Real-time Quantum-Inspired Algorithms for Anomaly
Detection in Collider Triggers
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Collider Triggers

11 August 2026 Sagar Addepalli



Collider Triggers
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Algorithms reflect our best priors of
where interesting physics lives

Energy-thresholded Topology-specific
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Colider Triggers
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Algorithms reflect our best priors of
where interesting physics lives

What if we are leaving BSM physics in
the data we do not collect?

Energy-thresholded Topology-specific
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Instead of only using priors, we can
learn directly from data what's normal
and what's anomalous

ML-enabled anomaly detection is now
available and (reasonably) well-
understood

Opens up a large phase space: | : g e
Uncovered? Unexpected? Unknown? KN S e vl
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We have accelerated neural networks to run in O(10 ns) latency on FPGAs

Already running in ATLAS and CMS, and have taken useful physics data!
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https://twiki.cern.ch/twiki/bin/view/AtlasPublic/CombinedTriggerPublicResults#GELATO_trigger_in_2026
https://www.google.com/url?sa=t&source=web&rct=j&opi=89978449&url=https://cds.cern.ch/record/2942560&ved=2ahUKEwiv1K7DxJiWAxVsMDQIHRYBF2oQFnoECA0QAQ&usg=AOvVaw2hReEdC3NyMRaqCjqTe1u_
https://www.google.com/url?sa=t&source=web&rct=j&opi=89978449&url=https://twiki.cern.ch/twiki/bin/view/CMSPublic/CICADA2024&ved=2ahUKEwinw6m8xJiWAxUTJzQIHQE_GBYQFnoECA0QAQ&usg=AOvVaw1klLNNSsg0FZT6eHUsVR_C
https://cds.cern.ch/record/2933128

(Quantum-Inspired Algorithms

N-particle entangled quantum many-body system with some Hamiltonian

How to find its ground state energy? Model its low energy behavior?
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N-particle entangled quantum many-body system with some Hamiltonian

How to find its ground state energy? Model its low energy behavior?

DMRG formulation, devised by Steve White in 1992: Phys. Rev. Lett. 69, 2863
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Matrix Product State
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ohysical index of dimension

L rank-3
bond index of dimension m tensor
Closed lines = tensor contraction
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Can we think of the particles produced in an LHC collision in terms of a highly entangled many body system?

If so, can tensor networks be used to model their behavior?
Can they learn long-range correlations?

O-0-0-0-0-0-0
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Can we think of the particles produced in an LHC collision in terms of a highly entangled many body system?

If so, can tensor networks be used to model their behavior?
Can they learn long-range correlations?

O-0-0-0-0-0-0

Underlying physics is highly complex, can we learn it directly from data?

Finally, can we detect anomalies by tagging out of behavior-events?
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(Quantum-Inspired Anomaly Detection

Summary of the ML workflow
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N 8 19 particles = 19 vector sites
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Quantum-Inspired
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Takes a 19 site
input MPS prepared

per event

Anomaly Detection

Summary of the ML workflow

Operator / ML Model

Sagar Addepalli

Free parameters:
Elements of the TN are machine-learnt;
trained unsupervised on background-only

Training target:
Compresses to a
vector of a target norm

Anomaly score:

Deviations of the vector norm from the target

15



11 August 2026

SMPO ROC Curves

— == Random Guess
A-4f (AUC = 0.90; TPR @107 FPR = 6.35%
h® - tv (AUC = 0.88; TPR @10~ FPR = 0.10%
h* -1t (AUC = 0.80; TPR @107 FPR = 0.11%
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Trained and tested on simulated data
(ADC2021)

4 benchmark signals with distinct
topologies

NN baseline from Govorkova et al,

Tail performance comparable to NN
architectures (AE, VAE, CNN-AE)

-ully linear architecture with much

fewer params (O(1k) vs O(10k))’
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https://www.nature.com/articles/s42256-022-00441-3
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Tensor networks structurally offer high parallelization potential!

O-0-0-0-0-0-0

Contraction 1 Contrdction 2 Contraction 3

Di/tri-site tensor contractions can happen simultaneously; no far-site data dependence

Fewer parameters, shallow depth = fewer operations

When accelerated on an FPGA, we achieved a 0.37 us latency, well within collider trigger limits
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Tensor network architectures offer a compelling alternative to SOTA NNs for real-time ML
We adapted a TN structure for an anomaly detection task and showed comparable discrimination

FPGA accelerated implementation deployed at sub-us latency compatible with today’s collider constraints

Related work:

Cascade of TNs, FPGA acceleration techniques: (this work)

Quantum autoencoder on FPGAs for AD at colliders:

TN pruning techniques for further (2x) FPGA resource reduction: paper in prep.

The theoretical promise of quantum algorithms could be realized on classical data and classical hardware
through tensor networks. Excited for what's next!
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https://arxiv.org/abs/2603.26604
https://arxiv.org/abs/2607.20302
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(Quantum-Inspired Algorithms

y=Wx+b
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# parameters = M-
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(Quantum-Inspired Algorithms

Tensor Notation of
Matrix - Mij

M,0<ij<M
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(Quantum-Inspired Algorithms

Reshape
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(Quantum-Inspired Algorithms
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Reshape
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SVD = Singular Value Decomposition
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Quantum-Inspired Algorithms

Tensor Contraction
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Quantum-Inspired Algorithms
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