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Motivation Metric Aware Particle Flow Network (MA-PFN)

= Collider events are represented as an energy Input Events Permutation Invariance Symmetric/antisymmetric terms for better inductive bias

p
ﬂ ow Per-Particle Representation

Per-Event Representation Sum and Difference Concatenation FPrediction Metwork Output

- { } Latent Space
L] = 11]]-;

M M « by :ZZ
g — E :Ela(x o f) <1> Pz | Doz ‘ LEA — F
7’:1 : : . \ Cambine
Py " ¢'I|1| -
Es {pgl; }* Shared weights softplus d
. . 1 * '-T"_gl
= Optimal transport between energy flows is the

/ x | Al /1
Ed-A ——| F

Energy Movers Distance (EMD) [1] P {7

= |nfrared and collinear (IRC) safe

Frang » "T-":ru,E
= but O(M?log M) scaling with particle multiplicity f
Metric Aware Particle Flow Network

M M 0. - b ~ Al

EMD(E. &N = min i +IAE d=—"softplus(3(F(¥ & A)+ (X & - A)))
( ’ ) z; zjl fzj R ‘ total‘ EMD is defined over two events f
1=1 g= \
(2) Zero self distance  Positivity Exchange symmetry

= EMD calculations are computationally
intractable for large datasets with complicated MA-PFN is a multisets neural network [2] with zero self distance, positivity, and exchange symmetry enforced.
final states!

= Solution: replace numerical solver with ML surrogate!

We compare MA-PEN performance to baseline PEN [3] and other EMD computation methods.
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Figure 4. Metric-property benchmarks for the MA-PEN
and matched baseline PFN.
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Figure 3. Relative response for 10* event pairs with
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soft/collinear distortion. Median and central 68% shown. = |dentity and exchange symmetry are badly
T 1| - = In the exact soft/collinear limit both models broken by PFN
| | plateau away from exact response = Triangle inequality is not enforced in either
TR Lo = Models are learning ‘discrete’ approximation model but is better constrained by MA-PFN
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Conclusion and Future Work

= But MA-PEN plateaus lower than PEN —

Figure 2. Left: Timing study over varied multiplicities with ‘higher resolution’ approximation

10% event pairs for several computation methods. Right: = MA-PEN Is a multisets network with enforced
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