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At the Higgs discovery




vy, 4l updated with
ATLAS ~6 fb! of 8 TeV data

10°k- ATLAS Preliminary 2011 +2012 Data =
10k  — Obs. Vs=7TeV: |Ldt=4.648f0" =
10 - Exp. {s=8TeV: |Ldt=5.8-591b"

1 - R iy TR AR PR~ ey iy TR gy ¢ OO'
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110 115 120 125 130 135 140 145 150

m,, [GeV]

Largest local excess:

50 at m,~ 126.5 GeV

All channels updated with
CMS ~5 b1 of 8 TeV data
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~“ i 66
GEMDMEE) Sty CMS Preliminary s

10'10 ==== Exp. for SM H s ”
10_11 — |5 = 7 TeV vs=7TeV.L=56.1 fb_1
\‘§=8TeV E 8TeV L 53fb

Illll

370
116 118 120 122 124 126 128 130
Higgs boson mass (GeV)

Largest local excess:
4.90 around m [~ 125 GeV
(using H—yy and H—4l: 5.00)

A big difference was present



ATLAS 7y, 4l updated with All channels updated with

~6 /b of 8 TeV data CMS 5 41 of 8 TeV data
10k ATLAS Preliminary 2011 +2012 Data = T s
10°F  — Obs. \s=7TeV: |Ldt=4.6-481" 2 Y
10 === EXP \s=8TeV: JLdt =5.8-591fb" ﬁ 3G
) = \// 3
\ 46

Combined obs. ‘~,
10710 E i SR CMS Prellmlnary é
706

i Vs=7TeV.L=51fb"
107" e s=8TeV,L=53"fb"
. 10-12|=_||||||1|11111||||=1||:|11=||l=_|
110 15 120 125 130 135 140 145 150 He 118 190 125 123 126 1R
m,, [GeV] Higgs boson mass (GeV)

Largest local excess:
4.90 around m, =~ 125 GeV
(using H—yy and H—4l: 5.00)

Largest local excess:
50 at m~ 126.5 GeV

A big difference was present



What caused the difference

* Time of the Higgs discovery there was new tech
- |t was at its infancy
* In CMS we were developing new strategies

- ML Photon/electron identification and reconstruction
- Substructure + ML For Jet identification
- Many more approaches came after

# of events/0,04
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: | 1 0 e 07 # vix [9,12)
)2 | | i o # vix [13,16)
i | | : © 06| o # vix [17,20]
; : : : Lg o ¥ vix [20 4]
* I I 0.5
I ¥ o
& | | i w® 1.02
1! | | i o -
ol | | : 1o $ 3 8 sttoooo9o o 0o oo |
ade
e o AU TS TR e B e T Ttk }:’j L M
) 0.% 0.0 0.5 1.0 0.98
di-photon MVA cutput 20 40

60 80 100
Jet P threshold [GeV]
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Deep Learning Progression

Deep Learning started to impact research
significantly in the mid 2010s

Progressively moving towards use of more info



This talk

e Here, we ask the question of how Al changes HEP

- We are already using it throughout HEP
» | want to touch on new developments
» (et you excited about the extended capabilities

e | am presenting a biased view touching on many projects
- We start with a vision

- We show a path to this vision

e You do not need to be an expert: Al is accessible to everyone



8

(Geneva

o G S
.- -:-';'.'..:‘2'-'-5-’-'-‘2"-3!

_J — - e

~__ —

“SUISSE _ __ -
ERANCE

-

27t




9._l_
-
D]
o |
X !
LI »
= |
Of
p— g

== L
AU 2N A1 W R

LLean

JERL_A g




CMS Experiment at the LHC, CERN
Data recorded: 2015-Jul-12 06:52:51.677888 GMT
! Run/Event/LS: 251562 / 310157776 / 347

'\




CMS Experiment at the LHC, CERN
Data recorded: 2017-0Oct-20 03:55:39.135168 GMT
E Run/ Event/LS: 305313 /624767783 / 361

CMS Experiment
T
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The Dream

* Want to immediately translate event analysis to physics
e Can we map a collision to a probabilistic hypothesis

e Given this hypothesis, can we map this to physics

CMS
g_'l"'l"'\"'\"'l'

| | * Discovery #* LHC Run1 # This paper :
1.5 |[—68%CL ---95%CL ¢ SMHiggs |—|

0.6 Higes — bb |
0.2 dijet

0.1 Z—- bb .

0.05 777 0.5:—

1.0~

0.0—

Can we directly translate a collision to measurements of parameters
+ Searches for new physics
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Back to the basics

& o - Science for the Next Generation

() -)) N B J
C)CJS‘H‘

Grade Five
z o Textbook (.
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Mg a8 Back to the basics

®

Result Observation

THE

/@A  SCIENTIFIC
METHOD

Conclusion

The Scientific Method
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A g @ Back to the basics

Observe Inquire Research Hypothesize Test Conclude
Take data & understand Ask a question Search for answers Formulate a hypothesis Experiment Results
~o- Simulation or A Observation
_ 9 So- reference 8
- ® ﬁ Iscovery
» o L Swirly galaxies
g look different?
‘ ﬁData / ! / >
- — ', f//'}” Swirliness Test Stat.

The Scientific Method

Flow of this talk

—




Testing Proceduré

e Two types of tests

Test Conclude
Experiment Results - We know the model we want to test
7'\ Observation
Discovery - Supervised Learning (Classic Hypoth)
- We don't know the model (exactly)
>
Swirliness NESt Stak: - Anomaly detection (Modified Hypoth)
o CMS Open Data s -8 TeV, VBF, (1=0.63:1.08
Ezoo?r ? ;:;—fit prediction—; 175 ] g edefeco
: ; >’ || Find the overdensity
150 Fit the data . % 10:0_
] with a model } D el } H } ) }
A IR I Y bl
3 1_55 S .I: S 1 _ j e DATA/REF mo+delTRECO/REI{ e centroids
g T
O iobk et e N =0 L*i. oo =:|-= ,=||=|L|l
gw%wumlmll SN '
%6 9z 04 06 08 10

NN score 80 100 120 140 160 180
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CMS-NOTE-2025-011

Fits with many parameters

CMS Simulation Preliminary (13 TeV)

1 PyTorch 77 ¢
 Fit of 2500 ,,,,, |
Param ete r ‘

CMS Simulation Preliminary
90° (13 TeV)

I
2nr dEEC

EEC(r) do

1072 Pythia8
88 < pr [GeV]< 150
0.4<R<0.5

2000

~ 1500}
| ' 18

Reco (pt® R® r® ¢) Bin Index

'3 ) & "4 P 7
1 OOO B "';‘f’ ,xﬁ;/;z;/, ‘l /,ﬁ;;/,s‘g’/;/ ‘;2;{ ,.“’;;l,x#‘;/;‘},/i?/ ’/ N ] 1 0_1 0

- ) 'y / 1
500 i ##¢ Py / n

—10-14 270°

Y /A /

L T T Y N S S S S AN S SR ST NN SR ST S N
0 500 1000 1500 2000 2500
Gen (pr® R®r® ¢) Bin Index

A fully differentiable 2500 parameter fit runs in a few seconds
Using PyTorch/Jax under the hood allows for full fitting
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Differentiable Fits
What would you like?

[

\/ Differentiable Optimization of

Paired Peak Identification

Option 1: Option 2:
Fit a discriminator Fit a Mass

CMS Open Data, Baseline VS =8TeV - C‘;MSthla/{'njina‘r}‘/‘ 138 f‘|:>““(1‘3"‘re‘v‘)
1o} Fr— T T " T T T T F ]
© 12000} 01 Z-w 3 QD o 8 2.0x 103 800 <pr< 1200 GeV + Data == Top =
e i £ Z-8 -4 ggH (x10) | s [ ParticleNets _ prong Pass — QCD  mm v(e}) ]
2 40000k A VBF (x10) < 1.8x10°F  ParticleNety, Fail Z(qq) Zoo(ad)
c L Bl Wijets { Data 2 I i W(qql === Zpa0(bb) x 2
(< [ C 1.5x10%}- VV(aq) o ad) x 2 ]
L1>J i 0>-> ’ I Z250(q9) X 2
8000[ & of ]
: 1.2x10 o HZ o(o6) = 0.11%35 B
so00l- 108 * HZ (i) = 0-11%035 ]
i 7.5x 102 .
4OOOT r 1
| 5.0x102f .
2000} 25x102F E
& 16 e :
= r 2 5 N Z'p50(bb) Z'220(q9) Bkg. Unc.
~ L m|s | R
@ 1.0 N R ETRTI R VUL AR B YT T

+ Slonl--1- T 1 (P 4 T eleele ¢ T
8 A s SRSV
ol bl v v ) ot

~ 0.0 0.2 0.4 0.6 0.8 1.0 50 100 150 200 250 300

NN Score Jet mgp [GeV]

Optimal Separation Control of backgrounds
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What would you like?

Yes Please

Option 1:
Fit a discriminator

CMS Open Data, Baseline Vs =8TeV
[To) —r T T T T T
012000— 03 Z-tw 3 Q6D
e [ 03 Z-8 -4 ggH (x10) ]
f2) [ it VBF (x10) ]
g 10000— Bl Wijets | Data
& [
8000}
6000[-
4000
2000
o 1.6
=
© 1.0F
© L
a [
05‘ | ] L ] ] |
~ 0.0 0.2 0.4 0.6 0.8 1.0
NN Score

Optimal Separation

.

Option 2:
Fit a Mass

CMS Preliminary 138 fo- 1 (13Tev)
> LI B B BN ]
8 2.0x10%F  800<pr< 1200 GeV + Data  mm TOP .
s [ ParticleNetz _ prong Pass — QCD  mm vt} ]
~ 1.8x10° ParticleNety, Fail Z(aq) Zo0(qd)
-02 3 F o W(qqz === Z'a00(bb) x 2 ]
0>-> 1.5x10 2 WV(aq) Z'220(qd) X 2
w 1.2x1 03 :_ HZ 220(bb) = 0.1 19'(2(5)5 _:

L R 0.05 ]

10° } HZ2z0qa) = 0-112505 E
7.5X102; ]
5.0x102f E
2.5x102- E

Ofb ]
2| 5F N Z'520(bb) Z'220(qd) Bkg. Unc. -]
m|s [
NS + t
£Fo _—mﬁ Hy gfﬁ o }++++*+# ittt JJ#

50 1 00 1 50 200 250 300

Jet mgp [GeV]

Control of backgrounds

Differentiable Optimization of
Paired Peak Identification

Doppio

Adjust training
Based on fit

In Data

19

Differentiable Fits
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1 .(Pre-)Train a Neural network:
2. Use the NN score to categorize

Split data | =
By NN score

Differentiable Optimization of
Paired Peak Identification

Fit functions to the data
by performing hypothesis test

After Score Cut (score > 1.390)

Fit functions to the data |
by performing hypothesis t

Before Score Cut

o1dMg=0.99): 1.390 e [ Data
T —— Signal (peak=85.1 GeV)
200000 - v S+Bs;i§§ —— Background (chi2/ndof=1.25)
EZ:k:Eijir": 8.31 1750 = = Signal + I?ackground fit
signal yield: 8992.5 B-only chi2/ndof=5.38
signal ;rac: 0.003 1500 < = = 3/ndof
150000 1 . Events: 26608
s | N L__FEvents: 26008® -g 1250 \
Q =
wn
2 £ 1000
1-S M : L S M
> -—
: (1-Score) x Mass i . core x Mass
s0000 /=3 P2 Backpropagate the best 500 -
—— Signal (peak=82'3 Gev) fit hypothesis test to -
—— Background (chi2/ndof=3.10) yp g 15 |
— = Signal + Background fit the fitted shape U
B-o Iy chi2/ndof= 4 18

150 150 225

s [GeV] s [GeV]

FuIIy Blﬁerentlable Flttlng pl;g)ellne
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In CMS Open Data

After Score Cut (score > 1.390) After Score Cut (score > 1.244)

[ Data [ Data
2000 A .
CMS Open Data —— Signal (peak=85.1 GeV) 1600 1 — Signal (peak=85.0 GeV)
—— Background (chi2/ndof=1.25) = Background (chi2/ndof=1.33)
1750 1 = = Signal + Background fit 1400 - = = Signal + Background fit
B-only chi2/ndof=5.38 B-only chi2/ndof=6.44
1500 - “chi2/ndof: 1.25 1200 1 “chi2/ndof: 1.33
c Events: 26608 c Events: 26608
‘S 1250 ‘2 1000 -
] )]
£ 1000 - Bef S 500 Aft
g efore g er
750 - 600 A
500 7 400 p
250 A 200 A
O ! I ! ! ! 4 ) . O T T T T T T T T
50 75 100 125 150 175 200 225 50 75 100 125 150 175 200 225
Mass [GeV] Mass [GeV]

 This works in data:
* Now we can validate trainings/optimizations on data

* We can loosen prior to try to just maximize a bump
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EBM K1 t
E _:: ———————— iii?i if{,ﬁii*hmij{{%{%?%ﬁi%fﬁ,,,

5t

00000

my,(GeV)
12
10
8

hh(bbyy)
QCcD

Discriminator

h
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Optimally measure the
Higgs Self Coupling

Supervised (Correct)
SnF+Supervised (Incorrect)
Supervised (Incorrect)

Significance

T bb Sig w/o training on data: 2.2
Analysisv\((;,ab-g Sig w./do.p.pio ondata :3.0
|dal significance . 3.2

~ Pre-train on MC
Fine Tune on Data
Recovers Data/MC disagreement
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Anomaly Detection

Discriminator Distributions (Epoch 4) - Cut: 0.538 :, Fail Region (Epoch 4) - y=3498.8, 0=105.8 _:,7 Pass Region (Epoch 4) - p=3513.1, 0=109.8 _:',
M 1000 17 1
N Signal :\\— Signal 800 Signal
[ Background ] Background >< Background
800 .
I b — S+B Fit R — S+B Fit
600
] B-only 1 B-only
600 ] S
& '(é) 1 - - Sig. Comp. ‘§ 1 - - - Sig. Comp.
8 ] - - Bkg. Comp. § 400 N, - - Bkg. Comp.
400 i |~
200 ! I
7 1
|| 200 t ﬁv Vi
o ol _'JJ_]_ __T_I_I_r.-fﬁT'E'] - o Jd_Ld L] L4 Tro—
.......................
4 + + @ S+B (x¥/ndf =2.61) .B only (x?/ndf = 2.31) 15 s . @ S+B(x?/ndf=1.02) @ B-only (x?/ndf = 31.34)
< 2 b < 10 '
............................ g 0 ———+—+—+____+~+ T._+?_ *_ +} .++_+ } +++* g s . ¢
0 0.2 0.4 0.6 0.8 1 , + { + gy ) T | ‘3 R  Y
Discriminator Output . + 0 : AR I 7: : * e ¥ R : ! : $ 3 23
-5

————— . —
3000 3500 4000 4500 5000 3000 3500 4000 4500 5000
MJJ [GeV] MJJ [GeV]

Discriminator Fail Category Pass Category

* This works in data:
e Just require allow the mass to move up anywhere

 Backpropagates the signal to find a deviation




lllllllll

125 | CMS Open Data Use Al:

W WO W WWS

MY in N-dims

o j TA/R +mo+ TRECO/RE; e centroi
© +
‘87‘) 0- | [ %}F” ' }.Hi - i Hth IL}

80 100 120 140 160 180



Now Find Anomalieg
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5 125 . Use Al:

IN N-dims

Found it!
Automatically

log-ratio
— ) —

80 100 120 140 160 180
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Fitting Gaussians

A natural inductive Bias element is a localized overdensity

2D Point Distripution: Randomly Distributed Points with anomalous Cluster .
ST : g et Points (4500 points)

® Points (4500 points)

100

. .
'uw.°. P oty oy ’ . . K STe dali o0 g

CRAEEI

e

<o

.
e g 000 o
. .

Y-axis

oxiae o .
o oh'|® o
palard "-.. wly *t ey

60

X-axis

Sparse, self-organizing
ensembles of local kernels
Sparker) 1000D

Sparker: fits N high dimensional Gaussians
To overdensities in the data
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Anomaly Detection regimes

A

>

Binary-classifier
N
A o
m| o 3
©
* CIFAR-5m Q
| (o)
O
&
SparKer %
Gravitational =)
Ko ety
Dante’s Images
% hallucinations
— % ImageNet
% LHC jets 00D
o ®» PO

Anomaly separability

Anomaly fraction

A

O Normal

Fitting Gaussiang

O Anomalous

Anomaly separability

Combine high dimensional Gaussian Fit
With NPLM based anomaly detection
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Sparker

Gravitational Waves Higgs Boson (jet) Butterfly Hybrids
4D 1000D

1.00¢

o
N
o

power@0.05
©
3

O
)
3]

o
o
S

1 2 3 4 5 05 1.0 1.5 20 5 10 15 20
Anomaly fraction (%) Anomaly fraction (%) Anomaly fraction (%)

(a) Gravitational Waves time (b) Particle Jets point clouds (c) Butterfly images (1000D

series (4D embedding) (128D embedding) embedding)
Fake Lines of Dante Fake Images
] | | Key
- [1000D
Sparse Kernels
Rule/Metric Based Anomaly
1000D ||
5 10 15 20 1 2 3 4
Anomaly fraction (%) Anomaly fraction (%)

(d) Divine Comedy lines (384D (e) ImageNet images (1000D
embedding) embedding)

Now we can look for over densities in >1000D
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Back to the basics

Observe Inquire Research Hypothesize Test Conclude
Take data & understand Ask a question Search for answers Formulate a hypothesis Experiment Results
Simulation or

) .
, g reference 4 Observation
- T _» Discovery
P e ! SW|rIy galaxies
look different?
Data g : /
N — N Swirliness Test Stat.

The Scientific Method
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Hypothesize

Hypothesize e Can we compare Avs B

Formulate a hypothesis .
vP - What is our data A

— - What is our reference for B

Swirly galaxies
look different?

2D > - What are the modelling uncertainties
/y

- Ho% do embed these in a hypothesis?

Simulations

~ P ‘
>,/ COLLISION:

= (e
PARTICLE PATH: . e Ny
PROTON > 2 1

k [ v‘ ‘V
, 2@IOF \
[ e * ,
J P * § e\ 4 &
l Al B ; % 2 i J
‘;‘ w %) - ~—
% 5 « 1 YE
/B ! ||
s " \ & /. “
[~ \
\ \P\\;"“-v-f — A O |
4 » [° o\ vEu D4
(y J/ /
%= , /! - RAT\
/ 7 g
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Hypothesis: Featurizing

A ﬁ\Featu res
P>

Feature,,
Feature,,

Featurey,

ltimately we are concerned
about projecting down to the
most useful scenario
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Hypothesis: Featurizing

Formulating hypothesis often means featurizing

ML for

O //% 48

- o — "o = (. j'—" |

Highlight the parts that matter, ignore the rest



Regressed Mass

o
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3

Simulation

i \:l Unconverted or late converted y

19.7fb™" (8 TeV)
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c M S After correction

¢ Data
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Unclustered energy

34

Improved Result w/This

Energy shared by two clusters

o

After 10 years we

.

b,

7 finally beat the high
S Level features

Raw Hits

Pretty pictures from L. Finco’s seminar

2022

Graph NN

Clusters corresponding
to electrons/photons

Graph Enerc
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From Raw to solution

Relative Resolution vs Egye

-®- DRN
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® 0.8
0.7
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E

Consistent 10% improver:;ent across the board
Choice of architecture is key insight



Improving hypothesig

O y Strategy 1 : Find a way to control
m0d61 the modeling of the simulation

 Simuiston § 2

Hypothesis
test

Strategy 2: Minimize impact of uncertainties
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Here are the differences?
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VWhat did we learn

e Can you point out which one of these paintings is Van Gogh™?




40

VWhat did we learn

e Can you point out which one of these paintings is Van Gogh™?

This one has
characteristic features
of the previous one
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The analytic approach

By — X
V'r A T S s——— A .Ioa
1> €13 €1 DR R TR T Aﬂ‘

¥
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O N o

30N~
PISA

Line them up and Pixel by Pixel difference
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QUasi Anomalous Knowledge

Look at each sample and compute the probability distribution

High bkg Low bkg
Prob Prob

<

Background Probabilty

Normalizing Flows/autoencoders
Used for probability
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QUasi Anomalous Knowledge

<—v
Background Probability

Signal Probability

arxiv/2011.03550
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QUasi Anomalous Knowledge

Signal Probability

Background Probabilty

2D QUAK Space
arxiv/2011.03550
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QUasi Anomalous Knowledge

Adding Signals splits
Signals through 2D

Signal Probability

v

Background Probabilty

arxiv/2011.03550
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QUasi Anomalous Knowledge

Adding Signals splits
Signals through 2D

2D QUAK

Signal Probability

v

Background Probabilty

arxiv/2011.03550



Lets illustrate a tagge;

N\ VS N4

e \We are going to discriminate a happy face form a sad



Lets illustrate a tagge;

VS

e \We are going to discriminate a happy face form a sad

e They will vary in color, signal will be in center of spectrum
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In Action
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CMS-MLG-23-002

Does it work”?

>107=5“ e AL LN RN RN R =

S F test -

= =

S 10 = —$— Data =

T 105 == Signal + Background Fit ]

%) = —— Signal =

g 104é_ —— Background _é

- F 5

e Top Quark E

107 8 ~

10 _

i i

= E

q,:'! .............. *'!ll' """ 1:

| . 2F -
SIS of

A2} E

4———"3000 4000 5000 6000
Dijet invariant mass (GeV)

We found a 3 sigma excess in our validation region
This was not expected, turned out to be top quarks



Can we generalize this?

Augmented
Image

Take Objects & Modify slightly

Image



Take Objects & Modify inghtI;




Minimize




Maximize




Latent Dim #2

A space

Out of this task order
emerges

Latent Dim #1

56



Whats the right
augmentation?

Shift in X or Y direction
In our Original Space

Should give same result
Nde,ithe';’ feorem
Embedding translation symmetry invariance

as a learning strategy
This also makes us colorblind



58

In Action
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Arxiv:2403.07066 ﬁ s

Re-simulation

Quarks and
—p (GlUONS




Arxiv:2403.07066 s

Embedding QM

Our augmentations treat
Quark/gluon shower as
wave function

Embedding uncertamtyv

VA
N\ | >
VA,
Keep this a Vary this

Constant QOver all cases
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e —

Augmentation

Higgs

Baseline Augmented by
Reshowering

Require these to be the same in the space
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e :

2 Visualizing: R3sL
—Red

0.8 | 08 |
i Z .
i H(bb) o« Light quark
% : V04 [
. 0.4_ P04 i
O O L
. - [
o 02f <3 @ 02 |
o I (@)
0.0} 0.0
) - ()
2 aa >
© —0.2 © 02
0 o
- -0.4 | =¥ -0.4
I Nomina I i
—0.6 Augmentation (Herwig7) QL -0.6 [
X Nominal jet direction 7 _
-0.8 Augmented jet direction -08 |
0.8 -0.6 -04 -02 00 02 04 0.6 08 08 -06 -04 -02 0.0 02 0.4 06 08
n relative to jet axis n relative to jet axis

Start with a jet and reshower it
Essentially embedding a notion of
Quantum. Mechanics
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Embedded Space

Arxiv:2403.07066

Higgs

QCD

Embed in 8D
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Embedded Spacg

gluon
quark

Embed in 8D

Despite Mapping
Jet to Jet
We build a space



Norm. to unit area

What do we augmen;

10! | s — ‘
1071
q 1 g(cc)
C 1 g(bb)
107 r b 9(gg)
| 1 g(qq) [ H
1.5;— seed [H] | | '. — .
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osE L= BIf‘F QCD Scale --------------------
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ost fof Sh GW@F'M@d@{ -----------------
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Jet N>




Norm. to unit area

00f T e
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What do we augmen;

RS3L feature 4
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Pretraining H vs Q gives us

@ VS. .

In Domain 25% gain off state of the art

o VS. .

Out of Domain 10% gain

Can train on all datasets and win everywhere!



One Big Pretraining;

@ VS. .

In Domain 25% gain off state of the art

o VS. .

Out of Domain 10% gain
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I QCD
0 Top

Fpossmllltles at once

W-qq

Z-qq

mmm H-bb

Y, 1000D to 4D as a first step

No Higgs in space, but it learns it
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Neruips 2025 © % (o) ag wgugn }
rpOSSIbllltleS at once

B SineGaussian | - Kink

a BBH - KinkKink
I Gaussian Background
o] @8 Cusp Glitches
I White Bursts
a 1024D time to 4D as a first step
2 A\
I}I/o Supernovae, but it learns it
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Embedding

e
A
/
Transformer >

Neural Embedding (¢s)

tR% 2,

We perform the embedding
with a neural network

Embedded Space

L iers C R*, diip

et




EMD = Wasserstein-1
A

Optimal
Transport

We can construct a space
that turns optimal EMD

to a physical space

2.

et

48
s C R™, dgvp

Neural Embedding

1

Neural Embedding (¢s)

Transformer

tR% 2,

Embedded Space
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Neural Embedding
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Neural Embedding
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Embed Dimension 2

e \We can consider other clustering methods

Embed Dimension 1

| Embedding (R?,1,)
041 Gimulated Jet Prong
0.2
)
\\\ ]\:
0.0 X Y
—— QCD N\
2p&0
027 2p400
—— 3p80 )
04 3p400 )
— 4pl70 Mass
4p400
-0.6 : .
0.4 0.2 0.0 0.2

Other Approaches’.;

Embed Dimension 2

t-SNE Embedding — QCD
100 Simulated Jet 2p80
| 2p400
Prong — i
A 3p400
50 - ) \’\ 4p170
QU 4p400
I\-)‘ \‘—‘/
O ]
A
-50 1
Mass
- 1 00 v T T T
-100 -50 0 50 100

Embed Dimension 1

Embed Dimension 2

30

251

20 1

151

101

-10

UMAP Embedding — QCD
Simulated JCt 2p80
— 2p400
Prong _ 3080
—— 3p400
N @ —— 4pl70
v/ (“ 4p400
> Q
t A
Mass
210 0 10 20

Embed Dimension 1

e -SNE and UMAP both do not form a regularized space

e Embedded space leads to a physical progression

30



Qualifying Anomalies

Area Adjusted ROC Curve

Loss Distributions

Embedding Space
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Qualifying Anomalies

L0~ Regular ROC / L0~ Area Adjusted ROC
0.8 e 0.8
0.6 - 20.6
0.4 - Y 0.4
0.2 0.2-
—— MLP regular ROC —— MLP Area Adjusted ROC
AE regular ROC AE Area Adjusted ROC
0.0 - 0.0
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
1— Ebkg 1 — €area, bkg

larger diversity of exploration w/Signals
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Ancient Times(aka 2016)

Theorist 8D Space

Capture
Physics



Theorist

Present Times

Gauge Invariance!

NN Capture
Physics



&k Critical Features

cally Improve our ability to find hidden signals!

Can dramati

> l 1 > [ ™ ]
= 57D source = 4D supervised Transformer |
o Bkg. only Q I Bkg. only
8 0.020 - - T 12261, 0,-23 {1 J007 ' §=24, 0,=6 ‘
O P Bkg. + signal (A - 410.5%) { 2 e Bkg. + signal (A — 41 0.5%) 1
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_ . — | 0.06 |- n - ¥ .
|- ' - B
57D | | 4D Sp
| | o ace ﬁ
. Raw Inputs | ;
{ | 0.04 |- -
0.010 | ‘ [ | : :
\ 171 1 0.03 |- -
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0.000 | DT [ - 0.00 [ ASITUTRANGES U P PR e e
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t t

The same anomaly detection algo (NPLM) on a compressed space
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In context of Unc
P, Features

p29

Feature,
While Embedd|ng Can we Featurez,
linearize uncertainty -

Featurey,

Neural Embeddings Dimension 1

P1000*




log(Ry/Ro)
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In context of Unc

Feature 2
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Probability

34

In context of Unc

Linearized Networks Linearized space allows us to
Can be profiled in SBI extrpaolate nuisance

, ' le6
Test statistics of modeled R, _ g5
0.051 . E - = Median (Modeled R, _qg;): 46.21 = ;-_ Embedding v=0
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Present Time

Gauge Invariance!

One Autom\é\ted %ﬁ%a
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Discovering Higgs

Pipeline I
Physics knowlege
excluding Higgs

We never told this algorithm about the Higgs

Discovery
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Neuri PS 2025 "

Discovering Higgg

4D Contrastive Space
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3
0.7 Efl
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S 05 @
C O
<< 3z
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0.4- )
Medium Anomaly Score Cut a0
- = Tight Anomaly Score Cut
0.3 T T 0.10
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Mass(GeV)

We never told this algorithm about the Higgs
It learned Mass and Found It
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Observe Inquire Research Hypothesize Test
Take data & understand Ask a question Search for answers Formulate a hypothesis Experiment

—— Simulation or
un reference
- 2?2 L0 —p
=" SW|rIy galaxies

look different?

Discovery

Swirliness

The Scientific Method

Conclude

A

Results

Observation

»
Test Stat.

88
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All b1t t
Observe Inquire Research Hypothesize Test Conclude
Take data & understand Ask a question Search for answers Formulate a hypothesis Experiment Results
= Simulation or .
% reference 4 Observation
~> T 9 ] | ] _> Discovery
N\, ° gl 0 b S
) = wirly galaxies
look different?
‘ Data 7 f / R
Expert / LLM Input = N\ Swirliness Test Stat.

What to look at?
What reference?

Reduce Isolate Learn a Space Anomaly Detection & Test
Simplify with symmetry Select a subset Organize known signals to Compare incoming data with reference

create a reference model & access significance with a stat. test

Known

Data
A i ¥
A Observation
70 = N & ®
[ J

C /_ Unlabeled
ﬁ Data
D
>
High Dim. ; . g > >
(2/N shown) : Low Dim. Low Dim. — Test Stat.
Pre-trained model / Data selection Supervised contrastive Resulting Search for Score anomalous Quantify the
foundation model learning ref. model  overdensity regions significance

An automatic Al toolkit for discovery
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Observe Inquire Research Hypothesize Test Conclude
Take data & understand Ask a question Search for answers Formulate a hypothesis Experiment Results

Simulation or

A Observation
@ 9 Discovery
‘ Swirly galaxies
XN look different?
7 Swirliness Test Stat.

What to lod
What refere

Reduce k

Learn a Space Anomaly Detection & Test
Simplify with symmetry Selech

Organize known signals to Compare incoming data with reference
create a reference model & access significance with a stat. test

Known
Data

4 :- L A ~ A ~ 4 . 4 Observation
y N T7%) *
C / . Unlabeled
Data
D
—>
High Dim. : —> —> > >
(2/N shown) Low Dim. Low Dim. Low Dim. — Test Stat.
Pre-trained model / Data selection Supervised contrastive Resulting Search for Score anomalous Quantify the
foundation model learning ref. model  overdensity regions significance

Our automated pipeline is fully differentiable
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& All possibilities at once

Research Hypothesize Test Conclude
Search for answers Formulate a hypothesis Experiment Results
Simulation or

Observe Inquire
ake data & understand Ask a question

< 3 S — ' 4 Observation
X X reference

e 9 Discovery
- \ ‘I . ;‘ Swirly galaxies

g\ |ook different?
' (LY R >

7 wirliness

Expert / LLM Input : Test Stat.

What to look at?
What reference?

Reduce Isolate Learn a Space Anomaly Detection & Test
implify with symmetry  Select a subset Organize known signals to Compare incoming data with reference

create a reference model & access significance with a stat. test
M 4 Observation
‘ C | /_ | Unlabeled
ﬁ Data
5 -
. - ’
High Dim. > > > >

(2/N shown) Low Dim. Low Dim. — Test Stat.

Pre-trained model / Data selection Supervised contrastive Resulting Search for Score anomalous Quantify the
foundation model learning ref. model  overdensity regions significance

What about this part?



Are you sick of Al Slop?

Do you like it?



Are you sick of Al Slop?

Do you like it?

Slop Until we Drop!



Automating Analyseg

* |f we can re-refine our neural networks fitting data
* \We can effectively train on data, with our full model
* Following a pre-selection or dataset
e Ultimately means tuning simulation if its differentiable
e Can reach paradigm of a near perfect physics model
 What if we can go further and automate the analysis procedure

| arge Language Models and Agentic Al propose a solution



Pursuing full automation of Physics Analysis

—  100% + ]

Al Agents Can Already Autonomously Perform
Experimental High Energy Physics

Eric A. Moreno*'12, Samuel Bright-Thonney %2, Andrzej Novak 32, Dolores Garcia®?,
and Philip Harris”!-2

1Department of Physics, Massachusetts Institute of Technology
2NSF Al Institute for Artificial Intelligence and Fundamental Interactions
SCERN

April 2, 2026

31 Mar 2026

Abstract

https://arxiv.org/pdf/2603.20179
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Current World Al-Assisted Workflow
Old Pjpers
-} Office Feedback e ""' )| »
7. [—* Claude g;)] .
= \ S é
=] Subgroup Feedback D «"“'.?j;"f"‘ qp)

 Sub-groups
» Conveners

2

Feedback ||

li-eview
Context

Sub-groups
Review

2

Result ..

Review
Process

1 Year
] | | — —— e ] )
L [T | e | S | S | S

:
)
i

Publiation!



What does a Prompt Look
Like?

Scaffold and run a measurement analysis of the primary Lund jet plane density in hadronic Z decays using archived
ALEPH data at /s ~ 91.2 GeV.

Setup: scaffold analyses/lund_plane as a measurement, set data_dir=[...| in .analysis_config, install the pixi envi-
ronment, then begin orchestrating.

Observable: The 2D density of primary Cambridge/Aachen declusterings in each thrust hemisphere, mapped to
coordinates (In1/A0, Ink;/GeV), where A6 is the emission angle and kt = FEgos5inAf. Use charged particles
only (pwflag == 0, highPurity == 1). One jet = one hemisphere.

Deliverables:

1.

v W N

2D density p(In1/A60,In k¢) corrected to charged-particle level, 10-15 X 10-15 bins at least - as fine as it
makes sense

1D projections (k¢ spectrum, angular spectrum) with covariance
Number of primary declusterings vs. minimum k; threshold
Comparison to PYTHIA 6 MC

Machine-readable results (CSV/NPY)

Data: [...]



Autonomous HEP analysis framework
Physics objective Orchestrator agent
"Measure Z lineshape" Delegates, never executes

i | Sequential phases — each gated by an output + review

Phase 1: Strategy

Executor subagent
Technique selection - systematic plan

Review

Phase 2: Exploration

Executor subagent
Data quality - variable ranking

Think of each agent as S—
human(StUdent) that Sp Phase 3: Selection

5 Executor subagent :
physics who you give

» Reproducible
Instructions to in a bunc - i

Review

text files s

Phase 4 — inference

4a Expected

Executor subagent

Review

4b Partial Unblinding

Executor subagent Human gate

Review

4c Full Unblinding

Executor subagent [

Review

Draft AN Draft AN Draft AN

Workflow is auditable + reproducible
B Phase / executor I Review + output [l Human gate Literature retrieval [l Outputs
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How good is it?

ALEPH

Vs =91.2 GeV
T T ]
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How good is it really?
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AR = AR(emission, core)

Similar trends, qualitatively good performance
This is a novel result, nobody has done it



How Fast is It Improving?
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Results are in many ways better
But they are still not controllled




How good iIs it really’;
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How good is it really?
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ALEPH, EPJC 14 (2000)

ALEPH, EPJC 14 (2000)

ALEPH, EPJC 14 (2000)

arXiv:hep-ex/0509008

PDG 2024

ALEPH, PLB 401 (1997)
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DELPHI, EPJC 16 (2000)

DELPHI, EPJC 16 (2000)

arXiv:hep-ex/0509008

PDG 2024

PDG 2024

arXiv:1401.5041

Some Things
Are consistent
Some things
deviate



VWhat does this mean’;

* We can think bigger and bolder about our research
e |ess analysis frameworks/Streamlined review process
 Preservation of Physics data becomes easy

e Ultimately students/PD/Profs go back to physics

®  Old Path
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Multi-Messenger Astronomy

Neutron Star Merger!

Gravitational waves

A gravitational wave will see a Neutron star before meger



Multi-Messenger Astronomy

Neutrinos

Visible/infrared light

Radio waves

Everybody Else will see it much further after



Multi-Messenger Astronomy

Gravitational waves X-rays/Gamma-rays

o . | Neutrinos
Visible/infrared light =

Radio waves

Performing fast identification of GWs critical to alerting world!
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» ®
GO Hanford Observatory (LHO)
4 e O (H1) . .
® ®
@ o
L L
[ L
L ¢
9 @

AGO Livingsto
Livingston 4km IF O

vatory (LLO)

Two detectors that are
sensitive to GW



Gravitational Wave Datéﬁ

Data is time series from at least two detectors
We aim for a correlated signal
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GW Data Workflow

Cleaned
Data

Detector
Cleaning

Denoising

100000 channels
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GW Data Workflow

Event Detection

Black Holes/
Neutron Stars/
Anomalies

Detector
Cleaning

Denoising

100000 channels
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GW Data Workflow

Event Detection

Black Holes/
Neutron Stars/
Anomalies

Detector
Cleaning

Denoising

Event Analysis | aer

Parameter
Estimation/
Sky Localization

100000 channels
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GW Data Workflow

Event Detection

Black Holes/
eutron Stars/
Anomalies

Denoising

100000 channels

We replaced this
pipeline with a chain of
deep learning algos

Estimation/
Sky Localization




Counts

Why is this so hard?

10 - Tall of the Background is
: i Background )
107 ] Foreground all glltches
106_5 We need reJeCtlon 20 Hvs. L, rescaled + shifted, lowpass at 500 Hz
% rates at 10-/ = Faniod
105_: 15 4| ™ -0.5(Livingston), shifted +1.5ms
10°
103-é
Lo2 ] Black Hole
] Signals 0
10! - o7
: 0 100 200 300 400 500 600 700 800
107 |
-2.5 0.0 2.5 5.0 7.5 1(5.0 121.5 15l.0

Detection statistic

* Noise source in the bulk are random fluctuations (Markovian)

* Noise source in the tail is all glitches (Non-Markovian)
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A-Er2

e(Black Hole Mergers)

— H1
L1
41 NN Window
—— NN
—— Integral(NN)
3_
2_

\. \
L 1(1 l |
|
I

IR e e A

-4.00 -3.75 -3.50 -3.25 -3.00 -2.75 -2.50 -2.25

Key Insight: Build a massive training sample on data

Through time, sliding the data between detectors to break correlation
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e(Black Hole Mergers)

ma = 30 M@, ™Mo = 39 M@

—— Aframe — MBTA
cWB PyCBC-BBH
——— GstLAL PyCBC-Broad

12 -

10 1

Sensitive volume (Gpc

\

o))
1

T
False Alarm Rate (Events/year)
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A-Fré

e(Black Hole Mergers;

HL(V) GWTC-3 events analyzed by Aframe

Falled quallty o e Found at pastro > 0.5 (38)
25 - Missed (29)
20 - I @
[ ® [l
= ’ .
15 - ° o
oo o ®9
o o o
. $
[ Cod o
10 - ®
= 2o —~
¢ ®
5 -
0 10 20 30 40 50 60 70

Chirp Mass (Mg )

We found all the high signal Black hole mergers
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Parameter Estimation

e

Data segment

25 -

Whitened data
o
o

-2.5
-5.0
75 .+ e ———

1.54619e-07 0.000277106

""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""

00 25 50 75 100 125 150
Time (s)

SBI for Sky Localization

100,000x times faster than conventional parameter estimation
Optimized to be deployed in a real-time system

(Not like DINGO)
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N \ .‘\ "

NN\

N

N 4
N

Parameter Estimation

Conditional posterior density estimation

T 6 ~ p(6]x)
[\ Conditional flow transformation 6 = f,(u) § /\
> 5 7
HOIOIN e AT
W o =8 Project away time
ii = N shift invariance
g | R A4 through a
Sohe Y ey constrastive
1\! ' Feature embedding

Time Invariant
Contrastive Embedding
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=Ls _&Parameter Estlmatlon

nstrume t H1, V1, L1
50% area: 142 deg? ] - AMPLFI
. . 90% area: 474 deg?
60° | B Bilby/dynesty
o 300
0 . Al Based 102
0° 1
0° 1 ) I 1 ) ) 1 1
on 21h 18" 15N 12h gh 6" 3n on
-30° " -30° "
g
_60° —60° a7
— “~ 3=
1011
instrumen tS'H1 V1, L1 ]
50% area: 92.8 de g
90% area: 373 deg?
- R I B d
300
Oo
0° . . ' 100‘_
0 21h 12 9 6" 3 o ] , // // ,
4x107%2 5x%x10°2 104
_30° . .
0 Sampling time (s)

-60° —60°

Neural Network Parameter estimation
>10,000x times faster than conventional parameter estimation
Further optimized larger model takes < 1s (current default)
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GWAK Anomaly Detection

Core-collapse supernova (CCSN)

Unknown S|gnal

I I

Merger Ring-
down

Known SI

Insplral

| — Numerical relativity
B Reconstructed (template)
i 1

10.0
— H1
L1
754 NN Window
—— Bkg
e Db
501 Glitch
—— sine-Gaussian- If
sine-Gaussian- hf
25| = correlati

Anomaly Score

Moo

A

A

Key Insights
11D space
Correlation
BBH Prob
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GWAK On Data

03 GWAK Detections

1/week - = 8 ~
o
® o . o ° ® e . o
o
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o o)
o o °
o
1/year - —
@ ® Baseline O3 Detections
< Detected CBC Events
1/10 years A
1/100 years -
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GWAK On Data

Spectral Power
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No glaring true anomalies
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We found weird black hole mergers + weird glitches



126

GWAK Space
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Our System is Live!

Per-Pipeline Event Information

$ Group $ Pipeline $ Search gpstime
Gh97361 CBC pycbc AllSky 1441016546.022 3.168e-10
G597350 CBC AllSky 1441016545.998 3.154e-10
Gh97364 CBC CWB BBH 1441016546.020 6.083e-11
 Log Image LogImage A AlISky 1441016545.995 1.164e-14

instruments: V1, L1, H1
distance: 22352670 Mpc

o T AllSky 1441016546.002 1.596e-25

0 4799 )
Mpc \’300;\\“‘ )///,v'_aon

S We are publicly
e : running since
o P I R — August 30th 2025

amplfi.multiorder fits,0
— Submitted by read-cvmfs-emfollow robot on

= L
Delivering robust
— Submitted by read-cvmfs-emfollow robot on
September 4, 2025 10:22:37 UTC al e rt S
AN AN J

&&

Volume rendering of amplfi.multiorder fits,0




Our System is running
Live!

GCN Circular 41606

Subject  LIGO/Virgo/KAGRA S250830bp: Identification of a GW compact binary merger candidate
Event LIGO/Virgo/KAGRA S250830bp

Date 2025-08-30T10:55:06Z
From Pedro Jeronimo Santos da Silva <pedro.jeronimo@unesp.br>
Via Web form

The LIGO Scientific Collaboration, the Virgo Collaboration, and the KAGRA Collaboration report:

We identified the compact binary merger candidate S250830bp during real-time processing of data from
LIGO Hanford Observatory (H1), LIGO Livingston Observatory (L1), and Virgo Obsg 2 ) at 2025-08-
30 10:24:18.852 UTC (GPS time: 1440584676.852). The candidate was found by thefAframe [1]] cWB [2], cWB
BBH [3], GstLAL [4], MBTA [5], MLy [6], PyCBC Live [7], and SPIIR [8] analysis“pPipc cS.

S250830bp is an event of interest because its false alarm rate, as estimated by the online analysis, is
3.2e-10 Hz, or about one in 1le2 years. The event's properties can be found at this URL:

https://gracedb.ligo.org/superevents/5250830bp &

The classification of the GW signal, in order of descending probability, is BBH (84%), NSBH (16%),
Terrestrial (<1%), or BNS (<1%).

Two sky maps are avallable at this time and can be retrieved fro event page:

* amplfi.multiorder 2 initial localization generated b distributed via GCN and
SCiMMA notices about| 2 after the candidate event time.

* bayestar.multiorder. Tgt i itial localization generated by BAYESTAR [11], distributed via GCN

and SCiMMA notices about after the candidate event time.

Even with a system not designed for speed we are 10x faster
https://gcn.nasa.gov/circulars/41606?query=5250830bp



Impact Alread;

Latency of highest SNR event

m Aframe: 26 events

CWB: 30 events
1 G P U MBTA: 37 events
gstlal: 49 events

pycbc: 33 events

0.8 -

o
o

Event density
o
N

0.2 1

C
pUS

0.0 -
101 102
Reporting latency (s)
Our pipeline found all the large signal events

Our pipeline is 10-100x faster than others



Come and Join FastML !

astm

sy ot

Opening doors for real-time Al in HEP and
many other fields



An Institute: A3D3

e \We have been awarded a new institute to explore real-time Al

- Accelerated Al Algorithms for Data Driven Discovery (A3D3)

Neutrinos

137 fo ' (13 TeV)

Measured
neural activity

SSS Dynamical Model

LHC - - -::-‘Zi:'t"'m* Generator g mg
! : Fer— | ] 7|

Physics

60 80 100 120 140 160 180 200
mg, (GeV)




nsfhdr.org/michallenge

NSF HDR ML Challenge

‘e ’ @ ] ¥l )
Wie o, A\ %4 o 1 5



http://nsfhdr.org/mlchallenge

¢ Catalog / Course

[ ] [ ] [ ]
Computational Data Science In
[ ]
Physics |
Explore realistic, contemporary examples of how computational methods apply to /
physics research. In this first module, you will analyze LIGO data, detect a

objectives, using Jupyter notebooks.

gravitational wave signal, and fit this signal within a physical model, among other
¢ Catalog / Course

Computational Data Science in

Physics I

This course provides realistic, contemporary examples of how computational
methods apply to physics research. Topics include hypothesis testing, semi-
parameteric methods, and deep learning. In the Final Project, you will analyze LHC

data to measure properties of the W boson and Z boson. Access Course Materials

About What you'll learn Prerequisites

This course is no longer active, but you can still
access selected content. Learn More

Computational Data Science in AT
This course provides realistic, contemporary examples of how computational :;' T’ AV

methods apply to physics research. In this third module, learners will learn about

.
. .
.

how to simulate physics processes. This will culminate in simulations of lattice

models including the Ising model, with relevance to contemporary lattice QCD. Access Course Materials

About What you'll learn Prerequisites Instructors . )
0 No sessions of this course are currently open

for enrollment. More sessions may be added in

MIT 8.16/8.316
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Observe Inquire Research Hypothesize Test
Take data & understand Ask a question Search for answers Formulate a hypothesis Experiment
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=" SW|rIy galaxies

look different?

Discovery
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The Scientific Method
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»
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Observe Inquire
Take data & understand Ask a question

Test

Experiment

Research
Search for answers
Simulation or

Hypothesize
Formulate a hypothesis

f—
g reference
- - ﬁ \ Discovery
—  Swirly galaxies
e look different?
Data SNY /

Swirliness

The Scientific Method
Can be automated

Conclude

A

Results

Observation

»
Test Stat.
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Conclusions

e Things are changing very quickly at all levels
- We are getting more out of our data and automating a lot
» However, we need to think about compute

- We can now do truly optimal measurements

* Things are quickly become automatic
- We can think bigger and bolder about how we do research
» Al can allow us to be more thorough and detailed
» Sometimes this means just generating code

e Bar for Al is getting lower! You too! Can use Al in your research!
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Phil
Harris
Lab @l



What Are Particles

Charged
Ecal Calo
Track R Cluster Cluster Hadron

Particle are linked detector elements

How do we use them?



A Top Down View

,\,\<

Gluons/Quarks



How Do we do this?

’\\/\l<A MU
A
\

N

Gluons/Quarks



How Do we do this?
/' N\,
A N NS
W
\’\/\/
Gluons/Quarks \
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Do
How v
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How Do we do this?

Jets
AL
A N\ r\f\fﬁ4

Particles



How Do we do this?

These are
what we
observe




How Do we do this?

This is what <

we care about



How Do we do this?

NSV

Challenge
IS to
extrapolate




Simple Way

Extrapolate
w/few Summary Vector in
Variables other side



Extrapolate
w/Full Particle
Info using ML?

Complex Way




Other Challenges
Additional Particles

oo

< »
A 2i0
< /N
Pion Electron b
~ | | N

Actually 60+ L -4
overlapping > .
collisions(pileup) o, N N



B Other Challenges
Additional Particles

PUPPI Algo
gets rid of it




Substantial Challenge@LHé

I I | [ I |

)

é 1019} FPGA/ASIC 1 PBlyr _
o 1 TB/yr

T ®

P .

m —
i)

S

o) CPU/GPU

= |
= LHC HLT

()

=

)

1011
LHC L1T puNE

10°}- -
LIGO ZTF

Neuro °0°
O i

IceCube € Netflix 4K UHD

| | | | | |
10® 10°® 10* 102 10° 10® 10*  10°
Latency requirement [s]




e | ike IBM succeed we can take very complex ideas

- Simplify to things we understand

- Al is a key building block to making this happen

e Ultimately this leads to many important physics results



Flow of talk

Talk will get faster and Faster as we go through




Chapter 1 :
Chapter 2 :
Chapter 3 :
Chapter 4 :
Chapter 5 :
Chapter 6 :

155

Journey Of Forces

Higgs Boson
Weak Force
New Forces
Strong Force
Electromagnetic

Gravity Forces

¢ QUARKS @ LEPTONS @ BOSONS @ HIGGS BOSON

This is going to be a whirlwind tour
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Image ID: CCBYKG
www.alamy.com

Fast Machine Learning
+HIQgQgs




CMS has multiple tiers of data



The first tier streams 1 Pb/s of data

/\ 1 KHz

100 KH=z 1MmB/evt

1 Pb/s is 17 Yottabytes/year
>100 Internets worth of data



A Vision For Trigger

Can we interpret Everything?



Physics Data

Fast Intermediate b &

P s

Rate

{d :’:
All data Keep Iﬁ| 0

Full Intermediate Final

Energy



The Physicist View
At

SIOw

S
~ . \:.‘
L ';\ —
A s ]
4 . e
& "’;
3 =
o’ i .a‘;.
123‘.: = L ]
—
—
—
e
—
e

Intern

e know that we are &
thrOWing aWay
a lot of good data




Hidden gems’;

» There is a plethora of physics that we throw out

PT = 466 GeV
double-b = 0.95

msp = 126.2 GeV : _
N, DT = -0.07 Higgs boson right on the

B oS S cusp of being thrown out

7= | Run/Event/LS: 278822 /1778731024 / 1026




Processing lech

To deal with data rate, we use Field
Programmable Gate Arrays

Data In 1| s T T - T E]::Z:'OC:
el | EAIGOA RGO

Programmable Programmable
logic block interconnect

\
\\
J -
- N
-
B
e
I
o
~ U
g =ug) I
\\\
N \
J L J L J L J L J ‘

P

Bird's-eye view of FPGA



CPU

1 player

A soloist

Whatever

A few at same time The whole chip

A group

Main theme and some Score has to be known
freedom to improv

GPU

Processing lech

FPGA

An orchestra

perfectly beforehand
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Next Generation System

Charged

Ecal |
ca Calo Hadron

Track Cluster Cluster
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We can do this 590ns on an FPGA |
On Every LHC collision



arxiv:1804.06913 166

Real-Time Deep Learning

Human Scale LHC
Response Response
times times

>1ms 25 ns

(Ex. speaking Collision rate
s 5-10 Hz) A4/ s 40 MHz

Bringing Deep Learning to the LHC required a complete
rethinking of how we program it on a chip

his 4 ml

This paradigm for deployment of Al algorithms didn’t exist before
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X3 Penn Arts & Sciences

¥ ¥ Department of Physics and Astronomy B U AI u m n i

About People- Undergraduate Graduate Courses

Dylan Rankin

sy 10€ NEXt many slides
Assistant Professor d O N e W / B U P h . D

Research Areas: Particle Physics

2% dsrankin@sas.upenn.edu Dyl a n Ra n ki n

DRL 4N16A

Now faculty at Penn

Education

— *Note the education

Ph.D. Physics, Boston University (2018)
Sc.B., Physics, Massachusetts Institute of Technology (2012)
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Matrix Mult in Math

O,

How can we parallelize this?

QAW 1 +A W, +B,)=0,
%
N\ N
Vector Addition
Matrix Multiplication

Activation function



arxiv:1804.06913
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Matrix Mult in Math

Add




arxiv:1804.06913

Next vector of inputs

(1 clock later)

Multiplier Units

(DSP)

Clock

1

170

Matrix Mult in an FPGA

3 Clock algorithm

LUTs/FF Look up Table

I 4

Add || Add H—o( =0,

Clock #2 Clock #3

Results subject to precision outputs
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Example:B-Tag

>

4-Jet OR Muon OR NN NN for b-quark t_ag_glng
e For (h+h) — bbbb

.o- o3 Yields 30-40% improvement
in Higgs self coupling

Ratio WRT 4-Jet

Network runs in 80 nanosecond

Di Higgs Boson Production




Rate [kHz]
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Another Example are Taus

(14 TeV) CMS Phase-2 Simulation (14 TeV)
(14 Tev) il ,

CMS Phase-2 Simulation
- T T ] 1 1 ! l T

—

o

EsS
T o

— T Wt | € | Barrel: |n|<L.5 S
| . - N Calo Tau _: .8 1 0 L ssosssssssssssredasossscasssssressiessessnenss . \’—;’:/,._
{ € [VBF H—17. ~
- | n | <205 ] L. I : |

o8 i~ )
D
.LD » @
3 i | L L3
0.6 * o f * O .
e 1, 2
' : )
ob .m
.O. —
s * = * Q,
L Bl - | 0\%
0.4_ ob 0\“ -
- E i .& .2
:8 . S
. .Z ._§
0.2 12 QO _
VBF H—1 | / —4 NNTau(L1pr>38GeV) |
3 T / + 4 CaloTau (L1 pr > 61GeV) |
TR B | | PR BT T RPN BT 0.0 o, . 1131 )
0 A0 e ey 0 20 40 T60 80 ~ 100 120 140
ine pt [GeV] Gen. pr (GeV)

https://fastmachinelearning.org/his4ml/



https://fastmachinelearning.org/hls4ml/

CMS-DP-2024- 595%e

ML in Trigger Running Now

Al circuit for uItrafast mference on FPGA

CMS Preliminary 32.4 pb~1, 2025 (13.6 TeV)
%) LN BB NN A NN RN NLNLELNLE 2NN R NN RN BRI RCLAC Y-
S i Run 393275
@ 105l —— AXOL1TL V5 Medium |
; AXOL1TL V5 Pure to L1 :
] —— AXOL1TL V5 Medium threshold -
103}
102
107} -
! Inference time: 280 ns
Throughput: 104 Gb/s
100} - 24 Dense Network
R 1 |23 =30 -$ 20
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 I -> & classifier

AXOL1TL V5 emulated score

Muon Momentum
regression
(X2 reduction In rate)

Al Anomaly Detection




CMS-DP-2024-39 _
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What do you get?

CMS Simulation Preliminary (13.6 TeV)
> L | . : LI | U : LI, (L8| : Lo L] : L |
Q 10'F — VBF H - cé (V5) — gg — bbH(350) - bb (V5) E
-g - --—- VBF H - c¢ (V4) ---- gg — bbH(350) - bb (V4)
'n‘:__l | — h—oaa-4b (m,=15 GeV) (V5) —— AXOL1TL V5 Medium rate (5.9 kHz)
h—aa—-4b (my=15GeV) (V4)  -¥- AXOL1TL V4 Medium rate (1.5 kHz)
10% |
10_1; =
1072~ =
10731 E
| | il . R R
1072 10" 10° 10' 102

We know Iits interesting, but still to analyze

Total Rate [kHZz]

Events

10 B

104~

103}

105} j—F—I

—————————————

- CMS Preliminary 32.4 pb~', 2025 (13.6 TeV)
- Run 393275 |
—+— AXOL1TL V5 Medium
107} AXOL1TL V5 Pure to L1 E
- --- Zero Bias

I | | |

7 8 9 10 1‘1 12
L1 e/y Multiplicity

Al iIs building a space and
scraping all the weird events
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HLS4ML Software Tool

python keras-to-hls.py -c keras-config.yml

=a Menor
HLS Catapult

Vivado™ HLS

+ g #
Tensor

COMPILER
S Coming Soor
PyTorch
Co-processing kernel

Custom firmware

v
-~ . hls 4 ml
compressed
model — H'-S. B
conversion

Usual ML f design
software workflow f
\tune configuration /
. precision
P Y T b R C H reuse/pipeline
&) ONNX
hitps://fastmachinelearning.org/his4ml/



https://fastmachinelearning.org/hls4ml/
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Shrinking Network

¢ \We often want to shrink things as much as possible
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Quantize

¢ Reducing bit precision of algorithm helps a lot
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Sparsif;

e Keeping only the infor we care about



Clever Sparsif;

e Embedding only the most critical info



Al inpainting

e Using Al to recover our info



Fastification Success?
The Original Al in-painting




Can we do better’;

=




Can we do better’;

There is only one pen stroke

D ermi®
[

You can get to the answer very fast, but creativity is the key



Symbolic Methods

- 1(X)




Symbolic Methods

" \/4\/

X




Symbolic Methods

Kolmogorov Arnold Networks

Kolmogorov-Arnold

Network (KAN)

All N-dimensional functions
can be represented by a
sum of many 1D functions

Network KAN
RN I
+ :5 o béb — %\%
00

s e
t \l/ \l/



KAN for FPGA: KANELE

a ql_l(xl, 2 bltS) b _________________
FPGA logic makes architecture compelling



ISFPGA'’ 26 proceedings: Best Paper nomination

Latency < 70ns Impact

Reduction using quark/gluon tagger

0.30 -
HalfCheetah-vb
0.25- 3200 -
< - 2762.2
(D | S 2400 2338.9
- 0.20 cg 1676.4
% & 1600 ot
0.15 0
S g 800 -
g 0.10 LTCJL 0 / / ~— MLP 8-bit: [17, 64, 64, 6]
I & AN b [71'76,]6]
0.05 - 200k 400k 600k 800k 1M
Training Steps
0.00 - Better Physics means better
e oy S "~ overall performance everywhere
S\ o4 47 49 N
%) =) AN Q NS) e
& & & N &
KX c R =
0/
A8

Work recognized by whole FPGA community



Symbolic Methods

KANELE vastly outperforms hls4ml on MLPerf Tiny, AD task

Model AUC BRAM (36kb) DSP FF LUT LUTRAM II(clocks) Throughput (inf/s) Latency (us) Energy/inf. (u))
KANELE 0.83 0 0 17,643 29,981 0 1 228 M 0.07 0.01
hls4ml (MLPerf Tiny v0.7) [10] 0.83 22.5 207 61,639 s 51,429 5,780 144 694 k 45 98.4
/ >10° x throughput,
=1/2 FF and LUTs latency, energy
Improvements

Context: ToyCar (MLPerf Tiny) is a complex audio anomaly detection task

Symbolic form (Physics) dramatically
outproduces conventional ML architectures
This is the lowest power NN on any chip!



(TRETS), Volume 15, Issue 3

HLS4ML & The World

Paradigm of unrolling NN on chip makes it Fast
HLS4ML been adapted to solve many problems

CPU/FPGA
IP Cluster Cluster
ot connecte

| Hls4ml*

C++r:g: AlGean
\ e Automated Flow J
50 Million Parameter NN deployed on 20 FPGAs
Fastest batch 1 Image algo in world



https://dl.acm.org/toc/trets/2022/15/3

HLS4ML & The World

Paradigm of unrolling NN on chip makes it Fast
HLS4ML been adapted to solve many problems

Industry sized NNs distributing across chips
Cell Therapy
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HLS4ML & The World

Paradigm of unrolling NN on chip makes it Fast
HLS4ML been adapted to solve many problems

Quantum Computing

Hardware Jdiscriminators  discriminators

e m discrimination

Control hardware A Centroid

Readout
Discrimination Error

9 ) FNN

m‘ | % \ e =
Qubits — *

@ 9 Discrimination latency /

Hardware complexity

(a) (b)
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HLS4ML & The World

Paradigm of unrolling NN on chip makes it Fast
HLS4ML been adapted to solve many problems

Silicon Pixels

.|

{

Al on ASIC 100 um thick sensor

N 1 MHz l
50x12.5 ym pitch ‘E\Z‘Lo MH2. T

‘l
s

High

#e.vele1 Level - e, > i
rigger : Tty N,
CMS l I o= :
1 MHz _
40 MHz R Buffer
12 us latency

" Dual-Pixel View1-~ | Primary Camera
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HLS4ML & The World

Paradigm of unrolling NN on chip makes it Fast
HLS4ML been adapted to solve many problems

Brain Readout
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aring for the future

. FPGA/ASIC

LHC L1T puNE

1 PBlyr
1 TB/yr
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CPU/GPU
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Come and Join FastML | 1

cience

o
HH
—
L
O
o
S
)
D
>
®
e
o
7]
S
P
(7))

—

o
—
N

usion

1 +
n-detector ' 4D TEM
sl
10° LEDM
(BraggNN)
S
6|

Streaming data rate [B/s]

—
o
-
D
Lo
()
(0]
>
(7))
ﬁg
=
O
«
(@]
=
"”+

Opening doors for real-time Al in HEP and
many other fields



