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Introduction

e Fast Machine Learning is becoming prevalent at the level of hardware triggering in FPGAs and even at the detector frontend
e Data deluge from increasingly granular detectors, and searches for rare phenomena require precise and fast selections
e |n this presentation I'll present:

¢ [0ols: hlsdml and conifer

¢ [echniques for high performance

- Quantization aware training, pruning, hardware-aware training
e Applications

- Developments using hls4ml and conifer

- Many from CMS, plus some others

- Some non-HEP use cases

Roughly in direction of furthest — closest to detector
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About me

e PhD High Energy Physics Imperial College London

e Thesis: “Applications of FPGAs to triggering in particle physics”
® Designing physics algorithms with high level languages for FPGAs

e Applied Physicist Staff at CERN (previously Senior Fellow) working on Level 1
Trigger Upgrade for CMS experiment, EP-CMG-0OS group

e Mostly designing and implementing detector reconstruction algorithms for
Level 1 Trigger

] sioni@cern.ch

® [rack reconstruction, vertexing, particle flow, jets

@ sioni.web.cern.ch

e Also deploying Machine Learning into FPGASs for low latency 8 gzzsr:;ers

¢ hisdml coordinator 2020-2022, creator and maintainer of conifer

¢ Developing and deploying ML algorithms to the trigger
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The challenge: triggering at LHC

At LHC protons collide at 40 MHz — extreme data rates O(100 Tb/s)
Most collisions don’t produce exciting new particles
“Triggering” = filtering events to reduce data rates to manageable levels
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Trigger at LHC

1ps 100 ms 1s

1 ns

custom hardware 1 kHZz

1 MB/evt

Offline

A A X
40 MHz gge /7 <Q

99@,. l’@ Y computing farm

Triggering performed in multiple stages @ ATLAS and CMS

Reduce data rate in stages
Process 100s Tb/s Computing farm for detailed

Trigger decision to be made Iin latency O(us) analysis of the full event

rontends in rad. hard ASICs, processing in Latency O(100 ms)
PGAS
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CMS,
>
= CMS Detector Upgrade 1: Tracker
e At CMS the Phase 2 Upgrade brings data from new detectors strip sensor

to the trigger for the first time

Kapton

HV isolator Spacer Spacer

e New Quter Tracker implements on-detector pr cut

Strip sensor -
e [WoO silicon strip sensors separated by few mm N
Pass = Stub Fail

- Far enough to measure bending of charged particle in B field / /

- Close enough to be read out on one device

outer

- “Stubs” passing 2 GeV prcut — Level 1 Trigger ?

sensor

e | evel 1 Track Finder system reconstructs tracks from stubs Rl

- Around 200 FPGAs, with “classical” tracking algorithms: data 0 a
organisation, seed building, road following, track fitting

e [racks in the Level 1 Trigger essential for 200 PU conditions

- Reconstruct primary vertex for suppression of 200 PU
background

- Better measurements of properties of electrons, muons, jets

- 0.4 Tb/s of reconstructed tracks sent downstream
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= CMS Detector Upgrade 2: HGCal

e High granularity calorimeter: silicon sampling calorimeter for the endcaps

¢ 5.5 million channels in 50 layers

- Very fine transverse and longitudinal segmentation

e Dedicated ASIC to prepare data for trigger reconstruction - more later

e Trigger backend comprises around 200 FPGAS

- Reconstructing 3D clusters: 4 Tb/s clusters sent downstream

HGCal Geometry

Generated Particles
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https://arxiv.org/abs/1708.08234
https://cds.cern.ch/record/2293646/files/CMS-TDR-019.pdf

=

e Phase 2 Upgrade of CMS L1T will have hundreds of boards with FPGASs like
those shown below - AMD/Xilinx Ultrascale+ FPGAS

e Data rate of multiple terabits per second into / out of each board on optical
filores

e System organised in layers with normally ~ 1-2 us per step

- Reducing raw detector data into physics objects (e.g. track finding: hits to
tracks)

= CMS Level 1 Trigger

CALORIMETRY

TRACKING

MUONS

- New event every 25 ns, latency for trigger decision for one event 12.5 us

e Final output is one bit: keep or discard event
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Machine Learning

¢ Build models that learn from data in order to make
predictions on new, unseen data

* “Nodels” can be Neural Networks, Decision
Forests, or anything else “trainable”

® “Jraining” Is the process of fitting the model
parameters that best describe the data

® “Inference” is the process of using a fitted model to
make new predictions

- For Fast ML at experiments we are mostly
concerned with making fast inference

e ML used in HEP since the first ML wave in the 80s,
and nowadays extremely prevalent

¢ Different model types for different data
representations
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"“*™ high level synthesis for machine learning

fastmachinelearning.org/hls4dml/

Keras plp 1nstall hls4dml
TensorFlow
PyTorch |
v. Co-processing kernel
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http://fastmachinelearning.org/hls4ml/

hils 4 ml

his4ml - Dataflow Architecture

e Dataflow architecture: each layer is an independent compute unit
- With tunable parallelism and quantization

e Fully on-chip: NN must fit within available FPGA resources (pyng-z2 floorplan shown)

- Example: small CNN trained on MNIST
0000006 0QopOO0OCY 0 OO
/A U D N R A V2 B U Y B TV A
Ad LA I 2282122 A%A2AK
3333333353333 333
o t94a4949¢54dq 4444
cieililiibececirit * Conv2D
T77777707%20702%F777
¥3 %8 8P 3RPTT ST &L D
4999993%94949499 9 RelLU

MaxPool2D

Conv2D
RelLU

Dense
= Prediction
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A Conifer

8 March 2024

e Neural Networks like Transformers for Large Language Models
dominate the ML discourse

e But the old ways are still relevant: Decision Forests (“MVAS”)

- Fast, lightweight, robust (arXiv:2207.08815, IML keynote)

e conifer is to DFs as his4ml is to NNs
e A Decision Tree splits on data variables until reaching a leaf
- Leaves associate a score corresponding to prediction probability
e A Decision Forest is an ensemble of Decision Trees
- Randomisation of each DT as a form of regularisation
- Ensemble score is an aggregation over trees e.g. sum
e conifer maps DFs onto FPGA logic

- Implemented with high parallelism for low latency and high
throughput

conifer for Decision Forests

Fast ML at the Edge - Sioni Summers

Left child

Right child

Oe
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https://arxiv.org/abs/2207.08815
https://indico.cern.ch/event/1297159/contributions/5766806/

A Conifer . . :
conifer implementations

¢ \/ery much like hls4ml, conifer has frontends, an Internal

Representation, and backends Yandex . -
CatBoost ~ nghtGBM

e Frontend support for popular BDT training libraries — =———-

e Backends: HLS, (hand-written) VHDL, Forest Processing

Unit (FPU)
amic ‘ Cearn %%
e HLS and VHDL backends map one DF to one hardware TMVA
implementation XGBoost

- Capable of inference at O(10) ns latency, O(100) MHz
throughput

Internal

e FPU is a reconfigurable module that new models can be Representation

loaded onto

- Binaries for some AMD devices for download
VHDL
- Implemented with HLS

e GitHub, website, paper, pip install conifer

Vivado ™ HLS-I
HLS

8 March 2024 Fast ML at the Edge - Sioni Summers


https://ssummers.web.cern.ch/conifer/downloads/
https://github.com/thesps/conifer
https://ssummers.web.cern.ch/conifer/
https://iopscience.iop.org/article/10.1088/1748-0221/15/05/P05026

hisdml and conifer key features

e Fasy to use
- Reduce the barrier to entry for non hardware experts

- Python packages with nice interfaces to EDA tools

- plip install hlsdml conifer
- Configuration interface for fine-grained control

- Tutorial and documentation for getting started

e High Level Synthesis implementations (C++)
- More accessible, and powerful Design Space Exploration
e Open source software, open communities

- fastmachinelearning.org

¢ Massively parallel for low latency and high throughput
- ‘Unrolled’ implementations
e Common interfaces

- Make It easier to integrate generated IPs into designs
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e

le3 hisdml

3-layer pruned, Kintex Ultrascale

reuse = 4
use 1 multiplier 4 times

Longer latency

reuse = 2
use 2 multipliers 2 times each

reuse = 1
use 4 multipliers 1 time each

More resources

—a— Reuse Factor =1
6 Reuse Factor = 2 Max DSP
. —— REUSE FACIOr = 3 m o o o o o o o o o o i o o o o e e o e e

—#— Reuse Factor =4
| —=— Reuse Factor = 5
—#— Reuse Factor = 6

<24,6> <32,6> <40,6>

Fixed-point precision

<16,6>
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his4ml 3-layer pruned, Kintex Ultrascale
50 4 —#— Reuse Factor =1
Reuse Factor = 2
—#— Reuse Factor = 3
—=— Reuse Factor = 4 ~ 1 75 nS
40 1 —=— Reuse Factor = 5
—#— Reuse Factor = 6
0 I I I I I
<8,6> <16,6> <24,6> <32,6> <40,6>

Fixed-point precision
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https://github.com/fastmachinelearning/hls4ml-tutorial
http://fastmachinelearning.org

Efficient training: pruning

e A Neural Network or Decision Forest may contain
many redundant connections

e Pruning methods generally remove some
connections from the final model

- Gan improve generalisability also

¢ hilsdml and conifer’s fully unrolled
implementations can avoid unnecessary logic for

pruned connections and save resources (lower Before pruning After pruning
left image)
1e4 his4ml Reuse factor = 1, Kintex Ultrascale
1.0

Pruned model 8x

e Different methods: 3.0 =~ Fullmodel 10x

2.5 A

- Regularisation (penalise low value weights, then
make them O) 2.0-

\

DSP

1.5

Sparsity

- Target sparsity, e.qg. sparsity ramp up with TFMOT
(lower right image)

1.0

- Structured pruning - remove continuous blocks of  os.
weights; Filter pruning - entire filters of CNN

0.0

<8,6> <16,6> <24,6> <32,6> <40,6> ' 0 2'0 4'0 6I0 810 100
Fixed-point precision Pruning step

Images from Tensorflow blog
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https://blog.tensorflow.org/2019/05/tf-model-optimization-toolkit-pruning-API.html

Efficient Training: Quantization

e Possibly the main technique for making NNs cheaper in FPGAS!

e Using regular TensorFlow Keras or PyTorch, you typically train
with floating point

- We like to avoid floating point in FPGASs - much more costly in
resources & latency than fixed point

- You can do Post-Training Quantisation (PTQ): represent the float
values with some fixed point

o \With Quantization Aware Training (QAT), you constrain weights/
biases/activations to fewer values during training

- Superior to PTQ for lower bitwidths - can go all the way down to
1 bit (representing +1)

- Use quantizations with efficient hardware operators: integet, fixed
point, power of 2

- Use ‘Straight Through Estimator’ for back propagation step

8 March 2024

2.0 -
1.5
1.0 |
0.5 -

Z 0.0

_05 -
~10-
_15-

_20 -

Weigh r
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11 | 2.2

-1.7 | 3.6

T

0.1 | -0.1
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Gradient dL/dr
(FP)
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— RelU

quantized bits(bits=4,integer=0)
—— quantized relu(bits=4,integer=0)
—— quantized_po2(4)

—2.0 -1.5

Quantizer

[: 1 2
-2 2

0.1 | -0.1
-0.2 | 0.2

0.0 0.5
X

Quantized Weight Q
(INT)

Gradient dL/dQ
(FP)

arXiv:2103.13630

1.5 2.0

Ifl> { Forward Pass J

NS

<] { Backward Pass J



https://arxiv.org/pdf/2103.13630.pdf

Q Ke rass doi: 10.1038/s42256-021-00356-5

——  (QKeras CPU

- (QKeras FPGA |

- ==  Post-train quant. |
I
I

e QKeras is the Quantization Aware Training extension of Keras

¢ \We trained ‘normal’ floating point NNs with Keras and low-precision NNs
with QKeras on a benchmark jet tagging problem

o ) (S (S (S
© © ) ) (@)
(@) Co (@) (NS =~
I I I I I
s\\
\
I
0o
o
8

e (Top plot) accuracy with QKeras training down to 6-bits is lossless wrt

Ratio Model Accuracy / Baseline Accuracy

I
I
I
I
0.94 - |
I
I
I
I

floating-point Keras
- Big improvement over ‘post-training quantization’ 0.92 1
- Dashed line = solid lines T o 15 b oeomoo
Bitwidth
e As we reduce bitwidth, resource usage goes down S
I
el ) &
- At small bitwidths LUTs are preferred over DSPs — DSP :
40 - '
I
—_ I
- The ‘critical resource’ usage decreases from 56% (DSPs) for the Baseline (B) % | :
to 3.4% (LUTs) for the 6-bit QKeras model (no performance loss) g 307 : s
. . |
- QO model is tiny (1% DSPs/critical), 2% lost accuracy 2 20 - | |
o |
& |
e Right panel ‘Q0O’ shows some automatic optimisation of the bitwidth trading . 0 - : :
accuracy Vs resource cost (AutoQ) %\ HR o
0= | (*O%®
AIE 6 ;3 1IO 1I2 1I4 1I6 1I3 BIP BIH QIO
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https://www.nature.com/articles/s42256-021-00356-5

Example of QAT & Pruning

e From the hls4ml tutorial

- Tagging jets (5 classes g/g/t/W/Z, 16 input variables)
¢ 3 hidden layer MLP (Dense layers):
- 1) Keras floating point training, 16b inference

- 2) QKeras with 6 bits for weights, biases, activations &
/5% sparsity target with TFMOT

- Minimal code changes required to go from 1) to 2)

%VU9IP

Latency

Keras 16b 50 ns 1890 (15%) 5%

QKeras 6b

40 ns 22 (~0%) 1%
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16 inputs

8

64 nodes
activation: ReLLU

8

32 nodes
activation: ReLLU

8

32 nodes
activation: ReLLU

8

5 outputs
activation: SoftMax
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Background Efficiency

100

10—1 .
| REEEEE q tagger, AUC = 89.7%

A REEEEEE t tagger, AUC = 96.0%
| REEEEEE w tagger, AUC = 95.0%
------ z tagger, AUC = 94.3%

102 ]

103

his4dml

| —— gtagger, AUC = 94.0%
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https://github.com/fastmachinelearning/hls4ml-tutorial

Optimised training for hardware

¢ \\Vith some heuristic for runtime cost, models can be optimised at training time to tradeoff accuracy and cost

o | eft example: total bits of model parameters as proxy for hardware cost vs model accuracy

e Right example: finding Pareto optimal Decision Forests for accuracy and resources using fast estimation

Conv 2
0.950 - ® @
Ye® o ©
0.925 - O ® his 4 ml
20, @0
0.900 -
> O
O
©
3 0.875 ~
O
©
5 0.850 -
rg o b filters
< 0.825 - B binary o 9 filters
> ternary O 12 filters
0.800 - @ 2 O 15 filters
4 O 18 filters
0.775 - 5 O 21 filters
0 B 8 (O 24 filters
0750 ! 1 T T T 1 T
40000 60000 80000 100000 120000 140000
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total bits

doi: 10.1088/2632-2153/ac0eat

accuracy

0.93 - Q0% 0% x xO®x 0O
) X X X
X
Lo G
0.92 - S )?( X XXX %
» fz( X ’
0.91- Mx w¥x X
>?‘ ,g(”‘
0.90 -
0.89 -
0.88 - X
X Real
087‘ x
Resources
0.86 - X random
§ ® pareto
5000 10000 15000 20000
lut .
A. Oliver
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https://iopscience.iop.org/article/10.1088/2632-2153/ac0ea1
https://indico.cern.ch/event/1283970/contributions/5554339/attachments/2721331/4727844/Fast%20ML%20for%20science%202023%20Andrew%20OLIVER.pdf

New Irigger strategies: anomaly detection

e \What if the selections we’ve been making in the trigger are wrong? We could be missing the New Physics

e Anomaly Detection method proposed to search for New Physics in a model agnostic / unbiased way

- Train a Variational AutoEncoder on unbiased data (background + € new physics), trigger events with a high loss: anomalies
e Tiny VAE translated to FPGA with hls4ml requiring 50 ns latency for integration with Run 3 system

e Jested in ‘safe mode’ without triggering CMS in 2023, aiming to take data in 2024

%)
c f.
Q . - - LOST DATA
g_ B SELECTED DATA
Regularize | S led latent tati
e \\ - - POSSIBLE NP SIGNAL | toeg\l/joei‘:ilzeve?:‘ﬁ?i;sgpace ami; atent representation
&= | NP?
loss = |[x-X|P + KLI ,N(O,1)]
Trigger threshold Energy (GeV)
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2023 Zero Bias

Collisions Dataset A XO TL
Workflow

l Train QKeras

Development

his 4 ml

e — _—
Model VHDL

Anomaly Detection Tech Workflow

CMSSW Emulator

EEZE —

Offline Validation

uGT HLS fwk

L1 NTuples
(w/ Test Crate bits) »

’

t Collisions
uGT Test Crate Online Monitoring

Standalone
Emulator (Python)

AMD,

Model VHDL

|
uGT VHDL fwk

HDL Simulation

Conversion Implementation / Validation
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CMS Preliminary

¢ |n addition to axol1tl there are three other projects using
ML for triggering CMS in Run 3:

- In development: CICADA, complementary anomaly
detection technique using low level data from the s
calorimeter (top image)

- Tested in ‘safe mode’: topology trigger (topol1tl): classifier
models for better triggering of specific final states

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

c 1 2 3 4 5 6 7 8 9 10 11 12 13

- In production: pr regression of muons in the endcap

e For Phase 2 we expect ML to be well embedded into L1T
- Significantly more powerful compute, 3x latency budget
- Around 20 projects (NNs, BDTs) in development

- Accounting for 25 billion ML inferences per second

8 March 2024 Fast ML at the Edge - Sioni Summers
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https://cicada.web.cern.ch/
https://cds.cern.ch/record/2879816

e Jet tagging: classitying the particle
flavour that initiated a jet

e Developments in tagging at L1T
following huge progress in tagging for
offline reconstruction

e For Phase 2 will have similar “low-
level” information available: particles
and their properties

¢ Developing support for the same
kinds of cutting edge ML models

- Graph NNs, DeepSets
- Using the best practice techniques

previously described: tiny models,
guantized, pruned
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Jet Tagging

Loukas Gouskos, CERN DS Seminar

The early days:
Human +inspired,

high-level variables >

+
Cut-based or simple ML
Run1l Run 2
I
Top tagging
CMS
Simulation Preliminary 13 TeV
wm 10—1 ,E 1 I T I T I T l T I T ] T T I /]A | 1 I T a
- 800 <p_ <1000 GeV, hl <1.5// k5
- flatp_and £/ :.9(:_)
" AR(top,parton) <0.6 /77 better g
2| . c
107 : =
- . )
1 \°?
/447 —— CMSTT - min. m, top m, t,/t, | ]
—— CMSTT - min. m, top m, t,/t,, b m
4 — HTTV2-m,f_, AR, 1/,
1 0‘3 — HTTV2-m, {0, AR, T/t b =
3 —— log(x) B
- —— Mg (220.1, B=0) , T /1,
mgp (2=0.1, p=0), 13/1:2, b
—— mg, (2=0.1, p=0) , T/, log(x)
oo Mg (2201, B=0) , T /x,, log(x), b
---= Mgp (2=0.1, p=0) , min. m, /v,
----- Mgy, (2=0.1, $=0) , min. m, © /v, b
10—4 PR N TR SN WA NN SN SO SR SN SO Tt S N
0 04 06 038 1
CMS-JME-15-002 g

Review a decade [in CMS]

= Enormous progress since the LHC start

The “Game changer”:

Advanced ML (CNN, RNN)
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https://indico.cern.ch/event/1201307/

Jet Reconstruction at CMS L1T

CMS Phase 2 Simulation 14 TeV, 200 PU

e CMS Phase 2 will perform Particle Flow in the Level 1 Trigger for the first time

e Now we can cluster particles into jets and tag the flavour of those jets

e [irst we develop a fast and performant jet reconstruction for FPGA
- Latency 750 ns for 12 jets, performance close to anti-kt on the same particles
- Both small & large radius reconstructions for unmerged & merged jets

¢ Jet constituents are buffered and provided for downstream processing: taggers

CMS Phase 2 Simulation 14 TeV, 200 PU , CMS Phase 2 Simulation 14 TeV, 200 PU
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https://arxiv.org/pdf/2310.08062.pdf

his 4 ml

Jet Tagging Architectures for L1T

e Now we have the clustered particles in one place in the FPGA, we can send them to a Neural Network for tagging

e \Which Neural Network model architectures performs well for jet tagging, and can we deploy it in an FPGA with O(100) ns
latency and O(100) MHz throughput”?

‘m 14
o L
o
S . — MLP
a) Multilayer Perceptron MLP - T Better
12— DS
Pt - = 1IN
n' c c c c i
W ; IR °,° 10-
— || z 2282|832 - -
rr < < < < ® . _
™ -
o (quark, gluon, W, Z, top) 8—
b) i
6_
i —a
pr .- Pr
W—p [;71 nN]—} S —_—
VA 4-
| | |
8 16 32
c) Interaction Network IN constituents
Architecture Constituents RF Latency [ns] (cc) II [ns] (ce) DSP LUT FF BRAM18
8 1 105 (21) 5 (1) 262 (2.1%) 155,080 (9.0%) 25,714 (0.7%) 4 (0.1%)
‘ MLP 16 1 100 (20) 5(1) 226 (1.8%) 146,515 (8.5%) 31,426 (0.9%) 4 (0.1%)
302 1 105 (21) 5 (1) 262 (2.1%) 155,080 (7.2%) 25,714 (0.7%) 4 (0.1%)
A 8 2 95 (19) 15 (3) 626 (5.1%) 386,294 (22.3%) 121,424 (3.5%) 4 (0.1%)
(quark, gluon, W, Z, top) DS 16 4 115 (23) 15 (3) 555 (4.5%) 747,374 (43.2%) 238,798 (6.9%) 4 (0.1%)
30 8 130 (26) 10 (2) 434 (3.5%) 903,284 (52.3%) 358,754 (10.4%) 4 (0.1%)
8 2 160 (32) 15 3) 2,101 (17.8%) 472,140 (27.3%) 191,802 (5.5%) 12 (0.2%)
arXiv:2402-01 876 ‘ IN 16 1 180 (36) 15 (3) 5,362 (43.6%) 1,387,923 (80.3%) 594,039 (17.2%) 52 (1.9%)
32 8 205 (41) 15 (3) 2,120 (17.3%) 1,162,104 (67.3%) 761,061 (22.0%) 132 (2.5%)
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https://arxiv.org/abs/2402.01876

CMS
\\ AN n
= Jet Tagging at CMS L1T
e Jets are first reconstructed with the described algorithm o~ o o

e Using DeepSets-inspired architecture for b tagging

. . v L L LLELLL L
- Belles on track displacement measurement from L1 track ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘

f|nder (20 features/particle)
(5 fc(e:'_aéufrest.-"parti)c:le’) """"" hIS 4 ml -
e [iny model improves trigger reach to important final states (zofemes,'
_} '
(_lH bbbb Shown) (10 features) v
. . . . . (1 feature)
e Fits in FPGA (right) and total latency (jet reco + tagging) less b-tag score
1CMS Phase-2 Simulation Preliminary 14 TeV, 200 PU CMS Phase-2 Simulation Preliminary 14 TeV, 200 Pointwise convolution Dense layer
P Ty S i '".'..‘;m.,;w (per particle dense layer)
é +Signal' Matched b-jets tt events {S'; ,033:“"”’“’0”%"“"'"”0‘:
oumn . . - Vv _ o **s ] . = .
3 09 & s ; Particle Receiving
L 0 6P +Background: Unmatched b-jets | 2.4 :, HH — bbbb events a
: " <4-btag NN @ 15 kHz = . :
e +++ 4t H+H++ £ +- QuadJetsHT OR Jets+Muon @ 15 kHz - Jet Axis Computation
0.4 ;-o..’-,.:b + -+ QuadJet+HT @ 11 kHz J
i ]
0.0k 1 X E B tagging Neural Network
eeemnsvesmsnmastomsnnns setostetbo bbbl 23 AMD VU9P
0 ' 510 ) 100 T 150 Al 200 =0 - :":'OWW : CMS'DP'2022'021
~ 400 600 800
P, [GeV Offline H, [GeV]
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https://cds.cern.ch/record/2814728

CMS e . rogorizer

N\ ShE & = mEE Particle-Flow

=1

= || B infrastructure

= CMS Phase 2 L1T electron ID “AEAEEES

¢ Electrons will be reconstructed by linking a track with a
calorimeter cluster

e Neither reconstruction is perfect, and electrons bremsstrahlung

e Baseline kinematic approach used distance and pr
compatibility to make a link

e New BDT approach first makes a loose kinematic selection,
then uses ML to predict probabillity that the track & cluster both
originated from an electron

dELNA QWY

| o | CMS-DP-2023-047
* Improved electron reconstruction efficiency with new method I
ase-2 Simulation Preliminary 14TeV, 200 PU . CMS Phase-2 Simulation Preliminary 14TeV, 200 PU
(bottom left) § [flavp,oloctrons, TightiD, 149 < *M <24 | P
I 5 - emulator
o _ | = S B el
e xgboost for model training, conifer for inference ® sL et = 20} e
S i “ : are
5 - ;
L i o "
- Tiny model with 10 trees & maximum depth 4 ® 06 * °r
. . . i : . Tk-matched electron 10—
- 10 parallel model copies to maintain electron reco rate e Py > 28GeV (elliptc ID) : +
o ! . _ TIL<1-matched electron S
- Well within system resource and latency envelope i P> 27GeV (composite ID) : m PM -
0 10 20 30 40 50 60 70 80 90 100 T e A A AR A A AR A
0CEN [GeV] 0 01 02 03 04 05 06 07 0.8 09 1
T BDT score 28
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https://cds.cern.ch/record/2868782

NA62 RICH Trigger

* NAGZ: fixed target experiment measuring ultra rare kaon

decays

- BRKT = ntup) =

(8.4+1.0) x 10-11

e Hardware trigger reduces from 750 MHz beam to 1 MHz

¢ | OTP+ upgrade includes a DNN to classify number of

rings in RICH detector

- Using QKeras and hls4ml to deploy to FPGA

¢ [ested in parasitic mode (alongside classical triggers)

E
= 5 ]
<] LAV
1_
Target T T T T
0 - B CHANTI Vacuum
HASC
q l l l l { RICH
COL
| _——%rc  Dump
-2 LKr
(L >
0 J 100 150 200 250 2 (m]
m
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https://indico.jlab.org/event/459/contributions/11371/attachments/9667/14217/CHEP2023_L0TP.pdf
https://indico.jlab.org/event/459/contributions/11371/attachments/9667/14217/CHEP2023_L0TP.pdf

ATLAS LAr Calorimeter

e Convolutional and Recurrent Neural Networks
for real-time energy reconstruction of ATLAS

LAr Calorimeter for Phase 2

e Up to around 600 calorimeter channels

processed by on device

e 200 ns latency of predictions

— 5 —

%) [~ AREUS Simulation —— True energy
O — : _

= B EMB Middle (n,0) = (0.5125, 0.0125) Digitized signal
LLI | <u> ] 140

e Implemented on Intel FPGAS (previous

examples all AMD)

- Team contributed majorly to RNN and Intel

implementations of hisdml
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https://doi.org/10.1007/s41781-021-00066-y

GraphNN Track Reconstruction arXiv:2012.01240

doi: 10.3389/fdata.2022.828666

o Graph representation suits HEP data well: point-Cloud datl  c—
with edges and vertices

e Graph Neural Networks make predictions on graphs: track
parameters from graph of hits

e Below: hardware architecture for ATLAS Inner Tracker
reconstruction with GNN

ITk Data Hit Buffer — e Implementations for FPGA with his4ml have been developed

x3
Event Headers Event I Event . . .
FIFO Headers || Module Map RAM e Graph NNs are expensive, scaling larger graphs is WIP
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https://indico.jlab.org/event/459/contributions/11375/attachments/9434/13680/CHEP_GNNonFPGAforEFTracking.pdf
https://arxiv.org/pdf/2012.01249.pdf
https://doi.org/10.3389/fdata.2022.828666

Applications: on-detector ML

e ECON-T ASIC for CMS High Granularity Calorimeter
- Gompress data to be sent to trigger FPGAs with an AutoEncoder in frontend, decode off detector

- Includes “classical” algorithms (e.g. summing neighbouring cells) and an AutoEncoder

On detector ==l |nGBT ===l Off detector (trigger)

Encoding Decoding
° Neutral Network :  Neutral Network ®
===
:&:X =>.4.X: : Recovered
: : : ® : : . |__Inputs
. S 9 »
Latent space
High-granularity Algorithms Output to (compressed)
detector data trigger path
- =
—> I Normalizer % 2 2
| 3 4 4x12 10-dim 4 4x12
- 9 6 Input > latent ‘- Output
Ng;‘&irk = : image space : image
Shape- é. 10 10
Encoder o 00 25
1 .5_.. 0.0 2.5 . .
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https://ieeexplore.ieee.org/document/9447722

CMS
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Applications: on-detector ML
e Neural Net encoder IP block created for ECON-T ASIC with Catapult HLS ‘3“13;?:2*’ .
(Mentor/Siemens) and hls4ml ( | Converter ‘\v’@ S
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https://indico.cern.ch/event/1283970/contributions/5550653/attachments/2722805/4730907/fkeras-fastml23.pdf
https://lss.fnal.gov/archive/2022/poster/fermilab-poster-22-214-ppd.pdf

Smart

e Data reduction and reconstruction on sensor for
silicon pixel detectors

¢ Pixel detectors not read into hardware trigger systems
- High data rate, expensive reconstruction

e Predict charged particle crossing position (x,y) and
angles (a,[3) from sensor charge measurements

- And their covariance matrix
- Could be for data reduction or early processing

e Tiny Convolutional Neural Network using hls4ml and
Quantization Aware Training (QKeras)

e Opportunity to massively reduce search space for next
hit along a track trajectory with on-sensor reco.

e [owards pixel reconstruction in trigger & simplified
offline reconstruction

e Open dataset

8 March 2024
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https://zenodo.org/records/7331128
https://arxiv.org/pdf/2312.11676.pdf

TinyML - MLPerf Tiny ™

e MLCommons group organise benchmarks of Machine Learning (MLPerf) - now also for low power devices (MLPert Tiny)

¢ 4 benchmark datasets, open/closed division allowing/disallowing model retraining

e hisdml in open category (for Quantisation Aware Training) achieves competitive performance

e |n collaboration with AMD / Xilinx Research Labs developers of FINN project

Benchmark

Team

STMicro
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https://mlcommons.org/en/inference-tiny-07/

Autonomous Vehicles

¢ |mage segmentation is labelling the class of each pixel of an image

- e.g. road, vehicle, pedestrian, other for a self driving car

e Project undertaken in partnership with Zenseact - Swedish autonomous vehicle ML
solutions company - and CERN Knowledge Transfer (Paper, web)

e Developed new image-streaming CNN implementations for his4mil

e Trained Quantized NNs with AutoQKeras on Cityscapes dataset
- Label pixels as road/pedestrian/car/background

- Lowest latency model has around 10k parameters, 8 bit quantisation

e Deployed on ZCU102 Zyng SoC kit with hls4ml

- 5 ms latency with batch size = 1, 30 ms with batch size = 10 /
Model Acc. mloU Latency [ms] BRAM LUT FF DSP
b=1 b=10
EnetHQ | 81.1% | 36.8% 49 30.6 | 224.5(25%) | 76,718 (30%) | 87,059 (16%) | 450 (18%)
Enet8Q4 | 77.6% | 33.9 % 4.8 30.2 | 342.0 (37%) | 166,741 (61%) | 90,536 (16%) 0
Enet8Q8 | 77.1% | 33.4 % 4.8 30.0 | 508.5 (56%) | 126,458 (46%) | 134,385 (25%) | 1,502 (60%)
ENet[23] | - | 63.1% | 3038(7200° - 257 62,599 192,212 689
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https://arxiv.org/abs/2205.07690
https://home.cern/news/news/knowledge-sharing/colliding-particles-not-cars-cerns-machine-learning-could-help-self

Space Al monitoring marine plastic litter

8 March 2024

e Using his4ml to monitor plastics pollution in the ocean
onboard Earth Observation satellites

e Satellites use space-grade FPGAs that are resistant to errors
caused by bit-flips from radiation

e Downlink bandwidth is limited, and missions may only look for
certain objects (plastics pollution, land use)

e Hyper-spectral imaging and Deep Neural Networks effective
at detecting surface objects from satellites

- Image segmentation - label each pixel

e Deploy DNN onboard satellite to identify debris, avoid
downlink of useless data, decreasing mission cost and
notification time

e Using hls4ml to reach sweet spot of performance, area,
latency/throughput and power usage

e New project since 2 months, first results soon!

Fast ML at the Edge -

hisdml - Earth Observation
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https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0262247

NextGen Triggers

e |[f this sounds exciting to you, there are opportunities to get involved!

e New 5 year project at CERN to advance use of Artificial Intelligence for LHC experiment’s trigger selections

e Opportunities for students (bachelors, masters, doctoral) and postdocs opening ~now and throughout the next 5 years
e For CMS L1T projects contact me and Cristina Botta

e For ATLAS projects contact Markus Elsing, Stefano Veneziano

e For hlsdml and conifer development projects contact Maurizio Pierini

e his4dml and conifer are also open source software, and contributions can come from anywhere
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Summary

e Fast Machine Learning is changing the way we process detector data and make trigger decisions

e Embedding ML closer to the detector requires sophisticated techniques
- Strict constraints (low latency, high throughput, low area, low power) and often highly custom compute platforms

- Projects like hlsdml and conifer aim to lower the barrier to entry for deployment of ML models optimised for the needs of HEP
¢ | presented the tools, and techniques like Quantization Aware Training, pruning, and hardware aware training

¢ \\e reviewed applications, from final trigger decision selections to frontend data processing
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