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What is Al/ML"?

« Artificial Intelligence is the top-level
concept enabling decision making

* Machine Leaming is a subset of Al
concemned with training and applications

* The public often confuses Al with
‘Artificial General Intelligence”

* This is when machines exhibit benhavior we
would describe as indistinguishable from
humans

» Most ML algorithms use “supervised
learning” (we pass the data and answer)

 "Unsupervised leaming’ is becoming
more apparent (the input data is
unlabeled)
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Why do we want it for RHIC/EIC science?

« Our data samples are huge!
» Costly and time consuming to process
» Can this be optimized?

« RHIC is 26 years old

 [ots of knowledge accumulated over the years

» Original analysts/experts may no longer be in the

field

* Researchers can spend lots of time searching
documents for relevant information

« RHIC science has not ended (there is the
RHIC Analysis Group at BNL)

» \We need to preserve knowledge to complete the

RHIC science mission

* The EIC is coming

* How do we best optimize
design/operation/analysis? This is the time to
implement

2E

Total number Unique combos Total RHIC data Scientific
of collisions of colliding ions, (raw and derived) publications
~300 trillion energies, and setups ~450 petabytes 650+ with many
49 more to come

Fab Facts from RHIC’s 25 Years of Operations

0 & 2> =

Scientists/ Nations PhDs Press releases
collaborators involved awarded (1991 to present)

(2000 to present) 36 640+ ~220
3,500+

https://www.bnl.gov/newsroom/news.php?a=122794
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Workshop overview

» Held yesterday from 9am to 3pm

 \We had 7 contributions

» Unfortunately, an 8th contributor, Alexandr Prozorov, had to withdraw last week due to
visa requirements

« \Wide variety of topics, from EIC accelerator optimization to chat bots
» Good representation from lalbs and universities

UVCGAN-S: Unsupervised Background Subtraction Experiments at the EIC: A Perspective

Va ria ble Rate N eural of Calorimeter Jets in Heavy-lon Collisions
Compression for TPC Data s

RHIC annual user meeting workshop

Towards Foundation Models for Next-Generation

05-11-2026
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Accelerator optimization — G. Hoffstaetter

Aim: iImprove brightness, polarization and efficiency
« Uses BNL accelerator complex as testbench

Al can be used to boost transfer efficiency

Large Language Models can improve beam merging within a few iterations
Digital Twins (simulated accelerators) can provide real-time feedback for

EIC operations

Bayesian Optimization of beams

Beam size during LtB BO run
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Beam optimization for the EIC — G. Hoffstaetter

BAGELS = Best Adjustment Groups
for ELectron Spin

Used in the design of the EIC Electron
Storage Ring

For e polarization it “nearly double/s]
the asymptotic polarization” tor single IP
config.

Details how to Introduce beam bumps
to minimize radiative depolarization

Can also be used to obtain bumps that
alter other parameters but minimise
polarization iImpact

Asymptotic Polarization P
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Fast-sim for the PID detectors - C. Fanell

« Several architectures developed and tested for fast simulation of photons:
» Normalizing Flows, Continuous Normalizing Flows, Conditional Flow Matching, Denoising Diffusion
Probabilistic Models, Score Based Generative Models

« Demonstrate similar hit patterns but much faster generations

~2030us

Time / Detected Photon (us)

1P| = 6 GeVic |

6=095"

50 100 150
Time (ns)
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PID from fast sims- C. Fanell

 Fast simulations can be used to train for PID by
measuring log-likelinood for differed hypothesis

. 1
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Patch Partition
inear Embedding ™

1
i Legend
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Foundation models - C. Fanell

» Foundation Models are “self-supervised” models trained on large datasets
* They can work on multiple tasks (instead of single tasks such as background rejection)
« Aim is to apply them to different input data sources (different detectors, accelerators etc)

« Altering simulated designs often requires millions of simulated events to study response
» Generalizable FM for calorimeter simulations can converge in ~10k generations

<ID> 7777;47\74
[<ip>] FIII77774
. R
R 10-4 %1073
Decoder Block LoRA |\ ! Particle L x 15
(Cross Attention) 4 A \ ! Identifier : 10° Geant4 10k 5 Geant4 10k Geant4 10k
: : S| =1k — Full = — 1k —— Full — — 1k — Full
: Embedding C S5 108 = =
[ Material 1 ] [ MaterialNil : P E g
Expert ' Expert Energy . 103 = 4 E s
2 : Quer A ’
Decoder Block ) LoRA : Query : 1014 £y <
(Self Attention) 2 | iKinematic o . |
- Embedding £ 10% ! ' R 19 Q-2
. o o~ o~
............................................ =10 ‘jl S 1.0 —_— - D10
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Foundation models - C. Fanell

» Foundation Models are “self-supervised” models trained on large datasets
* They can work on multiple tasks (instead of single tasks such as background rejection)
« Aim is to apply them to different input data sources (different detectors, accelerators etc)

« Altering simulated designs often requires millions of simulated events to study response
» Generalizable FM for calorimeter simulations can converge in ~10k generations
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Foundation models for TPC data —

D. Park

« Jasks
* Track finding
« Particle ldentification
* Noise Finding
e EXtensions
« Additional subsystems
« Different experiments

- L= (A[/129 " 1031)*().()6

mb6

m4

-~
BT

mo ~

4.5 Lol Ll Ll 1
1M 10M 100M

Model Parameters (M)

SPaCCPOims TR track instance . / 50
P - R SR
J ’/ ‘ ST o em;ﬁmgs e o l // Track Finding
== | e = oo el
— e e, e |
Foundation Model - Adapter Model for Particle Identification or Noise Tagging Particle Identification
Track Finding
model #trnbl para.  ARIT  efficiency?  purityt
EggNet 0.16M 0.7256 74.19% 75.14%
Exa.TrkX 3.86M 0.8765 91.79% 66.42%
AdapterOnly 2.39M  0.7243 78.01% 64.54%
FMANPP (m6) 2.390M 0.9448 96.08% 93.08%
Particle Identification Noise Tagging
model #trnbl para. acc.tT recallf pre.T acc.tT recallf pre.T
SAGEConv 0.91IM 0.7262 0.4563 0.6502 0.9174 0.7227 0.8165
OneFormer3D 44.95M 0.7701 0.4897 0.5767 0.9646 0.9404 0.8948
AdapterOnly 0.74M 0.6631 0.3387 0.6111 0.9111 0.6215 0.8359
FMANPP (m6) 0.74M 0.9039 0.7652 0.8782 0.9713 0.9367 0.9190
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Foundation models for TPC data —

D. Park

« Jasks
* Track finding
» Particle ldentification
* Noise Finding
e EXtensions
« Additional subsystems
() « Different experiments
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Compression for TPC data — Y. Huang

« TPC data contributed the most to the sPHENIX raw data (~90%)

« Efficient compression has direct impact on storage, buffer requirements and more

 Clusters can be saved based on weight (importance)

» Weight based on Mean Squared Error and nearest-neighbors
« Cut on threshold weight

*  cuSZp batch-1
+  BCAE-VS batch-64

» \Work performed on pp and AuAu data
(plots from AUAU)

« BCAE-VS is an autoencoder with variable ratio
comonression for snarse innut

Table 1: Comparing compression algorithm with dense and sparse convolutions.

15k

10k

5k

throughput (wedges per second)

reconstruction performance efficiency g B I
0
k comp. . . e encoder .
model ratio 1 Lyl L] PSNR 1t recall T precision 1 size throughput 1 0.05 0.1 0.15 0.2 0.25
occupancy
BCAE-2D 31.1 152  .862 20.6 907 906 169k 9.6k
BCAE-HT (3D) 31.1  .138 .781 20.8 916 915 9.8k 9.6k
BCAE++ (3D) 311 112 617 214 .936 934 226k 3.2k
BCAE-VS 343 .030 .101 256 .986 .997 382 5.6k

precision

BCAE-2D
BCAE-HT

* BCAE++
*BCAE-VS

0.05

0.1

occupancy

0.15

0.2

0.25
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Background subtraction in jets — S. L

« Generative Adversarial Networks consist of two 2 [ PYTHAHUING Aurhu (5,200 Gev
competing models s Antikr et R=0.2, 1M <06 . h
«  Discriminator tries to separate classes (signal and ”f,{ NS oaanal o
background) 0.95F ————
« (Generator, G, tries to trick the first model with o -~
generated samples 0o - UVCOANS
«  Discriminator gets better at spotting fakes : +-IC8 Mot |
e |CS = Iterative Constituent Subtraction i T
y y o . . 0 25 30 35 40 45 50
* 'SUD’ Is background subtracted, “real” Is truth Pl [GeVic]
/GB_.A (decompose)\ Domain A = (Ao, A;)
D((:nn;:eiz_B A;: signal (jet)
jet + bkg)
: ? \GA_,B (combine) / Ao: background
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Background subtraction in jets — S. L

o (Generative Adversarial Networks consist of two

competing models

« Discriminator tries to separate classes (signal and

background)

« (Generator, G, tries to trick the first model with

generated samples

« Discriminator gets better at spotting fakes
o |CS = lterative Constituent Subtraction
e "sub”is background subtracted, “real” is truth

Efficiency

.}
>

0.95*

0.9

v Au+Au \(SNN=200 GeV T

PYTHIA+HIJING -

Anti-k, jet R=0.5 "]
Inl<06 _

= UVCGAN-S ]
= |CS Method
== Area Method -

L1 |
25 30 35 40 45 50
p;‘?a' [GeV/c]

Domain A = (Ag, A,)

/GB_.A (decompose) — —~—~_
D(on_1ai|; B A;: signal (jet)
mixed:
jet + bkg)
. J \GA_,B (combine) / Ao: background
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Background subtraction in jets — S. L

» Generative Adversarial Networks consist of two < i 15_' - IPIYITII-IIIALII-II'JI'NlGlAU;A;;‘”;.SI’%%Q;O(;)?IG(%\; E
' A5 i-k; jet R=0.5 —
competing models g I Il <06
« Discriminator tries to separate classes (signal and - 0 13_ B
background) e =UVCAANS ]
«  Generator, G, tries to trick the first model with 0053_ e + Area J;,?Sd_i
generated samples T T :
« Discriminator gets better at spotting fakes . et | N
' - : O T e A e e
« ICS = lterative Constituent Subtraction 2025 30 35 40 45 50
1 o ( yo! real
« “sub’ is background subtracted, “real” is truth Py [GeVie]

Domain A = (Ag, A,)

/GB_.A (decompose) — —~—~_
D(?n“i‘)?eiz-B A;: signal (jet)
jet + bkg)
. J \GA_,B (combine) / Ao: background
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Background subtraction in jets — S. L

» Generative Adversarial Networks consist of two 8 UVCGAN-S vs conventional (R=0.5)
competing models b -40% -50% +7 pts —13 pts
«  Discriminator tries to separate classes (signal and 5 1007
background) é
« (Generator, G, tries to trick the first model with = 501
generated samples o
«  Discriminator gets better at spotting fakes B 0-
« |CS = Iterative Constituent Subtraction = e R o R oS, tow STR=0.5, low pT

e "Sub”is background subtracted, “real” is truth B conventional (ICS)

/GB_.A (decompose)\ Domain A = (Ao, A;)

A;: signal (jet)

Domain B
(mixed:

jet + bkg)
: ? \GA_.B (combine)/ Ao: background
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Background subtraction in jets — S. L

Inference

split along the channel dimension mu- inference data flow
@ addition wm=- Joss data flow

concatenate along the channel dimension wss» training data flow

5/13/26 ML Summary, C. Dean
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Fast simulations of QGP —

S. Lee

Major bottleneck for heavy ion simulations is QGP hydrodynamic evolution

* Time and memory intensive

 Typically performed using Fourier Neural Operators
« Uses Fast Fourier Transform to solve Partial Differential Equations

(think time-domain to frequency domain)

L oss function defined as: £ = %Z'{;l[LLz (fe fr) + AL2 (VS VS|

« First term penalizes pointwise relations and the second penalizes gradient differences

( 4. TC-QGP Model Architecture

(a) Spatial Encoder: Tucker-factorized FNO

Global spectral encoding of initial state

Mode truncation
(ng, np,ny,)

6XDXHXW

transform

Tucker-factori ed

A7 spectral conv. Layer

Latent feature z
4

N

(b) Time-conditioned Decoder (for each time ;)
Time Adaptive Group Gated Spatial ot
Embedding Normalization Maski g(GSM) Projection

(AdaGN)

Gatlng
Y(t) E® Network ___

[ T,P,u, uyu]

0 + Shape: 6XDXxHXWXT

(7o)

—[ Shared encoder with different time conditioning for each 74,

J
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Fast simulations of QG

D

- S. Lee

7=0.60 fm/c

FNO Prediction

TC-QGP Prediction

FNO Abs Error TC-QGP Abs Error

Temperature

Power Spectral Density
108

Ground Truth

10°

104

10°

10?

10*

10°

—— Truth
--- FNO

-0 TC-QGP

0 10 2 30 4 5 6 70
Wavenumber (k)

0.40

0.35

0.30

0.25

0.20

0.15

0.10

0.05

» Accuracy — Mean Relative Error (%)

FNO TC-QGP
£ 17.44 4.08
T 13.89 1.66
P 20.32 4.54
u, 28.10 8.52
U, 27.73 7.80
u, 31.44 5.44
Al 23.15 5.34

» (Cost (single A100, batch 1)

FNO
Parameters 382.4 M
GPU Memory 16,5685 MB
Inference Time 108.8 ms

4.3x
8.4x
4.5%
3.3%
3.6x
5.8x
4.3x

TC-QGP
356.6 M
4,459 MB
230.4 ms

vs MUSIC: ~20 hours per event —» TC-QGP: ~0.2 s per event

5/13/26

ML Summary, C. Dean

15



Fast simulations of QGP - S. Lee

» Accuracy — Mean Relative Error (%)

GESEE FNO TC-QGP
FNO Prediction TC-QGP Prediction Ground Truth € 17.44 4.08
- T 13.89 1.66
oz P 20.32 4.54
g U, 28.10 8.52
:: u, 27.73 7.80
" u, 31.44 5.44
FNO Abs Error TC-QGP Abs Error Power Spectral Density Al 0315 534

i = Truth
10° 4 === FNO
1 -=+ TC-QGP

» (Cost (single A100, batch 1)

FNO
o = Parameters 382.4 M
=== GPU Memory 16,585 MB
L wfve;cumﬁer S(bk) = Inference Time 108.8 ms

Temperature

4.3%
8.4x
4.5%
3.3%
3.6x
5.8x
4.3%

TC-QGP
356.6 M
4,459 MB
230.4 ms

vs MUSIC: ~20 hours per event —» TC-QGP: ~0.2 s per event
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Chat bots for BNL data — A. Kanuganti

Chat bots are becoming increasingly
popular (think ChatGPT)

How can scientists take advantage”?
« Some data is restricted to collaborators

Lots of research time can be spent In
iterature review

What if chat bots can parse theses,
analysis notes, presentations and
news releases

‘ Analysis Notes

J

Document
Repositories

=

Strict Isolation

[— I D-UREE —— j
\ The Scibot Architecture: A modular blueprint for reasoning
= e Y The USB Type-C
e 5 STAR 5 ! of the LLM World
Vector DB |\ ! MCP -5 g
11| (Model Context | oy
Protocol) i
Open Weight
Custom il bk : i
Embedding SPHENIX | % (Retrieval- [ (.., gemmad,
Scrapers Vector DB | | //| Augmented | | gpt-055120b,
/. | Generation) ' Llama3.1, etc...)
» Others
Vector DB 5 :

A NotebookLM
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Chat bots for BNL data — A. Kanuganti

ChatGPT > S

How can | analyze jets in 200 GeV Au+Au collisions from 2014 in a RHIC STAR
analysis. Explain in 250 words, cite each claim, restrict to RHIC domain only
and keep the response grounded with zero fabrication.

A typical jet analysis in 200 GeV Au+Au collisions from the 2014 run at the STAR Collaboration follows a well-established

workflow grounded in RHIC-specific reconstruction and heavy-ion techniques.

First, events are selected using minimum-bias or high-tower triggers, with vertex and centrality cuts derived from charged-
particle multiplicity in the Time Projection Chamber and forward detectors (standard STAR event selection procedures).

Charged tracks (TPC) and neutral energy (Barrel Electromagnetic Calorimeter) are combined to form particle candidates,

ensuring full jet reconstruction within STAR acceptance (In| = 1).

Jets are reconstructed using sequential recombination algorithms such as anti-k. via FastJet, typically with resolution
parameter R = 0.2-0.4. This choice balances capture of jet energy against large underlying-event background in Au+Au
(standard in RHIC jet analyses). The dominant complication is the heavy-ion background: a large, fluctuating soft particle
density. This is corrected using area-based subtraction (p x A), where p is the median background density estimated event-
by-event (as established in RHIC heavy-ion jet measurements).

Detector effects and residual background fluctuations are handled through embedding: simulated p+p jets are embedded
into real Au+Au events and reconstructed, allowing response matrices to be built. These matrices are then unfolded (e.g.,
iterative Bayesian methods) to obtain corrected jet spectra (standard STAR unfolding workflow).

5/13/26
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Chat bots for BNL data — A. Kanuganti

Steps to analyze 200 GeV Au+Au jets from the 2014 STAR run
« Data set & event selection

o Usethe Au+Au vsnn=200GeV data recorded in 2014 by STAR [4].
o Select events with a high-energy Barrel Electromagnetic Calorimeter (BEMC) tower (E_T>4.3 GeV) to define the

STAR C h atbot signal jet sample; employ minimum-bias events for background estimation [4].

o Apply the standard STAR vertex cut |vz| <30 cm for inclusive jet analyses (|vz| <70 cm can be used for y_dir+jet
studies) [7].

e Detectorinputs

o Charged tracks from the Time Projection Chamber (TPC) (full azimuth, |n|<1).

o Neutral energy from BEMC towers, with double-counting corrections for electrons and hadronic deposits[6].

e Jetreconstruction
Choose a model
o Run the anti-k_T algorithm (FastJet) with radius parameter R=0.4 (or R=0.3 for tighter jets) [4, 5].

gpt-oss-120b
o Include both charged tracks (p_T=200MeV/c) and calibrated BEMC towers in the clustering[5].

¢ Background subtraction

Chat

o Compute the event-wise median background density p and correct each jet’s raw transverse momentum:
How can | analyze jets in 200 GeV Au+Au collisions from 2014 in a RHIC STAR analysis p_TAcorr=p_T"rec-p-A (A= jet area) [5].
o Use a mixed-event technique to model the combinatorial jet background and subtract it statistically from the

measured spectra [4].

« Bias mitigation

o To obtain a trigger-bias-free jet sample, study recoil jets opposite a high-p_T hadron or photon trigger; the recoil
jet population is largely unbiased [4].
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Conclusion

e Variety of presentations

» Demonstrates ML is being used in multiple aspects of Try the SciBot!!!
nuclear physics: from experimental designs, data analysis scibot.csi.bnl.gov
and knowledge preservation

e A clear trend

* Lapb and university personnel are leading innovation and
overcoming restrictions from commercial products

* A common point

« Hardware avallapility can be a limiting factor

» Deployment of operational algorithms at EIC will require dedicated
computing power

Jas)
s - m N
a x ]
u K i L.
 Algorithm development is not limited by scientist ingenuity but by m

available compute @ “ (=
i

Thank you for your attention

L
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Foundation models for calorimetery

Baseline model, photons in tungsten Tungsten - y

%1073 x10-3
10° Geant4  —— Ours 1.0 Geantd  —— Ours Geant4d  —— Ours
St —— Omnijet-a, 8 0.8 —— Omnijet-a, 8 154 —— Omnijet-a.
» Clockwise from top left 5 10 500 S 10
* Visible cell energy wl g 205
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Foundation models for calorimetery

Material: G4_W _e-

New model, electrons in tungsten
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Compression - Autoencoders

The BCAE Family - Compression by Size

Bicephalous Convolution Autoencoder
* BCAE-2D

* BCAE-HT (3D)
* BCAE++ (3D)

4 segmentation loss -+

segmentation
decoder Dy
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y
: regression loss Ed
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Compression - Autoencoders

BCAE-VS - Compression by Importance
Variable ratio Compression for Sparse input

f - -

label Sparse
é Convolution

Code hereisa R — ‘segmentation

------
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