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Modern machine learning techniques, including deep learning, is rapidly being applied, adapted, and developed for high energy physics. i
The goal of this document is to provide a nearly comprehensive list of citations for those developing and applying these approaches to I
i ical, or analyses. As a living document, it will be updated as often as possible to incorporate
th i reviews i i |
me. s

can be found within. Papers are grouped into a small set of topics to be

as useful as possible. Suggestions are most welcome.

https://iml-wg.github.io/HEPML-LivingReview/

Generative models: new examples from estimated pdf

(GANs, normalizing flows, diffusion models)

Xnew ~ Pgen (X) = Derye(X)

Fast simulations Standardized and robust model evaluation is crucial!

Data augmentatlon - R. Kansal, A. Li, J. Duarte, N. Chernyavskaya, M. Pierini, B. Orzari, T. Tomei
arxiv:2211.10295

- A. Coccaro, ML, H. Reyes-Gonzalez, R. Torre arXiv:2302.12024

- R. Das, L. Favaro, T. Heimel, C. Krause, T. Plehn, D. Shih
arXiv:2305.16774

- J. Gavranovic, B. P. KerSevan arXiv:2310.08994

Anomaly detection

Background estimation
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Evaluation of generative models

Address the problem as a two-sample test:
reject Hy: Pgen = Ptrue fromdata X ={x;} ~ Pue, ¥ = i} ~ pgén

Define a test statistic t: R"XR™ —» R
Compute observed test t,,s = t(X,Y)

Assess p(t) under the null hypothesis H,, p(t]Ho)
* Analytic
* Toyst(X,X") .
* Permutations :
* Bootstrap |

* p(tobs) = ftzobsp(tlHO)dt - Z = q)_l(l - p(tobs))
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Evaluation of generative models

Large scale and multivariate regime: prioritise sensitivity or efficiency.

e From univariate to multivariate tests . Coccaro, ML, H. Reyes-Gonzalez, R. Torre arXiv:2302.12024

S. Grossi, R. Torre, to appear soon

* The New Physics Learning Machine R.Tito D'Agnolo, A. Wulzer arXiv:1806.02350
ML, G. Losapio, M. Rando, G. Grosso, A. Wulzer, M. Pierini, M. Zanetti,

L. Rosasco arXiv:2204.02317

G. Grosso, ML, M. Pierini, A. Wulzer arXiv:2305.14137

P. Cappelli, G. Grosso, ML, H. Reyes-Gonzalez, work in progress
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From univariate to multivariate tests

A. Coccaro, ML, H. Reyes-Gonzalez, R. Torre arXiv:2302.12024
S. Grossi, R. Torre, to appear soon

Some metrics:

* Dimension-avg KS test

_ 1 .
Dy, = sgp|Fp(x) — Fq(x)| , D = 32 p®
i
* Sliced 1-Wasserstein distance N.Bonneel, J. Rabin, G. Peyré, and H. Pfiste, JMIV (2015)
1 .
Wi(p,q) = f |Fp (x) — F, (x)| dx, SWD = Ez Wl(l) (randomly on a hypersphere)
l

* Maximum mean discrepancy (a.k.a. KPD) a. Gretton, k. M. Borgwardt, M. J. Rasch, B. Schélkopf, A. Smola, JMLR (2012)

MMD? = ;gg(rap [f ()] = Eq[f (x)])
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From univariate to multivariate tests

S. Grossi, R. Torre, to appear soon

Benchmark: mixtures of g Gaussiansin N
dimensions

Deformations:
e ¢ shiftinthe means

* ¢ shiftin the standard deviations
* Both

UniGe ’ MakGa

For each case and test, find €:
reject Hy at level a = 0.95,0.99.

In this synthetic case, we can use the exact
likelihood-ratio test to provide a notion of best
performance (Neyman-Pearson lemma)

L(e=0
t =log (Z(e) )
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From univariate to multivariate tests

S. Grossi, R. Torre, to appear soon

n = 10000, nyys = 10000,q = 3,N = 5.

PDF for MoG null with g=3, N=5, n=m = 10K, niter = 10K PDF for MoG null with g =3, N=5, n=m = 10K, njte; = 10K PDF for MoG null with g =3, N=5, n=m = 10K, Njter = 10K
T T T
! Null distribution ! Null distribution | Null distribution
" o | —— Kolmogorov PDF n 100 68% CL (x> 0.69) " i 68% CL (x> 0.06)
£ 10 \ i 68% CL (x> 0.91) 2 95% CL (x> 0.97) S i 95% CL (x> 0.28)
g \ 95% CL (x> 1.14) g 99% CL (x> 1.19) E 100 99% CL (x> 0.50)
S ? 99% CL (x> 1.29) S 5
Q ! o %
3 1 $ 8
8 10- i $ 10 3
S107 ; 3 E]
2 ! a & 107!
Q I a fol
s i kS s
— ! — —
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i £ 1072
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21 2 21072
i ‘ i
0.6 0.8 1.0 1.2 1.4 1.6 1.8 04 06 08 10 12 14 16 18 0.0 0.2 0.4 0.6 0.8 1.0

diep (x103)

ol
S

Statistic | €gsocr,  €gg0r, T (5) ‘ €gsncr  €ooncr L7 (8) ‘ €oscr,  €ooncr, 17 (9) ‘ tell (s)
tLLR 0.0011 0.0016 1422 | 0.0014 0.0021 1178 | 0.00091 0.0013 1316 -
D 0.009 0.013 779 | 0.02 0.028 714 | 0.0076 0.011 689 59
D 0.027 0.037 739 | 0.056 0.078 701 | 0.023 0.031 727 826
W 0.046 0.064 521 | 0.093 0.13 479 | 0.041 0.058 561 422

|-z 0.059 0.083 630 | 0.15 0.24 569 | 0.053 0.075 041 30
drpD 0.077 0.1 605 | 0.16 0.22 510 | 0.069 0.094 569 439
dxpD 0.12 0.16 918 | 2.5 2.8 357 | 0.12 0.16 925 2197
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From univariate to multivariate tests

S. Grossi, R. Torre, to appear soon

n = 10000, nyys = 10000,q = 5,N = 20.

PDF for MoG null with g =5, N =20, n=m = 10K, njter = 10K PDF for MoG null with g =5, N =20, n=m = 10K, Njer = 10K PDF for MoG null with g =5, N =20, n=m = 10K, njter = 10K
Null distribution i Null distribution Null distribution
. ~T —— Kolmogorov PDF 1004 68% CL (x> 0.69) 5 68% CL (x> 0.15)
10 68% CL (x> 0.92) 95% CL (x> 1.02) 10%4 95% CL (x> 0.56)
95% CL (x>1.18) 99% CL (x> 1.26) ‘ 99% CL (x> 0.92)
99% CL (x> 1.37) i i

10714 10774

1071 \

1024

Number of pseudo-experiments
Number of pseudo-experiments
Number of pseudo-experiments

i
i

2 1.4 16 1.8 04 06 08 10 12 14 16 0.0 05 Lo L5 2.0

diep (x103)

0.6 0.8 1.0

ol
N

Statistic | €osncr  Coowor  tr (8) | €s%0L  €ooncr L () | €5l Coocr 7 (8) ‘ el (s)

ILLR 0.00058 0.0008 5447 | 0.00079 0.0011 5368 | 0.00049 0.00065 6230 -
D 0.01 0.015 2148 | 0.027 0.039 1971 | 0.0097  0.014 2170 446
WF 0.064 0.092 1678 | 0.54 0.69 1338 | 0.064 0.092 1773 90
D 0.074 0.1 1887 | 0.22 0.33 1659 | 0.067 0.095 1853 1125
drpD 0.12 0.16 1694 | 0.36 0.47 1427 | 0.11 0.15 1642 512
7% 0.12 0.17 1791 | 0.39 0.58 1658 | 0.11 0.16 2036 692
dxpD 0.24 0.32 1588 | 2.9 3.3 1136 | 0.24 0.32 1598 2027
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From univariate to multivariate tests

S. Grossi, R. Torre, to appear soon

n = 10000, nyys = 10000,q = 10, N = 100.

MakGa

PDF for MoG null with g =10, N =100, n =m = 10K, njter = 10K

a4

Number of pseudo-experiments

Null distribution

—— Kolmogorov PDF

68% CL (x>0.91)
95% CL (x >1.09)
99% CL (x>1.22)

S

Number of pseudo-experiments

10°

1071

1072

PDF for MoG null with g =10, N =100, n =m = 10K, njter = 10K
T

Null distribution

68% CL (x > 0.32)
95% CL (x> 0.41)
99% CL (x > 0.46)

PDF for MoG null with g =10, N =100, n=m = 10K, Njter = 10K
T

Number of pseudo-experiments

Null distribution

68% CL (x>0.12)
95% CL (x> 0.29)
99% CL (x > 0.43)
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le-05
0.0076
0.082
0.12
0.13
0.13
0.28

4213

617
834
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4.4 284

0

0.0035
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0.099
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le-05
0.006

0.08
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4309

678

1041
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468
462
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8442
5075

o7
2185
2971
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Testing normalizing flows in high-dimensions

A. Coccaro, ML, H. Reyes-Gonzalez, Riccardo Torre arXiv:2302.12024

Correlated mixtures of Gaussians Coupling and autoregressive flows:
qg=73 * RealNVP

N = 4 —400 * MAF
* Rational quadratic splines

Ntest = Nirain = 10°

10t CMoG - Average best models CMoG - Average best models CMoG - Average best models
RealNVP —— Rejectat 1o RealNVP —— Reject at 1o RealNVP —— Reject at 1o
--4+- MAF —— Reject at 20 --4- MAF —— Reject at 20 --4- MAF —— Reject at 20
-4- C-RQS —— Reject at 30 2 -4- C-RQS —— Reject at 30 -4- C-RQS — Reject at 30
0 = 1
RO - A-RQS L | - A-RQS L 10°7 4 ARQS
L L v
0 @ @
b= = 10! ®
2 2% g
7 J\ [ 2 z
g A S g g
0 L L ] "':'_"_‘:'."—'1 = % £ 10°;
-~ I i n
R l t s I
1 l
100,
4 8 16 32 64 100 200 400 4 8 16 32 64 100 200 400 4 8 16 32 64 100 200 400
Number of dimensions Number of dimensions Number of dimensions
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The New Physics Learning Machine

R. Tito D'Agnolo, A. Wulzer arXiv:1806.02350

ML, G. Losapio, M. Rando, G, Grosso, A. Wulzer, M. Pierini, M. Zanetti, L. Rosasco arXiv:2204.02317
G. Grosso, ML, M. Pierini, A. Wulzer arXiv:2305.14137

Likelihood ratio goodness-of-fit test with with supervised learning

Reference (y = 0)

Likelihood-ratio
| > ocrar p(x|1)
test statistic ty (V) ~
| “|||||||||||||||||||||||n... fw = fo fw = lo

{l] g
: o — Density ratio fy p (x | 0)
Data (v = 1) s / ‘ |

(] 2 [\

. \

i o /V—j
| “‘“““"“"h" || . data/reference
. 0 oot seference

to(Data) = —2 2 log f (x)

x€Data

Multivariate; unbinned; efficient; no data splitting.
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The New Physics Learning Machine

Univariate

a.u.

— Reference
=+ Tail bump
— — Bulk bump

= Non-resonant

6
5 Peak in the Tail, 4 Neurons, No cut
4
Median NN
3
N 2
1
0 B
-1 Median Ideal '
0 1 2 3 4 5
Z;
6
Excess in the Tail, 4 Neurons
5 No cut
4
Median NN
3
N 2
1
0
-1 Median Ideal
0 1 2 3 4 5
Zia

Signal Reconstruction

Ideal
— Leamed
e Toy

- o o

n(x|1)/n(x|0)

7

0.4 06 08

Signal Reconstruction

Ideal
2.50{ — Leamed
e Toy

n(x|1)/n(x|0)

Multivariate

DIMUON (Sd) 7 @ SUSY (8d), N(S)=200,350,500,650
5 @® mz=200Gev, N(S) =40, 60, 80 B HIGGS (21d), N(S)=1000,1500,2000,2500
mz =300Gev, N(S) = 20, 30, 40
4 ® mz=600Gev,N(S)=6,10,15 5
B c.=1012,15Tev2 N(S)=41,41,53
3 P
0
e [=]
3
N 2 N
2 +
1
) }
0
-1 - - - - - - -1+ - - -
3 4 5 6 7 8 9 6 8 10 12 14 16
Signal reconstruction Signal reconstruction
10
—e— Toy 108{ —o— Toy /
—e— Learned —e— Learned
8 Ideal Ideal
— — 1.06
= =3
X e E3
i é 1.04
=, =
3 E3
c < 1.02
2 /
0 7 \ 1.00 \//j
0 200 200 600 300 00 05 10 15 20 25 30 35
my(GeV) Mg

Table 1 Average training times per single run with standard deviations (low level features and reference toys). Note that time measured in hours
(for NN) and seconds (for Falkon)

Model DIMUON SUSY HIGGS
FLK 449+34s (18.2 £1.2) s 227+ 04)s
NN (423£0.73)h (73.1£10)h (112+9h

Bold values indicate the lowest for each column (lower is better)
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The New Physics Learning Machine

P. Cappelli, G. Grosso, ML, H. Reyes-Gonzalez, work in progress

End-to-end simulations with normalizing flows: F. Vaselli, F. Cattafesta, P. Asenov, A. Rizzi arXiv:2402.13684

Particle jets dataset with PYTHIA + Delphes-like smearing (pp — tt).

16 features, n=1M, m=200K, firaining = 25 S.

0.016
| x3(dof=398.24)
I =3 tdistribution
0.014 I = ts=877.92
|
0.012 Il Z=~100
|
0.010 |
> |
G 1
£ 0.008
9} |
e |
0.006 I
|
0.004 I
|
0.002 |
|
0.000 - ‘ -
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MakGa
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0.008
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0.006

0.004

0.002

0.000

(A, M) = (1e-06, 8000)
Target y?(dof=398.24)

|
| e
| =1 ¢ distribution
| ==+ t_obs
|
| p~ 098
|
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https://arxiv.org/abs/2402.13684

Conclusion

* Modern machine learning provides powerful methods to accelerate HEP research.

* Robust evaluation methods and uncertainty quantification is crucial for applications in
precision sciences.

* We discussed nonparametric methods to evaluate generative models based on the
framework of two-sample testing.

* We explored techniques that prioritise either efficiency or sensitivity, the latter based on
machine learning.

https://github.com/NFAHEP

https://github.com/GaiaGrosso/NPLM package THANK YOU

https://github.com/FalkonHEP
https://github.com/mletizia/FalkonNPLM 1D
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https://github.com/NF4HEP
https://github.com/GaiaGrosso/NPLM_package
https://github.com/FalkonHEP
https://github.com/mletizia/FalkonNPLM_1D

The New Physics Learning Machine

G. Grosso, ML, M. Pierini, A. Wulzer arXiv:2305.14137

Train-test split

1i-100 —— w/split —— NPLM-NN
7'2-a 7'2-b 7'-3-a EFT
1.0 ; : W
0.8 & R
N 0.6
A
N 0.4
A
0.2
0.0
0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
Z, D Zy Zy Z,
Different metrics
np-100 ---- AN/v/N(R) o KS(OUT) —— CyM(OUT) —+— AD (OUT) —4— NPLM-NN
7'2-a 7'2-b 7'3-a Z-3b EFT

o~ ACCy;;-NN  —+— ACC,;;,-NN  —4— AUC-NN == NPLM-NN
Z'-3-a Z'-3-b EFT
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