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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
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TH E Ll KE I_I H OO D RAT' O TR | C K adapted from arXiv:2211.01421

analysis level particle level parton level theory

detectors fragmentation| shower decay scattering
hadronization

SR |

Event classification 8 — isSig € {0, 1}

L= {f@)issigmt + (1 — F@)Dissigmo = 3 / da -

isSig
F* (m) _ 1 Learn LR by classification;
- 1+ p(z|isSig=1)  “Likelihood ratio trick”

p(x|isSig=0) achieve NP optimality (for x-sec)



https://arxiv.org/pdf/2211.01421.pdf

CANWE JUST LEARN EFT EFFECTS "ON AVERAGE"?
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* We can try to learn EFT effects “on average” [TOP-21-001]

138 fb' (13 TeV)
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 Sending ‘mixed signals’ to the loss function

1.

2.

* Averages the training data set - suboptimal when linear effects dominate

* Classifier does not reflect knowledge on the 8-dependence

Back to the drawing board & inject ® polynomial SMEFT dependence in estimator.

Exploit the fact that SMEFT predictions can (optionally) be weighted: Only need one training data set
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https://cms.cern.ch/iCMS/analysisadmin/cadilines?line=TOP-21-001&tp=an&id=2406&ancode=TOP-21-001

EXPLOITING SMEFT REWEIGHTING
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PARAMETRIZED CLASSIFIERS “Madminer” 1805 12264
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A SIMPLE TREE ALGORITHM

phase-space partitioning A simple tree

“

F(z,0) =) 1,(z)F;(0)

Fg(0) JET
F.{0
F0) (0) F.(9)
F/(0) F,(0) F;(0)
> XI

* Atree is a hierarchical phase-space partitioning ((J)

[arXiv:2107.10859, arXiv:2205:12976]

training phase:

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

K 4
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/\ cut on X,

F F,

* the novelty in the Boosted Information Tree is that we associate each region j with a polynomial F,(6)

* Note: A tree algorithm can have an arbitrarily complicated predictive function; here it isa SMEFT polynomial

* Fitting tree: Optimize “node split positions” on some loss. Trained (e.g. greedily) on the ensemble.


https://arxiv.org/abs/2107.10859
https://arxiv.org/pdf/2205.12976.pdf

PARAMETRICTREES FOR SMEFT

[arXiv:2107.10859, arXiv:2205:12976]

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

0 do(z,0)/dz — will allow to compute the
r(z,z|0) = - st
do(x,SM)/dx optimal LLR test statistic q(D)
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No trainable parameters in the predictor
(Regression by means of classification)
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Solve for optimal partitioning with greedy CART algorithm
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We're optimizing the Fisher information!

L_

We'll find an optimized tree.
— boost



https://arxiv.org/abs/2107.10859
https://arxiv.org/pdf/2205.12976.pdf

CONCRETE SOLUT'ON TREE BOOSTING [arXiv:2107.10859, arXiv:2205:12976]

* Boosting: Fit model iteratively to pseudo-residuals of the preceding iteration with learning rate n

* Ansatz: FO(z,0) = f(x,0) +nF* Yz, 0)

previous
iteration

* |nsert into the loss function:

2

LV =Y [ dedzp(e,28M) (r(z,210) —nF®(@,60) - fO(a,0)
ocB

!
previous iteration

w’ (@) — wY(0) —nuw D (60) ¢ (i, 0)

... perform this iteratively
"Boosted Information Tree”


https://arxiv.org/abs/2107.10859
https://arxiv.org/pdf/2205.12976.pdf

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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©+ Realistic case: model of the ZH process

10*E 3

103§

* “Boosted Information Tree (BIT)”
* 3WC, 9 DOF, 500k events, ZH
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7 : backgrounds [2107.10859], [2205.12976]
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Aststrtrrarinmee i AR AR AR — compute parametrized optimal oberables

SO |l B

cos(B) fu fyrr
T T T F T T T
B 3 -
10 1 10°F E 10°F 3 10
10°g E 2
3 E
1 r
10—1 L inéwlI‘f'w'iw\:ulwu\uw\wuh-u 10—|_\H‘|\\|H|‘\Tll\\l\\\r\-\‘l\\‘\\\‘\\\ 10—|7\H‘H\'\'\‘l\\|u|‘\|\‘|r'\"Hli\;\‘\u
1-0.8-0.6-0.4-02 0 0.20.4 06038 1 ~1-0.8-0.6-0.4-02 0 0.20.4 0.6 08 1 ~1-0.8-0.6-04-02 0 0.20.4 0608 1
fir for for
o
T T T r T J Ng= 1 «
10°F 1 10°F E 10 E R R ]
E - Ha® —R,® cC
O (O S HW - gHw —_ — SM
2L S Y. ) SO I _ - S
10 E E RH\T\I HW — O- 2 4
re e == e s ey T Rugona® — SHQ"’,HQ"’ v / s [ s
3 3 HQ” HW Gl
R e e PP L S HQ' i RHq"’ HW S
1; 1 Bttt et HW,HW EHWHW -U qB (D)
R = T e v A HW,HW HWHEY
L ] g £ = E T e LT Y 3
1 | I I I FEn | I I I 14 I I | I I (i b 1 I 1 I I Lrei I I — |e|’d SM
10 _120.806-0402 0 0.20.4 0608 1 1012080604020 0.20.4 0608 1 1012080604020 02040608 1 yield (SM) (o

for T frr


https://arxiv.org/abs/2107.10859
https://arxiv.org/abs/2205.12976

OPTIMALITY INTEST CASES

Boosting iteration
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[arXiv:2107.10859, arXiv:2205:12976]

improvement)
rover “Runll” |
: I
//

strategy

Obtain parametrized classifiers with 20-40% improvements in 2D toy cases (NOT marginalized!)

* No free lunch — Analysis dependent choices are needed

* Binned analysis: variable binning — background estimation is CPU intensive

* Systematics treatment for unbinned analyses (beyond Higgs M, ,) less far developed

* Isitall worth it in higher dimensions? Yes! More examples: [ML4EFT]; full list of references in backup
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https://arxiv.org/pdf/2211.02058.pdf
https://arxiv.org/abs/2107.10859
https://arxiv.org/pdf/2205.12976.pdf

NETWORKS VS. TREES —-WHAT IS THE BIG DEAL?

@ @ @

II-.III [ 1]

r(x|6,6q)

* Given a phase space region with EFT dependence: NN must select & predict

r(x/6,0¢)
AN

do
i(0) _ Jdzaps

* Inthe Boosted Information Tree, the weak learner only selects
* The prediction (F)) is computed from the boxed events — integrates latent space

* The regression problem is solved with computational complexity of classification

Speed advantage at high operator dimensions!
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SUMMARY!

* Various algorithms predict SMEFT dependence, mostly capitalizing on weighted simulation

* Provide NP-optimal observables for hypothesis tests
* Trees eliminate the latent space integration and suitable to weight-based SMEFT predictions

» Parametrized classifiers “ask” for unbinned analysis

[SWAN project]

from MultiBoostedInformationTree import MultiBoostedInformationTree

bit = MultiBoostedInformationTree(
training_features training_features,
training_weights training_weights,
base_points base_points,
feature_names model.feature_names,
kxmodel.multi_bit_cfg

Get in touch with )
us for an in-person | bit.boost()
M«ﬁkthrough test_predictions = bit.vectorized_predict(test_features)

+ 500 lines for figs
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https://swan-k8s.cern.ch/user/schoef/projects/BITforHackathon

GOALS FOR MACHINE-LEARNING OF EFT e ;@

EXPERIMENT

« SMEFT effects can be \m\m \ﬁ,— \?@;

1. | in the tails of the distributions because, e.g. / - / N / Y / .
4-point functions grow with energy . ’ 5 .
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https://www.sciencedirect.com/science/article/pii/S0370269317309607?via%3Dihub
https://link.springer.com/article/10.1007/JHEP06(2021)031
https://link.springer.com/article/10.1140/epjc/s10052-020-08677-2

HOW TO PARAMETRIZE?

* Quantum field theory: Differential cross section predict polynomial SM-EFT dependence:

do(0) o< |Msm(z) + Mgy (z)[*dz

* additivity of the matrix element — incur a simple (polynomial) dependence in 0 for fixed configuration z

do(x, 9) dchM dam (a: daBSM( x)
g Za . Ze 6,

“normalization” N ‘“shape”

L(Dl6 ) where  L(D|0) =P, (IN) X Hp(w"’|9)

L(D|SM)

* Neyman-Pearson: ¢(D) =

g0(D) = L(0g — osm) — Y  log R(x;|6, SM)

o« x; €D
const. do(z,0)/dz
R(]0,SM) = - (@, 5M) /s~ Ze R ( 29 Oy Rop (¢
= (1 + ZB na(:n)) + Z (Zﬁbnab(m )
a b>a
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TOP QUARK PAIR + ZBOSON
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https://arxiv.org/abs/2107.13896

IMPROV

NG HIGH DIMENSIONAL LIMITS

ML4EFT R. Ambrosio, J. Hoeve, M. Madigan, J. Rojo, V. Sanz [2211.02058]

S [CMS-TOP-PAS-20-006]

* [ML4EFT]-study ZH and top quark pairs

* Pheno study with parametrized NN classifiers

* Top quark pairs in low (N=2) and high feature dimension N=18

* Pairs of 2D limits with 6 more ops marginalized

* High dimensional observation (N=18) constraining a

high-dimensional (N_..r=8) model using an SM candle

* Large improvement for N=28— mostly in the
marginalized limits

* Take seriously constraining power from SM candle

] Binned (p%, )
= 0 Unbinned ML (p&, ;)
7 1 Unbinned ML (18 features)
SM
_lr
.3 00 ¢
ey
Q
—0.5¢
0.25¢
<& 000
Q
—0.25¢
0.25¢
% o 0.00¢
e
O —0.25)
—0.50¢

unbinned detector-level analysis is an open question

* Whether the sensitivity gain survives systematics in an
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https://arxiv.org/abs/2211.02058
http://cds.cern.ch/record/2803771?ln=en
https://arxiv.org/abs/2211.02058

TOWARDS UNBINNED ANALYSIS

* Binned parametrized classifiers are impractical
for high SMEFT parameter dimension

* What's missing to go all-in?

[Pierini et.al 211 1.13633]

0.3 2
. 0.2}
S
=Y =01
- ~~
. X 0.0}
o =
0.1 m€[3.2><-10 ,9.2_><10 ..
- == linear fit
—0.2  --- quadratic fit
— (quartic fit
—0.3}
¢ ¢ data M
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 Ach Vs h

event counts in the profiling

 Divide & conquer #1: Experiments begun
certain nuisances: hy,,, b-fragmentation

* Divide & conquer #2:
Unbinned unfolding for high dimensions

 Consider on the conditional pdf P(Zdet ‘Zpt])‘
which can be evaluated in the forward mode

e Unfolding algorithms use Baves’ theorem
P(Zdet| 2pt1)P(Zpt1) = P(Zpt1|Zdet)P(Xdet)
to learn P(Zpt1|Zdet) ; GAN & other generative versions

* Mostly iterative, to remove simulated prior
w9 Ay
\‘) © - @ w [community paper]
cINN e.g. [OmniFold]
Latent Space "1 @ Particle Level [CINN]’ [a_”]
‘ I

* Report unbinned unfolded data; then SMEFT analysis
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https://arxiv.org/pdf/2109.13243.pdf
https://arxiv.org/abs/1911.09107
https://arxiv.org/pdf/2212.08674.pdf
https://iml-wg.github.io/HEPML-LivingReview/#unfolding
https://arxiv.org/pdf/2111.13633.pdf
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