Imperial College
London

Acceleration of a CMS DNN based
Algorithm

N. Bhat, R. Bainbridge, M. Barbone, W. Luk, T. Ourida, A. Tapper




Imperial CO"ege Acceleration of a CMS DNN based Algorithm

London

Motivation

 Data rate set to increase with —.— : — —

High-Luminosity LHC upgrade o | EMSPubiic
E 40000+ 2021 Estimates —
(O] —— No R&D improvements
|>‘ -@- R&D most probable outcomg :
Current approach not scalable to S 30000 TRt 7
- Ao wn
meet requirements of additional T " .
processing due to increased § 200007 /f’/ 7
luminosity o _ _
£ 10000 e —
s A S =
T o R
0 | | | | | | | | | | | | | |
2021 2023 2025 2027 2029 2031 2033
Year

https://twiki.cern.ch/twiki/bin/view/CMSPublic/ CMSOfflineComputingResults

2



https://twiki.cern.ch/twiki/bin/view/CMSPublic/CMSOfflineComputingResults

Imperial CO"ege Acceleration of a CMS DNN based Algorithm
London

Contributions

* Novel parallel architecture for Long-Lived Particle (LLP) jet tagging
— compute: both space and time
— accelerated processing: reduce cost of storage for post-processing

» Explore an FPGA architecture using a highly computationally intensive
algorithm which could benefit from acceleration

* Performance estimation of FPGA prototype
— 2.4 to 16 times faster than software
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Long-Lived Particle Tagger

CMS Collaboration, A deep neural network to search for
new long-lived particles decaying to jets, Mach. Learn.:
Sci. Technol. 1 (2020) 035012 (arXiv:1912.12238)

Many models of new physics predict existence of exotic
long-lived particles

Lifetime frontier yet to be fully explored at the LHC

Deep Neural Network trained on Monte Carlo to classify
jets into Standard Model (light, b/c-quark gluon) and
exotic long-lived particles

Trained for lifetimes ct € [10 um,10 m] with lifetime as a
parameter — Tmm benchmark —
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LLP Jet Tagging Algorithm
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Acceleration of a CMS DNN based Algorithm

Multiclass classification
Jet class trained on 638 input features per
labelled jet
— Charged and neutral particles,
properties of secondary vertices and
global jet variables ...
Unsupervised domain adaptation via
backpropagation
— Trained on data and Monte Carlo in
control region
Architecture progressively compresses
and extracts most discriminating features

Resample jet pr and n to have same
distribution for all classes — discrimination
only via correlations with other features
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LLP Jet Tagging Algorithm

. Multiclass classification
. Jet class trained on 638 input features per
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FPGA Development Methods

« Verilog and VHDL became the defacto standard for developing hardware designs
« High Level Synthesis tools have risen in popularity in recent times
« Allow for hardware description using a high-level software language (e.g. C++, Java)

« Very long bitstream compilation times can be mitigated by compiling simulation models
only (when making incremental changes)

« Acorresponding reference C++ model is used to ensure functionality during the
hardware development process
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Dataflow and Maxeler

- Dataflow computing involves channelling data between bespoke compute units
(kernels)

« Benefit of faster development as opposed to use of Verilog/VHDL and exposure to the
rich ecosystem that Java provides

« MaxCompiler (Java based HLS tool) chosen for simplified pipelining and latency control
« Communication between host CPU and FPGA over PCle interface
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Architecture Overview

Dataflow paradigm expects a continuous flow of data which propagates through the
kernel network

Certain kernels do not output a block for every input block

Orchestration vectors used to indicate which kernel outputs are final and which need to
be unpadded

Internal tick counter used to index orchestration vectors

Pre-computation of the orchestration vectors adds to compilation time, but is a one-time
cost

Deployed design would be expected to fetch inputs directly from FPGA ports
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Block Form

Dataflow computing requires fixed sized input/outputs

Adapt each stage of the algorithm using fixed size blocks
of data

Each kernel may only ingest and output fixed sizes of data s
in each tick

Input and filter matrices must be divided into blocks of
fixed size (e.g. 25x8)

Any rightmost and bottommost blocks may be undersized

Apply padding to achieve a padded matrix with dimensions
that are integer multiples of the block dimensions

After padding
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Convolutional Layer with Block Form

« Consider a 25x17 input convolved with a 64x17 filter

25x25 (AD + | 25x25 (BE + 25x%25(C
25x8(D) 25% 8 (E) 25 x (1+7) 25%8 (A0) ©8) R
(F) convolver
(9 uses)
25 % (1+7)

25% 8 (G) 25 % 8 (H) —

25 8 (A) 25 8 (B) 2 ’Eé}”} O M 25 x 25 (AG) + | 25%25@H) ¥ 25 % 25 (CI)
(14+9) x 8 (14+0) x 8 (14+9) x (1+7)
) (K) L
25 x (14+9)
b5 x (14:9) (A | T = ’((é,l{rg) + (L)
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Convolutional Layer with Block Form

*  Sum partial products from the same block row

= Bias [0,25

25x 25 (AD) + | 25x25 (BE) + 25 x 25 (CF) 25x25 (AD+BE+CF) =X + e

25 x 25 (AG) + | 25x25(BH) + 25 x 25 (CI) —
25x25 (AG +BH+CI) =Y + [pespsso

25x1
25 x (1449 25 x (14+9)
DS x (14+9) (AJ) + ’(‘ B(K)‘* ) + (L)

25 x (14+11) (AJ +BK +CL) = Z + Bif\:}fffi)
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Convolutional Layer with Block Form

» Stack horizontally to yield final result

25x%25 (AD + BE + CF) = X
25x 25 25x 25 25 x (14+11)
Horizontal Stacking
_

25x25 (AG+BH+Cl)= Y

25x (14+11) (AJ+BK +CL)=2Z
25x 64
Result
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Convolutional Layer with Block Form

* Consider a 41x17 input convolved with a 64x17 filter

25x8(D) 25x8 (E) = 1#*?)
25x8
convolver 25 x (64+11)
(18 uses) Vesticat
stacking
258 (G) 258 (H) i SRSRRRIRUUDY _ (41+0) x (64+11)
25x8 (A) sxs@ | |2 ’ES"” <> add?l?gerand
horizontally
stacking (16+9) x (64+11)
16+9x8 16+0x8 1(?:-?.)"
(14+11) x 8 (14+11) x 8 (14+11) x
&) (K) (1+7) (L)
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Convolutional Layer with Block Form

* Consider an 32x16 input multiplied by a 16x24 filter

A1*B1 | A1*B2 | A1*B3

Al A2 B1 B2 B3 + + +
é:\/>> C O | a2B4a|A2B5 | A2*B6
D A3*B1 | A3*B2 | A3*B3

A3 A4 B4 B5 B6 4 + -
A4*B4 | A4*B5 | A4*B6
A5*B1 | A5*'B2 | A5*B3

A5 A6 + + +
A6*B4 | A6*B5 | A6*B6
A7*B1 | A7*B2 | A7*B3

A7 A8 o ik +
A8'B4 | A8*'B5 | A8*B6
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Results — Test Setup

Convolution Block Size: 16x4, Matrix Multiplication Block Size: 8x8
Hardware implementations running on a Xilinx VU9P @ 100MHz
Software written in C++, running on 18-core Intel Xeon 6154 @ 3.00 GHz

Resource utilisation comprised of usage of:
— Look Up Tables (LUT)
— Flip Flops (FF)
— Digital Signal Processors (DSP)
— Block Random Access Memory (BRAM)

1 (Used LUT Used FF Used DSP Used BRAM

Resource utilisation: -
4 \Total LUT Total FF Total DSP Total BRAM

) X 100%
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Results — Block Convolution and Convolution Bias Adder

FPGA Latency (us) 79.503 FPGA Latency (us) 57.245

Software Latency (us) 835.350 Software Latency (us) 137.225
Performance Gain ~10x Performance Gain ~2.4x

LUT Usage 317604/1182240 LUT Usage 67098/1182240
FF Usage 510889/2364480 FF Usage 177819/2364480
DSP Usage 2048/6840 DSP Usage 512/6840

BRAM Usage 178/2160 BRAM Usage 229/2160
Resource Utilisation 21.66% Resource Utilisation 7.82%

I EEEEE—————— —— —— ————
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Results — Block Matrix (Dense) and Leaky RelLU
emel | BlockMatrix(Dense) [l kernel | Block Convolution |

FPGA Latency (us) 43.158 FPGA Latency (us) 60.227

Software Latency (us) 677.581 Software Latency (us) 238.496
Performance Gain ~16x Performance Gain ~4x

LUT Usage 31316/1182240 LUT Usage 56140/1182240
FF Usage 58787/2364480 FF Usage 172811/2364480
DSP Usage 130/6840 DSP Usage 512/6840

BRAM Usage 90/2160 BRAM Usage 216/2160
Resource Utilisation 2.80% Resource Utilisation 7.39%

I EEEEE—————— —— —— ————
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Future Work

* Individual kernels show excellent potential for acceleration

— Key computations (convolution and matrix multiplication) show at least x10 improvement over
equivalent software implementation

— Demonstration that heterogeneous computing may be a promising solution

* Next step to link kernels to obtain end-to-end forward pass implementation
— Potential for further acceleration by use of duplicated parallel kernels

* Possible improvements
— Post training integer quantisation
— Investigation of sparse matrix representation

I EEEEE—————— —— —— ————
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Summary

*  Novel parallel architecture for Long-Lived Particle (LLP) jet tagging
— compute: both space and time
— real-time processing: avoid cost of storage for post-processing

*  Full FPGA prototype of this architecture
— Potential for further acceleration by use of duplicate parallel units

*  Performance estimation of FPGA prototype
— 2.4 to 16 times faster than equivalent software implementations
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