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The Zettabyte Era

Cisco Annual Internet Report

… (~size of internet ~175 Zettabytes)



40,000 
Exabytes/year 

produced 
*size of internet: 175,000 

exabytes

Clissa et al. 10.3389/fdata.2023.1271639

https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2023.1271639/full
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40,000 
Exabytes/year 
*size of internet: 175,000 

exabytes

What we can  
afford to keep

https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2023.1271639/full


“While the humans guessed correctly 70 
percent of the time, RankBrain had an 
80 percent success rate […]”



Production 
frequency

Theory prediction  
vs.  

measurement  

Standard Model Process

We need to get it right here



Machine Learning and the needle in the needle stack
Thea Klæboe Årrestad (                    )                                             EPS 2025 Young Experimental Physicist Prize

Get it right one in a one hundred trillionth  



9

Blabla
• Dodge
• Dodge

Blabla
• Dodge
• Dodge

 
 
 
 
 
 
 

On-detec tor  ML

7.5 m

2,800 bunches of protons per beam 
 1 trillion protons per bunch 
Rotating 11,000 times pers
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25 ns

The bunches “collide” every 25 ns (40 MHz)

7.5 m

~Out of 1010 protons, only 60 collisions per crossing 

Interaction is extremely rare!
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1 collision ≅O(1) MB 
~O(1) billion collisions per second 

→ O(1) PB / second
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On-detec tor  ML

~PBs of data per second 
Collisions every 25 ns 
 →cannot read out due  
     to “dead material”

100m
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On-detec tor  ML

Data temporarily buffered  
in detector electronics for ~10 µs 

(few 100s “bunch crossings”)
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On-detec tor  ML

Reduced event information 
sent out at 40 MHz 

63 Tb/s
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On-detec tor  ML

~500 high-end 
FPGAs reconstruct 
events and discard 

>99% within µs 
buffering time
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On-detec tor  ML

L1 bit: 
Accept = 1 
Reject = 0
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On-detec tor  ML

0.2% of events left 
750 kHz, O(1)TB/s

x560 100 Gbps links 
200m long fibers
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On-detec tor  ML

Could be happy, but: 
20 s/event to reconstruct 

 Event size 2 MB 
 

Every 6 months, would need: 
1 million CPU years 

3 Exabytes tape storage
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On-detec tor  ML
Heterogeneous Software trigger: 

25,600 CPUs and 400 GPUs 
Reduce rate to 0.02%
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On-detec tor  ML

7000 events per second 
~0.02% of events left 

35 GB/s

(Still corresponds to sending out  
~a PB of data per day for storage)

TIER 0: ∞
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The Worldwide LHC Computing Grid 

170 sites in 42 countries 
1.4 million computer cores  
3 exabytes of storage
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The Worldwide LHC Computing Grid 

170 sites in 42 countries 
1.4 million computer cores  
3 exabytes of storage



The  
Standard 

Model

…and measuring its 
19 free parameters 
to 5𝛔 ( = 0.00003% 

chance of statistical 
fluctuation)…



High Luminosity 
LHC (2030-2041)

78 vertices 
(average 60)

200 vertices  
(average 140)

LHC (currently)

6 cm

→event size:  2→8 MB,  
→throughput:  4→63 Tb/s



Level-1 trigger:  
Latency O(10) ns 

Detector: 
Latency O(1) ns

ML on specialised hardware

FPGA inferenceASIC inference



CALORIMETER BACKENDS 
360 FPGAs

MUON BACKENDS 
AND TRIGGER 

112 FPGAs

TRACK FINDER 
162 FPGAs

12.5 μs
GLOBAL 

TRIGGER ALGOS 
12 FPGAs

63 Tb/s

CALORIMETER TRIGGER 
35 FPGAs

TRACK TRIGGER 
12 FPGAs

GLOBAL TRIGGER 
FINAL OR 

1 FPGA

VU13P-2

18 Versals here

VU13P-2 VU13P-2

VU13P-2

VU13P-2

CORRELATOR 
TRIGGER: 
66 FPGAs

>100 selection algorithms with 
fixed rate budgets  

(total cannot exceed 750 kHz)
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On-GPU real-time analysis in O(1) 
μs, reduce rate to 5 GB/s!

On-FPGA processing in <25 ns 
7.65 Tb/second

New system to read out all hardware trigger data at 40 MHz  
Enables analysis  of every collision event.



TRACK FINDER 
162 FPGAs

GLOBAL 
TRIGGER ALGOS 

12 FPGAs

TRACK TRIGGER 
12 FPGAs

GLOBAL TRIGGER 
FINAL OR 

1 FPGA

VU13P-2

18 Versals here

VU13P-2 VU13P-2

VU13P-2

VU13P-2

CORRELATOR 
TRIGGER: 
66 FPGAs

63 Tb/s

12 microseconds latency 
Processing 5% of internet traffic 



Industry edge ML benchmarks

This ML task

Had to design our own tools 
(to do inference in <100 ns)



Why FPGAs

• Resource parallelism  ↔  latency 

• Pipeline parallelism  ↔  throughput 

• Latency deterministic (40 MHz collisions) 

• Specialized blocks for I/O 

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

• Relatively low power per op









Let’s tune this for 
nanosecond ML!



Model

Quantized:

Q

Floating point:



Model
 

Write HLS project 
Emulate 

Run synthesis
Quantized:

Q

Floating point:

HLS Model



Model
 

Write HLS project 
Emulate 

Run synthesis

Co-processing kernel  
(Accelerators/SoCs)

ASICs

Quantized:

Q

Floating point:

HLS Model Hardware 
Model

FPGA custom designs



  

Conv2D

Conv2D

ReLU

MaxPool2D

ReLU

MaxPool2D

Flatten

Dense

Softmax

Prediction

Data flow architecture

• Tailored hardware for a model  

(“Decisions are design time”)

• Each layer is separate compute unit 

• Stay on-chip 

Dataflow

https://arxiv.org/abs/1804.06913


Idea l ly Real i t y



Idea l ly Real i t y

•Quantization 

•Pruning 

•Parallelisation 

•Knowledge distillation



Weights Layer 1 Weights Layer 2

FP 32 FP 32



FP 32 FP 32< 4,0 > < 4,0 >

Fixed  po in t

Weights Layer 1 Weights Layer 2
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ReLU ReLU ReLU Softmax

Forward  pass  →+
Qua ntization-aware tra ining

Nature Machine Intelligence 3 (2021)

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

Stra ight-through estimator
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ReLU ReLU ReLU Softmax

Forward  pass  →

←  Back  propagat ion

+
Qua ntization-aware tra ining

Nature Machine Intelligence 3 (2021)

Sundays IEEE RT pre-conference program!

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


HAWQ-V2, Z. Dong et al. 2020

Some layer more a ccommodating to 
a ggressive qua ntization tha n others!



Dense (32) 
Ternary

Input (16) 
〈16,6〉

Dense (32) 
〈2,1〉

ReLU ReLU ReLU Softmax

Dense (5) 
w: Binary b:〈8,3〉

Dense (64) 
〈4,0〉

 〈16,6〉〈16,6〉〈4,2〉  〈3,1〉  〈4,2〉

*Homogeneously quantized 6 bit model  
vs heterogeneous model 
Energy cost, chip area

*

Nature Machine Intelligence 3 (2021)

AutoQKeras

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


QAT

Resource cost

Post-tra ining qua ntization

Accura cy



But why stop there?
https://arxiv.org/abs/2405.00645
https://arxiv.org/abs/2510.24784 

https://arxiv.org/abs/2510.24784
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84% weights pruned 

Normalizing Flows on 
chip with 35 ns latency

Heterogeneously 
quantized 

transformers with 100 
ns latency!

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



HGQ-LUT
C. Sun et al (2026)

Figure 2. Accuracy versus LUT usage of the HLF JSC models on the
OpenML and CERNBox datasets. Pareto frontiers are plotted by connecting
the points from the same work when available. Designs with circle markers
use only LUTs, and designs with pentagon markers use both LUTs and
DSPs. Our designs are marked as ”X” and use only LUTs. For NLA [2]
and KANELE [22], we show the reproduced/corrected results in solid points
and the originally reported results in transparent points.

overhead becomes significant. We also notice that (3) the
works used unregistered outputs of the top module for out-
of-context synthesis with global retiming enabled, leading to
missing timing paths in the reports and hence over-optimistic
Fmaxestimations. (4) NLA used un-seeded shuffling on the
OpenML dataset, leading to → 80% of the samples used
for test accuracy reporting were used previously in training.
These findings can be validated independently with the official
implementations provided by the authors [33], [34]. For NLA,
we used the official implementations provided with the above
issues address (10% validation split, proper seeding, input
clamping, and registered outputs) and reproduced the results.
For KANELE [22], due to time constraints, we only estimate
the LUT usage overhead from (3) to be the same as that of
NLA [2], and include the estimated LUT consumption with the
overheads in LUTs added to the reported results, while keeping
the potentially overestimated accuracies and Fmaxvalues as-is.

D. JSC PLF

We further evaluate the performance of HGQ-LUT on the
particle-level feature (PLF) based JSC dataset from Zen-
odo [29], which contains low-level, per-particle features of
reconstructed jets in proton-proton collisions. Each sample
contains up to 200 particles, each with 16 features, and the
same five-class labels as in the HLF JSC datasets. When less
than 200 particles are present, zero-padding is used. The inputs
are hence arrays of shape (N , F ), where N is the number
of particles and F is the number of features per particle. In
this work, we evaluate the performance of HGQ-LUT with
N = 32, F = 16, N = 64, F = 16, and N = 32, F = 3

variants of the dataset. For the F = 3 variants, only the three
kinematic features, pT , ω, and ε are used for each particle,
and we remove all particles with pT < 2 GeV to simulate
the effect of detector thresholds, following [25]. The metric to
evaluate the model performance is the same as the HLF JSC
task, namely the overall classification accuracy defined by the
argmax of the model outputs.

Due to the high input dimension and complexity of the
dataset, prior LUT-based efforts are unable to handle this

Figure 3. The hybrid architecture used for TGC Muon Tracking task with
matmul-based dense layers (Plain HGQ) and LUT-Dense layers (HGQ-LUT).

dataset directly. We use the same model architecture as in the
JEDI-Linear [35] work, but replacing all EinsumDense layers
with our LUT-Dense layers. Since the original hidden dimen-
sion of 64 in the EinsumDense layers in the graph architecture
is found to lead to excessive training time, we further reduce
all hidden layer dimensions to 8 in our experiments. The
results are compared against various prior efforts in Tab. III,
showing that HGQ-LUT is able to achieve superior latency
and resource efficiency compared to the vanilla matmul-based
HGQ or other neural network based approaches, while lag-
ging slightly behind in terms of absolute maximum accuracy
achieved, albeit only by less than 1.5%, potentially due to the
reduced model dimensionality.

E. TGC Muon Tracking

We compare the performance of HGQ-LUT on the TGC
muon tracking dataset from Ref. [28], which contains simu-
lated hits from muons passing through the TGC detector at the
ATLAS experiment. Each sample contains 7↑50 bits extracted
from the detector hits, with a regression target of the incident
muon angle. The metric to evaluate the model performance is
the mean squared error between the predicted and true angles
with a cut-off at 30 mrad [28].

We found that using only LUT-Dense layers for this task
would lead to significant accuracy degradation, potentially due
to the high input dimension with low information content per
feature: since each input is binary and we require L-LUTs to
have only one input, the use of LUT-Dense-like layers may
be inefficient for layers where low information content per
feature is present. By using a hybrid architecture, we are able
to achieve good accuracy while still benefiting from the low-
latency inference of the LUT-Dense layers. Hence, for this
task, we use a hybrid architecture with both LUT-Dense and
matmul-based dense layers, where the feature-extraction part
is realized with conventional dense layers, and the final dense
output head is realized with LUT-Dense layers to achieve the
best latency and resource efficiency, as shown in Fig. 3.

With the hybrid architecture, we are able to achieve the same
accuracies as the vanilla HGQ baseline with approximately
1/3 lower latency and 1/4 lower LUT utilization, as shown in
Tab. III, demonstrating the advantage of HGQ-LUT for low-
latency, resource-efficient inference on FPGAs.
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Blue is LUT dense layers 
Black is without!

https://arxiv.org/abs/2604.22293



  

https://arxiv.org/abs/2210.05189

https://arxiv.org/abs/1804.06913


Yggdrasil+Conifer 

  

qDNN

BDT

https://indico.cern.ch/event/1283970/contributions/5554339/
https://arxiv.org/abs/1804.06913


 
 
 
 
 
 
 

→Knowledge Dis t i l la t ion

Can we have the best of both worlds?

Tra in In ference



Dog

Cat



Cat

is cat

is dog



is cat = 0.89

is dog = 0.11

Predicted 
labels

Teacher  
(already trained)

Cat



is cat = 0.89

is dog = 0.11

is cat = 1
is dog = 0

True labels

Predicted 
labels

Teacher  
(already trained)

Cat



is cat = 0.46

is dog = 0.54

is cat = 0

is dog = 1

True labelsPredicted 
labels

is cat = 0.03

is dog = 0.97

is cat = 0

is dog = 1

True labelsPredicted 
labels

Soft labels contain information!!



is cat = 0.89

is dog = 0.11

is cat = 1
is dog = 0

True labels

Predicted 
labels

Teacher  
(already trained)

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

Student learns subtle learned features from teacher! 

Distilled  
knowledge

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝛽 × 𝐿𝐷𝑖𝑠𝑡𝑖𝑙𝑙𝑎𝑡𝑖𝑜𝑛 + 𝛼 × 𝐿𝑠𝑡𝑢𝑑𝑒𝑛𝑡

Cat



Used for Gemini Flash

www.latent.space/, 
Jeff Dean HLF

https://www.latent.space/


Used in CMS trigger!

CICADA 

Knowledge distillation: input to anomaly score

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


Used in CMS trigger!

CICADA 

Knowledge distillation: input to anomaly score

https://indico.cern.ch/event/1496673/contributions/6637975/attachments/3126033/5544527/HGQ_CICADA_Poster.pdf
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Blabla
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On-detec tor  ML

On-detector: ML for 
compression on 

ASICs



Bombarded by 200 million million 
charged particles per cm2



Total 6.5 million readout-channels. 
Can not read out all at 40 MHz, need to compress

ASIC

ASIC

ASIC

10,000 
compression chips 

per endcap



ASIC

ASIC

ASIC

ASIC

To L1

Must compress ON DETECTOR 
•High radiation 
•Cooled to -30 degrees 
•400 ns latency budget





Transmit encoded data!

Encoded data

ASIC

On ASIC

 ECON-T 
ECON CAE 

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


Transmit encoded data!

Encoded data Encoded data

ASIC

On ASIC

 ECON-T 
ECON CAE 

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


Transmit encoded data!

Encoded data Encoded data

ASIC

On ASIC

•ASIC inference (65 nm, rad-hard) 
•< 4.5 mW/channel 
•Triplicated w/b for radiation safety 

Reprogrammable w/b over I2C!

 ECON-T 
ECON CAE 

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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Blabla
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On-detec tor  ML L1 trigger: ML for 
reconstruction/decision 
making on FPGA



12.5 μs

Trigger  
accept/reject

5 μs

HEP developed 
libraries for fast 
ML on FPGAs 

Nanosecond ML inference on FPGAs! 
~40 billion inferences/s during HL-LHC



5,000 “sensor 
input” per FPGA  

(and 18 of them to 
process 18 events 

in parallel)

DOI:10.3389/fdata.2020.598927 

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


5,000 “sensor 
input” per FPGA

DOI:10.3389/fdata.2020.598927 

 2 µs to cluster into distinct 
particle energy clusters!

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


 
~2 µs latency constraints!

5,000 “vertices” 
per FPGA

DOI:10.3389/fdata.2020.598927 

GNN with dynamic graph building is 
clustering surrogate:  

Hits belonging to same object clustered

Cluster into distinct particle 
energy clusters

GPU

FPGA

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


Anomaly Detection on FPGA

Energy (GeV)Trigger threshold

NP?

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

Level-1  re jec ts  >99%  o f  events !  
Is  there  a  smarter  way  to  se lec t?



Anomaly Detection triggers

Energy (GeV)Trigger threshold

NP?

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

Reconstruction error
AD threshold

NP?

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

Everything here  
is normal

Everything here  
is abnormal



E, px, py, pz

E, px, py, pz

E, px, py, pz

E, px, py, pz

Outlier detection

E, px, py, pz

E, px, py, pz

E, px, py, pz

E, px, py, pz

E, px, py, pz

E, px, py, pz

E, px, py, pz

E, px, py, pz

Compressed representation of x. 
Latent space , k < m⨉n 

prevents memorisation of input, must learn
ℜ𝑘

ℜ𝑘

𝐱 ̂𝐱

𝑛 × 𝑚 𝑛 × 𝑚



E, px, py, pz

E, px, py, pz

E, px, py, pz

E, px, py, pz

Outlier detection

ℜ𝑘

𝐱 ̂𝐱

𝑛 × 𝑚 𝑛 × 𝑚

 is Mean Squared Error , “high error events” proxy for “degree of abnormality”ℒ(𝐱, ̂𝐱 ) (𝐱, ̂𝐱 )



ℜ𝑘

….

̂𝐱

𝑛 × 𝑚 Large error for 
abnormal data

MSE(𝐱, ̂𝐱 )

arXiv:1808.08992 

E, px, py, pz

E, px, py, pz

E, px, py, pz

E, px, py, pz

𝑛 × 𝑚

https://arxiv.org/abs/1808.08992


8 layers in 50 ns on FPGA,  
~1% of total rate selected by AD

2411.19506

Neural embedding with 
VicReg contrastive learning

Variational Autoencoder

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


Fully heterogeneously 
quantized transformers 

in <100 ns 

arxiv:2510.24784 

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


828 µW



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

“…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 learning 
foundation

fastmachinelearning.org 

http://fastmachinelearning.org




The Fast ML community
https://fastmachinelearning.org/

Join our Slack to get updates!


