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 Numerous sources of evidence that dark matter
exists and behaves differently from visible matter

« But no direct experimental evidence of its nature
 What if DM is hiding in existing collider data?
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» Dark sector may consist of multiple species of

hadrons (stable and unstable)

« DM abundance arises from asymmetry mechanism — no annihilation
* DM interactions with ordinary matter highly suppressed — no direct detection
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particles interacting via new “dark QCD” force
« Analogous to SM: dark quarks, dark gluons, dark


http://apod.nasa.gov/apod/ap060824.html
http://arxiv.org/abs/astro-ph/0608407
https://indico.cern.ch/event/378957/

Phenomenology
4

Emerging jets (EMJs)

dark hadrons decay after some lifetime
— multiple displaced vertices within each jet

Semivisible jets (SVJs)
mixture of stable and unstable dark hadrons

— pT™ aligned with jets
|( e

Soft unclustered energy patterns (SUEPS)
confining theory with large ‘t Hooft coupling, beyond QCD-like regime
— spherical distribution of low-p; tracks
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|_atest Results

» CMS has executed first searches for all dark QCD phenomena using LHC Run 2 data
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https://arxiv.org/abs/2405.13778

Autoencoders for Semivisible Jets
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» Now being pursued for Run 3 triggers!
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https://doi.org/10.22323/1.449.0491
https://arxiv.org/abs/2112.02864
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The Future of Dark QCD Searches

» Expand to more production modes (vector, scalar, bifundamental, Higgs, ...)

» Unsupervised and interpretable ML to improve acceptance, =
sensitivity, robustness, generalization £
» Search for combinations of phenomena: new phase space! E_J
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https://arxiv.org/abs/2009.08981

High-Luminosity Future

* A new precision era is imminent: HL-LHC,

\ LHC Science

s SKA Phase 1 -
200P8 ~ 180PB 20M

~300 PB/year
science data

%)
-

Google ~30 y
Internet archive Yearly data volumes

~15 EB
HL-LHC - 2008

600 PB Raw data

\
\
HL-LHC— 20
~1 EB Physics data

SKA Phase 2 — mid-2020's
~1 EB science data

» Challenges to process, store, and analyze this
upcoming flood of data

« Simulation is critical for analysis design and
Interpretation

o Will need to deliver more events with more

complexity and more accuracy... while using

smaller fraction of computing
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DUNE, LSST, SKA

0 10x or more data vs. existing experiments
» Opportunities for most precise measurements and

discovery of rare processes

o Dark QCD w/ very weakly coupled mediators?
» Models have dozens of parameters...

138 fb' (13 TeV)
T T 1

] Mgy =20 GeV, 1 =03, &, = o

Kevin Pedro

1 95% CL upper limits

peak

1 — Observed

1-- Expected

Dijet

1T JHEP 05 (2020) 033

Monojet

17 JHEP 11 (2021) 153

Semivisible jet (inclusive)

1 = JHEP 06 (2022) 156

Semivisible jet (BDT-based, model-dependent)

1™ JHEP 06 (2022) 156

arXiv:2405.13778
-


https://arxiv.org/abs/2405.13778

Arbitrary units

Diff. {%)

ML For Simulation

» CaloDiffusion (arXiv:2308.03876): current state-of-the-art model
o Adapt industry generative techniques to |rreqular calorimeter geometries
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» Excellent agreement W|th fuII simulation even in difficult global quantities

» Most accurate entry in community challenge

Now the standard for
comparison and a
platform for further
development:
arXiv:2401.13162,
arXiv:2406.12898
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https://arxiv.org/abs/2308.03876
https://indico.cern.ch/event/1253794/contributions/5588599/
https://indico.cern.ch/event/1253794/contributions/5588571/
https://arxiv.org/abs/2401.13162
https://arxiv.org/abs/2406.12898

Computing for ML

» ML algorithms use a restricted set of operations
(mostly matrix multiplications)

o Natural and easy to accelerate on specialized coprocessors
» Most flexible approach: inference as a service

o Abstract away specific computing elements:
client makes request, server delivers

» Use CPUs, GPUs, FPGAs, IPUs... with no code changes!
o Example: ~10x speedup in ParticleNet on GPU vs. CPU

= Algorithm latency becomes essentially invisible
with asynchronous calls in offline processing

= Can batch across events for optimal GPU utilization
— maximize throughput

o Similar 10x speedup in CaloDiffusion
» ML can solve high-luminosity challenges
O Result: better, smarter, faster physics
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https://arxiv.org/abs/2402.15366

Beyond Colliders

No Domain Adaptation

» Astrophysics:
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https://arxiv.org/abs/2301.04633
https://arxiv.org/abs/2302.02005
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