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FPGAs for CMS Level-1 Trigger

CMS Phase Il Level-1 Trigger system
intends to perform precise physics
selection using a global event
reconstruction already at hardware level

FPGAs

v/ low-latency processing
« ability to handle highly parallel tasks

v reconfigurable nature allows for
customization to meet specific

Improved triggering with full detector view:
Trigger decision includes calorimeters,
muons & tracker (~5us latency)

— L1Rate = 750 kHz
— Latency = 12.5 us latency
— Bandwidth: ~ 50 Th/s
(1.8 Tb/s in Phase )

Deploying ML on FPGAs

Challenges

* meetthe stringent latency
requirements (us)

* FPGA resources are limited:
ML models need to be

requirements New trigger algorithms compressed and optimized

v superior performance for real-time data
processing, with lower power
consumption

through quantization and
pruning

* Model optimization: tools
like his4ml, which facilitate
high-level synthesis.




Planned activities

Particle Transformer for t lepton pair
invariant mass reconstruction for the
a Starting from the Master Thesis work HH - bbt"t~ CMS analysis

implementa DNN for the di — 7 mass regression to
replace SVFit algorithm in all Run Il analyses

v Tau costituents
Tau Pair Mass Transformer X b-jets information

TPMT

e Model distillation optimized for Phase-ll implementation on FPGAs. Incorporating
invariant mass information could lower the tau trigger threshold, currently set at
40 GeV, thereby recovering the corresponding phase space

As CERN

e Level-1 Trigger Scouting on soft taus. Doctoral student

Improvement of the trigger acceptance of tau leptons,
specifically extending the coverage towards lower pT
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PhD courses, Workshops and Schools

Introduction to FPGAs (November 2023)
ML@L1 Trigger Workshop at CERN (December 2023)

6th Inter-experiment Machine Learning Workshop
+ (February 2024)

Mandatory interdisciplinary courses:
1. Communicating research in the era of social media
2. Productivity tool for (young) researchers
3. Surfing the academic job marketing

Tutor activity for Laboratory Il (March-June 2024)

Al-INFN 1° User Form (talk) (June 2024)

Internal courses:
Deep Learning for Physicists (to attend)
Physics at Colliders (to attend)
Particle Physics Il (ongoing)

Al-PHY school (October 2024)

R

Best
presentation
award - 109t

SIF Conference

Article
publication on
Nuovo Cimento
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https://indico.cern.ch/event/1297159/contributions/5729185/
https://agenda.infn.it/event/40489/contributions/232809/
https://www.sif.it/riviste/sif/ncc/econtents/2024/047/0/article/1
https://www.sif.it/riviste/sif/ncc/econtents/2024/047/0/article/1

Di-T invariant mass reconstruction

- @ The presence of neutrinos from tau decay prevent the full
-=- reconstruction of the di-tau system invariant mass,
H < allowing only the reconstruction of the visible tau-decay
— tep/had products (mY!%) whose low resolution doesn't help in the
& signal discrimination task
.
CMS Simulation |s = 8 TeV ne, CMS Simulation \s = 8 TeV nT,
s 0.2 i~ 0.16
) ) 3 0485 —— H—11m, =125 GeV 3 —— H-1tm, =125 GeV
= = 014
SVFIt algorlthm ;‘E 0.15;* DZ%1T E DZ—HT
B 014 2 0'12;
® |mproves the m; resolution only marginally 0‘122— 01
® High computational time 01" 0.08]
0.08- 0.065-
ﬂ 0.06— ;
[ 0.04-
0.04— L
0.02- 0.02(
Tau Pair Mass Transformer R A I ST U S S
TP M T m,, [GeV] m_ [GeV]
Objective: Reconstruct the four-momentum of each t particle before decay to accurately
estimate the invariant mass and retrieve the kinematics of the parent particle
1° GOAL
Understand the model functionality on H -» t™t~ and Z — tt7~
and considering only taus that decay hadronically so far <DEGu sTUDY
% z
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Input features

TauProd
Taus’ decay products logp. is_electron
4 is_muon
Shape: (10,12) = (num_tauprods , num_features) i’l is pion
l ; pr is_kaon
- log is phot
padding if an event Pr(o) Is_pnoton
has less than 10 charge
tau products o Categorical variables
from particle ID
Not the full 4-momentum
@ Tau Ge n Pa rt since eta and phi does not
change
Shape: (6,3) = Shape: (2,1) =
(num_particles , num_features) (num_particles, num_%atures)
Ty logpr T1 logpr
T2 n T
MET ¢
jety + di-tinvariant mass at |
jet; generator level S~ |
. GEN 2 z
jets me;
BICOCCA




Pre-processing steps

Data sets GluGluHToTauTau_M125 DYletsToLL_M-50-madgraphMLM

/ \/ \ VARIABLE ENCODING &

TAU SELECTION JETS SELECTION
FEATURE ENGENEERING
At least 2 taus First 3 leading jets with L :
«  Gen matched AR(jet, taw) > 0.4 » Definition of new variables
- Hadronic decay Order TauProd with respect to
« pr=20GeV (minimum py: 10 GeV) =il g 10009l 1 it

\\ / \ J max_len = 10

SPLIT IN TRAIN, TEST AND VALIDATION

All Data
Training Validation Test
< DEGU ST |v1_>:l
80% 10%  10%
BICOCCA




/ Loss function \
MOdelArCh’teCture @ Mean between MAE,, g4, for the two taus

R (2) MAE between mIRANS and mMC (7% of the total loss)
O PyTorch Ly
MAE= 2" ly— 9

- N =i <//

- GenPart
TauProd :%” logpy (1)
_ 3 \ TPMT
a (5] mTT
. = logpr (T2) Y
?é L
E . 2 Transformer \
- > 8 — > Encoder —> * mIPMT
8" o (MHA) ’q; !
X s T
S — lo Ty
.§ CROSS - gpr (t1) AT
= ATTENTION . |
4 ) D logpr (1) — :
o o )
c Transformer a N .
& S — > Encoder —|—> Prediction
v S (MHA)
MET =
et -
Jet, © \ J \ J L J
Jjets % ! !
o x1 x1 Dense layers
Tau

Training time: ~ 1.5 min per epoch 2
Inference time: ~ 2 x 1073 s per event Z
Number of parameters: ~0.5 M i
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m,, results

GluGluHToTauTau_M125
SVFit | RECO | TPMT Invariant Mass Distributions

DYletsTolLL_M-50-madgraphMLM

SVFit | RECO | TPMT Invariant Mass Distributions
| =

& | I l- I I L I I I I | I I I IV ..U.! | I | I I I I 1 I I I I I | | = |
5 -1 my SVFit-p=127.0- 0 =30.0 1 e g - my; SVFit - = 100.0- 0 =26.0
Lﬁ _— —[J m; RECO-p=810- 0=19.0 . Lﬁ 008__ (- mnRECO-p=65.0-0=12.0__
. jD My TPMT - p=1240- 0=30 ‘ | B 3 mo TPMT-p=950-0=30 -
0.06 |— '} =
0.04 [ y
. \ —
0.04 e
0.02 -
0.02 )
e =]
0.00 0.00 E=== M , |
50 100 150 20 150 20C
Invariant Mass [GeV] Invariant Mass [GeV]
(@ . . .
e Receiver Operating Characteristic
-Iq-; 1.0 1
S Train ratio
- 0.8 -
ol . H:7=2:1
.-I‘-“l % 0.6 -
— a
© | 3%
E o_Q
> Best training:
7’
1Y) 0.2 - = ROC curve TPMT (area = 0.84)
S /” —— ROC curve RECO (area = 0.76) AUC score of 0.84
(@) A4 ROC curve SVFIT (area = 0.72)
S 0.0 1
0.0 02 0.4 0.6 0.8 10
<
False Positive Rate
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Preliminary considerations

« AUCsuggests that TPMT has a better separation capability
% Thewrong peakis slightly higher for H than for DY (due to the different response)

Training time: 1.5 min per epoch (~ 80 epochs)
v Inference time:2- 1073 s

% Inference on any other resonance would have worked worse
(if not added in the train set composition)

4

Training on flat mass samples

GluGlutoXto2Tau_M-30to0300

VBEtoXto2Tau M-30t0300 ! Leptonic decaying taus in addition to
and inference on H and Z samples pesichiceneslim gl (i)

! No more jet information
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Overall training on ggF sample - tau_tau, ele_tau, mu_tau

TPMT Invariant Mass Distribution for H and Z samples TPMT Invariant Mass Distribution for H and Z samples
‘2 :Illll\ll\l\ll\I|IIIL\IIII\I|III|IIIHII-JHL\T\P \TI—\I_||I: ‘g :III|I\Il\l\ll\lllll|\IIII\IlIII|II\HIrJ1‘I1\TIP \TI—\I_lll:
s F 3 me TPMT-Z ] L [ [ me TPMT-Z

0.04 [ CZ0 me SVFIT - H] B CZ) my SVFIT - H

- CZ1 Mo SVFIT-Z B CZ me SVFIT-Z ]
B i 0.03 |—
0.03 [— ] B
- tau tau - 0.02 -
0.02 — ] B
oo - ] 001~ a
- . . - B -
000_ Sr bepaden Py L Phomtbra oo 000__ st W -4 ol Bl N N RREE RS 2 5 =
0 20 40 60 80 100 120 140 160 180 200 220 240 N 20 40 60 80 100 120 140 160 180 200 220 240
Invariant Mass [GeV] Invariant Mass [GeV]
Fit Type Mean Std
TPMT Invariant Mass Distribution for H and Z samples
SVFi
%004illTIIIIII]III[III'TII ITIIIIIIITIHTHLTITITIPITI_Il-Ili m‘[‘[ lt_H c:ﬂ 12726 3079
00T ~ 1 me TPMT-Z mIPMT _ = 129.81 28.08
- - T . S
N cohm 232;; m3VFit — py IS 99.83 26.28
003 l— o 7 mIFMT — py 101.47 21.18
L - T ——
- i SVFit o
B ] my; " —H T 164.98 47.23
ooz |- mu_tau ] mIPMT _ £ 139.72  30.22
N - mSYFit _ py Q@ 152.69 53.85
i ] mIPMT _ py o 116.53 23.47
0.01 |— S I
- . RNy msVFit _ > 166.28 47.63
I ~ = ©
000_ = sz LA -|‘|"||\||||\||||||\\f i Y Ty oo VOV I meMT—H "_'l 139.91 29.51
0 20 40 60 80 100 120 140 160 180 200 220 240 m3YFit _ py =) 155.12 53.94
Invariant Mass [GeV] mg’MT - DY = 116.81 23.50
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p%l, p%z, m., resolution results for tau_tau pairType

pr resolution - T,

m; resolution

H&Z

T T T — T
171 [ H-TPMT ]

—T — T
[ H-TPMT

— ] n-reco 4 [0 ‘. H-RECO |
[T 1 DY - TPMT [ [ DY - TPMT |
- £ DY - RECO] : ] L3 DY - RECO
. ] b ) {15 H-SVFIT
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L i - |
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- - oa2sf I | ~
r 1 ! ]
i 1 1 I
- = I (.
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- prresolution-t fF tau_tau
3 T T T - IE;‘;&;‘* onsl B
= = DY‘TPMT—E
8 £ DY - RECO
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RECO TPMT
Fit Type Mean Std Fit Type Mean Std
pr t4 - H -0.26 0.2 pr t4 - H 0.04 0.23
pr T, - H -0.42 0.35 pr T, - H 0.04 0.35
m,, - H -0.35 0.15 m,, - H 0.04 0.3
pr T, - DY -0.22 0.18 pr T1 - DY 0.13 0.23
pr T - DY -0.33 0.41 pr T - DY 0.12 0.28
m,; -DY -0.28 0.13 m, -DY 0.12 0.23




p%l, p%z, m., resolution results for ele_tau pairType

H&Z

pr resolution - T,
—

] !
-1

L B ™
] H-TPMT

mq; resolution

9 H-TPMT
H=RECO ]
1 DY - TPMT |
L3 DY - RECO
H- SVFIT |
{I* DY - SVFIT |

ele tau

012 i -] i
e H-RECO 1 0.200 4
0.10— Sy [ DY - TPMT | [ _ :
- I | T DY-RECO | =
0.08}- |‘I - 0175 | '
I i L, -
0061 | E | I
i I 1 o.1s50f o
0.04 X - | I !
' ! 1
0.02- 1 ] i _: 1
' A ) 0.125 [ !
ooobdom o L g | e | | - : .
1.5 10 05 0.0 05 1.0 15 | :
pr resolution - e 0.100: : !
0‘082_‘\ 'i""\““l“"\"‘lz‘lll_[@]_w_r\‘_; ! :
0'07% = ]];[Y Rflfl\sl)‘ré 0.075}- E :
0.06 |- L3 DY-RECO - ! !
0.05F 1 [
o0ak " ] o.050f
0.03f ._r
0.02 |- : 1 0.025:
0.012— :" |
[O0]0) S - ‘ 1 0.000— |
1.5 1.0 0.5 0.0 0.5 1.0 15 15 1.0
RECO TPMT
Fit Type Mean Std Fit Type Mean Std
prtqy - H -0.26 0.2 prty - H 0.04 0.23
pr Ty - H -0.42 0.35 pr Ty - H 0.04 0.35
m;,; -H -0.35 0.15 m, -H 0.04 0.3
pr t1 - DY -0.22 0.18 pr t1 - DY 0.13 0.23
pr t2 - DY -0.33 041 pr t2 - DY 0.12 0.28
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ptl, p*?, m,, resolution results for tau_tau pairType  ggF & VBF

pr resolution - T, M+ Tesolution
e [ e e e Y=
F - RECO B 1
i = - £ Var ey
008 |" - 3 oz r = VBF - RECO _|
0.06 | :l ]
0.04: 1 0.10_— _
0.022— -!.
I -
0.00 '-1I.5' - '-1I.E" 05 00 0.5 1.0 1.5 o8 |
pr resolution - T,
F g Dgerotemt | ooel .
0.08 ggk - RECO
3 vBF - TPMT
L L VBT - RTCO |
0.06 1 o.0af- N
0.04f —
0.02- -
0.02 =
i !
L L L LT
n.00L1= — . L : 0.00 : s
1.5 1.0 0.5 0.0 0.5 1.0 1.5 1.5 1.0 1.5
RECO TPMT
Fit Type Mean Std Fit Type Mean Std
pr T4 - 9gF -0.26 0.2 pr T4 - 9gF -0.02 0.21
pr T, - ggF -0.44 0.35 pr T, - ggF -0.02 0.26
m,, - ggF -0.35 0.18 m,, - ggF -0.02 0.19
Pr T1 - VBF -0.29 0.21 Pr T1 - VBF -0.04 0.2
pr T, - VBF -0.37 0.39 pr T, - VBF -0.03 0.28 < DEGUSTUDI
m,;, - VBF -0.37 0.18 m;, - VBF -0.04 0.18 Z 2
BICOCCA




pr ratio versus pX£C0 for tau_tau pairType

o T1 pr ratio versus pfEco - 1, o T2 pr ratio versus pRE© - 1,
1154 —— GluGlutoXto2Tau_M-30to300 115 4 —*— GluGlutoXto2Tau_M-30to300
1101 —#— VBFtoXto2Tau_M-30t0300 110 —# VBFtoXto2Tau_M-30t0300 }
Los | —#— GluGluHToTauTau_M125 o] —4— GluGluHToTauTau_M125 ‘
—4— DYJetsToLL_M-50-madgraphMLM >7 —4— DYJetsToLL_M-50-madgraphMLM o
1.00 - 1.00 ! |
0.95 - 0.95 ‘r \ '
0.90 0.90 : i ‘ A ol r
= 0851 = 085+ 17 Ll
Sé 0.80 8§ 0.80 ' . ,d :
E 075 4 & 0.75 ! tl
0.70 0.70 - 'S
0.65 0.65 -
0.60 0.60 -
055 {d/ 0.55 i '
0.50 0.50
0.45 0.45
0.40 — 04 t——— 1
20 40 60 80 100 120 140 160 180 200 220 240 20 40 60 80 100 120 140 160 180 200 220 240
PrEECO p?ECO

> Different response between resonances and flat mass samples
> More differences between H and Z compared to ggF and VBF responses

Due to convolution of tau resolution and p$&V distribution

l)lh“hllilg
Studying new
training strategies
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Conclusions

» Training on H and DY
* TPMT behavies as a classifier
* Good mass resolution but strong dependent on the training samples

» Training on ggF sample
* Resolution and fits much worst, still better than SVFit but suboptimal

For optimal training, it is essential to include samples that reflect the
true underlying distributions of the events whose mass we aim to
estimate, rather than using flat distributions that can lead to
suboptimal performance

Future plans

* Train TPMT with the TauProd matrix divided by the two taus

+ Add a loss term regarding MET  Lygr = |IMET, pserpeq — (pFEHT05))]

A

O UNIVERSITA
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17 / Loss function \

NeW MOdelArChitECture @ Mean between MAE g, for the two taus

(2) MAE between mIRANS qnd mMC (7% of the total loss)

X MAE = ZN ly; — 9
TauProd TN Lt
8 (—A—\ neutrinos
o 11 % @ MET term = |MET,pservea — (pT )l /
8 Qo
x £
E w Transformer
E s —> % —> Encoder —
> = (MHA) GenPart
2 o
3 logpy (74)
g +—> my:)MT
_ T, o _ logpr (t2) 4
e © ©)
S 3 =
> 2 Transformer — .
g & — > Encoder —— ||-I_J * mg T
g ¢ — (MHA) > o
S Z @ < ) '
2 (&) (7)) |
3 £ 0 - logpr (t1) :
E g g —8 < JRS
S © .
S 4 ~\ O _8 logpr (t2) — |
o Transformer £ )
c .
= Encoder Prediction
3 (Powered-
7 £ MHA)
T2 — > w P— MHA
MET () \- 7 \ J L J
2 —
.g Y Y
& x 1 X1 Dense layers < DEGLI STUDI
Tau - :
z z
BICOCCA

Number of parameters: ~0.9 M



Thank you for your attention!
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2% Powered MHA )

50
g
o) Transformer
Particles = E Encoder
P-MHA
£ XO ( )
NODES s
Array Tj}l\
(6,4) g
S| U
Interactions —» E
EDGES &
84
Array \ J
(6,6 x
. . 2
4 pairwise features (A, kr,z,m*) from

Il

= \/(ya — Yp)? + (o — 1)?,
kr = min(pr,q, prp) A,

z = min(pr,q, 1)/ (Pr,0 + P1p),5 <veaustun
m? = (Ea + B - [Pa + poll?,
BICOCEA

>
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https://arxiv.org/pdf/2202.03772
https://arxiv.org/pdf/2202.03772

T1 T2 There is a logp transition region:
long ) long results for logpr < 4, Hand Z taus’ logpr need a
different scale factor

logpt histograms - 14 - H sample logpT histograms - 1, - H sample
> N | I UL | LI | L I L l T T T ] > L L | LI L | L L

§ - [ logpr TPMT - H - % 3 logpr TPMT - H ]
3-0.100 |-t logpr VIS - H ] 3 0.100 (-1 logpr VIS - H ]
o - logpr MC - H . o | [ logpr MC - H ]
L B N L | ]
0.075 |- ] 0.075 |— —
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B mass ] B i
0.025 . 0.025 |— N
0000 B | 1 | | | | ] 1 | ] 0000 [ | 1 ] | | ] | I | | 1 ] | i

1 2 3 4 5 6 T 2 3 4 5 6
logpt logpt

logpt histograms - 11 - Z sample logpt histograms - 15 - Z sample
> L I LI I L I T T l L I LI > 0.20 LI I L ] L I T T l T T T I T T
2 0201 logpy TPMT - Z ] e - 1 logpr TPMT - Z i
S 3 togprvis-z ] S [ togervis-z .
B -1 logpr MC-Z ] o - 1 logpr MC - Z ]
L B i L o5 —
0.15— — [ ]
0.10f— ] 0.10} |
0.05|— ] 0.05|— ]
O.OO_I | ] | | | | | ] | | | | I I | | ] | I_ O.OO_I | ] | | I - | | | | | I | | ] | I_

1 2 3 4 5 6 1 2 3 4 5 6

logpT logpt



p}l, p%z, m_, resolution results for mu_tau pairType

pr resolution - T, m.. resolution
ozf- L a5 e ] i S I 3 H-TPMT
1Y H-RECO { 0.200[- '_1| H-RECO —
010 o [ DY - TPMT ] i 1 [ DY - TPMT |
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B 4 3 1
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pr t1 - H -0.26 0.2 pr t, - H 0.04 0.23
pr Tz - H -0.42 0.35 pr T, - H 0.04 0.35
m, -H -0.35 0.15 m,, - H 0.04 0.3
pr T, - DY -0.22 0.18 pr T, - DY 0.13 0.23
pr T, - DY -0.33 0.41 pr T, - DY 0.12 0.28
m,; -DY -0.28 0.13 m,; -DY 0.12 0.23




mi mZ_ quartiles

Box Plot for SVFIT - TPMT H mass distribution comparison

£ :
S i 8 3
3000: §
25001 tau_tau
b Distribution Q1 Q2 Q3
2000 -
i SVFIT - H 109.19 130.00 153.64
1500 | e TPMT - H 111.37 130.18 149.17
[ SVFIT - DY 85.31 103.24 124.69
1000 i TPMT - DY 88.09 102.31 117.06
500 -
L +
I i My sVfit ‘ ‘ ‘ 1 My TPMT ‘
ele tau mu_tau
Distribution Q1 Q2 QB Distribution Q1 Q2 Q3
SVFIT- H 147.15 191.63 270.05 SVFIT- H 148.48 193.65 272.63
TPMT - H 120.89 140.39 160.59 TPMT - H 120.80 140.67 160.89
SVFIT - DY 132.44 184.51 279.27 SVFIT - DY 134.61 186.57 279.32
TPMT - DY 101.99 117.80 134.57 TPMT - DY 102.45 117.99 134.84
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Scaled Dot - Product

Multihead(Q, K, V) = Concat(heads, heads, ..., heady,)W©

Attention(Q, K, V) = softmax(QKT)V
o vk
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Self-Attention
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Figure: self-attention mechanism with a focus on the matrix dimensions
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Cross-Attention
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Figure: depicts the various tensor sizes for a single attention head n
In self-attention, we work with the same input sequence. In cross-attention, we

mix or combine two different input sequences. In the case of the original
transformer architecture, that's the sequence returned by the encoder module
and the input sequence being processed by the decoder part on the right.
The two input sequences and can have different numbers of elements.
However, their embedding dimensions must match.
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Figure 2: Feynman diagram for the signal process.
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