
Machine learning for particle physicists
V. Generative networks for particle physics
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Recap - Neural networks in particle physics

Different architectures for classification in HEP:

1 CNN for jet classification

2 Graph networks & Particle Net

3 Autoencoders for anomaly detection
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Paradigm shift

Given data → find label

Given data → generate new data

What do we generate in high energy physics?
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First principle based event generation

L

Matrix element

Parton shower

Hadronization

Detector simulation
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Why do we need machine learning for data simulation?

precision
event generation

detailed
detector simulation

limited computing ressources

Speed

more events

=

higher order

Precision

Use NN to try out new approaches!

5 / 27



Neural network based generative networks

VAE

all kinds of hybridsVAE-GAN

GAN

NF
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Neural network based generative networks

VAE

all kinds of hybrids

VAE-GAN

GAN

NF

7 / 27



Neural network based generative networks

VAE

all kinds of hybrids

VAE-GAN

GAN

NF
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From autoencoders to variational autoencoders

AE: x
encoder

−−−−−−−−−−−−−−−−−−−→ z
decoder
−−−−−→ x ′ LAE = (x − x ′)2

VAE: x
encoder
−−−−−→

(
µ
σ

)
sample

−−−−−−−−→
z∼N (µ,σ)

z
decoder
−−−−−→ x ′ LVAE = LAE + Llat

Loss enforces Gaussian latent space

LVAE = LAE + β · KL(qx(z)|N (0, 1)) ← similarity measure

= LAE +
β

2

∑

j

1 + log(σ2
j )− µ2

j − σ2
j
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e+e− → Z → l+l− with VAE
[1901.00875] S. Otten et al.

naive VAE fails to reproduce distributions

Why? → latent space not perfectly Gaussian
Fix: insert information buffer to sample from real latent distribution

→ B-VAE shows excellent performance
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Generative Adversarial Networks

Discriminator

LD =
〈
− logD(x)

〉
x∼PTruth

+
〈
− log(1− D(x))

〉
x∼PGen

Generator

LG =
〈
− logD(x)

〉
x∼PGen
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Training the Discriminator

Discriminator loss

0 = gen 0.2 0.4 0.6 0.8 1 = true
D(x)

0

1

2

3

4

5

L
D

true DS generated DS

Minimize LD =
〈
− logD(x)

〉
x∼PT

+
〈
− log(1− D(x))

〉
x∼PG
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Training the Generator

Generator loss

0 = gen 0.2 0.4 0.6 0.8 1 = true
D(x)

0

1

2

3

4

5

L
G

improved standard

Maximize LG =
〈
− log(1− D(x))

〉
x∼PG
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Training the Generator

Generator loss

0 = gen 0.2 0.4 0.6 0.8 1 = true
D(x)

0

1

2
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4

5
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Regularization

Which Training Methods for GANs do actually Converge?

pD = �0 p✓ = �✓

D (x)

x

y

(a) t = t0

pD = �0 p✓ = �✓

D (x)

x

y

(b) t = t1

Figure 1. Visualization of the counterexample showing that gra-
dient descent based GAN optimization is not always convergent:
(a) In the beginning, the discriminator pushes the generator towards
the true data distribution and the discriminator’s slope increases.
(b) When the generator reaches the target distribution, the slope of
the discriminator is largest, pushing the generator away from the
target distribution. This results in oscillatory training dynamics
that never converge.

than 1, the training algorithm will converge to (✓⇤,  ⇤) with
linear rate O(|�max|k) where �max is the eigenvalue of
F 0(✓⇤,  ⇤) with the biggest absolute value. If all eigenval-
ues of F 0(✓⇤,  ⇤) are on the unit circle, the algorithm can
be convergent, divergent or neither, but if it is convergent
it will generally converge with a sublinear rate. A similar
result (Khalil, 1996; Nagarajan & Kolter, 2017) also holds
for the (idealized) continuous system

✓
✓̇(t)

 ̇(t)

◆
=

✓
�r L(✓,  )
r✓L(✓,  )

◆
(3)

which corresponds to training the GAN with infinitely small
learning rate: if all eigenvalues of the Jacobian v0(✓⇤,  ⇤)
at a stationary point (✓⇤,  ⇤) have negative real-part, the
continuous system converges locally to (✓⇤,  ⇤) with lin-
ear convergence rate. On the other hand, if v0(✓⇤,  ⇤) has
eigenvalues with positive real-part, the continuous system
is not locally convergent. If all eigenvalues have zero real-
part, it can be convergent, divergent or neither, but if it is
convergent, it will generally converge with a sublinear rate.

For simultaneous gradient descent linear convergence can
be achieved if and only if all eigenvalues of the Jacobian
of the gradient vector field v(✓,  ) have negative real part
(Mescheder et al., 2017). This situation was also considered
by Nagarajan & Kolter (2017) who examined the asymptotic
case of step sizes h that go to 0 and proved local convergence
for absolutely continuous generator and data distributions
under certain regularity assumptions.

2.2. The Dirac-GAN

Simple experiments, simple theorems are the building
blocks that help us understand more complicated systems.

Ali Rahimi - Test of Time Award speech, NIPS 2017

In this section, we describe a simple yet prototypical coun-
terexample which shows that in the general case unregular-
ized GAN training is neither locally nor globally convergent.

Definition 2.1. The Dirac-GAN consists of a (univariate)
generator distribution p✓ = �✓ and a linear discriminator
D (x) =  · x. The true data distribution pD is given by a
Dirac-distribution concentrated at 0.

Note that for the Dirac-GAN, both the generator and the
discriminator have exactly one parameter. This situation
is visualized in Figure 1. In this setup, the GAN training
objective (1) is given by

L(✓,  ) = f( ✓) + f(0) (4)

While using linear discriminators might appear restrictive,
the class of linear discriminators is in fact as powerful as
the class of all real-valued functions for this example: when
we use f(t) = � log(1 + exp(�t)) and we take the supre-
mum over  in (4), we obtain (up to scalar and additive
constants) the Jensen-Shannon divergence between p✓ and
pD. The same holds true for the Wasserstein-divergence,
when we use f(t) = t and put a Lipschitz constraint on the
discriminator (see Section 3.1).

We show that the training dynamics of GANs do not con-
verge in this simple setup.

Lemma 2.2. The unique equilibrium point of the training
objective in (4) is given by ✓ =  = 0. Moreover, the
Jacobian of the gradient vector field at the equilibrium point
has the two eigenvalues ±f 0(0) i which are both on the
imaginary axis.

We now take a closer look at the training dynamics produced
by various algorithms for training the Dirac-GAN. First, we
consider the (idealized) continuous system in (3): while
Lemma 2.2 shows that the continuous system is generally
not linearly convergent to the equilibrium point, it could
in principle converge with a sublinear convergence rate.
However, this is not the case as the next lemma shows:

Lemma 2.3. The integral curves of the gradient vector field
v(✓,  ) do not converge to the Nash-equilibrium. More
specifically, every integral curve (✓(t),  (t)) of the gradient
vector field v(✓,  ) satisfies ✓(t)2 +  (t)2 = const for all
t 2 [0,1).

Note that our results do not contradict the results of Nagara-
jan & Kolter (2017) and Heusel et al. (2017): our example
violates Assumption IV in Nagarajan & Kolter (2017) that
the support of the generator distribution is equal to the sup-
port of the true data distribution near the equilibrium. It
also violates the assumption2 in Heusel et al. (2017) that
the optimal discriminator parameter vector is a continuous
function of the current generator parameters. In fact, unless

2This assumption is usually even violated by Wasserstein-
GANs, as the optimal discriminator parameter vector as a function
of the current generator parameters can have discontinuities near
the Nash-equilibrium. See Section 3.1 for details.

[1801.04406]

Adding gradient penalty

φ(x) = log
D(x)

1− D(x)
⇒ ∂φ

∂x
=

1

D(x)

1

1− D(x)

∂D

∂x

LD → LD + λD
〈

(1− D(x))2 |∇φ|2
〉
x∼PT

+ λD
〈
D(x)2 |∇φ|2

〉
x∼PG
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How to GAN LHC events
[1907.03764] AB, T. Plehn, R. Winterhalder

• tt̄ → 6 quarks

• 18 dim output
• external masses fixed
• no momentum conservation

+ Flat observables X

– Systematic undershoot in tails

→ improve network (3. lecture) X
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How to GAN LHC events
[1907.03764] AB, T. Plehn, R. Winterhalder

• tt̄ → 6 quarks

• 18 dim output
• external masses fixed
• no momentum conservation

+ Flat observables X

– Systematic undershoot in tails
→ improve network (3. lecture) X
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Generating the high-dim. difference of distributions
[1912.08824] AB, T. Plehn, R. Winterhalder

• Necessary to include negative events

• Beat bin-induced uncertainty

∆B−S > max(∆B ,∆S)

• Applications:

- Background subtraction, soft-collinear subtraction, ...

G{r}

c ∈ CB−S ∪ CS

{xG , c}

c ∈ CS

DB

DS

{xB}

{xS}

Data B

Data S

LDB

LDS

LG
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Generative background subtraction

• Training data:
• pp → e+e−

• pp → γ → e+e−

• Generated events: Z-Pole + interference
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Generative background subtraction

• Training data:
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CaloGAN for detector simulation
[1712.10321] M. Paganini, L. Oliveira, B. Nachman

3D response of an electromagnetic calorimeter for a e+

Truth

GAN
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Normalizing flow

Transform input distribution into target distribution via invertible layers

https://lilianweng.github.io/lil-log/2018/10/13/flow-based-deep-generative-models.html

Invertible layer

Features:
+ tractable Jacobian

→ we can compute the density of the target distribution
+ invertible
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Inverting a simulation
[2006.06685] M. Bellagente et al.

(
xp
rp

)
Pythia,Delphes: g→

←−−−−−−−−−−−−−−−−→
← unfolding: g−1

(
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Summary

1 Linear models for regression and classification

2 Introduction to neural networks

3 How to train better networks

4 Neural networks for particle physics problems

5 Generative networks for particle physics
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vas3k.com

26 / 27



Now it’s your turn
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