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The Monte Carlo simulation landscape for the CMS experiment has been enriched in view of
the challenges for the High Luminosity (HL)-LHC. In addition to the very different functions
of Full Simulation and Fast Simulation, a new player, FlashSim, is gaining in importance. Full
Simulation scores with a precise simulation based on the Geant4 detector simulation, but at the
expense of runtime. The other tool, Fast Simulation, wins with significantly higher speed through
the use of parametric particle-material interactions, but has the disadvantage of lower accuracy.
New developments for these tools focus on compensating for these drawbacks to achieve faster
or more accurate results. For the LHC a new decade of operation begins with a major upgrade,
the HL-LHC. This requires also a significant upgrade of the CMS detector, whereby parts of the
detector are replaced by new and more complex ones. The simulation toolkit Geant4 is constantly
being improved to achieve faster and more accurate results, and the detector description must be
expanded and adapted to the new parts and geometries. The new challenges are met with the use
of machine learning (ML) techniques and processing jobs on graphics processing units (GPUs)
to speed up the time-consuming simulations. FlashSim is an ML-based simulation framework
that is trained for general use on a variety of different analyses and combines speed and accuracy.
This contribution reports on the latest innovations and developments in the field of Full and
Fast Simulation and points to other promising simulation tools such as FlashSim to fulfill the

significantly increased requirements for the future of CMS.
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1. Introduction

Future LHC runs will reach higher luminosity levels and possibly higher energy, and the
experiments will have to cope with enormous data recording rates and pile-ups. For the next
upgrade phase, the High-Luminosity LHC, it is important to further develop the simulation software
and use modern, more sophisticated techniques. Extensive upgrades are being carried out at the
CMS experiment [1], requiring a more complex geometry and even more precise implementation
of physical processes.

2. Updating Full and Fast Simulation for HL-LHC

For both simulation variants, the full and more accurate simulation (FullSim) and the faster
simulation (FastSim), the program code was improved and new methods were implemented. In
FullSim, new functions for Run-3 and Phase-2 (HL-LHC runs) [2] were incorporated, as well
as migration to DD4hep geometry description and updating of the Geant4 simulation software
(v.11.2.1). In FastSim, refinement tools and the application of ML techniques were used to achieve
more accurate simulations, for example in the calorimeters, in order to be prepared for future
computationally intensive LHC runs. In addition, research and development work is underway
on the use of GPUs for simulations such as Accelerated Demonstrator of Electromagnetic Particle
Transport (AdePT) [3] and the Celeritas project [4] in order to have additional fast computing
resources available.

For Phase-2 of the CMS experiment, the geometry description was adapted to the new detector
components. A completely new CMS tracker geometry, silicon pixels and silicon modules with
strip-strip and pixel-strip geometry are being installed in the outer tracker [5]. New end caps were
developed for the High Granularity Calorimeter (HGCAL) [6] and the MIP timing detector (MTD)
in the barrel will use crystals and LGAD silicon sensors (low-gain avalanche diodes) in the end caps.
In addition, GEM detectors [7], new forward gas ionisation detectors, were installed. The CMSSW
software framework supports multiple scenarios for Phase-2. There are six main components that
can be modified independently of each other: tracker, calorimeter, muon detectors, forward system,
MIP timing detector (MTD) [8], and overall systems, which include the main partitions and the
magnet system. The components are combined accordingly to define scenarios for the Phase-2
configurations (D49, D76, D88, D95, D98, D110).

The average CPU time evolution over the last five and a half years for Run 3 and Phase 2
runs shows significant improvements. For Run 3, the average CPU time evolution for the Standard
Model process (SM) ¢7 and for the beyond the standard model process BSM T1tttt (pp — gluino +
gluino, gluino — f7 + lightest neutralino), is shown in Figure 1. The diagram in Figure 2 shows the
average CPU time evolution with significant improvements for the Standard Model process (SM) 17
for single-thread jobs [9] [10] .
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Figure 1: FullSim and FastSim Run-3 CPU time evolution over a period of more than five and a half years
for single-thread jobs, Fast Simulation CPU run time consumption is compared to Full Simulation for the

processes BSM T1tttt / t7 using version 15_1 is 137/ 101 times faster.
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Figure 2: FullSim Phase-2 CPU time evolution over a period of more than five and a half years for single-

thread jobs. The CPU time of the #7 process has improved by 39 %.

3. Development of simulation tools using ML techniques

3.1 Refining Fast Simulation using ML techniques

FastSim demonstrates its strength in speed, but has lower accuracy compared to FullSim.

FastSim has developed tools to improve the lower accuracy, the refinement method, using ML

techniques [11] and can be used in most analyses. In this method, the analysis observables are

simulated in the FastSim chains and the values are compared with the corresponding FullSim
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outputs. A fully-connected feedforward neural network (NN) was trained, resulting in a refined
version of the FastSim data sample that is more accurate compared to FullSim. The refinement
method focuses on jet flavour tagging for four Deeplet discriminators (B, CvB, CvL, QG) in the
CMS NanoAQOD data analysis format.

The DeepJet algorithm [12] is a multi-class neural network trained to distinguish jets originating
from b-, c-, light quarks and gluons. The application of the ResNet-like (Deep Residual Learning)
architecture [13] results in a good approximation of the FastSim output to the FullSim output and
requires only a residual correction. The network is implemented using the PyTorch package [14].
ResNet-like regression NNs are used as a post-processing refinement for FastSim outputs and are
already implemented in the FastSim software. This has significantly improved the agreement with
the FullSim output, as can be seen in Figure 3.
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Figure 3: Refining FastSim using ResNet-like (Deep Residual Learning) architecture, the distribution of pr
for FullSim, FastSim and the refined version of FastSim is drawn.

3.2 FlashSim - a ML simulation framework

FlashSim [15] is an ML-based simulation framework designed to enable faster and more
accurate simulations. New normalizing flows (NF) [16] use generic ML generation techniques
that directly generate CMS NanoAOD format samples from generator-level information, with the
advantage that the number of variables to be simulated can be reduced from several thousand to a
few hundred. Further information on FlashSim can be found in this conference proceedings in the
paper on "Talk about CMS FlashSim: how ML powers end-to-end simulation for HEP".

3.3 HGCaloDiffusion - a denoising diffusion model

CaloDiffusion is a denoising diffusion model trained on the public CaloChallenge datasets
to generate calorimeter showers. The algorithm uses 3D cylindrical convolutions that exploit the
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symmetries of the underlying data representation. To handle irregular detector geometries, we
extend the diffusion model with a new Geometry Latent Mapping (GLaM) layer to learn forward
and backward transformations to a regular geometry suitable for cylindrical convolutions. The
showers generated with this approach are nearly indistinguishable from those generated by full
simulation [17]. GLaM enables the reproduction of sharp features in the original geometric space,
as shown in Figure 4, where HGCaloDiffusion and Geant4 were compared for the different layers.

CMS simulation Preliminary

Avg. Shower Phi Center

HGCaloDiffusion
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Figure 4: Comparison of HGCaloDiffusion with Geant4 for the different layers.

3.4 CaloClouds II - a generative model based on diffusion and flow

CaloClouds II [18] is a geometry-independent diffusion model developed for the International
Large Detector (ILD) that generates calorimeter showers as point clouds for the EM calorimeter.
A normalization flow (referred to as Shower Flow) is used to calibrate the output distribution and
generate conditioning features. This model has been adapted for modeling showers in HGCAL
and provides time information per hit, resulting in a 4- (CPU) to 102-fold (GPU) speed increase
compared to GEANT4 [19].

4. Conclusions

The program enhancements incorporated over the last five and a half years for Phase-2 of the
complete simulation reduce the CPU time required for the SM process (¢7) by 39 %. ML-based
refinement and consistency with full simulation have been further improved without significantly
increasing simulation time. FlashSim continues to work on completing the ML simulation frame-
work and has proven to be a promising tool for achieving a significant reduction in simulation time.
ML tools for accelerating simulation runs for the High Granularity Calorimeter (HGCAL) have
been further developed in denoising diffusion models (CaloDiffusion) and in generative models
based on diffusion and flows (CaloClouds II).
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