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The HL-LHC Data Problem

● 40 MHz bunch-crossing rate → O(10 Tb/s) of raw detector data
● Phase-2 Trigger at CMS discards aggressively: L1 trigger accepts at less than 

750 kHz, the High-Level Trigger less than 7.5 kHz
● Fixed trigger thresholds bias what's kept: new physics may be thrown away!
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CMS Phase-2 L1 Scouting
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● Phase-2 L1 trigger will perform offline-like particle-flow (PF) reconstruction. Sufficient 

quality for physics analysis!

● 40 MHz Data Scouting reads out L1T reconstructed physics objects for every bunch 

crossing

● Access to every single collision event, but at a lower resolution



L1 scouting system: data requirements

● Total L1 Trigger throughput is 120 GB/s, must be reduced to the scouting 
bandwidth of 5 GB/s: 24x reduction for all PF particles, 2.4x for PU subtracted.

● Pileup subtraction might reduce sensitivity to New Physics (e.g soft signatures)
● How to achieve data reduction without significant degradation?

○ Bandwidth allocation problem: Neural nets are good at learning efficient 
representations!
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● Each particle becomes a token - each event becomes sequence of integers

● Map vectors in latent space onto a discrete, finite codebook of tokens

● Store an index as int(N), reducing number of bits needed to store an event

● Decode codebook for downstream applications

Our Approach: Neural tokenization
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ORBIT: Online Real-time Bandwidth reduction

GPU/AI 
Engines 
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Quantization Toolbox I: 
Finite Scalar Quantization [2309.15505]
● Each latent dimension is quantized independently onto a fixed scalar grid

● Implicit codebook of size                 (d = latent dimension, m = granularity)

● In our case, apply the operation                                    for each dimension   
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Quantization Toolbox II: VQ-VAE [1711.00937]

● Learned codebook: encoder output        is snapped to the nearest of K learned 
embeddings

● Quantization is non-differentiable: deal with quantization step during 
backpropagation using straight-through estimator/rotation trick
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Quantization Toolbox III: 
PHAEDRA [2602.03915]

● PHAEDRA splits latent vectors into a shape component (direction) and a gain component 

(magnitude)

● Each branch is quantized separately, using its own codebook

● Hope: shape and amplitude learned separately, leading to a more accurate total 

reconstruction, especially in tails
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Data & Setup

● Training is performed on two datasets (Collide-2V, L1 view): 
○ tt̄ inclusive (high multiplicity, jets/leptons/MET simultaneously), useful because this has 

high object multiplicity and diversity, so tokenizer learns to deal with complicated events
○ SM-mixture cocktail (t̄t + QCD + V+jets + VV, constant proportions), 100k events, exposes 

the tokenizer to realistic conditions it might see at L1T

● Test: gg→H→b̄b,tt̄, SM cocktail, ZeroBias (10k events)
● Per-particle features:        (one-hot, 8 

classes)
● Currently: 128 pileup-subtracted particles, 

expect O(500) PF candidates in L1T
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https://repository.cern/records/sbyss-as968


Model 
Total parameters: O(1.2M)

11(based on Omnijet-alpha [2403.05618])

log2K bits bottleneck!

https://arxiv.org/abs/2403.05618
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Reconstruction fidelity scan

Missing tails

Train: tt̄
Test: tt̄
Pileup-subtracted
VQ-STE
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Reconstruction fidelity comparison
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Codebook size ∝ 
data type! E.g. 
codebook size 
1024→int(10)

Train: tt̄
Test: tt̄
Pileup-subtracted

Each particle 
represented by 
single int(10)!

Baseline: K-means clustering 
in physical space



Codebook usage comparison
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Bandwidth requirement 
not only a function of 
dictionary size, but also 
of the code frequency 
distribution. This varies 
significantly.

Codebook utilization 
is the portion of 
codes active in any 
event of the test set.

Train: tt̄
Test: tt̄
Pileup-subtracted



Including 
utilization, 
VQ-VAE STE still 
most efficient

Reconstruction fidelity vs. compression
Train: tt̄
Test: tt̄
Pileup-subtracted

16



Compression factor (conversion to ROOT storage format)

Train: tt̄
Model: VQ-STE, 4096 codes
Pileup-subtracted
1K events

Compression: LZMA Level 9

Tokenization 
yields  ~2.5-3x 
compression 

Before tokenization

After tokenization
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Test = SM mixture
Model = VQ-STE
Pileup-subtracted

Test = ggHbb
Model = VQ-STE
Pileup-subtracted

Ongoing comparison of training dataset
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Downstream physics observables
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Downstream physics performance:
Higgs mass reconstruction from gg→H→bb
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Train: tt̄
Model: VQ-STE, 4096 codes
Pileup-subtracted

20



tt all-hadronic AK8 jets 
pT≥ 450 GeV. 
Train: tt, 
VQ-STE 4096, 
Pileup-subtracted. 

Downstream physics performance: 𝝉32
Quantizing particle directions hits hardest on observables 
built from spatial distribution of constituents (soft-drop mass, 
n-subjettiness, energy correlation functions).
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Conclusions and outlook
● Plain VQ-VAE is most efficient for compression all-around

● Still need higher compression factor for full PF 

● Reconstruction not perfect (especially for large radius jet observables)

● Scale up to O(500) particles per event (before Level-1 PU subtraction)

● Improve reconstruction in distribution tails

● Test on other signals / observables

● Timing studies on GPUs (need to operate real-time in scouting system)
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Next steps



Extra slides
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Gradient update: STE vs. Rotation Trick
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Fig. from Fifty et al. (2024), 
arXiv:2410.06424 

● Using STE         equals         during backpropagation
● Using rotation trick angle between     and         equals angle between    and 

○ Pushes encoder outputs in the same codebook region in different 
directions, may lead to improved codebook utilization and reconstruction

encoder output codebook vector



Loss function
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● FSQ uses the MSE as a loss function: (    input 
features,     reconstructed features)

● VQ-VAEs additionally learns the codebook, so we add a term pushing 
the codebook entries     towards the encoder output  ,    , commitment 
term prevents encoder output from diverging

● PHAEDRA uses the same loss as FSQ/VQ, but added per-branch

sg: stop-gradient, gradients don’t flow 
through this term 

This selects the codebook entry 
closest to the encoder output



Result: Reached compression (full event)
Train: tt̄
Model: VQ-STE, 4096 codes
Full event
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Higgs candidate mass, extended histogram

Train: tt̄
Model: VQ-STE, 4096 codes
Pileup-subtracted
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Test = tt
Model = VQ-STE
Pileup-subtracted
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Codebook size to bitwidth
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SM Mixture composition
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PF-level bit assignments
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PID definitions

32



Downstream physics performance
Train: tt
Test: ggHbb
Crystal ball fit
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Architectural details

● Transformer encoder/decoder, 4 blocks, 8 attention heads, pre-norm placement, GELU activations, 

MLP expansion factor 4, attention across all particles in event

● ~1.2M params

● FSQ: 3-dim latent space with 5-35 levels per dimensions

● VQ-VAE: Codebook sizes varying from 128-16384

● Split quantizer: 5-dim latent space with split morphology [128] (gain), [2,3,3,5] (shape)

● AdamW optimizer, learning rate schedule (5e-4 -> 1e-3 -> 3e-4), weight decay 10e-2
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