Sets are All you Need: Ultrafast Jet Classification at HL-LHC

Introduction

The Large Hadron Collider(LHC) at CERN will go thorugh an upgrade (HL-LHC) to increase the rate of proton collisions, allowing experiments to collect one order of magnitude more data. This will demand a more efficient real-time event
filter and this study shows how to perform jet classification on field-programmable gate arrays (FPGA) within O(100) ns. We compare Deep Sets and Interaction Network models, which are permutation-invariant, with MLP, which is not
not permutation-invariant. Through quantization-aware training (QAT) and efficient FPGA implementations, we show that nanosecond inference using complex architectures like Deep Sets and Interaction Networks are feasible at low
resource-cost.
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In this study we analyze the public HLS jet dataset [1],
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Conclusions

Neural network based jet classification algorithms are synthesized on FPGA that mimic the environment within the hardware layers of the real-time data processing systems for a typical HL-LHC experiment. Using jet data with constituent
level information, we show how one could synthesize machine learning algorithms pertaining to three different data representations on an FPGA by using the hls4ml library. Deep Sets network strikes a good balance between accuracy,
latency, and resource consumption compared with the deployed and tested MLP and IN models. In conclusion, we have identified and shown the necessary ingredients to deploy a jet classifier in the level-1 trigger of the HL-LHC
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