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Machine Learning

Classification

Classification

CAT

LABELED
PHOTOS

DOG !
Z

Regression

https://becominghuman.ai/building-an-image-classifier-using-deep-learning-in-python-
totally-from-a-beginners-perspective-be8dbaf22dd8

Generation

3
CWolLa Hunting



Machine Learning

Classification

Regression

Regression

G e n e rati o n https://research.nvidia.com/sites/default/files/publications/dnn_denoise_author.pdf
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Machine Learning

Classification

http://karpathy.github.io/2015/05/21/rnn-effectiveness/
(]
Regression Generation
Proof. Omitted. a This since F € F and z € G the diagram
Lemma 0.1. Let C be a set of the construction. S
Let C be a gerber covering. Let F be a quasi-coherent sheaves of O- dules. We l
have to show that §—>Ox-
Oo, = Ox(L) ‘ \
‘an/. This .
-

an algebraic space with the composition of sheaves F on Xgyq wWe
have = —

Ox(F) = {morphy xo, (G.F)}
where G defines an isomorphism F — F of O-modules. m] sl X

Lemma 0.2. This is an integer Z is injective.

Proof. See Spaces, Lemma ??. (m] Spec(Ky) Morsees  d(Ouy,. )

is a limit, hen G is a finite type and assume S is a flat and F and G is a finite

Lemma 0.3. Let S be a scheme. Let X be a scheme and X is an affine open| |iype f.. This is of finite type diggeams, and
covering. LetU C X be a canonical and locally of finite type. Let X be a scheme. o the composition of G is a regular sequence,
Let X be a scheme which is equal to the formal complex. o Ox: s a sheaf of rings.

o
The following to the construction of the lemma follows.

Let X be a scheme. Let X be a scheme covering. Let

23 , = e
BXSY 4V ¥ ¥ g ¥ S X Proof. This is clear that § is a finite presentation, see Lemmas 72.

be a morphism of algebraic spaces over S and Y. A reduced above we conclude that U is an open covering of C. The functor F is a
= “field

Spec(R) and F is a finite type representable by
a finite morphism of algebraic stacks. Then the

ic space. The proper
of X is an open

Proof. Let X be a nonzero scheme of X. Let X be an algebraic ce. Let F be a Oxzs = Fz UOxyu) — Ox,0x,(0%,)
quasi-coherent sheaf of Ox-modules. The following are equivalent is an ixm.mpl;@.. of covering of Oy, . If F is the unique element of F such that X
is an isomorphism.
(1) F is an algebraic space over S. The property F is a disjoint union of Proposition ?? and we can filtered set of
(2) If X is an affine open covering. presentations of a scheme Ox-algebra with F are opens of finite type over S.
If F is a scheme theoretic image points. o

Consider a common structure on X and X the functor Ox(U) which is locally of
finite type.

If F is a finite direct sum Oy, is a closed immersion, see Lemma ??. This is a

sequence of F is a similar morph
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Proof. Omitted. O

Lemma 0.1. Let C be a set of the construction.
Let C be a gerber covering. Let F be a quasi-coherent sheaves of O-modules. We
have to show that
Oo, = Ox(L)

Proof. This is an algebraic space with the composition of sheaves F on Xz a1 we
have

Ox (F) = {morphy xox (G, F)}
where G defines an isomorphism F — F of O-modules. a

Lemma 0.2. This is an integer Z is injective.
Proof. See Spaces, Lemma ?7. O

Lemma 0.3. Let S be a scheme. Let X be a scheme and X is an affine open
covering. Let U C X be a canonical and locally of finite type. Let X be a scheme.
Let X be a scheme which is equal to the formal complez.

The following to the construction of the lemma follows.
Let X be a scheme. Let X be a scheme covering. Let

0: XY a9Ya2Ya2Y xxY a2 X
be a morphism of algebraic spaces over S and Y.

Proof. Let X be a nonzero scheme of X. Let X be an algebraic space. Let F be a
quasi-coherent sheaf of Ox-modules. The following are equivalent

(1) F is an algebraic space over S.
(2) If X is an affine open covering.

Consider a common structure on X and X the functor Ox(U) which is locally of
finite type. O

This since F € F and = € G the diagram

S —p
E—"OX'

gory,

=a ——a X

l

Morsers  d(Oxy,,.G)

is a limit. Then G is a finite type and assume S is a flat and F and G is a finite
type f.. This is of finite type diagrams, and

e the composition of G is a regular sequence,

e Oy is a sheaf of rings.

Spec(Ky)

(]

Proof. We have see that X = Spec(R) and F is a finite type representable by
algebraic space. The property F is a finite morphism of algebraic stacks. Then the
cohomology of X is an open neighbourhood of U. a

Proof. This is clear that G is a finite presentation, see Lemmas 77,
A reduced above we conclude that U is an open covering of C. The functor F is a
“feld

Ox.x . -r? 'I(O«’huhl iy O;}OX.\(O},,)
is an isomorphism of covering of Oy, . If F is the unique element of F such that X
is an isomorphism.
The property F is a disjoint union of Proposition 7?7 and we can filtered set of
presentations of a scheme O x-algebra with F are opens of finite type over S.
If F is a scheme theoretic image points. a

If F is a finite direct sum Oy, is a closed immersion, see Lemma ??. This is a
sequence of F is a similar morphism.
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Proof. Omitted.
&~

Proof. Omitted. O

Lemma 0.1. Let C be a set of the construction.
Let C be a gerber covering. Let F be a quasi-coherent sheaves of O-modules. We
have to show that
Oo, = Ox(L)

Proof. This is an algebraic space with the composition of sheaves F on Xz a1 we
have

Ox(}-) = {morplu XOx (g,}-)}
where G defines an isomorphism F — F of O-modules. O

Lemma 0.2. This is an integer Z is injective.
Proof. See Spaces, Lemma ?7. O

Lemma 0.3. Let S be a scheme. Let X be a scheme and X is an affine open
covering. Let U C X be a canonical and locally of finite type. Let X be a scheme.
Let X be a scheme which is equal to the formal complex.

The following to the construction of the lemma follows.
Let X be a scheme. Let X be a scheme covering. Let
0: XY a9Ya2Ya2Y xxY a2 X

be a morphism of algebraic spaces over S and Y.

Proof. Let X be a nonzero scheme of X. Let X be an algebraic space. Let F be a
quasi-coherent sheaf of Ox-modules. The following are equivalent

(1) F is an algebraic space over S.
(2) If X is an affine open covering.

Consider a common structure on X and X the functor Ox(U) which is locally of
finite type. O

This since F € F and = € G the diagram

S —p
E—"OX'

gory,

=a ——a X

l

Morsers  d(Oxy,, . G)

is a limit. Then G is a finite type and assume S is a flat and F and G is a finite
type f.. This is of finite type diagrams, and

e the composition of G is a regular sequence,

e Oy is a sheaf of rings.

Spec(Ky)

(]

Proof. We have see that X = Spec(R) and F is a finite type representable by
algebraic space. The property F is a finite morphism of algebraic stacks. Then the
cohomology of X is an open neighbourhood of U. a

Proof. This is clear that G is a finite presentation, see Lemmas 77,
A reduced above we conclude that U is an open covering of C. The functor F is a
“feld

ox-t — }'; -l(oxilnlll _——y O;:OX.\(O},,)
is an isomorphism of covering of Oy, . If F is the unique element of F such that X
is an isomorphism.
The property F is a disjoint union of Proposition 7?7 and we can filtered set of
presentations of a scheme O x-algebra with F are opens of finite type over S.
If F is a scheme theoretic image points. a

If F is a finite direct sum Oy, is a closed immersion, see Lemma ??. This is a
sequence of F is a similar morphism.
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Machine Learning at the LHC

Classification: Jets

250 < pT,’GeV <260 GeV, 65 < mass/GeV <95 250 < p_l_,'GeV <260 GeV, 65 < mass/GeV <95
Pythia 8, W'— WZ, fs=13 TeV Pythia 8, QCD dijets, {s =13 TeV

.

0.5

Classification

2

Pixel p_[GeV]

Y
Pixel p_[GeV]

T
T

[Translated] Azimuthal Angle (¢)
[Translated] Azimuthal Angle (¢)

Regression [

[Translated] Pseudorapidity (1) [Translated] Pseudorapidity (n)

ArXiv: 1511.05190 L. Oliveira, M. Kagan, L. Mackey, B. Nachman, A. Schwartzman

Generation
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Machine Learning at the LHC

Classification

Regression: Pileup removal
with Pileup PUMML

Regression

Ge n e ratio n ArXiv:1707.08600. P. T. Komiske, E. M. Metodiev, B. Nachman, M. D. Schwartz
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Machine Learning at the LHC

Classification

Regression

Generation

ArXiv 1712.10321, M. Paganini, L. de Oliveira, B. Nachamn

Generation: Fast simulation
GAN GEANT

e —
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Basic Machine Learning Primer

0) Decide objective: e.g. classify dog vs cat pictures

CAT
QUTPUT
(LABELED) i
PHOTOS
-y C»wt

v GOT
T

DOG

https://becominghuman.ai/building-an-image-classifier-using-deep-learning-in-python-totally-from-a-beginners-perspective-be8dbaf22dd8
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Basic Machine Learning Primer

A NN is just a function mapping N input
numbers to M output numbers.

1) Choose a network architecture: e.g. CNN

Trainable internal numbers - weights
and biases - determine that function.

CAT
OUTPUT
(LABELED) =
PHOTOS

.-a cal
-l vGOT
IT

DOG

https://becominghuman.ai/building-an-image-classifier-using-deep-learning-in-python-totally-from-a-beginners-perspective-be8dbaf22dd8
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Basic Machine Learning Primer

Naive example:

2) Choose loss function (objective metric) Fraction of correct predictions

Practical example: Cross-entropy loss
-3 y(x) log[NN(x)]

CAT
OUTPUT
(LABELED) =
PHOTOS
- C»wt

v GOT
T

DOG

https://becominghuman.ai/building-an-image-classifier-using-deep-learning-in-python-totally-from-a-beginners-perspective-be8dbaf22dd8
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Basic Machine Learning Primer

Use some iterative optimization
algorithm to minimize the loss
3) Train network using training data function on training data.

Be careful in selecting training data!

CAT
OUTPUT
(LABELED) =
PHOTOS

.-a cal
-l vGOT
IT

https://becominghuman.ai/building-an-image-classifier-using-deep-learning-in-python-totally-from-a-beginners-perspective-be8dbaf22dd8
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Basic Machine Learning Primer

Training: Slow
Testing: Fast

Performance may be limited by the

4) Apply network on new test data quality / relevance of training data.

CAT
OUTPUT
(LABELED) =
PHOTOS

.-a cal
-l vGOT
IT

DOG

https://becominghuman.ai/building-an-image-classifier-using-deep-learning-in-python-totally-from-a-beginners-perspective-be8dbaf22dd8

: 15
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BSM Searches: Nothing so far

ATLAS SUSY Searches* - 95% CL Lower Limits

ATLAS Preliminary

July 2018 Vs=7,8,13TeV
Model 61T,y Jets EN [raqm™) Mass limit V5=7,8TeV  V5=13TeV Reference
T
a7, G-qtt 0 26jels  Yes 361 155 171202332
9 monoset  1-3jels  Yes 6.1 171100301
- PR o 26jets  Yes 361 | 171202332
g H Forbidden 09516 mit})-500Gev 1720202
. Geu 4l - e [ 185 - 100731
2 ce.pt 2jets  Yes 361 |& 12 m(@) =50 1805.11381
B P 0 THis ves a1 & 1708.02794
3 sen  djels - a1 |B 098 1706.00731
£ Y oten 36 Yes 361 |& 1711.01901
3en  dlets - a1 |2 125 1706.03731
Buby, brsbi Multple 61 |b 1708.00256, 1711.03301
Multiple 36.1 by 1708.09266
Multiple 31 b 170603731
Bibydif, My = 2 My Multiple .1 |a 07 1709.04183,1711.11520, 1708.03247
% 5 Multiple. 361 |@ Forbidden 09 1709.04183, 1711.11520, 1708.03247
§§ i 7 WHED or 7 02 02jetsi2b Yes 361 | 10 1506.08616, 1709.04183, 1711.11520
L8 . HLSP Multiple 361 |7 0.4-0.9 1709.04183, 1711.11520
g8 Multiple 361 |@ Forbidden 0608 1709.04183, 1711.11520
)
5 g 7y, Well-Tempered LSP Multiple %1 & 0.48-0.84 1709.04183, 1711.11520
BN i, fiocl ) 22, Each) 0 2 Yes 361 |& 085 180501649
o 0.46 1805.01649
o monojet Yes 61 @ 043 171100501
12ep 4b Yes 36.1 i 0.32-0.88 1706.03986
23eu - Yes a8t 06 14035294, 1806.02293
ce.ppt z1 Yes 361 017 i)
Lityyltbb il Yes 203 0.26 1501.07110
= 2r < Yes 38t 076 (ED=0,mir 50 8m(E} (i) 170807675
E 8 022 m(FE)-m(E})=100 GV, m(z.5)=0.5(m(¥; Jem(¥})) 170807875
B 7klin, o) 2ep 0 Yes 361 |7 05 1803.02762
2ep 21 Yes 31 |z o018 171208119
A, 16126 o 2% s a1 & 0.13:023 020088 1806.040%0
dep ) Yes 361 | 1804.03602
Direct ¥} ¥; prod., long-lived i Disapp.tk 1t Yes 361 Pure Wino 1712.02118
3 Pure Higgsino ATLPHYS PUB-2017-019
=3 stable g Rhadron swp - T 160605129
DE  Metastable  R-hadron, gt} Multiple 328 (=100 GeV 1710.04501, 160404520
S8 GuSE, G, longiived £¢ 2y o Yes 203 1409.5542
38, K —eeveuv/pp displ. ee/eufpp - - 203 150405162
LRV ppsv + X.Voseplet/ur werar - - ez 1607.08079
— Wzttt dep 0 Yes 361 180400602
2%, 7 — gqq 0 45lrgeRjets - 6.1 1804.03568
> Muliple’ 361 eae AR i
= 0 w0
<  ths | g1, B} = tbs Multiple: 36.1 T—r—r—rTrr T
Muliple 361
o zjets+2b - 67
i, bt 2ep  2b - 3t

“Only a selection of the
pheno n
simplified mod

WIMP-nucleon cross section [cm?]

10—44.

1045‘

Neutrinos Uiy GATVER)

Neutrinos

AN
D
B

100
WIMP Mass [GeV/c?]

CWolLa Hunting

& — ttx)

g — tt — tty)

& — tt — tey?

& — thi; — tbff'{d

& — (t6X3/bbX}/thxi — thfi'y})
& — bb{?

g — qqi}

& — qq(V/%8) — aa(W/2)}

& — qa¥i — aqaWi?

CMS

July 2018

Overview of SUSY results: gluino pair production

36 fb~! (13 TeV)

ppP — &8

0¢: arXiv:1710.11188;1704.07781,1705.04650,1802.02110

16: arXiv:1705.04673;1709.09814

2( same-sign: arXiv:1704.07323

> 3(: arXiv:1710.09154

0¢: arXiv:1710.11188

10: arXiv:1705.04673

2( same-sign: arXiv:1704.07323

0¢: arXiv:1710.11188

2( same-sign: arXiv:1704.07323

0f: arXiv:1704.07781

2( same-sign: arXiv:1704.07323

0f: arXiv:1710.11188

0/: arXiv:1705.04650;1704.07781,1802.02110
0f: arXiv:1705.04650;1704.07781,1802.02110
0f: arXiv:1704.07781
> 3(: arXiv:1710.09154
10: arXiv:1709.09814
2( same-sign: arXiv:1704.07323

BF(XF:%3) = 21, 2 =05

s

1= arXiv:1704.07323

AM; = My, Myg = 400 GeV/
AM; = My, Mgy = 400 GeV'

AM; = M,, :\Iw =400 GeV/
AM; = 20 GeV
AM; =20 GeV
AMg: =5 GeV, Mgy = 200 GeV
A“’if =5 GeV

AMgy =5 GeV, BE(tt:bbitb) = 1:1:2

BR(F:R9) = 21, 2 =05

=I5l

AM_: =20 GeV
xi

2.08501
| 10—2 2.08501 BF = 50%
500 750 1000 1250 1500 1750 2000

| 10-3
1074
103
1076
1077

—,

we not included). Probe up to the quoted mass limit for light LSPs unless stated otherwise.
#L :c between the primary sparticle and the LSP, and the difference between the intermediate

£ cated otherwise.
—

-8

WIMP-nucleon cross section

mass scale [GeV]




BSM Searches: Nothing so far

ATLAS SUSY Searches* - 95% CL Lower Limits ATLAS Preliminary
July 2018 V5=7,8,13TeV
Modj| emny Jets EMS [raim™) — Mafs_fimi'_ — . V5=7,8TeV  Vs=13TeV Reference CMS ,]u]y 2018

Overview of SUSY results: gluino pair production
36 fb~! (13 TeV)
pp — 88
& — tt{9 | 04 arXiv:1710.11188;1704.07781,1705.04650,1802.02110
14+ arXiv- 1705 NART2-1700 NOKTA

Byby, by —b¥Y ik

T, Mg = 400 GeV'

Possibilities:

=0

=200 GeV'

GeV.

1) LHC doesn’t have the answers to our questions —

2) Maybe new physics is rare: have to wait for high

3F = 50%

IuminOSity LHC ———

3) Maybe it is there but we are not doing the right search
(theory bias has been wrong)

10—47'
10-49,
1075{} L

WIMP—nu

WIMP Mass [GeV/c?]
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Are we missing something?

1) Ever-more sensitive
dedicated searches for the
standard culprits:

— Minimal Supersymmetry
— Top Partners
— diboson / ttbar resonances
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Are we missing something?

1) Ever-more sensitive
dedicated searches for the
standard culprits:

2) General-purpose
‘model-independent’
searches for
unexpected new
physics

— Minimal Supersymmetry
— Top Partners
— diboson / ttbar resonances
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Signatures vs Models

E.g. 2-body resonances (pp > X > SM SM):

e I T 7 b t W VA h
e =£F[4],£x[5] ££[5, 6] £F[6, 7] [7] @ ) g @ %) %) %]
m +F[4],£+[5] 7 @ @ g @ @ @ %)
T 8] @ & g 9] %) & %]
v [10] [11-13] @ @  [14] [14] %]
j 15]  [16] 17] [18] 18] o
b [16] [19] @ %) %)
t . [20] [21] @ %]
W S/gnatures [22-25] [23, 24, 26, 27]  [28-30]
Z [23, 25, 31]  [28, 30, 32, 33]
h [34-37]

[1610.09392] Craig, Draper, Kong, Ng, Whiteson

e 1 T ~ j b t w VA h
€ Ziij:t Ra Hii Ra Hii L* LQ:R LQ&R LQ&R L*aVKK L*aeKK L*
e ZlaHii Ra Hii Lr LQaR LQuR LQuR L*ayKK L*-:JUJKK L
T Z' H,H** L* LQ,R LQ,R LQ,R L*.vkx  L*,7kx L*
vy H, Gk, Q Q" Q" Q" Wk, Q H,Q IKK
j Z,'Jpa GKK WI:R TI:R Q*aQKK Q*rQKK Q,
b Z'H W' RH* T',Q",Qxx Q",Qxx B
t H.G'Z T’ T’ T’
W MOdeIS H,GKK,p W’,Q Hi,Q,,O
Z Ha GKKHO A,P
h Ha GKK

: 20
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Signatures vs Models

E.g. 2-body resonances:

e [t Ty Jj bt w VA h BSM

e £F[4],£+[5] ££[5, 6] £F[6, 7] [7] @ @ g @ @ @ @

T +F[4],££[5] 7 @ o) g g %) %) %]

T 8 @ o) @ [9] %] o %]

¥ (10] [11-13] & @&  [14] [14] @

j 1] [16] [17)  [18] [18] @

b (16] [19] @ @ %]

t 20]  [21] %] %]

W [22-25] [23, 24, 26, 27] (28 30]

VA [23, 25, 31]  [28, 30, 32, 33]
h [3437]

pp > X > BSM BSM largely uncovered
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Basic Resonance Searches

E.g. Dijet Search

N A I’)dckad‘m
.l A= L
>

Mf‘es:

CWolLa Hunting



Basic Resonance Searches

E.g. Dijet Search E.g. WW resonance,
tt resonance, etc.
N BZC&SF N A Ezcksd‘m

S( v\a Si{\‘j““"' L
Selection for ‘
signal-like events S\

—
Mres Mo
J
W

CWolLa Hunting




Basic Resonance Searches

E.g. Dijet Search E.g. WW resonance,
tt resonance, etc.
N A l)a:clcarmuul N A LD@C((SPM
S‘(jv\aL S‘{\jv\a L

Selection for
signal-like events

\ ‘Old fashioned’: Simple few-D
M| o s *  substructure selection

. ‘Modern’: Deep NN classifier
W-jets using ~few hundred jet

. . constituent inputs (~300-D

. selection).

>

Mjck

CWolLa Hunting



Basic Resonance Searches

E.g. Dijet Search E.g2. ?? resonance
N A lDt‘chtad‘M N A ‘chksd‘ou»ﬁ-—o(
Signet Signat

Selection for
signal-like events
—
> >
/ Mres Meres

A
,\ru [ ]

?-jets

Mje.&
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A Traditional Dichotomy

Model Inclusive Search Model Specific Search

- Weak signal assumptions — Strong signal assumptions

— Basic selection criteria in few — Sophisticated multivariate
variables selection

- Large backgrounds - Small backgrounds

- Risk missing a signal under - Risk not making the ‘correct’
background signal selection

How to make a search with a sophisticated multivariate selection to beat
backgrounds while using weak signal assumptions (unknown specific signal model)?

> Learn selection from data

CWolLa Hunting



Why Train Machines on Data?

1) Maybe you have not simulated the correct signal model (either because you
haven’t thought of it, or because it involves non-perturbative physics that
prevents simulation)
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Why Train Machines on Data?

1) Maybe you have not simulated the correct signal model (either because you
haven’t thought of it, or because it involves non-perturbative physics that
prevents simulation)

2) Monte-Carlo simulation for training data may differ from real LHC data
1

g = 1 =
S 180 Eur Phys. J. C 74 (2014) 3023 P P
16 ATLAS Simulation . 0.9 % 0.9 %
B Discrimin.ant for MC-Based Tagger| () 8 I 0.8 "
14— Pythia MC11, \ O O
- v .
o 0 0.7
0.6 0.6
10
quark vs gluon 0.5 quark vs gluon 0.5
jéts.in simulation & jets in data 0.4
0.3 0.3
0.2 0.2
0.1 g 0.1
1 1 | ! ! ! ! | 1 0 0
0 0.05 0.1 0.15 0 0.05 0.1 0.15
Track Width Track Width

Figure taken from Ben Nachman’s talk at BOOST 2018
https://indico.cern.ch/event/649482/contributions/2993322/attachments/1688082/2715256/WeakSu

pervision_BOOST2018.pdf
28
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Weak Supervision

Solution for ML:

Train directly on data using mixed samples
Mixed Sample 1 Mixed Sample 2

OOICICIONNCIOIOIONC)
OGO | | ®OGG®G
OGO | [ OOOGO®
OCCO® | [ GOO®O®

(..»
’

P. T. Komiske, E. M. Metodiev, B. Nachman, M. D. Schwartz

0

PO | O©CGG® Z

=

\ J \ J —

&
A) LoLiProp (Learning from Labelled B) CWolLa (Classification Without Labels) =
Proportions) 785
Train using class proportions Train to classify as mixed samplelor2. g
(V)]

[1702.00414] L. Dery, B. Nachman, F. Rubbo, A. [1708.02949] E. M. Metodiev, B. Nachman, J. Thaler

Schwartzman

[1706.09451] T. Cohen, M. Freytsis, B. Ostdiek
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Mixed Sample 1 Mixed Sample 2

f..) ©GOGOG®O ®EeEeG®
. OGO ®OG®®E
OeE®®® ®Oe®®®
©]6]6I6I6) ®EO®OG®
CWola .@@@@J OeEE®

Classifier trained to optimally discriminate mixed sample 1 from mixed sample 2 is also
optimal for discriminating S from B, so long as:

- Samples 1 and 2 contain different fractions of Sand B

- Sinsample 1 is drawn from the same distribution as S in sample 2
- Binsample 1 is drawn from the same distribution as B in sample 2
- Training statistics are sufficiently large

How to use this for a search where S is new physics and B is SM background?

CWolLa Hunting



CWola Hunting

1. Assume signal is localized in some specific variable in which background is smooth.
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CWola Hunting

1. Assume signal is localized in some specific variable in which background is smooth.

2. Assume signal has some distinguishing characteristics within some broad set of
additional observables y.

CWolLa Hunting



CWola Hunting

l’.)dcl(sﬁ“w
lana L
>

T ajdwes paxiA
Zldwes paxi

1. Assume signal is localized in some specific variable in which background is smooth.

2. Assume signal has some distinguishing characteristics within some broad set of
additional observables y.

3. For some resonance mass hypothesis, split data into signal-region and sideband-region
mixed samples

33
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CWola Hunting

N A g g ‘ch&_srw N A Ezalgsd‘aﬁoﬂ_o(
D D .
= O S{ “EL S( Ka:L
gg :
=1 Selection for \
N signal-region-like
events
—
> >
Mres Mreg

Train classifier to discriminate samples based on variables y

Note: background y distribution should not be strongly varying with the resonance variable.

CWolLa Hunting



CWola Hunting

";fcks:awd N A Lv.zclcjd‘a'cw—o(
{jui S(jna C

NI\

Selection for \

signal-region-like
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Overfitting and the Look Elsewhere Effect

Of course, there is going
to be a large trials
factor, especially if y is
high-dimensional.

Easy solution:

Train test split
(Statistical fluctuations
in training and test set
are uncorrelated)

More sophisticated:
Nested cross-training

CWolLa Hunting



Nested Cross-Training

1) Divide entire dataset into k-folds

Data Partitioning

SEEEEEEEEEEEEEEEn

<3 Training signal region
ol Training sideband
mjJ
IO T I T T T T I I111
(A IEEEEEEEEEEEEEEN

3
4
5
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Nested Cross-Training

2) Train CWola Classifiers

Data Partitioning Classifier Training

Ensemble Model 1 Train. signal vs §ideband
4 k-1 times, rotating
validation set.

k-folds

Average the k-1 models to

F 3
 J

myJ form an ensemble model
IO T T T TTTT] / EnsembliMOdem Background fluctuation
(A IEEEEEEEEEEEEEEN - o contributions will
3 - destructively interfere,
: . - signal contributions
constructively.
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Nested Cross-Training

3) Select events in each k-fold and then merge

Data Partitioning Classifier Training Event Selection & Merging
1||II|||||||||||||__——-VEnsembleModell
3 2 P 4 N
3 . SSESSYSSscs
L4
~ 5
mLgg - -
1EEEEE-||||||||/ Ensemble Model 2|=—""
I EEEEEEEEEEEEEN -~ A ~

3
4
5
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Application to Bump Hunt

109

T I T T '
) ! ' Signal ! :
10 o e : - region > : 3 IN 1 P1
‘h"'l‘---..l_,_ 1.50'! | ‘ :po( _Tn!JJ/\/E)
= 10t | | | e :L‘""“L-.-‘_ 1 dmyy (myy/\/s)"
& ! ! ! | -~
= 10° ¢ | | | : o
§ ! ! ! |
— 1[}2' | | | | | i
P ot
2 '} N ~
A . | | | |
0 | I -
o1 L 51{1{4:.;.111{1m | _
I

| | |
i | I i L il i (4_)
20000 2500 SO0 S0l 000 (,\)/ (3‘&1[)
gy J."r GeV

In signal region:
S =522,

\\
SIB = 0.64% /" 'cq\w
Ve

CWolLa Hunting



Application to Bump Hunt
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Application to Bump Hunt
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Application to Bump Hunt
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Application to Bump Hunt
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Application to Bump Hunt
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Application to Bump Hunt
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What has the machine learnt?
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What has the machine learnt?
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| 5l ith signal
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Performance Comparison
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General CWolLa Hunting

* Need some variable X (e.g. m_JJ) in which bg is smooth and signal is
localized

* Need some other variables {Y} (e.g. jet substructure) which may provide
discriminating power which may be a-priori unknown.

* {Y} should not be strongly correlated with X over the X-width of the
signal.

* Or alternatively, if correlated, there may be a way to decorrelate (e.g. if
we can predict or measure the correlation, that can be subtracted away
to create new uncorrelated variables).

* Can we use low level inputs rather than expert variables?

— Difficult to decorrelate auxiliary variables from resonance variable, but there are
ways.

— Pessimist: Only O(100) signal events -» not enough to train with.

— But can’t know until someone tries it!
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Other work: Autoencoders

r. Encoder Decoder

o 4

Figure 1: The schematic diagram of an autoencoder. The input is mapped into a low(er) dimensional
representation, in this case 6-dim, and then decoded.

Train only on ‘background’ (no need for signal training)

Can reconstruct typical QCD background jets well, but atypical jets poorly.
— Classify as ‘signal-like’ jets with poor reconstruction loss.

Advantage: no need for signal events for training.

Disadvantage: Can’'t make use of specific signal characteristics for selection
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Background-only training vs signal/sideband:

Background-only Signal / Sideband
Tagger performance does not depend on Tagger relies on there being sufficient
signal statistics. signal statistics for training.

Tagger can never learn the specific peculiar Tagger can learn the specific peculiar
features of the signal, and so cannot features of the signal, and so improves
improve with greater signal rate. with greater signal rate, and allows for

signal characterization.

—

Stronger in limit of very 29 Stronger in limit of very
low signal statistics ° o high signal statistics

D QD
:\ ' "l S .'f)m& ' ."—~\S}f)”\”‘(

 } .
)
> h——a'
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Toy Statistics

po (asymptotic)

10 e 0
10-1 —— Asymptotic formula | |
1 Simple toys
Ly, 0) = Poiss(n|b+ 0 + y.)e_egf(%g) z 10~2 $ NN toys i
5
) T 1077 g .
" L(0) = 0 _
e
107 -~ 1
N
10—6 PO TR R [ N (SNSRI C :

0 o 10 15 20 29
Test Statistic = —2 Log ()
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