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THE LHCAS A MICROSCOPE

q t
* At low energies, QCD is >m<+
q t

* LHC elevates the proton bound state

7 Standard Model Effective Theory

0 92
= do(x)+ Fdaint(x) + Fdoquad(x)

59 POIs [JHEP10(2010)085 ]

to the perturbative regime,
exposing the constituents’ dynamics

* AccesstoPOls -0 6.8TeV p

* After the hard scatter, many uncertain effects

* Modelin



https://arxiv.org/abs/1008.4884

A CONDITIONAL SEQUENCE

analysis level

Histogramy” Events detectors

particle level

fragmentation| QCD+shower
hadronization

O |5

adapted from arXiv:2211.01421

parton level

decay scattering

—L= >

theory

P(Tdet|0) = /deﬂ/ dzp[' -] p(mdetlzptl) p(zptllzp)_ p(zp|9)
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. : . |. Generators run 1 d
o
Likelihood ratio test statistic in forward mode’ Ovin. _ p(zpl0, 1) M
p(zaulH: = 6,0) T
_ DP(Zdet|H1 = 0, o 0 NOT
LR(zget|H1, Hp) = p(zaet|Ha = SM, v = 0) 2. More uncertainties parton-level stochastic:
p(zpt1|zp, ) differential cross section Frequentis,t
Use (un)binned parametrizations in 8, p(mdet|zpﬂ, )
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https://arxiv.org/pdf/2211.01421.pdf

TOP QUARK PAIRS INTHE 22 CHANNEL

» Top quark pair production with 22: L
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* Clean probes of new physics in a messy environment
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YIISTY 2 15 SMEFT POIs linear feature correlation in tt(2f)
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Madminer [1506.02169] [1805.00013] [1805.00020]

HA R D = S CATT E R M O D E L | N G [1805.12244] [1907.20621] [1908.06980] [2109.10414]

1. Analytic predictions for the SMEFT predictions at the parton level - easily recalcuable
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2
dosmerr(2,(60 ) < Z |MSMEFT(zp|9nu'R( ) b ))|
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2. Phenomena at lower energy scales largely factorize: :
1
— Conditional propabilities factor out [Madminer, full Refs. in backup] i
1
— Access to the ‘joint likelihood'’ ratio for POls and some i
1
f o
2
F(x,.2,]0, ) = a (0, ) P(Xi; Zrecois Zpilis 2p,il 05 V) ~0(0,7) p(x|2eco) P(Zrecol Zpu) P(2pul2p) P(2,,i10, ) N |M(zp,i’9, )|

U(SM) p(xi:zreco,i:zptl,i:zp,i|SM) B G(SM) p(xlzreco) p(zrecolzptl) p(zpﬂlzp) p(zp,il‘SM ) |M(zpi:SM )|2
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LEARNING PARAMETER DEPENDENCIES

DU .

X 2
L = <(T($detazpt1: -+, 2pl6) — f‘-"’(mde‘:)) >
SM

Only nominal simulation

* ML fit of SMEFT dependence: A solved problem

[Madminer [ P. Classifiers /| ML4EFT / Boosted Information Tree — Refs in backup]
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* Can now compute parametrized (unbinned) test statistic L.
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TREE ALGORIT

AM FOR SMEFT LEARNING

[arXiv:2107.10859, arXiv:2205:12976]

Phase-space partitioning

s(0)
F (0
.(0) «0) F 0
F(8) F,(8) |F3(0)
—>X
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A simple tree

=) 1;(x)F;(0

jET
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* Atreeis a hierarchical phase-space partitioning

7

.

Cart algorithm

...................................................................................

cut on X, ™\,
4

/\ cut on X,

e Wi (SM)ri(6)

Fi(0)=
(=S s
do
fdzd(ﬁ‘?i’) “magic”
fdz dosm (Kyle C.)

Boosting

X

J

* Boosted Information Tree: Associate each region j with a polynomial F,(6)

* The non-linearity is in the change across node positions

* Fitting tree: Optimize “node split positions” on some loss. Can compute F;(8) from events in node.

* Boosting elevates tree to an arbitrarily expressive regressor for dU(X\Q)- ratios
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LEARNING SMEFT INTTBAR
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* 35 features top quark pairs (29)

* “Boosted Information Tree (BIT)"”
* NN are equivalent
* 5 POls, 20 functions simultaneously learned
* 300 trees, D=5, ~g hrs of training

* also more realistic study, including
backgrounds [2107.10859], [2205.12976]

* Learning coefficient functions to
compute parametrized optimal oberables

- 12

t q

0
+
t q

0 2
do(x)+ Fdamt(x) + Fdaquad(x) =:R(x|0)do(x)

— parametrized q(0|D)
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BACKTO REALITY!

r
. CMs 138 f'b'1 (13 TeV)
S 10 Dilepton, particle level o [[)aia, dof=7 1 E
Q@ o POW+PYT, % =7 3
g 1 0 FxFx+PYT,X* =5 =
a ~ POW+HER,X* =7 E
e 10-" v mfC-1755GeV, 12 =23 |
:g - m¥C = 1695 GeV, X’ =11 J

T .
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[CMS-TOP-20-006]

S dominate in many/most applications

* Binned analyses? Use additive model with exponentials

NP
prediction(0, )=ZRn,p(8) EXP( Apprt V' Anpo )Un,p(SM)
p=1

* How to find the parameters A?

* “Vary simulation” <= Generate synthetic datasets

T_

ﬁn’p

[combine paper]
(N.Wardle)

* Decades of experience with modeling choices


https://arxiv.org/pdf/2402.08486
https://arxiv.org/abs/2404.06614

REFINABLE MODELING IN 3-STEPS

1. Let's write an unbinned additive model
NP

d=(x]0, 7)) = D Ry(x10) oty exp {7 App1(x) + 9" Appo(x) v +...} do(x|SM)
e

SMEFT normalisation Sp(x| )
(“k-factors”)

2. The experimentalist (not the framework) decides on further specification

TT(22) has 9o% purity: We have a single EFT process and a number of small backgrounds (DY, non-prompt,...)

Npkgs
dX(x|@, v) = Rgpr(x|0) Sger(x|v) doger(x |SM) + Z a,"S,(x|v)do,(x|SM)
p=1
3. Form the ratio & learn the factors! __________I) SMEFT Ieiming
0 Npigs 'dUp(x|5M) i 018 Nbkgs A A
ds(x|6,») Rerr(x|0)Serr(x| )+Z________S__( X | X perGeTSMD) :RJJREFT(xl ) Serr(x ) + 2577 @, Sp(x[)§,(x)
dx(x|SM) N 4o (x|SM) | B Nokgs A (-3 eommmmmm 1
(x|SM) 1+2pbk§ dcrEFT(x|SM)| 1+Zp—i; P(x)
-------------------------------------------------------- 3) cIassifiers
Adding systematics or processes partial training!

10



REFINING THE INDUCITIVE BIAS

i —— —

dX: ~ PDF x JES x b-tag X (Scalcs-t_t X Rgpr(0) % (_1]).ji'..'|‘ " x Pow-0r-MG dogpy + Scales-DY X a ll;;]'f dO‘DY) +a -_-1']I]'_\{l,'d0'inst. + wishlist from
internal review

? A T
keep this. irrelevant
correlated (student (but removes a
with DY, already controversy) crazy a small
separate from left) | h phase-space | instrumental bkg
instrumental bkg atest theory paper cuts found in data

reduces norm.

, after approval
uncertainty

experimental unc. scale uncertainties floating normalizations
are correlated can’t be correlated
across simulations train a classifier &

life goes on

* Stay flexible. Reduce model mis-specification.
11



LEARNING SYSTEMATICS

Autalops Dic Antilope

D- vty n men S d o a [Yeradd

e S Lrliye wnd o Bsros wal Fonlipates
ro babn Lrd o vl (tage mengr Aacdigen vd Sow
S bodern rem | Lande b drpinlcht. Thn Powbons
bngrm el bk die Ao |Lirmer ba Forem soner
Singe. ot St v Py Celos Lo Ao e v S Mgy
nekmbn, Bove [horn oo b USve @ Laphon ro bin buw,
s oo L b e Pl bt deeen Sy bang.
dna wond pewemdon wal B onn v Adabpy duwn Somah
nerh swke, Lona v i be vikmadun, dow re ik snd
sodwddont sbh mmecigefioh s doon Thesonw & don
Fargym Plons msmun. S rewe Pvunivmn mgueen somld
dem rosn Arvdde bm s desnndon” Rosiwrem, bovse
prontinte Lvwnam Tad dn b odor Aadang v 1 Ple =
Nocr il vwmasnd. rogm dus | wv, win v yonmd plongrn,
Rhength wnd S0 semails, wam den pdinh mor wudem
o ey o ot A e A e s 8 s ages e gn

Ve rinds Pewiaroon mampasene o Asadge &
Snadodd bt Son prorgliligre Vowntom, ot on b oo o
rogradidhn | e bumade. | R Sridon 3 Liemn wben fir

dn A wad Noowr Tovtamns, deah S dor Ohina Lanr
o Kdrpew wond Sovde Bunnnce hinn, o v dor Aosdeyw
Bawme Lapge. 8¢ & Son Wig snpoven. Thah dof b
ot Chovd s o ddne Lisar vomsnlion, will o abds
rediovm, dow do Trold s somer Sowis ot Is enbove
F gt wondh @ du [ bt dui devvm Boint Tt waam be
Lo vn | sbeom b v e S d e b b, poes Sld
B Vo hangon: Willew wnd Do, Volkoumdong
R B e L B
Bt wom Pare de Bomansn < Wote wnd | ruscn,

Lowt Monsnl Zmbon it dw Randioge Som Ldmn
e e N P P
dewa s Cugrnens e v B e sh, aihe bt
B e ST e S
s s b . b T st S b werings (A0, 1. 3640
Nab bom Fraig bt hvmoh o Aok o wonle du naligs
o dowm Supesmmas vorpla b vacem soopaine Tes
din 1u sy Vomailipung Sl W ks por ¥V oligpeag hu
vw bt mbn e Y a Pt e Bde b e e e
W rvemgrn coden bow

lepton
efficiencies

jet energy
& resolution

renormalization
and factorization
scales

12



BESTIARY OF SYSTEMATICUNCERTANTY MODELING

Uncertainty Weights? Calibration? Per-object? Parametric? Latent To be learned?
prescription dependent"

Trigger V| v ] (M)

Pileup/MinBias @ ) @ @ (M)

Lepton efficiency @ @ @ ( )

Lepton scale @ @ @

Jet energy scale © ©

Jet energy resolution S

B-tagging (@)

tW/DY/diboson S © e S,

normalization

QCD scales © )

TT generator © © © ©

modeling

Top pt © © ©

Color rec. ) © © (©)

ag in PS © S/ © ATLAS & CMS

hdamp © © © ©od systematic uncertainties
PDF S) S) () from the differential
Luminosity © xsec-combination 13



SYNTHETIC DATA SETS

* Let's view simulation as a sampling of the “joint space”, spanned by latent and observed features

ii.d.

4 z A w—w xr(xzl0,v) z A Z A {x:,2;} ~p(x,z|0,v)

do(z|6. /)

”’re-calibrated” alternative
synthetic data simulation

N

) .

E v <0
&

=

“reweighted”
synthetic data

» Well established procedures for “synthetic” data sets that model systematic variations

* From now on: assume we have simulated data for a limited set of

14



LEARNING PARAMETERIZATIONS

 “Likelihood ratio trick” L,celf1=—(logf (x))x z.5v — (108(1 — £ (x)))x 4
1
T do(x[SM)
. A 1
* Parametric ansatz: f.(x)=

1+exp(§,(x))

8.(c;AL A, )= vTAL () + VT Ay(x) v +...

Implement coefficient functions A(x) as NNs or trees: A ,..(x) = Z ﬂj(x)Aj;Lz,_"
jeJ

do(x|v)

« Sufficiently many synthetic data sets L[A] = Z L ,CE[]? ] — exp(g(x))~ 30 (x|SM)

15



WHY DOES NOBODY LIKE TREE BOOSTING?

Algorithm 1 Boosting parametric tree for learning of systematics

Require: base points ¥ € V, sample D, and D, for all v € V,
boosting iterations B, learning rates 0 < n'®) <1 for b=1,...,B.
Ensure: ), ., v,V has full rank
Ggo)*(x) «—0
gP(x) <0
DS,O) «—7D,forallveV
forb=1,...,Bdo
Dg’) — {ng) — exp(—n(b_”Gg’_l)*(xi)) wgb_l),xi, zi} for all {w(t=V x;,2,} € ’Dg’_l)
J®) — argmin_; L[ 7] with ng) and D) using CART or TAO
for all j € 7 do

lj,o NI Z(xi,wi)E'Doﬂj wl
Aj» < Z(x,-,w,-)EDE,b)nj w; forall veV

A,(:,)j) [ ey ""T:I;; [Z vey V108 %:IB
end for [m ]
GIPM(x) = Tje s 1(x) (24A5))
§P) — g0D() + D6 (x)
end for
return §{8)(x) = Z‘Ezl 7 Dijeg® ﬂj(x)vAAx(ﬂfj)

7

Boosted

Tree
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EXAMPLES!

* 1D projections for a few values of v.

X

* Semi-realistic toy study (Delphes) with publicly available information
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SUMMARY

We're getting ready for unbinned analyses.

SMEFT learning is “done” — many options.

Trees are great.
* Latent-space integration at the level of the terminal node, large training speed-up

* “Boosted Information Tree” — learn quadratic SMEFT polynomial [arXiv:2107.10859, arXiv:2205:12976]

* “Boosted Parametric Tree” —a fully paramertric tree-based regressor for uncertainty-learning

Doing physics is even better.

* Retain our decades of modeling-experience for constructing incrementally improvable likelihood(-ratios).
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WHAT PARAMETERS ARE OF INTEREST?

* No signals beyond SM so far

* Parametrize possible deviations

7

L(0)=

u” (¢T¢) WIMUW;{U‘_ k;;):vti:IZ:I
'
a2 @779 @l g)

Anomalous couplings & new interactions (tiny selection!)

o,
X,

é?{f
.
i:

|

t\ /b/

\/E
SN N

» “Standard model effective field theory”
* tgoperators at d=6 [JHEP10(2010)085 ]

* Modifications affect all processes

* We predict rates from “squared” diagrams:

q t g £ 12
0 0>
+ = do(x)+ Edo—mt(x) + Fdaquad(x)
q t q t
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https://arxiv.org/abs/1008.4884

A CO N D |T| O NAL S E Q U E N C E adapted from arXiv:2211.01421

analysis level particle level parton level theory

detectors fragmentation| shower decay scattering
hadronization

Histogramy” Events

P(Tdet|0) = /deﬂ/ dzp[ - -] p(mdetlzptl) p(zptllzp)_ p(zp|9)
N\ v
e aYa N\ N\ 2
|. Generators run
Likelihood ratio is the optimal statistic : 1 doy
‘f d mode’ ’ = 0 p@
(Neyman-Pearson Lemma) N forward mode 0y, dzp p(zpl ) )
p(xget|H1 = 60, 1) 2. More uncertainties arton-level o NOT
LR(zget|H1, Ho) = o — Slj\d — dife P o _ stochastic;
P(Tget|Hz = SM, v = 0) p(zpt1|zp, ) ifferential cross section Frequentist
Use (un)binned parametrizations in 8, v. p(mdet|zpﬂ, )
\ J\ J J y
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PARAMETRICTREES FOR SMEFT

[arXiv:2107.10859, arXiv:2205:12976]

VWant to regress in r, exploiting its the polynomial @ dependence

do(x, 6)/dx — will allow to compute the
r(z, z|0) =
do(xz,SM)/dx optimal LLR test statistic q(D)
L= /dmdzpszM z,2|0) — F(x,0
ég (2] )( (&, 2/6) ( )) Eliminate the predictive function
A ﬁ w; (@ fdz dgi
Tree ansatz F(z,0) = Z 1,(x)F;(6) < | F(0) = Ezeg (0) d(z,2) NP!

F,(8) polynomial with const. coeff. jeJ
(per node) ‘—'—’ ‘_V_’

find optimal  find optimal

— partitioning predictor
. J .

2163 wi(eo) f dzg—&:%

The latent space integration happens at the
node-level and removes learnable parameters

V
Solve for optimal partitioning with greedy CART algorithm

= -3 S 0401 + 0(6 - 6)°

GEBJEJ JET 0B

L_

We're optimizing the Fisher information!

We'll find an optimized tree.
— boost
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1D TOY EXAMPLE

* pdf(x|0) = 1/(21) - O Sin(x)

* We predict the first derivative of
the pdf wrt. to the parameter

GIF animation not showing in pdf
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( wx t(x)) step 0 —
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