Machine Learning with Muon
Collider Data

From .slcio files to Neural Networks in Hardware

Abhinav M
University of Hyderabad



Objectives

 Study differences between Beam Induced Background and Hard
Scattering data

* Train a DL model to classify BIB/Hard based on these differences

* Implement the model on FPGA using his4ml



Beam Induced Background (BIB)

Muons are unstable !

In flight decays + decay products from interaction with matter

T

result In

Beam Induced Background




How can on-chip ML help ?

A good model can characterize BIB noise and eliminate it from the signal data.

e Avoids loss of data due to cutoff based filters.
e Can potentially discover new physics.
e Save resources by avoiding noise.

e Reduce hardware load.

Train a Deep Learning model to reject BIB minimizing loss of signal data.



Opportunities for on-chip ML

Exploit characteristic differences between BIB and signal.

e Pulse shape
e Arrival time distribution
e Hit distance distribution

e Energy profiles



GEANT4 Data = csv



The data

* GEANT4 simulation output files were received for BIB and Hard
Interactions.

* Files were in .slcio format.

BIB data—> /cvmfs/cms.hep.wisc.edu/mucol/reference/slomte BIBsamples

Hard data = /scratch/slomte/analysis/inputfiles/sim_mumuHbb3TeV_100evts.slcio

* First these files were converted into plaintext to access the data.


http://cms.hep.wisc.edu/mucol/reference/slomte_BIBsamples/sim_mumi(pl)*

The data

Event : ©@ - run: 0 - timestamp @ - weight 1

date: 01.01.1970 00:00:00.000000000

detector : CLIC_o3_v14_modd
event parameters:

collection name : ECalBarrelCollection

parameters:

flag: 0Oxb0OOOELOO

parameter CellIDEncoding [string]: system:0:5,side:5:-2 ,module:7:8,stave:15:4,layer:19:9,submodule:28:4,6x:32:-16,y:48:-16,

print out of SimCalorimeterHit collection

— LCIO:: CHBIT_LONG ]
LCIO:: CHBIT_BARREL : ©
LCIO:: CHBIT_ID1 S |
LCIO:: CHBIT_STEP 1
[ Hd ] |cellld® |celllIdl | energy | position (x,y,z) | nMCParticles
— MC contribution: prim. PDG | energy | time | length | sec. PDG | stepPosition (x,y,z)
1 | ! 1 1
T T I 1 T
[00000029] |03671060|10289130|+1.688e—04f—6.717e+02, +1.388e+03, +7.956e+02 | +1

id-fields: (system:20,side
.9

:0,module:8,stave:0, layer:7,submodule:0,x:-22,y:156)
+0|+1.688e-0U|+6.376e+00|+0.000e+00| (+0, +0.000e+00,

[00000030] |03671060|10289129|+6.282e-04}—6.673e+02, +1.390e+03, +7.956e+02 | +2

id-fields: (system:20,side

:0,module:8,stave:0, layer:7,submodule:0,x:-23,y:156)

— +0|+1.428e-0U|+6.376e+00|+0.000e+00| (+0, +0.000e+00,
= +0|+14.85Ue-0U | +6.057e+00 | +0.000e+00| (+0, +0.000e+00,
[00000031] |03146516]|10223608|+1.472e-03}—1.533e+03, +U4.080e+01, +7.905e+02| +2

id-fields: (system:20,side

:0,module:6,stave:0, layer:6,submodule:0,x:-8,y:155)

- +0| +4.7U5e-0U | +6.3Ule+00 | +0.000e+00| (+0, +0.000e+00,
- +0|+9.974e-0U | +5.5U3e+00 | +0.000e+00| (+0, +0.000e+00,
[00000032] |00000660 |-6750180|+1.418e~-0U }—1.230e+03, -8.7U9%e+02, -5.253e+02] +1

id-fields: (system:20,side

%
[00000033] |02098196 13762538 +1
id-fields: (system:20,side

%
[00000034] |20448660|-15269951|+2
id-fields: (system:20,side

%

:0,module:5,stave:0, layer:0,submodule:0,x:28,y:-103)
+0|+1.418e-0U|+6.096e+00 | +0.000e+00| (+0, +0.000e+00
.930e-0U }-8.585e+02, +1.263e+03, -1.071e+03] +1
:0,module:8,stave:0, layer: 4, submodule:0,x:22,y:-210)
+0|+1.930e-0U|+7.308e+00|+0.000e+00| (+0, +0.000e+00,
.738e-04|+1.632e+03, +5.71Ue+02, -1.193e+03]| il |
:0,module:11,stave:0, layer:39, submodule:0,x:-63,y:-234)
+2|+2.738e-04|+9.607e+00|+0.000e+00| (+0, +0.000e+00,

!
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+0.
+0.
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Parsing the data

e Each file had around 500,000 lines and each line was in below format:

[ id ] |lcellId® |cellIdl | energy | position (x,y,z) | nMCParticles
— MC contribution: prim. PDG | energy | time | length | sec. PDG | stepPosition (x,y,z)

[00000029] |03671060]|10289130|+1.688e-0U|—6.717e+02, +1.388e+03, +7.956e+02| +1
id-fields: (system:20,side:0,module:8,6stave:0,layer:7,submodule:0,6x:-22,y:156)
=5 +0|+1.688e-0U|+6.376e+00|+0.000e+00| (+0, +0.000e+00, +0.000e+00, .000e+00)
[00000030] |03671060]|10289129|+6.282e-0U|—6.673e+02, +1.390e+03, +7.956e+02| +2
id-fields: (system:20,side:0,module:8,6stave:0,layer:7,submodule:0,6x:-23,6y:156)
- +0|+1.428e-0U|+6.376e+00|+0.000e+00| (+0, +0.000e+00, +0.000e+00, .000e+00)
= +0|+4.85Ue-0U|+6.057e+00|+0.000e+00| (+0, +0.000e+00, +0.000e+00, .000e+00)
[00000031] |©3146516]|10223608|+1.472e-03|—1.533e+03, +4.080e+01l, +7.905e+02| +2
id-fields: (system:20,side:0,module:6,stave:0,layer:6,submodule:0,x:-8,y:155)
—3 +0 | +4. T45e- 0U|+6 3U4e+00|+0 000e+00| (+0, +0.000e+00, +0.000e+00, .000e+00)

* This data was loaded into a pandas dataframe in python for
visualising and understanding the data.



-
->

[00000036] |01048596|20447170|+6.233e-04+1.512e+083, -3.162e+082, +1.586e+03|

id-fields: (system:208,side:8,module:8,stave:8,layer:2,submodule:d,x:
.453e-81|

->
->
->
->
->
->
->
->
->
->
->
->
->
->

-3

+211|+8.
+211|+1.
+211|+4.
+211]+1.
+211]+1.
+211]+9.
+211]+1.
+211|+4.
+211]+4.
+211|+2.
+211|+4.
+211]+1.
+211|+2.
+211|+1.
[60000037] |03671188|24444903|+7.703e-06+1.

675e-05|+9.
862e-04|49.
839e-086|+9.
622e-05|+49.
303e-05|+9.
181e-05|+9.
833e-05|+9.
622e-05|+49.
B85e-05|+9.
534e-05|49.
B71e-05|+9.
392e-05|+9.
336e-05|+9.
567e-085|+9.

102e+02|+2
182e+02|+2.
102e+082 | +2
102e+02|+6.
182e+02 | +6.
182e+82 | +5.
182e+082|+7.
102e+02|+1.
102e+02 | +1.
182e+02 | +1.
182e+82|+6.
1682e+82 | 45.
102e+02 | +6.
1026+02 | +4.

534e-01|

.480e-02 |

871e-02|
928e-02|
612e-02|
146e-02 |
153e-01|
327e-01|
@57e-01|
560e-02 |
845e-02 |
216e-02|
271e-02|

-b2,y:
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,

275e+82, +1.538e+83, +1.897e+03|
id-fields: (system:20,side:®,module:9,stave:8,layer:7,submodule:8,x:-25,y:

[6EEE0038] |BA6292628|24838110|+2.685e-04|+1.734e+82, +1.563e+83, +1.928e+03|
id-fields: (system:28,side:8®,module:9,stave:8,layer:12,submodule:8,x:-34,y:378)

->
->

[6EEE0039] |B87340388|207089441(+5.952e-05]+1.674e+83, -1.1972+83, +1.612e+03|
id-fields: (system:208,side:8,module:2,stave:8,layer:14,submodule:®,x:65,y:316)

->

[poEEEB4D] |08388884|28578376|+2.951e-05]+1.110e+83, -1.187e+83, +1.601e+03 |
id-fields: (system:28,side:B,module:2,stave:8,layer:16,submodule:®,x:72,y:314)

->

[00000041] |05244852|24707042|+2.921e-04|+1.530e+82, +1.553e+03, +1.918e+03 |
id-fields: (system:28,side:®,module:9,stave:8,layer:18,submodule:®,x:-30,y:376)

->
->
->
->
->
->
->
->
->

+211|+2

+211|+3

+211|+2.
+211]+3.
+211]+2.
.A84e-85|+1.
+211]+3.
+211]+3.
+211]+3.
.412e-85|+1.
+211|+4.
[00000042] |05244052]|24772578|+1.170e-04|+1.

782e-05|+1.
528e-05|+1.
356e-05|+1.

553e-85|+1.
548e-05|+1.
538e-05|+1.

B0de-05|+1.

576e+81]+9.
576e+81]+9.
576e+01|+1.
576e+01|+1.
576e+81|+1.
576e+81|+1
576e+01|+1.
576e+01|+9.
576e+81|+1.

234e-02|
282e-02|
912e-01|
176e-01|
872e-01|

.431e-01|

204e-01|
836e-02|
189e-01 |

(+11,
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,
(+11,

530e+82, +1.553e+083, +1.923e+03|

+14

311)

.512e+83,
.513e+83,
.513e+83,
.513e+83,
.513e+83,
.513e+83,
.513e+83,
.513e+83,
.512e+83,
.512e+83,
.512e+83,
.512e+483,
.512e+83,
.512e+83,

+1

372)

+1.
+1.
+1.
+1.
+1.
+1.
+1.
+1.
+1.

+2

+1

+1

+211]|+2.951e-085]|+1.791e+02|+2.988e-03| (+11, +1.118e+83,

+9

521e+82,
520e+082,
528e+082,
519e+82,
519e+82,
518e+82,
518e+82,
518e+82,
517e+82,
+4

-3.168e+02,
-3.168e+02,
-3.168e+02,
-3.168e+02,
-3.168e+02,
-3.168e+02,
-3.168e+02,
-3.168e+02,
-3.167e+02,
-3.166e+02,
-3.166e+02,
-3.166e+02,
-3.165e+02,
-3.165e+02,

-1.188e+03,

+1.553e+83,
+1.553e+83,
+1.553e+83,
+1.553e+83,
+1.553e+83,
+1.553e+83,
+1.553e+83,
+1.553e+83,
+1.553e+83,

+211|+2.185e-83|+8.827e+00 | +/.87%-081| (+1000018020, +1.861le+82, +1.523e+83, +1.9/7/8e+83)
+211|+6.138e-84|+8.805+08|+5.636e-81| (+2212, +1.848e+02, +1.523e+083, +1.969e+83)

+1.
+1.
+1.
+1.
+1.
+1.
+1.
+1.

587e+83)
587e+03)
L87e+03)
587e+03)
587e+83)
587e+03)
L87e+03)
587e+03)
+1.587e+83)
+1.587e+03)
+1.587e+83)
+1.587e+03)
+1.587e+83)
+1.587e+03)

+211|+7.703e-06|+4.164e+01|+5.776e-01| (+2112, +1.276e+82, +1.538e+83, +1.897e+03)

+211]|45.211e-85]+1.524e+01|+8.163e-82| (+11, +1.713e+82, +1.563e+83, +1.927e+83)
+211|+2.164e-84|+1.5242+01|+9.157e-82| (+11, +1.713e+82, +1.563e+83, +1.927e+83)

+211|+5.952e-05 | +1.762e+02| +5.263e-01| (+2112, +1.075e+83, -1.196e+83, +1.6089e+03)

+1.602e+83)

+1.
+1.
+1.
+1.
+1.
+1.
+1.
+1.
+1.

919e+83)
920e+03)
928e+03)
928e+03)
920e+03)
920e+03)
928e+03)
928e+03)
920e+03)



.abnv files
with data in .csv
for each event
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( GEANT4 }

slcio = pandas df

partially

processed
temp Dt

files

main.py

single master_ .:li::en:
.abnv file with ‘_{ mergepanda.py i < T
all data in csv with data

in csv

[ parse_abnwv.py 1

.py files take command line e

format

argu ments for plotting DATA PROCESSING FLOW

[ mi_train.py ]—) g;on{:z:hh: —44 his_ml.py ]—) pH LS
roject

Fy best
model

DATA PROCESSING FLOW

F

slcio |
files
(HARD)

A




The data was correctly extracted into a
pandas df

CollectionID Energy Time Length Z Dataset
ECBC 2.3810600e-84 B863.7 . /3080 . 12 -144.1 Hard
ECBC 2.997600e-04  863. . /6960 . .6 -144.5 Hard
ECBC .577600e-85  803. . 36890 . . -144.8 Hard
ECBC .138686e-85 1376. 01415 5 . -1571.6 Hard
ECBC .A35600e-86  396. . 02896 . . 695.0 Hard

5476951 HCEC .184600e-08  519. . 15500 . . -434, BIB
5478952 HCEC .368000e-89  556. . 48300 . . . BIB
5476953 HCEC b.501000e-08  570. 2.73168 . . . BIB
5476954 HCEC 6.400000e-09  579. .11300 . . . BIB
5476955 HCEC .332000e-09 1364. 42920 . . . BIB

Around 5.47M rows were available with 50-50 Hard-BIB
Of this, | focused on the ECalBarrelCollection



Some BIB visualizations: Arrival time vs XYZ

FCalBamrelCollection Position vs time (Fvent 112:000/9248) ORIGINAL




Some BIB visualizations: Arrival time vs XYZ

ECalBarrelCollection Position vs Time (Event ID:{angle}/999) UNROLLED

0
Theta (degrees)




BIB vs Hard for
ECalBarrelCollection



BIB vs Hard Dataset

 What was expected:

* Some difference in energy distribution and time distribution as hinted in
literature.

e Other variables were X,Y,Z coordinates and PDG ID



BIB vs Hard Dataset
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BIB vs Hard Dataset

BIB Dataset
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Primary PDG ID is highly correlated with
deciding Hard/BIB

* PDG ID gives the type of particle.

R-HADRONS SUSY LIGHT I = 1 MESONS LIGHT I = 0 MESONS
R} 1000993 PARTICLES n0 111 (uT, dd. and s5 Admixtures)
B 1009113 dp 1000001 w+ 211 . 291
Geld i, 1000002 ag(980)° 9000111 i/ (958) 931
- —r12n0y0
R}:arﬁ 1009223 eL 1000004 i 1300) 1oLl fo(980) 0010221
0 1009313 In 1000005 i 1300)™ 100211 n(1295) 100221
.'H-F R 'y il f =y = -
Bt 1009323 rl_ 1000006 ag | 1450) 10111 74(1370) 10221
.lr,;-'r.'- €7 1000011 apl 14501 10211 n(1405) 9020221
R _ 1009333 - — 0 ( e
.H_lis.u 1091114 J':I__r__ 1[}{]{]”1? .1[1-?&““]_ ;}{]lﬁ]ill i‘J[l—]-T..]] 100331
Gedidd ' ;rf 1000013 [.li&m:;] a01021 .l Fo(1500) 9030221
R_Ifjm i 192114 bur 1000014 2l r_ill]_ 113 Fo(1710) 10331
t 1092214 7 10000157 pLTT0) 213 n(1760) 9040221
G ] EEEAL ;
-H'l_+ 1092224 I}':"L 100016 f.l] [ 12-%-1] 10113 _fr;[ilﬂ{]'; guﬁﬂzzlt
R.q_srmr 003114 dp 2000001 i 12-‘}-1]”I 10213 fo(2100) 0080221 "
. ek ~ : (1260) M1
g add iip 2000002 a1 260) 20113 fo(2200) 9070221*
R, 1093214 &n FNNNNA a1 {12601 20213 Ppp— P

Monte Carlo particle numbering scheme (Rev.)

L. Garren (Fermilab), .G. Knowles (Edinburgh U.), T. Sjostrand (Lund U.), T.G.
Trippe (LBL, Berkeley)



Same particle, in Both BIB and Hard how the energy composition is...

PPDG 2112 Energy vs PPDG
2112

Hard
BIB
2112 A

2112 1 —

2112 - BIB: 167030 (323.19%)
Hard: 51682 (100%)

PPDG

2117 1 G @ 80 (T (O

2112 A

2112

0.0000 0.0001 0.0002 0.0003 0.0004 0.0005
Energy

Y axis is the same, just shifted to give some offset otherwise the dots will overlap since same particle ID



PPDG 2212 Energy vs PPDG

2212
Hard

BIB
22124
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b
&

2212 - BIB: 189 (2.71%)
Hard: 6986 (100%)
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PPDG

11

11 -

PPDG 11 Energy vs PPDG

Hard
BIB

11 4 BIB: 270 (1.47%)

Hard: 18361 (100%)
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PPDG

PPDG 13 Energy vs PPDG

13
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BIB
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PPDG

11 PPDG -211 Energy vs PPDG

Hard
BIB
211 A

211 4 .

-211 - BIB: 45 (0.12%)

Hard: 37153 (100%)
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PPDG 211 Energy vs PPDG

211
Hard
BIB
211 1
2111 =
G
E 211 A BIB: 14 (0.03%)
a Hard: 44540 (100%)
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Primary PDG ID is highly correlated with
deciding Hard/BIB

* Was able to get >90% model accuracy with PDG ID included in
features

e But this cannot be used as a feature for training the model because
this information will not be available in real-time !

e Excluding this PDG ID and training model resulted in 50% accuracy,
which is same as random guess.



BIB vs Hard Dataset

 What was expected:

* Some difference in energy distribution and time distribution as reported in
literature.

e Other variables were X,Y,Z coordinates and PDG ID

* BIB had no distinguishing characteristics in Energy or Arrival time distribution
as expected.



Generating a Synthetic BIB
Dataset




Synthetic BIB vs Hard Dataset

* BIB had no distinguishing characteristics in Energy or Arrival time distribution
as expected.

* So a synthetic database was generated for BIB with some noise-like
characteristics.



Synthetic BIB vs Hard Dataset
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Finding best NN architecture



Finding best NN architecture

* FF neural networks were used for simplicity.
* Grid search technique was used to find the best architecture.

* |teratively trains different configurations from the search space and finds the
most accurate one.



Finding best NN architecture

dene jput | wpot. [ [0, o) * Using 500k rows with 50-50 train-test split, >98% accuracy was

InputLayer | output: | [(None, 6)]
obtained at classifying BIB.

A
dense | input: (None, 6}

Dense | output: | (None, 128)

Accuracy on the entire dataset: 8.98913375
Model: "sequential”

dense 1 | 10Ut | NOme, 128) | e — —

Layer (type Output Shape Param i
Denge | output: | (None, 128) y ( yp ) P P
dense (Dense) (None,

denge 2 | input: | (None, 128)
Denge | output: | (None, 128) dE'I'ISE_‘l (:DE‘T'ISE') (NO ne,

\ dense 2 (Dense) {None,
denge 3 | input: | (None, 128)
Denge | output: | (None, 128) dense_3 (Dense) (None,

dense 4 (Dense) (None,

denze 4 | input: | (None, 128)

Denge | output: | (None, 128) dE'I'ISE'_E- (DE'I'ISE') (NCJI'IE',

dense_6 (Dense) (None,

denze 5 | input: | (None, 128)

Dense | output: | (None, 128)

Total params: 83,714

A

Trainable params: 83,714

denge 6 | input: | (None, 128)

Non-trainable params: @

Denge | output: (None, 2)




hisdml| = HLS Project

Performance Estimates
- Timing
-] Summary

Clock Target EstimatedUncertainty
ap_clk10.00 ns 6.673ns  3.00ns

-] Latency
- Summary
Latency (cycles)Latency (absolute)Interval (cycles)
min max min max min | max = Type
15 15 0.150 us 0.150 us 1 1function
-1 Detail
+ Instance

+ Loop



hisdml| = HLS Project

Utilization Estimates

-] Summary

Name BRAM_18KDSP48E FF LUT URAM
DSF - - - - -
Expression - - 0 b -
FIFO - - - - -
Instance 98 4169 49 174346 -
Memory - - - - -
Multiplexer - - - 36 -
Register - - 3224 - -
Total 98 4169 3273 174388 0
Available 5376 1228834560001728000 1280
Available SLR 1344 3072 864000 432000 320
Utilization (%) 1 33 ~(Q 10 0

Utilization SLR (%) I 135 ~() 40 0



hisdml| = HLS Project

Resource Usage

Verilog
CLB | 11157
LUT | 62400
FF 3224
DSP | 4161
BRAM 93
SRL 0
URAM 0

Final Timing

Verilog
CP required 10.000
CP achieved post-synthesis 6.201
CP achieved post-implementation 9.933



HLS Project = Vivado

h




HLS Project = Vivado

RN

N\

—

Part: xcu250-figd2104-2L-e

ULTRASCALE+ FPGA




HLS Project = Vivado

Design Timing Summary

Setup Hold
Worst Megative Slack (WNS): 0.087 ns Worst Hold Slack (WHS):
Total Megative Slack (TNS):  0.000 ns Total Hold Slack (THS):
Mumber of Failing Endpoints: 0 Mumber of Failing Endpoints:
Total Number of Endpoints: 8427 Total Number of Endpoints:

All user specified timing constraints are met.

0.053 ns
0.000 ns
0

8427

Pulse Width

Worst Pulse Width Slack (WPWS):

Total Pulse Width Negative Slack (TPWS):
Mumber of Failing Endpoints:

Total Number of Endpoints:

4,458 ns
0.000 ns
0

3419



HLS Project = Vivado

Resource Utilization fvailable Utilization %
LUT 652400 1728000 3.61
FF 3224 23456000 0,09
BRAM 49,50 2688 1.84
DsF 4161 12288 33.86
BUFG 1 1344 0.07

LLIT 1 4%

FF4 1%
BRAM 1 2%

DSP A 34%

BUFG 1%

0 25 'so 75 100

Utilization (%)



HLS Project = Vivado

Power analysis from Implemented netlist. Activity
derived from constraints files, simulation files or

vectorless analysis,

Total On-Chip Power:

Design Power Budget:

Power Budget Margin:
Junction Temperature:

Thermal Margin:

Effective 8)4:

Power supplied to off-chip devices:

Confidence level:

6.344 W

Not Specified
N/A

28.3°C

71.7°C (124.6 W)
0.5°C/wW

0w

Medium

On-Chip Power

23%

47%

Dynamic:

Clocks:
36%

27% Logic:
BN B ERa:

33% DSP:

Device Static:

Signals:

3.336W  (532%)

0.016'W (1%
1.207 W (36%)
0.B91 W [27%)
0.047 W (1%
1.1752W  (35%)

3.008W (47%)



Key Findings

1. Training deep learning models and their hardware implementation via hils4ml, starting with GEANT4
simulation data was demonstrated.

2. It was seen that no trivial relationships exist between the Energy, arrival time and position data between
the BIB and Hard data for the ECalBarrelCollection. A model trained directly on this data was shown to
not work.

3. It was seen that there is a clear difference in the datasets in terms of particle composition although this
data is not available in real-time, it goes to show that the BIB and Hard datasets are not identical.

4. Inthe case that there are distinguishing characteristics between the datasets, as in the case with synthetic
BIB vs Hard, it was shown that the trained NNs could predict the data with a very high degree of accuracy
and with <10ns latency for inference.



Future Directions

1. Bring out the distinguishing characteristics between Hard and BIB dataset using some mathematical
techniques.

2. Test the other 12 collections to see if there are distinguishing features between Hard and BIB.

4. Try this methodology with other GEANT4 simulations.

5. Develop a standard python package to convert or parse .slcio files into .csv format and integrate it into
the LCIO python package.

6. Restructure the data to be compatible for other deep-learning architectures such as CNNs, RNNs etc.
and implement those.
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