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LLM/Agents

Image Generation

Video Generation

Protein FoldingLHC Analyses Generative 
Models

Material Design

Drug Discovery

…



How to make us of generative AI?

1. Understanding the 
underlying algorithms

2. Finding the right 
problem formulation

3. Validating generated 
samples & verifying 

solution



1. Understanding 
the underlying 

algorithms



Learning a transformation

❓

Latent space


p(z)

Phase space


p(x)

- easy to sample from

- (sometimes) known analytical form

- usually not physically interpretable

- hard to sample from

- (usually) unknown analytical form

- physically interpretable

z x



Learning a transformation

z x

❓

Latent space


z ∼ p(z)

Phase space


x ∼ p(x)

- easy to sample from

- (sometimes) known analytical form

- usually not physically interpretable

- hard to sample from

- (usually) unknown analytical form

- physically interpretable



Learning a transformation

1.                 2.                   3. Feasible training & inference time
z ∼ p(z) transform x ∼ p(x) pmodel(x) = p(x)

z x z x

Requirements



Learning a transformation

A Neural Network?

z x

❓

Latent space


z ∼ p(z)

Phase space


x ∼ p(x)

- easy to sample from

- (sometimes) known analytical form

- usually not physically interpretable

- hard to sample from

- (usually) unknown analytical form

- physically interpretable



Generative Adversarial Networks
(GANs) 

Gθz ∼ p(z) x̃ ≡ Gθ(z)

Generator



Generative Adversarial Networks
(GANs) 

Dϕ

x ∼ p(x)

p(class 1 |x) ≈ Dϕ(x)

Discriminator

Gθz ∼ p(z) x̃ ≡ Gθ(z)

Generator



Generative Adversarial Networks
(GANs) 

∫ dz p(z) log (1 − Dϕ(Gθ(z)))−∫ dz p(z) log (1 − Dϕ(Gθ(z))) − ∫ dx p(x) log Dϕ(x)

Goal: Fool discriminator     p(class 1 |Gθ(z)) → 1Classification task: Distinguish class 1 
(true) samples from class 0 (generated) 

samples

GeneratorDiscriminator

Minimal for Dϕ(Gθ(z)) → 0 Minimal for Dϕ(x) → 1 Minimal for Dϕ(Gθ(z)) → 1



Training



Training



Sampling



Generative Adversarial Networks
(GANs) 

ℒGAN = max
ϕ

min
θ ∫ dz p(z) log (1 − Dϕ(Gθ(z))) + ∫ dx p(x) log Dϕ(x)

What’s the problem? 

1. Unstable

2. Mode collapse 

3. No direct access to likelihood

In summary 

1. Two arbitrary networks 

2. An arbitrary latent space of arbitrary dimensionality 

3. Single-shot sampling

Gθ, Dϕ
p(z)



Variational Autoencoders
(VAEs)

z ∼ p(z) Dθ x̃ ≡ Dθ(z)



Variational Autoencoders
(VAEs)

Eϕx ∼ p(x) μ, σ ≡ Eϕ(x) z ∼ p(z |μϕ, σϕ)

Encoder Decoder

Dθ x̃ ≡ Dθ(z)



Variational Autoencoders
(VAEs) 

Decode  into phase space




With 

z
x = Dθ(z) + σϵ

ϵ ∼ 𝒩(0,1)

Encode  into Gaussian latent space 



with 

x
z = μϕ(x) + σϕ(x)ϵ

ϵ ∼ 𝒩(0,1)

Encoder Decoder

Effectively 
 z ∼ p(z |μϕ(x), σϕ(x)) ≡ pϕ(z |x)

Effectively

  x ∼ p(x |Dθ(z)) ≡ pθ(x |z)



Variational Autoencoders
(VAEs) 

Decode  into phase space
z
x = Dθ(z)

Encode  into Gaussian latent space 



with 

x
z = μϕ(x) + σϕ(x)ϵ ∼ pϕ(z |x)

ϵ ∼ 𝒩(0,1)

Encoder Decoder


DKL(pϕ(z |x)∥ 𝒩(0,1)) 
∥x − Dθ(z)∥2

Regularisation Reconstruction



Training



Sampling



Variational Autoencoders

ℒVAE = ∥x − Dθ(z)∥2 + β DKL(pϕ(z |x)∥ 𝒩(0,1))

What’s the problem? 

1. Good on average, bad in details

2. Limited by parametric form of latent space

3. No direct access to likelihood

In summary 

1. Two arbitrary networks  

2. Tractable latent space of arbitrary dimensionality 

3. Single-shot sampling

Eϕ, Dθ
p(z)

(VAEs) 



Learning a transformation

A function parametrised by a neural 
network?

z x

❓

Latent space


z ∼ p(z)

Phase space


x ∼ p(x)

- easy to sample from

- (sometimes) known analytical form

- usually not physically interpretable

- hard to sample from

- (usually) unknown analytical form

- physically interpretable



Invertible Neural Networks
(INNs)

Eϕx ∼ p(x) Dθz ∼ p(z) x̃ ≡ Dθ(z)

Encoder Decoder



Invertible Neural Networks
(INNs)

D−1
θ

❓

x ∼ p(x) Dθz ∼ p(z) x̃ ≡ Dθ(z)

Encoder Decoder



Invertible Neural Networks
(INNs)

Generally, not invertible 

D−1
θ

x ∼ p(x) Dθz ∼ p(z) x̃ ≡ Dθ(z)

Encoder Decoder



Invertible Neural Networks
(INNs)

f −1
θx ∼ p(x) fθz̃ ≡ f −1

θ (x) x̃ ≡ fθ(z)

Encoder Decoder

fθ(z) ≡ f(z, Dθ)



Invertible Neural Networks
(INNs)

What do we want? 

1.  needs to be invertible (bijective)


2. The Jacobian determinant must be tractable to compute

fθ










pθ(x)dx = p(z)dz

dx = det
∂fθ
∂z

dz

pθ(x) = p(z) det
∂fθ
∂z

−1

= p( f −1
θ (x)) det

∂f −1
θ

∂x

fθ(z) = x f −1
θ (x) = z

( ( 
0

Lower triangle matrix 



Invertible Neural Networks
(INNs)

How to construct  

1. Autoregressive flows (IAF, MAF)


2. Continuous normalising flows


3. Coupling blocks

fθ

What do we want? 

1.  needs to be invertible (bijective)


2. The Jacobian determinant must be tractable to compute

fθ



Invertible Neural Networks
(INNs)

Dθ ≡ sθ, tθ

z1

z2

z1

z2 exp(sθ(z1)) + tθ(z1)

xz

fθ

Coupling blocks — Affine Layers



Invertible Neural Networks
(INNs)

Coupling blocks — Affine Layers
x1

x2

x1

(x2 − tθ(x1))exp(−sθ(x1))

zx

f −1
θ

∂f −1
θ

∂x
=

∂f −1
θ,1

∂x1

∂f −1
θ,1

∂x2

∂f −1
θ,2

∂x1

∂f −1
θ,2

∂x2

= ( 1 0
finite diag(exp(−sθ(x1)))) ⟶ det

∂f −1
θ

∂x
= ∏exp(−sθ(x1))

Dθ ≡ sθ, tθ



Invertible Neural Networks
(INNs)

z1

z2

z1

z2 exp(sθ(z1)) + tθ(z1)

z z′￼

f (1)
θ f (2)

θ

z′￼1

z′￼2

… x

fθ = f (k)
θ ∘ f (k−1)

θ ∘ . . . ∘ f (2)
θ ∘ f (1)

θ

Pe
rm

ut
at
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n 

Pe
rm

ut
at
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n 

Coupling blocks — Affine Layers



Invertible Neural Networks
(INNs)

x1

x2

x1

(x2 − tθ(x1))exp(−sθ(x1))

x x′￼

( f (k)
θ )−1 ( f (k−1)

θ )−1

x′￼1

x′￼2

… z

f −1
θ = ( f (1)

θ )−1 ∘ ( f (2)
θ )−1 ∘ . . . ∘ ( f (k−1)

θ )−1 ∘ ( f (k)
θ )−1

Pe
rm

ut
at

io
n 

Pe
rm

ut
at

io
n 

Coupling blocks — Affine Layers



Invertible Neural Networks
(INNs)

z1

z2

z1

fθ,2(z1, z2)Dθ ≡ tuple(parameters)

xz

fθ

Coupling blocks

 can be arbitrary as long as invertible in 


Spline parametrization (Quadratic Splines, Cubic Splines, Rational Quadratic Splines, etc)

fθ,2(z1, z2) z2



Training



Sampling



ℒINN = − log pθ(x)

What’s the problem? 

1. Invertibility constraints

2. Latent space constraints

3. Can be slow in inference or training

In summary 

1. One arbitrary networks 

2. Tractable latent space of fixed dimensionality 

3. Single-shot sampling

4. Fast access to likelihood 

Dθ
p(z)

Invertible Neural Networks
(INNs)



Learning a transformation

A stochastic process parametrised by 
a neural network?

z x

❓

Latent space


z ∼ p(z)

Phase space


x ∼ p(x)

- easy to sample from

- (sometimes) known analytical form

- usually not physically interpretable

- hard to sample from

- (usually) unknown analytical form

- physically interpretable



Diffusion Networks

p(x, t |x0)x0 ∼ p(x0) pθ(x, t |xT)z ≡ xT ∼ p(xT |x0) x0 ∼ pθ(x0 |xT)

Forward (Diffusion process) Backwards (Denoising process)



Diffusion Networks

SDE: dx = f(x, t)dt + g(t) dW SDE: dx = (f(x, t) − g(t)2 ∇xlog p(x, t)) dt + g(t) dW̄

Choose  s.t. forward process becomes tractable


 


Need to make sure that       


Forward model completely determined, but backwards? 

f(x, t)

f(x, t) = xa(t) ⟶ p(x, t |x0) = 𝒩(μ(t), σ(t)) ⟶ x(t) = μ(t) + ϵσ(t) with ϵ ∼ 𝒩(0,1)

p(x, t = 0) = p(x0) and p(x, t = T) = 𝒩(0,1)

Score

Forward (Diffusion process) Backwards (Denoising process)

DiffusionDrift



Diffusion Networks

Forward model completely determined, but backwards?


Unknown part is the score function


∥sθ(x, t) − ∇xlog p(x, t)∥2

SDE: dx = f(x, t)dt + g(t) dW SDE: dx = (f(x, t) − g(t)2 ∇xlog p(x, t)) dt + g(t) dW̄

Forward (Diffusion process) Backwards (Denoising process)



Diffusion Networks

Forward model completely determined, but backwards?


Unknown part is the score function


arg min
θ

∥sθ(x, t) − ∇xlog p(x, t)∥2 = arg min
θ

∥sθ(x, t) − ∇xlog p(x, t |x0)∥2 = arg min
θ

∥sθ(x, t) +
ϵ

σ(t)
∥2 = arg min

θ
∥ϵθ(x, t) − ϵ∥2

Score-matching DDPM

SDE: dx = f(x, t)dt + g(t) dW SDE: dx = (f(x, t) − g(t)2 ∇xlog p(x, t)) dt + g(t) dW̄

Forward (Diffusion process) Backwards (Denoising process)



Diffusion Networks

Once, score is known








∫
xT

x0

dx = ∫
T

0
dt (f(x, t) − g(t)2 ∇xlog p(x, t)) + ∫

T

0
dW̄(t) g(t)

x0 = xT − ∫
T

0
(f(x, t) − g(t)2 ∇xlog p(x, t)) − ∫

T

0
dW̄(t) g(t)

SDE: dx = f(x, t)dt + g(t) dW SDE: dx = (f(x, t) − g(t)2 ∇xlog p(x, t)) dt + g(t) dW̄

Forward (Diffusion process) Backwards (Denoising process)



Diffusion Networks

Design choices 

1. Exact choice of loss

2. - sampling or SDE solver (discrete grid, continuous interval)

3. Choosing  and 

t
μ(t) σ(t)

Example DDPMs 

1. Denoising-loss 

2. Discrete -sampling with an Euler-Maruyama solver


3.    noise-scheduler

ℒDDPM = ∥ϵθ(x, t) − ϵ∥2

t

μt = 1 − β̄tx0 and σt = β̄t with 1 − β̄t =
t

∏
i=0

(1 − βi) and βi



Denoising Diffusion Probabilistic Models
(DDPMs)

✏ ⇠ N (0, 1)

x0 ⇠ p(x0)

t ⇠ U(1, T )

xt =
p
1� �̄tx0 +

p
�̄t✏

✏✓

DDPM

L = k✏� ✏✓k2

Training

Figure from arXiv:2305.10475 

https://arxiv.org/pdf/2305.10475


Denoising Diffusion Probabilistic Models
(DDPMs)

xT ⇠ N (0, 1)

DDPMt = T ✏✓ xT�1 =
1p

1��T

✓
xT � �Tp

�̄T

✏✓

◆
+ �Tz

z ⇠ N (0, 1)

DDPMt = T � 1 ✏✓ ... x1 =
1p
1��2

✓
x2 � �2p

�̄2

✏✓

◆
+ �2z

z ⇠ N (0, 1)

DDPMt = 1 ✏✓

x0 =
1p
1��1

✓
x1 � �1p

�̄1

✏✓

◆

Sampling

Figure from arXiv:2305.10475 

https://arxiv.org/pdf/2305.10475


ℒDDPM = ∥ϵθ(x, t) − ϵ∥2

What’s the problem? 

1. Latent space constraints to be Gaussian

2. Slow inference 

3. Likelihood even slower

In summary 

1. One arbitrary networks 

2. Gaussian latent space of fixed dimensionality 

3. Multi-shot sampling (  times)

4. Access to likelihood 

ϵθ
p(xT)

T

Denoising Diffusion Probabilistic Models
(DDPMs)



Conditional Flow Matching
(CFM)

p(x, t |x0)x0 ∼ p(x0) pθ(x, t |x1)z ≡ x1 ∼ p(x1 |x0) x0 ∼ pθ(x0 |x1)

Forward (Diffusion process) Backwards (Denoising process)



Conditional Flow Matching
(CFM)

In this setup: Once you know  → 💸v(x, t)

SDE: 


ODE: 

dx = f(x, t)dt + g(t) dW

dx = (f(x, t) −
1
2

g(t)2 ∇xlog p(x, t)) dt

SDE: 


ODE: 

dx = (f(x, t) − g(t)2 ∇xlog p(x, t)) dt + g(t) dW̄

dx = − (f(x, t) −
1
2

g(t)2 ∇xlog p(x, t)) dt

Diffusion 

CFM

What’s different? 

1. Drop all randomness 

2. Time-symmetric

3. Instead of learning score, learning velocity field directly 

Velocity  v(x, t)

Forward (Diffusion process) Backwards (Denoising process)



Conditional Flow Matching
(CFM)

ODE:  


How can we learn the velocity? 

dx = v(x, t)dt

∥vθ(x, t) − v(x, t)∥2



Conditional Flow Matching
(CFM)

ODE:  


How can we learn the velocity? 

dx = v(x, t)dt

arg min
θ

∥vθ(x, t) − v(x, t)∥2 = arg min
θ

∥vθ(x, t) − v(x, t |x0)∥2

Construct a tractable conditional velocity field through simple trajectories


Example: Linear trajectories  
 

 
x(t) = (1 − t)x0 + tx1

v(x, t |x0) =
dx
dt

= x1 − x0



t ⇠ U([0, 1])

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

L =
�
v✓ � (x1 � x0)

�2 v✓

Conditional Flow Matching
(CFM)

Training

Figure from arXiv:2305.10475 

https://arxiv.org/pdf/2305.10475


Conditional Flow Matching
(CFM)

x0 = x1 �
R 1
0 dt CFM

Sampling



ℒCFM = ∥vθ(x, t) − v(x, t |x0)∥2

What’s the problem? 

1. Slow inference 

2. Likelihood even slower

In summary 

1. One arbitrary networks 

2. Arbitrary latent space of fixed dimensionality 

3. Multi-shot sampling

4. Access to likelihood 

vθ
p(x1)

Conditional Flow Matching
(CFM)



Autoregressive Networks

-dimensional phase space  with 


Most famous example: GPT-style LLMs   
 




What’s the difference? 

1.  Fitting 1d distribution is easy, multi-dimensional ones are hard

2. Factor -dimensional joint into  1-dimensional conditionals (chain rule)

3. No latent space — directly model 


n p(x1, …, xn) = ∏
i

p(xi |x<i)

p(ML is cool.) = p(ML) p(is |ML) p(cool |ML, is) p( . |ML, is, cool)

n n
p(x)



Autoregressive Networks

-dimensional phase space  with 


Most famous example: GPT-style LLMs   
 




How to train? 




n p(x1, …, xn) = ∏
i

p(xi |x<i)

p(ML is cool.) = p(ML) p(is |ML) p(cool |ML, is) p( . |ML, is, cool)

−log pθ(x1, …, xn) = − ∑
i

log pθ(xi |x<i)



Autoregressive Networks

Design choices: 

1. 1d parametrisation (binned, Gaussian mixture etc.)

2. Autoregressive order (natural order?)

Example: LLMs 

1. Categorical distribution over entire vocabulary 

(Learned parameters are bin-heights) 


2. Language has natural beginning and end points

The ML I Today Pizza · · ·

p(c✓ ,1)

is are models can yodels · · ·

p(c✓ ,2 |ML)

useful cool important powerful soggy · · ·

p(c✓ ,3 |ML is)



ℒAR = − log pθ(x)

What’s the problem? 

1. Slow inference 

2. Limited by parametric form

3. Autoregressive order not always trivial

In summary 

1. One arbitrary networks 

2. No latent space

3. Autoregressive sampling

4. Access to likelihood 

cθ

Autoregressive Networks



2. Finding the right 
problem formulation



Generative networks in HEP are used to …
1. Fast simulation through surrogate models (calorimeter showers, parton showers, End-to-End ,…) 


2. Density estimation for

• Anomaly Detection 

   (background estimation)


• SBI (NPE, NLE) 

   (parameter inference)


• Unfolding 

   (correcting for detector effects)


• Neural importance sampling 

   (learning a proposal function)


• Improve hadronization 

   (learning data density)


• Superresolution 


• …



3. Validating 
generated samples



Validation 
Classifier metric

What we have? 
Samples   and 


What do we want to know? 
Is  ? 


How to test? 
Classifier train on samples from  (class 0) and  (class 1)


Why? 
CONVERGED classifier output  can be translated to 


x ∼ pmodel(x) x ∼ pdata(x)

pmodel(x) = pdata(x)

pmodel(x) pdata(x)

Cθ(x)

w(x) =
pdata(x)

pmodel(x)
≈

Cθ(x)
1 − Cθ(x)

Which model did best? 

Figure from arXiv:2605.30453 

https://arxiv.org/pdf/2605.30453


Validation 
Classifier metric

Which model did best? 

Model 1: Sharp peak around , no tails  


→ Essentially , no localised mismodelling 


Model 2: Peak around , tails towards larger weights 


→ In bulk , model underpopulates certain 
phase space region 


Model 3: Washed out peak at , large tails on both sides 


→ model underpopulates certain phase space regions (large 
weights), overpopulates others (small weights)

w(x) = 1

pmodel(x) = pdata(x)

w(x) = 1

pmodel(x) = pdata(x)

w(x) = 1

Figure from arXiv:2605.30453 

https://arxiv.org/pdf/2605.30453


What you should take away from this lecture

People have thought about a lot of different ways to formulate generative models 

Generative algorithms are easy to understand (and often times even physics inspired)


There’s not THE generative network that is s.o.a in every task


Generative models can be used extremely versatile in HEP and beyond


It’s always good to check whether generative networks did good & whether they are actually 
solving a given task
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