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Why Quantum Computing?
◼ Fundamentally change what is computable

❑ The only means to potentially scale computation exponentially with the number of devices

◼ Solve currently intractable problems in chemistry, simulation, and optimization

❑ Could lead to new nanoscale materials, better photovoltaics, better nitrogen fixation, and more

◼ A new industry and scaling curve to accelerate key applications

❑ Not a full replacement for Moore’s Law, but perhaps helps in key domains

◼ Lead to more insights in classical computing

❑ Previous insights in chemistry, physics and cryptography

❑ Challenge classical algorithms to compete w/ quantum algorithms
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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 

156 superconductor qubits

Quantinuum

98 atomic ion qubits

Infleqtion

100+ neutral atom qubits



“Good” Quantum Applications

◼ Compact problem representation

❑ Functions, small molecules, small graphs

◼ High complexity computation

◼ Compact solution 

◼ Easily-verifiable solution

◼ Co-processing with classical supercomputers

◼ Can exploit a small number of quantum 

kernels
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Quantum Bits (qubit)

◼ 1 qubit probabilistically represents 2 states

|a> = C0|0> + C1|1>

◼ Every additional qubit doubles # states 

|ab> = C00|00> + C01|01> + 

C10|10> +C11|11>

◼ Quantum parallelism on an exponential number of states

◼ But measurement collapses qubits to single classical 
values



Neutral Atom Quantum Computer
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[Radnaev+ 2024]

(Infleqtion)



Quantum is Good for Quantum Simulation
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Quantum Adiabatic Algorithm



Quantum Approximate Optimization Algorithm (QAOA)
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Credit: https://in.mathworks.com/help/matlab/math/max-cut-with-qaoa.html
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Co-Design Strategy

• Pick a classically difficult problem

 Multimodal Cancer Biomarker Identification (> 3rd order correlations)

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

• Preference for problems with smaller data requirements

 Biomarker data acquisition is expensive (~10K records)

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

• Look for where classical methods break

 Apply quantum algorithms if possible
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Why is Biomarker Discovery Challenging?

• Current biomarkers based on few features often fail to provide clinical guidance

• Example: Many sequenced tumors do not have actionable mutations
• AI-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

Sample Scarcity

Limited patient samples relative to 

feature space → overfitting, no 

generalization

Missing Synergies 

Current methods miss higher-order 

interactions across modalities (eg DNA 

× RNA × Path)

Computational Limits 

Classical solvers struggle with 

combinatorial complexity of feature 

selection at scale

Key Challenges Summarized:

?



Recursively fix 
edge

Recursively fix 
edge

cutoff
N=4 N=3 N=2

Solve this last subproblem with 
classical solver (bruteforce, 

QBSolv, Gurobi, etc)

…

1st block 2nd block 𝑝th block

How does the quantum computer help?

Quantum Classical

• We use the probability distribution, 

obtained by sampling from the QC many 

times, to determine which edge to fix



Bootstrapping from Smaller Problems

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

𝜃
→ 𝜃′

𝜃∗
x1000

x1

01101…

Variational optimization is expensive
Because QAOA exhibits the parameter concentration1 property, 

we can transfer parameters between problems

• Many quantum circuit 

evaluations required to 

traverse the loss landscape
• Limits the scalability of our classical 

simulations and hardware 

experiments [1] Brandao, Fernando GSL, Michael Broughton, Edward Farhi, Sam Gutmann, and Hartmut Neven. "For fixed control 

parameters the quantum approximate optimization a lgorithm's objective function value concentrates for typical instances." arXiv 

preprint arXiv:1812.04170 (2018).

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



Key Results Up Front

20-qubit QPU experiments 

demonstrate that our hybrid 

algorithm boosts solver 

performance.

Improved 

performance

Our entropy-cubo 

(H-CUBO) feature selection 

method outperforms 

other baselines
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Model (ERF) performance in predicting 

treatment response (pCR) in TN-like 
breast cancer patients (I-SPY2)

Our 

method

Prior

H-CUBO leverages 

interactions across 

pathways to predict 

treatment response



Executing 3 rounds of RQAOA on ibm_boston boosted 

the performance of QBSolv

20-qubits

19-qubits

18-qubits

• Maximize tractable circuit depth by layering 

different error mitigation techniques
• Shrink the effective problem size by running 

consecutive rounds of edge fixing

Input 20-variable 

problem

Reduced 17-variable 

problem



H-CUBO biomarkers better predict pCR in 
I-SPY2 patients than established biomarkers

Triple-negative (TN) breast 

cancer:

Difficult to treat

HER2+ breast cancer:

Easier to treat

H-CUBO biomarkers predict treatment 

outcome in important breast cancer 

subtypes

These biomarkers can be used to 

improve patient outcomes 

ERF classifier, 4 crossfolds

ERF classifier, 4 crossfolds
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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

CCL2 and HSBP1 are in many synergistic 
triplets that FI does not leverage

Example: 

MI for all 
triplets that 

include the 
gene CCL2

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

HSBP1: negative regulator of heat shock response and 
cell stress, can also act as an "alarmin" to notify 

immune system of tissue damage



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

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

Triplets of Features in H-CUBO vs FI Selected Feature SetsTogether with CCL2, H-CUBO solution 
includes HSBP1, MYO5C, ABAT, and STAMBPL1 Example: 

MI for all 
triplets that 

include the 
gene CCL2

This group highlights less well known, 
potentially impactful biology!

"HSPB1 facilitates chemoresistance through inhibiting ferroptotic cancer cell 

death and regulating NF-κB signaling pathway in breast cancer" –Liang et al. 
(2023)

"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.



Resource estimates in line with 

Starling Bicycle architecture
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Demonstrating the power of full-stack co-design

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) To illustrate this approach, we executed 12 logical qubit circuit on Infleqtion Sqale using 32 physical qubits to sample low-energy solution 

to Entropy-CUBO.

(a) Solovay-Kitaev 

decomposition

(b) IQP 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



Quantum-Inspired Contextual ML:

Speedups with GPU and QPU

© Infleqtion 2025 23



Enter: Quantum Contextuality
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Enter: Quantum Contextuality
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Contextual ML in a Nutshell

© Infleqtion 2024 26

• Quantum contextuality enables wider “context clues” for AI/ML.

❑ Ex: Forecasting. Energy demand prediction depends not only on 

previous minute, but also 24 hours ago, 7 days ago, 365 days ago, 

…

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.I. and Lukin, M.D., 2022. Enhancing generative models via quantum 
correlations. Physical Review X, 12(2), p.021037.

Quantum Contextuality “Context” in Correlated Data

+1Z1Z2Z2Z1

+1X1X2X1X2

+1Y1Y2X1Z2Z1X2

-1+1+1

“ Time flies like an arrow, 

fruit flies like a banana.”
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Y1Y2 outcome depends on context of other measurements:

{Z1X2, X1Z2 row} or {Z1Z2, X1X2 column}?
Meaning of “ flies”  depends on context of other words:

{time, arrow} or {fruit, banana}?



Advantages of Contextual ML

© Infleqtion 2024 27

1. 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.
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• Key insight: better to store memory (hidden state)

as a square matrix vs. a column matrix
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Timeseries Energy Data

© Infleqtion 2024 29

• Dataset: Hourly energy consumption

• Task: predict next hour of energy usage based on history

• Memory is the limiting factor in modern approaches.



Signal Understanding: Quantum-Inspired Rapid Context

© Infleqtion 2025 30

• Navy contract leveraging CML-based 

autoencoders for signal understanding → 

effectively acts as compression for long signals.



Genomic Benchmarks

• Exemplar of context-sensitivity

• Our focus: mouse enhancers ensemble → 

longest median length

© Infleqtion 2025 31



Genomic Benchmarks

© Infleqtion 2025 32

Model Accuracy Pre-training? Size

CNN 69.0% N 3 layers with 16, 

8, 4 filters

DNABERT 66.9% Y 110M params

Transformer 80.1% / 80.1% Y / N (same 

accuracy)

530k params

HyenaDNA 85.1% / 84.7% Y / N 440k params



Genomic Benchmarks
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Model Accuracy Pre-training? Size

CNN 69.0% N 3 layers with 16, 

8, 4 filters

DNABERT 66.9% Y 110M params

Transformer 80.1% / 80.1% Y / N (same 

accuracy)

530k params

HyenaDNA 85.1% / 84.7% Y / N 440k params

CML 86.7% N 240k params

A new record!



Contextual ML Summary

© Infleqtion 2025 34

• Quantum contextuality yields:

❑ Today, with GPU by reshaping memory

◼ Enables larger memories within same inference time

❑ 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



◼ Application Objective: 
❑ MHz-GHz spectral sensing (QRF) for monitoring 

bioreactor health. 

❑ Monitor metabolic processes, detect biomolecular 

interactions. 

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

◼ Current solution: 
❑ Combination of spectroscopy, sampling, classical 

sensors. 

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

◼ Novel approach: 
❑ Passive, wideband spectral analysis. 

❑ Higher sensitivity to weak signals. 

❑ Non-invasive. 

❑ Signal interpretation with CML to extract 

meaningful features from overlapping signals.

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

Quantum Sensing
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Quantum Software: Please break abstraction layers!

Shortcut

Stack: rigid layers + interfaces

Benefits

Problems

• Taming 

complexity

We should compile to 

hardware primitives. 

Physics first.
X. Fu et al. (2017) 

arXiv:1708.07677

• Lost opportunities for optimization

• QC stack + layers change



Deep Optimization Extends the 

Computation Frontier

© Infleqtion 2023 37



Hybrid Quantum-Classical Computing:  

Contest of Exponentials

38

Problem Size
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Classical Computation
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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:  epiqc.cs.uchicago.edu

   infleqtion.com
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