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‘ Why Quantum Computing? “'Jll

Fundamentally change what is computable
o The only means to potentially scale computation exponentially with the number of devices

Solve currently intractable problems in chemistry, simulation, and optimization
o Could lead to new nanoscale materials, better photovoltaics, better nitrogen fixation, and more

A new industry and scaling curve to accelerate key applications
o Not a full replacement for Moore’s Law, but perhaps helps in key domains

Lead to more insights in classical computing
o Previous insights in chemistry, physics and cryptography
o Challenge classical algorithms to compete w/ quantum algorithms




| Why Now?

Now is a privileged time in the history of science and technology, as we
are witnessing the opening of the NISQ era (where NISQ = noisy
intermediate-scale quantum).

— John Preskill, Caltech

IBM Inflegtion Quantinuum
156 superconductor qubits 100+ neutral atom qubits 98 atomic ion qubits /
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| “Good” Quantum Applications

s Compact problem representation
o Functions, small molecules, small graphs

= High complexity computation
= Compact solution [ﬁé
m Easily-verifiable solution

m Co-processing with classical supercomputers

s Can exploit a small number of quantum
kernels




| Quantum Bits (qubit) .

I
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Classical Bit Qubit

m 1 qubit probabilistically represents 2 states
la> = Cy|0> + C,|1>
s Every additional qubit doubles # states
lab> = C,)|00> + Cyyy|01> +
Cio/10>+Cy|11>
m Quantum parallelism on an exponential number of states

s But measurement collapses qubits to single classical
values

E Chong -- QC



‘ Neutral Atom Quantum Computer
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| Quantum is Good for Quantum Simulation

classical, dan
W and if you want to
make a simulation

(AP of nature, you

better make it
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‘ Quantum Adiabatic Algorithm

Solution

Adiabatic evolution




| Quantum Approximate Optimization Algorithm (QAOA)

Update cost gate angles y
and mixer gate angles B

J, \L Measure

#T

Calculate
expected

Cost Mixer Cost | |Mixer

objective
value

D

Credit: https://in.mathworks.com/help/matlab/math/max-cut-with-qaoa.html|
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Hybrid Algorithms for Finding
Multimodal Cancer Biomarkers
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Co-Design Strategy

® Pick a classically difficult problem
O Muttimodal Cancer Biomarker Identification (> 3" order correlations)

10 Maybe so difficult that the classical algorithms still need to be developed

® Preference for problems with smaller data requirements
O Biomarker data acquisition is expensive (~10K records)

10 Precision, rather than speed is more valuable (get the most out of valuable data)

® J.ook for where classical methods break

10 Apply quantum algorithms 1if possible

11



| Why 1s Biomarker Discovery Challenging?

Patients samples Data extraction and preprocessing B|0|.ned.|cal Disease
- applications focus
® Py - [ Features
® ® ° DNA K = Diagnosis
w w w w w mutations MFBIN m § Bi Ig el Cancer
S iologica
@ L] ° @ mRNA % o discovery
gens. T 2 Cancer
w expression LN 5 S dfan
® PY ® & ) response Neuro-
Pathology oges S 3 prediction degenerative
‘ ot 17 Z diseases
images L oty .-. HE ... Therapeutic
: _ H N EEE N u discovery Inflammatory
> diseases

» Current biomarkers based on few features often fail to provide clinical guidance
+ Example: Many sequenced tumors do not have actionable mutations

» Al-based high-dimensional models can capture biological complexity but often lead to models that are uninterpretable and fail
to generalize, limiting clinical translation, despite sophisticated computation

Key Challenges Summarized:

Sample Scarcity Missing Synergies Computational Limits
Limited patient samples relative to Current methods miss higher-order Classical solvers struggle with
feature space — overfitting, no interactions across modalities (eg DNA combinatorial complexity of feature

generalization x RNA x Path) selection at scale




How does the quantum computer help?

Recursively fix Recursively fix
edge edge Solve this last subproblem with

—p O—(Q =P classical solver (bruteforce,
QBSolv, Gurobi, efc)

N=4 N=3 N=2
cutoff
Quantum Classical
T . eih 2 X * exp(ivaHpcBo) T Xe exp(iv, Hpepo) TS n
Suboptimal
2 Classical
> Quantgr_n : Solutions
1R/
[a) :
19t block znd block pt™ block = ( )
w ]

. - C . - 'Reduced problem
We use the probability distribution, z | Classically tractable)
obtained by sampling from the QC many = ;

>

times, to determine which edge to fix :
Problem Size




‘ Bootstrapping from Smaller Problems

The first demonstrations of parameter transfer for RQAOA and for real-world problems

Because QAOA exhibits the parameter concentration’ property,

Variational optimization is expensive we can transfer parameters between problems

Energy landscape for an 8-qubit problem Energy landscape for a 10-qubit problem

Many quantum circuit
evaluations required to

traverse the loss landscape

» Limits the scalability of our classical

simulations and hardware

ex penments [1] Brandao, Fernando GSL, Michael Broughton, Edward Farhi, Sam Gutmann, and Hartmut Neven. "For fixed control
parameters the quantum approximate optimization algorithm's objective function value concentrates for typical instances." arXiv
preprint arXiv:1812.04170 (20 18).
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| Key Results Up Front

20-qubit QPU experiments Our entropy-cubo H-CUBO leverages
demonstrate that our hybrid (H-CUBO) feature selection interactions across
alaorithm boosts solver method outperforms pathways to predict
g performance other baselines treatment response
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‘ Executing 3 rounds of RQAOA on ibm_boston boosted
the performance of QBSolv
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‘ H-CUBO biomarkers better predict pCR in
|I-SPY2 patients than established biomarkers

ERF classifier, 4 crossfolds

w0 . : hf:;&:hke 0.85 ® Best H-CUBO feature set
: 0.80 ® 2nd-best H-CUBO feature set
z* 5 0737 e 3rd-best H-CUBO feature set
% " £ 0.701 4th-best H-CUBO feature set
Triple-neg ative (TN) breas? § 0.65 _'i"'i" R e Mean score of best H-CUBO feature set
. S e 8 0.601 ] B Feature importance feature set
L cancer. E,m _'-. : § 0.55 4 £ L] ® Set of 23 I-SPY2-tested biomarkers
Difficult to treat = ™| .- ool [ ¢ MammaPrint index
-0 - 045 ® Set of 5 Immune+/MammaPrint biomarkers
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‘ Classical feature selection prioritizes
"monergistic” features at the cost of synergy

Mutual Information (MI) with Treatment Response (pCR) of
Triplets of Features in H-CUBO vs FI Selected Feature Sets

' Example:
QX q :
F ¥ Q& M for all

CCL2 and HSBPI are in many synergistic HC24FI rpets that
triplets that Fl does not leverage —_ gene CCL2

STAMBPL1 3rd-order MI
POU2AF1 W 33'5-2
SLAMF8 :
CXCL10 02
SOX11 0.15
SESTD1 0.1
CXCL13

CYBB

STAT1

CCL13
XCL11

HSBPI: negative regulator of heat shock response and He2

cell stress, can also act as an "alarmin’ to notify
immune system of tissue damage

FI-selected genes include several other Fi
chemokines, likely important for directing
immune cells to tumor microenvironment

POU2AF1

STAMBPL1




‘ H-CUBO identifies subtle, synergistic
interactions that connect biological
pathways

Mutual Information (MI) with Treatment Response (pCR) of

Together with CCL2 H-CUBO solution Triplets of Features in H-CUBO vs FI Selected Feature Sets
includes HSBPI, MYO5C, ABAT, and STAMBPLI o< o Example:
P F Q MI for all

. . . triplets that
This group highlights less well known, e+ R

potentially impactful biology! —_— gene CCL2
"HSPB1 facilitates chemoresistance through inhibiting ferroptotic cancer cell Hez weaz
death and regulating NF-kB signaling pathway in breast cancer" —Liang et al. SLAMF8 0.2
(2023) CXCL10 02
SOX11 015
0.1

SESTD1
CXCL13
CYBB
STAT1
CCL13
CXCL11

"Human myosin-Vc is a novel class V myosin expressed in epithelial
cells" —Rodriguez & Cheney (2002)

Suggests MYO5C is involved in trafficking transferrin,

a protein needed to bind/transport iron.
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‘Resource estimates 1n line with

Starling Bicycle architecture Starling
(100M)

B code module
— Fault-tolerant
B c-c adapter
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Unlocking True Commercial Advantage

Designing data center ready solutions atscale

2024 2026 2028
Error Detection Error Correction Commercial Advantage
. Dual-species crosstalk- free Logical circuitdepth = 1000 S .
logical Performance s euremeat Universal quantum ga e set Logical circuit depth = 1million.
logical Operations Rate 10,000/sec 100,000/sec
Physical qubits 1600 8,000 40,000
= 20(C2: 9950% 99.90% 99.95%
] Local 10: 9990% 9095% 9095%
E Global 10: 09.99% 9999% 99.99%
Soft Tooling (e for verifying Optimized compilation of Exponental speedup
OTiware fault-ioleraniproperies fault-loleranicircuils demonsira tion

Realime a1om
reloading

Optmized laser

Enabling technologies nulse modulaon

Advanced pholonic beam sieering

S (®) Inflegtion



‘Demonstrating the power of full-stack co-design

Gates per RZ

a) Fault tolerant decomposition to Clifford+T gateset can be prohibitively expensive.

b) We can exploit the large design space of Algorithm+QEC Code to reduce hardware resource requirements.

c) Tolllustrate this approach, we executed 12 logical qubit circuit on Infleqtion Sqale using 32 physical qubits to sample low-energy solution
to Entropy-CUBO.

Gate Cost For RZ Synthesis

Cliffords
T Gates

- 7.8|logg|0%®
- 4.8|loge|0%
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(b) 1QP circuits are easier to implement

and they can sample low-energy

distributions just like QAOA

(c) Encode within
the [[8,3,2]] error .
detecting code \\3&




Quantum-Inspired Contextual ML.:
Speedups with GPU and QPU
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Enter: Quantum Contextuality

NOBELPRISET | FYSIK 2022
THE NOBEL PRIZE IN PHYSICS 2022

Alain Aspect John F. Clauser Anton Zeilinger

_Universite Paris-Saclay & J.F. Clauser & Assoc., University of Vienna,
Ecole Polytechnique, France USA Austria

*for experiment med sammanflatade fotoner som pavisat brott mot Bell-olikheter och
banat vag for kvantinformationsvetenskap”

“for experiments with entangled photons, establishing the violation of Bell inequalities and
: pioneering quantum information science”
#nobelprize

© Infleqtion 2024




Enter: Quantum Contextuality

ARTICLE

doi:10.1038/nature13460

Contextuality supplies the ‘magic’ for
quantum computation

Mark Howard'?, Joel Wallman®, Victor Veitch®* & Joseph Emerson®

Quantum promise i mlhdrdmlaleoun(erpuu bullhcmolmewwaln
. elusive. Henwepmen of it
Why are quantum algorithms so powerful? A e posesilty ofant via magic statedistltion, which s the eading mode for exper-
ecliley s shrile? mm ‘model of i Contextuality as a resource for measurement-based quantum
r Q his Iggests a un!tyi:gpandlgm(«dnre i i
©7, Answer a0 Follow -3 32 Request T Pl 'y“ h‘ i of contextusiity. and non locati] COMPUtation beyond qubits
to be a critical In addition to clar]
mental issues, thhwork the “ rk for which has a f MarkusFrembs', 5am Roberts and Stephen [ Bartlett
3 Answers such as ch the efficiency and trade-offs bx distinct th ical and exy| * Dep Physics, Imperial College London, Lendon $W7 2AZ,
for achieving robust np and hy cost ¥ Cemrefor E: The L yof Sydaey, Sydacy, Austealis
tum algorithms. E-mail strphen bartleti@vydnry.cdusu
Peter Shor - Following S
Morss Professor of Applied Math at MIT. - Featured on Apple NewsUpvoted by Allan Steinhardt,
PhD, Author "Radar in the Quantum Limit",Formerly DARPA's Chief Scientist,Fellow - 4y Abstract
. [ lity—the ob tion todescribingg mechanics in a classical statistical way—has
They're more powerful because they are allowed to use guantum operations rather than been proposed asa that powersq puting. The based model
classical operations, and quantum mechanics somehow has more computational power. provid rete '_ f li putational resource, as follows. Iflocal
i b ‘mawanb«: used b il baolean i onl.y
. . . . thm thiscomy i proofof strong c i
In the few years after Shor's factoring algorithm (that finds the prime factors of a large 1 ﬂmnmnmﬂlhm assigned. However, this connection is
number) was discovered, there was a big controversy over which properties of quantum mmaﬂﬂ tothe spmalmrwhendu Ssiliagivsed srlﬂmlfmm-r;;hwwfhhmunw?ﬂ
; . ) R Asi proof
mechanics gave the extra computational power. Some people claimed that it was ity unlike higher-di \rstons, s ol e
superposition, some people thought it was interference, some people believed it was the independ, ality with only Pauli observables, again unlike higher-dimensional general-
iah-di 5 i H mnons Here we identify preclse]}'lhatslrongnon locality is necmry:naqudllmasunmml -based
high-dimensionality of quantum stjate space that_gave quantum computers their extra putstion (MBC) that 2 el etcns e near craindl W
power. The controversy has now died down, and it appears that all of these people were i s thiecnoest of ki iverilit tich plkces oG o the spase of gk RDCIidis:
right; you need all three of these properties of quantum mechanics to give quantum accessible under the constraint of single-qudit measulrmmls_'fhusLhepamunnof:phﬁu:a] syslrm

into subsystems plays a crucial role for the increase | power. A p
our scllmglsllla.l the cmb]mg l\:swm:sful qulﬂt and qudlt MBCaltuflh: same underlying nature,

avolding th i q1

computers their extra power.

© Infleqtion 2024




Contextual ML in a Nutshell

- Quantum contextuality enables wider “context clues” for Al/ML.

o EX: Forecasting. Energy demand prediction depends not only on
previous minute, but also 24 hours ago, 7 days ago, 365 days ago,

Quantum Contextuality« - = = — - » “Context” in Correlated Data
Qubit 1 g
a g - . ) fﬁf
g Time flies like an arrow, s
2 . Ly . ”
g fruit flies like a banana.
‘ 2 :
Qubit2 & ;’?f
x £ v
3
[}
s
Y;1Y, outcome depends on context of other measurements: Meaning of “flies” depends on context of other words:
{2 X5, X4Z, row} or {Z4Z,, X1X, column}? {time, arrow} or {fruit, banana}?

Details: [1] Anschuetz, Eric, Hu, H.Y., Huang, J.L. and Gao, X., 2023. Interpretable quantum advantage in neural sequence learning. PRX
Quantum, 4(2), p.020338. [2] Gao, X., Anschuetz, Eric, Wang, S.T., Cirac, J.l. and Lukin, M.D., 2022. Enhancing generative models via quantum
correlations. Physical Review X, 12(2), p.021037.

© Infleqtion 2024



@ Advantages of Contextual ML

Deployment-ready. Runs today on GPU, scales gracefully to QPU.

2. Interpretability. HMM-based approach has high interpetability.
Important given regulatory requirements for fairness and safety.

3. Per-dollar or per-watt performance. Given a fixed budget, contextual
ML achieves greater accuracy.

What’s the catch? (a) Only useful for sequential data like time series.
(b) Lower absolute performance than GPT.

© Infleqtion 2024 A




Contextual ML: QPU © GPU

- Key insight: better to store memory (hidden state)

Weights Memory  Memory’
b
< Memory size is
(0’4
g = x| B o= | B Inference time scales as 2
o
Number of weights is[?
— Weights Memory Memory'
> Memory size is 2
—1
% Inference time scales as ¢
> 3O x =0 = EiN - 281 \y/ Strassen
E - 237/ best asymptotic
8 Number of weightsis 2

© Inflegtion 2024



Timeseries Energy Data
Dataset: Hourly energy consumption ‘i[ Q[)Ci ° e

Advanced Research Projects Agency @ ENERGY

EPR | it

55000 -

25000 -

Task: predict next hour of energy usage based on history

Memory is the limiting factor in modern approaches.

© Inflegtion 2024



Signal Understanding: Quantum-Inspired Rapid Context

Navy contract leveraging CML-based
autoencoders for signal understanding -
effectively acts as compression for long signals.

on |
o =

uwounouwowun

»-iu'a'm'\:iob'g HwhoNO

Frequency (Hz)  Frequency (Hz)
[el=telel o o ooo
vouvuounown

I

10.0 20.0 30.0 40.0 50 60 0. 90.0
Time ( )
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@ Genomic Benchmarks

. Exemplar of context-sensitivity
DATABASE  OpenAcess

Genomic benchmarks: a collection s
of datasets for genomic sequence classification

Katarina Gre$ova'?, Vlastimil Martinek', David Cechak'?, Petr Simec¢ek' ® and Panagiotis Alexiou'

>>> from genomic_benchmarks.dataset_getters.pytorch_datasets import get_dataset
>>>

>>> dset = get_dataset(’human_nontata_promoters’, split=’train’, version=0)
>>> dset [0]
(?’CAATCTCACAGGCTCCTGGTTGTCTACCCATGGACCCAGAGGTTCTTTGACAGCTTTGGCA ... TCCAGGAGATGT’, 0)

. QOur focus: mouse enhancers ensemble -2
longest median length I

© Inflegtion 2025




@ Genomic Benchmarks

69.0%

DNABERT 66.9% Y

Transformer 80.1% / 80.1% Y /' N (same
accuracy)

HyenaDNA 85.1% / 84.7% Y/N

] 25 github.com/ML-Bioinfo-CEITEC/genomic_benchmarks

[0 README & Apache-2.0 license Vs

Genomic Benchmarks & 8¢

In this repository, we collect benchmarks for classification of genomic sequences. It is shipped as a Python package,
together with functions helping to download & manipulate datasets and train NN models. [@Vliso) FilyiTe% (5 NeTj]

ellel Tl T TN ET R TN WU IBINI, see metrics in the experiments folder.

m—_

3 layers with 16,
8, 4 filters

110M params
530k params

440k params

HyenaDNA: Long-Range Genomic Sequence
Modeling at Single Nucleotide Resolution

Eric Nguyen™ !, Michael Poli*-', Marjan Faizi’",
Armin W. Thomas', Callum Birch Sykes®, Michacl Wornow'. Aman Patel',
Clayton Rabideau®, Stefano Massaroli®, Yoshua Bengio®, Stefano Ermon’,
Stephen A. Baccus'!, Christopher Ré'

© Inflegtion 2025




@ Genomic Benchmarks

m—m

69.0% 3 layers with 16,
8, 4 filters
DNABERT 66.9% Y 110M params
Transformer 80.1% / 80.1% Y /' N (same 530k params
accuracy)
HyenaDNA 85.1% / 84.7% Y/N 440k params
CML 86.7% N 240k params

A new record!

© Inflegtion 2025



@ Contextual ML Summary

Quantum contextuality yields:

o Today, with GPU by reshaping memory
m Enables larger memories within same inference time

o Tomorrow, with QPU: linear runtime

Inductive bias helps for many datasets including sensor
data streams and energy forecasting.

GPU (PyTorch) and QPU (CUDA-Q) implementations
ready today

© Inflegtion 2025 A




‘ Quantum Sensing

E Appllcatlon Objective:
MHz-GHz spectral sensing (QRF) for monitoring
bioreactor health.

Q Monitor metabolic processes, detect biomolecular
interactions.

&) Needed for early warning, process optimization,
sterility assurance, quality control.

s Current solution:
a] Combination of spectroscopy, sampling, classical
sensors.

a] Limited by delayed feedback, intrusiveness,
limited sensitivity, narrowband (kHz to low GHz)

= Novel approach:

@) Passive, wideband spectral analysis.

&) Higher sensitivity to weak signals.

a) Non-invasive.

&) Signal interpretation with CML to extract
meaningful features from overlapping signals.

o NIH paper, show that QRF is sensitive to
rotational states of molecules and biomarkers.

Infleqtien




Quantum Software: Please break absiraction layers!

> Stack:rigid layers + interfaces

[> Benefits
« Taming
complexity

> Problems

Shor

* Lost opportunities for optimization

W
3
9
)
\

\
~
N
0
N
N
N
q

Surface code

* QC stack + layers change

> We should compile to
hardware primitives.
Physics first.

arXiv:1708.07 677

© Infleqtion 2023




Deep Optimization Extends the
Computation Frontier

Fidelity

Quantum
Applications

| Viable Computation
Frontier

oy

>
Qubits

© Infleqtion 2023



| Hybrid Quantum-Classical Computing:
Contest of Exponentials

A

Net Gain

Quantum Advantage

Time

Classical Computation

v

Problem Size

38



| Summary

QC is at a historic time

Hybrid quantum-classical compute
will be key

Quantum-inspired approaches can
be useful in the short term
Physics-aware, full-stack SW can
greatly accelerate progress

More info: epigc.cs.uchicago.edu
infleqtion.com
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