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Outline

2

• Typical simulation workflow 
‣ Where GANs can be used? 

• Fast Simulation with GANs in context of LHCb 
‣ GANs for calorimeter 
‣ GANs for the Cherenkov detectors
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Typical simulation workflow

3

Event Gen DigitizationGEANT4 Reconstruction

• One may imagine any part of this chain to be replaced by GAN
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LHCb detector
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LHCb detector
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FAST CALORIMETER SIMULATION
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Setup

6

• LHCb inspired calorimeter in GEANT4 
‣ 30x30 cells 

• 5 conditional parameters per particle 
‣ 3D momentum 
‣ 2D coordinate 

• Electrons from particle gun shot at 1x1 
cm square at the center of the 
calorimeter face Average cluster
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Energy deposits

8

Figure 2: energy deposition in di↵erent cells of used 30⇥30 setup for Geant4 simulated
events averaged over all events in the used dataset.

(a)
E0 = 63.7 GeV

(b)
E0 = 6.5 GeV

(c)
E0 = 15.6 GeV

(d)
E0 = 15.9 GeV

Figure 3: Showers generated with Geant4 (first row) and the showers, simulated with our
model (second row) for three di↵erent sets of input parameters. Color represents log10( E

MeV

)
for every cell.

5 Experiments

We start with comparing original clusters, produced by full Geant4 simulation and clusters
generated by the trained model for the same parameters of the incident particles: the same
energy, the same direction, and the same position on the calorimeter face. Corresponding
images for four arbitrary parameter sets are presented in Fig. 3. These images demonstrate
the very good visual similarity between simulated and generated clusters.

Then we continue with a quantitative evaluation of the proposed simulation method.
While generic evaluation methods for generative models exist, here we base our evaluation on
physics-driven similarity metrics. These metrics are designed using the domain knowledge
and the recommendations from physicists on the evaluation of simulation procedures. For
this presentation, we selected a few cluster properties which essentially drive cluster proper-
ties used in the reconstruction of calorimeter objects and following physics analysis. If the
initial particle direction is not perpendicular to the calorimeter face, the produced cluster is
elongated in that direction. Therefore, we consider separately cluster width in the direction of

GEANT4

GAN
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OK, these look similar, but 
what’s the best way to quantify 

this similarity?
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Physics-motivated characteristics
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• Idea: convert each cluster to a meaningful single value 
‣ Then compare real vs generated distributions of such values
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Physics-motivated characteristics

9

Visual similarity of raw 
features does not guarantee 
the similarity of higher-level 

characteristics

• Idea: convert each cluster to a meaningful single value 
‣ Then compare real vs generated distributions of such values
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Physics-motivated characteristics

9

Visual similarity of raw 
features does not guarantee 
the similarity of higher-level 

characteristics

• Idea: convert each cluster to a meaningful single value 
‣ Then compare real vs generated distributions of such values

Some of these are 
reproduced quite well 

though!
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FAST CHERENKOV DETECTOR SIMULATION
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Momentum (GeV/c)Momentum (GeV/c)
2

Ring Imaging Cherenkov Detectors (RICH)
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The European Physical Journal

EPJ C
RecognizedbyEuropeanPhysicalSociety

Particles and Fields

volume 73 !number 5 !may ! 2013

Reconstructed Cherenkov angle as a function of track momentum in the C4F10 radiator.
Whilst the RICH detectors are primarily used for hadron identification,

a distinct muon band can also be observed.
From The LHCb RICH Collaboration: Performance of the LHCb RICH detector at the LHCThe LHCb RICH Collaboration, Adinolfi, M., Aglieri Rinella, G. et al. 

Eur. Phys. J. C (2013) 73: 2431
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• PID with RICH is done 
with a global log-
likelihood method 

• PID information 
encoded in log-
likelihood differences 
(DLL) between 
particle type 
hypotheses
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RICH fast simulation

12

• A possible solution: 
- Bypass all accurate simulation steps from Cherenkov light 

generation up to the high-level likelihood parameters (DLLs) 
- Learn the distribution of DLLs for given track parameters and 

sample from it, P(DLLs | <track params>)

Derkach et al, NIMA 2019 (01) 031 

https://www.sciencedirect.com/science/article/pii/S0168900219300701
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RICH fast simulation

13

• Number of output features: 
- 5 DLLs 

• Number of input features: 
- track momentum and pseudorapidity (+2) 
- total number of tracks in that event (+1)

To account for occupancy-
related effects
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RICH fast simulation

13

• Number of output features: 
- 5 DLLs 

• Number of input features: 
- track momentum and pseudorapidity (+2) 
- total number of tracks in that event (+1)

• Training on real data (calibration channels) 
- using sPlot technique1 to extract signal distributions 
⇒ loss function is weighted 
⇒ some of the weights are negative

1Pivk, Muriel et al. Nucl.Instrum.Meth.A 555 (2005) 356-369
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Implementation details and input parameter distributions
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• Optimizing the Cramér metric 
(energy distance), arXiv:
1705.10743 

• 10 hidden fully-connected layers 
for both generator and 
discriminator 

- 128 neurons each 
- ReLU activation 

• 64-dimensional latent space 
(noise shape) 

• 256-dimensional discriminator 
output 

• 15 discriminator updates per 1 
generator update 

• RMSProp optimizer, exp decaying 
learning rate Pseudorapidity

M
om

en
tu

m

µ p

Kπ
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RichDLLk 
(π vs K)

15

p

𝜼

3x3 bin plot over full P-ETA range
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p

𝜼

zoomed in to the most 
populated region

RichDLLk 
(π vs K)
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Differences between AUCs for real and generated 
samples (divided by uncertainty)

17

K vs π, using RichDLLk µ vs π, using RichDLLmu p vs π, using RichDLLp

• Uncertainties estimated using bootstrap technique 
• Most differences are within just a few sigmas, larger deviations at low-stat regions
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Differences between AUCs for real and generated 
samples (absolute, generated – real)

18

• Absolute differences between AUCs are mostly in the 0.001-0.01 range

K vs π, using RichDLLk µ vs π, using RichDLLmu p vs π, using RichDLLp
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Summary

19

• GANs are a promising tool for fast simulation 
- Can be trained in background-contaminated environment 
- Two approaches shown: 

‣ generating either low- 
‣ or high-level parameters 

• Evaluating a generative model performance is a challenge itself 
- DeltaAUC agreement with 0 – necessary but not sufficient criterion 
- For low-level case – important to compare physics-motivated parameters 

(real vs generated) 
- The ‘ultimate’ way: test in a physics analysis environment

‣ work in progress



Backup
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Generative Adversarial Networks (GANs)
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• Random variable z 
• Two deterministic functions (neural nets) 

- generator G(x, z) 
- discriminator D(x, y) 

• Generator maps (x, z) to ygen 
• Discriminator distinguishes between (x, ygen) and (x, yreal) 
• Training step («competition» between the two nets): 

- train discriminator to improve (x, ygen) and (x, yreal) separation 
- train generator to increase the discriminator’s error rate

x - input variables 
y - target variables

P(DLLs | <track params>)
y x



A. Maevskiy, et al., on behalf of the LHCb collaboration                   3rd IML Machine Learning Workshop

Discriminator metric

22

• Some of the options for the discriminator metric: 
- Binary cross-entropy between the real and generated 

samples 
‣ Equilibrium when Jensen–Shannon divergence is minimized 
‣ Problematic for distributions with different support; mode collapse 

problems 
- Wasserstein (aka Earth Mover’s) distance 
‣ Discriminator => «Critic» (evaluates the metric) 
‣ Naturally solves the non-equal support and mode collapse problems 
‣ Suffers from biased gradients

arXiv:1701.07875
arXiv:1406.2661

https://arxiv.org/abs/1701.07875
https://arxiv.org/abs/1406.2661
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GAN (JS)

23

• Possible discriminator and generator losses – binary cross-
entropy:

arXiv:1406.2661

In other words, D and G play the following two-player minimax game with value function V (G,D):

min

G

max

D

V (D,G) = E
x⇠pdata(x)[logD(x)] + E

z⇠pz(z)[log(1�D(G(z)))]. (1)

In the next section, we present a theoretical analysis of adversarial nets, essentially showing that
the training criterion allows one to recover the data generating distribution as G and D are given
enough capacity, i.e., in the non-parametric limit. See Figure 1 for a less formal, more pedagogical
explanation of the approach. In practice, we must implement the game using an iterative, numerical
approach. Optimizing D to completion in the inner loop of training is computationally prohibitive,
and on finite datasets would result in overfitting. Instead, we alternate between k steps of optimizing
D and one step of optimizing G. This results in D being maintained near its optimal solution, so
long as G changes slowly enough. This strategy is analogous to the way that SML/PCD [31, 29]
training maintains samples from a Markov chain from one learning step to the next in order to avoid
burning in a Markov chain as part of the inner loop of learning. The procedure is formally presented
in Algorithm 1.

In practice, equation 1 may not provide sufficient gradient for G to learn well. Early in learning,
when G is poor, D can reject samples with high confidence because they are clearly different from
the training data. In this case, log(1 � D(G(z))) saturates. Rather than training G to minimize
log(1�D(G(z))) we can train G to maximize logD(G(z)). This objective function results in the
same fixed point of the dynamics of G and D but provides much stronger gradients early in learning.

. . .

(a) (b) (c) (d)

Figure 1: Generative adversarial nets are trained by simultaneously updating the discriminative distribution
(D, blue, dashed line) so that it discriminates between samples from the data generating distribution (black,
dotted line) p

x

from those of the generative distribution pg (G) (green, solid line). The lower horizontal line is
the domain from which z is sampled, in this case uniformly. The horizontal line above is part of the domain
of x. The upward arrows show how the mapping x = G(z) imposes the non-uniform distribution pg on
transformed samples. G contracts in regions of high density and expands in regions of low density of pg . (a)
Consider an adversarial pair near convergence: pg is similar to pdata and D is a partially accurate classifier.
(b) In the inner loop of the algorithm D is trained to discriminate samples from data, converging to D

⇤(x) =
pdata(x)

pdata(x)+pg(x) . (c) After an update to G, gradient of D has guided G(z) to flow to regions that are more likely
to be classified as data. (d) After several steps of training, if G and D have enough capacity, they will reach a
point at which both cannot improve because pg = pdata. The discriminator is unable to differentiate between
the two distributions, i.e. D(x) = 1

2 .

4 Theoretical Results

The generator G implicitly defines a probability distribution p

g

as the distribution of the samples
G(z) obtained when z ⇠ p

z

. Therefore, we would like Algorithm 1 to converge to a good estimator
of pdata, if given enough capacity and training time. The results of this section are done in a non-
parametric setting, e.g. we represent a model with infinite capacity by studying convergence in the
space of probability density functions.

We will show in section 4.1 that this minimax game has a global optimum for p
g

= pdata. We will
then show in section 4.2 that Algorithm 1 optimizes Eq 1, thus obtaining the desired result.

3

real samples
noise samples

generator NN

discriminator NNdiscriminator NN

• This leads to equilibrium when Jensen-Shannon divergence 
between real and generated samples is minimized 

• Problems: 
- vanishing gradients when discriminator too powerful 
- mode collapse (generating only a subset of the target distribution)

https://arxiv.org/abs/1406.2661
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GAN (Wasserstein)

24

• Another possible metric: Wasserstein distance (Earth Mover’s 
distance)

arXiv:1701.07875

• The Jensen-Shannon (JS) divergence

JS(Pr,Pg) = KL(PrkPm) +KL(PgkPm) ,

where Pm is the mixture (Pr + Pg)/2. This divergence is symmetrical and
always defined because we can choose µ = Pm.

• The Earth-Mover (EM) distance or Wasserstein-1

W (Pr,Pg) = inf
�2⇧(Pr,Pg)

E(x,y)⇠�

⇥ kx� yk ⇤ , (1)

where⇧(Pr,Pg) denotes the set of all joint distributions �(x, y) whose marginals
are respectively Pr and Pg. Intuitively, �(x, y) indicates how much “mass”
must be transported from x to y in order to transform the distributions Pr

into the distribution Pg. The EM distance then is the “cost” of the optimal
transport plan.

The following example illustrates how apparently simple sequences of probability
distributions converge under the EM distance but do not converge under the other
distances and divergences defined above.

Example 1 (Learning parallel lines). Let Z ⇠ U [0, 1] the uniform distribution on
the unit interval. Let P0 be the distribution of (0, Z) 2 R2 (a 0 on the x-axis and
the random variable Z on the y-axis), uniform on a straight vertical line passing
through the origin. Now let g✓(z) = (✓, z) with ✓ a single real parameter. It is easy
to see that in this case,

• W (P0,P✓) = |✓|,

• JS(P0,P✓) =

(
log 2 if ✓ 6= 0 ,

0 if ✓ = 0 ,

• KL(P✓kP0) = KL(P0kP✓) =

(
+1 if ✓ 6= 0 ,

0 if ✓ = 0 ,

• and �(P0,P✓) =

(
1 if ✓ 6= 0 ,

0 if ✓ = 0 .

When ✓t ! 0, the sequence (P✓t)t2N converges to P0 under the EM distance, but
does not converge at all under either the JS, KL, reverse KL, or TV divergences.
Figure 1 illustrates this for the case of the EM and JS distances.

Example 1 gives us a case where we can learn a probability distribution over a low
dimensional manifold by doing gradient descent on the EM distance. This cannot
be done with the other distances and divergences because the resulting loss function
is not even continuous. Although this simple example features distributions with
disjoint supports, the same conclusion holds when the supports have a non empty

4

• 𝛾 – «optimal transport plan» 
• This should solve the mode collapse and vanishing gradients 

problems 
• Solution may not be optimal due to biased gradients (see  arXiv:

1705.10743)

https://arxiv.org/abs/1701.07875
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GAN (Cramér / energy distance)

25
arXiv:1705.10743

4.1 Definition and Analysis

Recall that for two distributions P and Q over R, their (cumulative) distribution functions are re-
spectively F

P

and F
Q

. The Cramér distance between P and Q is

l22(P, Q) :=

Z 1

�1
(F

P

(x) � F
Q

(x))

2dx.

Note that as written, the Cramér distance is not a metric proper. However, its square root is, and is a
member of the l

p

family of metrics

l
p

(P, Q) :=

✓

Z 1

�1
|F

P

(x) � F
Q

(x)|pdx

◆1/p

.

The l
p

and Wasserstein metrics are identical at p = 1, but are otherwise distinct. Like the Wasser-
stein metrics, the l

p

metrics have dual forms as integral probability metrics (see Dedecker and Mer-
levède, 2007, for a proof):

l
p

(P, Q) = sup

f2Fq

�

� E
x⇠P

f(x) � E
x⇠Q

f(x)

�

�, (3)

where F
q

:= {f : f is absolutely continuous,
�

�

df

dx

�

�

q

 1} and q is the conjugate exponent of p, i.e.
p�1

+ q�1
= 1.3 It is this dual form that we use to prove that the Cramér distance has property (S).

Theorem 2. Consider two random variables X , Y , a random variable A independent of X, Y , and
a real value c > 0. Then for 1  p  1,

(I) l
p

(A + X,A + Y )  l
p

(X, Y ) (S) l
p

(cX, cY )  |c|1/pl
p

(X, Y ).

Furthermore, the Cramér distance has unbiased sample gradients. That is, given X
m

:=

X1, . . . , Xm

drawn from a distribution P , the empirical distribution ˆP
m

:=

1
m

P

m

i=1 �
Xi , and a

distribution Q
✓

,
E

Xm⇠P

r
✓

l22( ˆP
m

, Q
✓

) = r
✓

l22(P, Q
✓

),

and of all the lp
p

distances, only the Cramér (p = 2) has this property.

We conclude that the Cramér distance enjoys both the benefits of the Wasserstein metric and the
SGD-friendliness of the KL divergence. Given the close similarity of the Wasserstein and l

p

metrics,
it is truly remarkable that only the Cramér distance has unbiased sample gradients.

The energy distance (Székely, 2002) is a natural extension of the Cramér distance to the multivariate
case. Let P, Q be probability distributions over Rd and let X, X 0 and Y, Y 0 be independent random
variables distributed according to P and Q, respectively. The energy distance (sometimes called the
squared energy distance, see e.g. Rizzo and Székely, 2016) is

E(P, Q) := E(X,Y ) := 2E kX � Y k2 � E kX � X 0k2 � E kY � Y 0k2 . (4)

Székely showed that, in the univariate case, l22(P, Q) =

1
2E(P, Q). Interestingly enough, the energy

distance can also be written in terms of a difference of expectations. For

f⇤
(x) := E kx � Y 0k2 � E kx � X 0k2 ,

we find that
E(X, Y ) = E f⇤

(X) � E f⇤
(Y ). (5)

Note that this f⇤ is not the maximizer of the dual (3), since 1
2E is equal to the squared l2 metric (i.e.

the Cramér distance).4 Finally, we remark that E also possesses properties (I), (S), and (U) (proof in
the appendix).

3This relationship is the reason for the notation F1 in the definition the dual of the 1-Wasserstein (2).
4The maximizer of (3) is: g⇤(x) = f

⇤(x)p
2(E f

⇤(X)�E f

⇤(Y ))
(based on results by Gretton et al., 2012).

5

• Cramér distance between distributions P and Q:

• FP and FQ are CDFs 
• This is (1/2 times) the 1-dimensional case of the Energy distance:

4.1 Definition and Analysis

Recall that for two distributions P and Q over R, their (cumulative) distribution functions are re-
spectively F

P

and F
Q

. The Cramér distance between P and Q is

l22(P, Q) :=

Z 1

�1
(F

P

(x) � F
Q

(x))

2dx.

Note that as written, the Cramér distance is not a metric proper. However, its square root is, and is a
member of the l

p

family of metrics

l
p

(P, Q) :=

✓

Z 1

�1
|F

P

(x) � F
Q

(x)|pdx

◆1/p

.

The l
p

and Wasserstein metrics are identical at p = 1, but are otherwise distinct. Like the Wasser-
stein metrics, the l

p

metrics have dual forms as integral probability metrics (see Dedecker and Mer-
levède, 2007, for a proof):

l
p

(P, Q) = sup

f2Fq

�

� E
x⇠P

f(x) � E
x⇠Q

f(x)

�

�, (3)

where F
q

:= {f : f is absolutely continuous,
�

�

df

dx

�

�

q

 1} and q is the conjugate exponent of p, i.e.
p�1

+ q�1
= 1.3 It is this dual form that we use to prove that the Cramér distance has property (S).

Theorem 2. Consider two random variables X , Y , a random variable A independent of X, Y , and
a real value c > 0. Then for 1  p  1,

(I) l
p

(A + X,A + Y )  l
p

(X, Y ) (S) l
p

(cX, cY )  |c|1/pl
p

(X, Y ).

Furthermore, the Cramér distance has unbiased sample gradients. That is, given X
m

:=

X1, . . . , Xm

drawn from a distribution P , the empirical distribution ˆP
m

:=

1
m

P

m

i=1 �
Xi , and a

distribution Q
✓

,
E

Xm⇠P

r
✓

l22( ˆP
m

, Q
✓

) = r
✓

l22(P, Q
✓

),

and of all the lp
p

distances, only the Cramér (p = 2) has this property.

We conclude that the Cramér distance enjoys both the benefits of the Wasserstein metric and the
SGD-friendliness of the KL divergence. Given the close similarity of the Wasserstein and l

p

metrics,
it is truly remarkable that only the Cramér distance has unbiased sample gradients.

The energy distance (Székely, 2002) is a natural extension of the Cramér distance to the multivariate
case. Let P, Q be probability distributions over Rd and let X, X 0 and Y, Y 0 be independent random
variables distributed according to P and Q, respectively. The energy distance (sometimes called the
squared energy distance, see e.g. Rizzo and Székely, 2016) is

E(P, Q) := E(X, Y ) := 2E kX � Y k2 � E kX � X 0k2 � E kY � Y 0k2 . (4)

Székely showed that, in the univariate case, l22(P, Q) =

1
2E(P, Q). Interestingly enough, the energy

distance can also be written in terms of a difference of expectations. For

f⇤
(x) := E kx � Y 0k2 � E kx � X 0k2 ,

we find that
E(X, Y ) = E f⇤

(X) � E f⇤
(Y ). (5)

Note that this f⇤ is not the maximizer of the dual (3), since 1
2E is equal to the squared l2 metric (i.e.

the Cramér distance).4 Finally, we remark that E also possesses properties (I), (S), and (U) (proof in
the appendix).

3This relationship is the reason for the notation F1 in the definition the dual of the 1-Wasserstein (2).
4The maximizer of (3) is: g⇤(x) = f

⇤(x)p
2(E f

⇤(X)�E f

⇤(Y ))
(based on results by Gretton et al., 2012).

5

• A GAN using this metric preserves all the nice properties of 
Wasserstein GAN, while solving the biased gradients problem

𝑋,𝑋ʹ∼𝑃 and 𝑌, 𝑌ʹ∼𝑄

https://arxiv.org/abs/1705.10743
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Figure 6.20: Display of a typical LHCb event in RICH 1.

Table 6.3: Single photoelectron resolutions for the three RICH radiators. All numbers are in mrad.
Individual contributions from each source are given, together with the total.

Aerogel C4F10 CF4

Emission 0.4 0.8 0.2
Chromatic 2.1 0.9 0.5
HPD 0.5 0.6 0.2
Track 0.4 0.4 0.4
Total 2.6 1.5 0.7

6.2 Calorimeters

The calorimeter system performs several functions. It selects transverse energy hadron, electron
and photon candidates for the first trigger level (L0), which makes a decision 4µs after the inter-
action. It provides the identification of electrons, photons and hadrons as well as the measurement
of their energies and positions. The reconstruction with good accuracy of p0 and prompt photons
is essential for flavour tagging and for the study of B-meson decays and therefore is important for
the physics program.

The set of constraints resulting from these functionalities defines the general structure and
the main characteristics of the calorimeter system and its associated electronics [1, 121]. The
ultimate performance for hadron and electron identification will be obtained at the offline analysis
level. The requirement of a good background rejection and reasonable efficiency for B decays adds
demanding conditions on the detector performance in terms of resolution and shower separation.

– 96 –

• PID with RICH is done with the maximum 
likelihood method 
- 𝓛(t1, …, tN) – likelihood to observe a given 

picture, as a function of all track PIDs 
 ti – hypothesized particle type for track i 

- A hypothesis (t1, …, tN) maximizing 𝓛 is 
searched for 

• For each track i, for each x ∈ {K, µ, e, p, 
below threshold}, quantities DLLx are then 
calculated as: 
log𝓛(tk=tk, k≠i; ti=x) – log𝓛(tk=tk, k≠i; ti=𝜋)
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• Accurate RICH simulation involves: 
- Tracing the particles through the radiators and delta-electron 

generation 
‣ Delta-electrons contribute to Cherenkov light emissions 

- Cherenkov light generation 
- Photon propagation, reflection, refraction and scattering 
- Hybrid Photon Detector (photo-cathode + silicon pixel) 

simulation 
• All this takes time & resources 
• Given the growing demand on the number of simulated 

events, accurate simulation becomes unfeasible


