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THE PRECISION ERA IS COMING (?)
THE PRECISION ERA IS NOW

~1 km

~1 OOII'I km

» A continuous timeline
»Imagine precision neutrino,
gravitational wave, cosmology...
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Seealso: Jiang Hao Yu's talk

Key Features of the Precision Era

“Background” may not
exist, only difference in @

differential distributions @ @

>

— "Order " —
Theory space greatly
shrinks to below “0(1)"
(and likely linearized)

Input information lives
in high dimensionality
with noise




Precision SMEFT with
Simulation Based Inference
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nomalous Teple Duage Coupling
L=F(z;,l;)+ a(z;)+...



SBIl as Differential Measurement

Cut SR into Lounts change with ~ What if you dice your
several bins theory parameter@ SR too much?

Observable 2 ' l

Observable 1




From Bins to Optimal Observables
The Optimal Observable (OO)

F t . t t M. Diehl and 0. Nachtmanna-
ramaote Into even Z.Phys.C b2 (1994) 397-412

hy-event Vectors \ Expectation & limits on @ are

extracted from the likelihood
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*Have a spirit similar to unfolding

a;(x)

Can be achieved during MC:

A. Andreassen-. P.T. Komiskes E.-M. Metodieva

J. Brehmer. F. Kling. I. B. Nachman- J. Thaler- 1911.09107
Espejos K. Cranmer. 1907-10k21 6



Evaluation of the Result

The constraining power can be
evaluated by the “volume” of the
remaining parameter space

V x (detrz: agaD _

~Fisher Information Matrix

Saturating the Crameér—Rao bound
with optimal observable H- Cramer. C-R- Rao. LG
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SBI for the Precision Task

r1 T2 T3 T4
J SALLY (Score Approximates Likelihood Locally)
strategy, Optimal Observable extension in ML

J. Brehmer. K. Cranmer. G- Louppe- J. Pavez
1405.000L35 J- Brehmera. K. Cranmera. G- Louppes
J. Pavez 1805.00020....

[ In the precision context, the loss takes the form:
_\T _
L = Z(a,,; — ;)" G(ag — @)
()

1+ i *Other SBI frameworks also apply, but not optimized for ultra-high
From Classification pply b g

precision

Chen-, Glioti. Panico. Wulzer. 2007.1035k3 Ambrosioa. Hoevea
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“Promlsed” premsmn of aTGC

Higgs couplings
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Injectmg Background Noise
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Ok,

Two ways
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sample and loss functions

of Mitigation
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Work separated in two
networks

*with conditions'



Getting closer to the commitment

Training sample size: 2- 106,
much smaller than 108 0
expected at Higgs factories
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1o® More Sophisticated
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Theoretical Update:
Unified Language in the Linear Regime

Binned statistics is just averaging some regions of the dual space

A o

...but according to some criteria in the observable space, not the dual

space
®
®

¢ o
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Averaging a Single Event into a Bin

Using matrix determinant lemma:
det(A +uv!) = (1+ul A7 1v) det(A)

F=F

det(F') ~ det(F}) [1+ 63, Fy Vi + Vi F 10y

(}

~ det(F5) (1420 F; 'y — ag F 'ay)
= det(Fa) {1 — (Ozi — O_zk)TF-i_l(Ozi — O_ék) + a;-ng_lozi

The (only) binning dependent term:
a norm-2 distance measure y



Optimal Transportation of the
Optimal Observable

[ The ideal binning would be an
approximate Voronoi
tessellation in the theory space

] Reduction of information loss
dual to a optimal transportation
problem

Form like “Jet Clustering”
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More Open Problems (in Progress)

Generalize the above to arbitrary estimator < O\
of any dimension O @,

(The scaling law from the complexity of 00 < ﬁ OO OO O

(The non-Gaussian feature of the data and its OO

implication < 5 OOOO )
¢ ))70 4

(AThe “"quantumness” of such ML-
measurement complex
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