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Open Al (2023)

Example of GPT-4 visual input:

User What is funny about this image? Describe it panel by panel.

At
K ﬁ' I"'{II!'- L

Source: https://wuw.reddit

The 1image shows a package for a "Lightning Cable" adapter with three panels.

Panel 1: A smartphone with a VGA connector (a large, blue, 15-pin con-
nector typically used for computer monitors) plugged into its charging port.

Panel 2: The package for the "Lightning Cable" adapter with a picture of
a VGA connector on it.

Panel 3: A close-up of the VGA connector with a small Lightning con-
nector (used for charging iPhones and other Apple devices) at the end.

The humor in this image comes from the absurdity of plugging a large,
outdated VGA connector into a small, modern smartphone charging port.



https://cdn.openai.com/papers/gpt-4.pdf

Open Al (2023)

Example of GPT-4 visual input:

User

What is funny about this image? Describe it panel by panel.

\ ~0om

The 1image shows a package for a "Lightning Cable" adapter with three panels.

Panel 1: A smartphone with a VGA connector (a large, blue, 15-pin con-
nector typically used for computer monitors) plugged into its charging port.

Panel 2: The package for the "Lightning Cable" adapter with a picture of
a VGA connector on it.

Panel 3: A close-up of the VGA connector with a small Lightning con-
nector (used for charging iPhones and other Apple devices) at the end.

The humor in this image comes from the absurdity of plugging a large,
outdated VGA connector into a small, modern smartphone charging port.

GPT-4 visual input example, Chart Reasoning:

User

What is the sum of average daily meat consumption for Georgia and Western Asia?
Provide a step-by-step reasoning before providing your answer.

Daily meat consumption per person, 1997 Our World

in Data
Average daily meat consumption per persen, measured in grams per persen per day. Countries with daily meat
consumption greater than the expected EU average of 165g per person are shown in red; yellow are those
countries below 165g but exceeding the more ambitious limit of 40g per person; and in blue are those below 40g
per persorn.

Finland

Georgia

Western Asia

Og 20g 40 g 60 g 80 g 100 g 120 g 140 g 160 g

Source: UM Food and Agricultural Organization (FAQ)

To find the sum of average daily meat consumption for Georgia and Western Asia,
we will follow these steps:

1. Identify the average daily meat consumption for Georgia.
2. Identify the average daily meat consumption for Western Asia.
3. Add the values from steps 1 and 2.

Step 1: From the provided chart, we see that the average daily meat con-
sumption for Georgia is 79.84 grams per person per day.

Step 2: From the chart, we see that the average daily meat consumption for
Western Asia 1s 69.62 grams per person per day.

Step 3: Add the values from steps 1 and 2.

79.84 g (Georgia) + 69.62 g (Western Asia) = 149.46 g

So, the sum of average daily meat consumption for Georgia and Western
Asia 1s 149.46 grams per person per day.



https://cdn.openai.com/papers/gpt-4.pdf

100 million jets for training

ot H — bb

41 t — bqq’

oot H — lvqq’

Accuracy params
PEN 0.772 86.1k
P-CNN 0.809 354k
ParticleNet 0.844 370k
ParT 0.861 2.14M
ParT (plain) 0.849 2.13M
o« H — cc «1 H — gg o1 H — 4q
1 t — blv 1T W — qqA: “1 4 — qq

0.4 q/g

"Particle Transformer For Jet Tagging” H. Qu, C. Li, S. Qian



https://arxiv.org/abs/2202.03772

GPT-4

GPT-3

175,000,000,000 100,000,000,000,000

(0.16% of neurons in your brain)  (All the neurons in your brain?)




NVIDIA Press Release 2020

Train (GPT-3):

« 285,000 CPU cores

* 10,000 GPUs

* 400 Gb/s network

» Several weeks

* Trained on ~25 km high book of text


https://developer.nvidia.com/blog/openai-presents-gpt-3-a-175-billion-parameters-language-model/

NVIDIA Press Release 2020
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Train (GPT-3):

« 285,000 CPU cores

* 10,000 GPUs

* 400 Gb/s network

» Several weeks

* Trained on ~25 km high book of text

What should | include in my talk on fast inference at LHCP?

When preparing a talk on fast inference at the LHCP (Large Hadron Collider Physics)
conference, it's essential to focus on key aspects related to efficient and rapid processing of
data in high-energy physics experiments. Here are some suggested topics and points to

include in your talk:

1. Introduction:
* Briefly explain the significance of fast inference in high-energy physics experiments.
* Discuss the challenges posed by the large volume of data generated by particle
detectors and the need for real-time or near-real-time analysis.
2. Data Reduction and Selection:
* Highlight the importance of efficient data reduction techniques to handle the vast
amounts of raw data.
Discuss the strategies employed to select and prioritize interesting physics events for

further analysis.

Emphasize the role of fast inference algorithms in data selection, such as triggering

systems.
3. Machine Learning for Fast Inference:
* Introduce machine learning methods and their applications in fast inference.
* Discuss the use of deep learning techniques for real-time analysis, including neural
network architectures suitable for rapid decision-making.

* Highlight specific machine learning algorithms or frameworks that have been

Inference (GPT-3):
¢ ?



https://developer.nvidia.com/blog/openai-presents-gpt-3-a-175-billion-parameters-language-model/

Al and Memory Wall
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https://medium.com/riselab/ai-and-memory-wall-2cb4265cb0b8

Resources: 11 interconnected GPUs
Latency: 107 seconds

A What should | include in my talk on fast inference at LHCP?




Resources: 11 interconnected GPUs Resources: One single chip
Latency: 107 seconds Latency: 10-° seconds
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A3D3 Institute https://a3d3.ai/
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but also:
- must get all data out from detector
- must supply detector with much power
- resolution degradation due to amount of material in detector
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- huge computer farms (and big money!)



https://indico.cern.ch/event/1198609/timetable/?view=standard#266-online-reconstruction-and
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High Luminosity LHC

LHC

200 vertices
(average 140)

78 vertices
(average 60)

QIR

HL-LHC tf event in ATLAS ITK
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HL-LHC: CMS L1

Tracker

Electromagnetic™

Calorimeter
H

i)
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Calorimeter Supe!

returp yoke interspersed ) |

with Muon chambers

CALORIMETRY:
370 FPGAs

*54 for HGCAL only!

TRACKING
174 FPGAs

CALORIMETRY

PARTICLE

FLOW: |

MUONS:
96 FPGAS 5 ;s

66 FPGAs

MUONS

Trigger
dccept/reject

To cope with increased
data complexity, new at L1:
e Tracking
e Particle Flow
e O(1)M channel HGCal

Input data
e 2 Th/s > 63 Tb/s

Latency
e Lus > 12 us
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Programming an FPGA
C/C++ Constraints/
algorithm Directives

Xilinx Intel Mentor

( N [ N\ [ ) 4 N )
Vitis Vivado Vivado Intel Catapult

HLS HLS Accelerator HLS HLS
_ J J Y,

- VHDL/Verilo \ ” N
(CMS, ATLAS) - (LHCD, ASICs])

ATLAS?)

Firmware block



Programming an FPGA

C/C++ Constraints/
algorithm Directives

Xilinx Intel Mentor
( N [ N\ [ ) 4 N )
Vitis Vivado Vivado Intel Catapult
HLS HLS Accelerator HLS HLS
\_ J J Y, \_ J U J

VHDL/Verilog

Firmware block



TensorFlow / TF Keras / PyTorch / ONNX
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K & ONNX
PYTHRCH

Model
(quantized/pruned)

Quantized:

& QONNX
QEERAS




K & ONNX
PYTHRCH

Model

(quantized/pruned)

Quantized:

& QONNX
QEERAS

Convert model to internal
representation

Write HLS project targeting
specified backend
(configurable parallelization/
quantization)

Run emulation

Run synthesis

COMPILER
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+Ter;tf | £ ONNX Convert model to internal (Xilinx accelerators/SoCs)

PYTHRCH representation

Write HLS project targeting FPGA custom designs
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hls4éml:

Very broad frontend (ML library) and
backend (HLS compiler]) to cover
most use cases

Should be a library all LHC
experiments can use!

l (Q)Keras

Backend

IR

Vivado

HLS

Frontend
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VW'YV /7 /2 /720 01N/
L2AXIF 22222022222
3333335333833 33
FLYAY Y S Fydd 4Ny
SIS SSFESsSTsS5855 459
bbeobbbgcesébteolb .
773771072012 %777 frOm hlS4ml lmpOrt
AR EE SRS RENE import tensorflow as tf
99499%94%9493499 9
# train or load a model
model = .. # e.g. tf.keras.models.load model(..)
Conv2D # make a config template
cfg = config from keras model (model,
RelLU granularity=‘name’)

MaxPool2D # tune the config

cfg[ ‘LayerName’ ] [ ‘layer2’] [ ‘ReuseFactor’] = 4

Conv2D

# do the conversion
RelLU hmodel = convert from keras model (model, cfq)

# write and compile the HLS
hmodel .compile ()

# run bit accurate emulation

m y_tf = model.predict(x) Hit, “
y _hls = hmodel.predict (x) . u

# do some validation

np.testing.assert allclose(y tf, y hls)

* # run HLS synthesis | i j L 1 ’
hmodel .build() pyng-z2 floorplan

Prediction (from Sioni S Summers)


https://arxiv.org/abs/1804.06913
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Edge inference

Before deploying any DNN on the edge, must make it efficient!

During training
e Quantization: do you really need 32-bit FP precision?
e Pruning: removal insignificant synapses
e (Knowledge distillation: train large network, deploy small)

Post-training
e Parallelise:
all computation that can be done In parallel, do In parallel!
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Quantization
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Quantization
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Nature Machine Intelligence 3 (2021)



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

DOI 10.1088/2632-2153/ac0Oea1l

As optimization progresses,

AUtomatiC quantizati()n best model accuracy/size

trade-off is found!

O
AutoQ Bayesian optimization
e Simultaneously scan quantizers his 4 ml
and architecture
loften less/more filters/neurons . O
needed when quantizing] o
=
o
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g o 6 filters
= o  9filters
g ternary o 12 filters
0.800 - O 2 O 15 filters
4 O 18 filters
0.775 A 6 () 21 filters
o BN 8 O 24 filters
0.750 1

| T 1 T T T
40000 60000 80000 100000 120000 140000
total bits


https://iopscience.iop.org/article/10.1088/2632-2153/ac0ea1

Nature Machine Intelligence 3 (2021)

FPGA performance
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Why do tree-based models still
outperform deep learning on
typical tabular data? (=

Leo Grinsztajn, Edouard Oyallon, Gael

Varoguaux
06 Jun 2022 (modified: 16 Jan 2023)  NeurIPS 2022 Datasets and

Benchmarks Readers: @@ Everyone  Show Bibtex  Show
Revisions

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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Computer Science > Machine Learning
[Submitted on 11 Oct 2022 (v1), last revised 25 Oct 2022 (this version, v3)]

Neural Networks are Decision Trees
Caglar Aytekin

In this manuscript, we show that any neural network with any activation function can be
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.

Subjects: Machine Learning (cs.LG)

Cite as: arXiv:2210.05189 [cs.LG]
(or arXiv:2210.05189v3 [cs.LG] for this version)

https://doi.org/10.48550/arXiv.2210.05189 €

Submission history
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[vl] Tue, 11 Oct 2022 06:49:51 UTC (216 KB)

[vZ] Mon, 17 Oct 2022 15:18:14 UTC (224 KB)
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https://arxiv.org/abs/1804.06913

Google Al

TensorFlow
Declsion Forests

1

%VU9P Accuracy Latency DSP  LUT N h > N P>

\ / \

75.6% 40ns 22 (~0%) 1% \ ’/A/
a,

74.9% S ns - 0.5%



https://arxiv.org/abs/1804.06913

Making the most out of Run 3

Deep Learning at L-1, S. Jindariani and N. Tran

Al circuit for ultrafast inference on FPGA

Run 3: Explore ML-based triggering algorithms
to improve physics quality of our last LHC data

e First hl4ml models running in CMS for Run 3!

e Better reconstruction of displaced muons:
DNN for displaced muon pr assignment and PU discriminant

Also a chance to do something new....

nii:i ’

Inference time: 280 ns
Throughput: 104 Gb/s

Dense Network
23230 25- 20
-> & classifier



https://indico.fnal.gov/event/24333/contributions/76216/attachments/128045/154774/SJNT_Snomass_PreMeeting.pdf
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Limitations of current trigger

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

Level-1 rejects >98% of events!
|s there a smarter way to select?

S
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~
~
ay

Trigger threshold Energy (GeV)



Look at data rather than defining signal hypothesis a priori
- - LOST DATA e Can we “classify” objects/events?

B SELECTED DATA
- - POSSIBLE NP SIGNAL
AN clusters

normal data

»
® noise
anomalous data

S
oy
~
ay
ay

Trigger threshold Energy (GeV)



ML for anomaly detection

VAE: Learn from data

Real data X | | . _Reconstructed data X




ML for anomaly detection

Real data X | | . Reconstructed data X

e Difference X-X defines "degree of abnormality”



ML for anomaly detection

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

NP?
thing here
al

Reconstruction error

AD threshold

See also Wednesday talk on offline AD in ATLAS by Rui

aPaxoLiTL NN
' redlts Chang Sun (ETH)

Nature Machine Intelligence 4, 154 (2022)



https://indico.cern.ch/event/1198609/timetable/?view=standard#232-search-for-new-physics-usi
https://www.nature.com/articles/s42256-022-00441-3

HL-LHC: CMS L1
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DOI:10.3389/fdata.2022.828666

ML for tracking

In HL-LHC, will need to do track finding at L1
e 0(1000] hits, 0(100) tracks, 40 MHz rate, ~5 us latency

Graph Neural Networks for fast charged particle tracking
e Custom converter for PyTorch Geometric integrated in hls4ml

Throughput-optimized for L1 applications,
resource-optimised for co-processing

!
Design (Pnodess Nedges) RF Precision DSP [%] LUT [%] FF [%] BRAM [%]
[cycles]
Throughput-opt. (28, 56) 1 ap_fixed<14,7> 1 90.9 66.0 11.7 0.7
Resource-opt. (28, 56) 1 ap fixed<14,7> 28 56.6 17.6 3.9 13.1



https://www.frontiersin.org/articles/10.3389/fdata.2022.828666/full
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https://cds.cern.ch/record/2814728/files/DP2022_021.pdf

Al engines

More and more dedicated Al processors on the market
e Can we utilise highly specialised ML hardware at CERN?
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Al en g lnes GNNs with Versal Al, P. Schwaebig
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More and more dedicated Al processors on the market
e Can we utilise highly specialised ML hardware at CERN?

A
'G:i:-ct o el
e

Xilinx Versal Al processors

e 400 Al processors, ~2M logic cells (FPGA],

2k DSPs, Arm CPU, Arm RPU R”
e Data can move back and forth between Al Engines and FPGA ;ﬁi&re —

Cortex-A72

KHE

-
DSP Engines

Explored for real-time tracking in trigger application
e GNN for pattern recognition

.

\

- Network-on-Chip L
MIPI 112Gb/s
PCle DDR Nx 100G 600G Direct
CCIX rio LPDDR LVDS 58Gb/s Ethernet Cores RF
3.3V GPIO 32Gb/s

P .

Source: Xilinx, WP505,


https://indico.cern.ch/event/1156222/contributions/5062808/attachments/2521174/4335154/slides_fastml_workshop_2022_.pdf

CMS Offline Computing Results

CMS Public

Total CPU HL-LHC (2031/No R&D Improvements) fractions
2022 Estimates

Other: 2%
GEN: 9%

RECO: 35% DIGI: 9%

SIM: 15%

RECOSIim: 26%

See Vangelis Kourlitis' talk


https://twiki.cern.ch/twiki/bin/view/CMSPublic/CMSOfflineComputingResults
https://indico.cern.ch/event/1198609/contributions/5370078/attachments/2651396/4590742/Kourlitis%20-%20HL-LHC%20and%20Beyond%20Computing%20Challenges.pdf

FPGAs as accelerators
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FPGAs as accelerators GPU
-

COPROCESSOR [E
(GPU/FPGA/ASICS) [

Alternative: FPGA-as-a-Service toolkit for Cloud inference
e Use hlséml to deploy large models on FPGA
—run Iinference in the cloud

COPROCESSOR
(GPU/FPGA/ASICS)

Number of Batch Inf./s Bandwidth

Algorithm  Platform Devices Size [Hz] [Gbps]

FACILE AWS EC2 Fl 1 16,000 m 23 FaaST, D. Rankin et. al
FACILE Alveo U250 1 16,000 [86M |
FA( _J4GPU .1 | 16000 § 8M 1!


https://inspirehep.net/files/8036b4272f91a91bb357472313ce5933

hls4ml in other CERN experiments

/

NA62: Measuring BRIK' — z7vp) = 0(10-11) ATLAS small wheel muon segment finding

e FPGA trigger 800 MHz—>1 MHz — _ and reconstruction (R&D]
ATLAS Liquid Argon Calorimeter (R&D) e Regression of muon position and angle

e RNN for real-time energy reconstruction e 400 ns budget
e ~7200 ns on Intel Stratix-10 FPGA

Tile barrel Tile extended barrel

[ I T

s |

. — e = (/] TGC (E) —
@) Oring \ Wy Ry o

o 2 rings — sy, - o Tile calorimeter

. . -
@) >2rings = T S W : — TGC (EM)
LAr electromagnetic 7 S i | (& = Endcap magnet

end-cap (EMEC) = ' s~ ‘«- LN G

T NSW

CHEP 2019, P. Vicini i siecromagnete G - \ R. Teixeira de Lima, R Rojas Caballero et al.

DOI:10.1007/s41781-021-00066-y



https://indico.cern.ch/event/773049/contributions/3474328/attachments/1939688/3216506/L0TP_CHEP2019.pdf
https://link.springer.com/article/10.1007/s41781-021-00066-y

...and outside of HEP

Seizure Predicting Brain Implant

Semantic segmentation for autonomous vehicles 4 distributed NN accelerator for quantum control
TR | recording ASICs

Conventlf)nal Our ML model
quantum control algorithm
|0) |0}

&8 £

Ii) Ii)
Wireless
communication

hub

\ \

N. Ghielmetti et al. . _ ' >

W. Lemaire et al. \ Vi \ \ *

y

Other examples
* For fusion science phase/mode monitoring
 Crystal structure detection

|1)

.

Lhad UNLIMITED ENE
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» Magnet Quench Detection

* MLPerf tinyML benchmarking
» Food contamination detection
* etc....
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https://iopscience.iop.org/article/10.1088/2632-2153/ac9cb5
https://arxiv.org/abs/2208.02645
https://indico.cern.ch/event/1156222/contributions/5058420/attachments/2535257/4363120/CJH_FML4Science-10_4_22.pdf
https://docs.google.com/presentation/d/1gnAqn4gpZvx4JVVD8dqbXKMsZ_vpguO9hxC7zH0jv6w/edit#slide=id.g13512715b6e_0_5
https://indico.cern.ch/event/1156222/contributions/5062816/attachments/2522993/4338612/fast_ml_2022_gk.pdf
https://journals.aps.org/prab/abstract/10.1103/PhysRevAccelBeams.24.104601
https://ieeexplore.ieee.org/document/9354037
https://arxiv.org/abs/2206.11791
https://ieeexplore.ieee.org/document/9181293
https://indico.cern.ch/event/1156222/contributions/5062818/attachments/2521234/4335217/FastML2022.pdf

his{@)jmr

Join the community:

fastmachinelearning.or
Sign up to the hls-fml group



https://fastmachinelearning.org
https://e-groups.cern.ch/e-groups/Egroup.do?egroupId=10279178

BACKUP



What are FPGAs?

Field Programmable Gate Arrays
e Different resources with programmable interconnects (reprogrammable]
e Originally ASIC prototyping, now also for high performance computing
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What are FPGAs?

Field Programmable Gate Arrays

e Different resources with programmable interconnects (reprogrammable]
e Originally ASIC prototyping, now also for high performance computing

Digital signal processors (DSPs):
specialised for multiplication

Programmable Interconnect

L

i

Programmable Interconnect

RAM

Memory (BRAM]

Logic cells/lookup tables (LUTSs):
perform arbitrary functions

flip-flops (FF):
registers data in time with clock pulse



Why FPGAs at LHC?

intel,

Xeon® 7500
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Why FPGAs at LHC?

Xeon® 7500
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High parallelism = Low latency
e Can work on different data simultaneously (pipelining)! High bandwidth
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High parallelism = Low latency
e Can work on different data simultaneously (pipelining)! High bandwidth

Power efficient
e FPGAS ~x10 more power efficient than GPUs
[for Phase-2, FPGAs dissipate heat of ~7W/cm2 while processing 5% of total internet traffic!)



Why FPGAs at LHC?

Xeon® 7500

|
g
:
4

High parallelism = Low latency
e Can work on different data simultaneously (pipelining)! High bandwidth

Power efficient
e FPGAS ~x10 more power efficient than GPUs
[for Phase-2, FPGAs dissipate heat of ~7W/cm2 while processing 5% of total internet traffic!)

Latency deterministic
e CPU/GPU has processing randomness, FPGAs repeatable and predictable latency



QPYTH

RCH ?

Brevitas like QKeras, but for PyTorch

e QAT library

e Support most common layers and activation functions

Other quantization techniques:
 HAWQ: Hessian AWare Quantization

* Quantization Aware Pruning (B. Hawks et al.)

~.0.800— |
> _
©
S QAP (B. Hawks et al.)
Q 0.775} ; ’ ]
< e T — =
0.750f | -
0.725} .
0'700;_ Pruning Style |
i — 32-bit FT -
0.675F || | T 32-bit LT
o T 12-bit FT -
0.650F i | <] 12-bit LT ]
i — 6-bit FT
- [+ 6-bit LT
06251 4-bit FT ]
! 4-bit LT
0.600" |
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https://github.com/Xilinx/brevitas
https://arxiv.org/abs/2011.10680
https://www.frontiersin.org/articles/10.3389/frai.2021.676564/full
https://www.frontiersin.org/articles/10.3389/frai.2021.676564/full
https://arxiv.org/abs/1905.03696

Q PYT b RCH ? Quantized ONNX (QONNX), J. Mitrevski et. al

Brevitas

Brevitas like QKeras, but for PyTorch
e QAT library
e Support most common layers and activation functions

Other quantization techniques:
« HAWQ: Hessian AWare Quantization
* Quantization Aware Pruning (B. Hawks et al.)

hls4ml collaborate with Xilinx Research Labs to develop QOONX
e Introducing ‘Quant’ node to ONNX graph

e Brevitas (PyTorch) and QKeras (Keras) can export QONNX (HAWQ g
export in progress): then hlséml and FINN can import QONNX his4ml FINN
- Y - Y,
- Done
-» [n progress
- » Planned

61


https://indico.cern.ch/event/1156222/contributions/5062813/attachments/2521120/4335054/QONNX%20FastML.pdf
https://github.com/Xilinx/brevitas
https://arxiv.org/abs/2011.10680
https://www.frontiersin.org/articles/10.3389/frai.2021.676564/full

Compression

16 inputs

Xn = gn(wn,n—lxn—l + bn)
/ 1 N\

activation function multiplication addition

precomputed and
stored in BRAMs

64 nodes
activation: ReLLU

3R nodes

activation: ReLU DSPs logic cells

3 nodes
activation: ReLU

S5 outputs
activation: SoftMax

\\\\\\\\\\nuu///////////// = 4,256
S Network size limited by N multiplications!
| e E.g, simple DNN, 4256 multiplications!
----- e Typical FPGA at LHC usually has 4-6000 DSPs



Benchmarking

Datasets: Common FastML Science Benchmarking datasets
e guide design of edge ML hardware and software for sub-microsecond

Inference!

Algorithms: hls4ml-FINN benchmarked in MLPerf™

e how fast systems can process inputs and produce results
e demonstrate efficient and low-latency solutions on FPGAs with hls4ml

and FINN

Consistently competitive (QKeras+hls4ml, semantic segmentation, MLPerf)

https./milcommons.org/en/inference-tiny-07/

Streaming data rate [B/s]

1010_

FastML Science

105}

Jet Classification

Beam Control

MLPerf Tiny (IC) B

— |
104 | ’i[{ _
MLPerf Mobile (NLP)
arxiv:2207.07958
102 | | | 1 | |
1079 1077 107° 1073 1071 10! 10° 10°

Model LUT LUTRAM FF BRAM [36 kb] DSP Latency [ms] | Energy/inf. [uJ]
Pynq-Z2
Available 53200 17400 106400 140 220 — —
IC (hls4ml) | 28544 53.7% | 3756 21.6% | 49215 46.3% 42  30.0% 4 1.8% 27.3 44 330
IC (FINN) | 24502 46.1% | 2086 12.0% | 34354 32.3% 100 71.4% 0 0.0% 1.5 2535
AD 40658 76.4% | 3659 21.0% | 51879 48.8% 145 104% | 205 93.2% 0.019 30.1
KWS 33732 63.4% | 1033 59% | 34405 32.3% 37  26.4% 1 0.5% 0.017 30.9
63

Reference latency [s]

arxiv:2103.05579



https://arxiv.org/abs/2207.07958v1
https://mlcommons.org/en/inference-tiny-07/
https://arxiv.org/pdf/2103.05579.pdf

Bl tirt ectp Melssion

CMS High Granularity calorimeter w o,
e 6.5 million readout channels, 50 layers
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Ahfdetxorgprddsion

To L1

8” prototype module

3 " P ..K . : - '
.+ HGCRQC &

B
Bl o R

® j .- -

Must compress ON DETECTOR
e High radiation
e Cooled to -30 - low power
e 1.5 ys latency



ECON-T, D. Noonan
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https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf
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https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf
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https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf
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https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf
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On FPGA: 3.5 ys to cluster energy deposits

e Graph Neural Networks (GarNet/GravNet) for fast clustering of irregular geometry detectors

e his4ml support for specific graph networks/layers (GarNet/JEDInet), but is moving to lower-level blocks for more generic
support (PyTorch Geometric?)
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https://link.springer.com/article/10.1140/epjc/s10052-019-7113-9
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On FPGA: 3.5 ys to cluster energy deposits

e Graph Neural Networks (GarNet/GravNet) for fast clustering of irregular geometry detectors

e his4ml support for specific graph networks/layers (GarNet/JEDInet), but is moving to lower-level blocks for more generic
support (PyTorch Geometric?)
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