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Generative models: their
evaluation and their imitations
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Why do we need generators in HEP

The need for the generation of "synthetic" data is a direct consequence of the
scientific method:

Simulation of an experiment is the only known way to deduce and estimate
the observable consequences of a given theoretical hypothesis

It is critical in science for various reasons

o Help define the expectation for a given observable, which is essential to design
the experiment

e Itis atthe basis of statistical inference, both Frequentist and Bayesian
o Statistical hypothesis testing in the Frequentist approach requires the knowledge of
the outcome of theoretically infinite experiments under a given (null) hypothesis
o Bayesian posterior inference needs marginal integrals of the posterior distribution,
which can (almost always) only be obtained through numerical integration (sampling)
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Generators and generative models

Generator

@1 algorithm that, given a probability density function (PDI%
can draw samples from it. The PDF may be known or unknown

and there may be additional random noise in the generation

process.

Generative model

amodel that learns the underlying PDF from some (traim
data. The parameters determining the PDF are not known a
priori but are extracted (fit) through the training process.

A

(noise)

\ p(x|0) Lo samples Y

e Generation may be performed by directly drawing
from the pdf (e.g. when cdf is known)

e MCMC techniques when no direct sampling is possible
(Metropolis-Hasting, Gibbs Sampling, Affine Invariant,

etc.)
e Examplesin HEP are
o MadGraph
o Pythia
(@)

e Noise may be represented by Delphes, Full Detector
Sym, etc.
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fit model 0
—— samples

{ data )
\ | P(f|data) p(z|0)

e The PDF estimated from data is rarely known
analytically so that sampling is usually performed
with dedicated techniques

e Examplesare

Normalizing flows (density estimation for free)

Generative Adversarial Networks (GANSs)

Variational AutoEncoders (VAEs)

Autoregressive models/Transformers (GPTs)

Diffusion models

O O O O O O

Generative models: their evaluation and their limitations



Why do we want generative models?

e No generator exists

Almost all commercial applications fall in this category
(content creation, chatbots, machine translation, etc)

e Generator exists but is too slow/inefficient

Almost all HEP applications. One may aim at two different
results

(1 Increase speed at fixed statistics

1 Increase statistics at fixed sampling time
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Why do we want generative models?

e No generator exists

Almost all commercial applications fall in this category
(content creation, chatbots, machine translation, etc)

e Generator exists but is too slow/inefficient

Almost all HEP applications. One may aim at two different
results

4 Increase speed at fixed statistics

X Increase statistics at fixed sampling time

* *with some caveats
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Statistical augmentation: generator

(noise)

Generator p(x|f) —— samples
e Unbiased sampling is possible (either through "exact" methods or MCMC)
e Statistics may be increased to reduce statistical uncertainty

Ogen

o = ——
Hgen
) Vgen

e Example: Gaussian model with zero mean and unit variance (simplest possible generator)

Sample ...sample more... ...sample more...

N =100 N = 10,000 N = 1,000,000
0.7 Mean = -0.197 0.7 Mean = -0.010 0.7 Mean = -0.001

Error on Mean = 0.098 Error on Mean = 0.010 Error on Mean = 0.001
0.6 10 interval: -1.197 - 0.838 0.6 10 interval: -0.997 - 0.990 0.6 10 interval: ~1.001 - 1.000
20 interval: —2.026 - 1.751 20 interval: —2.027 - 1.966 20 interval: -2.002 - 1.998
0.5 30 interval: -2.400 - 2.654 0.5 30 interval: -2.967 - 2.983 0.5 30 interval: -3.020 - 3.006
0.4 0.4 0.4
0.3 0.3 0.3
0.2 0.2 0.2
0.1 0.1 0.1
| .

W= -2 0 2 4 00—, -2 0 2 4 LA -2 0 2 4

Riccardo Torre Generative models: their evaluation and their limitations



Statistical augmentation: GM

Generative model

e Sampling is conditioned on the train data

e Eventhough statistics increases, the uncertainty does not decrease for Ngey, > Nirain

data fit model
p(60|data)

0

(noise)

A

p(z|0)

samples

e Example: Gaussian model fit to 100 points: population mean/variance are the best unbiased

estimators of the mean/variance (simplest possible generative model, can even be sampled exactly!)
...sample more...

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0
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-4

Sample/Train

N =100
Mean = -0.197
Error on Mean = 0.098
10 interval: -1.197 - 0.838
20 interval: -2.026 - 1.751
30 interval: -2.400 - 2.654

...sample...

T

N =10,000

0.7 Mean = -0.207
Error on Mean = 0.097

0.6 10 interval: -1.170 - 0.769
0.5 20 interval: -2.176 - 1.721

- 30 interval: -3.094 - 2.715
0.4
0.3
0.2
0.1
0.0

-4 -2 0 2 4
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0.7
0.6
0.5
0.4
0.3
0.2
0.1

0.0-

T

-4

-2

N = 1,000,000

Mean = -0.198
Error on Mean = 0.098
10 interval: -1.174 - 0.778
20 interval: -2.152 - 1.753
30 interval: -3.145 - 2.737




In practice it is even worse!

We now have an upper limit on the "fidelity" that a Generative Model can have:

Samples generated by the best possible Generative Model
are indistinguishable from samples generated by a generator
built from the true underlying model within a statistical
uncertainty determined by the size of the training sample

Reality is different and is affected by several effects:
e Data modeling: underlying model is generally not known
e Training efficiency: depending on the architecture, number of parameters, structure of
the Generative Model, training, which usually is a numerical optimization task, may not
yield the best result
e Hyperparameters: optimization of the GM may be difficult due to several
hyperparameters on which it depends

e Noiseintrain data: data may contain further noise that "fool" the training procedure
([
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How do we evaluate fidelity of GMs?

This question obviously depends on some other questions:
e which level of precision do we need?
e on which observable do we need such precision?

The level of precision required in scientific applications is
usually far above the one required in commercial ones!

A common strategy is to perform two-sample hypothesis testing

The approach depends on the information we have:
1. Boththe generator and the GM PDFs are known (as for the Gaussians models)

2. PDFs are not known but we can generate both with some original generator

and with the GM
3. We have a finite sample from the original distribution and can only draw

samples with the GM
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Two-sample hypothesis testing

r~p—X={x;},i=1,...n, Hy:p=aq,
Data: : Hypothesis:

y~qg—Y ={y;}, j=1,...m H,:p+#q
Test statistic:  ¢: (X)" x (X)™ = R Observation: tq,s = (X, Y)

Threshold: o = P(t > to|Ho) = / F(t| Ho)dt
ta

p-value/Z-score: pgns = P(t > tobs|Ho), Zobs = @71 (1 — Popbs)

e Depending on the scenario the null distribution is computed with different techniques:
Monte Carlo, re-sampling, etc.

e Two-sample tests are usually symmetric in p and g; adapting to a goodness-of-fit testing
framework we turn p into a reference and g into an alternative (asymmetric test)

N Hy: XY ~p
ew hypothesis: H X ~p Y ~g
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Our approach

Non-parametric two-sample testing beyond 1D is an open problem in
statistics, due to the curse of dimensionality (volume grows exponentially, data
become sparse, and tests loose power)
Whenever available, (log-)Likelihood-ratio (LLR) is the most powerful test
thanks to the Neyman-Pearson lemma (obviously LLR is a parametric test)
Tests based on classifiers (Neural Networks, Kernel Methods, etc.) can
approximate the LLR when it is not known (see A. Wulzer talk)
Our goals are

o Introduce a methodology to test tests

o Test performance of efficient metrics based on 1D integral probability

measures (IPMs) such as Wasserstein Distance or KS test
o Compare with existing multivariate metrics
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The metrics

1 1
tsw = 7 Z (ﬁ > |z —af ) Sliced Wasserstein distance (SW)
o .
d
beg = %i 7 SUP | FI(u) — G ()] Dimension averaged KS test (KS)
=i
0 0 2
tsks = GEZQ o P | F%(u) — G2 (u) | Sliced KS test (SKS)
tMMD = ——— sz(xi,mj)-i- sz(yz,yg sz(%,% ;
’I’L(’I’L 1) i=1 j#1 =1 gi=%0 =1l g=ll
4
with: k(z,z’) = Gm%’ + 1) Maximum Mean Discrepancy (MMD)

d
trgp = lim Z(“{,n — i3 )? +tr (El,n + Xgm — 2\/21,,122,,”) Fréchet Gaussian Distance (FGD)

tim = —2log ﬁg Log Likelihood Ratio (LLR)

Riccardo Torre Generative models: their evaluation and their limitations 10



Riccardo Torre

Our methodology

Start from reference p, and use it to compute the null distribution

Define an alternative g by deforming p with well defined deformations
depending on a single parameter ¢

Since tests have very different performance for different sample size and
deformation do not compare them at fixed ¢, but at "fixed precision"

In other words, build a meaningful comparison close to a decision boundary (in
the same region of the null distribution)

For each deformation and sample size, compute the value of € excluded at

some Confidence Level by each metric

Generative models: their evaluation and their limitations 11



Optimization problem

Given a value of the CL 1-a, there are two different optimization problems
depending on whether the test is parametric or not
1. For non-parametric tests the null hypothesis does not depend on the
alternative (deformed) distribution, and therefore on
€, = argmin |t(e) — tg|
€
2. For parametric (LLR) test, also the null hypothesis depends on the alternative

distribution, and therefore on e
€, = argmin |t(e) — tg (€)|
€

All tests have been performed for 95% and 99% CL and for varying sample size

Riccardo Torre Generative models: their evaluation and their limitations

12



Distributions/deformations

Toy distributions Physics Datasets
e d dimensional multivariate Correlated Gaussians e JetNet gluon dataset with jet level features
(CG)-d=5,20, 100 e JetNet gluon dataset with (30) particle level
e mixture of q components d dimensional features
multivariate Gaussians (MoG) - (d,q) = (5,3), (20,5), N = 10K, 20K, 50K with re-sampling
(100,10)
N = 10K, 20K, 50K, 100K with Monte Carlo
Deformations
(1) p-deformation : Yil = Tif + 0,1, Opr ~ Uj_c ¢
(2) Xr-deformation : Yir = pr + csr(xir — pr), csr ~ U 14
. I I I
(3) Xjzr-deformation : Yir =), Pz(] ).’Bj[, Pi(j ) = Pz(] )(e)
(4) pow,-deformation:  y;; =sign(zir)|zir|'T, €>0
(5) pow,-deformation : y;r = sign(z;7)|zir|'™¢, €>0
(6) N -deformation : Yil = Xi1 + 041, O ~ ./\/'0,6
(7) U-deformation : Yir = Tir + 0i1, Oir ~ U_¢ ¢

Riccardo Torre Generative models: their evaluation and their limitations 13



- »Toy models: null distributions

PDF for MoG nu/l With g =5, d =20, 0= m = 50K, nger = 10K 1o s COF for MoG null with g =5, d= 20, 1 = m = 50K, Ny = 10K PDF for MoG null with q = 5, d'= 20, n =m = 50K, fizer = 10K L0 g COF for MoG nu | with g = 5, =20, 1 =m = SOK. ey = 10K
Null distribution ¥ Null distribution 1 Null distribution T | Null distribution
2 68% CL (x>0.63) r 68% CL (x>0.63) P — Komagorov PDF | — Koimogorov CDF
g 1 95% CL (x> 0.87) 95% CL (x> 0.87) 2 1 68% CL (x>0.92) | 68% CL (x>0.92)
g y 99% CL (x> 1.05) 99% CL (x> 1.05) £ N 95% CL (x> 1.15) 95% CL (x>1.15)
H i 101 ] 99% CL(x>133) | 1o 3 99% CL (x>1.33)
] o | $ {
P ! ) |
107! il g 107! & i
2 | 3 |
a i 102 { a i
5 ‘ 5 Wi
= | e \
2 | ] 2 23 |
E g4 ! 510 |
210 i 310
| 107 i
| 1073 |
04 06 0.8 10 12 14 04 06 0.8 10 12 14 06 08 10 12 14 16 18 06 08 10 12 14 16 18
tsw tsw s tis
PDF for MoG nul with g =5, d =20, 1= m = 50K, nigee = 10K Lo ¢_COF for MoG nul with =5, d=20, 0= m = 50K, e = 10K PDF for MoG null with g = 5, d'= 20, 1 i = 50K, figer = 10K CDF for MoG null with g = 5, d= 20, n = m = 50K, Nger = 10K
Null distribution o Null distribution Null distribution 10° o Null distribution
% — — Kolmogorov PDF — Kolmogorov CDF " 68% CL (x>0.01) 68% CL (x>0.01)
£ 100 68% CL (x>0.91) 68% CL (x>0.91) £ 0 95% CL (x>0.12) | 95% CL (x>0.12)
£ 95% CL (x>112) | 0|/ 95% CL (x>1.12) £ 99% CL (x>022) | ., 104 99% CL (x>0.22)
S 99% CL (x>1.26) 99% CL (x>1.26) 5
g < g
3 ~ S
3 $
B g 1w
Z10 4 10-2 § oxa0t
& \ 2
s 1 ‘s
T | 10!
£ il £ ;
£ - a0t
210 ! L2 E] ) 10
[ 10-2 ‘
0.6 08 10 12 14 16 0.6 08 10 12 14 16 00 01 02 03 04 00 01 02 04
tses tss troo (%10) trgo (%10)
PDF for MoG null with g =5, d=20, n=m = 50K, figer = 10K 100 r—COF for MoG | with g =5, d=20. n=m = 50K, e = 10K
Null distribution Null distribution
68% CL (x> 0.01) | 68% CL (x>0.01) c—
. 95% CL (x> 0.25) | 95% CL (x> 0.25) q —
M IXtu re 10° 1 99% CL (x> 0.48) | 99% CL (x> 0.48) ,

of
Gaussians

- | d = 20,

s | | m=n=>5-10%

1072

Number of pseudo-experiments
5

0.0 0.2 0.4 06 0.8 1.0 1.2 0.0 0.2 04 0.6 0.8 1.0 1.2
tump tamp
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Toy models: deformations

Y. rr-deformation(e = 0.5)

‘ rﬁt = Reference distribution

| mmmm Reference distribution
mmmm Deformed distribution 1A mmmm Deformed distribution

-—- 68.27% HDI | --- 68.27% HDI
—.= 95.45% HDI —:— 95.45% HDI
------ 99.73% HDI weee 99.73% HDI

x2

x2
Vv o v ¢

X3
% o e
x3

3

\,

s
o

Xs
3 OO *)J JO )'J
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Xz X1

Xs Xs Xa X3

Xg X7

X2o X19 X1 X17 Xis X15 X14 X13 Xi12 X11 Xio Xp

X1 Xz

Riccardo Torre

X3 X4 Xs

Toy models: deformations

Y12 j-deformation(e = 0.5)
[

X1

Xg Xs Xz Xz X2

Xg X7

Xo

Xz¢ X9 Xig X7 X1 X15 Xig X13 Xy12 Xi1 Xio

Xg X7 Xg Xg Xip X11 X12 X1y X4 X35 Xig X17 X1s Xie Xz X1 X2 Xy Xz Xs Xg X7 Xg Xe Xyo X11 X2 X13 X4 Xis Xig X17 X1g Xig X20

Generative models: their evaluation and their limitations

1.00

0.25

0.00

-0.25

~0.50

-0.75

-1.00
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Toy models: results

MoG model with d =20, q=5, and n=m = 5-10*

p~-deformation

Y.;;-deformation

CG model with d =20 and n=m

=5-10%

p~deformation

¥;;-deformation

Statistic | egscL €99%CL t(s) | eoscL €99%CL t (s)

tsw 0.04957+9-538 0.0669413:17 3023 | 0.016791050, 0.0231510-604% 3197

trs 0.0048273-991%  0.0066710:091% 2966 | 0.0017570-09952  0.002487590042 3185

tsks 0.03647+0-51 0.04821 19512 2899 | 0.0132970:00%, 0.01759+0-502 3022

traD 0.0577870:030 0.078775:051 4047 | 0.01945+5-9562 0.02651% 0 000 4507

tavp | 0.0442570-918 0.0621510:0;7 10204 | 0.00923F90028  0.0130570 00y 11217

tLiR 0.0002170:0001%  0.000370-5001 5911 | 0.000071000005  0.0001F5-0580° 6304
¥ 2;-deformation pow . -deformation

Statistic | egs%0L €99%CL t(s) | eossoL €99%CL t (s)

tsw 0.0216275:0056 0.0293570:0043 3410 | 0.00581F300%7  0.0079815:5012 3157

txg 1.001460 0000 1.002387 000030 3967 | 0.0004700001>  0.0005970-09012 3363

tsks 0.0230619 0o4s 0.030791 0055 3553 | 0.004375:0003 0.0056510-0007% 3193

traD 0.0055170-00%5  0.0074870°0013 6327 | 0.0070270 0054 0.0096575-0018 4870

tamp | 0.017237509%,  0.024311300%7 11450 | 0.00332% 0001,  0.00467100017 11801

tLLR - - - | 0.00002F500001  0.0000215 00001 6877
pow _-deformation N-deformation

Statistic | egsycL €99%CL t(s) | eosecL €99%CL t (s)

tsw 0.0060475-90L7 0.0082570:0018 3051 | 0.1931879:92 0.2270479:19 2403

tzs 0.0004273-0501%  0.00061700001% 3372 | 0.0075170002,  0.00993700038 2934

tsks 0.00441+3-50092 0.0057410-000¢7 3324 | 0.1587470023 0.18473+5-519 2726

traD 0.0072210-002+ 0.00987150015 4892 | 0.180951 3022 0.2126970-02° 3756

t\MMD 0.00353;%;%%2%1 0.00494§§;§§[})§1 11418 | 0.43531F5:9%° 0.516091 504 8642

tLir 0.0000275:5590  0.00002+8:5550 6991 | - . -

U-deformation Timing

Statistic ‘ €95%CL €99%CL t (s) | mull ()

tsw 0.3339410:044 0.3924815:033 2354 | 338

xS 0.0121173-053.  0.0157570-0527 2835 | 155

tsKs 0.2739570-05 0.318875:05° 2601 | 509

traD 0.31409%9-54 0.3691975-527 3643 | 2795

tMMD 0.7535310 18 0.8933610 005 7700 | 13860

[29:3 - - - -
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Statistic | egsycr €99%CL t(s) | eosseceL €99%CL t(s)
tsw 0.04948t+8;3%%22 0.06621§§j§§1 571 o.ozosgég;gg,i;g 0.02732;%%% 617
txs 0.04811%3:922  0.06605*9:92 407 | 0.02898109LL " 0.0402973:9¢ 434
tsks 0.0484170:021  0.0637270 53 655 | 0.026231000°7  0.03417+90082 694
trap 0.05029T0 055 0.065397005* 1886 | 0.0169575007  0.0221570:9585 1994
thMMD 0.059670:05° 0.0804175:426 7733 | 0.0232513001  0.031097951 8173
LR 0.0055610:003"  0.0079515-008 2441 | 0.0015310000,  0.00221000055 3081
X2;-deformation pow , -deformation
Statistic | egsycr €99%CL t(s) | eoswcL €99%CL t(s)
tsw 0.02783;%%}1}; 0.03884§§j§§§§ 1073 0.0046t§;§%%;2 0.00614£§;§§i§ 642
tes 102831+ 1.04211%% 1401 | 0.0060270° 0.00806+0" 459
XS Ik 081 108627 +0:0018
tsks 0.0383975:01  0.0510675:01, 1172 | 0.0050575:%17  0.0064618-5518 747
trap 0.0048370:0512  0.00631705011 3433 | 0.0041970061  0.0054F5-0017 2765
tmMbD 0.0309413-51% 0.042451351¢ 8963 | 0.0035870-0918  0.00483709018 8839
tLLR - - - | 0.00042100%058  0.0006170:00052 2919
pow _-deformation N-deformation
Statistic | egsycr €99%CL t(s) | eossecL €99%CL t(s)
tsw 0.00455T3 00,7 0.0060975 4015 587 | 0.2864170-547 0.3365410-557 535
s 0.005751 0003, 0.0077310-0015 461 | 0.321821002°  0.3832100% 393
tsks 0.00487F 0001 0.0063270:0015 750 | 0.2823710065  0.3281170:03% 612
trap 0.00411+3-8017 0.0054+3:961 2758 | 0.169927302  0.19447307% 2132
0.0015 0.0014 0.03 0.018
thMD 0.0034619:991% 000477799918 8990 | 0.7385279:95¢  0.85602139%> 5790
LR 0.00042153:05025  0.000615:95022 2930 | - - -
U-deformation Timing
Statistic ‘ €95%CL €99%CL t (s) ‘ ull ()
tsw 0.4951310:97°  0.5818+0:33 512 | 313
tes 0.5556210:995  0.6558510 g5 378 | 127
tsks 0.4884970:9%°  0.564767 0078 582 | 480
trep 0.292610:936 0.3369770:02% 2042 | 3821
thMD 1.285211012 1490041311 6502 | 13843
tLLR - - - | =

Generative models: their evaluation and their limitations
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JetNet datasets: deformations

Pr n Pr n
3 original 1 original 3 ariginal
0.0030 4 [ p-deformation €= 0.5 3 pow*-deformation € =0.5 12 1 pow*-deformation € =0.5
[ 3y-deformation £ = 0.5 a5 0.004 1 [ pow -deformation £ = 0.5 3 pow -deformation £ = 0.5
0.0025 L . rdeformation-deformation £ =0.5 N-deformation-deformation £ = 0.5 N-deformation-deformation £ = 0.5
1 v-deformation-deformation € = 0.5 10 1 u+deformation-deformation £ =0.5
04
0.003
5, 0.0020 7 > 3 onginal 1 > >~ 08
v o 1 v v
c (3 3 u-deformation £ = 0.5 c c
3 3% 3 gdeformation e =0.5 1 3 3
,-defor =
S 00015 3 y-deformation ¢ g 2 06
£ g %, »~deformation-deformation £ = 0.5 & 0002 2
02
0.0010 4 0.4
0.001
0.0005 Lo 0.2
0.0000 14 d ' i 0.0 . - ' ' 0.000 v 0.0
0 500 1000 1500 2000 2500 3000 3500 -3 -2 -1 1 2 3 0 2000 4000 6000 8000 -4 -2 0 2 4
Value Value Value Value
mylpr m; mylpr
o . I — S 2 . R - . I — — " . e S
0.012 3 original 3 Original 3 Original 25 3 onginal
33 p-deformation €= 0.5 3 p-deformation £=0,5 0.020 1 pow*-deformation £ =0.5 1 pow*-deformation £ =0.5
[ Ipdeformation e=0.5 12 [ Iydeformation £=0.5 [ pow -deformation £ =0.5 3 pow -deformation £ =0.5
prag %, - deformation-deformation £ = 0.5 %, rdeformation-deformation & = 0.5 A-deformation-deformation € = 0.5 20 A-deformation-deformation £ = 0.5
10 3 v-deformation-deformation £ = 0.5 3 v-deformation-deformation £ =0.5
e 0.015
z s z g1
< < [ <
S g E] E
g 0.006 T = T
g g6 £ 00101 g
& & & < 0
0.004
4
0.005
s
0.002 4 2
0.000 ey . 0 0,000 ) ;
300 400 500 600 0.00 0.05 035 o 250 500 750 1000 1250 1500 0.0 01 0.2 0.3 04 05
Value Value Value
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JetNet jet features: results

Jet features with n =m = 5-10%

Scaled Jet features with n =m =5 - 104

p-deformation

¥;;-deformation

Statistic

p-deformation

¥;;-deformation

Statistic | egsycL €99%CL t(s) | eosmoL €99%CL t(s) | eoswcr €99%CL t(s) | eoscrL €99%CL t(s)
tsw 0.0304919919  0.047131J913 1108 | 0.0462379:97  0.0632319:912 1141 tsw 0.01623790085  0.0209810-0049 12410 | 0.0208973957%  0.02834135977 1054
txs 0.01585705553  0.0192775:0043 17004 | 0.0208579505%  0.025677 00055 21589 tws 0.01585% o063 0.01927%0g0se 17174 | 0.0208570008*  0.02567 g00c, 38871
tsks 0.028157001%  0.034447001% 35328 | 0.0483870015  0.0630475:5:° 27128 tsks 0.0113%0002%  0.014170 005 32620 | 0.02254700000  0.02773700015 28803
trGD 0.039860-9%2 0061577001 11779 | 0.04333100%8  0.0593479:927 18470 trep 0.02106*0:00%5  0.02659%000es 11583 | 0.02133%00007  0.027417g00l 14254
LS 0.0494170057  0.0712005, 78077 | 0.0766910012  0.1123775:5%8 71497 EMMD 0.06739F 005 0.088021 0013 46972 | 0.0318+9:9%5, 0.04328T0015 28709
%2 j-deformation pow , -deformation ¥;+j-deformation pow  -deformation
. . . . oW
Statistic | egsycL €99%CL t(s) | egswcL E?OZM t(s) Statistic | €gs%cL €99%CL t(s) | eosucL 659%&, t(s)
99%CL
tsw 0.308013%% 0.45956+3-971 1033 | 0.0253575:9977  0.03745%3:59%¢ 1028 tsw 0.0503%0915 0.070520:013 1008 | 0.024651050%,  0.03314709%2 1025
txs 1.01892+0998¢  1.02245+0-91L. 19934 | 0.023273397¢  0.02698799L,, 35049 tis 1.0200975:0972  1.0281275:003 16410 | 0.0232+3:9074 0.0269810000s 35198
tsks 0.2959+9-12 0.40074*3 1L, 32727 | 0.0270975912 0.03452+5:017 28409 tsks 0.0620175:92, 0.07573%0-02, 35383 | 0.040210-913 0.04921+0-912 47807
traD 0.22063705%%  0.2986210:335 13459 | 0.0245470015 0.032155015 11640 trap 0.00627*0:001¢  0.0080970°0018 14008 | 00223770013 0.028170-05% 4 24967
tMMD 0.8037419-2 1.05932+397 " 31136 | 0.02933*30L  0.0374979:921 54684 tMMD 0.0794+9:939 0.112+2:931 29620 | 0.0189870582,  0.0247270542. 66075
pow _-deformation N-deformation pow _-deformation N-deformation
. . oW _ . . oW _
Statistic | €95%CL e;Q%CL t (s) | €95%CL egg%CL t (s) Statistic | €95%CL egg%CL t (s) | €95%CL e&g%CL t (s)
tsw 0.025531395%8  0.0366510007 1080 | 0.12904F5:029  0.1623515:52, 981 tsw 0.02527+3511 0.03513+-9984 993 | 0.1183610037  0.14062+0-028 910
txs 0.02125109% ~ 0.0264979:997* 15925 | 0.1057979914  0.1167213:912 28786 trs 0.0212573:9%,,  0.0264979397% 16472 | 0.1057975:51  0.11672+0912 31727
tsks 0.02682100%13  0.036071301, 47622 | 0.11163%0:022  0.12765%05)7 38615 tsks 0.0398613512  0.04873+0513 27407 | 0.08577%5 028 0.10148+9-52¢ 25899
trap 0.02511+9917 00335313916 18451 | 0.16887+30%5  0.1978379:04% 13634 traD 0.021635:555.  0.0295410918, 12892 | 0.0783373:995¢ 0.08847793954 13246
tMMD 0.03+3:92, 0.0411279-02} 39156 | 0.2530575:9%° 0.2955175-05% 52861 tvMD 0.0213370055.  0.02024+8:01L 68458 | 0.2603210:937 0.29897+9:928 42149
U-deformation Timing U-deformation Timing

Statistic | egsocL Hmor t(s) | ™0 (s) Statistic | egs%cr oL t(s) | ™ (s)

tsw 0.22631+3:92, 0.27734+3944 916 | 129 tsw 0.20487+9:942 0.243475:032 877 | 123

txs 0.1824679522  0.1993173:318 32276 | 1907 tes 0.1801815-022 0.1988470018 25630 | 1913

tsks 0.18837+9-93% 0.2133413:927 38491 | 4382 tsks 0.1452970-0%¢ 0.171913:5% 42277 | 4383

trGD 0.2779615:374 0.3446970-9%8 19098 | 1794 traD 0.13545°051%  0.1529979315 12782 | 1787

tMMD 0.49303751% 0.57279701% 55838 | 3504 tmMD 0.45177+9:96¢ 0.5208319:55, 56078 | 3504

Riccardo Torre

Generative models: their evaluation and their limitations

19



JetNet particle features: results

Particle features with n = m =5 - 10%

Scaled Particle features with n = m

=5.10*

p-deformation

¥;;-deformation

p-deformation

Yii-deformation

Statistic | egs%cL €99%CL t (s) ‘ €95%CL €99%CL t(s) Statistic | egsocL €99%CL t (s) ‘ €95%CL €99%CL t (s)
tsw 0.0263310:9998  0.03714+3:5052 849 | 0.0291313:012,  0.041081099%° 824 tsw 0.01334+0-50%8  0.01815+3:5057 1116 | 0.016610:5555 0.0212513%%, 1079
trs 0.013:9 004 0.0077170:0022 49525 | 0.0799'3 0.019047959% 55017 txs 0.07930% 0.007717 070055 58835 | 0.070 0" 0.01904F0001° 62555
tsks 0. 01592*3 0046 0.0233473:00%8 17572 | 0. 02735+0 0049 .0336279:9951 24987 tsks 0. o1275+§ §§§§ 0.01734t§;§§§§ 18356 0.02131t§;§§§Z 0. 02899f8§(0(,’%74 , 26542
trap 0. 04749*3 022 0.0646270013 30820 | 0. 04004“3 3}; 0.0556™ 001 25551 trep 0.01627%000¢  0.02025T000s7 39057 | 0.0146970'0ocs  0.018057 00053 27175
tmvp | 0.139675 1 0.21274*3%71 18527 | 0.06988700%  0.098610037 33217 tawvp | 0.01613F000%  0.02141400052 22841 | 0.0160610:055% 00208975592 33730
Yi#j-deformation pow_, -deformation ¥i#;-deformation pow +—deformat10n
Statistic | egsocr €99%CL t(s) | eosmcL Cooto t (s) Statistic | eosocL €99%CL t(s) | eosseorL oo t(s)
tsw 0.04883+9-%12 0.0697979:99%97 1966 | 0.02745+5:04.  0.0387210:90%8 806 tsw 0.0312870:00%° 004152790087 1424 | 0.018947995%5  0.02425%5:00% 1006
trs 0.999331000%°  1.0173210:005, 11225 | 0.0+5:3066 0.01141+55973 46010 s 0.99134F0038.  1.0153270-308 11987 | 0.075°%¢ 0.01141+9:5973 49091
tsks 0.0426770015 0.06018%9 014 29568 | 0. 03594“5 92l 0.05069F9:912 24821 tsks 0.03809t3;3}§7 0.0515+5-002 27313 | 0. 03552+§ 0085 0.043661050, 15487
traD 0.0264170:0958  0.03966 0 00%, 28408 | 0.02459%0015  0.03501 %0013 25798 trap 0.0026t%;§3853 0.00345%%§§g§§ 33338 0.01534+8 §§9§ 0.01886+§ §§§§ 24241
trMD 0.2596570:558  0.3532770008 16061 | 0.020541000s,  0.026577000s, 26195 tvmp | 0.01919%0007,  0.026147000¢ 20604 | 0.018961 0005 0.02428T(0007 27198
pow _-deformation N-deformation pow _-deformation N-deformation
Statistic | €95%CL eg;;)EL t (s) ‘ €95%CL e@é%CL t(s) Statistic ‘ €95%CL 5;;;;& t (s) ‘ €95%CL E{)\g%CL t (s)
tsw 0.02745%5:51L  0.0387275:99%8 809 | 0.1073370:022  0.13357F0:01¢ 691 tsw 0. 01%02;858333 0.02693f3§)%%§69 1006 0.10868%%;186%7 041277tg;og%;13 886
txs 0.073:9 0085 0.01323%5'0083 45685 | 0.065610:0:3  0.0870710018 7484 ixs 0.093:9 0.0132370:09%2 45323 | 0.065670:055 0.08707+0 915 22186
tsks 0. 03777*3 015 0.04837+3:91% 15966 | 0.0845613513  0.09935+3:9%%% 18276 tsks 0. 0356+8 0930 0.0472670°007 22261 | 0.10733%09072  0.1335770:0%0 24344
trGD 0.0224175:919 0.035375:919 26549 | 0.146087003%  0.175810922 23330 trGp 0.01543F0-%07 0.01852+0:0055 24968 | 0.04853709571  0.0570213:9951 24273
tMMD 0.02077%5:017 0.029397091S) 20263 | 0.3382710 055  0.3796470:9%% 19908 tMMD 0.0185910005  0.02501F5:098% 27960 | 0.2695310-535 0.30333+5:9%% 19782
U-deformation Timing U-deformation Timing

Statistic | egsycL oot t(s) |t (s) Statistic | egsycL oL t(s) |t (s)

tsw 0.1889+0:938 0.285110.028 625 | 150 tsw 0.1911613935  0.22462+5:02, 774 | 133

ts 0.1069370922  0.1419313:925 13565 | 2126 txs 0.1069310922  0.14193+0:02% 10646 | 1972

tsks 0.1445319:92 0.1779579:9%7 17723 | 4818 tsks 0.191161005°  0.22462F0:02, 16154 | 4379

trap 0.2516810-022 0.302897503¢ 23243 | 7351 trep 0. 08969+g ggg 0.1021575:025% 21825 | 6689

tMMD 0.5803919:1% 0.68761914 25557 | 3880 tMMD 0.48398+3532  0.5512+0922 14676 | 3605
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Full results

TensorFlow2 code

https://qgithub.com/TwoSampleTests/GMetrics

Code and results for toy models:

https://qgithub.com/TwoSampleTests/GenerativeModelsMetrics

Code and results for JetNet datasets:

https://github.com/TwoSampleTests/JetNetMetrics
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Summary

Generative models can replace generators only under specific assumptions
Being able to evaluate the fidelity of generative models, especially in high
dimensionality, is crucial

We made a step forward defining novel simple and efficient metrics/tests

We introduced a statistically robust methodology to compare metrics/tests
We have validated our procedure on several datasets, both using Monte Carlo
methods (when the PDFs are known) and resampling methods (when only
numerical samples are available)

We found that simple and efficient (highly parallelizable) extensions of 1D
metrics show comparable performance to more complicated multivariate
metrics
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Thank you for your
attention!



