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Continuous-Variable Quantum Computing

Information is encoded in observables 
that vary continuously

Gaussian operations:

Maps Gaussian states to Gaussian states - at most 
quadratic in quadrature variables  and ̂q ̂p

D(α) = exp [−i 2 (ℜ(α) ̂p − ℑ(α) ̂x)]

S(z) = exp [ 1
2 (z*a2 − za†2)]

Non-Gaussian operations:

Maps Gaussian states to non-Gaussian states - 
greater than quadratic in quadrature variables  
and 

̂q
̂p

Optical non-linearities are too weak 
to introduce required non-
Gaussianity

No-go theorem - universal computation 
impossible with only Gaussian operations
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Continuous-Variable Quantum Computing

S Abel, M Spannowsky and SW,   
arXiv : 2403.10619, arXiv: 2502.01767

S Abel, M Spannowsky and SW,  
arXiv: 2506.17388
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S Abel, I Wasek and SW,  
arXiv: 2511.19598

Real-time scattering processes

False-vacuum decay in scalar QFT

Topological defects

https://arxiv.org/abs/2403.10619
https://arxiv.org/abs/2502.01767
https://arxiv.org/abs/2506.17388
https://arxiv.org/abs/2511.19598
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Next-gen collides demand unprecedented 
computational power and performance

SciPost Physics Codebases Submission
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Figure 1: Schematic of the structure of a pp ! tt event, as modelled by PYTHIA. To
keep the layout relatively clean, a few minor simplifications have been made: 1) shower
branchings and final-state hadrons are slightly less numerous than in real PYTHIA events,
2) recoil effects are not depicted accurately, 3) weak decays of light-flavour hadrons are
not included (thus, e.g. a K0

S meson would be depicted as stable in this figure), and 4)
incoming momenta are depicted as crossed (p! �p). The latter means that the beam
remnants and the pre- and post-branching incoming lines for ISR branchings should be
interpreted with “reversed” momentum, directed outwards towards the periphery of the
figure; this avoids beam remnants and outgoing ISR emissions having to criss-cross the
central part of the diagram.

9

Quantum algorithms are emerging for 
efficient, low-latency computation 

Continuous-variable quantum 
computing natural route to fast, highly 
parallel pre-processing - photonics

Quantum extreme learning  
machines attractive model class for low- 
latency inference and ultra-fast retraining

SciPost Phys. Codebases 8 (2022)

Future Colliders - What’s the problem?

https://scipost.org/10.21468/SciPostPhysCodeb.8
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Extreme learning machines - the art of ultra fast learning

f(xi)xi

Input
Output 

feature vector
Φ(xi)

Linear train

β yi

Output

Fixed hidden-layer maps x ∈ ℝd → Φ(x) ∈ ℝR

to solve βH = T

Aim is to build a matrix of mappings, 

Hij = hj(aj, Φ(xi))

Solved by ridge regression
β = (H⊤H + λI)−1 H⊤T

 learned through matrix inversion - avoids iterative 
gradient descent, backpropagation, tuning etc.
β
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Fast measurements can 
be performed which are 
Gaussian compatible 

Encoding Substrate Homodyne
Measurement

Linear
Classifier

Original
Features

Displaced 
State

Feature 1

Feature 2

Feature 3

Feature N

UG

QELM Features
(5 x N          )modes

ÛG = exp (− i
2

̂r⊤G ̂r + id⊤ ̂r)

Single trainable layer - can be 
trained using fast ridge or 
logistic regression

6

ÛG

Continuous-Variable Quantum Extreme Learning Machine

B Maier, M Spannowsky and SW,   
arXiv : 2510.13994

https://arxiv.org/abs/2510.13994
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Fast measurements can 
be performed which are 
Gaussian compatible 

Encoding Substrate Homodyne
Measurement

Linear
Classifier

Original
Features

Displaced 
State

Feature 1

Feature 2

Feature 3

Feature N

UG

QELM Features
(5 x N          )modes

X

ÛG = exp (− i
2

̂r⊤G ̂r + id⊤ ̂r)

Single trainable layer - can be 
trained using fast ridge or 
logistic regression

6

ÛG

Continuous-Variable Quantum Extreme Learning Machine

. . . x̂1(ω1)

. . . x̂2(ω2)

. . . x̂3(ω3)

...
. . .

...

. . . x̂m(ωm)

D̂(x1)

ĈX(ε1)

ĈX(εm)

D̂(x2)

ĈX(ε2)

D̂(x3)

D̂(xm)

Embedding ÛG Measurement

B Maier, M Spannowsky and SW,   
arXiv : 2510.13994

https://arxiv.org/abs/2510.13994
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CV-QELM for top jet tagging
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MLP H = 10Top vs QCD classification using  
dataset

HLS4ML

Linear classifiers used are ridge and 
logistic regression

Compared with MLPs with a single hidden 
layer of H=2 and H=10 - equivalent sizes 
to the number of feats in qELM

Consistent performance across the board, 
with the QELM performing better 
than MLP

Ridge

Logistic regression
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CV-QELM for top jet tagging
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Extreme Learning Machines provide a random feature framework with 
analytic training

Continuous-variable photonics naturally implement fixed-time 
Gaussian feature maps. Training reduces to a single linear solve – 
no variational optimisation required

CV-QELM achieves competitive and stable performance on 
top vs QCD classification

A hardware-realistic pathway toward low-latency collider 
inference


