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e The central rapidity depletion and the retained veto-
triggering emission are both reproduced.

e This directly tests whether Nested-GPT learned the gap
boundary and the physical termination logic.

Nested-GPT Architecture
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apply the stop/continue head after each generated
particle

discard events that reach Ny« without a stop token

e Real emissions split one dipole into two daughter
dipoles; virtual evolution supplies the Sudakov no-
emission probability.

e If an emission enters the veto gap, the event terminates;
otherwise it 1s inserted into the ordered dipole list.

Main Takeaways

e Parton showers are precision-QCD baselines for Stan-
dard Model measurements and new-physics searches.
 NGL resummation is a controlled stress test: nonlinear

» NGLs are therefore a compact but demanding bench- Teacher forcing predict.s the next emission from the dipole evolution, ordered branching, and veto-triggered
mark for variable-length, time-ordered generation. ground-truth pI:GﬁX flurlng training. , _ stopping.
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The challenge is not just particle kinematics, but
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was learned. Next finite- N, color, spin correlations, NLL showers,
and realistic collider workflows

e Observables: gap fraction G (¢) and normalized rapidity
density P




