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* By no means a complete list - novel ML techniques are being
developed every day for CMS analyses

> Focus on CMS publications from the new CMS Machine
Learning Group, as well as jet / b-tagging groups

> Beyond classic use case of improved S vs B discrimination...

> ...increased emphasis on challenging experimental aspects:
> Calibrating deep taggers
>~ Reweighting and systematics-aware training

» Robust background estimation

» GPU inference
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Jets

Quarks and gluons — jets in our detector

Parton Showering Hadronization

Parton level m K, ...

p .............
‘p\ Particle Jet Energy depositions
In calorimeters
> Quarks and gluons “decay” too quickly to be observed directly
> We analyze the resulting “jets” to infer the originating parton

BTV-22-001

> Complex [O(100) particles] and noisy signal in identification and energy / mass resolution
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Example: boosted Higgs—bb vs QCD background jets
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Through increasingly sophisticated, deeper
algorithms, >20x better background
rejection for the same signal efficiency

e.g. 99.9% BG rejection for 50% signal eff!

> Dominant Higgs decay mode, but assumed to drowned out by the LHC background

> DL made H—bb, HH—4b, Z'—bb, H—cc all possible in the last ~5 years!
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But tagging is the easy part! How to calibrate!

Using g—bb, Z—bb, u-tagged b’s as proxies
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Jet calibration IME23.001

But tagging is the easy part! How to calibrate!

Using g—bb, Z—bb, u-tagged b’s as proxies Calibrating per subjet using the Lund jet plane
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Can we learn variations instead of costly simulations!?
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ML reweighting for systematic variations DCTR method

Can we learn variations instead of costly simulations!?

100 CMS Simulation (13 TeV) 100 CMS Simulation (13 TeV)
P [ T I I 1 T I 1 1 1 I T 1 T I I I I ’ T | P B T I i I T I i I 1 ! 1 i I I T i I I 1 ]
1 U
o[E - P ol - i
'c‘ = POWHEG (HVQ) pp-tt 'o‘ = POWHEG (HVQ) pp—tt
- == hamp=1.379m, | - . == hamp =1.379m,

..... hdamp = 1 .379mt Wgt. ] B reset hdamp = 1 .379mt Wgt. N

Varying empirically
determined hdamp
theory parameter 107

in 77 simulations

—
—
T | I —
—
—
T L

C
ML reweighting g s | 1
hdamp = 1.38m; to _:Z_’}‘O %10 - \\\\ —
hdamp = 0.87m¢ & e
0.9—— > 0 09— . . L
n(tt) n(th)

>

Theory variation simulations are very computationally intensive
Already limiting factor in some top measurements

> DCTR method: learn a NN-reweighting instead!
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ML reweighting for NNLO corrections e

DCTR method

Can we learn NLO — NNLO corrections?
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Again, new simulations are very computationally intensive

» DCTR method: learn a NN-reweighting from existing simulations instead!
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Systematics-aware neural network training MLG-23-005

What if our tagger can take these systematics into consideration!?
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Systematics-aware neural network training

MLG-23-005

What if our tagger can take these systematics into consideration!?

CENNT
Initial dataset Classification Histogram POls
Dx CR™? | x = §y(x,w) , Dy C R7 X! y—HE) |Duc N2>t min (- log (L)), 7 + Arg
SANNT
Initial dataset Classification Histogram POls
Dx CR™ | x— §(x,w) J Dy © R7 X! y—HE) |Duc N2> | min (— log (L)) T + Arg
- SANNT: progress towards end-to-end, systematic-aware, analysis optimization
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Systematics-aware neural network training MLG-23-005

What if our tagger can take these systematics into consideration!?

{ CENNT

Initial dataset Classification ' Histogram POls

Instead of L | Dy C Roxd | Dy cr | §) | D € N** | min (—log (L)) | 7« = Ar,

optimizing

classification
alone

SANNT
Initial dataset Classification Histogram POls
Dx CR™? | x = §(x,w) =DYQ;RW v — H() =DHgthl Imn@J%ﬂ£D=TyiA%

- SANNT: progress towards end-to-end, systematic-aware, analysis optimization

Raghav Kansal I5


https://arxiv.org/abs/2502.13047
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What if our tagger can take these systematics into consideration!?
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as well!
- SANNT: progress towards end-to-end, systematic-aware, analysis optimization
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Systematics-aware neural network training MLG-23-005

What if our tagger can take these systematics into consideration!?

Count

Bo

0 025 050 075 1

y(-)
- SANNT: progress towards end-to-end, systematic-aware, analysis optimization
- Backpropagate through the histogram and fit
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MLG-23-005

Systematics-aware neural network training

Significant improvement over traditional analysis
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Systematics-aware neural network training

MLG-23-005

Significant improvement over traditional analysis
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|5% improvement in precision
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» Robust background estimation

» GPU inference
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ABCDisCoTEC for background estimation ABCDICo method

Automating the ABCD method with ML
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ABCDisCoTEC for background estimation ABCDISCo methos

Automating the ABCD method with ML

Two variables must be decorrelated!

Transfer| factors

Inverted p A / \ B

isolation

Application of|transfer factors

Standard p C /—‘ \ D

isolation
Control region Signal region
Same-sign Opposite-sign
™ & M pair ™™ & M pair
> ABCD: classic method for data-driven background estimation
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ABCDisCoTEC for background estimation ABCDICo method

Automating the ABCD method with ML

Two variables must be decorrelated!

Inverted p
isolation

Standard p
isolation

Raghav Kansal

Transfer| factors

A~ | B

App@vif transfer factors
c” | D

Control region Signal region

Same-sign Opposite-sign
™ & M pair ™ & Y pair

ABCD: classic method for data-driven background estimation

But: needs two decorrelated variables - can be difficult with ML taggers
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ABCDisCoTEC for background estimation ABCDICo method

Automating the ABCD method with ML

Input layer(s)
Hidden layer(s)
Output layer(s)

Two variables must be decorrelated!

Transfer| factors Decorrelation + Nonclosure
Inverted p A /_‘\ Backpropagation -
isolation B - |
‘: Xy )

Application of|transfer factors o

Standard p C /—‘ \ D

W

isolation /
Control region Signal region 1.
Same-sign Opposite-sign Y y
T & M pair Th & M pair | M
> ABCD: classic method for data-driven background estimation
- But: needs two decorrelated variables - can be difficult with ML taggers
. ABCDisCo: learn two decorrelated variables

Enforced through distance correlation (DisCo) loss function
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MLG-23-003

ABCDisCoTEC for background estimation ABCDIisCo method

SUS-23-001

Application to SUSY search

Outputs are well decorrelated

CMS simulation Preliminary 138 o' (13 Tev) KDEsig KDEpkqg

1.0

5 5
4 4

) 3 3

02- | 1

e v S R

Snn, 1

- ABCD: classic method for data-driven background estimation
- But: needs two decorrelated variables - can be difficult with ML taggers
- ABCDisCo: learn two decorrelated variables

Enforced through distance correlation (DisCo) loss function
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MLG-23-003

ABCDisCoTEC for background estimation ABCDIisCo method

SUS-23-001

Application to SUSY search

Outputs are well decorrelated Strong S vs B discrimination as well

CMS simulation Preliminary ~ 138 fo-1 (13 Tev) KDEsig  KDEbig

1.0 5 5 x10° 138 fb' (13 TeV) x10° 138 fb' (13 TeV)
-g 30 C CMS ++*RPY m; = 400 GeV (5xo,) T+ jets "g éCMS ++'RPV m; = 400 GeV (5xoy) Pt + jets
q>) E—Pre[iminafy ++*RPV m; = 800 GeV (100xc,) =gt(l;;rmumjet q>J 35 E—Pre[iminary ++*RPV m; = 800 GeV (100xa,) =gg1;rmu|tijet
‘ te 25;_T|-Pghanne| :g;: B SO?TEZhannel :t;;;(
20 :
3 3 =
0.4 1 -2 2
: 0.5} 0.5/
0.0 : : : ; Lo L Lo O 01020304 0506070809 1 & 01020304 0506070809 1
0.0 0.2 0.4 0.6 0.8 1.0 S S
SNN,l NN, 1 NN,2
- ABCD: classic method for data-driven background estimation
- But: needs two decorrelated variables - can be difficult with ML taggers
> ABCDisCo: learn two decorrelated variables

Enforced through distance correlation (DisCo) loss function
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SONIC: (GPU) inference-as-a-service in CMS MIG-23.00
Framework for GPU inference within CMS SW

Model A

‘\‘ \*\ Coprocessor ModelB
[ CPUs }* SS= (GPU/FPGA/IPU/

etc)

s A
s s~\‘
4 -~
Rt ,"’l CPUs Coprocessor
’ '/
’O

. (GPU/FPGA/IPU/
[ CPUs ]"

Clients Servers

etc)

ModelC

ModelD

> Leveraging industry advancements in GPU processing power + increased ML in HEP

. Pathway to improving CMS computing efficiency beyond end of Moore’s law
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SONIC: (GPU) inference-as-a-service in CMS MIG-23.00
Framework for GPU inference within CMS SW

o MSomusten  12Tev CMS Simulation (13 TeV)
% 106%__ On TeSIa T4 GPU —% E 024 T T T T LI N I I N Y N N D Y I D N B L B |__
S |- OnCPU | So22f SONIC jobs E
= 10 S _ E ) - P ]
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; | So1af ; E E
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Batch size
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SONIC: (GPU) inference-as-a-service in CMS MIG-23.00
Framework for GPU inference within CMS SW

CMS Simulation (13 TeV)
@ [ ] ] CMS Simulation (13 TeV)
£ 10% — On Tesla T4 GPU 1 Q024 T T T T T T
5100k (F?r: iiSONNx ] go22f ;T SOMB Jobe :
E e b E > __ : E ......... [IPNH _' m; _—
%104_+ PN-AKS TRT ] o 0.2 E R CPU "direct-inference" jobs E
2 | = PN-AK8PT 1 B 018F : E
E 10—t —F—F %1, 2016p L E
.2E S U R GRS S : =) 0.14 - E
1 [0 =P * & *x e (- - : ' -
__________ ey w o 012} ;
101;—7"" | l"'—; ® O.1F i : 3
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> Lower latency, higher throughput, than direct CPU inference for models like ParticleNet

- Will be vital to handle higher computing requirements in HL-LHC!
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Summary

»Significant innovation in ML in CMS for analyses

> Powerful new algorithms for jet and event tagging

> Important work considering systematics, background
estimation, and computing as well

»Stay tuned for more results this summer!
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ABCDisCoTEC: Distance correlation loss BTG

» DisCo loss for quantifying correlation

L[f: g] — Lclassiﬁer [f(X)a y] + Eclassiﬁer [g(X)7 y] + A dCOrr§:O[f(X)7 g(X)]

dCov?(X,Y
dCor?(X,Y) = ov (X, Y)
JdVar?(X) dVar?(Y)
1 0.7 | 0:3 . 0.1 0.3 0.8 1
1 1 1 1 1 1

0.2 0
wil _‘!;,;. . N

Ak * g
R

. * ey
hiing foe 1l

0.4 0.2

0.2 0.5
AN . : '~' 2 *
\/ \g; . i %W#‘ SN . & %

0.3 0.2 0

By Naught101 - Created in R using a modification of DenisBoigelot's script at File:Correlation_examples2.svg, CC BY-SA 3.0,
https://commons.wikimedia.org/w/index.php?curid=18554804
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ABCDisCoTEC: non-closure loss BTG

» ABCDisCo training enhanced with closure (ABCDisCoTEC)

> Improves non-closure of ABCDisCo method

CMS simulation Preliminary (13 TeV)
(D 1 1 1 | 1 1 1 | 1 1 1 | 1 1 1 | 1 1 1 | 1
% 10°1- | =1 7 e DisCo loss
o l_I_;_I_'_ « Closure loss
O . e Both
1 00 1 | | | | | | | | | | | , |
e 10k | | | | | i
a I DisCo Only: 5000 < Apisco < 50000 |
(—O_) i Closure Only: 1 < Anonclosure € 1000 1
CC) 08 ; Both: 1 < )\DisCo,noncIosure <100 ;
prd B
Ltotal — /\BCE LBCE + /\DisCo LDisCo + /\nonclosure Lnonclosurel s
0.6 |
2 I
L — (NaNp—NpNec N
nonclosure — ' A N
NANp + NgNc !
0.2 |
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0.0 0.2 0.4 0.6 0.8 1.0
Normalized significance Counts
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ABCDisCoTEC: MDMM optimization

MLG-23-003

ABCDisCo method

> “Modified Differential Multiplier Method” allows better
control with multiple training objectives

Fixed 4 MDMM . Training start * Training end

C2
Ly =L+ AL, Lypum = Ly +a(Lly —€3) + ?(Lz — €5)?

Pareto front (convex) Pareto front
\ (nonconvex) ,*
L\ ’

1071
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CMS Simulation Preliminary (13 TeV)
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