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Galileo and Scientific Method QAT
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Since Galileo....
Theories allow us to make experimental predictions and vice versa

Observation
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Galileo and Scientific Method QAT

Karlsruher Institut fir Technelogie

Since Galileo....
Theories allow us to make experimental predictions and vice versa

Observation

The last big success of the
traditional science is the
Higgs boson
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Artificial Intelligence QAT

Research
activity

A

Karlsruher Institut fir Technelogie

. Lack of biological data
Hopfield model

Relatively poor performance

>
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Artificial Intelligence QAT

Karlsruher Institut fir Technelogie

Deep learning

High quality 7/
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.. Hopfield model
activity p
i Relatively poor performance i //
i = -
| : L
i i R
| ! ! Programmable GPUs !
- f f f >
1980 1990 2000 2008 years

5 HAP Workshop | Big Data Science in Astroparticle Physics Michele Caselle Institute for Data Processing and Electronics (IPE)


http://www.google.it/url?sa=i&rct=j&q=&esrc=s&frm=1&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwi2h8ye1qzZAhUE-6QKHQokBGgQjRwIBw&url=http://www.nvidia.it/object/tesla-server-gpus-it.html&psig=AOvVaw2-AoylcJi9sN_FseqSGePv&ust=1518947417205782
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Artificial Intelligence

We are working on Deep learning /
heterogeneous FPGA — GPU
architectures
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Modern FPGA — ZYNQ Ultrascale+ AT

44 reg i O n S i n total Karlsruher Institut far Technologie
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Modern FPGA — ZYNQ Ultrascale+ XCZU11 _\X‘(“'

44 reg i O n S i n total Karlsruher Institut far Technologie

52 available I/O pins @
2 Gbl/s
(512 1/O In total)
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Modern FPGA — ZYNQ Ultrascale+ XCZU11 _\X‘(“'

44 reg i O n S i n total Karlsruher Institut far Technologie

GigaTransfer I/O
@ 32 Gb/s
(bandwidth = 1.2 Th/s)
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Modern FPGA — ZYNQ Ultrascale+ XCZU11 ..\X‘(IT

DSP -Digital Signal Processing
(2928 units)
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Modern FPGA — ZYNQ Ultrascale+ XCZU

Block RAM
21 Mbit + 22 Mbit (Ultra RAM)
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Modern FPGA — ZYNQ Ultrascale+ XCZU11 \‘("'
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CLB - Combinatory Logic Block
(> 1 Million of system logic cells)
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Modern FPGA — ZYNQ Ultrascale+ XCZU11 \‘(“'

Karlsruher Institut fir Technelogie

1§

CLB - Combinatory Logic Block [

Sea of Programmable Logic and Routing
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Modern FPGA — ZYNQ Ultrascale+ XCZU11 ‘(“'

Karlsruher Institut far Technologie

Extreme degree of customizations

Arbitrary Deep Neural Network architectures

CLB - Combinatory Logic Block &=

Sea of Programmable Logic and Routing
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Not only FPGA... AT

Karlsruher Institut fir Technelogie

GPUs

Processing System

Multi-Processor e _

System-on-Chip o |

S £ | I
e
|| eeetoize |

NUCLEUS
u
L™

RealTime OS

Programmable Logic
Storage & Signal Processing |

FPGA | mmm—

Programmable gate logic and Linux O.S. combined on an unique system
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Deep Neural Network on FPGA AT

Karlsruher Institut fir Technelogie

The basic unit is a neuron, neurons are connected with
synapses.

Neurons receive input and produce output along axon,
which interact with the dendrites of other neurons via
synaptic weights.

Synaptic weights — learnable

toward cell body

branches
of axon

axon
erminals

E:
\S
|
|

/ impulses carned 3
away from cell body L
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Deep Neural Network on FPGA AT
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The basic unit is a neuron, neurons are connected with
synapses.

Neurons receive input and produce output along axon,
which interact with the dendrites of other neurons via
synaptic weights.

Synaptic weights — learnable
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Deep Neural Network on FPGA

toward cell body
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The basic unit is a neuron, neurons are connected with
synapses.

Neurons receive input and produce output along axon,
which interact with the dendrites of other neurons via
synaptic weights.

Synaptic weights — learnable

FPGA neuron model

accumulator

output

weights

DFF

Low-latency
memory

Local block RAM

weight

Michele Caselle Institute for Data Processing and Electronics (IPE)




Comparison — CPU, GPU and FPGA
Feawre  Amlysis  Winner

DNN Training
DNN Inference

Large data analysis

Timing latency
Processing/Watt
Processing/S$
Interfaces

Backward compatibility

Ease of change
Customization
Size

Development

GPU floating point capabilities are greater

FPGA can be customized, and has lower latency

CPUs support largest memory and storage capacities. FPGAs
are good for inline processing.

Algorithms implemented on FPGAs provide deterministic
timing, can be an order of magnitude faster than GPUs
Customized designs can be optimal

GPUs win because of large processing capabilities. FPGA
configurability enables use in a broader acceleration space.
FPGA can implement many different interfaces

CPUs have more stable architecture than GPUs. Migrating
RTL to new FPGAs requires some work.

CPUs and GPUs provide an easier path to changes to
application functionality.

FPGAs provide broader flexibility

CPU and FPGA’s lower power consumptions leads to smaller
volume solutions

CPUs are easier to program than GPUs, both easier than FPGA

KIT

Karlsruher Institut far Technologie

GPU
FPGA 4

CPU/FPGA

-

FPGA
FPGA
GPU/FPGA

FPGA  4mm

CPU

GPU/CPU
FPGA  4mm
CPU/FPGA

CPU

Reference: Allen Rush, Ashish Sirasao, Mike Ignatowski. “Unified Deep Learning with CPU, GPU, and FPGA Technologies »
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Comparison — FPGA, GPU and FPGA

KIT

Karlsruher Institut far Technologie

DNN Training
DNN Inference

Large data analysis

Timing latency
Processing/Watt
Processing/S$
Interfaces

Backward compatibility

Ease of change
Customization
Size

Development

GPU floating point capabilities are greater GPU
FPGA can be customized, and has lower latency FPGA
CPUs suppor’_c Ia_urgest mem.ory and storage capacities. FPGAs CPU/FPGA
are good for inline processing.
Algorithms implemented on FPGAs provide deterministic

. . FPGA
timing, can be an order of magnitude faster than GPUs
Customized designs can be optimal FPGA

GPUs win because of large processing canshilisi=-
configurability enables use ii
FPGA can implement many ¢
CPUs have more stable archi
RTL to new FPGAs requires st
CPUs and GPUs provide an ez

X strengths and
There are complementary vious “one siz€ fits

weaknesses, there are nNO ob
all” solutions.

—— GPU/CPU
application functionality. /
FPGAs provide broader flexibility FPGA
CPU and FPGA’s | ti leads t Il

an / s lower power consumptions leads to smaller CPU/FPGA
volume solutions
CPUs are easier to program than GPUs, both easier than FPGA CPU

Reference: Allen Rush, Ashish Sirasao, Mike Ignatowski. “Unified Deep Learning with CPU, GPU, and FPGA Technologies »
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KIT Big Data and Data AcQuisition systems QAT

Karlsruher Institut fir Technelogie

Example: Ultrafast X-ray computer tomography @ KARA (KIT)

=

X-rays I |
S — Detector

Sample

KIT Ultrafast camera
T Frame rate: 5 — 100 kfps GPUs cluster

| Q

Reconstruction and semi-
automatic segmentation by GPUs

Feedback to sample manipulator

UFO experimental station:
M. Caselle et al., IEEE-RT
high spatial resolution = sub-um in 2D and 3D DOI:10.1109/TNS.2013.2252528 (2013)
+
high time resolution-> us / ms to give insight in the temporal structure evolution
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High-performance heterogeneous FPGA-GPU DAQ Q|IT

Heterogeneous FPGA/GPU-based readout system, the UFO DAQ platform, has been developed Karbrehe nstituce of echnolooy

From KIT fast camera

System Memory

4

i s o

Chipset GPU cluster

-

High-Flex FPGA
readout card

B Direct FPGA < GPU communication enables real-time data
Round-trip time: FPGA -> GPU -> FPGA processing

Traditional datal flow ® DMA working close to theoretical limit of data link

@ Data latency 5 times better than other DMA architectures
I Direct FPGA <> GPU data flow

0 2 4 3 8 10 12
Latency (s) M. Caselle et al., JINST 12 C03015 (2017)
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High-performance heterogeneous FPGA-GPU DAQ Q|IT

Heterogeneous FPGA/GPU-based readout system, the UFO DAQ platform, has been developed Karbrehe nstituce of echnolooy

From KIT fast camera System Memory

GPU cluster

readout card

B Direct FPGA < GPU communication enables real-time data
Round-trip time: FPGA -> GPU -> FPGA processing

Traditional datal flow ® DMA working close to theoretical limit of data link

|l @ Data latency 5 times better than other DMA architectures

_ Direct|FPGA «» GPU data floy ® Because very low-latency > FPGA and GPU operating as
' ' ' ' an unique system

0 2 4 3 8 10 12
Latency (s) M. Caselle et al., JINST 12 C03015 (2017)

24 February 2018
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High-performance Deep Machine Learning
platform A“(IT

Using heterogeneous FPGA-GPU to combine the strengths of both FPGA and GPU devices

GPU floating point and large
processing capabilities are
excellent, easy to program, etc.

Low-latency, customized designs,
many interfaces (input data),

broader flexibility, etc.

Data
source

<€
Fast feedback to experimental
station based on machine learning
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Machine Learning - FPGA design flow AT

Import .prototxt and
trained Welghts Karlsruher Institut fir Technelogie

= e Compile for ARM and
Zynq Ultrascale+ MPSoC run on board

1

-~
(ITX]]
0000000

idessens

Caffe Prototxt C/C++ Application Pre-optimized CNN

\ Engine
= gﬂ 0
S . _1 1 Deploy.prototxt:

Filter Weights

L=

\ TargetData )

Programmable
Logic .

g Call prototxt runtime
API by SDSoc

®  Full software stack for deploying machine learning

® SDSoC (Software Defined System-on-Chip) generates netlist (RTL) or full FPGA bitstream

file with the Convolution Neural Network S D S C i

® Compiles only ARM software code in minutes. No hardware compilation Environment
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Conclusions ._\\J(IT

Karlsruher Institut far Technologie

@ Deep learning machine open new windows into science where FPGA and GPU well complement each other

@ High-data throughput and low-latency heterogeneous FPGA-GPU system has been developed which can
operate as unique system

@ SDSoC (Software Defined System-on-Chip) environment removes major barrier on hardware development >
allowing developers with little or no FPGA expertise to program FPGA by high level programming languages like
C/C++, OpenCL, Python, etc.

® SDSoC (ReVISION) includes support for the . Sensor Fusion " eMY
Omputer Vigj
most popular neural networks -> AlexNet, W puter Vision —
GooglLeNet, SqueezeNet, SSD, FCN, etc. @penVXm Caffe .~

Vision Acceleration ~

@ FPGA Reconfigurability - allowing to change CNN SDSOC:’
only the DNN/CNN on FPGA without touching the goppetenet Environment ==~ — _ _
rest of FPGA logic

® FPGA Responsiveness - high throughput
system, deterministic low-latency from data

source to inference & control = _ N '
Reference: https://www.xilinx.com/products/design-tools/embedded-vision-zone.html

27 HAP Workshop | Big Data Science in Astroparticle Physics Michele Caselle Institute for Data Processing and Electronics (IPE)



Machine learning on heterogeneous FPGA-
GPU systems

28 HAP Workshop | Big Data Science in Astroparticle Physics Michele Caselle
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http://www.google.it/url?sa=i&rct=j&q=&esrc=s&frm=1&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwjzj7X15qzZAhUILewKHXW0DnwQjRwIBw&url=http://yourinspiringimages.blogspot.com/2011/04/futurenext-exit.html&psig=AOvVaw13MRSOyqMk7TKLOUbQsOFe&ust=1518951866656758

	Slide Number 1
	Slide Number 2
	Galileo and Scientific Method
	Artificial Intelligence 
	Artificial Intelligence 
	Artificial Intelligence 
	Artificial Intelligence 
	Modern FPGA – ZYNQ Ultrascale+ 
	Modern FPGA – ZYNQ Ultrascale+ XCZU11
	Modern FPGA – ZYNQ Ultrascale+ XCZU11
	Modern FPGA – ZYNQ Ultrascale+ XCZU11
	Modern FPGA – ZYNQ Ultrascale+ XCZU11
	Slide Number 13
	Slide Number 14
	Slide Number 15
	Not only FPGA…
	Deep Neural Network on FPGA 
	Deep Neural Network on FPGA 
	Deep Neural Network on FPGA 
	Comparison – CPU, GPU and FPGA
	Comparison – FPGA, GPU and FPGA 
	KIT Big Data and Data AcQuisition systems 
	High-performance heterogeneous FPGA-GPU DAQ
	High-performance heterogeneous FPGA-GPU DAQ
	High-performance Deep Machine Learning platform 
	Machine Learning - FPGA design flow
	Conclusions
	Slide Number 28

