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e Point Cloud-based Models (PC):
o Message Passing GAN — Graph-structured adversarial generation on jet
point clouds [2106.11535]
o PC-JEDI — Score-based diffusion model for jet PC generation [arXiv
2303.05376]

o PC-DROID consistency model for jet PC generation
[arXiv:2307.06836v3]

@ Image-based Models:

e Score-based SDEs — Calorimeter shower image generation
[arXiv:2206.11898v3)]

e Our Work: Score-based and consistency-based jet image generation —
using consistency trajectories between image data and noise
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Score Based Diffusion

@ Given a probability density function p(x), the score function is defined as the gradient of
the logarithm of the probability density, i.e., Vx log p(x).

@ In SGMs, the processes of training and sampling are fully decoupled, allowing for a wide
range of sampling techniques

@ Let g(xg) represent the data distribution, andlet 0 < 01 <02 < -+ <ot <--- < oT
denote a sequence of noise levels.

@ A typical SGM process involves perturbing a data point xg to x; using a Gaussian noise
distribution q(x¢ | x0) = N (x¢; %0, 021).
@ This process results in a sequence of noisy data densities g(x1), g(x2), ..., q(xT)

@ A noise-conditional score network is a deep neural network sy(x, t) trained to estimate the
score function Vy, log g(x¢).

@ Score functions are learnt from data (i.e., score estimation) through score matching
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Forward and Reverse SDE

—— Reverse SDE
- Probability Flow ODE

SDE
=== Probability Flow ODE
polx)

= prix)

Forward SDE Reverse SDE

Jet Image Generation May 20, 2025



Consistency Model

@ Support single-step generation at their core, while still allowing
iterative generation to balance sample quality and computational cost

@ Trained in two modes: distillation and isolation

@ In the distillation mode, consistency models distill the knowledge from
pre-trained diffusion models into a single-step sampler, significantly
enhancing sample quality compared to other distillation approaches,
while also enabling zero-shot image editing applications.

@ In the isolation mode, consistency models are trained independently,
without relying on pre-trained diffusion models, making them a
distinct new class of generative models.
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Consistency Model

@ The training of consistency models involves minimizing a loss function that enforces the

self-consistency property across various points in the PF ODE trajectory. Let x; and x;/
be two points along the same trajectory at times t and t’, respectively. The loss function
can be defined as:

‘C’(e) = ]Et,t’,xt,xt/ Ulfe(va t) - fe(xtlr tl)||2] ’ (1)

where 6 represents the model parameters, and the expectation is taken over the
distribution of trajectories and time points.

Given a solution trajectory {x¢}¢c[c 1] of the Probability Flow Ordinary Differential
Equation (PF ODE), we define the consistency function as f : (x¢, t) — Xe. A consistency
function possesses the self-consistency property: its outputs remain consistent for any
arbitrary pairs of (x¢, t) that belong to the same PF ODE trajectory. Formally, this is
expressed as:

f(x¢, t) = f(xer, t') VYV t,t' €le, T (2)
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Consistency-Based Mapping

- ODE trajectories
Pulx)
prix)

Mapping consistency from data to noise Visual representation of ODE consistent
using multiple timestep trajectories. mapping with data and noise distributions.
Consistency models are trained to map points along any trajectory of the Probability Flow ODE
back to the trajectory’s origin, ensuring that data points maintain consistency across different
timesteps and reach the same origin regardless of the chosen path.
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PC-JEDI vs. Consistency Model

Feature PC-JEDI Consistency Model

Equation Type Score-based SDE / ODE PF ODE with consistency
mapping

Sampling Iterative Single-step / few-step

Efficiency Slower (many steps) Faster (1-4 steps)

Training Score matching loss Self-consistency loss

Jet Fit High fidelity but slow Comparable fidelity with
speed

@ Consistency models are promising for real-time applications in jet generation.
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@ Develop SGM for jet image generation

@ Develop consistency model that aims to directly learn the mapping
from noisy jet image data back to clean image data, supporting
single-step generation and fast sampling
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Steps for SGM and Consistency Model Jet Image

Generation

Score-Based Generative Modeling

Data Distribution }

L
‘ Forward SDE: Gradual Noise
Injection into Data
L 2
Data becomes Noisy (Noise
Distribution)
) L 2
‘ Reverse SDE: Gradual Noise
Removal

}
e
Scare Estimation: Calculate }

}
J

Gradient of Log Probability
¥
Use Score Function to Guide
Reverse Process
) L
‘ Sampling Process: Generate
Data Samples from Noise
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Consistency-Based
Generative Modeling

Data Distribution

Forward Process:
Gradual Noise Injection

Consistency Function:
Map Trajectory Points Back to the Origin

Reverse Process:
Apply Consistency

Single-Step or Iterative Generation

Generated Data Samples
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Truth Jet Images and SGM Generated Images
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Truth Jet Images and Consistency Model Generated Images
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Evaluation Metrics

@ Frechet Inception Distance

FID =l — gl + Tr (T, + 5 —2(5,5)%)  (3)
Where:

e 1, = Mean of the real image features

e X, = Covariance matrix of the real image features

o [ty = Mean of the generated image features

e X, = Covariance matrix of the generated image features

@ 2D correlation histogram
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Evaluation Metrics

@ Wasserstein distance

Wi(p,q) = inf E., o [llx— 4
(p,q) et o Een) 5 [Ix = yll] (4)

where, W(p, q) denotes the Wasserstein distance between two

probability distributions p and g, and IM(p, q) represents the set of all
couplings with marginals p and q.

o Diversity index

1 N
D=+ ’z;Var(x,-) (5)

where D denotes the diversity index, and Var(x;) is the variance of
the feature x; across the N generated samples.

@ Run time
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Frechet Inception Distance (FID) scores

Table: FID scores over training epochs for score-based, consistency models, and
PC-JEDI

Epochs | Score-Based Model | Consistency Model | PC-JEDI
10 145.23 139.74 151.61
20 26.71 25.45 25.24
30 13.45 12.77 13.77
40 11.14 10.62 11.01
60 10.44 9.30 10.32
80 10.12 8.44 10.26
100 10.06 8.01 10.17
120 9.94 7.93 10.11
140 9.90 7.89 9.97
160 9.90 7.89 9.88
250 9.91 7.89 9.81
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2-D Histogram of Correlation between Generated and

Conditional Jet Mass
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Wasserstein Distance and Diversity Index

Model Wasserstein Distance | Diversity Index
Score-based model 0.35 0.78
Consistency model 0.28 0.82
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Model Hardware | Time (ms)
PC-JEDI GPU 18.17
Score-Based GPU 18.31
Consistency Model GPU 17.88

@ Time for 15 forward pass
e NVIDIA RTX 4070 GPU
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Conclusion and Future Work

Diffusion consistency model for jet image generation shows superior
FID score and less time for generation compared to SGM

Obeys classic power law scaling

Explore generating other Jets

Implement the algorithms on edge devices for fast jet generation
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