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DNNs in the Embedded Space - Uariability in Performance Requirements

(" surveillance ) /" Aerial Monitoring )\ /” Autonomous Driving "\

/ (" Smart homes/cities ) N\

Scene Understanding
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Low-Latency Applications

High-Throughput Applications Multiobjective Applications

Power constraints

Focus: Couple the design of the ML algorithm with the design - Absolute power consumption

of the computational platform to improve performance and
enable the deployment of Al systems

» Performance-per-Watt
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GPUs — Tegra K1, X1 and X2 FPGAs
DSPs — Qualcomm Hexagon, * Custom datapath
Apple Neural Engine, ... e Custom memory subsystem

* Programmable interconnections
» Reconfigurability

External Memory
(DRAM)

Look-Up
Tables DSP Blocks

i On-chi
Flip Flops E/fmlp

v/ High throughput v High throughput
X Low latency v Low latency
Challenge: Huge design space
X Low power V' Low power Our Approach: Automated toolflows
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Challenge #1:
Mapping
Automation




Imperial College

Challenge #1: Mapping Automation

Little knowledge about FPGAs
Ease of deployment
“Good” designs

Challenges:

* High-dimensional design space
» Diverse application-level needs
« Utilise the FPGA resources

» Design automation

f,ntelligent Digital Systems (ab

Would like to:
— Target FPGAs

— Optimise for
high performance
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Challenge #1: Automated CNN-to-FPGA Toolflow
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fngaConuNet - Design Space Exploration and Optimisation

« Synchronous Dataflow Modelling - Hardware Stages )
i nlin Sliding Sii -1 _1 O 0 0 0 0 ]

— Capture hardware mappings as matrices | | Design 1 () - - - 0 K2 kK2 0 0 0 0
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Meeting the performance requirements
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fpgaConvNet vs Embedded GPU (GOp/s) for the same absolute power constraints (5W)

DenseNet
ResNet-152
GoogleNet

VGG16

AlexNet

0 50 100 150 200 250

fpgaConvNet - FPGA ZC706 FXP16 @ 125 MHz (GOp/s)
TensorRT - GPU TX1 FP16 @ 76.8 MHz (GOp/s)

« Latency-driven scenario = batch size of 1
. * Up to 6.65x speedup with an average of 3.95x
. (3.43% geo. mean)

__________________________________________________________________________________

DenseNet
ResNet-152
GoogleNet

VGG16

AlexNet

0 50 100 150 200 250

fpgaConvNet - FPGA ZC706 FXP16 @ 125 MHz (GOp/s)
TensorRT - GPU TX1 FP16 @ 76.8 MHz (GOp/s)

* Throughput-driven scenario - favourable batch size
' » Up to 5.53x speedup with an average of 3.32x '

(3.07x geo. mean)

________________________________________________________________________________________
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Challenge #2:
Multi-CNN Systems
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Challenge #2: Multi-CNN Systems - Autonomous Drones

T Camera

Set of CNNs

Semantic
Segmentation

Object Detection

Monitoring Domain Task

l Mapping?

Target
Platform

DSP

13
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Challenge #2: Multi-CNN System

Challenges: f o 'l |
: | b Per-CNN L Target Platform I

* Resource allocation among CNNs | | Setof CNNs | ! Performance L 2 g Pl !
* Design automation .\ ) : Requirements ! : pecitications |
__________ N - — - —— " —— N\ e

Why?

* Models with different performance
constraints, e.g. required throughput and
latency

« Competing for the same pool of resources

« High-dimensional design space

Optimised Mapping

|
___________ >
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One customised hardware engine per CNN

Explore both on-chip resource allocation and different memory access schedules

A

1
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I CNN Enginel
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Multi-CNN Hardware B
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Comparison with Embedded GPUs: Same ahsolute power constraints (W)

Performance-per-Watt: f-CNNx vs. TX1 at g W

ZFNet RS
ScenelabelCNN —
0 5 10 15 20 25 30

m f-CNNx (ZC706) (GOp/s/W) m GPU TX1 (GOp/s/W) (5W)

» Latency-driven scenario = batch size of 1

* Up to 9.68x speedup with an average of
. 5.25x (geo. mean)

________________________________________________________________________

Performance-per-Watt: f-CNNx vs. TX1 at gW

7FNet —

PilotNet ™

o} 20 40 60 80 100

m f-CNNx (ZC706) (GOp/s/W)  m GPU TX1 (GOp/s/W) (5W)

* Latency-driven scenario = batch size of 1

* Up to 19.09x speedup with an average of

6.85x (geo. mean)

________________________________________________________________________
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Challenge #3:
Time-constrained
Inference
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Challenge #3: Time-constrained Inference
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Challenge #3: Time-constrained Inference
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Approximate LSTMs

— lterative refinement using SVD + Pruning.

— Paremetrised with respect to:
* Number of iterations
* Level of pruning

Parametrised hardware architecture,
tailored for approximate LSTMs

Co-optimise given a user-defined time budget

wwwwwwwww
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Weight Matrices

#DSPs ,
Memory BW, —p

FPGA Resources

' Approximate FPGA-based LSTMs under
‘ Computation Time Constraints

Michalis Rizakis, Stylianos I. Venieris, Alexandros Kouris, and

“ Christos-Savvas Bouganis

| Dept. of Electrical and Electronic Engiuoorir.lg ‘Imporial .( i

{michail.rizal(isl4, stylianos.vemens»lO, a.xtfuns ’
christos-savvas.bouganis}@impenal.ac.ux

‘ollege London

i
JI—

User-input .
{maxTime, max€trror} _.

Application
Evaluation Sef

| =

FPGA Implementation
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Impact on LSTM-based Image Captioning
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Impact on LSTM-based Image Captioning

Input Image

0.8

0.6

BLEU

0.4

1.5 2 2.5 3 3.5 4 4.5 5
Runtime (s) 1073
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Impact on LSTM-hased Image Captioning
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Challenge #4: Privacy-restricted Optimisation

Aim: Design an optimised HW system (performance and accuracy)

Given:
« A High-Level CNN Description (i.e. Caffe)
A target FPGA platform

Trainfy@ Data  privacy, availability
Testing Data

Target metric (top1/top-5 accuracy, ...)

= quantisation with retraining step

Limited quantisation opportunities \-

24
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Challenge #4: Privacy-aware Deep Learning
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Cascade“Ny: High-level System Architecture

Pushing quantization bellow limits of acceptable accuracy to gain performance (high throughput)

Evaluation of Quality of Prediction to identify and correct error introduced by quantization

/
(>0
\Ké,

High-Precision Unit:

Low-Precision Unit: Confidence

Degraded accuracy Evaluation Unit: Correct detected

classification with high |dentify misclassified samples,
misclassified cases to restore accuracy g

performance



Imperial College Lntelligent Pigital Systems {_ab

London
Challenge #4: Privacy-aware Deep Learning

_____________________________________________________________

Layers,
Weights,

ﬂ GND

QUANTISATION EVALUATOR Validation Set

. User-Input:

w. maxéError

CNN Description

HighPrec

LUTs, DSPs
Memory BW,

On-chip,

Roofline Model HW Architecture

FPGA Platform

_____________________________________________________________
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Challenge #4: Privacy-aware Deep Learning
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Research topics

‘ Multiple CNN Mapping

’ Time-constrained Inference

Privacy-aware Deep Learning

www.imperial.ac.uk/ids/
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