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Physics simulations

* Simulations contain our physics knowledge

Parameters ¢ ——bm

Compare Compare

Measurements Measurements

» How to find the optimal 8? — “Grad student gradient descent

* Obvious solution: Just make your simulator differentiable!



Problem: discrete decisions

 Many physics simulators are not differentiable by definition

 Examples:

* Clustering: Which two points to cluster together?

C)" 0
« Stochastic processes: Which reaction happens next? (2

e Common denominator: Gradient of discrete decisions

l1—-60 1tk=0
Voo LK) where py(k) = Ber(k; 0) = {9 e




In this talk:

But: Applicable to many other physics problems
e Detector deSign N partide physics Kagan & Heinrich, 2023, arXiv:2308.16680
e Reaction networks in biOphySiCS Burger, Kofler, et al., 2025, in preparation

 Heavy ion collision simulation Megorsch, et al., 2025, in preparation



What is jet clustering and
why is it important?




End-goal: Fully differentiable particle physics analysis

Slide adapted from K. Cranmer, H&N 2019

Simulation Reconstruction Slide adapted from N. Hartman, MIAPbP 2025

Slide adapted from G. Watts, MIAPbP 2025
Slide adapted from M. Algren, MIAPbP 2025
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End-goal: Fully differentiable particle physics analysis

Simulation Reconstruction

Analysis 7(X) How?
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End-goal: Fully differentiable particle physics analysis

Simulation Reconstruction

e Train better ML models

FEYE B\ AnaIYSiS t(X)

[De[-V2) AN

Particle Transformer for Jet Tagging

PCN: A Deep Learning Approach to Jet Tagging
Huilin Qu' Conggiao Li? Sitian Qian? Utilizing Novel Graph Canstruction Methods and
Chebyshev Graph Canvolutions

Is Tokenization Needed for Masked Particle

Yash Semlani™' Mihir Redon”* Krithik Ramesh™?
. . Modelling?
jet tagging, ...
Matthew Leigh Sanmnel Klein Frangnis Chamon
s Umversily ol Gemava Univensicy alf Geneva Mela FALR
antl _k I e bzvw . lelgh@unige, ci suceel kleinQunige. cb fchartondmeta, com

OmniJet-o: The first cross-task foundation model for particle physics

Joschka Birk," * Anna Hallin," ' and Gregor Kasiecezka'

Finetuning Foundation Models for Joint Analysis Optimization

BetterG

track reco., ...

/gluste ring

Matthias Vigl,! Nicole Hartman,! and Lukas Heinrich!

TrackFormers: In Search of Transformer-Based Particle Tracking for
the High-Luminosity LHC Era

EPiC-ly Fast Particle Cloud Generation with Flow-Matching
and Diffusion

Erik Buhmann', Cedric Ewen', Darius A. Faroughy”, Tobias Golling®,
Gregor Kasieczka®*, Matthew Leigh®, Guillaume Quétant®, John Andrew Raine®,
Debajyoti Sengupta®, and David Shih?

10 ... and MANY more



End-goal: Fully differentiable particle physics analysis

Reconstruction

x Jet clustering not differentiable!
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What is jet clustering?

 Goal: Information about initial particle(s)
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What is jet clustering?

 Goal: Information about initial particle(s)

 Problem: We only see stable particles in detector

— Iteratively cluster constituents based on momentum
and distance

* Get initial momentum from final clustering




What is jet clustering?

» Problem: Clustering based on free parameter “jet radius” R

 Usually optimized once and kept constant
for rest of analysis

 But what if one jet radius is not ideal for all events?
e.g. jets from different quarks, jet substructure,




Influence of jet radius

 What does the jet radius do?

e Smaller radius




Influence of jet radius

 What does the jet radius do?
 Smaller radius vs. larger radius

e Jet radius influences information about
reconstructed initial particles




Why is it important to get the correct jet radius?

my =125 GeV

 Example: Reconstruct Higgs mass R=0.1
from two simulated jets R=0.2
» Cluster jets with different R and R=0.4
compute ny —
* Position and width of resonance R0
changes o

R=0.9

R=1.0

R=1.1

R=1.2

-50 0 50 100 150 200 250 300 350 400
my [GeV]



Why is jet clustering not
differentiable?

 |teratively combine constituents

* Decision: Which two constituents do | merge?

e Decision is discrete — Not differentiable




Why do we use special anti-4;. clustering?

* Different clustering algorithms in machine learning
e K-means, DBSCAN, T-SNE, ...

* Physics reason: Infrared and collinear (IRC) safety

The clustering result should not change ...

... if we add a particle with almost zero energy. Infrared safety
—_—
E~0
... if one particle splits into two collinear ones. E, Collinear safety
—_———p
E

)
— Physically unresolvable processes, but predicted by QFT.
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How do we decide which constituents to merge?

Anti-k algorithm:

» Why merge a & b and not i & j?

e Distance matrix based on
constituent variables (p, 17, @)

Distance matrix

o [ i
- T X
N .
O
B |
b

» Off-diagonal: “distance” between all pairs
of constituents ol &

* Diagonal: constituent should be removed 20
from clustering

_ 102

10°

102

39 constituents
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How do subsequent clustering steps work?

Step

e

"
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How do subsequent clustering steps work?

Step

o R
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How do subsequent clustering steps work?

1.0

- 0.8
0.6 Merge constituents
Step 1 0.4 8 and 9
0.2
0.0
Constituent 9 removed
Step 2 Constituent 8 updated
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How do subsequent clustering steps work?

.:l I 103 1.0
0 B 102 - 0.8
Step 1 | 10* o6 Merge constituents
100 0.4 8 and 9
101 0.2
102 0.0
1.0
103
0.8
10° .« Remove constituent 2
Step 2 10! o from clustering
10° 0.2

0.0

0.0 2.5 5.0 7.5
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Gradients of deterministic jet clustering

Toy example with

3 options: A 1f<1 Merge constituents (1, 2)
f@)=<B 1f1<0L?2 Merge constituents (2, 3)
C it6>2 Remove constituent 3
J(0) Vi S(0)

Zero gradient
Undefined gradient

0+ A0) — f(0
/v i e
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Reinterpret decision as stochastic

Sample multiple

Pick single best option

— good options

deterministically

Make stochastically
Probabilistic
Deterministic Stochastic
- Multiple outputs
Single output P P

— expectation value

f( 6’) f (6,) _kNpQ(k) [f (k)]

). Pikftk)

kel{A,B,C}
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Why is a stochastic decision differentiable?

10) =k, ol f(K)] Define probability:

(k) = exp(/(0))

= ), pfik) PR) = @) T explin@) + D)

kel{A,B,C}
J(0) Po(K) Differentiable!

B

A
| 2




lllustrative example



Concrete example: Sin&Cos

- Jcos(@) 110<0
1) = {sm(e) if 0 >0 Ho-

0.5 -

0.0 -

fl6)

_0.5 -

_1.0 -




Concrete example: Sin&Cos

70) = {005(6’) if @ <0

sin(d) 1t >0 07— fe)
—— p=0(0)
Make probabilistic: 2
1 o
— 9 — ?_i, 0.0 -
p=ol0) 1 + exp(—0)
_05 -

_1.0 -




Concrete example: Sin&Cos

70) = {003(6’) if 9 <0

sin(@) if >0 o
Make probabilistic: 2
1 e,
— 9 — g 0.0 -
p=ol0) 1 + exp(—0)
—-0.5
k ~ Ber(k: 0) = p if k=1
ST ifk=0 Y
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Concrete example: Sin&Cos —

— p=0(6)
¢ Kk
6) = cos(@) 11 <0 o f6.K)
~ \sin(@) if >0 el IR ~
Make probabilistic: 2
] —
— o(0) = O 0.0 - -
P ©) 1 + exp(—0) -
—-0.5
& ~ Ber(k: 0) {p if k=1
~ Ber(k; 0) = , ~1.0 -
I=p 1tk=0 -4 -2 0 2 4
e

sin(@) if k=1

0.8 = {003(6’) if k=0
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Concrete example: SIn&Cos

1f 0 <0

| cos(0)
0= { if >0

s1n(6)
Make probabillistic:

1
P =00 = om0

k ~ Ber(k: 0) = p if k=1
BT Y1-p ifk=0
sin(@) if k = 1

US {008(6’) if k=0

/

v,
\A s1n(6)

p(§)—» k ~ Ber(k; p(0))

¥y /()

=
"A cos(0)



Concrete example: Sin&Cos

Calculate expectation value:

f (‘9) — "kNPQ(k)[f (k)] ZZZ :
= ), plfk) ey
k€{0,1}  oooq 8
—analytical — 0(‘9) . Slﬂ(@) :::)Z
+(1 =0(0))-cos(0) — = % 5 .




Back to jet clustering ...

Step 1: Making jet clustering
probabillistic



Probabilistic jet clustering

* Nothing new: Kahawala et al. 2013, arXiv:1304.2394
» Qanti-ky:

» Sample index pair k = (i, j) based on distance matrix D:

W D, —D, .
k ~ pplkle) = a with W, = exp —aw
Zk’ Wi Dk,min

» @ — 00 recovers deterministic anti-k; algorithm

* Preserves |IRC safety

38



Sampling in every step

Step

Step 2
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Different decisions in same clustering step

- 150

i Wi g

6

100

4_

2_

o 18

0.0 2.5 5.0 7.5

50

a = 0.01

— Cluster same event repeatedly to obtain expectation value
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R
|

Qa nti - kT - | classical anti-kr

Influence of
on the final
clustering

Almost always included J |
Included 50% of the time |”
Rarely included

Fig 1 from arXiv:1304.2394
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Our quantity of interest: ;"

« Same event, different clusterings — reconstructed mi,; changes

* (l determ|neS W|dth — Deterministic
. . . - W Probabillistic
of distribution 2°° t

150 -
100 -

30 -

0 100 200 300 400 500

my [GeV]
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Step 2: Making a stochastic
program differentiable




Gradient estimators

Different options:

 Finite differences This talk
Glynn 1990,

* Score function gradient (REINFORCE) doi:10.1145/84537.84552

» Gumbel-softmax straight through estimator (GS-STE) v 1611.01144

* Alternative path estimator (stochAD) Aryaetal. 2024, arxiv:2210.08572

Not clear which one Is the best™.
*= No bias, lowest variance.
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Finite differences Loss 4

e Choose discretization A@

= ks g LTV = B L)
AQ

VoEpyii O] =

e |ssue: Diverges for A — ()
 Difficult in high dimensions



Score-based gradient
Why “score””?

VoLi f(k,0)| = Jvef (k, O)pg(k) dk VoPo(k) = pg(k) V glog py(k)

',i/

— Jpgac) V, [k, 6) dk + [f(k, O)Vgpyk) dk

— Jp@ac)( V, fik, 6) + flk, ) V glog py(k)) dk

i | VoS, 0) + flk, 0) Vglog py(k)|  “Score”




(0)— k ~ Ber(k; p(0)

Score-based gradient 9 @f(@)
\Asin(é’) / ’

Gradient contributions: "
cos(6)

VoEipyiy Tk O)| = By | Vol ks 0) + fk, 0) V glog py(k)

B ~

Direct dependency of fon @ Probabilistic dependency of k on &

“Path-wise gradient” “Score-function”

Unbiased, but large variance

Glynn, 1990, doi:10.1145/84537.84552
Williams, 1992, doi:10.1007/BF00992696
+7 Kleijnen & Rubinstein, 1996, doi:10.1016/03/7/7-2217(95)00107-7



https://dl.acm.org/doi/abs/10.1145/84537.84552
https://dl.acm.org/doi/10.1007/BF00992696
https://www.sciencedirect.com/science/article/abs/pii/0377221795001077?via=ihub

Introducing a baseline

» Reduce variance: subtract baseline (‘control variate’) c(6)

VoErom 0] = Ep [VH 1k, 0) + (f(k, 0) —[e(0)) V ,log p@(k)]

- Need unbiased baseline:  E_, 4 [c(6) Vglog py(k)| =0

» Common choice: mean baseline  ¢(9) = f = E;_, [f(k, 6)]

48 Greensmith et al., 2004, JMLR, doi:10.5555/1005332.1044710



https://dl.acm.org/doi/10.5555/1005332.1044710

Gumbel-Softmax Straight Through Estimator (GS-STE)

» ldea: reparametrize categorical sampling kK ~ Cat|p;, ..., pgl
» Given w;, € (0,00) and u;, ~ U|0,1]
k = arg max [log w;, — log(—log uk)]
ke{l,...K) ——
— gk

~ Gumbel(0,1) = exp ((— g2, — exp(—
. “Gumbel-Max Trick” ok (O.1) = exp (=g, — exp(=8y)

k = arg max [log Wy + gk]

48 Jang et al. 2017, arXiv:1611.01144



Gumbel-Softmax Straight Through Estimator (GS-STE)

* Reparametrize expectation value:

—k~py(k) [f(k)] — Lg.~G(0,1) [f(ké’(gk))]

* EXxpectation value is differentiable:

VoErp,0 0] = Eg 0.1 | VoS ko(g0)]

* But k,=argmax [log wi(0) + gk] not differentiable

50 Jang et al. 2017, arXiv:1611.01144



Gumbel-Softmax Straight Through Estimator (GS-STE)

» Keep forward pass discrete: z, = one-hot(k,)

* Apply straight-through estimator in backward pass

VQZQ ~ V@gg(gla JEIEI gK)
=V, softmax (log p,(k) + g;)

expl(log py(k) + g,)/7]

=Vp———————————
2., €xpl(log py(k) + g,)/7]

With temperature 7

51 Jang et al. 2017, arXiv:1611.01144



Gumbel-Softmax Straight Through Estimator (GS-STE)

Temperature 7 controls bias-variance trade-off

a) c Categorical T=0.1 r=0.5 = 1.0 = 10.0
®
g _....._.-.I_ _...._.-.I_ _....._.-l_
3 __l.l._.-._
>
b)
Q
Q.
=
8 W [

category

Figure 1 from arXiv:1611.01144

52 Jang et al. 2017, arXiv:1611.01144



Gumbel-Softmax Straight Through Estimator (GS-STE)

lllustration:

Zy = one-hot(k,)

Forward pass

O '—-b p(0)—® k ~ Ber(k; p(0)) —» f(@)

Backward pass

VoZy = Vs(gs. .., 8x)

Jang et al. 2017, arXiv:1611.01144 53



Back to jet clustering ...

Differentiable jet clustering



Single event: Comparing gradient estimators

Quanti-kT, full clustering, MC samples: 1000, multi-sample estimates: 5

Primal Finite difference grad Score grad Score grad baseline GS-STE (tau=0.1)
10.0 - - - - 1 E—
7.5 ' ‘
N |
£ 5.0 -
°  2.5-
lg\ . — / \
- \
5 221 —— a=1.0
h -5.0- —— a=2.0
= Lo | a=30
' a=4.0
—10.0 | 1 1 1 1 1 1 1 | 1
0.5 1.0 0.5 1.0 0.5 1.0 0.5 1.0 0.5 1.0

Jet radius Jet radius Jet radius Jet radius Jet radius
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Finally: Optimizing jet clustering




Ingredients for an optimization

e Gradients

* Loss function: Z(R) = MSE [mjs*°(e, k), m};"¢| €¢—— ggigﬁé”ﬁefgme

e Optimizer: SGD or Adam



Multi-event optimization

* (Goal: global jet radius for 1000 events

pp—=ZH-E*! ~bb, 1k evts

0.06 - 0.06
Qjets, a=1 fnite " .
0051 Cut my< 250 GeV SCOreDa%€ 'L o.0s
| Cached opt, batch size=100 Z
0.04 1 - 0.04
0.03 - 0.03
& .
9 Z
0.02  0.02
0.01 - 0.01
0.00 1 - 0.00
~0.01 - ——————+—0.01
0 100 200 300 400 500
step

pp-»ZH- %1~ bb, 1k evts

1.2 1

1.0

radius

0.4

0.2

Qjets, a=1
Cut my < 250 GeV
Cached opt, batch size=100

—  finite
-_— score-base

- 1.2

- 1.0

- 0.4

- 0.2

100 200

step

300

400

500



Single-event optimization

* (Goal: local jet radius for each event individually

Primal Gradient: Score w/ baseline
- =
- p £ 0.75- ®
S 0.06 - -
7 s 0.50 -
g -
= 0.04 - 2 0.25 - >
& = 4
= T 2D OGOE
e 0.00 - & e <
% 0.02 {® 5 e
u Va té ~0.25 -
= 1 9 ~
0001 Co@wmes® & ,5501¢
02 04 06 0.8 02 04 06 0.8
Jet radius Jet radius

59 (,¥=1,N=1000



Single-event optimization

* Optimize multiple events

* Loss landscape changes
from event to event

e Different initializations
converge to a similar
minimum

MSE loss

0.14 -

0.12 -

0.10 -

0.08 -

0.06 -

0.04 -

0.02 -

0.00 -
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Quanti-kT, MC samples: 100, Event O

i

0.5

1.5 2.0
Jet radius



Final goal

* How does an optimized
jet radius help us?

e Sharper resonance of ny

61

|

' R=1.00

. R=0.65

Opt / evt

|l

u=145.8, 0=38.
u=125.1, 0=37.9
u=125.6, 0=29.5

150

200 250

my [GeV]



Take aways

e Discrete decisions not differentiable

e Solution:
Step 1: Make it probabilistic
Step 2: Make it differentiable

* Different gradient estimators;

- 150
100

50

 Finite differences

* Score based gradient 00 25 50 75
* Gumbel-softmax straight through estimator (GS-STE)
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