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I. Fast Machine LearningI. Fast Machine LearningI. Fast Machine LearningI. Fast Machine Learning



R E A L - T I M E  D A T A  P R O C E S S I N G

Goal: Reduce model sizesizesizesize and inference timeinference timeinference timeinference time while preserving performance



N E U R A L  N E T W O R K  Q U A N T I Z A T I O N
K E R A S    |  P Y T O R C H   → H G Q 2 → B R E V I T A S

C. Sun et al., Gradient-Based Automatic Mixed Precision Quantization for Neural Networks On-
Chip, arXiv:2405.00645 [cs.LG][cs.LG][cs.LG][cs.LG], Aug. 2024

https://github.com/calad0i/HGQ2
https://github.com/Xilinx/brevitas
https://arxiv.org/abs/2405.00645


E X P E R I M E N T A L  PA R T I C L E  P H Y S I C S
R E A L - T I M E  I N F E R E N C E  A P P L I C A T I O N S

T. Arrestad, EPS-HEP 2025



E X P E R I M E N T A L  PA R T I C L E  P H Y S I C S
K A N - L U T

D. Hoang, A. Gupta, P. Harris, and V. Loncar, “FPGA-optimized Kolmogorov-Arnold Networks
(KANs) via LUT-based design”, Fast Machine Learning for Science Conference, Sept. 2025

https://github.com/Duchstf/KAN-FPGA
https://indico.cern.ch/event/1496673/contributions/6637911/


E X P E R I M E N T A L  PA R T I C L E  P H Y S I C S
H E P T

S. Miao et al., “Locality-Sensitive Hashing-Based Efficient Point Transformer with Applications in
High-Energy Physics, Proceedings of the 41st International Conference on Machine Learning”,

PMLR 235235235235, 2024

https://github.com/Graph-COM/HEPT
https://arxiv.org/abs/2402.12535/


G R A V I T A T I O N A L  W A V E  A S T R O N O M Y
P A R A M E T E R  E S T I M A T I O N
Accelerated Gravitational Wave Parameter Estimation with Reduced Order Modeling 

Rapid Parameter Estimation of Gravitational Waves from Binary Neutron Star Coalescence using
Focused Reduced Order Quadrature 

Bayesian Parameter Estimation using Conditional Variational Autoencoders for Gravitational-Wave
Astronomy 

Real-Time Gravitational-Wave Science with Neural Posterior Estimation 

Rapid localization and inference on compact binary coalescences with the Advanced LIGO-Virgo-
KAGRA gravitational-wave detector network 

Rapid Likelihood Free Inference of Compact Binary Coalescences using Accelerated Hardware 
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G R A V I T A T I O N A L  W A V E  A S T R O N O M Y
N O I S E  R E D U C T I O N
Noise reduction in gravitational-wave data via deep learning 

Demonstration of machine learning-assisted low-latency noise regression in gravitational wave
detectors 

Coherence DeepClean: Toward autonomous denoising of gravitational-wave detector data 

D E T E C T I O N
GWAK: Gravitational-Wave Anomalous Knowledge with Recurrent Autoencoders 

A Machine-Learning Pipeline for Real-Time Detection of Gravitational Waves from Compact Binary
Coalescences 
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ML4GW
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II. Geometric MethodsII. Geometric MethodsII. Geometric MethodsII. Geometric Methods



N O N - E U C L I D E A N  S PA C E S
R I E M A N N I A N  M A N I F O L D S
Let  be a smooth manifold. For , define the tangent spacetangent spacetangent spacetangent space  to be the first order approximation of

 around , which is locally Euclidean. The Riemannian metricRiemannian metricRiemannian metricRiemannian metric,

defines an inner product on the tangent space .

The tuple  is called a Riemannian manifoldRiemannian manifoldRiemannian manifoldRiemannian manifold.

For ,
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M x ∈ M TxM
M x

gx(⋅, ⋅) : TxM × TxM → R,

TxM

(M, g)

x ∈ M

expx(⋅) : TxM → M

logx(⋅) : M → TxM

GeoOpt

S. Bonnabel, “Stochastic Gradient Descent on Riemannian Manifolds”, IEEE Transactions on Automatic Control 58585858, 2013

G. Becigneul and O-E. Ganea, “Riemannian Adaptive Optimization Methods”, 7th International Conference on Learning
Representations (ICLR), 2019

S. Gruffaz and J. Sassen, “A Review on Riemannian Metric Learning”, arXiv:2503.05321 [stat.ML][stat.ML][stat.ML][stat.ML] (2025)

https://github.com/geoopt/geoopt
https://arxiv.org/abs/1111.5280
https://arxiv.org/abs/1810.00760
https://arxiv.org/pdf/2503.05321


N O N - E U C L I D E A N  S PA C E S
S E L F M G N N

Given a graph , the problem of self-supervised graph representation learningself-supervised graph representation learningself-supervised graph representation learningself-supervised graph representation learning in the
mixed-curvature space is to learn an encoding function  that maps the node  to a vector  in a
mixed-curvature space  that captures the intrinsic complexity of graph structure without using any label

information.

G = (V , E, X)
Φ : V → P v z

P

L. Sun et al., “A Self-supervised Mixed-curvature Graph Neural Network”, Proceedings of the AAAI Conference on
Artificial Intelligence 36363636, 2022

https://arxiv.org/pdf/2112.05393


N O N - E U C L I D E A N  S PA C E S
P R O D U C T  M A N I F O L D S

“…  representations generally achieve comparable or superior performance with the most pronounced improvements observed
for highly hierarchical jets.”

P = Md1
κ1

× Md2
κ2

× ⋯ × Mdn
κn

(Product Space)

PM

N. Woodward et al., “Product Manifold Machine Learning for Physics”, arXiv:2412.07033 [hep-ph][hep-ph][hep-ph][hep-ph], 2024

https://arxiv.org/abs/2412.07033


N O N - E U C L I D E A N  S PA C E S
C O L L I D E R  P H A S E  S P A C E
The volume form for four-dimensional, on-shell, massless, -body phase space in the center-of-mass frame is

where  and . The phase space  can be separated as

where  is the  dimensional simplex, and  is the  dimensional (hyper)sphere [1].
Furthermore, it is shown that the product space can be equipped with global coordinates which allow for the
explicit construction of a Riemannian metric on ,

In this form,  is the line element on the simplex,  is the line element on the sphere, and  is a dimensionless
parameter which reweights the simplex and sphere contributions to the distance between events [2].
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A. Larkoski and T. Melia, “Covariantizing Phase Space”, Phys. Rev. D 102102102102, 9 (2020)

T. Cai et al., “The Phase Space Distance Between Collider Events”, J. High Energ. Phys. 2024202420242024, 54 (2024)

https://journals.aps.org/prd/abstract/10.1103/PhysRevD.102.094014
https://link.springer.com/article/10.1007/JHEP09(2024)054


III. Hyper-ConnectionsIII. Hyper-ConnectionsIII. Hyper-ConnectionsIII. Hyper-Connections



R E S I D U A L  C O N N E C T I O N S

[1] K. He, X. Zhang, S. Ren and J. Sun, “Deep Residual Learning for Image Recognition,” IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2016

https://ieeexplore.ieee.org/document/7780459


R E S I D U A L  C O N N E C T I O N S

[1] A. Veit, M. Wilber, and S. Belongie, “Residual networks behave like ensembles of relatively shallow networks,”
30th International Conference on Neural Information Processing Systems (NeurIPS), 2016

https://arxiv.org/abs/1605.06431


H Y P E R - C O N N E C T I O N S

[1] 

xl+1 = Hres
l xl + Hpost

l
⋅ F(Hpre

l
xl)

D. Zhu, “Hyper-Connections”, 15th International Conference on Learning Representations (ICLR), 2025

https://arxiv.org/abs/2409.19606


M A N I F O L D - C O N S T R A I N E D  H Y P E R -
C O N N E C T I O N S

[1] Z. Xie et al., “mHC: Manifold-Constrained Hyper-Connections,” arXiv:2512.24880 [cs.LG], 2026

https://arxiv.org/abs/2512.24880


M A N I F O L D - C O N S T R A I N E D  H Y P E R -
C O N N E C T I O N S

Let  denote the manifold of doubly stochastic matrices (also known as the
Birkhoff polytope). We constrain  to , defined as:

where  represents the -dimensional vector of all ones.
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Z. Xie et al., “mHC: Manifold-Constrained Hyper-Connections,” arXiv:2512.24880 [cs.LG], 2026

https://arxiv.org/abs/2512.24880


M A N I F O L D - C O N S T R A I N E D  H Y P E R -
C O N N E C T I O N S

[1] Z. Xie et al., “mHC: Manifold-Constrained Hyper-Connections,” arXiv:2512.24880 [cs.LG], 2026

https://arxiv.org/abs/2512.24880


M A N I F O L D - C O N S T R A I N E D  H Y P E R -
C O N N E C T I O N S

[1] Z. Xie et al., “mHC: Manifold-Constrained Hyper-Connections,” arXiv:2512.24880 [cs.LG], 2026

https://arxiv.org/abs/2512.24880


M A N I F O L D - C O N S T R A I N E D  H Y P E R -
C O N N E C T I O N S

[1] Mitra, Subhadip, “The Manifold Dial: Visualizing Why DeepSeek’s mHC Stabilizes Deep Networks” (2026)

https://subhadipmitra.com/blog/2026/deepseek-mhc-manifold-constrained-hyper-connections/


M A N I F O L D - C O N S T R A I N E D  H Y P E R -
C O N N E C T I O N S

[1] Mitra, Subhadip, “The Manifold Dial: Visualizing Why DeepSeek’s mHC Stabilizes Deep Networks” (2026)

https://subhadipmitra.com/blog/2026/deepseek-mhc-manifold-constrained-hyper-connections/


M H C - L I T E
B I R K H O F F - V O N  N E U M A N N

For any , 
such that

where  is the sequence of 
permutation matrices.
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akPk,

{Pk}n!
k=1 n × n

Y. Yang, J. Gao, “mHC-lite: You Don’t Need 20 Sinkhorn-Knopp Iterations”, arXiv:2601.05732 [cs.LG], 2026

https://subhadipmitra.com/blog/2026/deepseek-mhc-manifold-constrained-hyper-connections/
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E X A M P L E  F A S T M L  W O R K F L O W

1. Train model using open-source framework (Keras v3 + HGQ2)

2. Translate model to C++ via high-level synthesis (hls4ml and/or da4ml)

3. Transpile HLS code to generate register-transfer level implementation

4. Generate bitstream and program device



A  C L O S E R  L O O K  A T  G W A K

The semi-supervised method is manifested by using simulated signals as
approximations for anomalous-unmodeled signals in the GWAK embedded space.
A graph representation of this embedded space is shown in figure 1 for the case of

two (left) and three (right) different dataset classes.



A  C L O S E R  L O O K  A T  G W A K

 

A separate unsupervised autoencoder network is then trained on each class of
samples separately, resulting in a low-dimensional ‘GWAK’ space consisting of the

coherence metrics between the autoencoder inputs and outputs for each
autoencoder, which is then used to search for anomalous signals.


