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GANSs In HEP?

* On previous slide: examples of human face images that our brain
accepts as real

 Now, replace:
«human face images» => «vectors of numbers describing collision events»
«prain accepts as real» = «analysis remains unbiased with»

* and you get a good Monte-Carlo generator
- typically much faster than an actual generator from HEP
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Simulation workflow

- I - - ey -

 One may imagine any part of this chain to be replaced by GAN
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Simulation workflow

- I - - ey -

 One may imagine any part of this chain to be replaced by GAN

* Here we'll demonstrate the following approach:

- I -

* Disclaimer: we're not talking about the actual total replacement of honest
full simulation, but rather about new means for creating simplified fast-sim
models
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Outline

* A little theory
- ‘Vanilla’ GAN and its problems
- Some advancements (Wasserstein GAN)

* Using GANSs for fast simulation at LHCD

A. Maevskiy — Lambda, NRU HSE 05.02.2020



Generative Models

Problem statement:

Given a finite sample of i.i.d.
examples from an unknown {"13@} ~ Ddata
distribution
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Generative Adversarial Networks

{12} ~ Dgen.p — this distribution is built in the following way:
r; = Gy(z;)
Zj ~ N(O, )

Gy — generator neural network

|. Goodfellow, et. al. Generative adversarial nets. In Advances in neural information processing systems, pages 2672-2680, 2014.
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Generative Adversarial Networks

{12} ~ Dgen.p — this distribution is built in the following way:
r; = Gy(z;)

ZjNN(O? )

Gy — generator neural network

We add a classifying network D, (discriminator) to distinguish between the real
and generated samples and train both as follows:

V(¢7 9) —

<1:"mfvpdata [l09D¢ (w)] _I_

4:53Npgen,9 [ZOQ (1 _ DC/ﬁ(i))]

V(p,0) — minmax V (¢, 0)

v

¢

|. Goodfellow, et. al. Generative adversarial nets. In Advances in neural information processing systems, pages 2672-2680, 2014.
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Generative Adversarial Networks

{12} ~ Dgen.p — this distribution is built in the following way:

€T, — G@ Z 3 _—
Probability the g ( 9) Probability the
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Generative Adversarial Networks

{12} ~ Dgen.p — this distribution is built in the following way:

€T, — GQ Z 3 _—
Probability the g ( j) Probability the
sample was <5 N (0, ) sample was
WV Riel Mo VG — generator neural network generated

We add a classifying netwerk D, (discriminator) to distinguish betwegn the real

and generated samples anddkain both as follows:

V(¢7 9) — <1:'mf\dea,ta [ZOQ-] _|_ <1:'irvpgen,é? [lOg
V(p,0) — minmax V (¢, 0) Likelihood

0 ¢

|. Goodfellow, et. al. Generative adversarial nets. In Advances in neural information processing systems, pages 2672-2680, 2014.
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Game interpretation

image from: https://pathmind.com/wiki/generative-adversarial-network-gan

Training set

Discriminator

) —

Random ' Fa ke

Generator

Min-max game:
e goal of discriminator: distinguish between real and generated samples
e goal of generator: ‘fool’ the discriminator
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Problems with GANS

(vanishing gradients)
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Problems with GANS

(vanishing gradients)

Let's have another look at the objective:
V(¢7 9) — <1:"5(3’\“pda,ta, [l09D¢(¢’B)] T 4153NPgen,9 [ZO-Q (1 o D¢(§j>)]

N / Pdata(€)l0gDy () + pgen,o(x)log (1 — Dy(x))] da
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Problems with GANS

(vanishing gradients)

Let's have another look at the objective:
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Problems with GANS

(vanishing gradients)

Let's have another look at the objective:

V(¢7 9) = Earpyata [ZOQD¢($)] +

<1Iii:fvpgen,é [lOg (1 o D¢(§j))]

N / Pdata(€)l0gDy () + pgen,o(x)log (1 — Dy(x))] da

For a given pgens the optimal discriminator Is Dy- () =

So the objective is: V(¢™, 0) :/ Pdata(®)log
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pdata(m)
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pdata,(w)
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Problems with GANS

(vanishing gradients)

Let's have another look at the objective:

V(¢7 9) — <1:"313’\“pda,ta [l09D¢(w)] _I_ 4353’\’19967@,9

log (1 — Dy(x))]

N / [pdata(a?)l09D¢($) +pgen,9($)10§] (1 — ch(a’/‘))] dx

For a given pgens the optimal discriminator Is Dy- () =

pdata(m)

pda,ta(m) + Pgen. 6 (ZB)

pdata(m)

So the objective is: V(¢™, 0) :/ Pdata(®)log

In case paata and pyenp have
non-overlapping support
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Problems with GANS

(vanishing gradients)

Let's have another look at the objective:
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Problems with GANS

(mode collapse)

OS'I S p_data(x) - 1.0
X = np.linspace(-10, 10, 300) — P gen(x)
p data = 0.7 * normal(x, 5, 0.8) + 0.3 * normal(x, -4, 1) -
pgen = 1.0 * normal(x, 5, 0.8) - 0.8
D = p data / (p data + p gen) 5
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X
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Problems with GANS

(mode collapse)
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Problems with GANS

(mode collapse)
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Wasserstein gaistance

Also called «Earth mover’s distance» (EMD)
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Distributions P(x) and Q(x) are
viewed as describing the
amounts of ‘dirt’ at point x

O(x)

P(x)

Probability density
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Wasserstein gaistance

Also called «Earth mover’s distance» (EMD)

Distributions P(x) and Q(x) are

viewed as describing the
amounts of ‘dirt’ at point x

We want to convert one
distribution into the other by
moving around some amounts
of dirt

The cost of moving an amount
m from x1 10 x2 IS mX||x2 — x1]|

Probability density

EMD(P. O) = minimum total cost
of converting P into O
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EMD(P, Q) =
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sup |[Ezwpf(x) —E

fllL<1
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WGAN

EMD(P,Q) = sup [Exwpf(z) -
[ fllL <1
1fllL <1
I
f(a) = f()] < |la—Dbl[, Va, b
A Maevskly — Lambda, NRU HSE 05.02.2020

13



EMD(P,Q) = sup [Epep/(x) — Epoqf(2)
[ fllL<1

https://arxiv.org/abs/1701.07875
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WGAN

EMD(P,Q) = sup |[E,opf(z) —Ezvqf(2)]
[ fllL<1 \ P

Expectations can be estimated as
sample mean (per batch)

hitps://arxiv.org/abs/1701.07875
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WGAN

EMD(P, Q) = Sup<1 [ A:z:NPf ) JxNQf( )]
|;f||L_ \ /

The function can be expressed Expectations can be estimated as
with a neural net — discriminator sample mean (per batch)

(‘critic’ in the original paper)
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WGAN

EMD(P, Q) = Sup<1 [ Aazfva ) JxNQf( )]
|;f||L_ \ /

The function can be expressed Expectations can be estimated as
with a neural net — discriminator sample mean (per batch)

(‘critic’ in the original paper)

This property can be replaced by a
weaker one: || fllr < k: |f(a) — f(b)| < k-l|la—b||, Va, b
In such case we’ll estimate A xEMD(P, Q) instead of EMD(P, Q)

bl

This can be achieved by clipping critic’s
weights at some value: w — clip(w, —c, ¢)

We wouldn’t know what £ Is, but

it doesn’t matter: all we want is
to minimize the EMD!

https://arxiv.org/abs/1701.07875
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WGAN-GP

Improved Training of Wasserstein GANS
https://arxiv.org/abs/1704.00028
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Weight clipping makes critic less expressive
and training process harder to converge
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WGAN-GP

~ «Gradient penalty»

Improved Training of Wasserstein GANS 8 Gaussians 25 Gaussians  Swiss Roll
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WGAN-GP

~ «Gradient penalty»

Improved Training of Wasserstein GANS 8 Gaussians 25 Gaussians  Swiss Roll

https://arxiv.org/abs/1704.00028

| =l =
G)
Weight clipping makes critic less expressive @ \( (@L ((@ z
and training process harder to converge fyxm\ //@ S §
: : o O =z
Optimal £ should satisfy ||Vf|| =1 almost \Rﬂ fjj/ \2:2 / \\.. 5
everyWhere under P and Q Value surfaces off
1 flle<1 < [Vf||<]1 GP = AEzp, |([|[Vzf(@)|| - 1)7]
Weight clipping can be replaced by Z iagli;(l—(ao)f)f
penalizing the gradients to be of unit £ B
magnitude T2 ~ Q i

A. Maevskiy — Lambda, NRU HSE 05.02.2020 16


https://arxiv.org/abs/1704.00028

Improved Training of Wasserstein GANS

https://arxiv.org/abs/1704.00028
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Alternative ‘one-sided’ penalty:

€
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‘max(0, ||Vzf(2)]] —1)%
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WGAN-GP

~ «Gradient penalty»

8 Gaussians 25 Gaussians  Swiss Roll

jl©

| mi@jzl

|

Value surfaces of f

dO-NVOM NVOM

GP = AEzp, [(||Vaf(2)]| — 1)?]

a ~ Uniform(0,1)
L1 v P

LUQNQ

D

T

[5{3 = ax1+(l—a)zs
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https://arxiv.org/abs/1704.00028

Improved Training of Wasserstein GANS

hitps://arxiv.org/abs/1704.00028

A. Maevskiy — Lambda, NRU HSE

WGAN-GP

DCGAN LSGAN

WGAN (clipping)

WGAN-GP (ours)

Basehne (G: DCGAN, D DCGAN) |

- = T L
i T

101-layer ResNet G and D | | |
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WGAN-GP

DCGAN LSGAN WGAN (clipping) WGAN-GP (ours)
Basehne (G: DCGAN, D DCGAN) |

Improved Training of Wasserstein GANS
hitps://arxiv.org/abs/1704.00028

No normalization in either G or D

This technique allowed for
very deep networks to be
used for GANSs

101-layer ResNet G and

A. Maevskiy — Lambda, NRU HSE 05.02.2020 17
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Conditional distributions

Sometimes it's necessary to learn not just P(x), but P(x|a)

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Conditional distributions

Semetmes it's necessary to learn not just P(x), but P(x|a)
Most of the times
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Conditional distributions

Semetmes it's necessary to learn not just P(x), but P(x|a)
Most of the times

E.g., stochastic detector output y for
given particle parameters x
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Conditional distributions

Semetmes it's necessary to learn not just P(x), but P(x|a)
Most of the times

E.g., stochastic detector output y for
given particle parameters x

This can be achieved with any GAN
architecture:

r; = Gg(z;) — x;=Go(z),a;)
D¢ — D¢(£IZ‘Z) —> D¢ — D¢(£BZ', ai)
Dy = Dy(xj) — Dy = Dy(x;,a;)

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Conditional distributions

(simple case — fully-connected layers)

Generator Discriminator

A. Maevskiy — Lambda, NRU HSE 05.02.2020



Conditional distributions

(simple case — fully-connected layers)

Generator Discriminator
O
O X</ o< ‘
0%{77;’"‘\" : : \Y{//i”\
S, QVAS P ///"\./
P /T
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arXiv.org > physics > arXiv:1905.11825 Search...
Help | Advang

Physics > Instrumentation and Detectors

Fast Data-Driven Simulation of Cherenkov Detectors Using Generative
Adversarial Networks

Artem Maevskiy, Denis Derkach, Nikita Kazeev, Andrey Ustyuzhanin, Maksim Artemev, Lucio Anderlini
(Submitted on 28 May 2019 (v1), last revised 26 Sep 2019 (this version, v2))

The increasing luminosities of future Large Hadron Collider runs and next generation of collider experiments will require an unprecedented
amount of simulated events to be produced. Such large scale productions are extremely demanding in terms of computing resources. Thus new
approaches to event generation and simulation of detector responses are needed. In LHCb, the accurate simulation of Cherenkov detectors
takes a sizeable fraction of CPU time. An alternative approach is described here, when one generates high-level reconstructed observables
using a generative neural network to bypass low level details. This network is trained to reproduce the particle species likelihood function
values based on the track kinematic parameters and detector occupancy. The fast simulation is trained using real data samples collected by
LHCb during run 2. We demonstrate that this approach provides high-fidelity results.

Comments: Proceedings for 19th International Workshop on Advanced Computing and Analysis Techniques in Physics Research. (Fixed typos and added one missing
reference in the revised version.)

Subjects: Instrumentation and Detectors (physics.ins-det); Machine Learning (¢s.LG); High Energy Physics - Experiment (hep-ex)
Cite as: arXiv:1905.11825 [physics.ins-det]
(or arXiv:1905.11825v2 [physics.ins-det] for this version)
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| HCb detector

Collision
point

RICH1 Tracker

A. Maevskiy — Lambda, NRU HSE 05.02.2020

Muon system

Hadron
Calorimeter

E-M Calorimeter
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| HCb detector

RICH1
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| HCb detector

Full simulation of RICH
detectors takes ~30% of
total simulation time

RICH1
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| HCb detector

RICH1

A. Maevskiy — Lambda, NRU HSE

05.02.2020

Full simulation of RICH
detectors takes ~30% of
total simulation time

Our model using GANs runs
at least 100 times faster

21



Ring Imaging Cherenkov Detectors (RICH)
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Ring Imaging Cherenkov Detectors (RICH)
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Implementation details

e Jrained on real data!
- 20176 calibration samples

* sPlot technigue used for signal
extraction
- we apply s-weights to the loss function

* |Independent models for each of the
particle types

e Cramér GAN used
- advancement of WGAN
- more information in the backup

A. Maevskiy — Lambda, NRU HSE 05.02.2020

Data
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Preprocessing
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1.91 <=ETA <=2.84

2.84 <=ETA <=3.39

Results

3.39<=ETA <=4.88
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Detector responce to kaons and pions
(real data vs generated with GAN)
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LHCDb preliminary
AAUC/o(AAUC), using RichDLLK, kaons VS pions
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Performance in full-stack implementation
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The agreement is
good and allows to

use these results in
further analyses

* PID performed combining information from all LHCb
subsystems, part of which was simulated using GANs

 The simulated proton identification efficiency is
compared with an independent sample of calibration
data as a function of the proton momentum
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summary

* GANs are a really fascinating area of research in DL

* They are of great interest to experimental HEP as they provide a
natural tool for fast-simulation

e Fast simulation of LHCb RICH detectors using GANs shows promising
results

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Wasserstein gaistance

How to define it formally”
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Wasserstein gaistance

How to define it formally”

Say, we have a plan of how much earth to move from x1 to x»: 7(331, 5132)
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Wasserstein gaistance

How to define it formally”

Say, we have a plan of how much earth to move from x1 to x»: W(CISl, 5132)

Since we want to get from P to O, our plan has to satisty these conditions:

/ (1. 29)dzy = OQls). / (1. 29)dws = ()

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Wasserstein gaistance

How to define it formally”

Say, we have a plan of how much earth to move from x1 to x»: W(CISl, 5132)

Since we want to get from P to O, our plan has to satisty these conditions:

/v(xhxz)dm = Q(z2), /v(xhxz)dxz = P(1)
The cost for some particular values x1 and xz is: dC = ||x1 — xo||y(z1, 22)dx1dzs

distance amount
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Wasserstein gaistance

How to define it formally”

Say, we have a plan of how much earth to move from x1 to x»: W(CISl, CCg)

Since we want to get from P to O, our plan has to satisty these conditions:

/v(xbxz)dm = Q(z2), /v(xhxz)dxz = P(1)
The cost for some particular values x1 and xz is: dC = ||x1 — xo||y(z1, 22)dx1dzs

Then, total cost can simply be written as: distance amount

C = //’7($1,QZ‘2)H$1 — $2Hd$1d$2
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Wasserstein gaistance

How to define it formally”

Say, we have a plan of how much earth to move from x1 to x»: W(CISl, CCg)

Since we want to get from P to O, our plan has to satisty these conditions:

/v(xbxz)dm = Q(z2), /v(xhxz)dxz = P(1)
The cost for some particular values x1 and xz is: dC = ||x1 — xo||y(z1, 22)dx1dzs

Then, total cost can simply be written as: distance amount

= //7($1, $2)|‘$1 T $2Hd$1d$2 — 4:$17$2N7(5U17$2)“$1 o sz

A. Maevskiy — Lambda, NRU HSE 05.02.2020 28



Wasserstein gaistance

How to define it formally”

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Wasserstein gaistance

How to define it formally”

Let 71 be the set of all plans that convert P into O, I.e.:

T = {”r 1 /W(wlaxz)d% = Q(x2), /V(flaxz)dl‘z = P($1)}

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Wasserstein gaistance

How to define it formally”

Let 71 be the set of all plans that convert P into O, I.e.:

T = {”Y 1 /W(fﬂ‘la@)dfﬁl = Q(x2), /”r(flafl?é)dmz = P(ﬁl)}

Then, the Wasserstein distance Is defined as:

EMD(P, Q) = inf B, vy ||71 — 22|

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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WGAN

(Wasserstein GAN)

Imagine a GAN trying to minimize EMD between the real
and generated distributions. You may be wondering:

EMD(P, Q) = inf B, vy ||71 — 22|

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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WGAN

(Wasserstein GAN)

Imagine a GAN trying to minimize EMD between the real
and generated distributions. You may be wondering:

How would that be better

than a regular GAN?

And more importantly...

EMD(P, Q) = inf B, vy ||71 — 22|
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WGAN

(Wasserstein GAN)

Imagine a GAN trying to minimize EMD between the real
and generated distributions. You may be wondering:

How would that be better

than a regular GAN?

How does one calculate this
And more importantly... maadness?!

L '
(P 13
'/ ‘<.;,'/' \
) o
\ S ’ ‘\\
[ =

A. Maevskiy — Lambda, NRU HSE 05.02.2020




Kantorovich-Rupbinstein duality

(or how to calculate EMD)

EMD(P, Q) = inf Eq, oyr |71 — 22

disclaimer: not a strict
mathematical derivation

A. Maevskiy — Lambda, NRU HSE 05.02.2020 31



Kantorovich-Rupbinstein duality

(or how to calculate EMD)

EMD(P, Q) = inf Eq, oyr |71 — 22

Let's add the following term to this expression:

-+ irvlf SlJ];p iy o~y Eswpf(s) — “ZtNQf(t) — (f(z1) — f(x2))]

f(x) — real-valued function

disclaimer: not a strict
mathematical derivation
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Kantorovich-Rupbinstein duality

(or how to calculate EMD)

EMD(P, Q) = inf Eq, oyr |71 — 22

Let's add the following term to this expression:
+ int SUp 4:’961@2“’7 [{"SNPf(S) o 4:’tNQf(t) o (f(fl) T f(QEQ))]

b Y~ >

f(x) — real-valued function These cancel outwhenvyem
otherwise supremum over f(x) goes to +oo

disclaimer: not a strict
mathematical derivation
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Kantorovich-Rupbinstein duality

(or how to calculate EMD)

EMD(P, Q) = inf Eq, oyr |71 — 22

Let's add the following term to this expression:
+ int SUp 43281,$2N7 [{"SNPf(S) o 4:tNQf(t) o (f(fl) T f('CEQ))]

b Y~ >

f(x) — real-valued function These cancel out when y e 7
otherwise supremum over f(x) goes to +oo

disclaimer: not a strict
mathematical derivation

Theretore, we can remove the «y e m condition from the whole expression:

= i%f Sl}p oy ,aany |71 — T2|| + Esup f(8) — Eing f(E) — (f(21) — f(22))]

A. Maevskiy — Lambda, NRU HSE 05.02.2020 31



Kantorovich-Rupbinstein duality

(or how to calculate EMD)

EMD(P, Q) = inf Eq, oyr |71 — 22

Let's add the following term to this expression:
+ int SUp 43281,$2N7 [{"SNPf(S) o 4:tNQf(t) o (f(fl) T f('CEQ))]

b Y~ >

f(x) — real-valued function These cancel out when y e 7
otherwise supremum over f(x) goes to +oo

disclaimer: not a strict
mathematical derivation

Theretore, we can remove the «y e m condition from the whole expression:

= Inf Sup oy o~y 1T — T2l + Esop f(s) — Bt f(E) — (f(21) — f(22))]
Infimum and supremum operations can be swapped under certain conditions
(satisfied here — see https://vincentherrmann.qgithub.io/blog/wasserstein/ for more detailed info)

A. Maevskiy — Lambda, NRU HSE 05.02.2020 31
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Kantorovich-Rupbinstein duality

(or how to calculate EMD)

disclaimer: not a strict
mathematical derivation

= supint Eoop f(5) = Bengf (1) + Bay eamr [llor = 22l] = (F(@1) = f(22))]
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Kantorovich-Rupbinstein duality

(or how to calculate EMD)

disclaimer: not a strict
mathematical derivation

= supint Eoop f(5) = Bengf (1) + Bay eamr [llor = 22l] = (F(@1) = f(22))]

Consider the following case: |f(a) — f(b)| < |la — b||, Va, b
We'll denote it as: ||f]|L <1
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Kantorovich-Rupbinstein duality

(or how to calculate EMD)

disclaimer: not a strict
mathematical derivation

= supint (v f(s) ~ B (1) + oy rons [l = wal] = (F(oa) = F(2))
| By aan [l = oall = (Fle) — f(22)))

Consider the following case: |f(a) — f(b)| < |la — b||, Va, b
We'll denote it as: ||f]|L <1

For such case thisterm i1s 0

Otherwise the whole expression IS -oo
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Kantorovich-Rupbinstein duality

(Or hOW tO calculate EMD) disclaimer: not a strict

mathematical derivation

= supint (v f(s) ~ B (1) + oy rons [l = wal] = (F(oa) = F(2))
| oo [l =l = (/@) — S@2))]

Consider the following case: |f(a) — f(b)| < |la — b||, Va, b
We'll denote it as: ||f]|L <1

For such case this term is 0
Otherwise the whole expression IS -oo
Therefore we can finally rewrite the whole thing as:

EMD(P,Q) = sup [Egwpf(x) — Egngf(2)
[ flle <1
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Kantorovich-Rupbinstein duality

(Or hOW tO calculate EMD) disclaimer: not a strict

mathematical derivation

= supint (v f(s) ~ B (1) + oy rons [l = wal] = (F(oa) = F(2))
| By aan [l = oall = (Fle) — f(22)))

Consider the following case: |f(a) — f(b)| < |la — b||, Va, b
We'll denote it as: ||f]|L <1

For such case this term is 0
Otherwise the whole expression IS -oo
Therefore we can finally rewrite the whole thing as:

How is this
EMD(P,Q) = sup |[E.wpf(x) —E.vof(x)] BELEES

Nl <1
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WGAN

Algorithm 1 WGAN, our proposed algorithm. All experiments in the paper used
the default values oo = 0.00005, ¢ = 0.01, m = 64, ncritic = O.

Require: : «, the learning rate. c, the clipping parameter. m, the batch size.
Neritic, the number of iterations of the critic per generator iteration.

Require: : wy, initial critic parameters. 6, initial generator’s parameters.

1: while 6 has not converged do

2 for t = 0, ..., Neritic do

3 Sample {z(V}™  ~ P, a batch from the real data.
4 Sample {2V}~ p(z) a batch of prior samples.
O Gw < Vuw [% 221 fw(m(i)) — % ZZZ1 fw(gﬁ(z(i)))}
6 w — w + « - RMSProp(w, g.,)

7: w < clip(w, —c, c)
3

9
10
1
|2:

end for
Sample {2V}~ p(z) a batch of prior samples.
go < =V > imy fu(ge(zY))
0 < 0 — a - RMSProp(6, gg)
end while

https://arxiv.org/abs/1701.07875
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https://arxiv.org/abs/1701.07875

Blased Wasserstein gradients

Authors of https://arxiv.org/abs/1705.10743 showed
for EMD that expected sample gradients may differ

from true gradients Bernoulll distribution
This may lead to a wrong minimum: B(O) - Pz =0)=1-10
r~B(0):q
Px=1)=20
EMD (B(e*), B(e))
0.7 ¢ 0.7 ¢ 0.7 ¢
0.6 0.6 0.6 t
0.5 ¢ 0.5 0.5+
0.4 ¢ 0.4 ¢ 0.4 +
0.3 ¢ 0.3 0.3+
0.2 0.2 0.2
0.1 | batch size =1 0.1 | batch size =6 0.1 | batch size =5
0* = 0.6 0* = 0.6 6* =0.9
>0.0 0.2 0.4 0.6 0.8 To 0.0 0.2 0.4 0.6 0.8 To 00 0.2 0.4 0.6 0.8 1.0

Parameter {4
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Cramer and energy distances

f

CDFs for P and O

Cramer distance: 5(P,Q) := / — Fo(x))*dx
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Cramer and energy distances

O

Cramer distance 2(P.Q) — / (Fp(z) — Fo(z))2da

Nt

CDFs for P and QO

Energy distance — a natural extension of the Cramer
distance to the multivariate case:

E(P,Q) = 2*3a:1~g|\:v1 — @o|[ = By, o~ pllrr — @] = By, 0 < gllwe — 25|
Lo N
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Cramer distance 2(P.Q) — / (Fp(z) — Fo(z))2da

Nt

CDFs for P and QO

Energy distance — a natural extension of the Cramer
distance to the multivariate case:

E(P,Q) = 2*3a:1~g|\:v1 — @o|[ = By, o~ pllrr — @] = By, 0 < gllwe — 25|
Lo N

— preserves nice properties of EMD

A. Maevskiy — Lambda, NRU HSE 05.02.2020



Cramer and energy distances

Cramer distance:

g(PvQ):Q

~

4

A

v~ P||T1 — T2|| —
T2 ~ Q

A. Maevskiy — Lambda, NRU HSE

3P = |

.4‘|

A

O

N

a’;l,czzllrvPHxl _:EllH o

— preserves nice properties of EMD
— IS proven to have unbiased sample gradients
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Cramer and energy distances

Cramer distance:

E(P,Q) =2

~

4

A

v~ P||T1 — T2|| —
T2 ~ Q

3P = |

.4‘|

A

O

N

a’;l,azllrvPHxl _:CllH o

— preserves nice properties of EMD
— IS proven to have unbiased sample gradients

1
In one-dimensional case: [5(P, Q) = §S(P, Q)

A. Maevskiy — Lambda, NRU HSE
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CDFs for P and O

Energy distance — a natural extension of the Cramer
distance to the multivariate case:
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Cramer GAN

E(P,Q) =2E,, ~ pllz1 — 22|| —
T2 ~ Q)

A. Maevskiy — Lambda, NRU HSE

4‘|

A

:Bl,a?’lrvPH'rl _xllH o

4

:Bz,a;’QNQHxQ o x/QH

https://arxiv.org/abs/1705.10743
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Cramer GAN

E(P, Q) = 2%1~5Hw1 — @2|| = By, o ~pllzr — 21| = Eq, o < gllo2 — 25|
Lo N

Actually, this can already be used to train just the
generator (regression task)

https://arxiv.org/abs/1705.10743
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Cramer GAN

E(P,Q) = 2Bz, ~pllz1 — z2|| =By or w pllzr — 21| — E
.CEQNQ

:Uz,:c’QNQHxQ o x/ZH

Actually, this can already be used to train just the
generator (regression task)

However, much better quality can be achieved with a
critic transforming P and Q into P* and O%*;

»Cgenerator — E(P*, Q*)

Leritie = —E(P*, Q") + regularization
r~P*:x=f(2"), ' ~P
r~Qia = f(), 7~ Q

https://arxiv.org/abs/1705.10743
30
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Cramer GAN

E(P, Q) = 243x1~g|\w1 — @2|| = By, o ~pllzr — 21| = Eq, o < gllo2 — 25|
Lo N

p.

p.

Actually, this can already be used to train just the
generator (regression task) Regularization (e.g. GP)

needed to prevent critic from
However, much better quality can be achieved with a e REE S AL

critic transtorming P and Q into P* and QO*:

»Cgenerator — E(P*v Q*)
Leritie = —E(P*, Q") + regularization
r~P*:x=f(2"), ' ~P
reQia = @), 2~ Q
https://arxiv.org/abs/1705.10743
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Cramer GAN

E(P, Q) = 2%1~5Hw1 — @2|| = By, o ~pllzr — 21| = Eq, o < gllo2 — 25|
Lo N

p.

p.

Actually, this can already be used to train just the

generator (regression task) Regularization (e.g. GP)

needed to prevent critic from
However, much better quality can be achieved with a e REE S AL

critic transtorming P and Q into P* and QO*:

ﬁgenerator — g(P*, Q*) e ‘ y
Leritie = —E(P*, Q) + regularization n the paper ‘surrogate’ loss
r~ P :x=fx'), 2’ ~P
v~ Qir =), 4~

(x1 — 0) Is used to avoid
sampling from data twice

https://arxiv.org/abs/1705.10743
30
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Evaluating generative models
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Evaluating generative models

* No single guide to follow

* Approaches are very problem-specific

- E.g. perceived visual quality of ge
mass distribution
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Evaluating generative models

* No single guide to follow

. Approaches are very problem-specific

- E.g. perceived visual quality of generated images vs. quality of a generated invariant
mass distribution

- Most solutions are adapted to or invented for a given particular task

 We'll mention some notable examples

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Evaluating generative models

(most obvious thing to do)

¢ By-eye comparison

- Compare

- There mig
simply loo

ndividual objects or w

K bad

A. Maevskiy — Lambda, NRU HSE
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Evaluating generative models

(simple things to do)

 Compare meaningful physical characteristics

- Integral characteristics (e.g. total energy of a calorimeter cluster)
- Means, medians, standard deviations, etc.

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Evaluating generative models

(simple things to do)

 Compare meaningful physical characteristics
- Integral characteristics (e.g. total energy of a calorimeter cluster)
- Means, medians, standard deviations, etc.

o Statistical tests (Chi2, Kolmogorov-Smirnov, etc.)

- Between individual dimensions or projections
- p-values might look insane, probably better to compare the statistics themselves

A. Maevskiy — Lambda, NRU HSE 05.02.2020



Evaluating generative models

(the ‘additional classifier’ way)

* Train an independent classifier (e.g. xgboost) to distinguish real and
fake samples

* Evaluate your GAN by checking the classifier’'s score (e.g. ROC AUC)

* Pros:
- An objective quality measure

e Cons:
- Resource consuming
- Requires hyper-parameter tuning
- May get picky to things that are not important

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Evaluating generative models

(Inception score)
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(Inception score)

* |ntroduced in https://arxiv.org/abs/1606.03498
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Evaluating generative models

(Inception score)

* |ntroduced in https://arxiv.org/abs/1606.03498

* Apply the Inception model (pre-trained image classifier) to obtain
conditional label distribution p(y|x) for each image x
- this should be low-entropy (the classifier should be certain)
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Evaluating generative models

(Inception score)

* |ntroduced in https://arxiv.org/abs/1606.03498

Apply the Inception model (pre-trained image classifier) to obtain
conditional label distribution p(y|x) for each image x
- this should be low-entropy (the classifier should be certain)

calculate marginal p(y) = jp(y\x = G(2))p(z)dz
- this should be high-entropy (diversity of samples)
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Evaluating generative models

(Inception score)

* |ntroduced in https://arxiv.org/abs/1606.03498

* Apply the Inception model (pre-trained image classifier) to obtain
conditional label distribution p(y|x) for each image x
- this should be low-entropy (the classifier should be certain)

e calculate marginal p(y) = jp(y\x = G(2))p(z)dz
- this should be high-entropy (diversity of samples)

e Combining these two requirements:

[S = exp (% :KL(p(yIfE)Hp(y)):>

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Evaluating generative models

(Frechet Inception Distance — FID)
https://arxiv.org/abs/1706.08500
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Evaluating generative models

(Frechet Inception Distance — FID)
https://arxiv.org/abs/1706.08500

e One of drawbacks of IS is that it doesn’t care about the true distribution
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Evaluating generative models

(Frechet Inception Distance — FID)

https://arxiv.org/abs/1706.08500

e One of drawbacks of IS is that it doesn’t care about the true distribution

* |nstead one can compare distributions of activations at some Inception
layer (originally — last pooling layer)
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Evaluating generative models

(Frechet Inception Distance — FID)

https://arxiv.org/abs/1706.08500

e One of drawbacks of IS is that it doesn’t care about the true distribution

* |nstead one can compare distributions of activations at some Inception
layer (originally — last pooling layer)

* The authors proposed calculating the Fréchet (aka Wasserstein-2)
distance
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Evaluating generative models

(Frechet Inception Distance — FID)

https://arxiv.org/abs/1706.08500

e One of drawbacks of IS is that it doesn’t care about the true distribution

* |nstead one can compare distributions of activations at some Inception
layer (originally — last pooling layer)

* The authors proposed calculating the Fréchet (aka Wasserstein-2)
distance

* Distance between multivariate Gaussian approximations:

FID = ||ptr — ptg]|? + Tr(Sr + £y — 2(2,5,)?)
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Evaluating generative models

https://arxiv.org/abs/1806.00035 (Precision and Recall)
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Evaluating generative models

https://arxiv.org/abs/1806.00035 (Precision and Recall)

Definition 1. For a, 5 € (0, 1|, the probability distribution () has precision « at recall 5 w.r.t. P if
there exist distributions p, vp and vg such that

P=pPBu+(1—-B)vp and Q=au+ (1—a)vg. (3)
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Evaluating generative models

https://arxiv.org/abs/1806.00035 (Precision and Recall)

Definition 1. For a, 5 € (0, 1|, the probability distribution () has precision « at recall 5 w.r.t. P if
there exist distributions p, vp and vg such that

Decomposition with (1—PB)vp and Q= ap+(1—a)vg. (3)
a common part
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Evaluating generative models

https://arxiv.org/abs/1806.00035 (Precision and Recall)

Definition 1. For a, 5 € (0, 1|, the probability distribution () has precision « at recall 5 w.r.t. P if
there exist distributions p, vp and vg such that

Decomposition with (1—PB)vp and Q= ap+(1—a)vg. (3)
a common part

Definition 2. The set of attainable pairs of precision and recall of a distribution () w.r.t. a distribution
P is denoted by PRD(Q, P) and it consists of all (c, B) satisfying Definition 1 and the pair (0, 0).
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Evaluating generative models

https://arxiv.org/abs/1806.00035 (Precision and Recall)

Definition 1. For a, 5 € (0, 1|, the probability distribution () has precision « at recall 5 w.r.t. P if
there exist distributions p, vp and vg such that

Decomposition with (1—B)vp and Q=au+ (1—a)vg. (3)
a common part

Definition 2. The set of attainable pairs of precision and recall of a distribution () w.r.t. a distribution
P is denoted by PRD(Q), P) and it consists of all («, B) satisfying Definition 1 and the pair (0, 0).

1 l 1 l .
. ._ I J _
(a) (b) (c) (d) (e) (f)

Figure 2: Intuitive examples of P and Q).

1 p o p p L
0 l_ ﬁ . L k
0 1 0 1 0 1 0 1 0 1 0 1
(a) (b) (<) (d) (e) ()

Figure 3: PRD(Q), P) for the examples above.
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Evaluating generative models

https://arxiv.org/abs/1806.00035 (Precision and Recall)

Definition 1. For a, 5 € (0, 1|, the probability distribution () has precision « at recall 5 w.r.t. P if
there exist distributions p, vp and vg such that

Decomposition with (1—B)vp and Q=au+ (1—a)vg. (3)
a common part

Definition 2. The set of attainable pairs of precision and recall of a distribution () w.r.t. a distribution
P is denoted by PRD(Q), P) and it consists of all («, B) satisfying Definition 1 and the pair (0, 0).
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Evaluating generative models

https://arxiv.org/abs/1806.00035 (Precision and Recall)

Definition 1. For a, 5 € (0, 1|, the probability distribution () has precision « at recall 5 w.r.t. P if
there exist distributions p, vp and vg such that

Decomposition with (1 —a)vg. (3)
a common part

Definition 2. The set of attainable pairs of precision and recall of a distribution () w.r.t. a distribution
P is denoted by PRD(Q, P) and it consists of all (c, B) satisfying Definition 1 and the pair (0, 0).

I B . —

I J —
(b) (c) (d) (e) (f)
Figure 2: Intuitive examples of P and ().

B L B 5 B

IRV

0 10 10 10 10 10 1
(a) (b) (c) (d) (e) (f)
Figure 3: PRD(Q), P) for the examples above.

* [he authors provide an algorithm to
calculate It for discrete distributions

* [hey convert Inception activations to
discrete distribution using k-means
clustering 0
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Evaluating generative models

More on the subject
extensive comparison of a
large variety of measures):

https://arxiv.org/albs/1802.03446

Measure

Description

A. Maevskiy — Lambda, NRU HSE

Quantitative

1. Average Log-likelihood [18, 22|

Coverage Metric [33]

Inception Score (IS) [3]
Modified Inception Score (m-IS) [34]

Mode Score (MS) [35]

Al

6. AM Score [36]

7. Fréchet Inception Distance (FID) [37]
8. Maximum Mean Discrepancy (MMD)
[38]
9. The Wasserstein Critic [39]

10. Birthday Paradox Test [27]
11. Classifier Two Sample Test (C2ST) [40]

12. Classification Performance [1, 15]

13. Boundary Distortion [42]

14. Number of Statistically-Different Bins
(NDB) [43]

15. Image Retrieval Performance [44)]

16. Generative Adversarial Metric (GAM)
31]

17. Tournament Win Rate and Skill
Rating [45]

18. Normalized Relative Discriminative

Score (NRDS) [32]

19. Adversarial Accuracy and Divergence
|46]

20. Geometry Score [47]

21. Reconstruction Error [48|

22. Image Quality Measures [49, 50, 51]
23. Low-level Image Statistics [52, 53]
24. Precision, Recall and F; score [23]

e Log likelihood of explaining realworld held out/test data using a density estimated from the generated data
(e.g. using KDE or Parzen window estimation). L = % > log Priodel (%)

e The probability mass of the true data “covered” by the model distribution
C := Pyata(dPpoder > t) with t such that Py, odei(dPmoder > t) = 0.95

e KLD between conditional and marginal label distributions over generated data. exp (Ex [KL (p(y | x) || p (¥))])

e Encourages diversity within images sampled from a particular category. exp(Ex, [Ex; [((KL(P(y|x;)||P(y|x;))]])

e Similar to IS but also takes into account the prior distljibution of the labels over real data.
exp (Ex [KL (p (y | x) [ p (¥*"*™))] =KL (p(v) | (¥*"*")))

e Takes into account the KLD between distribu.tions of training labels vs. predicted labels,
as well as the entropy of predictions. KL(p(y*™*™™) || p(y))+Ex [H (y|x)]

e Wasserstein-2 distance between multi-variate Gaussians fitted to data embedded into a feature space
1
FID(r,g) = ||lur — pgll3 + Tr(Sr + Bg — 2(2,5g)?)

e Measures the dissimilarity between two probability distributions P and P, using samples drawn independently
from each distribution. My (P, Py) = Ex x/~p, [k(x,x")] — 2Eprr,yNPg [k(x,y)] + Ey’y/NPg [k(y, y")]

e The critic (e.g. an NN) is trained to produce high values at real samples and low values at generated samples

W (Xtest, Xg) = 27 Doney f (Keest[i]) = 2 Soiey f(xgli))

e Measures the support size of a discrete (continuous) distribution by counting the duplicates (near duplicates)

e Answers whether two samples are drawn from the same distribution (e.g. by training a binary classifier)

e An indirect technique for evaluating the quality of unsupervised representations
(e.g. feature extraction; FCN score). See also the GAN Quality Index (GQI) [41].

e Measures diversity of generated samples and covariate shift using classification methods.

e Given two sets of samples from the same distribution, the number of samples that
fall into a given bin should be the same up to sampling noise

e Measures the distributions of distances to the nearest neighbors of some query images (i.e. diversity)

e Compares two GANs by having them engaged in a battle against each other by swapping discriminators
or generators. p(x|y = 1; M) /p(x|y = 1; M5) = (p(y = 1|x; D1)p(x; G2))/ (p(y = 1|x; D2)p(x; G1))

e Implements a tournament in which a player is either a discriminator that attempts to distinguish between
real and fake data or a generator that attempts to fool the discriminators into accepting fake data as real.

e Compares n GANs based on the idea that if the generated samples are closer to real ones,
more epochs would be needed to distinguish them from real samples.

e Adversarial Accuracy. Computes the classification accuracies achieved by the two classifiers, one trained
on real data and another on generated data, on a labeled validation set to approximate Pgy(y|x) and Pr(y|x).
Adversarial Divergence: Computes KL(Py(y|x), Pr(y|x))

e Compares geometrical properties of the underlying data manifold between real and generated data.

e Measures the reconstruction error (e.g. Lo norm) between a test image and its closest
generated image by optimizing for z (i.e. ming||G(z) — x(*te5t)||2)

e Evaluates the quality of generated images using measures such as SSIM, PSNR, and sharpness difference

e Evaluates how similar low-level statistics of generated images are to those of natural scenes
in terms of mean power spectrum, distribution of random filter responses, contrast distribution, etc.

e These measures are used to quantify the degree of overfitting in GANSs, often over toy datasets.

Qualitative

1. Nearest Neighbors

2. Rapid Scene Categorization [18§]

3. Preference Judgment [54, 55, 56, 57|
4. Mode Drop and Collapse [58, 59]

5. Network Internals [1, 60, 61, 62, 63, 64]

e To detect overfitting, generated samples are shown next to their nearest neighbors in the training set

e In these experiments, participants are asked to distinguish generated samples from real images
in a short presentation time (e.g. 100 ms); i.e. real v.s fake

e Participants are asked to rank models in terms of the fidelity of their generated images (e.g. pairs, triples)

e Over datasets with known modes (e.g. a GMM or a labeled dataset), modes are computed as by measuring
the distances of generated data to mode centers

e Regards exploring and illustrating the internal representation and dynamics of models (e.g. space continuity)
as well as visualizing learned features

05.02.2020
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Training on "noisy"

data

* Training on real data rather than simulated events allows to

avoid calibration-related issues

» Special datasets were selected with a selection strategy

carefully studied to avoid bias on t

 The data is contaminated with bac

he PID variablest

kground events

» Signal can be statistically extractec
likelihood fit

with a maximum

sPlot technique®™ was utilized to extract the signal

distributions of the output variables

- loss function was weighted with the s-weights

TAaij, R., Anderlini, L., Benson, S. et al. Selection and processing of
calibration samples to measure the particle identification performance
of the LHCb experiment in Run 2. EPJ Techn Instrum 6, 1 (2019)

M. Pivk and F. R. Le Diberder, sPlot: A statistical tool to unfold data
distributions, Nuclear Instruments and Methods in Physics Research

Section A: Accelerators, Spectrometers, Detectors and Associated
Equipment 555 (2005) 356-369

A. Maevskiy — Lambda, NRU HSE

s-weight

events density, a.u.
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L

sPlot demonstrated on toy data

1.0 4

signal + background mixture that can
be statistically disentangled (e.g. with

0.2 1

a maximum likelihood fit)

sPlot technique allows one to reconstruct per-
component distributions of variables that are

0.0
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0.5 1

independent from the discriminative variable
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—0.5 A1

\ it does so using Weights (“s-weitghts“) calculated
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05.02.2020

45



FAST LHCb CALORIMETER SIMULATION

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Setup

 LHCDb inspired calorimeter in GEANT4
» 30x30 cells

e 5 conditional parameters per particle

» 3D momentum
» 2D coordinate

e Electrons from particle gun shot at 1x1
cm square at the center of the

calorimeter face

A. Maevskiy — Lambda, NRU HSE 05.02.2020
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Vlodel architecture

Discriminator
------ D(x)
HlGi’Il ‘Cj;N[Pfake[_D(i’ﬂ T Hy o :l) \
> Score
:él Tx1
/ Generator e ,
mg:.] t _;O_x;(:_ 32x32x32 e D (aj)
PX, PY, p.Z, t
conca
A Regressor (pretrained)
nc;i1se —> NZSXSXS — | ke NN | T 0
X 32x32x32  30x30 \
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Physms -motivated Characterlstlcs
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|dea: convert each cluster to a meaningful single value
» Then compare real vs generated distributions of such values
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Other HEP uses of GANs
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EM calorimeter shower fast simulation m ATLAS

The Calorimeter

Deep Generative Models for Fast Simulation in ATLAS
2-D Axis: pvs n

GvomSu» t (CERN), Alshik Gf‘osh i Rousseau (LAL, Orsay), Kyle Cranmer (NYU), Mcheie Fauce! Glannel, Serena
Palazzo (Un vetse,olEdnnro'*) St Gss atsch, Tobias Golling, Johrny Rane, Dala Salamani, vaamryrm

UniGa), Giles Louppe lumoo)

Particle goes through 4 layers in this order:

0. Pre-Sampler : Some energy deposit

1. Strips: Very granular in n; more energy deposit

2. Middle: Thickest layer, maximum energy deposit b B | i

3. Back: Little Energy deposits

Generating output for 3D calorimeter
structure (4 calorimeter layers, 266
output channels)

https://indico.cern.ch/
event//668/72/
contributions/3357991/
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EM calorimeter shower fast simulation m ATLAS

The Calorimeter

Deep Generative Models for Fast Simulation in ATLAS
2-D Axis: ¢ Vs n

Graerne Stowart (CERN), Alshik Ghosh, David Rousseas (LAL, Orsay), Kyle Cranmer (NYU), Mcheie Fauce! Glannel, Serena
P University of Ednburgh), Stefan Gadatsch, Tobias Golling, Johrny Rane, Dala Salamani, Siava Voloshynovekily
§ Lox )

Particle goes through 4 layers in this order:

0. Pre-Sampler : Some energy deposit

1"; | k. Ve, B R (sec by
VA
1. Strips: Very granular in n; more energy deposit % R o R T R V"
* :‘,4.‘ B ::j ‘ ,. : i, .-'?f .-f ’7'. C\%;/g =
2. Middle: Thickest layer, maximum energy deposit e R b L Bl /»\\,//,\
PRV S5 55 55 85 B B 8 A/

3. Back: Little Energy deposits

Generating output for 3D calorimeter
structure (4 calorimeter layers, 266

Evaluating GAN performance output channels)

through physics observables
(A'r], AQO, Esim/Etruth, etc.)

https://indico.cern.ch/
event//668/72/
contributions/3357991/
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EM calorimeter shower fast simulation m ATLAS

Deep Generative Models for Fast Simulation in ATLAS

Evaluating GAN performance

through physics observables
(A'r], AQO, Esim/Etruth, etc.)

https://indico.cern.ch/
event//668/72/
contributions/3357991/

A. Maevskiy — Lambda, NRU HSE

2-D Axis: p vs n

The Calorimeter

Particle goes through 4 layers in this order:

0. Pre-Sampler : Some energy deposit

1. Strips: Very granular in n; more energy deposit

2. Middle: Thickest layer, maximum energy deposit ‘

3. Back: Little Energy deposits
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Generating output for 3D calorimeter
structure (4 calorimeter layers, 266

05.02.2020
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® = 3 =3 ] =
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€ crtic |58 £ 9 19 £ 9
n 3 b — .o
output | § ™2 %2 o2 -
o o c® c o

Giles Strong'

output channels)

Two critics trained
simultaneously

(additional critic to look at the

total energy distribution)
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High granularity calorimeter tast simulation for CLIC
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Dlscrlmlnator

https://indico.cern.ch/

event/766872/
contributions/3357987/
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High granularity calorimeter tast simulation for CLIC

o« ) Batch
\ Weight k |
intel . ‘ eF?x. y'e;ne normalization
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o o . CE R N Cj
-y > m)
1= Openlab ™ A
ngle .
Energy Reshepe Ux:m;\g Convol tlonl Convojution5 Convolutioné Convolution? Generated
. Image
High Granularity Calorimeter | - Generator e - <
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...................................................................

Co nylmomt

Dlscrlmlnator

Evaluating with >200 physics
observables!!!

https://indico.cern.ch/
event/766872/
contributions/3357987/
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High granularity calorimeter tast simulation for CLIC

—

._.'31 CERN
1= Openlab

High Granularity Calorimeter
Simulation using Generative
Adversarial Networks

3D Generative Adversarial Networks for High Energy Physics
Calorimeter Simulation

Co nylmond .

DISCI’ImInatOI'

Evaluating with >200 physics
observables!!!

https://indico.cern.ch/

+ using structural similarity
e.venlt/ 766872/ index (SSIM) on calorimeter
contributions/3357987/ images
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High granularity calorimeter tast simulation for CLIC
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Simulation using Generative
Adversarial Networks - m
3D Generative Adversarial Networks for High Energy Physics ___________________________________________________________________ Sum
Calorimeter Simulation '
------------------------------------------------------------------- Bin counts
|.|' /I’> - |
Co nvol tiond Flattenit © >

Discriminator

Sparse images with

~65000 pixels!!!

Evaluating with >200 physics

observables!!!
https://indico.cern.ch/ ——
+ using structural similarity
e.venlt/ 766872/ index (SSIM) on calorimeter
contributions/3357987/ images
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High granularity calorimeter tast simulation for CLIC

Discriminator
also predicts
energy
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