


The Zettabyte Era

When will global Internet traffic reach an annual run rate of one Zettabyte? Well, that day has finally come. According to our estimate, the world’s collective Internet use

will reach the Zettabyte threshold for this calendar year on September 9, 2016. Finally... Consider the fact that the Internet essentially began to scale for global consumer

... (~size of internet ~175 Zettabytes)

Cisco Annual Internet Report
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“While the humans guessed correctly 70
percent of the time, RankBrain had an
80 percent successrate |...|”



13.6 TeV (L<5fb")
13 TeV (L< 138fb~")
8 TeV (L<19.6fb71)
7 TeV (L<5fb7)
5.02 TeV (L<302pb-1) _

2.76 TeV (L<231nb™1)

95% CL limit at
13 TeV (L<138fb7)

PrOd UCthn « Theory prediction
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The bunches “collide” every 25 ns (40 MHz)

ISIONS per Crossing

~Out of 1010 protons, only 60 coll

ion is extremely rare

Interact
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__Heterogeneous Software trigger

——

25,600 CPUs and 400 GPUs

Reduce rate t0 0.02%
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The Worldwide LHC Computing Grid

170 sites in 42 countries

1.4 million computer cores

Running jobs: 365644 - Fs '
Active CPU cores: 807139 - = N

Transfer rate: 21.54 GiB/sec R - 3 eXG byteS Of StOrC]ge
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The
Standard
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High Luminosity

LHC (currently) LHC (2030-2041)

/8 vertices 200 vertices

(average 60) (average 140)

—event size: 2—+8 MB,
—throughput: 4-63 Tb/s
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New system to read out all hardware trigger data at 40 MHz

Enables analysis of every collision event.
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Why FPGAs

e Resource parallelism < latency

e Pipeline parallelism < throughput

e Latency deterministic (40 MHz collisions) uttaneously!
i
e Specialized blocks for /O FPQAs + 162

e High-speed transceivers with Tb/s total bandwidth
(PCle, 100Gbps ethernet, InfiniBand)

e Relatively low power per op
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High Level Synthesis:
Compile from C/C++ to VHDL

Pre-processor directives and
constraints used to optimize the

design

C/C++ Constraints/
algorithm Directives

i in f 5="AMD FPGAs intel FPGAs  Siemens
Drastic decrease in firmware (CMS, ATLAS) Ll FRONS Siemen

development time!
Vitis Vivado Vivado Intel Catapult
HLS HLS Accelerator HLS HLS

Hardware Description Languages:

P
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programming languages which describe VHDL/Verilog

Firmware block

electronic circuits




Let’s tune this for

—_— nanosecond ML!
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https://arxiv.org/abs/1804.06913
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https://www.nature.com/articles/s42256-021-00356-5

Straight-through estimator

Quantized weight Q
Quantizer 4 J (INT)

> . > O c[)[ Forward pass }

U

(::I Backward pass

Gradient dL/dr | Gradient dL/dQ
(FP) (FP)
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Quantization-aware training
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from tensorflow.keras. layers import Input, Activation

from gkeras import quantized_bits
from gkeras import (QDense, QActivation

from gkeras import (QBatchNormalization

x = Input((16))
x = QDense(64,
kernel _quantizer = quantized_bits(6,0,
bias_quantizer = quantized _bits (6,0,
x = QBatchNormalization()(x)
x = QActivation('quantized relu(6,0)’)(x)
x = QDense(32,
kernel _quantizer = quantized _bits (6,0,
bias_quantizer = quantized _bits (6,0,
= QBatchNormalization()(x)
= QActivation(’quantized relu(6,0)’)(x)
= QDense(32,
kernel_quantizer = quantized _bits(6,0,
bias_quantizer = quantized _bits (6,0,
= QBatchNormalization( )(x)
= QActivation(’quantized relu(6,0)’)(x)
= QDense(5,
kernel_quantizer = quantized _bits (6,0,
bias_quantizer = quantized _bits (6,0,
= Activation(’softmax’)(x)

alpha=1),
alpha=1))(x)

alpha=1),
alpha=1))(x)

alpha=1),
alpha=1))(x)

alpha=1),
alpha=1))(x)



https://www.nature.com/articles/s42256-021-00356-5

Some layer more accommodating to
aggressive quantization than others!
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Nature Machine Intelligence 3 (2021)
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*Homogeneously quantized 6 bit model
vs heterogeneous model
Energy cost, chip area



https://www.nature.com/articles/s42256-021-00356-5

Accuracy Resource cost

— QKeras CPU

- QKeras FPGA
- = Post-train quant.
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But why stop there?

from tensorflow.keras.layers import Input
from HGQ import HQuantize, HDense

inp =

out
out
out
out

hgq_

Input ((16,))
HQuantize(name=‘inp_q’, beta=beta) (out)

= HDense(64, activation=‘relu’, beta=beta) (out)
= HDense (32, activation=‘relu’, beta=beta) (out)
= HDense (32, activation=‘relu’, beta=beta) (out)

HDense(5, activation=‘linear’, beta=beta) (out)

model = Model(inp, out)

https://arxiv.org/abs/2405.00645



https://arxiv.org/abs/2510.24784

HGQ: High Granularity Quantization

C.Sun et al. 2024

Jet Classifier
SVHN Classifier
Muon Tracker
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from tensorflow.keras.layers import Input
from HGQ import HQuantize, HDense

inp = Input((16,))
out = HQuantize(name=‘inp_q’, beta=beta) (out)

out = HDense(64, activation=‘relu’, beta=beta) (out)

out = HDense(32, activation=‘relu’, beta=beta) (out)

out = HDense(32, activation=‘relu’, beta=beta) (out)
HDense(5, activation=‘linear’, beta=beta) (out)

EBOPS = ) bib;
(1.4) M

M = {{i, j}| for all multiplication operations
between operands with bitwidth b; and b;}

hgq_model = Model(inp, out)

®
+* Proxv for resource cost

L = Lyaee + 5 -EBOPs 4+~ Llyorm

Making bitwidths differentiable! Fully heterogeneous quantization!
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It's not a FAD:
first results in using Flows for unsupervised

Anomaly Detection at 40 MHz at the Large Hadron H et ero g eneous I y

Collider o
quantized

Normalizing Flows on  {.qnsformers with 100
chip with 35 ns latency ns latency!

https://arxiv.org/html/2202.03772v3




HGQ-LUT

C. Sun et al (2026)

MAC (Multiply-accumulate) LUT (Lookup Tables)

Blue is LUT dense layers
Black is without!

—~ 77.07 75.51
O i _
X 76.0 75.0
~ 75.0- 74.5-
> _ _
0y 74.0 74.0
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—

S 72.0- 73.0-

O 1 1
O 71.0 72.5

< 70.0- 72.0-
1K 10K 100K 1K 10K 100K 1M

LUT

—%—HGQ-LUT @ AmigoLUT @ PolyLUT-Add DWN
-@®-HGQ LogicNets ® QKeras ® MetaML-Pro
® NLA @® NeuralUT ReducedLUT @ SymbolNet
@® TreelUT @ PolyLUT ® DSP-Prune -@-KANELE

https://arxiv.org/abs/2604.22293
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Why do tree-based models still
outperform deep learning on
typical tabular data? (=

Leo Grinsztajn, Edouard Oyallon, Gael

Varogquaux
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Abstract: While deep learning has enabled tremendous progress on text
and image datasets, its superiority on tabular data is not clear. We
contribute extensive benchmarks of standard and novel deep learning
methods as well as tree-based models such as XGBoost and Random
Forests, across a large number of datasets and hyperparameter
combinations. We define a standard set of 45 datasets from varied
domains with clear characteristics of tabular data and a benchmarking
methodology accounting for both fitting models and finding good
hyperparameters. Results show that tree-based models remain state-of-
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represented as a decision tree. The representation is equivalence and not an approximation, thus
keeping the accuracy of the neural network exactly as is. We believe that this work provides better
understanding of neural networks and paves the way to tackle their black-box nature. We share
equivalent trees of some neural networks and show that besides providing interpretability, tree
representation can also achieve some computational advantages for small networks. The analysis
holds both for fully connected and convolutional networks, which may or may not also include
skip connections and/or normalizations.
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https://indico.cern.ch/event/1283970/contributions/5554339/
https://arxiv.org/abs/1804.06913
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d

v
True labels

IScat=1

Predicted

IS cat = 0.89

i is dog = 0.11




Predicted True labels
labels

s cat = 0.46
is dog = 0.54

Soft labels contain information!!

Predicted True labels
labels

s cat = 0.03
s dog = 0.97




at

v
True labels

is cat = 1

Predicted
labels

is cat = 0.89 Distilled

knowledge e

Train student to learn both
true and predicted (teacher) labels!

Ltotal = ﬂ X LDistillation +a X Lstudent

Student learns subtle learned features from teacher!



Used for Gemini Flash

Plot of model pricing vs LMSys Elo (Apr 2025) - full analysis on https://latent.space

1 0.1

$ Price per million tokens, assuming 3.1 input.outpul tokens ratio (results don't really change with 1000:1). 03-mini has low:medium:high output loken modifier of 1:2:4 applied

, /* Gemini g

o5

Jeff Dean HLF



https://www.latent.space/

Used in CMS trigger!

CMS Calorimeter (Schematic) Unrolled Input

~300K params

1890 1890
50
Dense Dense -
Latent 30

~onv /Flatten Reshape/Conv

Knowledge distillation: input to anomal

Unrolled Input

252

QDenseBatchNorm QDense Anomaly
Score

~4K params



https://indico.cern.ch/event/1496673/contributions/6637975/attachments/3126033/5544527/HGQ_CICADA_Poster.pdf

Used in CMS trigger!

Unrolled Input Unrolled Input

~300K params

1890 1890
30
Dense Dense -
Latent 30

Reshape/Conv

Unrolled Input

QDenseBatchNorm QDense Anomaly
Score

~4K params



https://indico.cern.ch/event/1496673/contributions/6637975/attachments/3126033/5544527/HGQ_CICADA_Poster.pdf
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- 10,000
compression chips
per endcap

Total 6.5 million readout-channels.

Can not read out all at 40 MHz, need to compress




Must compress ONDETECTOR
*High radiation
*Cooled to -30 degrees
400 ns latency budget




Encoder Latent Decoder
Space

1 1

Input Data Encoded Data Reconstructed Data

Variational Autoencoder



ECON-T
ECON CAE

Encoded data



https://indico.cern.ch/event/1381495/contributions/5988489/attachments/2869320/5160654/TWEPP%202024%20ECON%20Design%20Presentation.pdf
https://indico.cern.ch/event/1496673/contributions/6622011/attachments/3128787/5550041/Erdem_FastML_for_Science_2025.pdf
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https://indico.cern.ch/event/1381495/contributions/5988489/attachments/2869320/5160654/TWEPP%202024%20ECON%20Design%20Presentation.pdf
https://indico.cern.ch/event/1496673/contributions/6622011/attachments/3128787/5550041/Erdem_FastML_for_Science_2025.pdf

ECON-T
ECON CAE

e ASIC inference (65 nm, rad-hard)

< 4.5 mW/channel

e Triplicated w/b for radiation safety
Reprogrammable w/b over I2C!

Encoded data



https://indico.cern.ch/event/1381495/contributions/5988489/attachments/2869320/5160654/TWEPP%202024%20ECON%20Design%20Presentation.pdf
https://indico.cern.ch/event/1496673/contributions/6622011/attachments/3128787/5550041/Erdem_FastML_for_Science_2025.pdf
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Nanosecond ML inference on FPGASs!

~40 billion inferences/s during HL-LHC

k HCAL - TRACK FINDER

= = TMUX=
RS = 36 = RS =18
FPGA = 36 S = FPGAs = 18 o

TMUX=18 TMUX=18

RS =6 (phi) | |RS =9 (phi)

- FPGAs = FPGAs = 162

1111 % =
| o ESCASE ) " EEEEEEEE
hls
o SM—
1111

"7

TMUX:% :::- TMUX=18
RS=6 ‘/fummmn/ |FS= 2(ph RS = 1
FPGAs FPGAs = 18

HEP developed
libraries for fast W
ML on FPGAs Trigger

tcept/reject

CALORIMETRY




5,000 “sensor
input” per FPGA

and 18 of them to
process 18 events
in parallel)


https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2020.598927/full

iminary

2 us to cluster into distinct
particle energy clusters!

CMS Phase-2 Simulation Prel

5,000 “sensor
t” per FPGA

inpu


https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2020.598927/full

Cluster into distinct particle

5,000 “vertices”
energy clusters

per FPGA

GNN with dynamic graph building is
clustering surrogate:
Hits belonging to same object clustered

CMS Phase-2 Simulation Preliminary
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https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2020.598927/full

Anomaly Detection on FPGA

Level-1 rejects >99% of events!
|s there a smarter way to select?

>
Energy (GeV)



Anomaly Detection triggers

Everything here  gyerything here
IS hormal is abnormal

—p-

Reconstruction error



Outlier detection
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Compressed representation of x.
Latent space R, k < mxn
prevents memorisation of input, must learn



Outlier detection
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Z (X, X) is Mean Squared Error(X, X), “high error events” proxy for “degree of abnormality”
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Es Px, Py, Pz

arXiv:1808.08992

QCD
t

g (400 GeV)

VaN

MSE(X, x)

Large error for
abnormal data

10° 10>
Reconstruction Error


https://arxiv.org/abs/1808.08992

Neural embedding with
VicReg contrastive learning

CMS Preliminary 0.527 fb~', 2024 (13.6 TeV)
m 6 I | | | | I | | | | ] | | ‘ |
< 10°F Run 380470 E
2 [ All Scouting :
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8 layers in 50 ns on FPGA, o o 2000 500
~1% of total rate selected by AD


https://arxiv.org/html/2411.19506v1

Anomaly detection with
VAEs in 50 ns

- - LOST DATA
B8 SELECTED DATA
- - POSSIBLE NP SIGNAL

Reconstruction error
AD threshold

CMS DP2023_079
E. Govorkova et al (2022)

Quantised Interaction
Networks and Deep Sets
In <160 ns

Interaction Network IN

1 pr .- pr ® O
- (7' ... " — | L — L — o
.//J' . 4‘/: N . .
(quark, gluon, W, Z, top)

P. Odagiu et al. 2024

Fully heterogeneously
quantized transformers
In <100 ns

0123456789
Bitwidth

(a) Attention Layers



https://www.arxiv.org/pdf/2510.24784

...and outside

Semantic segmentation Seizure Predicting Brain Earth monitoring in
for autonomous vehicles Implant satellites

828 uW 4 distributed
recording ASICs

Wireless
communication
hub

N. Ghielmetti et al. 2022 W. Lemaire et al. 2022 Edge SpAlce, S. Summers

e MLPerf tinyML benchmarking e Accelerator control
e For fusion science phase/mode monitoring e Magnet Quench Detection
e Crystal structure detection e Food contamination detection

* Triggering in DUNE e Quantum control etc....




https://news.siemens.com/en-us/siemens-catapult-ai-nn/

PRESS RELEASE

Siemens simplifies development of Al accelerators for advanced
system-on-chip designs with Catapult Al NN

May 21, 2024
Plano, Texas

HLS
Constraint
script

ASIC FPGA

“...brings together hls4ml and Siemens’ Catapult™ HLS software...

... addresses the unique requirements of
ML accelerator design for power, performance, and area on custom silicon”




fast machine learnin

foundation

Collaborating Institutes

Argonne National Laboratory

CERN

California Institute of Technology
Carnegie Mellon University

ETH Zurich

Fermi National Accelerator Laboratory
Georgia Institute of Technology

HEPIA - Haute école du paysage, d'ingénierie et
d'architecture

Imperial College London

Jefferson Lab

JoZef Stefan Institute

KIT

LPNHE, CNRS/IN2P3, France

Los Alamos National Laboratory
Massachusetts Institute of Technology
National Yang Ming Chiao Tung University
Northwestern University

Norwegian University of Science and Technology

Pacific Northwest National Laboratory
Princeton University

Purdue University

SLAC

Southern Methodist University
Technical University of Denmark
Tohoku University

UC San Diego

UCL

University of Bristol

University of Chicago

University of Colorado Boulder
University of Geneva

University of lllinois at Urbana-Champaign
University of Michigan

University of Pennsylvania

University of Washington

University of Wisconsin-Madison

Université de Sherbrooke



http://fastmachinelearning.org

Fast Machine Learning
for Science

August 31 - September 4 2026
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indi.to/fastml|26 UC San Diego EI
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