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Introduction
e The case for machine learning on FPGAs
e Adaptive Intelligence Engines (Al Engines)
e Context for our work: the Next Generation Trigger Project

Physics applications
e Inthe ATLAS trigger system
e Toptagging

Workflows: what supports Al Engines?
e Hls4ml
e Vitis-Al




Intro: the case for machine learning on FPGA

Current collisions at the Large Hadron Collider (LHC) occur every 25 ns = 40 MHz data rate
e Detectors such as ATLAS and CMS at the LHC use a “trigger” to select events for storage
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The case for running trigger algorithms on FPGAs
e Tightlimits on latency and computing resources
e FPGAs can be reprogrammed — algorithms can be updated



https://indico.cern.ch/event/1405026/contributions/5910209/attachments/2932369/5150211/smarthep_lhcfastml_dsr_23sep24.pdf

Intro: Adaptive Intelligence Engines

Al Engines are dedicated resources on newer
Xilinx FPGAs Memory Access
- AX| Stream

Al Engine Array AXI MM

e Asingle FPGA device has an array of many ENEEEEEEEE SRR Cascade Stream

Al Engines SNNNAARN"aasaasaaes

e Each Al Engine consists of
o  Memory: program, data memory I
o Processor units
o In/out: AXI stream program - instuction. [l %5 dreso"

- Generation
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The advantage of Al engines is parallelization:
1. Instruction unit allows multiple operations <— Onit
to be done in the same clock cycle
2. Vector processors can compute many s Vector Register Files
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...but they’re difficult to program
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https://www.xilinx.com/products/intellectual-property/versal-ai-engine.html
https://docs.amd.com/r/2022.1-English/ug1079-ai-engine-kernel-coding/AI-Engine-Architecture-Overview

Related: the Next Generation Trigger project

ATLAS trigger & data acquisition upgrade for HL-LHC

[ nner Tracker | [ Calorimeters | | Muon System |
A L REE ry T

The NextGen Trigger project is an R&D effort for developing 1] [smww]
“triggers” - data processing and event picking algorithms- for the ALl e ) (o)
ATLAS and CMS experiments at the LHC Atk e

NSW 'rrlggor]

The ATLAS experiment trigger and data acquisition system:

e Hardware trigger must reduce data rate from 40 MHz—1 MHz
in the HL-LHC (10x larger than the current system)

<€+ LO trigger data (40 MHz)
< - L0 accept signal

Events selected by the hardware trigger must then pass a <— Feadout deta (1 WHz)

<« - rHTT data (10% data at 1 MHz)

software trigger before being saved for offline data analysis I GAR00

<~ - EF accept signal
Q: Output data (10 kHz)



https://nextgentriggers.web.cern.ch/
https://cds.cern.ch/record/2285584/files/ATLAS-TDR-029.pdf
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Possible physics applications in ATLAS trigger system

<+ L0 trigger data (40 MHz)

<~ = L0 accept signal

<— Readout data (1 MHz)

<+ THTT data (10% data at 1 MHz)
<— gHTT data (100 kHz)

<~ - EF accept signal
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https://cds.cern.ch/record/2871986/files/ATL-SOFT-PROC-2023-038.pdf
https://cds.cern.ch/record/2258397/files/CERN-THESIS-2016-275.pdf
https://link.springer.com/chapter/10.1007/978-3-031-39055-5_9

Physics applications for top tagging

e Build a CNN inspired by Pulling out all the tops to identify jets from moderately boosted top quarks

1. Physics process of interest: 2. Energy deposited in 3. Trigger CNN identifies jets
t -Wb —qqb calorimeter appear as “jet resulting from t—-Wb—qqgb
images”
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https://arxiv.org/abs/1803.00107

Physics case: top tagging

e Build a CNN inspired by Pulling out all the tops to identify jets from moderately boosted top quarks
10°

—— Trigger CNN , AUC = 94.5%
Input shape: (None, 32, 32, 1) | Output shape: (None, 11, 11, 5)

Dataset:
e 12ktrain
e 4k validate
o 4ktest
Train for 20 epochs

Input shape: (None, 11, 11, 5) Output shape: (None, 11, 11, 3)
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Input shape: (None, 11, 11, 3) Output shape: (None, 11, 11, 1)

Input shape: (None, 11, 11, 1) | Output shape: (None, 121)
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Input shape: (None, 121) | Output shape: (None, 16)

Input shape: (None, 16) | Output shape: (None, 2)



https://arxiv.org/abs/1803.00107
https://zenodo.org/records/2603256

Workflows for FPGA

We compare two workflows

1. hls4ml

— no support for Al Engines at the moment, but people are interested in developing it!
— supports custom precision for weights and activations

2. Vitis-Al (Xilinx/AMD)
— compatible with “Al Engines”: computational units with scalar and vector processors, and local memory
— what is the resource usage and latency advantage from using Al Engines?

Source: AMD
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connectivity to massive
compute engines
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https://adaptivesupport.amd.com/s/article/1132493?language=en_US

his4ml for the top-tagging CNN: quantization

The hls4ml workflow provides several tools for optimizing a model
e Quantization strategies: , hisaml
o Default (quantized post training) 0

—— float CNN , AUC = 94.5% ;
quantization=default , AUC = 80.7%

Default quantization config snapshot

conv2d
Trace: False
Precision
result: fixed<16, 6>
weight: fixed<l6, 6>
bias: fixed<16, 6>
accum: fixed<l6, 6>
ReuseFactor: 1
ParallelizationFactor:1
ConvImplementation:LineBuffer
conv2d_relu
Trace: False
Precision
result: fixed<l6, 6>
table: fixed<18, 8>
ReuseFactor: 1
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his4ml for the top-tagging CNN: quantization

The hls4ml workflow provides several tools for optimizing a model
e Quantization strategies: , hisaml
. .. 10
o Default (quant]zed post tra.ln]ng) float CNN , AUC = 94.5%
o Custom (quantlzed post trammg) quantization=default , AUC = 80.7%
quantization=custom , AUC = 91.8%

Customize precision of layer’s weights, biases

Distribution of (non-zero) weights (final / after optimization)
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Background Efficiency

dense/w
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his4ml for the top-tagging CNN: quantization

The hls4ml workflow provides several tools for optimizing a model
e Quantization strategies: , hisaml
. . 10
o Default (quant]zed post tra.ln]ng) — float CNN , AUC = 94.5% 3
o  Custom (quantized post training) quantization=default , AUC = 80.7%

o Quantization aware training quantization=custom , AUC = 91.8%
QAT weights distributions quantization=QAT , AUC = 93.5%

Distribution of (non-zero) weights (final / after optimization)
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his4ml for the top-tagging CNN: pruning

The hls4ml workflow provides several tools for optimizing a model
Pruningis done in-training, and can be done quite aggressively!
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his4ml

float CNN, no prune , AUC = 94.5%

float CNN, prune=0.6 , AUC = 93.6%
float CNN, prune=0.7 , AUC = 93.7%
float CNN, prune=0.8 , AUC = 91.3%
float CNN, prune=0.9 , AUC = 87.8%

0.2 0.4 0.6 0.8
Signal Efficiency

...then
quantize for
each pruning
schedule
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st Pruning=0.8

—— float CNN , AUC = 91.3%
quantization=default , AUC = 86.9%

quantization=custom , AUC = 86.2%

quantization=QAT , AUC = 89.8%

0.6 0.8
Signal Efficiency




his4ml for the top-tagging CNN: model optimization

Accuracy AUC
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float model: no quantization ] float model: no quantization

hils4ml, quantization = fixed<16,6> post training his4ml, quantization = fixed<16,6> post training
hls4ml, quantization = custom post training hls4ml, quantization = custom post training
hls4ml, quantization = 8 bit QAT hls4ml, quantization = 8 bit QAT

0.2 0.4 0.6 0.8 ; 0.2 0.4 0.6 0.8

Pruning schedule Pruning schedule 14




his4ml for the top-tagging CNN: resource estimates

Key: Al engines

Resource estimates: default quantization, no pruning e Versal premium (VP1802, VP2802)
have identical resource utilization and

BRAM_18K DSP FF LUT URAM e e
FPGA (usage % usage %) (usage %) (usage %) (usage % ’ )
VU9P (usage %) (usag ;)7 (usag 0)9 (usag 02)9 (usage %) o VP2802 has Al engines, but
hls4ml currently has no Al engine
VP1802 13 3 10 implementation
VP2802 13 3 10

VC1902 95 12 40 CNN implementation can't fit on the
ZU9EG board due to LUT usage

ZU9EG 74 57 157

Latency min Latency max Latency min Latency max
FPGA (clock cycles) (cycles) (us) (us)
VU9P 386 389 1.93 1.945
VP1802 387 390 1.935 1.95
VP2802 387 390 1.935 1.95
VC1902 387 390 1.935 1.95




his4ml for the top-tagging CNN: resource estimates

Resource usage %: default quantization, prune=0 Resource usage %: default quantization, prune=0.75

FPGA BRAM_18K DSP FF LUT URAM FPGA BRAM_18K DSP FF LUT URAM
VU9P 0 27 9] 29 VU9P 0

VP1802 3 10 VP1802

VP2802 3 10 VP2802

VC1902 12 40 VC1902

ZU9EG 57 157 ZU9EG

Resource usage:
e Pruningreduces DSP usage more than any
other resource FPGA BRAM_ 18K DSP FF LUT URAM
e Quantization has a smaller impact on resource VU9P 4 7 19
utlllza!tlon than pruning VP1802 5 2 7
Latency estimates: (see backup for tables)
e Pruning and quantization have a similar impact HEzEe 2 2 ¢
on latency estimates VC1902 17 10 26
ZU9EG 13 60 121

Resource usage %: custom quantization, prune=0.75




Vitis-Al for the top-tagging CNN: the Vitis-Al stack

Input: trained model as hdf5

Model inspection:

Is the model compatible
with target board deep
processing units (DPUs)?

Model quantization:
Quantize a 32-bit float model:
e Weights = 8b int (default)
e Activations = 32b int (default)

Previous work: see 3rd System on

Chip workshop for Vitis-Al
workflow with RESNET18 CNN

Model compilation:
Generate an .xmodel file
to run on target board

Note:

e Al Engines can also be
programmed via the Al
Engine Compiler for more
low-level development

Deploy on FPGA boards



https://docs.amd.com/r/en-US/ug1076-ai-engine-environment/Compiling-an-AI-Engine-Graph-Application
https://indico.cern.ch/event/1253805/contributions/5556274/attachments/2728347/4742160/versal_ai_soc.pdf
https://indico.cern.ch/event/1253805/contributions/5556274/attachments/2728347/4742160/versal_ai_soc.pdf

Vitis-Al for the top-tagging CNN: quantization

Vitis-Al default quantization: 1.0 Accuracy
e weights=int<8>
e activations=int<32>

Next steps:

e Explore use of Vitis-Al optimizer (iterative \>§
pruning) \/\

o
(o]

>
@)
©
_
=
)
)
<

0.7

Vitis-Al, int<8> no prune
| —— float model: no quantization
| —— his4ml, guantization = fixed<16,6>, post training
—— hls4ml, quantization = custom, post training
—— hls4ml, quantization = 8 bit, QAT

0.0 0.2 0.4 0.6
Pruning schedule



https://docs.amd.com/r/en-US/ug1414-vitis-ai/Iterative-Pruning
https://docs.amd.com/r/en-US/ug1414-vitis-ai/Iterative-Pruning

Vitis-Al for the top-tagging CNN

Next steps to deploy on FPGA
e Model inspector results show all layers of top-tagging CNN
(except dense_1) are supported for acceleration on the Al
Engines
e Softmax activation has to be done on the SoC (arm CPU)

Name: input_1
k Type: InputLayer

Name: conv2d

k Type: Conv2D | Act: relu

Device: DPU j

Name: conv2d 1

k Type: Conv2D | Act: relu

Device: DPU J

( Name: conv2d 2

(_ Type: Conv2D | Act: relu

Device: DPU j

( Name: flatten
k Type: Flatten

Device: DPU j

( Name: dense

k Type: Dense | Act: relu

Device: DPU j




Conclusions + next steps

Conclusions
e Prototyped a top-tagging CNN to compare the workflows and resource usage across candidate
technologies for next generation triggers.

Future directions
e Possible expansion to novel architecture designs (nanoPELICAN: see backup or 3rd System on Chip
workshop for further details)



https://indico.cern.ch/event/1253805/contributions/5556274/attachments/2728347/4742160/versal_ai_soc.pdf
https://indico.cern.ch/event/1253805/contributions/5556274/attachments/2728347/4742160/versal_ai_soc.pdf
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https://bit.ly/3A1uf1Q
http://bit.ly/2TyoMsr
http://bit.ly/2TtBDfr

Future directions: exploring complex architectures

nanoPELICAN: A low parameterization permutation and Lorentz equivariant network
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Number of model parameters
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Preliminary nanoPELICAN resource utilization

== Utilization Estimates

1 x Summary:

M R Fommmm - B e e +
| Name | BRAM 18K| DSP | FF | LUT | URAM |
e e e R e e fommmm o S +
|Dsp [ -| 1856 - - -

| |Expression | - = 0| 1310748| -

1 |FIFO I | =] = - -1

. |Instance [ -| 1846 0| 37438| -

| |Memory I =| = ) = -
|Multiplexer [ - - - 36| -

| |Register | -1 -] 4s51157] 62912 | -1
e e e B to-mmmmm - e S +
| Total | @| 3702| 451157| 1411134| o]



Dataset for the top-tagging CNN

Source: top guark tagging reference dataset

In total 1.2M training events, 400k validation events and 400k test events. Use “train” for training, “val” for validation
during the training and “test” for final testing and reporting results.

Description

14 TeV, hadronic tops for signal, qcd diets background, Delphes ATLAS detector card with Pythia8

No MPl/pile-up included

Clustering of particle-flow entries (produced by Delphes E-flow) into anti-kT 0.8 jets in the pT range [550,650]
GeV

All top jets are matched to a parton-level top within AR = 0.8, and to all top decay partons within 0.8

Jets are required to have |eta| < 2

The leading 200 jet constituent four-momenta are stored, with zero-padding for jets with fewer than 200
Constituents are sorted by pT, with the highest pT one first

The truth top four-momentum is stored as truth_px etc.

Aflag (1 for top, O for QCD) is kept for each jet. It is called is_signal_new

The variable "ttv" (= test/train/validation) is kept for each jet. It indicates to which dataset the jet belongs. It is
redundant as the different sets are already distributed as different files.



https://zenodo.org/records/2603256

his4ml for the top-tagging CNN: latency estimates

Latency estimates: default quantization, prune=0.75

Latency min  Latency max Latency min Latency max Estimated . lock f .
FPGA (clock cycles) (cycles) (us) (us) ﬁ?r::vzrz- Mmaximum clockirequency in

VU9P 384 387 1.92 1.935 e 299 MHz

VP1802 385 388 1.925 1.94 o VU9P,VP1802, VP2802,
VP2802 385 388 1.925 1.94 VC1902

VC1902 385 388 1.925 1.94 e 232MHz

ZU9EG 387 390 1.935 1.95 o ZU9EG

Latency estimates: custom quantization, prune=0.75
Latency min  Latency max Latency min Latency max

FPGA (clock cycles) (cycles) (us) (us)

VU9P 383 386 1.915 1.93
VP1802 383 386 1.915 1.93
VP2802 383 386 1.915 1.93
VC1902 383 386 1.915 1.93
ZU9EG 385 388 1.925 1.94




FPGA resources

FPGA Type BRAM_18K (x 10*3) DSP (x 10"3) FF (x 10"6) LUT (x 10"6) URAM (x 10&3)

VU9P Virtex Ultrascale+ 4.32 6.84 2.36 1.18 0.96
VP1802 Versal premium 9.88 14.35 6.72 3.36 2.55
VP2802 Versal premium 9.88 14.3 6.7 3.35 2.55
VC1902 Versal Al core 1.93 1.97 1.8 0.9 0.46
ZU9EG Zynq Ultrascale+ 1.82 2.2 0.548 0.274 0

FPGA High speed transceiver types # high speed transceivers Product information

VU9pP GTY/GTM Transceivers (32.75/58 Gb/s) 120/0 Virtex Ultrascale+

GTYP Transceivers (32.75 Gb/s) 28
VP1802 GTM Transceivers (58G (112G)) 140 (70) Versal Premium

GTYP Transceivers (32.75 Gb/s) 28
VP2802 GTM Transceivers (58G (112G)) 140 (70) Versal Premium

VC1902 GTY Transceivers 44 Versal Al Core

ZU9EG GTH Transceivers (16.3Gb/s) 16 Zynq Ultrascale+



https://www.amd.com/en/products/adaptive-socs-and-fpgas/fpga/virtex-ultrascale-plus.html
https://www.amd.com/en/products/adaptive-socs-and-fpgas/versal/premium-series.html
https://www.amd.com/en/products/adaptive-socs-and-fpgas/versal/premium-series.html
https://www.amd.com/en/products/adaptive-socs-and-fpgas/versal/ai-core-series.html
https://www.xilinx.com/products/boards-and-kits/ek-u1-zcu102-g.html

Vitis—Al workflow with RESNET CNN

The Vitis-Al tutorial provides a workflow for deploying the RESNET18 CNN on FPGAs

Model Float model prediction Quantized model (ap_fixed<8>)

RESNET CNN1 test accuracy = 0.73690 test accuracy = 0.73360
train accuracy = 0.82702 train accuracy = 0.81515

RESNET CNN2 test accuracy = 0.84000 test accuracy = 0.83700
train accuracy = 0.95135 train accuracy = 0.94703

ML model is deployed on 2 types of FPGA boards
e Thevck190 has Al Engines: faster performance, but larger bandwidth requirement

Board | SW Runtime (ms) | HW Runtime (ms) | Efficiency (%) | Avg Bandwidth (MB/s)

zcul02 1.583 1.420 43 7516.129
vck190 0.499 0.399 1.9 26876.923

See 3rd System on Chip workshop for further details



https://indico.cern.ch/event/1253805/contributions/5556274/attachments/2728347/4742160/versal_ai_soc.pdf
https://github.com/Xilinx/Vitis-AI-Tutorials/tree/3.5/Tutorials/RESNET18/#1-introduction

