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Relativistic Heavy lon Collider (RHIC)

LINAC

'\EBIS g o

Only operating heavy-ion colliders in
the US, only spin-polarized proton
collider ever built

Two 3.8 km counter-rotating rings
(Yellow & Blue) with superconducting
magnets

Six interaction regions (IR) where two
rings cross
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Brightness control at the Alternating
Gradient Synchrotron (AGS)

4 AGS to RHIC  Alternating gradient / strong focusing principle: achieve
' R . . .
| ine (ATR) strong vertical and horizontal focusing of charged
, % Experimental particle beam at the same time
""\\ Booster. <\ Area
/’ S s\ » Accelerates proton to 33 GeV in 1960
A L_» _ X /* Sha it P
Hnac “‘/’ Acs @2 « 12 super-periods (A to L), 240 main magnets, 810 m
5/55/% circumference
AR * Now serves as injector for Relativistic Heavy lon
Collider (RHIC)
Tandem
_Van de Graaff
et VoS 22
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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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BMAD and PyTao: best tool for ML

* Python interface: enable running simulations in Python scripts and
Jupyter notebooks

« Get data with different control parameters in one go with for loops,
without need to modify original lattice files

* Freedom to save data in any preferred form (i.e. combine into one
huge data array and save in one file for easy fetch in the future)




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

\ AR, \ Avy )

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
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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 = 4 Ain power
supply current for each quadrupole
(+1% in k1 value)

« Agreement with MAD-X model
(redefined every quad individually)
was obtained

13



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 )




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, dril)))

array([|4.04152292e+00i -4,15488269e-05, 2.17313140e-05, 6.45374239e-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+00)| =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,
6.05175589e-05,
-4,99647748e-05,

3.03074518e+00
8.07700864e-02

1.01013295e+00

-1.42673230e-05, 8.18292016e-06,
4.40237777e-05, -8.92267806e-05,
-2.99336376e-05, -2.01460387e-04])

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

Case 4: All quadrupoles random error within 0.25%

101 —e— actual setting
—<— Jmodel reconstruction
0.8 1
< \
~ 0.6 \\ /
4
[= \ \
(O] \ |
= \ [ \
! \ / \
Y04 \ | \
n \ [ \
o ‘:, [ “‘»,
| \
\ | \ y
0.2 ’\ J," \ /
‘\\ J."
0.01 6
4 6

Satisfactory reconstruction results

Quadrupole Number
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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

16



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

—e— data
—¢— predict
0.004 - A L

/\
0.002 1 | ) ¢ 4
\ \ fT\ & \ “:
(] c" ./N\ \t i \
.. . \ \ \
& ¢
\y ’j \ “/ )

\
0.000- . \
| t

—0.002 -

y orbit (m)

—0.004 - \\

\
0 10 20 30 40 50 60 70 17
BPM number




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

orrector kick (rad)
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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:

« RMS of double-plane 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]

20



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)
| Magnet | AR™ (%) | 0B, (%) | OBy (%)
01-10 [013 0] [-2.5, 4.5] [-4.5, 4.7]
11 -20 [-0.1, 0.52] [-5.7, 5.6] [-8.5, 9.3]
Main magnets A01-A10 Main magnets A01 - A10

roll error (mrad) roll error (mrad)

21



Main magnet gradient error

« 240 main magnets, 20 magnets (01 to 20) in each super-period (A to L), six families: AD, AF,
BD, BF, CD, CF; BF*2+ CD*2 + AF*2 + CD*2 + BF*2 + BD*2 + CF*2 + AD*2 + CF*2 + BD*2

« Two different lengths: Aand C 94 in, B 79 in

« Scanrange: +£0.1% in k1 values

88, %)

[ 1.6, 1.8] + 0.08 + 0.1
AF [-0.01, 0.11] +0.12 +0.09
BD [-2.34, 2.87] + 0.06 + 0.1
BF [-0.14, 0.46] + 0.1 + 0.06
CD [-2.11, 2.72] +0.23 +0.29
CF [-0.73, 1.18] +0.34 +0.23

22



Quadrupole kick error

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

« Scanrange: +£0.1% in k1 values

m

+ 0.0048 + 0.0015 + 0.007
Qv + 0.00037 + 0.0049 + 0.0044
Quadrupoles QV _A03 Quadrupole QV_A03
0.00031
0.0060
0.0002 1
_. 0.0040
£
0.0001 - ‘@ 0.0020
S g
£ 0.0000- £ 0.0000
o« -
B ~0.0001 1 g veazy
2 0.0040
~0.0002 1
0.0060
~0.0003 1
~0.100 —0.075 —0.050 —0.025 0.000 0.025 0.050 0.075 0.100 —0.100 —0.075 —0.050 —0.025 0.000 0.025 0.050 0.075 0.100

k1 error (%) 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

Sextupole SXV_A07

* Scan range: +8 mm in x, y offset -

0.51

ARms (%)

0.0

_Source | AR™ (%) | _AB.(%) |85, %) [N

SXH x-off  [-0.39,0.6] [-1.04,1.05] [-1.29, 1.55] sl
SXV x-off [-1.4, 2] [-0.9,0.8]  [-2.46, 3.04] 7T Cometem” © 0
SXH y-off [0,0.11  [-0.017,0.005] [0, 0.07]
SXVy-off  [0,0.15]  [-0.005,0.025]  [0.0.14]

s 6 -4 2 o 32 4 & & 24
y offset (mm)




Siberian Snakes with generalized gradient

« 2 partial Siberian snakes (helical dipoles) to overcome depolarizing spin
resonances

« Acceleration of 1.5e11 protons/bunch to 24 GeV with 65% polarization
was achieved using 5.9% and 10% helical partial snakes

120 deg.

10%—

* Reproduce snakes in Bmad using generalized gradient

14%

Generalized gradient Grid fieldmap
5.0 ‘ Warr"n snake': tabIeS'S.tab '

6 Magnetic Field at x=y =0 ' i
. - 1 IBI ﬁleldxl T l\l T T [ T T T T T [ T T T 71 |:
0gh Efieldy :
E Of B ﬁeldz :
© B i

o O =

- : :
i -0.8__ \/ F
_16: AN TN N W T (NN TN TN N N T AN TN MO MO N M L1 | [ R R |_
0 0.6 12 o m 18 3.0

1 L I 1 1 L 1
-2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 1.5 2.0 25
s [m]
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Alternating Gradient Synchrotron (AGS) Booster

Pre-accelerate particles entering the AGS ring

« Accepts heavy ions from EBIS or protons from
200 MeV Linac

AGS Booster

« Serves as heavy ion source for NASA Space
Radiation Laboratory (NSRL)

* 6 super-periods (Ato F), 72 main magnets

I AGS
Ring

F—- Heavy lon Transfer Line

L? Brookhaven

National Laboratory

® CLASSE
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Quadrupoles in Booster

« 24 horizontal (short) + vertical (long) pairs, 48 in total
« Wired in series in each plane (IQHC/IQVC), also in series with dipoles (IDIPO)

- Extra term to compensate for back EMF due to B, stop band correctors (QVSTR/QHSTR) to
avoid tune resonances

« Transfer function coefficients matched to 5" order, different for horizontal and vertical

klvco = 0.002099
klvcl = 9.257E-4
klvc2 = 1.164E-8
klvec3 = 1.046E-11
klvc4 = 4.057E-15
klve5 = 5.75E-19

igv = idipo + ckc * (igvc + bdotxiqvbd) + ckc2*(qvstrl)
bllv = klvcO + iqv * klvcl + iqv**2 * klvc2 = iqv**3 * klvc3 + iqv**4 *x klvcd - iqv**5 * klvch

klv = = (1 - 0.000041942 * (bdot/bdipo(idipo))) *1.0030%bllv / (brho(idipo)*lenqv)

28




k1l (m~2)

Quadrupole transfer functions

—0.56 1

—0.58 1

—0.59 1

* Plan to take data on flat porch in Booster cycle: constant dipole current (IDIPO), constant B
(B = 0), no extra stop band correction (QVSTR/QHSTR = 0)

* Only variable is quadrupole power supply current (IQHC/IQVC)

Vertical Quadrupole transfer function Horizontal Quadrupole transfer function

—— formula
0.59 1

0.56 1

0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
PS current (A) PS current (A)

29



AGS Booster: transfer function coefficients

Simulation Data Acquisition Real Data Acquisition

J/ Y Supervised Learning /”

| [ Ideal Iattice} : Rdninlulnlluiuialie ~ : [ Real machine J
|

| . Perturbed ORM ' _

: g =) Bmad , ) { measurements < | Operation  ummm  ufja
I —- . N

| “ ” | .

! Ekrircokr; i(nk1 : ' “Errors” (PS

' ! : currents) in

I { quadrupoles | I quadrupoles

~ - \

ML model

l

| [ “Errors” (k1 kicks) ]
|

-—ees e e e e s s e e e e e o

\
I
|
|
|
|
|
|
|
I
|
|
|
|
|
|
|
!

in quadrupoles coefficients

‘ {Transfer functionJ
/

-_eee e - e e - s .

Polynomial Fit 30




Correctors & BPMs in Booster

« 24 horizontal + vertical pairs, 48 in total

« Each corrector followed by a pick-up
electrode (PUE), 48 PUEs in total

« ORM R in each plane will have
dimension (24,24)

1

|

I

) \

dy / de

31



Quadrupole current scan for model training

« Get model ORM R,,,,40; from lattice with all quadrupole currents set to zero
« Add k1 values to quadrupoles for PS currents within a range, get corresponding ORM R4

« Good range: IDIPO = 1540 A, quad PS current 0 — 200 A, corrector current +10 A, which
leads to orbit distortion of 5 to 6 mm at maximum

« Training dataset: dR = (Ryeqs—Rmoder)- flatten() as input with shape (N, 576), quads k1
value as output with shape (N, 1) since they are wired in series

« Test ML model after training by doing a sequential PS current scan from 0 to 200 A, check
whether the predicted k1 values fit the known polynomial pattern

32




Add noise to data

« Gaussian BPM noise: unit width (¢ = 1), centered at zero (u = 0), amplitude A = 80um

BPM data noise

250 4

200 -

150 -

100

50 4

0 _
—0.0003 —0.0002 —0.0001 0.0000 0.0001 0.0002
meter




NN model for dR to k1

« One hidden layer NN with ELU activation R? = 0.995

—0.550

a
I —<— predict
-0.555
& '
€ \ \
~
e ) \
= ‘ ‘
0] |
S -0.560 \ v
© \ {
> J
—
4
g |
B -0.565 \
© |
‘ !
-0.570 0.15
0 10 20 30 40 50 60 70 80 0:10
Sample number
__ 005
8
1
2 o0.00
(V]
—
V4
5 —0.05
©
>
o
-0.10
-0.15
-0.20

0 10 20 30 40 50
Sample number




NN model for dR to k1

« One hidden layer NN with ELU activation

Vertical Quadrupole transfer function

—0.550 - —— formula
—— NN predict
—0.555 1
& —0.560 1
E
—
V4
—0.565 1
—0.570 1

0 25 50 75 100 125 150 175 200
PS current (A)




k1 (m~2)

Polynomial fit for transfer function

klvcd = 0.002099
klvcl = 9.257E-4
klvc2 = 1.164E-8
klvec3 = 1.046E-11
klvc4 = 4.057E-15
klvcs = 5.75E-19

iqv = idipo + ckc * (iqvc + bdotxiqvbd) + ckc2x(qvstrl)

bllv = klvc® + iqv * klvcl + iqvk*2 * klvc2 - iqvk*3 * klvc3 + iqv#*4 * klvcd4 - iqvkk5 * klvchs

klv = - (1 - 0.000041942 * (bdot/bdipo(idipo))) *1.0030%bllv / (brho(idipo)*lenqv)

Original data: iqvc -> k1v

Vertical Quadrupole transfer function

—0.550 1

—0.555 1

—0.560 1

—0.565 1

—0.570 1

—— formula
—*— NN predict

0 25 50 75 100 125 150
PS current (A)

175 200

0.970

0.965

0.960

0.955

BQV

0.950

0.945

0.940

0.935

Fit data: iqv -> b1lv

Vertical Quadrupole transfer function

—— formula
NN predict

1000 1005 1010 1015 1020 1025 1030 1035 1040
Qv
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klvcd = 0.002099
klvcl = 9.257E-4
- - - klvc2 = 1.164E-8
u klvc3 = 1.046E-11
Polynomial fit: numpy.polyfit W 2 1 e
klvecs = 5.75E-19

XX = np.arange(0,201,1)

coefs = np.polyfit(xx * ckc + 1000, b_formula, 5)
poly = np.polyld(coefs)

coefs

array([-5.74944942e-19, 4.05671872e-15, -1.04594252e-11, 1.16394128e-08,
9.25700300e—-04, 2.09893872e-03])

coefs = np.polyfit(xx * ckc + 1000, b_preds, 5)
poly = np.polyld(coefs)
coefs

array([-4.10936456e-10, 2.07730310e-06, —4.19988525e-03, 4.24519014e+00,
-2.14525361e+03, 4.33583006e+05])

09701 —— formula '
~— NN predict .
09651 —— NN polyfit

0.960
0.955 1
0.950 1
0.945
0.940 1

0.935 1

1000 1005 1010 1015 1020 1025 1030 1035 1040 37
Qv




Polynomial fit: numpy.polyfit

« Fitis very bad once extend the input range

1.0 1 e
b ﬂ
\\
0.9 - '_—>--" A
\\
%
\
\'w
0.8
>
(@ g
(aa]
0.7 -
0.6 -
—— formula
05{ — NN polyfit
960 980 1000 1020 1040 1060 1080

IQV




il fi : Ty PR
Polynomial fit: scipy.optimize.curve fit d:iic
klvc4 = 4.057E-15

« (Can set value ranges on all the fit coefficients, default is - inf to inf SIS S SnlElE

def func(x, a, b, ¢, d, e, f):
return a + b k X + C %k X %k 2 +d *x X kk 3 + e k X kk 4 + f % x %k 5
popt_cons
upbound = [0.005, 2e-3, np.inf, np.inf, np.inf, np.inf]
array([4.99997677e-03, 9.27382159e-04, 1.24499699%e-13, 2.84106303e-19,
popt_cons, _ = curve_fit(func, xx * ckc + 1000, b_preds, \ 1.26886886e-18, 8.46889710e-22])
bounds=([0, @, @, @, @, 0], upbound))

09701 —— formula ' '
NN predict \ S
09651 — NN polyfit

0.960 1
0.955 -
0.950 1
0.945 -
0.940 -

0.935 1

1000 1005 1010 1015 1020 1025 1030 1035 1040 39

Qv



Polynomial fit: scipy.optimize.curve_fit

 Fit stays good once extend the input range

« Bounds for coefficients need to be carefully adjusted, otherwise doesn't fit properly

—— formula
1.00 1 NN polyfit
0.98 |
0.96 1
>
o
(aa]
0.94 -
//
0.92 - ”
.//
//‘/
///”':'
0.90 1
960 980 1000 1020 1040 1060 1080

IQV




CAD script to get real ORM

« Script from Collider Accelerator Department
(CAD) Controls Group

* FunctionEditor: send trapezoid-like time-
dependent function to corrector power
supplies

« Script sets three corrector settings: positive,
zero, negative

[ Start ]—» Read corrector list

loop
through
list

v

1

Save corrector settings and
BPM data

Define + kick in FunctionEditor
and make live

'

Save BPM data

¥

Define - kick in FunctionEditor
and make live

|
Save BPM data

v
Set back to saved setting

Baseline

(Zero kick)

Positive
kick

Negative
kick
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Real data: double plane ORM

* In model: 48 BPMs, 48 correctors

* In reality:
* 47 correctors (no BD6-th)

« 37 good BPMs (bad ones produce
NaN values)

« Real ORM R has dimension (37,47)

dy /dé



Sample data in tune space

« Sample non-zero H & V quadrupole
settings that don'’t hit a resonance

* Quadrupole PS current range 0 — 400 A

* Produce double-plane ORM in the
same format as real data

Booster Tune Diagram

5.0

4.8

13/3

4.6

>
o

4.4

4.2

4.0
4.0

4.2

4.4

Qx

4.6

438

5.0
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Ongoing: NN model for double-plane data

« Get model double-plane ORM R,,,,4.; from lattice with all quadrupole currents set to zero
* Find k1 value combos for horizontal and vertical quadrupoles that avoid resonances
« Add k1 combos to Bmad and get corresponding ORM R4

« Training dataset: dR = (Ryeqs—Rmoder)- flatten() as input with shape (N, 1739), quads k1
value as output with shape (N, 2) for horizontal and vertical quads

* Problem to be solved: how to include uncertainty analysis in ML model training so the
mapping is closest to reality
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