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Brightness control at the Alternating
Gradient Synchrotron (AGS)

4 AGS to RHIC  Alternating gradient / strong focusing principle: achieve
line (ATR - - :
| ine (ATF) strong vertical and horizontal focusing of charged
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Motivation: support for EIC Cooler

Electron cooling for the EIC requires small incoming emittances from the
AGS

Necessary pre-cooler at RHIC injection energy (AGS extraction energy)

Current AGS lacks systematic tuning routine, mostly hand tuned by
operators

Algorithm to better control beam in AGS will be helpful for future EIC cooler



Orbit Response Matrix (ORM)

« Mapping R between closed orbit
measurements and corrector settings

« 72 pick-up electrodes (PUE), 48 horizontal
and vertical corrector pairs

« Linear orbit response to corrector change:
calculate R matrix by changing each corrector
pair separately

« Corrector current I - angle 8 by calibration
factor

- Traditional orbit correction: A6 = R~ Ay
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MAD-X to BMAD translation

» Successfully translated bare machine to BMAD: ramping in progress
» Can use Python interface (PyTao) to run simulations much easier
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Orbit Response vs. One Corrector (Sim.

 PUE = pick-up electrode = BPM
* \Vertical axes = vertical orbit in meters
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Reference R, matrix

« Reference = bare machine (only main magnets turned on), no error
« Change vertical correctors, observe change in vertical orbit




Use ORM to identify machine errors

« Actual machine with errors (e.g. quadrupole gradient errors, corrector calibration
errors, etc.) produce different R ,,,.qsureq from model/reference machine R ., 4e1

ARij _ R;;}Odel o Rmeasured

LY

« Considering all possible sources of errors as a vector v, build response error model

]_model
AR Av
[ A v
ARn(m_l) 2 model AVN_I
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I + Reconstruct any ¥ given known AR and J modet



Reconstruct errors using SVD

 Traditional tuning routine: perform singular value decomposition (SVD) directly on R
* Machine error detection: perform SVD on J y,oger

« Solve for Av using AR = ] ,,,4e1 AV, Where ] .,,4¢1 iS NOt @ square matrix

Jmodel . USVT

N nm N N

n = Ncorr,m = Npppy

AR: (48 x 72,1)

[model: (3456, Neyror)

nm —

]model — U S vr




Test case: quadrupole strength error

« 24 quadrupoles (12 horizontal, 12 vertical), 1 in each super-period

« Linear orbit response to quadrupole kick change: calculate AR = R measured — Ryer DY
ARij

changing each quadrupole separately — J;j, = v
k

* Quad kick defined with one variable KQH/KQV in MAD-X — variables in BMAD allow

separate change of quad kicks

tao.cmd('show var quads.x')

[

Variable
quads.x[1]
quads.x[2]
quads.x[3]
quads.x[4]
quads.x[5]
quads.x[6]
quads.x[7]
quads.x[8]
quads.x[9]
quads.x[10]
quads.x[11]
quads.x[12]
Variable

Slave Parameters

QH_F17[K1]
QH_G17[K1]
QH_H17 [K1]
QH_I17[K1]
QH_J17[K1]
QH_K17[K1]
QH_L17[K1]
QH_A17[K1]
QH_B17[K1]
QH_C17[K1]
QH_D17[K1]
QH_E17[K1]

Slave Parameters

(SRS IS IS IS IS RS IS IS IS

Meas

. 0000E+00
. 0000E+00
. 0000E+00
. 0000E+00
. 0000E+00
. 0000E+00
. 0000E+00
. 0000E+00
. 0000E+00
. 0000E+00
. 0000E+00
. 0000E+00

Meas

Model

.5349E-05
. 5349E-05
. 5349E-05
.5349E-05
. 5349E-05
.5349E-05
.5349E-05
.5349E-05
.5349E-05
. 5349E-05
.5349E-05
.5349E-05

Model

’
Design Useit_opt']

Design Useit_opt',
. 5349E-05 T,
. 5349E-05 T,
. 5349E-05 T,
. 5349E-05 T,
. 5349E-05 T,
. 5349E-05 T,
. 5349E-05 T,
. 5349E-05 T,
. 5349E-05 T,
. 5349E-05 T,
. 5349E-05 T,
. 5349E-05 T'
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Test case J ,04e1 Matrix (horizontal)

» Calculated using Av = 40 A in power
supply current for each quadrupole
(+10% in k1 value, later reproduced
using +1% in k1)

« Agreement with MAD-X model
(redefined every quad individually)
was obtained
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Reconstruct errors using SVD

U and V are square orthogonal matrices: UUT = VVT =]

« Sis annm X N matrix whose first N diagonal elements are singular values ¢ of ] ;041

g _ (5;)]\7> c ]anxN7 Sy = dz’ag(m, ...,onN,0, .. .,0) -~ RN

« S* is pseudoinverse of S whose first N diagonal elements are %

St = <S()+> e RV Gt = dzag(al1 ,%,0,...,0) e RV*N
Av AR AR
v [ am [

— 7_7+;odel ' — V‘9+UT '

AVN 1 ARn (m—1) AR?L (m—1)

\ AV N ) \ Aan ) \ Aan )




Test case: reconstruct errors with J ..., 4c1

« Reconstructed error = quadrupole power supply current
Case 1: One quadrupole 1% (4A) error

# Quad Al7 +4 Amp
np.dot(V, np.dot(S_inv, np.dot(UT, drl)))

array([|4.04152292e+00i -4.15488269e-05, 2.17313140e-05, 6.45374239%e-05,
e— 3.09693635e-05, 2.76558248e-05, -4.31669566e-05,

—1:36249941e—05: 4.91338661e-05, -6.14294896e-05, 3.19703471e-05])

Case 2: Two quadrupoles 0.5% (2A), 0.18% (0.7A) error

# Quad C17 +2 Amp, H17 +0.7 Amp
np.dot(V, np.dot(S_inv, np.dot(UT, dr2)))

array([ 3.50482558e-05, -5.54479409e-05, |2.02147800e+00l =05
5.06832047e-05, 4.13148646e-05, 4.02598848e-05, |7.07636616e—-01
—-2.78341654e-05, 4.27531143e-05, -6.90270247e-05, 2.50657000e-05])

Case 3: Three quadrupoles 0.75% (3A), 0.02% (0.08A), 0.25% (1A) error

# Quad B17 +3 Amp, F17 +0.08 Amp, J17 +1 Amp
np.dot(V, np.dot(S_inv, np.dot(UT, dr3)))

array([ 6.97595445e-05, |3.03074518e+00) -1.42673230e-05, 8.18292016e-06,
6.05175589e-05, |8.07700864e-02| 4.40237777e-05, -8.92267806e-05,
-4.99647748e-05, |1.01013295e+00} -2.99336376e-05, -2.01460387e-04])

Satisfactory reconstruction results 13




Neural Network for real-time ORM

hidden

corrector
AO

Need dedicated machine time to measure
ORM R ,,cqsureq: at least 30 min

Pre-measured R ,,,.qsureqa 9€ts less accurate
with time — orbit drift / brightness drop

Update ORM with real-time data: build neural

network model for R cqsurea OF R ;113asured

Can be used to calculate AR for machine error
reconstruction
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Method: Feed Forward Neural Network

« Neural Network (NN) built with PyTorch library

« Fully connected layers: output = activation(dot(input, weight) + bias)

 Activation function: Hyperbolic Tangent (Tanh) and Rectified Linear Unit (ReLU)

* Feed forward neural network (FFNN): most common, no feedback route

Input Layer

I [3]

Hidden Layer

X3

Output Layer

z=wlx+b 4
a=g(z)

Hyperbolic tangent e —et Multi-layer
¢(Z) = 7 = N |
ecifig== eura b
Networks —/I
Rectifier, ReLU Multi-layer I/
(Rectified Linear &(z) = max(0, 2) Neural
Unit) Networks |
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ORM NN model: training results

 Input 48 vertical corrector kick - Output 72 y orbit measured at BPM
* FFNN with one hidden layer and Tanh activation

)2
« Trained on 800 data pairs, tested on 200 data pairs: R% score =0.998 R*=1- %Ezz _ ;z§2
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Inverse ORM NN model: training results

* Input 72 y orbit measured at BPM — Output 48 vertical corrector kick
* FFNN with one hidden layer and Tanh activation

 Trained on 800 data pairs, tested on 200 data pairs: R? score = 0.993

—eo— data
—<— predict

corrector kick (rad)
o

0 10 20 30 40
corrector number
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Sensitivity studies for ORM

« Scan through some common sources of error to see how much ORM changes
* Find relevant parameters to include for building error-detecting model
« Goal: establish a neural network that identify error source given a measured ORM

/Aul \ / ARy \

AVQ ARlQ

AI/N—l ARn(m—l)
\AVN) \ Aan )




Sensitivity studies: error sources

« Sources or error and ranges come from past survey data

« Criteria to quantify & visualize sensitivity:

e RMS of ORM matrix

A red — Pmode
- Beta-beating (vertical & horizontal) B _ Pmeasurea = Pmoger

B Bmodel
. Name | Unit | Range _
Main magnet roll error mrad [-0.5, 0.5]
Main magnet gradient error m-2 + 0.1%
Quadrupole gradient error m-2 + 0.2%
Sextupole offset error mm [-8, 8]

Snake magnet roll error mrad [-1.5, 1.5]
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Main magnet roll error

« 240 main magnets, 20 magnets (01 to 20) in each super-period (Ato L)

« Combined function magnets: dipole (Rbend) with non-zero k1, k2

« Scan range: +5 mrad with strong systematic super-periodicity (01 to 10 rolls one way, 11 to
20 rolls another way)

Main magnets A01-A10 Main magnets AO1 - A10
13.025 2ol
13.000
_ 251
9
12,9751 =
}3 § 2.0
= 12.950 a
£ 015
" Q0
£12.925 =
i L.
12.900 - 5 '
>
12.875 - 0.5
12.850 0.0
0 1 2 3 4 5 0 1 2 3 4 5

roll error (mrad) roll error (mrad)
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Quadrupole kick error

« 24 quadrupole magnets (12 horizontal, 12 vertical), one (17 for QH, 03 for QV) in each super-

Rrms (M / rad)

period

Scan range: +£0.1% in k1 values

Quadrupole QV A03

12.8530 1

12.8525 1

12.8520 1

12.8515

12.8510 1

—0.100 —0.075 —0.050 —0.025 0.000 0.025 0.050 0.075 0.100
kick error (%)

vertical beta beat (%)

0.0060 1

0.0040 1

0.0020 1

0.0000 1

-0.0020 1

-0.0040 1

-0.0060

Quadrupole QV _A03

—0.100 —0.075 —0.050 —0.025 0.000 0.025 0.050 0.075 0.100
kick error (%)
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Sextupole offset error

« 28 sextupole magnets (14 horizontal, 14 vertical), 2 chromaticity sextupoles (13 for SXH,
07 for SXV) per super-period

« Scanrange: £8 mm in x, y offset

Sextupole SXV_A07

Sextupole SXV_A07

0.141

12.870 1 0.121

® 0.10
o) -
© 4 ©

e 12.865 £ 0.08-
©
E ©

: 2 0.06 -
- 12.8601 s

§ 0.04

12.855 0.02 -

0.00

-8 -6 -4 -2 0 2 4 6 8 -8 -6 -4 -2 0 2 4 6
y offset (mm) y offset (mm)
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Future work

* Finish sensitivity scan to determine relevant error sources: snake magnet
incorporation to Bmad using field maps in progress

« Make simulation more realistic: add Gaussian noises to both magnets and BPMs
« Establish a dynamic retraining routine to keep model updated during operation

== g \
| Ideal optics \| ( \
k | Optics perturbed |
| x =%  MADX =T | with individual |
| Errorsiin ) | | quadrupoles |

|| individual | ‘
\ ¥quadrupoles) ) | I
T - ML-model |
Data Acquisition | I
I ; |

I

| Errors in |
individual |
\ quadrupoles )

Supervised Training
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