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1. What is Quantum Computing? 4. Variational Quantum Algorithms (VQA) 5. Classical Autoencoder (CAE)
* A new form of computing exploiting quantum mechanics. General form of cost function: 6* = argming C(6) 4
» Certain problems can be solved exponentially faster than classical machines. C(0) = Yuf(Tr[0,UB)p UT(O)]) * Inputvectors xare |
Ansatz: compressed to a
Key Properties: »  Structure determines the inductive biases, parameters 8 are trained to minimize cost. representation z. | z

« A series of rotation and entangling gates, the structure can be general or problem specific. * zis decoded into X'.
* X and x are compared with a cost function

/ Superposition\ / Interference \ /Entanglement\ __________ to be minimized.
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6. Quantum Autoencoder (QAE)
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Feature map Ansatz

W >= al0> +B|1> Feature map:
\ / \ / / * Maps input vectors to a Hilbert space. Sl R
* Encoded data can be fed into an ansatz. QOig_g o K R(X)
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2. Potential Applications 3. Our Project 1" R2) * ldeal output state: |i) > = |0 >"®|¢ >.

Simulations: Since the Higgs boson what's next? . Sl?;tbf:: g;lzgrilgztfsr?naﬁzﬁzgs ©

* New battery technology. Can we find new physicswehave | | - . . . '

* Improved drug design. never observed? Training Loop BaCk?ml_md

 Particle phySiCS simulations. \We use Model agnostic searches. I --------------------- SR ----= _ ?atmh? ﬁs' 7 Compared to CAE’ can QAE

. ' ' anniury « Learn with fewer samples?
Extract anomalous events using i C(6) : ]| | |reconstructed Make better predictions? '
. . ki i f lisions. | ' ' . '

Machine learning: inematic data from collisions Trainin E i * Learn with fewer parameters?

» Faster training on certain tasks. { . J }—I—»[ VQA J - Output | " ro— |

_ I 2 | 300 - ignal/anoma :
) Better pred.ICtlon Capabllltles' Features - { = dBeyond : g : h i sa?nples: poorK/ 8' NeW Ansatz DQSlgn
» Learning with fewer samples. An, A, py / SMY ' Classical Computer | y reconstructed
| | LHC Coll | : Updated 0" = argming C(H) : 100 A .
Only background i sarameters ¥ New Ansatz Original Ansatz 21
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_ Heavy Higgs Search m m

| Classical Models Quantum | Classical Models Quantum | Classical Models Quantum
-- mneural network auc score: 0.939+ 0.0011 (lassical | —7-- mneural network auc score: 0.943+ 0.0015 (lassical | ~77~ neural network auc score: 0.958=+ 0.0006 Classical
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9. Results

+ |dentifying BSM Higgs amongst QCD events.
 AUC score: measures predictive performance.
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New Ansatz! 3
10. Conclusions and Outlook

Potential for better performance with
fewer parameters compared to CAE.
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— —— Scales better with problem size
—_— ——Fewer parameters than CAE
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U (e) Quantum M odels \‘\ Quantum Models Quantum Models \\ ] .
— —_— Fewer CNOT gates - original ansatz auc score: 0.976+ 0.0008 X . - original ansatz auc score: 0.858+ 0.0023 original ansatz auc score: 0.212+ 0.0021 \\ Further analyS|S need ed OoONn a va nety Of
0 new ansatz auc score: 0.975+ 0.0007 \ 100 new ansatz auc score: 0.9834+ 0.0007 100 - new ansatz auc score:—6-983=-0.0007 ]
- —— Algorithm specific - . . . . . L - - - - - - classical autoencoders (pruned CAES).
Further study into the scaling of QAE with
Input features 4 Input features 6 Input features 3 problem size and number of parameters.
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