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Why Event Generation?
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Vast amount of data collected 
by collider experiments 

Standard Model is probed

Theoretical predictions 
(simulation) need to match 

experimental statistics

 

5  ❓σ



Why ML Event Generation?
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After high luminosity runs  ~ 20 
times as much data

Theoretical predictions need to be 
even more precise (include higher 

correction terms) 

→

Figure from https://web.archive.org/web/20220706170326/https://lhc-commissioning.web.cern.ch/schedule/images/LHC-nominal-lumi-projection.png
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But: Currently computationally 
expensive



Raising Awareness for Uncertainties
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5  ❓σ

Statistical Uncertainties Systematic Uncertainties 

Being precise = estimating 
uncertainties 
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5  ❓σ

Statistical Uncertainties Systematic Uncertainties 

Being precise = estimating 
uncertainties 

 

How can we account for 
network uncertainties? 

 



What about uncertainties?

8

Input Output

y12

y13

y12

y21

y23

y22

⃗y 1 = W1 ⃗x ⃗y 2 = W2 ⃗y 1

⃗z = W3 ⃗y2⃗x

Once training is done:  fixed (“Network output is deterministic”)W1, W2, W3
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Input Output
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⃗y 1 = W1 ⃗x ⃗y 2 = W2 ⃗y 1

⃗z = W3 ⃗y2⃗x

Bayesianization: We draw each entry from  from distribution W1, W2, W3 q(θ |μϕ, σϕ)

Learned by network
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Input Output
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⃗y 1 = W1 ⃗x ⃗y 2 = W2 ⃗y 1
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i
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σ2
pred =

1
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How to Bayesianize
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1. Replace each linear layer with 
a Bayesian layer 

2. Add additional regularisation 
term to likelihood loss

Input Output
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⃗y 1 = W1 ⃗x ⃗y 2 = W2 ⃗y 1

⃗z = W3 ⃗y2⃗x



Diffusion Models (DDPM)
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Latent Space

xT ∼ p(xT)( = 𝒩(0,1))

Phase Space

x0 ∼ p(x0)

⏰

Figure from J.Ho et al.: arXiv:2006.11239



Diffusion Models (DDPM)
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Diffusion Models (DDPM)
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Input Output

y12
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y21

y23

y22

⃗y 1 = W1 ⃗x ⃗y 2 = W2 ⃗y 1

⃗z = W3 ⃗y2⃗x

How to Bayesianize - DDPM
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ℒDDPM = − log pθ ≈
1

2σ2
t

β2
t

(1 − βt)β̄t
|ϵ(t) − ϵθ(t) |2

Likelihood Loss 
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ℒB−DDPM = ⟨ 1
2σ2

t

β2
t

(1 − βt)β̄t
|ϵ(t) − ϵθ(t) |2 ⟩θ∼q(θ)

Likelihood Loss 

𝒟KL(q(θ), p(θ))➕

Prior weight distribution 

Learned weight distribution 
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ℒB−DDPM = T ⋅ ⟨ 1
2σ2

t

β2
t

(1 − βt)β̄t
|ϵ(t) − ϵθ(t) |2 ⟩θ∼q(θ),t∼𝒰(0,T)

Likelihood Loss 

𝒟KL(q(θ), p(θ))➕

Prior weight distribution 

Learned weight distribution 



Diffusion Models (CFM)
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Latent Space

x1 ∼ p(x1)( = 𝒩(0,1))

Phase Space

x0 ∼ p(x0)

⏰

tContinuous time evolution

Evolution governed by  v ≡
dx
dt

Figure from J.Ho et al.: arXiv:2006.11239

1



Diffusion Models (CFM) 
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t ⇠ U([0, 1])

x0 ⇠ p(x0), x1 ⇠ N (0, 1) x(t|x0) = (1� t)x0 + tx1 CFM

L =
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v✓ � (x1 � x0)
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⃗y 1 = W1 ⃗x ⃗y 2 = W2 ⃗y 1

⃗z = W3 ⃗y2⃗x

How to Bayesianize - CFM
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ℒCFM = (vθ − (x1 − x0))2

No Likelihood Loss 

❓❓❓➕
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⃗z = W3 ⃗y2⃗x

How to Bayesianize - CFM
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ℒCFM = ⟨(vθ − (x1 − x0))2⟩θ∼q(θ)

No Likelihood Loss 

➕ c ⋅ 𝒟KL(q(θ), p(θ))

Hyperparameter



Choosing Test Phase-Space
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ℒ
Theory Shower EventsHard process Hadronization Detectors

Forward

Inverse

Figure from A. Butter et al.: arXiv:2203.07460, R. Winterhalder

🙋



Concrete Application — LHC
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μ
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p

 Z ( ) + jets:

 3 - 5 final state particles (including 
jets)

12 - 20 dimensional phase space

→ μμ

Smart preprocessing:

Global Phase Shift

Drop muon masses

 reduces phase space to
9 - 17 dimensions

→

SH
ER
PA

FASTJET



Concrete Application — LHC
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 Z ( ) + jets:

 3 - 5 final state particles (including 
jets)

12 - 20 dimensional phase space

→ μμ

Smart preprocessing:

Global Phase Shift

Drop muon masses

 reduces phase space to
9 - 17 dimensions

→

z9 1.NN

njets

pµ1, pµ2, pj1

2.NNz4

njets

pj2

3.NNz4 pj3



To be precise 
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Surpasses INN precision (A. Butter et 
al.: arXiv:2110.13632)



To be precise 
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By construction: 

Systematic failure modes of network  
not covered by Bayesian uncertainties 



And now what?

31

Diffusion Models can compete with current benchmark (precision-wise)

A lot of on-going research (generation speed up, precision, etc.)

Bayesian Versions seem to estimate training uncertainty correctly

(Bayesian) Diffusion models show potential to be applied to particle physics tasks



32

Backup



Diffusion Models (DDPM)
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Latent Space

xT ∼ 𝒩(0,1)

Phase Space

x0 ∼ p(x0)

Forwards

     

              where   follows noise scheduler

q(x1, . . . , xT |x0) =
T

∏
t=1

q(xt |xt−1)

q(xt |xt−1) = 𝒩(xt; 1 − βtxt−1, βt) βt

Latent Space

z ∼ 𝒩(0,1)

Latent Space

xT ∼ p(xT)( = 𝒩(0,1))

Figure from J.Ho et al.: arXiv:2006.11239



Diffusion Models (DDPM)
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Latent Space

xT ∼ 𝒩(0,1)

Phase Space

x0 ∼ p(x0)

Backwards

   To reverse:                                     

  …but we don’t know    🙍  🤷                     

q(xt−1 |xt) =
q(xt |xt−1)q(xt−1)

q(xt)

q(xt) & q(xt−1)

Latent Space

xT ∼ p(xT)( = 𝒩(0,1))

Figure from J.Ho et al.: arXiv:2006.11239



Diffusion Models (DDPM)
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Latent Space

xT ∼ 𝒩(0,1)

Phase Space

x0 ∼ p(x0)

Backwards

Instead, learn:       

                         

pθ(xt−1 |xt) = 𝒩(xt−1; μθ(xt, t), σ2
θ (xt, t))

p(x0, . . . , xT |θ) = p(xT)
T

∏
t=1

pθ(xt−1 |xt)

Latent Space

xT ∼ p(xT)( = 𝒩(0,1))

Figure from J.Ho et al.: arXiv:2006.11239



Diffusion Models (DDPM)
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Latent Space

xT ∼ 𝒩(0,1)

Phase Space

x0 ∼ p(x0)

ℒDDPM = − log pθ(x0) ≈
1

2σ2
t

β2
t

(1 − βt)β̄t
|ϵ(t) − ϵθ(t) |2

Latent Space

xT ∼ p(xT)( = 𝒩(0,1))

⏰

Figure from J.Ho et al.: arXiv:2006.11239



Diffusion Models (DDPM)
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Latent Space

xT ∼ 𝒩(0,1)

Phase Space

x0 ∼ p(x0)

Latent Space

xT ∼ p(xT)( = 𝒩(0,1))

⏰

🤸:
• Reparametrization
• Estimation
• …

Predicted and actual 
noise added at time t 

Figure from J.Ho et al.: arXiv:2006.11239

ℒDDPM = − log pθ(x0) ≈
1

2σ2
t

β2
t

(1 − βt)β̄t
|ϵ(t) − ϵθ(t) |2



Diffusion Models (DDPM)
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Latent Space

xT ∼ 𝒩(0,1)

Phase Space

x0 ∼ p(x0)

Latent Space

xT ∼ p(xT)( = 𝒩(0,1))

⏰

Denoising

Figure from J.Ho et al.: arXiv:2006.11239

ℒDDPM = − log pθ(x0) ≈
1

2σ2
t

β2
t

(1 − βt)β̄t
|ϵ(t) − ϵθ(t) |2



Diffusion Models (CFM)
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Latent Space

xT ∼ p(xT)( = 𝒩(0,1))

Phase Space

x0 ∼ p(x0)

⏰

  3. Solve for  (ODE):    x0 x0 = xt − ∫
1

0
vθ(x(t), t)dt

Figure from J.Ho et al.: arXiv:2006.11239
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Latent Space

x1 ∼ p(x1)( = 𝒩(0,1))

  2. Derive:     
d
dt

x(t |x0) = (x1 − x0) ≡ vθ(x1, x0)

  1. Connect  with  by a linear trajectory:     x0 x1 x(t |x0) = (1 − t)x0 + tx1



  2. Derive:     
d
dt

x(t |x0) = (x1 − x0) ≡ vθ(x1, x0)

Diffusion Models (CFM)
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Latent Space

xT ∼ p(xT)( = 𝒩(0,1))

Phase Space

x0 ∼ p(x0)

⏰

  3. Solve for  (ODE):    x0 x0 = xt − ∫
1

0
vθ(x(t), t)dt

vθ(x1, x0)

vθ(x(t), t) 🤸

Figure from J.Ho et al.: arXiv:2006.11239
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Latent Space

x1 ∼ p(x1)( = 𝒩(0,1))

  1. Connect  with  by a linear trajectory:     x0 x1 x(t |x0) = (1 − t)x0 + tx1


