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DUNE: Large Detectors, Sparse Activity

« Next-generation long-baseline neutrino Computational challenges
experiment « Large detector volumes

 Fine-granularity readout
« Near Detector (Fermilab) + Far Detector . I\/:illiogs Ofuch;?]lnds -

(SURF) -
o Opportunities
» Large-scale liquid argon TPC detectors « Highly localized charge deposition

Large detector volume + sparse activity
- Exploit sparsity without losing GPU efficiency

Research Facility, Accelerator Laboratory,
South Dakota lllinois

I L;* Brookhaven sanford Underground  Deep Underground Neutrino Detector Fermi National
National Laboratory



Simulated LBNF beam spill

N D 'LAr at D U N E Anode plane: y-z

Pixelated charge readout

»  ~ 14 million channels 3
« ~4 mm pixel pitch overa ~7 x 3 x 5 m?
active volume
Beam environment
« 0O(590) neutrino interactions inside NDLAr
per beam spill
« Additional activity from upstream
interactions
Sparse and irregular detector response
« Charge localized along particle trajectories
« Tracks may appear anywhere in the T T T T T
detector volume MO M
. : Bﬂﬂﬁﬂ@@ﬂ@ﬂ
« Most channels remain inactive gﬁm@m@ﬁgﬁ
ﬂﬁhﬁﬁ;ﬁﬁ@ﬁ

L? Brookhaven _ _
National Labaratory Front and back of an anode pixel tile. 3




lonization charge signal in LArTPC

Credit; Bo Yu

Anode wire planes:
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Liquid Argon TPC
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- Recombination. W) i
- Diffusion effect. Gathods o

- Attenuation due to impurities in
liquid argon.
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Computational challenge

Charge transport 3.0
. . . —— Central Pixel: Electron at Center

« Charge deposition is localized 2.5 —— Cenlral Pixel; Electron at Border
« Diffusion spreads charge across multiple pixels 2.01
* Fine pixel granularity — large channel count 127
Signal formation 3 10 !

. . . 05
*  Drift times are O(ms). : 0o A
 Long waveforms are induced 500
* Neighboring pixels also receive induced current g 000 -

. . g
Computational impact 5-0.02
« Large memory footprint —0.04 - \
« Expensive charge—pixel evaluations ~0.06 1 —— 41 Pixel; Electron at Center \
fo.C It tO scale 0.08 +2 Pixel; Electron at Center

. ifficu ~0.08 1

1100 1150 1200 1250 1300 1350
Time, time tick = 0.05 Us
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Existing solution: larnd-sim

Existing framework: larnd-sim

Official DUNE ND-LAr simulation
framework

GPU-accelerated sparse detector
simulation

Detector-specific implementation
optimized tor ND-LAr

Mct)til\éation for package TRED in this
a

©

General sparse-tensor formulation

Reusable operators across detector
simulations

Closer integration with AI/HPC
software ecosystems

Brookhaven

National Laboratory

Highly-parallelized simulation of a pixelated LArTPC on a
GPU

larnd-sim
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Analytic solution

The factorized solution: I(x,, t) = [dro(r;t) * i(xp, 1'; t) With

* Q(r"): charge distribution at the anode
« Transverse diffusion width is comparable to readout pitch

« Longitudinal diffusion width is much smaller than drift time and signal is
only sizable near anode.

* i(x,,1"): pixel response to a point charge.
« Decided only by detector geometry and operation condition.
« Compute numerically according to Ramo theorem.

Ramo theorem
V- drift velocity

I=-q-E, -7, E..: weighting field
I €Br00khaven g: source charge

National Laboratory




Discretization and Effective Charge

(@) EA centeral pixel
X +1 pixel
1 +2 pixel

Continuous integral = quadrature sum on a regular grid

D

§ e

Field responses are evaluated at grid points and Y
interpolated to quadrature nodes. /

XX XX X
] [ ]
XX X|X X

-1 ® grid point

¥ 2X2 quadrature node

jdr’ Q(r’; t)i(xp, r’s t) =

~ ) ff
I (&) Brogkhaven > Jdradi= ) Q¢

iegrid iegrid




Is the discretization accurate?

« Sampling at grid points ignores

sub-grid structure. somoin t g1 b
« 2-point quadrature captures
intra-pixel variation. |
* Only a few quadrature nodes
are required. |
102
Result |
* 2-point quadrature is already
close to the 4-point reference.

 Sub-grid accuracy at low T %4 w2z o0 oz oa

Maximum Q - Q%P per pixel per 100 ns [ke]

comPUtatlonal cost. For reference, frontend noises in LAr is <O(500e-)

L:> Brookhaven
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Computing Q¢ as a Convolution Problem

Q¢ = Q +x K * GPU-friendly implementation
* QQ obtained by analytic evaluation * Dense local tensor blocks
at irregular quadrature nodes, « Sparsity tracked through block
assembled into regular dense coordinates

tensor blocks

» K contains quadrature weights and
interpolation coefficients

* Block size limited by diffusion
scale.

« Convolution kernels from PyTorch
« Native GPU acceleration

10



Convolution with Field Response: Direct
or FFT

* Challenge * FFT Acceleration ~ O(Nlog N)

 Field responses extend over long drift « Better scaling for large kernels

times | o «  Efficient GPU implementations
« Large convolution kernels in time and available

space
 Direct convolution scales poorly,

~0O(NK)

1D 2D 3D
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FFT is Fast, but What About Sparsity

« Sparse structures in the time  FFT operates on dense
domain often lead to dense tensor blocks
frequency-domain representations.

0T « Sparse tensor frameworks
* An Intuition analogue to (COO/CSR) do not support FFT
Heisenberg s uncertainty « Coordinate indexed dense

principle, AxAp = 1/2 blocks are compatible with FFT

Coordinate-indexed dense blocks enable FFT-based convolution.

The remaining challenge is detector-scale data organization.

I L? Brookhaven
National Laboratory



From Local Blocks to Detector Signals

Sparse induced current signal in detector are represented as
local blocks.
« Multiple blocks may contribute to the same detector region.

- The same merging problem appears for charge, Q°ff

Challenge
 Local sparse blocks are not naturally aligned on the detector grid.
- Efficient merging requires both alignment and accumulation.

v

Benefit

« Early alignment and accumulation reduces memory footprint and
downstream computation.

I L:?* Brookhaven
National Laboratory

Q1+Q2 waveform
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Block Sparse Binned (BSB) tensor

15t block
Inspired by histogramming and scatter-add

operations, BSB generalizes binning and ond block
accumulation from scalars to sparse tensor

blocks.
histogram
scatterAdd(<T> a[m], int b[n], <T> c[n]) { 1 4
forall i = 1..n
ATOMIC{a[b[i]] = (a[b[i]] + c[i])};

}

seatterhdd(<t> afm], int b{n], <F- ©) { Output: binned blocks or a binned envelop
ATOMIC{a[b-[-i]] = (a[b[i]] + c)};

}

* Input: size A block
*  Output envelop: size NxB binned block with k non-
empty bins saved.

dataset

Figure 1: Parallel histogram computation leads to mem-

ory collision, when multiple elements of the dataset up- « Note: B does not need to divide or align with A.
date the same histogram bin. Example:
 A=3 blocks, B=2 blocks, N=3 bins, k=3 bins, 4
Histogram and scatter-add adapted from:_J. H. Ahn, et al., HPCA 2005. non-empety blocks

L}\ Brookhaven
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https://ieeexplore.ieee.org/document/1385935

Why BSB

BSB provides

Flexible envelope size
* Independent block and bin sizes

Efficient sparse
accumulation

* Alignment + accumulation in one
abstraction

« Applicable to Q¢f, and induced
currents

BSB provides

Reduced memory footprint

« Early merging of overlapping
contributions

* Only non-empty bins are stored

K

Brookhaven

National Laboratory
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@nts (GEANT4 energy@
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Practical Impact: Memory Scaling

Augmented track segments

|

Hierarchical batching enabled by BSB

Peak memory converges to the output
footprint

Rasterize to N-dimensional charge blocks [Q]

N-d charge blocks

J

Bin & accumulate at same locations

; ,
= 12000~ . ] )
S i « ] Convolve with field response [I]
= 10000 N
o
€ oo L . . :
@ 8000 .+ ., Memory consumption for NDLAr is tamed. - )
2 -
8 ;f “ next 7 Bin & accumulate on unique electrodes
> 6000} -
- - o
2 oo L |
uEJ 4000}~ P < raster batch : 100, conv batch : 100 - )
x i raster batch : 300, conv batch: 50 ] next v Electronic readout model
DCI_) 2000~ raster batch : 100, conv batch: 10 |
ol raster batch : 100, conv batch: 50 1
| | | | |
0

5000 10000 15000 20000
Number of Track segments

~ E]I uuniliavgili
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Runtime benchmark

FFT convolution dominates the runtime, as expected
Runtime scales approximately linearly with spill activity
Full ND-LAr beam spill simulated in < 10 minutes on RTX 4090

G _I | T T T ‘ T T ‘ T T T .
o » raster batch : 300, conv batch : 50 _
3‘:(;'80_7 » raster batch : 100, conv batch : 50 «
E » raster batch : 100, conv batch: 10
02_607 < raster baich : 100, conv batch : 100 N
o |
E |
S 4of- : .
o | D
]
20 —
i ,f &
0._ | L L L |
10000 15000 20000

‘ L R
0 5000
?’ Bruuniiaven
National Laboratory

Number of Track segments

700 28%
0.0% 5.3%
0.5% =
-
84.1%

Operations
Electronic readout
Convolution

Block-sparse binning of current
and accumulation

Block-sparse binning of
charge blocks

Rasterization

Recombination, attenuation,
and drift

17



Our simulation package can model full
ND-LAr beam-spill activity

30

F25

The package handles

detector-scale geometry,
2 charge response, and
complex event activity In
one workflow.

Ul
o
Vertical Axis [cm]

Charge [ke]
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HEP Software in the Al Era

 Traditional HEP software « Can we just ask an Al
» Powerful and highly assistant?
configurable « LLMs do not understand
 Documentation contains the detector workflows
answers » Missing execution context
e But:  No access to internal states
and logs

 steep learning curve
« expert knowledge required
« trial-and-error configuration

« Can generate plausible but
iIncorrect actions

structured way.

Brookhaven

National Laboratory

I The challenge is exposing domain knowledge in a
©




Exposing Detector Expertise to Al Systems

you> Provide recommended configurtion and run a test on this machine. Input file is
workspaces/data/tred/tred-assitant/MicroProdNlpl_NDLAr_1E18_RHC.convertZh5.nu.0000

001.EDEPSIM.hdf5 and response file is workspaces/data/tred/tred-assitant/response_f
or_tred.npz

Recommended config (auto-generated)

Config YAML:

® workspaces/runs/tred/configs/generated/config.yaml

Key recommendation info from the helper:

® Auto-detected GPU budget: 19.195 GB usable (of 11.99 GB total)

® Pegk stage (worst event): event_id 111@

® Per-stage peak GPU use (GB):
e effq: 10.155 GB (fits; tunable via batch_scheme[@], currently 242)
® chunksum_q: @.739 GB (fits; tunable via batch_scheme[@])

e convo: 1.891 GB (fits; tunable via batch_scheme[1])
® chunksum_i: ©.028 GB (fits)

Test run (single event)

I launched a test on event_id=1110 (the peak event for GPU memory).

® Job log: workspaces/runs/tred/logs/test.log
e Job id: job-20260616-010306

Ask me “check status” and I’11 poll the test job until it finishes.
you> check status

Test is still running on event_id=1110.

® Job id: job-20260616-010306

® Elapsed: ~108 s

® Current log tail (workspaces/runs/tred/logs/test.log): processing continues
(effg/raster, chunksum_charge, convo, readout stages), no errors shown yet.

L:?‘ Brookhaven

Encoded expertise

» Configuration recommendation
* Resource estimation
 Workflow orchestration

* Runtime inspection and monitoring

Model-agnostic interface
* No detector-specific model training
* No fine-tuning required
« Compatible with multiple LLM backends
* Reusable across interfaces

Access methods

» Lightweight conversational client
* MCP interfaces
« SKkill interfaces

Domain knowledge is encoded in tools

National Laboratory and workflows, not in model weights.

20



Conclusion

» Sparse detector simulation can be reformulated as GPU tensor
operations.

* Analytic factorization + quadrature achieve sub-grid accuracy.
 FFT solves convolution complexity.

 BSB provides detector-scale sparse alignment and
accumulation.

« (Can extend to DUNE Far Detector simulation.
« Al-assisted workflows for HEP software and detector operations.

L:> Brookhaven
National Laboratory 21



Backup

©

Brookhaven

National Laboratory
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Discretization and Effective Charge
I(Xp ZQW ijk

(@) EA centeral pixel
7.? k X +1 pixel
1 +2 pixel

Continuous charge integration is replaced by

quadrature sum on a discrete grid. @§:§;§;§
Quadrature preserves accuracy on a discrete field-

response grid. /1

P J / dz h(x Z'wz (&) //
- (b)

Field response are evaluated at grid points. FR at /”,

quadrature nodes from linear interpolations (u,;). =ah o arid pont

¥ 2X2 quadrature node

~ ‘h /dr’Q(r’)I(r’;xp) = Zfodr’c Q(r}) I(rh; x,)
kf NBEI;iEr'IGEll LabEu]r\;EQ jk - Z Zwlmn len —r,j—s,k—t Wmn,rst & 93

lymnr



Extend to far detector simulation

The far detector simulation uses a
global region of interests in FFT.

TRED is more sparse.

Preliminary tests shows 2x speed
up using sparse signal, on a
single CPU core.

The signal simulation, i.e., the analog-to-digital converter (ADC) waveform on a given channel, White: FD simulated area
M = (Depo ® Drift ® Duct + Noise) ® Digit, (4.2) Grey: TRED simulated area

is conceptually a convolution of five functions:

I L? Brookhaven
National Laboratory 24



Readout as the last piece of simulation

« Self-trigger readout logic to zero suppress data
« Charge = Charge @ Trigger Time + Charge in ADC_HOLD DELAY window

10 1 —— Accumulated charge on pixel .
Threshold crossing I
—_ —-- Digitization I:
TSE 2 g lbes Preamplifier reset I
Reset Noise: 900e — g === Threshold I
c = I:
il :
[ = I:
) SERIAL 8 2 |
from O —8 control —> g ------------------------------ I.- ______________
ddddddd ) )
ssssss S :
Uncorrelated Noise: 500e :lf\ e © 4

- )

S

b DAC | TpACia:0) g

; O 27
Threshold Noise: 650e [ <
Trigger & End of hit. ~ Treshold
0 -
286 288 290 292 294 296 298

Time [us] 25




2x2 Event Display

Signal processing in L
zero-suppressed detector
* Issue: lonization charge signals can ¥
be split into multiple hits due to long- o |
range induced coherent signals from E
showers. IR
 Signal processing is needed to i
recover the original charge RS §
information. BT I -
 Limitation: Traditional signal ; : A
processing requires full waveforms, | T e
fast digitization, and bandwidth 0] © LR
shaping. | b i
‘However, full waveforms are often § roe
zero-suppressed. 11 ; 1‘:%_

() Brookhaven 0 S |




Physics guided deconvolution

Solution: LArPix provides
multiple operation modes for
flexible signal readout.

* Burst mode: continuously
records charge data after a
single trigger, enabling
targeted waveform capture for
signal recovery..

* Deconvolution approach:
Recover zero-suppressed
waveforms using physics-
guided signal templates.

I G‘ Brookhaven
National Laboratory

Hits Charge [ke-/pixel/1.5us]

10

True Charge vs Hits (voxels with hits > 0.5)

2 4 6 8
True Charge (smeared) [ke-/pixelf1.5us]

10

- 103

102

101

100
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Differentiable simulation

2.00f - —— Initial lifetime = True x 2.00 |

* Noisy true waveform is taken Lysl —— Il fetime = True x 0.50
as the reference in loss % 150]
minimization. 10
» Lifetime tuned to converge to £ 1.00
true lifetime in true waveform. 0.75}
0.50¢
107
£ 101}
| 109
% 1071

1072} J I |
0 1000 2000 3000
L? Brookhaven Epoch
National Laboratory



How we bridge gaps

SCAN_HARDWARE User message
t l
PROBE_INPUTS —> InputManifest (events + sizes) LLMClient.chat complete (messages, tool specs)
! l
SELECT LARGEST event for testing LLM response: { tool calls: [ {name, arguments} ] }
)
ESTIMATE RESOURCES —> ResourcePlan (batch size, device, ..) DI;PATCH[name](**arguments, deps) - result dict
t l
RENDER CONFIG —> config.yaml from JinjaZ template to tool message (call id, result) ~ appended to
| megsageg ;
TEST LARGEST !
! LLMClient.chat complete (messages, tool specs) — next
success —> RUN FULL —> COMPARE IDS —> DONE round
U U
fail —> PARSE ILOG —> rule retry? .. until no tool calls in response

—> LLM ANALYSIS —> APPLY —> RETEST
The message list is the only shared state between LLM
The LLM navigates this graph; the scripts execute each node. and tools.

Workflow for this package. Workflow for the assistant.

Encapsulated in SKILL and MCP for generic Al agent.

'\? Brookhaven
National Laboratory 29




Effective charge

KE

Charge distribution of Gaussian-smeared track segment after diffusion

Q 1 _% ( (96—(fvo+v(;1—fvo)))2 4 (y—(yo+v(z2/1—:uo)))2 + (z—(zo+v(;1—zo)))2 )
q(x) et 3/2 / ox 47 0% d’U
(2m)3/ 20,040, Jo
. . —B/A?) A, Ay
Analytic solution: Y, 2) = exp( ( f — erf )
yt d(ow,2) = QLA (et ot —ert( )

lonization charge at x; is NOT the g(x;) but w;q(x;) * u; to improve

accuracy of induced current on pixel i(x) * g(x) = w;q; * u;i;.

« w; is obtained using the Gauss-Legendre quadrature rule, while the field
response i(x) (induced current of a single electron) is evaluated via trilinear
interpolation u;.

e Details in this talk.

Brookhaven

National Laboratory
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https://indico.fnal.gov/event/67027/contributions/307500/attachments/184526/253794/ND2x2Workshop20250124v3_YZHANG.pdf
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