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FNAL upgrades for LBNF/DUNE

Near future (~2030): PIP-II e P - S— | MI, RR
« A new SRF linac of 800 MeV | N o
: ransfer Line e . &=
* Anew Beam Transfer Line e j = < T

* Accelerator upgrades in the Booster,

-

the Recycler Ring (RR) and = T_21F I.inc; ¥ E ._3;

Main Injector (MI)
* 1.2 MW on-target power

|IOTA/FAST goal - develop useful ML methods for PIP-Il commissioning and operation:
optimization, simulation, and digital twins
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IOTA/FAST facility

A small research facility for demonstrating future accelerator designs and technologies

* Protons, electrons, SRF, normal RF, undulators, etc. - good testbed for ML applications

G. Stancari / Fermilab

Proton injector
(summer 2025 commissioning)
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Long term goals for a “digital twin”

Use cases:

Reference lattice implementation / source of truth

Backend to debug ML and standard control applications

Fast physical predictions (vs full simulation) with known uncertainty and gradient information

Online model calibration to experimental data; beam/parameter inference

AND MODELLING SYNTHESIS

* A common physical
accelerator description

 Synthesize down to specific
codes

/UNIFIED LATTICE DESCRIPTION\

/

/DEVICE AND CONTROL SYSTEM\

\l

INTERFACE (‘MIDDLE LAYER’)

Use a common accelerator
description and

Synthesize down to specific
codes

/
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-~

ML INTEGRATION

Surrogate model
training/substitution

Differentiable modelling and
gradient export

Model calibration and
inference

~

/
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Unified modelling

o . . . . Elegant—- HPC DA/MA, OSC,
Facility is reconfigured rapidly for various experiments general

— Undulators, nonlinear lenses, extra diagnostics, BxB feedback, ...
PyOrbit - SC, nonlinear

A zoo of codes used by different projects dynamics

— Even‘official’ lattice ports often don’t match MAD-X — lattice design

— Applying calibration/LOCO corrections hard
Synergia — SC, general

It is maintenance hell
ImpactX - SC, general

* Recent progress in the community: Lifetrac — FMA
— OpenPMD for phase space
— Xsuite (MAD-compatible) as common toolkit TraceWin - LEBT, RFQ

— PALS (lattice description standard, WIP)
6Dsim - LOCO

2= Fermilab
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HOW STANDARDS PROUFERATE:

Un|f|ed mOdel.“ng (6 AJC CHARGERS, CHARACTER ENCODINGS, INSTANT MESSAGING, ETC)
M?! RIDICULOULS!
. o WE NEED To DEVELOP
* Qur approach: a custom shared physical description ?E@Tﬁ: ?E“”“‘E““‘éﬁm ?Eﬂz'::
- i USE CASES. H
format loosely based on MAD-X/Xsuite 4 COMPETNG c mjm 5 COMPETING
STANDPRDS. ﬁ STANDARDS.

* Describes the hardware, not modelling

— “rectangular magnet with gradient <k>/ field map <f> at position <x/y/z>”

 Usestypical objects (elements, lines, and sequences)

— Maintain compatibility as much as possible
— If/when lattice standard gets done, hope to switch

2= Fermilab
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Unified modelling

* Asetof ‘synthesis’ produce final lattices and ‘engine’ modules run them

— No claim of universal support — we only implement what we use (~all common magnet types + some exotic)

: Simulation
Load lattice .
engine

*

Lattice

synthesis

2= Fermilab

7 IOTA/FAST | Differentiable digital twins | MaLAPA 2025



Simulation coupling

Need to extract beam and device parameters

Engines are responsible for converting from/into a set of standardized containers

Phase space (openPMD-ish)

Envelope (covariance matrix)

Twiss functions

Named scalar/vector parameters

, Simulation

ImpactX

IOTA/FAST | Differentiable digital twins | MaLAPA 2025

DT
» processing »

Lattice
synthesis

XSuite

Runtime

config
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Sim code selection

Criteria:

* Because of proton/electron species mix, require space-charge modelling
 Easyto add more elements

* Python bindings or native Python

Three codes met criteria:

BLAST-ImpactX / impactx

* C++ with Python bindings  Python, generates C kernels .

* Mostadvanced SC solvers « Abit less flexible for custom .

* Lacks element physics (WIP) elements .

* Can hook arbitrary Python * Easy transition from MAD-X
functions for tracking  Good lattice/distribution

helper routines

9 IOTA/FAST | Differentiable digital twins | MaLAPA 2025

ocelot-collab / ocelot

Almost pure Python

No advanced physics models
Good for reference
implementations
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Core lattice implementation

Implementation uses nested Pydantic objects — fully serializable
Tried to pick sensible parameters from popular codes

class Bend{Element):

angle: float = Field(@.8, description="angle of bend in [rad]™)

kl: float = Field(®.8, description="strength of quadrupole lens in [1/m*2]")
k2: float = Field(®.®, description="strength of sextupole lens in [1/m™3]")

el: float = Field(e.8, description="the angle of inclination of the entrance face [rad]™)
e2: float = Field(e.®, description="the angle of inclination of the exit face [rad]")
fint: MonNegativeFloat = Field(@.8, description="fringe field integral™)

fintx: Opticnal[MNonNegativeFloat] Field(

Mone, description="allows (fintx » 8) to set fint at the element exit different from its entry wvalue.”

)

gap: MNonMegativeFloat = Field(8.8, description="the magnet gap [m], NOTE in MAD and ELEGANT: HGAP = gap/2")
h_polel: float = Field(8.8, description="the curvature {1/r) of the entrance face")

h_pole2: flocat = Field(8.8, description="the curvature (1/r) of the exit face")

element_name: str = Field("Bend”, frozen=True)

@model_wvalidator{mode="after")
def validate fint(self):
if self.fintx is HNone:
self.fintx = self.fint
return self

Advanced features (i.e. unique fringe field models) supported as
extra attributes per-code but not generalized

IOTA/FAST | Differentiable digital twins | MaLAPA 2025

{'id': " _ID 37566583 ',
"1': 8.3919,
"tilt': 8.8,
'dtilt': 8.8,
"dx': 8.8,
'dy': 8.8,

‘element_name': "SBend’,
"angle': -8.5234523185139273,
'k1': 8.8,

'kz2': 8.8,
'gl': 8.8,
'e2': 8.8,
"fint': @.8,
"fintx': 8.8,
‘gap': 8.8,

"h_polel': &.8,

"h_pole2': @.8,

's start’: 18.829186286786354,
"s mid': 11.825138288786354,
's end': 11.221038288786353%,

Pydantic json dump
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Example of a custom element

For digital twin performance and compatibility, need to add custom elements

Example: ImpactX memory-only BPM to avoid file I/0

class ImpactXWatchpoint{elements.Programmable):
# std::function<void(ImpactXParticleContainer *, int, int)> m_push; //! hook for push of whole container (pc, step, period)
def __init_ (

self,
name=None,
mode: Literal["coordinate”, "parameter”, "centroid”] = "coordinate”,

buffer_len: int = HNone,
interval: int = 1,

Custom in-memory watchpoint element for ImpactX to store full or statistics of the particle container.

if name is HNone:
name = f"wp_{get_random_name()}"
self.mode = mode
self.buffer_len = buffer_len
self.interval = interval
super{}. init {name=name, nslice=1, ds=8.8)
self.push = self.pusher
self.buffer = collections.deque(maxlen=self.buffer_len)
self.enforce_unique_period = True
self.last_period = -1

def pusher(self, pc: ImpactXParticleContainer, step: int, period: int):
# Push all particles relative to the reference particle

11 IOTA/FAST | Differentiable digital twins | MaLAPA 2025
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Lattice ‘synthesis’

Configuration + exporter for each code. Some are very simple, others complex (dipole edges, units, etc.).

1 lattice.seguence

[Drift{id="_ID 37@893%8 ', 1=8.15, tilt=08.@, dtilt=e.8, dx=8.8, dy=0.8, element name='Drift', s start=8.8, s mid=8.875, s _end=0.15},
Drift(id="_ID 818@4225 ', 1=8.86, tilt=0.8, dtilt=0.8, dx=6.8, dy=08.8, element name='Drift’, s start=8.15, s mid=8.18, s end=6.21),

lattice config = ImpactXExporterConfig(n slices=1, default monitor type="custom")
exporter = ImpactXExporter(config=lattice config)

impactx lattice = exporter.write lattice(lattice)

impactx lattice.sequence

Bow R

[<impactx.elements.Drift, name=_ID_ 37889398 , ds=8.1500688>,
<impactx.elements.Drift, name=_ID 81884225 , ds=8.868800>,

2= Fermilab
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Self-contained ‘simulation’ objects

To make a simulation pipeline, need building blocks

Per-code container model

Declarative mandatory inputs/outputs

— Generic and special types (envelope, phase space, etc.)

— Checked for type, coordinate system, etc.

Shared state passed between simulations

— i.e. global fidelity parameter

ImpactX

13

.’ DT
processing

=

XSuite

=
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1 sim = ImpactXTrackingModel(name="ipi_mebt_impacix',

2 sim.setup()
3 print(sim.model_dump_json{indent=2))}

"name": "ipi mebt_impactx”,
"description™: "

"version™: 1,

"axtra_inputs_allowed™: true,
"extra_inputs_behavior": "passthrough”,
"inputs": {

"fidelity": {
“name”: "fidelity",
“type”: "scalar”,
"dtype": "floated",
"processors": [
{
"offset": 8.8,
"multiply”: @.81,
"name"”: "processor_offset_multiply"

, 1

i )
"putputs": {

"phase_space™: {
“name”: “phase_space”,
“type": "coordinates",
"dtype": "floatbd",
“processors”: []

})

"reference_particle™: {
“name”: "reference_particle”,
“type”: "reference_particle”,
"dtype": "floated",
"processors": []

walltime": {

“name™: "walltime®,
“type”: "scalar”,
"dtype": "floated",
“processors”: []

b

s
"config_runtime": {

"space_charge": false,
"perticle_shape": 2,
"diagnostics": false,
"slice_step_dizgnostics": false

I
"config_lattice": {

"n_slices™: 1,

"default_monitor_type": "custom®

config_lattice=lattice_config, lattice=lattice, rp=rp)



Linking simulation with devices

Complex device modelling is typically not part of simulation, requires bidirectional control:

Simulation outputs = device outputs
Device setpoints = simulation parameters
Real readbacks = device setpoints

Y (mm)

Many existing examples: middle layers, commissioning toolkits (APS, LBNL)

* Device example: BPM
— Common effects: offset/gain/pincushion distortion/drift S e
— More complexissues: fill pattern dependence (APS-U) isatigned
Several data streams (BxB, TBT, 10Hz orbit, 1Hz orbit, single pass) //BPM P'“""s
0

< L i
j T “‘C?
T |T

Focusing elements
(e.g. quadrupoles)

https://doi.org/10.1016/j.nima.2022.167898

2= Fermilab
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Linking simulation with devices

Physics pipeline

Accelerator devices model

Device models are bound to a simulation segment and receive data after each pipeline stage

ImpactX

A

DT
» processing »

L

XSuite

/

N

Activate monitor
A1R

/ Phase space
at monitor A1R

[

Device model
(BPM)

]

QB1R K1 gradient [1/m]

[

Device model
(power supply)

]

4

A

QB1R

X_ATR[mm] True setpoint
Y_A1R[mm] QB1R [A] readback and
setpoint [A] )
\ 4 v
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Linking simulation with devices

So far have a couple generic models with noise/delay/etc., TBD what other features will be necessary

Devices are also Pydantic models, as is the whole device layer

16

class GenericWalueModel{VirtualDevice):

value: float = Mone

raw_wvalue: float = Mone

setpoint: float = HNone

last_setpoint: float = None

low: float = MNone

high: float = Mone

noize: MNonWegativeFloat = MNone

resolution: MonbegativeFloat = Mone

model: Literal["instant", “"exponential"”, "underdamped”] = "instant™

pmodel_kwargs: dict = {}

setpoint_update_rate: float
readback_update_rate: float
event_threshold: float = Mone

MNone
MNone

time_last_update: float = None
time_last_write: float = Mone
time_last_read: float = MNone
time_last_setpoint_svent: float
time_last_readback_svent: float
last_known_t: float = Hone
seed: int = 42

None
None

_rng: Random&tate = None
_time_last_call: float = None

IOTA/FAST | Differentiable digital twins | MaLAPA 2025
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Final layer — the control system

* Fermilab is unique in having to support two control systems. Not fun....

Physics pipeline

Accelerator devices model

Control interface

DT . Simulation
ImpactX |m) processing = XSuite m»
2 , X Virtual
/ \ accelerator
4 _ ' ™\ .
Activate monitor / Phase space QB1R K1 gradient [1/m] Digital
ATR at monitor A1R twin
Device model Device model
(BPM) (power supply)
X_A1R [mm] 1 True setpoint | QB1R
Y_A1R [mm] QB1R[A] readb?ck and
\_ setpoint [A] )
N:IBA1R [mm]
N:QB1R [A}
N:QB1R_RB [A]
[ [EPICSsoftioc | | ACNET | J - [ App ]
2& Fermilab
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Final layer — the control system

 Use standard EPICS libraries (caproto, pcaspy) for soft |IOC

— Support monitoring, scan records, etc.
— Advanced features like wildcard EPICS channels for debugging

* For ACNET, hard to replicate because it is a centralized system

— Custom package ‘pacnet’ for Python control 1 dpm = DPM{default_role=
H _ toroid = DoubleDevice('E
— Canintercept and send data to digital twin instead Object-based API v 00s
— Other languages not yet supported =D BS W
1 print{toroid.drf2.pretty print())
Full DRF2 parser v 0os
* Longterm, want full EPICS transition and/or use O e
. . . [self.property=<DRF_PROPERTY.READING: ":">]

tools of ACORN modernization project [se1. range-None ]

[self.field=<DRF_FIELD.COMMON: 5>]
[self.event=<DRF_EVENT mode E: (E,1D,E,10)>]
[self.extra=None]

Thread-based I/O’ 1 toroid.read(adapter=dpm)

notebook friendly v 02
5.245429365371785

2= Fermilab
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Consistent event timing and ordering

* Typically, digital twins are one-shot

— 1 simulation =1 read-out
— Does not match reality — we have 100Hz+ devices alongside <1Hz ones

 Time-based simulation tools are common in engineering (i.e. Simulink, LTspice, Qspice)

— Because of ODEs/PDEs, they are using symplectic integrators too!

 To properly model real data streams, only need a small subset - a timestep-based event loop

— Every device declares what next time step it wants
— Simulation advances smallest step, and devices are asked for events.
— Ordering is consistent and customizable (this can be a performance limitation)

2= Fermilab
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Differentiable modelling

Why differentiable?

Several talks already demonstrated that gradients are very useful
— BOpriors
— Parameterinference
— Beam distribution prediction
— Most ‘smooth’ optimizations of the lattice

Use gradient information to

335 4 —e— Stochastic gradient descent . i
—e— Simplex (gradient-free) quickly match lattice
3.30 Analytic min
3.25
x 3.20
m
£
«
3.15
I A
/ il \
3.05 % L 5 2%
3.00 A 0 00— 0— 00— 00—
0.0 2.5 5.0 7.5 lDI.O 12I.5 15.0 17.5 20.0
Step

2= Fermilab
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Differentiable codes

BLAST-Imp / impactx

ocelot-c ocelot

Because of use cases in RL and other training, performance is critical

Two years back, started working on differentiable tracking via JAX (Google)
 (way) Harder to use than PyTorch

e Composable JIT compilation and vectorization

* Ingeneral, several times faster but not as much as it used to be

e Standard linear + symplectic order 2/4 drift-kick element set (~= Xsuite)

JACC (Jax for ACCelerators)

We are working on a benchmark for diff codes, stay tuned.
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Logos courtesy of Google Gemini
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Differentiable models are a cheat code

For RL, differentiable model converts model-free to model-based -> easier to train
* (orevensupervised learning, if full reward gradient is known)

Even if using only as RL engine, several highly tuned, ‘fully compiled’ RL algorithms are available

PureJaxRL (End-to-End RL Training in Pure Jax)

license Apache?.0 code style black C Open in Colab

PureJaxRL is a high-performance, end-to-end Jax Reinforcement Learning (RL) implementation. When running many
agents in parallel on GPUs, our implementation is over 1000x faster than standard PyTorch RL implementations.

Stable-Baselines Jax (SBX)
is a proof of concept version of Stable-Baselines3 in Jax, with recent algorithms like DroQ or (th |S N Ote |S |n S BS re pO)

CrossQ.

It provides a minimal number of features compared to SB3 but can be much faster (up to 20x times!):

E q u | NOX ll b ra r'y p rOV| d es PyTO rc h - | S h | nte rfa ce Equinox is your one-stop library, for everything you need that isn't already in core JAX:

¢ neural networks (or more generally any model), with easy-to-use PyTorch-like syntax;

o filtered APIs for transformations;

o useful PyTree manipulation routines;

* advanced features like runtime errors;

2= Fermilab
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Integration of differentiable codes with standard digital twin

Flagged user parameters are automatically configured
Drift(1=0.5, id="d1")

dl
\\\\\\N cl = HvVcor(xangle=8.8, vangle=8.85, id="cl")

cl.diff_paramz = ['yvangls"']

g4 = Drift(l=1.@, id="g4")

seq = [dl, <1, di&]

rp = ReferenceParticle(energy@=energyd)

lat = LatticeContainer(sequence=seq)

engine = DiffMatDirectTrackingEngine{box=1at, rp=rp)
spec_list, full static, full _dynamic = engine.makes model( )
feng = engine.make_tracking funcispec_list)

* All standard interfaces are supported — can swap in for a standard simulation
* |f scalar loss function defined, gradients exported same as regular outputs

Still not particularly user-friendly for vector diff (Jvp, vip)

2= Fermilab
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kild

Differentiable models are a cheat code

Initial focus with JACC was model calibration/parameter inference ) numpyro
J
* Fastenough to use ‘stats-based’ methods like Hamiltonian Monte Carlo (HMC)

e Currentwork:

— Optics measurements (‘fast LOCO’)
— Phase space reconstruction with nonlinear elements / poor diagnostics

dx = 0.08001+33331¢

— Fast-enough ring tracking (how to slice, forward mode diff, etc.)

—0.46 A

—— SVI (DiagNormal) w
— SVI (MVNormal)
—-0.47 —— HMC E

dy = 0.06000+339832

—0.48

—0.49 7

k1f k1d
(quad) (quad)

—0.50 ~

_0.51 k1f = 0.49999+3-99117

—0.52 7

—0.53

&

T T T T T T T
0.485 0.490 0.495 0.500 0.505 0.510 0.515
H & &

K1f K1 str dx/dy shift L
Expose Correlations in quad SextupOle L Q{f & & FFF N QN 7 97 o
uncertainty

=3 o

2

k1f
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First application: IOTA/FAST IPI

Proton injection commissioning summer/fall 2025

 Extreme space charge, lost of advanced diagnostics — good test of digital twins

Quad & BPM

Q801

Q341
Pump3
Q342
Q343
TOROID
PQMIn
V801

VALVE
Q802

HV310
B310 Q310
Q311
8312 Q312
Debunche
HV314
Q323
Q331
Diagnostics station
B333 Q333
D340
Q345 B345
PQL
MLamb

B322 Q322

\J

Wall current monitor
\)

Allison scanner

IOTA ring

2= Fermilab
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First application: IOTA/FAST IPI

Demonstrated basic ‘pipeline functionality’ with classic, diff, and NN sections

1m

RF $.% $8 8.f
s 8 b 338 38 83°%
9.2 o S g£s 5 8§ . 4 &8 © P 5 F 48 2
nm woa B o S & 8 nw s & ™ E
z0 =< o é; g o n 9 2 o o8 m | ¢ g =
s E 9 3 g £ = g @
8 2 B : ¢y ¢ g 1
g @ 3 a |
! |
: |OTA ni
! ning
}.’ - I
I nge; g 1
I 1 “name”: "jax", 1
"models™: { 1 "description®: "", 1 —
g | "yersion": 1, 1 "2m:
C . | "extra_inputs_allowed": true, | "name”: "egw_jax_linear",
“name”: "impactx"” oot L m, om o . -
N | extra_inputs_behavior™: "passthrough”, 1 "description™: ™"
"description™: " g S == e
. . ! nputsTy 1 "wversion": 1
"version": 1, | Moutputst: {7, 1 "ewtra i I tJ llowed™: t
Nt 3 am . . e extra_inputs_allowed": true
extra_inputs_allowsd": true, 1 config_runtime®: { | et o= N ~ . ‘I S . .
Nt 3 St m. mo o . "di ": "reverse” extra_inputs_behavior": "passthrough
extra_inputs_behavior™: “passthrough”, 1 "d F{ﬂffe Verses, " Serre_anpurs_oEne a5 gn’,
"inputs™: £3 1 use_Jit": true | inputs": {3,
PSR 1 T "outputs”: {}
"outputs": { | "o { 1 S t'J .
S .. s . . config_rumtime":
phase_space”: { I "charge": 1, ! . =- w. m ‘ "
"name": "phase_space”, | "mass@": 938272089.4300001, : I_d—”__’PC?E t reverse”,
- .o P "p@c": £B539116.13302412 use_jit": true
type": "coordinates”, | _il': 933321_1523}230331;: | . ] -F']_J .
W e W e "kin_energy@”: 2568098.9, "eqx_pytree_file_path":
dtype”: "floatéd”, ! "energy@”: 948772089.4380801, 1 }
[E— - ", »
processors™: [] 1 "gammad”: 1.882664472308367, 1 . .
¥ 1 "beta®”: @.87285411307780563 1
T 1 b |
| T 1
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2= Fermilab



Conclusions

We envision an ecosystem with modular digital twin architecture mixing conventional, differentiable, as

well as (NN/GP/other) surrogate models.

Presented our attempt at implementation:

* Fully serializable and validated config through Pydantic

* Bidirectional data flows at physics model, device model, and control systems levels
* Natively supports Xsuite, ImpactX, and JAX for differentiable and surrogate modules

ACCELERATOR PIPELINE FOR OPTIMIZATION AND LOW-LATENCY OPERATION
(APOLLO PROJECT)

Future work:

* Contribute elements to simulation codes (ImpactX) for better feature parity
* Grab space charge from Ocelot/Cheetah

* Investigate PyTorch JIT / Nvidia Warp / other new GPU kernel compilers
 Linkto ACNET for IOTA/FAST IPI commissioning
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IOTA

CJ Nonlinear insertions

Bending dipoles
Quadrupoles

w

0

| Sextupoles
" RF cavity

B Combined trims and skew-quad

Horizontal trims

= Vertical trims

Horizontal kicker
Vertical kicker
Electrostatic BPMs

Sync. light monitors

A
v

15m
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IOTA/FAST facility
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