (9.0 %) [m/rad]

y 1.39e-01 8.11e-02   (58.4 %) [1]

ny 1.34e-01 1.50e-02   (11.2 %) [mm-mrad]

Cxy -4.05e-01 7.94e-02   (19.6 %) [1]

Cxy′ 9.90e-02 1.25e-01   (125.8 %) [1]

Cx′y 2.87e-01 2.98e-02   (10.4 %) [1]

Cx′y′ 2.17e-01 7.46e-02   (34.4 %) [1]

n4D 1.60e-02 7.84e-03   (48.9 %) [mm2-mrad2]

• Error propagation equation f = Jx x Jx
T + Jy y Jy

T +…

» f,x,y : variance-covariance matrix

» Jx,y : Jacobian matrix of f with respect to x, y

• E.g., assume f is an emittance, x is the measured beam size, and y is the quadrupole field

• x,y represents the error, Jx,y are calculated by the auto-differentiation FLAME model
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▪Beamline: 34 quadrupoles, 32 correctors, 17 BPMs

▪Beam position data has been collected for different 
settings of quadrupoles and correctors
• 599 sets of BPMs reading

Evaluation of Static Quadrupoles’ Misalignments
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▪ For training, we 
used regularization 
methods, including 
Moore–Penrose 
inverse and least 
absolute shrinkage 
and selection 
operator (LASSO), 
to avoid over-fitting

Misalignment (mm, mrad)
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▪All milestones of the “Online Autonomous Tuning of the FRIB Accelerator Using Machine 
Learning” Grant have been met.

▪ Thanks to the implementation of ML applications and other physics-based accelerator models, 
the development time of primary beams in the FY2026 schedule is reduced by 25% with 
respect to the FY2025 schedule.

▪We continue developments in AI/ML applications for the FRIB accelerators under renewal of 
the project for the next two years. Several new tasks we have already started: ML model of the 
ECR; evaluation of static misalignments of quadrupoles in a long beamline, a digital twin (beam 
central trajectory and envelope)

Summary
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