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Outline

‘ * The CMS detector
* Introduction to the HCAL energy reconstruction
* Current analytical methods and their disadvantages
e Common ML architectures: DNN, CNN and RNN
* Their applications on HCAL energy reconstruction
* HCAL calibration

* ML performance



CMS DETECTOR STEEL RETURN YOKE

Total weight : 14,000 tonnes 12,500 tonnes SILICON TRACKERS

Overall diameter :15.0 m Pixel (100x150 pm) ~1m? ~66M channels
Overalllength  :28.7m Microstrips (80x180 ym) ~200m?* ~9.6M channels
Magnetic field :3.8T

SUPERCONDUCTING SOLENOID
Niobium titanium coil carrying ~18,000A

MUON CHAMBERS
Barrel: 250 Drift Tube, 480 Resistive Plate Chambers
Endcaps: 540 Cathode Strip, 576 Resistive Plate Chambers

PRESHOWER
Silicon strips ~16m? ~137,000 channels

FORWARD CALORIMETER
Steel + Quartz fibres ~2,000 Channels

CRYSTAL
ELECTROMAGNETIC
CALORIMETER (ECAL)
~76,000 scintillating PbWO, crystals

HADRON CALORIMETER (HCA

Brass + Plastic scintillator ~7,000 channels
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* Two-level trigger system
* Reduce the event rates
from 40 MHz to ~1kHz
e While keeping most of
the interesting events
e Level-1 trigger (L1T)
e Custom electronics
* Reduce rate to 100 kHz
* High-level trigger (HLT)
* Processor farm
* Rate reduce to ~1k Hz
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Trigger System and Pileup

Mean number of interactions per crossing

pileup (PU)

e The PP interactions in addition to the

collision of interest
In-time PU and out-of-time PU
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Event Reconstruction

om m 2m

Key:

Muon
Electron

Charged Hadron (e.g. Pion)
— — — - Neutral Hadron (e.g. Neutron)
----- Photon

nsverse slic
through CMS

Particle Flow (PF) Algorithm
* Runs on HLT and offline reconstruction
* Synthesizes information from all sub-
detectors and reconstructs particles
based on their signatures
1. Muon
2. Electron and Photon
3. Charged and Neutral Hadron
Then PF particles are clustered as jets
e Usually anti-k; algorithm in CMS
Last global quantities of an event
* e.g. missing transvers momentum p*ss,
aka MET usually a manifest of neutrinos,

but may also from BSM :P



(Charged) particle resolution is dominated by
tracker at low energy, calorimeters at high energy
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HCAL is important for:
e LI1T (tracker is not involved in L1T)
* Hadrons, especially neutral hadrons
* Lepton identification (H/E) and isolation
* Physics analyses
* e.g.di-jet resonance searches

S’ 25
()
=
a2
(qy]
e
et
QD 15
©
()
O)
© 1
2
<

o
(3

CAL Is Important

138 b (13 Te
— T e,
- CMS -7 -
c - e, Y n
B . ’. N
B _ ) -
— | il
_ { I -
L \ s _
i \ 4 i
4
L / _
- \\\__// —
B - i

= = Diquark

68% and 95%
contours

S — xx — (ug) (ug?

Four-jet mass [TeV]
CERN news and arXiv:2206.09997

V)

| IlIIIII| J

3 3 8
Events/bin

-
o
N

-
o

N\



https://home.cern/news/news/physics/cms-lookout-new-physics
https://arxiv.org/abs/2206.09997
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CAL Readout Chain
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CAL Energy Reconstruction ‘

?:: - - CMS Pulse shape with 1 ns gra(:ja:tj\/) * Pulse Shape
12f [ Puse mocrtesover 25 * Digitized charge as a function of time
= * Measured with 1 ns granularity in
0s - isolated bunches isolated bunches
06 i e. no OOT PU + 8 time samples/slices (TS) in the buffer
o F- each TS=25ns
HE * Sample of interest (SOI): 75-100 ns
: ,l] | ~60% total charge

PR TR TR NN TR TR S A ST NN e S e |
80 100 120 140 160

Time [ns] * SOI+1' NZO% tOtal Charge

(221 8
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= 4 CMS (13TeV)  »  First reco algorithm: Method 0O
835 lgg?r% vcen 4 e IFH a5 Do  Used in Runl (50ns bunch spacing)
L3 0 SOI-2 (0:7 GeV) 7, * OOT PU almost negllglble
25E []SOI (4.6 GeV) o . *
“E B som (1.0 GV normal collision [(?Q') + (50|"_'1)] scale factors
s [8012(07Cev) 7%  Pulse fitting algorithms
E Eﬁ(n)c"éﬁéﬁfyaev) * Inuse since Run2 (25 ns bunch spacing)
05 ( % « 2016-2017: Method 2 (3) offline (HLT)
o =t : . = n : é — * from 2018: MAHI both offline and HLT
Time sample
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Method 2
* Fit up to 3 pulses (SOI-1, SOl and SOI+1) to 8 TS Disadvantages:
* Minimize y? using MIGRAD algorithm in Minuit 1. Too SI(_)W' Can only runin offline reco
2. Only fit up to 3 pulses
s o (TS — A2 G (tj— <t>)?  (ped— < ped >)2 Bad performance at low energy
X = 2_% o2, T 2_% o2 T 02 ' 3. Sometimes fitting unstable
- ” Force to fit only 1 pulse when OOT PU is
TS;: net charge of the ith TS. A; : pulse amplitude. t; : pulse arrival time small (energy > 20 GeV)
Ped: pedestal noise. i.e. a floating baseline of SiPM and QIE leak current - a “kink” in the output spectrum
, CMs (13 TeV)
;' un ven
A & 35 ; gg’]rg% 0 GeV) 77 A 31eggaL_szioI;hie“;é::ieg
Deposited $ ' Previous pulse YW 3E psor2(07Gev) [
In-time pulse 25 [ SOI (4.6 GeV)
ener <>
4 Next pulse o £ @ SO+ (1.0 GeV)
25 ns _I_ SOI+2 (0.7 GeV) 7%
<> e 1.5E g SOI+3 (0.6 GeV)
<> TS9 1 @ Uncertainty
‘ ‘ 05
i —— | ™0 1 2 3 4 5 6 7

TSO TSI TS2 TS3 TS4 Ts6 TS7 758 ¥

Time sample
3 pulses is not enough at low energy



* Fit 8 pulsesto 8 TS

* Minimization At HCAL, Iteratively (MAH]I)

MA
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* Matrix based minimization with Non-Negative Least Square (NNLS) algorithm

C= (Y Awi—0) (Sat X A) " (X A —d)

A; : pulse amplitude. p; : pulse shape. q : net charges of 8TS

Y. d : quadratic sum of uncertainties. ), p, i : pulse shape uncertainty

e ~10 times faster than M2: can be used in HLT

8 pulses + no baseline:  run=1 Is=1 evt=563 (27, 49, 2), E=110.4 GeV, %= 10.0

8 pulses + no baseline:  run=1 Is=1 evt=943 (-26, 67, 5), E=27.4 GeV, %= 1.0

Disadvantage:
Cannot fit for pulse arrival time
Bad performance at high energy
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Feedforward Neural Network

NN
Holled:
Koot e

;“.‘Ag“}.“g%. > . elegsS;glranyoeI:’:jtl;ol:’t:tfcljllyconnected as inputs to the
MA”‘M, next layer

* Loss function: evaluate the predictions

* Perceptron: a single neuron

y=fQEwx; + b)
y: output. x: inputs. w: weights. b: a bias term.

f: nonlinear activation function

Universal approximation theorem

K. Hornik, M. Stinchcombe, and H. White. 1989 e.g. Mean Squared Error (MSE) for regression

1
Loss (MSE) = EZ(Ypred - Ytruth)2
* Training: find weights and bias terms that minimize

Feedforward Neural Network with as few
as one hidden layer is able to approximate

any measurable function the loss function

e.g. stochastic gradient decent (SGD)
11


https://www.sciencedirect.com/science/article/abs/pii/0893608089900208
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CAL Reco with DNN 2
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£ 2.0 ™ {20 ' : ™)
‘ PU € [1, 200] |PU € [1,200]
1.5 4 in (S [0, 15] 1.5 - in € [15, 30]
Depth > 1 Depth > 1
b X & * X
S 10 %% ¥ % ¥ % * ¥ S10{ v%%x ¥ ¥ ¥ % -~ L
2 ; s @ i
Preprocessing on server (n, depth—categorical) g + &
—46 inputs total* 059 , 0.5
l 0.0 T T T T T 0.0 T T T T T T T T T
. . 0 50 100 150 200 0 25 50 75 100 125 150 175 200
BatchNormalization - 10
. + x  Mabhi X Mabhi
v 0.8 + FACILE 0 0.8 1 + FACILE
2 c
S 2
4 0 0.6 1
4 dense layers R & %
~4,500 parameters So0adl™ § 0.4
LeakyReLU activation E 3
2 % 2 ¥
l g 0.2 " @ 0.2 8 .
X o * X * + * X
- e — — S0 5 % 75 10 15 130 175 200
N del i 0 50 100 150 200
\— ew mo J i.h_H B Egen (GeV) J k‘H E Egen (GeV) J

Goal: a lite architecture with performance similar to MAHI, and can run on FPGA for L1 trigger
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https://indico.cern.ch/event/1122482/contributions/4716772/attachments/2385197/4076350/facile_update_hcaldpg_feb4.pdf
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Convolutional Neural Network &

Convolutional Neural Network (CNN): use filters (kernels) to extract features

normal pulse

0.02

filters i .
0.60 | 0.20 | 0.10 | 0.05 | 0.03 feature maps filters feature maps v = binary(x, + x, - 2)

. /ma»}
T— A perceptron for output

I T B (oo oo [ oo | oo [ Toa {0z o B o

0.01

/ioub'*\p% : - delaycyﬁ/pu\he\

SN P T P

0 01 | 030 | 0.19 0.00 | 0.01 | 0.09 | 0.60 | 0.20 | 0.10
\ cee —> Y \ .

0.19 | 0.

0.3

o« —pREINE]

Example: select signal (normal pulse) from common backgrounds (double pulse, delayed pulse, etc)
1. Extract low-level features of rising and falling

2. Extract high-level features: the location and multiplicity of the low-level features

3. Asimple perceptron for output. 1: signal, 0: background

13



CAL Reco with CNN
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et chars pugr | * DLPHIN = Deep Learning Processes for HCAL INtegration
reshape: Reshape input (RNone, 36) i ArCh ite Ctu re eVOIVed from 1 D CN N to 2 D CN N
output: | (None, 7, 8, 1)
:  Dim. 1: net charges of 8TS
comv2d: ComvaD input: | (None, 7, 8, 1) . . . .

f (None.3.6.10) * Dim. 2: depth = exploit correlations among channels in a tower
coma.1:Coma * More than 3 times faster than MAHI reco (both on CPU)
et o [ [0 5 10 * Better performance from upstream to downstream

' * channel-level = single particle-level - jet-level
flatten: Flatten input: | (None, 1, 2, 32) types_input: InputLayer input: | (None, 1)
output: (None, 64) output: | (None, 1)
concatenate:}mex;e input: [‘(@x (None, 1)] E: — DLPHIN E: — DLPHIN
output: (None, 65) ;‘ E" “
flatten_1: Flatten input: | (None, 63) g . i :
output: | (None, 65)
dense: Dense i}pul: (None, 65) :
output: | (None, 64)
dense_1: Dense ;:fpl:t ((Ir:l.():)) mask_input: InputLayer ;:f:l:t Ezz::: ;; :
\ 0 10 20 30 40 50 0 10 20 30 40 50

concatenate_1: Concatenate

input:

[(None, 7), (None, 7)]

output: (None, 14)
out: Rest input: | (None, 14)
oufput: Reshape output: | (None, 2, 7)

simHit energy [GeV]

channel-level resolution

simHit energy [GeV]
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Recurrent Neural Network

Recurrent Neural Network (RNN): add a time dimension to better process sequential inputs

® C? (?; ® * Feedforward: process all inputs x; at once. y = f(Q, w;x; + b)
* RNN: process x; in time steps; each time step has a state h;
? = | A LA LA | that is updated recurrently. h; = f(Wphi_; + W, x;)
‘ éD g) Output y; = f(wyht)
Lt A 1
I f « Example: handwriting recognition, letter “a” vs “d”
[ ”\I‘IZ o 2 * Feedforward: inputs from static image
. L A W | * RNN: sequential inputs as “strokes”
h
t A common issue for vanilla RNN: vanishing gradient problem
® ® | 1. * Most used solution: Long Short Term Memory (LSTM)
iﬁﬁi?o‘i?,ii;Zil_i'iflilﬁs T © ::Zu:ff:;ecvtrl:ﬁfxgs . Ad(.:I gates to RNN units to control wh_at i.nfo is passed through
usedtin the new cel vaue. r,@ (’@ outputed, * Charge inputs of 8TS are also sequential inputs
'''''''''''' ® @@ @L e Tried LSTM in DLPHIN, qnly several percgnt improvement
- ( L T:T | * Keep the 2D CNN for a lite and fast architecture
:- Input Gate: controls how

t ) ) )
/74*1 much of input is used in the 15
new cell value.
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DLPHIN pertormance

. . + .
HCAL channel-level resolutions Particle-level (r*) resolutions
14 14 CalodetE_ratio_HE_h CaloJetE_ratio_HE_h
3 $ MAHI z L ¢ MAHI [ Enries 56477 [ Enres 57487
O, L O, L 5000 — Mean 0.8515 5000 C Mean 0.9108
@ 12— ¥ M2 e 12— ¥ M2 N StdDev  0.2662 B StdDev  0.2788
c r c _
o o L
: HB | oLPHIN ‘M HE } oLPHIN w0k w=0.92+0.0013 B W =0.964 + 0.0012
T f *«H T F 6 =0.198 £ 0.0016 4000 — 6 =0.187 £ 0.0014
o I o .
5 L g | L c/u=0.215 C c/n=0.194
3 8 gfﬂ# 3 8 .,W‘W . A/N =0.0889 - A/N=0.0916
o) - + ) - Aoy 3000 3000 —
g o i o :
U o i X -
- L 2000 2000 -
L . - L
ar 4 g - : X MAHI ; DLPHIN
- _ 1000 .+ . 1000~ *
2 2 B s r e o .
O 1 11 | 111 I 111 | 111 | 111 | 1 11 | 111 I 11 1 | 111 O_I 11 I 11 1 | 111 I 1 11 | 111 I 111 | 111 | 111 | 1 11 0_~I+I 11 | 11 1 | 11 | I’-“"—i_.l 1 1 I 1 1 1 1 | 111 O_“:-| 1 1 | 111 | 11 1 I"‘l*.r"‘—Ll | 11 1 I 1 1 1 1
0 20 40 60 80 100 120 140 160 180 0 20 40 60 80 100 120 140 160 180 0 0.5 1 15 2 25 3 0 0.5 1 15 2 25 3
simHit energy [GeV] simHit energy [GeV] RecoJet / GenJet RecoJet / GenJet

* HCAL channel-level resolutions: 1TeV pion-gun MC. Compare reconstructed energy to simulation energy
DLPHIN has better resolution than both MAHI and M2

* Single particle-level (r¥) resolutions: 50GeV pion-gun MC. Match calorimeter jets to generated pions
DLPHIN resolution ~10% better than MAHI

16
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PF hadron calibrations

Response Response
 HCAL is an under-compensating calorimeter 2O A0
* EM component of hadron shower smaller at : " } “E
low energy = Low response at low energy : :3 PE dlfo ” 23 SSPOTSE a il
F raw rcsporisc Fraepenaent calmration
* Need particle-level calibration oif 01
* HCAL calibrated with 50 GeV pion (ECAL ° .......................... c;,
energy negligible) for channel energy :2 Ea :2
* Then energy dependent calibration on PF osf :
hadrons ot
* PF hadron (start showering in ECAL) as an example O o0 s o0t o s iy g s 0% a0 10050 200 20 300 30 dtp i ot
Ecorr = A(E) * EESA" + B(E) » EHGA + offset 3
e Currently the parameters A(E), B(E), etc are f ;
based on function fitting @ = & e,
* Plan to use ML on this step, expect big : 15 /I}{HT
improvements on some bad fittings ) ' ﬁl
 Downstream tests (e.g. jet resolution) have to be 1 2
after PF calibrations <f )y(;/[oli;‘i;ﬁ’“p"ﬁ’

-3 i i - | | | | i i i
2
10 10 True Energy(GeV) 1 7
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DLPHIN performance

[ Jet pT resolution, 0.0<p|< 0.5 | [ Jet pT resolution, 0.5<mn|<1.3 | [ Jet pT resolution, 1.3<pn|< 2.1 | [Jet pT resolution, ZA<RI< 25 |
5 5 E 5 L e
£0.25FF s 3 ,4f g i
S X — 50.25F 5 0.3 20.35F
@ [ -ggDPU_MAHI 8 [ 2 C § -
= - +QCDPU_DLPHIN = [ -+ = [+ o 3
s 0.2+ PO t50.25F = 03F #+
- [ - 0.2_— - a -
S b = S P 3 oof = 80.25F
0.15F =+ B - i - C *
- 0.15F - i -
5 g - N - 0.2 #
[ - X '-_._ 0.15 = - +
0.1__ - 0_1-_ e C * 0.15F +*
: T g -, 0.1 * zﬂ : .
L he s [ “Sye - S 0.1 + T
0.05F ety 0.05} ""**++ 2 o : ey T
r M ! 0.05¢ + 0.05F T l
o o Dl il o ofp— s o O ‘H ol
- o - | - - 1
4 1}+ +++++++++H H :: 1++++++ +_+_ + F @ 1:*_ + + :: 0.9F ++ +
g A O 71 I ) O O S
0.9 — 0.95L : - 0.9' L 0.7t = e
102 10 10? 10 102 10 10 10
GenJet pT (GeV) GenJet pT (GeV) GenJet pT (GeV) GenJet pT (GeV)

* PF jet-level resolutions: QCD MC (flat pr15-3000 GeV). Match PF jets to generator level jets
* PFjet performance dominated by tracker at low energy
* DLPHIN resolution 5% / 10% better than MAHI for HB / HE at high energy

18
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*

Summary and Outlook

* Introduced some common ML architectures and the physics behind the design

* For HCAL reco: DLPHIN showed better performance and speed than traditional fitting algos

* Other possible applications of DLPHIN
* A lite version on FPGA for L1T (DLPHIN/FACILE collaboration)

Will bring huge improvements on hadrons and leptons

 ECAL energy reconstruction Tt NN

& o imame . Endoep

Currently also use traditional fitting S o Outottime E

o - e Observed E

L 5 1 == =

e Use in future detectors in CEPC, FCC etc. g Pl E

3F P—d .

=

Thanks for your attention! 1 =4 e ]
o 1 2 3 4 5 6 7 8 9

Time sample 19



Backup slides
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dijet resonance search '

The analysis considers the four leading jets in an event

o 4-jet mass is unambiguously defined, but any event has three possible di-jet pairings
from which to obtain average 2-jet mass

o Minimizing AR=|(AR,-0.8)|+|(AR,-0.8)|, where AR, , are the AR between the two jets of

each combination, was found to be the optimal metrlc yielding the highest expected
signal 51gn1ﬁcance for both the resonant and non-resonant analyses

Additional cuts are made on the resulting pairs to reduce background and
“wrong combinations” of jets:

o A mass asymmetry requirement: m -m,|/(m, +m,)<0.1
o An angular requirement between the pairs: An < 1.1
o An angular requirement between jets in a pair: AR, ,<2.0

Also working on an ML approach for dijet pairing

21
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Background functions

e Both analyses use smoothly falling functions to model the background in
the usual “bump hunt” approach
e Three forms are considered:

Dijet-3p: dor  po(1—my//s)P

dﬂ’l4j N (m”/ \/E)Pz

PowExp-3p: do

= Po e—Pz("’j,‘/\/g)

ModDijet-3p: do po(1—(m;/\/s)1/3)n

dmy; (mj;/ /s)P2

22



Systematic uncertainties

e The two searches have the same sources of systematic uncertainty:

N\

e Signal:
Systematic Uncertainty Source | Nominal Value | Uncertainty
Jet Energy Resolution no smearing 10% of RECO resolution
Jet Energy Scale no shift +2% shift of m;;orm,,
Luminosity 137.5fb " +1.6%

e Background (dominant):

Uncertainty from the fit (including effect from envelope method)

e All other sources (e.g. PDFs) are found to be neligible.

23



dijet resonance search

N\

-1
138 fb-1 (1 3 Tev) m [ T TTT I LI | TTTT T T I T I1I ]3I8I Tbl I I(I1I3I |Tlley) q)
i Data Diquark: S — (ug) (ug)| = Y— XX = (ij) (i) =)
LO QCD MC —— M(S)=8.6TeV <>U 1 CMS M(X)/M(Y)=0.25 —1 g
C M S ------- PowExp-3p fit ---- M(S)=5.0TeV 1 . p— - - - - - J————— o 1
— ModDijet-3pfit e M(S) = 2.0 TeV Q - Q
- - - - Dijet-3p fit M(x)/M(S) = 0.25 © TEF S VRRCECE ‘TECERC] TEED SO SECEETRTRSTRURETE SETRTREPRTRERRTRERRY ©
- _ T 51071k S
S ] © [s
®  'Fe.. 022<0<0.24 0.24 <. < 0.26 *e.., 0.26<a<0.28 L - § S U T S 0]
E - ...
e o - 1 102
L " " T : 0.9
F 10°f : }{{f\* w* $ : - .
£ 10°F I R o 3 —3 [=r=" 3@ rrrrrnamesanactnesnaasnnassen e neno s nn s s smamnn e en ey
E 10-6;- o8 TN 4 10 E 05
.8 107F ' o n
10°F ' L e e e e e mm e o --A---- .
10°F 1 0‘4 3 1 0—1
o ee Qe em e mm e mmeemeemmeemmeeeneennsesnnnsennnseenn]
E 'E g[TTTTTTTTT 26-----=--=--1
1| @© —O | -
"g -§ 10 §l | - l L1 11 I | | l | - l | - l 111 | I | | I 11 | l_ 1 0 2
8g 2 3 4 5 6 7 8 9 10

5 6 7 8

5 6 7 8 2 3 4 5 6 7 8 2 3 4

Four-jet mass [TeV]

Four-jet resonance mass [TeV]
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2

Event displays

D.. P . 1 PF Jet 1 __C:MS \ PF Jet 3, Dyet Pair 2:
~ =22 pt=1.451 TeV
et pai 1:. s > , a pt = 282TeV
— hi = 1.47 Y1 _phi=297 |
pt=349Te e - mass = 2.10 TeV
mass = 1.88 TeV g =
L
“ PF Jet 2
S ‘.O I pt=1.520 TeV
| iph s - PF Jet 4, eta=1.10
pt=1733 TeV pt=0.659 TeV/ phi =233
eta=0.21 « 7 ota=-1.23
| phi=245 3 phi=-1.23
o 52
it e PF Jet 4,
3 pt=1.408 TeV
N S
. s e LpmEELA |
se e\
Dijet Pair 2: Dijet Pair T:
CMS Experiment at LHC, CERN P:):(J:;Z()'42 TeV; pt = 3'45 Tev pt = 3.07 Tev gg‘t: ri’:;%?;s:lenst;tML:yCSCO%R5hi14 2018 EEST
Data recorded: Sat Oct 28 12:41:12 2017 EEST eta =0.29 — mass = 2.00 TeV Run/Event: 315721/ 200841184
phi=-1.27 mass = 1.86 TeV : Lumi section: 151

Run/Event: 305814 / 971086788
Lumi section: 610
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CMS Preliminary 2018

13TeV

Run 315645, LS 331, Event 329537428

|Eta -24, IPhi 15, Depth 3

—o— Data

LIllllllllIlI[IIIIllI[IlIIIIlIIIIlIIII]I[II

--7--

= Total fit

T = In-time pulse

=== Previous pulse

== Next pulee

- - - Baseline

——

o
N

CMS Preliminary 2018

Time slice

13TeV

—e— Data
= Total fit

= [n-time pulse

Run 315645, LS 331, Event 329952782
|IEta -6, IPhi 37, Depth 1

I~ —— Previous pulse [

C === Next pulse

[ - --Baseline

- |

C I

E 1

C t ' b
4 T = _: ______________
0 2 4 6

Time slice

26



N\

Method 3

. Online version of M2, used in 2016 and 2017
* Fit 3 pulses (SOI -1, SOl and SOl + 1) toonly 3 TS
* Drop the arrival time term

v Osor i
e Use constant baseline term
e Fitting = solving linear equation @ g,
T'Ssor—1 fo 0 O [Asor-1 B : : : :
T'Ssor | =1|fi fo O Asor | + | B + Osor-1 1
T'Ssor+1 fa f1 Jo Asor+1 B L_::l

f0, f1 and f2 are the premeasured fractions of the + SOF1 , SOl SOk1, SOk2

pulse template in +0, +1 and +2 TS
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Processing time

50.62 SimpleHBHEPhaselAlgo::reconstruct(HBHEChannelInfo const&, HcalRecoParam constx, HcalCalibrations const&, bool) [40]
48.76 IahiFit::phaselApply(HBHEChannelInfo const&, float&, float&, float&, bool&, float&) const [41]

48.35 MahiFit::doFit(std::array<float, 4ul>&, int) const [42]

29.34 MahiFit::minimize() const [43]

22.40 MahiFit::nnls() const [44]

14.23 DLPHIN::DLPHIN_run(HcalDbService const&, edm::SortedCollection<HBHEChannelInfo, edm::StrictWeakOrdering<HBHEChannel
Info> > constx, edm::SortedCollection<HBHERecHit, edm::StrictWeakOrdering<HBHERecHit> >x) [45]

™ ™

Total CPU time [s] Process name

Processing time profiled with IgProf
CMSSW _12 4 3,1000 events in 2022C_JetHT data
DLPHIN processing time < 30% of MAHI (both on CPU)

HCAL on CPU used to cost ~15% of total HLT time
DLPHIN on CPU can achieve ~negligible (<5%) of total HLT time, like MAHI on GPU
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recHit resolution in HB
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Resolutions vs simHits with UL 2018 pion-gun sample (realistic PU)
M2 forced to fit 1 pulse for HPD charge > 100 fC (~20 GeV), hence the kink
HB only had 1 depth in Run2. DLPHIN is expected to be even better in Run3
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recHit energy [GeV]
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Resolutions vs simHits with UL 2018 pion-gun sample (realistic PU)
M2 forced to fit 1 pulse for SiPM charge > 25k fC (~20 GeV), hence the kink
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