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High dimensional accelerator optimization problem

* CEBAF accelerates electrons using 200
configurable superconducting cavities Rt et . 547 2029

@& C100 Cryo-modules ﬂh .

* Operators tune cavity gradients to satisfy objectives: @B C25/C50 Cryo-modules

* Maintain target energy gain

E = ZGifi |E — Etarget| < OE
i

* Minimize hazards: heat load and FSD trip rate

2p,
H = Z Ci a T = ZGXP{A -+ Bi (Gl — Fl)} CEBAF accelerator at Jefferson Lab
= w;Qi(G) 7
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Reinforcement learning for accelerator optimization

Environment

Action a Next state s’
. Reward R
cavity
gradients ~HT,E

RL Agent
Critic

QB (S’ Cl)
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Reinforcement learning for accelerator optimization

Environment

Action a Next state s’
. Reward R
cavity
gradients ~HT,E

Critics

RL Agent

Qo,(s,a),Qp,(s,a)

Policy update m(s) — argmax Q (s, a)

Algorithm S1: Twin-delayed deep deterministic

policy gradient (TD3)

Initialize critics (Jg,, (Jo, and policy network
Initialize target networks 6., < 6;, ¢' < ¢
Initialize replay bufler 5

foreinl...N. do
Observe state s and select action a ~

Execute a in environment

Observe next state s’, reward r, and terminal
signal d

Store (s,a,r,s’,d) in replay buffer B

if tsme to update then

Sample batch of transitions b ~ B

a' + my(s') +eN(0,0)

Y; < r +ymin; Qy (s',a’)

Update functions with gradient descent
using ﬁ?ﬂ;‘ Z (Qo, (s,a) — yif

Update policy m with gradient ascent using
ﬁvﬂf" Z Q¢ (8, me(8))

Update target networks:

0; +— 70; + (1 — 7)6;

¢ T+ (1—7)¢

end

end
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Reinforcement learning for accelerator optimization

Algorithm S1: Twin-delayed deep deterministic
policy gradient (TD3)

We know that TD3 fails for our CEBAF problem

How can we adapt It to improve performance?

end

end

Policy update m(s) — argmax Q (s, a)
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Learnable constraint for physical observables

Algorithm 1: TD3 + learnable constraints
(LC-TD3)

Initialize critics Qo,, (Qo, and policy network s

Environment Initialize target networks 8, + 6;, ¢’ + ¢

Initialize replay bufler 5

Initialize learnable surrogate network Q¢ and
constraint function C(o)

foreinl...N. do
Observe state s and select action a ~ 7y

Execute a in environment
Observe next state s’, reward r, terminal signal d,
and environmental observables o
0 Store (s,a,r,s',d,0) in replay buffer B
~ FE if teme to update then
Sample batch of transitions b ~ B
a' + my(s') +eN(0,0)
Yi < r+ymin; Qg (s',a’)
Critics Update ?urmgate O¢ with gragdient descent
using Ve >, (O¢(s,a) — o)
Q91 (S’ Cl), QQZ (S’ Cl) Updatelﬁlg functions with gradient descent
using ﬁ?ﬂi > (Qo, (s,a) — u:)*
Update policy m with gradient ascent using
1 Vo 2 (Qo, (8,m(s)) — BC(Oc(s,mo(s)))
Update target networks:
0; + 76; + (1 — 7)0;
"""""""""""" ¢ —7¢" + (1 —7)¢
Policy update (s) — argmax Q(s,a) — C(0(s, a)) end
end

Physical
observables

Action a Next state s’

_ Reward R
cavity

gradients ~H, T

4-------

Policy

T (S)
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Learnable constraint for physical observables

Algorithm 1: TD3 + learnable constraints

(LC-TD3)
Initialize critics Qo,, (Qo, and policy network s
< > ® o® *® I
a7 A7 Initialize target networks &;» < 0;, ¢ + ¢
JORORO Initialize replay buffer B |
J/ RN 5?.;\\\ nitialize replay buffer
S @:}‘,‘é @::‘,“g ‘}5. Initialize learnable surrogate network O¢ and
S,a ".‘:‘\‘.’&hﬁ‘ ?N‘".*“.‘i.*‘ 0 constraint function C(o)

foreiinl...N. do
Observe state s and select action a ~ 7y

Execute a in environment

Observe next state s’, reward r, terminal signal d,
and environmental observables o

Store (s,a,r,s',d,0) in replay buffer B

if teme to update then

Sample batch of transitions b ~ B

a' + my(s') +eN(0,0)

Yi < r+ymin; Qg (s',a’)

Update surrogate C"E with gradient descent
using ﬁ?i S (O¢(s,a) — 0)?

Update @2 functions with gradient descent
using ﬁ?ﬂi > (Qo, (s,a) — u:)*

Update policy m with gradient ascent using
1 Vo 2 (Qo, (8,m(s)) — BC(Oc(s,mo(s)))

Update target networks:

0; + 76; + (1 — 7)0;

¢ 719 +(1—1)¢

end

SIS AN IS TANAN

tr' 4&‘ ‘1 !' 4,\ )t ‘i l/’

D0 LN N0 LA -
.‘@A&\\ﬁ‘ 20N

end
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Minimize

April 9, 2025

Learnable constraint for physical observables

Algorithm 1: TD3 + learnable constraints

(LC-TD3)
Initialize critics Qo,, (Qo, and policy network s
A}\M@%ﬁ& In%tfal%ze target networks 0, < 0;, ¢ «— ¢
7 N7 .»@’:’%\\ Initialize replay buffer B
S5 e @SS yee SN Initialize learnable surrogate network O¢ and

S,a 0 constraint function C(o)

foreiinl...N. do
Observe state s and select action a ~ 7y

Execute a in environment

Observe next state s’, reward r, terminal signal d,
and environmental observables o

Store (s,a,r,s',d,0) in replay buffer B

if teme to update then

Sample batch of transitions b ~ B

a' + my(s') +eN(0,0)

Yi < r+ymin; Qg (s',a’)

2 _ . |
4 — —
[(OE (S, Cl) 0) ] Learn how actions affect Update surrogate O¢ with gradient descent

using ﬁ?i S (O¢(s,a) — 0)?
Update @2 functions with gradient descent
: 1 , 2
using % Vo, 3 (Qo, (5, ) — v:)
Update policy m with gradient ascent using
i1 Vo 2 (Qs, (5,75(8)) — BC(O¢(s,m9(s)))
Update target networks:
0; + 76; + (1 — 7)0;
¢ —T1¢ +(1—7)¢

end

energy gain

end
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Learnable constraint for physical observables

Algorithm 1: TD3 + learnable constraints

(LC-TD3)
~ Initialize critics Qo,, (Qo, and policy network s
f\}\‘,{{/A%\’ﬁ\ Initialize target networks 0,» < 0;, ¢’ + ¢
_ .@; }zéz\\ik; 2, Initialize replay buffer 15

¢/ .
SRS

Initialize learnable surrogate network Q¢ and

0 constraint function C(o)

foreiinl...N. do
Observe state s and select action a ~ 7y

Execute a in environment

Observe next state s’, reward r, terminal signal d,
and environmental observables o

Store (s,a,r,s',d,0) in replay buffer B

if teme to update then

Sample batch of transitions b ~ B

a' + my(s') +eN(0,0)

, Yi < r+ymin; Qg (s',a’)

Minimize F [(05 (s,a) — 0) ] Learn how actions affect «———————-— Update surrogate O¢ with gradient descent

using 7 Ve ) (O¢(s,a) — o)

energy gan Update () functions with gradient descent
using ﬁ?ﬂ;— > (Qo,(s,a) — yi)?
S _ Update policy m with gradient ascent using
Minimize [F [C(OE (s, Ty (S)))] Use surrogate to estimate «———— 1.V, (Q, (5,74(5)) — BC(Oc(s, mo(s)))
energy target Update target networks:

0; + 76; + (1 — 7)0;
¢ —7¢ +(1—7)¢

end

end
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CEBAF evaluation testbed

Rajput et al, ML S&T (2025)

@® C100 Cryo-modules ,,,h
@ C25/C50 Cryo-modules

Problem |Num. Cavities|Fiarget (MeV)|0E (MeV)
8D 8 20.08 0.40
16D 16 50.00 0.60
32D 32 120.00 0.80

North linac 200 1050.00 2.00

Test algorithms on problems ranging from low-dimensional cryomodule optimization
to high-dimensional linac optimization

Arxiv:2502.20247
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CEBAF evaluation testbed

Rajput et al, ML S&T (2025)

@® C100 Cryo-modules ,,,h
@ C25/C50 Cryo-modules

Problem

Num. Cavities

Et arget (Mev)

8D

16D

32D
North linac

8
16
32

200

20.08
50.00
120.00
1050.00

OE (MeV)
0.4() @ Single-cryomodule
0.60 optimization
0.80
2.00

Test algorithms on problems ranging from low-dimensional cryomodule optimization
to high-dimensional linac optimization

April 9, 2025 Machine Learning Applications for Particle Accelerators
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Single-cryomodule optimization example

Objective: Heat Load Objective: Trip Rate Objective: Heat Load + Trip Rate
26 _ __ 26 —
> % < % < 0.04
B © 24 t o S 24 [
s K . R
o 22) = o 22| £ 0.02
103 104 103 104
Steps Steps
> >
= O [0 Agent
5 = = [T 7771 =2 [y 77
..E > - > = LC-TD3
5 O o — TD3
© 4 "
10° 10* 104
Steps Steps Steps

Algorithms converge to lower bound of target energy range
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Optimization performance on higher-dimensional problems

O
o
ol

O
o
S

Trip rate [h™1]

0.02¢
21.0 215 220 225

CEBAF 8D

i

O
o
@

WY

RO

Heat load [W]

0.6

0.4y

0.2

0.0t

CEBAF 16D

Fa

IH

o W

100 120

140

Heat load [W]

1.0¢
0.8
0.6}
0.4
0.2}
0.0t

CEBAF 32D

&

IO

North linac

300

350

Heat load [W]

4

L4yl

O

2500 2600 2700

Heat load [W]

K 1

HE HEH 1

Agent
LC-TD3
TD3

Objective
Heat

Trip
Heat+Trip

Learnable constraint enables superior performance on North linac optimization

April 9, 2025
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Optimization performance on higher-dimensional problems

a b

S 2500 i

- <

S Q

2 2000 © North linac
o a

T 1500 - ol 2 ;

(@)}

Trip rate [h™1]
N

C

%' 1000 f 21

= | CoHd 0
5 2007 2500 2600 2700
® 200 Heat load [W]

c -

103 104
Steps

Learnable constraint aids convergence to target energy
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K 1

HE HEH 1

Agent
LC-TD3
TD3

Objective
Heat

Trip
Heat+Trip
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Energy surrogate helps critic capture North linac reward landscape

]

- Energy constraint $  TD3
 Selected action 10+ ¥4 LC-TD3

-----
&&&&&
s ~

'," TD3: good s

{ LC-TD3: good ";

I 1
®

Gradient 2

Reward MAPE (%)
(@)

TD3: bad 216
LC-TD3: good )

o

= -
M

. 0 : !
Gradient 1 1020 1040 1060
Energy [MeV]

LC-TD3 accurately predicts reward near the bounds of the target energy range
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Multi-objective CEBAF optimization

Reference
* Conditional policy T (s; ) point
® « defines the priority of heat load or 5
_ o _ O Hypervolume: H
trip rate minimization .
o
©
. v
* Sweeping a: 0 — 1 produces a @
Pareto front of optimal solutions =
Total area: A
‘ . . . .
Solution guality determined by E;iﬁ: teat Load (W]

normalized hypervolume metric

Arxiv:2502.20247
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Trip Rate [h 7]

(- -
o -
) BRN

o
o
N

N B O 0
o O O O

Hypervolume [%]

o

Multi-objective CEBAF optimization

CEBAF 8D

0.4
0.3
0.2

_ 0.1
S
|
21.0 21.5 22.0
80
- 60
- 40
20
: 0
0 50 100

CEBAF 16D CEBAF 32D North linac
'\ 04 =
\ 0.3 F ‘{ 4 -
- \
\\ 0.1} \‘ 2F \
| L — I\ | | )
90 95 100 270 280 290 2400 2600 2800
Heat Load [W]
80 80
60 60
40 40
20 20 F
| 0 U | |
50 100 O 50 100 O 200 400
Steps[*x10°]

w— D3
= | C-TD3

LC-TD3 struggles with high-dimensional multi-objective optimization

Machine Learning Applications for Particle Accelerators
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Interpretable surrogate model for physical observables

Algorithm 2: TD3 + sparse learnable
constraints (Sparse LC-TD3)

Initialize critics Qg,,Qo, and policy network
Initialize target networks 0, < 0;, ¢’ < ¢

Initialize replay buffer B

Initialize library function L(s,a), weight vector w, and

-~

constraint function C'(0) %",W.%t
foreinl...Ne do S,a }*‘ﬁ:‘ "}i’;“ O
X @&
Observe state s and select action a ~ 74 \‘"
Execute a in environment \'
Observe next state s’, reward r, terminal signal d,
and environmental observables o
Store (s,a,r,s’,d, o) in replay buffer B
if t2me to update then
Sample batch of transitions b ~ B
a’ +7r¢f(s’)+egf(<z7?> )
Yyi < 7+ ymin; Qg (s',a’
Up(.iate weight vector w with gradient descent fl('S 15 al) fZ(S 15 al) f3(s 1 al) e %1 01
using & Vw 3 (L(s,a)w — 0)*
o © ¥ e AT : W .
Update @@ functions with gradient descent _ fl(sza a2) f2(S2a az) f?,(Sza 613) " 21 2
using 37 Ve, 25 (Qo, (s,a) — yi)° (s,a) = L(s,a)w = —
policy 7 with g fi(ss,a3) fo(ss,a3) fi(ss,az) - | |3 93
Update policy m with gradient ascent using 1\P3s “3 2\P3s ¥3 3\P03> “3
Ve 2o (e (8,me(s)) — BC(L(s,my(s))W)) : : :
Update target networks:
9; & 7.9; 1 (1 _ T)ez Brunton, Proctor, and Kutz. PNAS (2016)
¢ —T¢ +(1—-1)¢
end

end

April 9, 2025

Sparse dictionary model builds surrogate equation for physical observables
from a library of candidate functions
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Sparse energy surrogate for CEBAF optimization

CEBAF 8D CEBAF 16D
0.05¢ §
. 0.6}
<, 0.041 132, Agent Heat (W) Trip (h~!) Conv. Rate
g 0413 2| LCTD3 2429 (9) 8.72 (0.45) 100 %
o 0.03 0ol < |Sparse-LCTD3| 2429 (5) 9.11 (0.21) 88 %
= W ' Agent TD3 2559 (45) 7.08 (0.84) 50 %
R | S -l Y S S S ==Y B o TD3 =| LCTD3 | 2653 (12) 0.67 (0.03) 100 %
210 215 220 225 100 120 140 B3 TD3 g Sparse-LCTD3|2650 (11) 0.67 (0.03) 88 %%
Heat load [W] Heat load [W] Obiect TD3 2753 (21) 1.55 (0.18) 0 %
ective
CEBAF 32D North linac k3 He'Jat 2, LCTD3 2740 (6) 0.53 (0.03) 100 %
1.013 8 @ Trip = | Sparse-LCTD3|/2736 (12) 0.55 (0.05) 100 %
- 8t X ¥ Heat+Trip TD3 2784 (20) 1.09 (0.34) 0 %
<, 06t - TABLE II. End-of-training performance for each RL agent
% ' and objective in the CEBAF North linac environment. Left-
o 04r¢ most column indicates the training objective. Mean and stan-
= _ dard deviation computed over NV = 8 trials. Rightmost col-
0.2 umn reports the percentage of trials that converged to a con-
0.0t e il Lo B = figuration producing an energy gain within the allowed range.

300 350 2500 2600 2700
Heat load [W] Heat load [W]

Agent maintains valid predictions on high-dimensional North linac problem

Arxiv:2502.20247
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Sparse energy surrogate for CEBAF optimization

EBAF 8D - CEBAF 16D

o 10l | T Sparse
0.05} o B Exact
| — U
= =
<, 0.041 192, @
o o
E L
| o 0.03F
; T - Agant G[] Gl GE Gg Gq G5 GE. G? 1
0.02} HH | & ¥ LC-TD3 Feature
l 1 A T Yook T —et 3 Sparse-LC-TD3
21.0 215 220 225} 100 120 140 S TD3
Heat load [W] Heat load [W]
it SE - .- Objective
CEBAF 32D North linac S Heat
10l W Trip
§ He  Heat+Trip
— 0.8} '{'
' O [o
=~ 0.6} IS
g S
©
= 0.4f 7
= ©
=021 7]
0.0 & CQo- . L~ 0
300 350 2500 2600 2700
Heat load [W] | Heat load [W]

10! 10 10! 102 103
Ground Truth

Surrogate equation is interpretable and allows post hoc verification

Arxiv:2502.20247
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Sparse energy surrogate for CEBAF optimization

12 1 1.0 1
1§ TD3 L i TD3 L]
__10p# LC-TD3 : : 0.8}4 LC-TD3 : :
X 94 Sparse-LC-TD3 | | X 4+ Sparse-LC-TD3 |
w81 | w 0.6} ||
Al
< | | =< | |
= b 1 1 = | |
= | _-,,,0—4'} | |
‘g 4 I | g | |
1 | | | |
¥ | g 02 ¢ 1)
2 | . | |
00t+® o o 8 20 |
U —I—I—I—I—I—
1020 1040 1060 1020 1040 1060
—nergy (MeV] Energy [MeV]

Sparse energy equation provides broad characterization of energy landscape
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Trip Rate [h ]

o -
o -
o =

o
o
M

Sy Q0
o O

(]
o
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I
o

-

Multi-objective CEBAF optimization

CEBAF 8D

1

o

0.4
0.3

0.2

80
60
40
20

50 100

2800

CEBAF 16D CEBAF 32D North linac
-\ 0.4 r= \
\ 03 _h‘ 4 ] |
SR \
| l\ |\h_ | |‘o
90 95 100 270 280 290 2400 2600
Heat Load [W]
80 80
60 60
40 40
20 20
: 0 0
50 100 O 50 100 O 200 400
Steps[x107]

— D3

| C-TD3
—— Sparse-LC-TD3

Sparse LC-TD3 achieves superior performance on all problems

Machine Learning Applications for Particle Accelerators
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Conclusions

* Model-free RL struggles with high-dimensional
accelerator optimization

* Learning a physics-based constraint surrogate
enables gradient backpropagation

* Sparse dictionary equations accurately capture
energy landscape for multi-objective problems

* Grey-box RL approach combines predictive
power with operator interpretability

April 9, 2025

Machine Learning Applications for Particle Accelerators

@ C100 Cryo-modules

@ C25/C50 Cryo-modules

Agent| 8D | 16D | 32D |North linac
TD3|| 74.59 | 7T4.65 | 71.14 J6.34
LC-TD3|| 7T4.40 | 74.86 | T4.05 (.00
Sparse-LC-TD3||7T4.67|75.12| 73.89 60.42

TABLE I11. Pareto front coverage, represented using the nor-
malized hyvpervolume metric. Reference and ideal points for
hypervolume calculation are listed in Table S1.
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Thank you!

O
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Malachi Schram  Kishansingh Rajput Armen Kasparian @@@@
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o
JefferSon Lab ‘@’ ofENERGY BIOMEDICAL RESEARCH
CONSORTIUM.
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Questions?
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