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MLHAD - efforts: big picture

Base model Mf VS ML

Perturbed model
* Vary Lund parameters * ML-based (data-
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Aside - Reweighting
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Kinematic reweighting (230s13459)
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Kinematic reweighting (230s13459)
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Kinematic reweighting (230s13459)
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WHAT is a differentiable simulator?

* All parameters are differential parameters
— Differential with respect to what?

WHY a differentiable simulator?
* Parameter exploration (tuning)

* Uncertainty quantification

* Reproducibility
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HOW to build a differentiable simulator?

* Many roads to a fully differentiable event
generator. Varying levels of “intrusivity” (from
a developers perspective).
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Half-baked thoughts on the
interplay of "“energy
conservation” in hadronization
and data-driven extraction of the
fragmentation function
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The algorithm (qq)
2P ) —2

is called.
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The algorithm (qq)
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The algorithm (qq)
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This system has two limits:

1. ECM >> M

- Random walk in f(z)
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The algorithm (qq)
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The algorithm (qq)
(E,—p) ] ( (E,p) ® Fail finalTwo

This system has two limits:
1. Ecm >> my, % %

Random walk in f(z)

2. Ec|v| ~ My
- f'(z) influenced by finalTwo
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The algorithm (qq)
(E,—p) 1 ( (E,p) ® Fail finalTwo

We want to extract f(z), not f'(z) — cleaner
extraction would factorize these two pieces.

How?

- f'(z) influenced by finalTwo
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Brownian bridge

e Gaussian random e Gaussian random
walk (Ecy>>my) walk with
_ Markovian termination
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Brownian bridge

* Gaussian random * Gaussian bridge

walk (Ec|v|>>mh)

dXt — th
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Brownian bridge

* Gaussian random * Gaussian bridge

walk (Ec|v|>>mh)

dX; = dW,
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Unforced Brownian Bridge (Conditioned to Hit 1 at T)
Mean Deviation: 0.50003 + 0.99927
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Unforced Brownian Bridge (Conditioned to Hit 1 at T)
Mean Deviation: -0.00070 £+ 0.14105
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Brownian Bridge Transition Densities at Selected Times
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Conclusions

* Interesting invasive and non-invasive
avenues for making a Pythia “fully”
differentiable

* Interesting solutions for finalTwo? Parallels
with constrained Brownian motion
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Applications

» Efficient means of exploring parameter space
* Inherently differentiable

* Very useful for tuning!

- Embed the computation of weights into numerical
autodifferentiation engine

- Picking new parameters in the update step facilitated by well-
developed optimizers (SGD, Adam, etc.)

Rejection sampling with Autodifferentiation (RSA)
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The "score’” observable

* Train a deepsets classifierto .
distinguish simulation from fode1 1 i
experiment g -
3 47
- Takes full event information as - )
input
0
(E, Px Py, P:)1
(E, px, py, pz)2 e 0
-
Use trained classifier output o
(score) as an observable 0 : , , ,
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The "“score’’ observable
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Classifier score with full event

info improves tuning

convergence —
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