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Deep Learning-enabled Al Applications
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Application-level Performance Requirements

for Neural Networks
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Application-level Performance Requirements
for Neural Networks
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High-Throughput Applications Multiobjective Applications Low-Latency Applications

Power constraints
e Absolute power consumption
* Performance-per-Watt



Embedded Platforms for Neural Networks
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High-Throughput Applications Multiobjective Applications Low-Latency Applications

Favourable batch size Batch size of 1

GPUs — Tegra K1, X1 and X2
DSPs — Qualcomm Hexagon,
Apple Neural Engine, ...
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Power constraints
| Absolute power consumption
* | Performance-per-Watt
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FPGAS

* Heterogeneous resources Bl s

e Coarse compute units (DSPs)
* Logic gates and storage elements

* On-chip memor
P Y Look-Up Tables DSP Blocks

* Programmable interconnections

Flip Flops On-chip RAM

* Customisation
e Custom datapaths
e Custom memory subsystems

* Reconfigurability



FPGASs for Neural Networks

High-Throughput Applications
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Multiobjective Applications

Low-Latency Applications
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Power constraints
* Absolute power consumption
*  Performance-per-Watt

Little knowledge about FPGAs
Ease of deployment
“Good” designs

I Deep Learning 1

I Developers
Lm e m o2 oo

Challenges:

High-dimensional design space
Diverse application-level needs
Utilise the FPGA resources
Design automation




Automated CNN-to-FPGA Design Flow

FPGA Target Platform
Specifications
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Streaming Architecture for FPGA-based CNNs

 GPU-based CNNs are restricted to sequential layer-by-layer execution

* FPGA-based CNNs can overlap the execution of layers
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Nonlin
Layer 1
Type: RelLU
Nout: 16

Dedicated hardware stage for
. each layer. |

_______________________________________________

The slowest stage determines
the processing speed.
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fpgaConvNet — Key Characteristics

» Differentiating factors
e Streaming architecture
* Hardware design tailored to the target (CNN, FPGA) pair
* No limit on #weights and model size

* A Synchronous Dataflow model for CNNs
* CNN as a data-driven graph
* Workload is represented as a matrix

* Each layer is mapped to a tunable set of hardware
building blocks

* Design space exploration based on transformations performance
» Coarse-grained folding ¢
* Fine-grained foldi
Ine-grainea rolding ‘\*.

 Graph partitioning with reconfiguration o i

* Weights reloading Resources
18



fpgaConvNet — Streaming Architecture for CNNs
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fpgaConvNet — Streaming Architecture for CNNs

CNN Hardware SDF Graph

Design Space
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Complex Model = Bottlenecks:
— Limited compute resources o o e o
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Transformation 1: Coarse-grained Folding

( 4 Convolutions/cycle
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Transformation 1: Coarse-grained Folding
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Transformation 2: Fine-grained Folding
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Transformation 2: Fine-grained Folding
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Transformation 3: Graph Partitioning with
Reconfiguration

Input Data

l

7x7 Conv, 16
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RelLU
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!
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}

3x3 Conv, 256

!

RelLU
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| Exceeding the available Not enough on-chip
| compute resources memory capacity
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Transformation 3: Graph Partitioning with
Reconfiguration

—————————————————————————————————————

Exceeding the availabl Y h on-ch
Input Data | computoresources, |1 memory capacity - FPGA Reconfiguration |
I 7x7 Conv, 16 \: Conv Layer 1 Nonlin Layer 1 Pool Layer 1
! ! ! K: 7x7 J Tvoe: ReLU | P:2x2
: ReLU E ' S:1 Nyopu 16 S: 2
! ! | Nout: 16 ' Nout: 16
| 2x2MaxPool
[ 5x5 Conv, 64 \: E?;\:SLayer 2 Nonlin Layer 2 Ef);)l(lz_ayer 2
: l | — ' » Type: RelLU ‘e
[ Retu ] >: 1 Nout: 64 : 2
! l ! Nout: 64 Nout: 64
I\\ 2x2 Max Pool /ll
| 3x3 Conv, 256 \: E.C);\)\(/?’Layer 3 Nonlin Layer 3
| .
. l i —) 5. 1 » Type: RelLU
| .
RelLU X
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Transformation 3: Graph Partitioning with
Reconfiguration

Conv Layer 1
K: 7x7
S:1
Nout: 16

Pool Layer 1
P: 2x2
S:2
Nout: 16

Conv Layer 2
K: 5x5
S:1

. Pool Layer 2 Conv Layer 3 .
Nonlin Layer 2 P: 2%2 K: 3x3 Nonlin Layer 3

Type: ReLU ; . Type: ReLU
Nout: 64 5:2 5:1 Nout: 256

Nonlin Layer 1
Type: ReLU
Nout: 16

Nout: 64 Nout: 64 Nout: 245

Reconfigure FPGA

e Run network over batch

*  Write-back to off-chip
memory

28



Transformation 3: Graph Partitioning with
Reconfiguration

Conv Layer 1
K: 7x7
S:1

Pool Layer 1
P: 2x2
S:2

Conv Layer 2
K: 5x5
S:1

. Pool Layer 2 Conv Layer 3 .
Nonlin Layer 2 P: 2%2 K: 3x3 Nonlin Layer 3

Type: RelLU ; . Type: RelLU
Nout: 64 5:2 51 Nout: 256

Nonlin Layer 1
Type: ReLU
Nout: 16

Nout: 16 Nout: 16 Nout: 64 Nout: 64 Nout: 245

* Reconfigure FPGA

e Run network over batch

*  Write-back to off-chip
memory
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Transformation 3: Graph Partitioning with
Reconfiguration

Conv Layer 1
K: 7x7

S:1

Nout: 16 Nout: 16 Nout: 64 Nout: 64 Nout: 245

Pool Layer 1 Conv Layer 2
P: 2x2 K: 5x5
S:2 S:1

Pool Layer 2 Conv Layer 3
P: 2x2 K: 3x3

S:2 S:1

Nonlin Layer 1
Type: ReLU

Nonlin Layer 3
Type: RelLU

Nonlin Layer 2
Type: ReLU

Nout: 16 Nout: 64 Nout: 256

* Reconfigure FPGA

e Run network over batch

*  Write-back to off-chip
memory
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Transformation 3: Graph Partitioning with
Reconfiguration

Conv Layer 1 Pool Layer 1 Conv Layer 2 Pool Layer 2 Conv Layer 3 .
Nonlin L
P: 2x2 K: 5x5 P: 2x2 K: 3x3 onlin Layer3

K: 7x7
T : Rel
S:2 S:1 S:2 S:1 ype: RelU

S:1
: : N 12
Nout: 16 Nout: 16 Nout: 16 Nout: 64 Nout: 64 Nout: 64 Nout: 245 out: 256

Nonlin Layer 1
Type: ReLU

Nonlin Layer 2
Type: ReLU

* Reconfigure FPGA

e Run network over batch

*  Write-back to off-chip
memory

* Batch processing amortises reconfiguration
cost = high throughput
* Latency-sensitive applications?
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Transformation 4: Weights Reloading
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Run-time datapath reconfiguration
for low-latency designs
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A 4
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Type: RelLU
Nout: 16

Load Conv Layer 2 Weights

Conv Layer 2
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S:1

Nout: 64

A 4

Nonlin Layer 2
Type: RelLU
Nout: 64

A 4

Pool Layer 1
P: 2x2

S:2

Nout: 16

Load Conv Layer 3 Weights

Conv Layer 3
K: 3x3

S:1

Nout: 245

A 4

Nonlin Layer 3
Type: RelLU
Nout: 256

A 4

Pool Layer 2
P: 2x2

S:2

Nout: 64
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Transformation 4: Weights Reloading

Conv Layer 1
K: 7x7 P:2x2

S:1 S:2
Nout: 16 Nout: 16 Nout: 16

Pool Layer 1 Pool Layer 2 Conv Layer 3

Conv Layer 2 .
K: 5x5 P: 2x2 K: 3x3 '|l\'l On:-ant-eT.\l/Jer ’
s:2 si1 ype:

S:1
Nout: 64 Nout: 64 Nout: 64 Nout: 245 Nout: 256

Nonlin Layer 1
Type: ReLU

Nonlin Layer 2
Type: ReLU

Derived Reference Architecture

| |
| |
| |
_____________________________________________________________ | |
| : [ . . . 1
| Reload weights from off-chipmemory | i | Convolution Nonlinear Pooling |
and reconfigure datapath DaFica — Bank » Bank » Bank :
. * Run network over batch L | max K: 7x7 Type: RelLU max P: 2x2 :
i Write-back to off-chip memory i : :
| |
I |
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fpgaConvNet — Design Space Exploration and
Optimisation

SDF-based Framework
. Hardware Stages |
— Capture hardware mappings as matrices P ; 7 i 0’_
Design 1 ool -~ S }{rosi] -~ i@ @ B 5§ 0
— Transformations as algebraic operations ool ) S| e L_foo AK? —4K2 0 0 0
— . - 1 —
@ | s | ren N@:@ o TS | oot o 8 8 8 g —44 04 8
— Analytical performance model NG o o ool S =
y p f D ><9[‘"> i | ‘JM[ 0 0 0 0 0 4P2 —4P2—
— Cast design space exploration Design 2 1 —% 0 , 00 0 0
as a multiobjective optimisation problem ol ) g Ii) K . g
— Maximise throughput @ 39 = o @? 0
« . N Window
— Minimise latency 0 0 0
— Multiobjective criteria 0 0 0 7
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Comparison with Embedded GPUs:
Same absolute power constraints

fpgaConvNet vs Embedded GPU (GOp/s) for the same absolute power constraints (5 W)

DenseNet DenseNet
ResNet-152 ResNet-152
GoogleNet GoogleNet
VGG16 VGG16
AlexNet AlexNet
0 50 100 150 200 250 0 50 100 150 200 250
fpgaConvNet - FPGA ZC706 FXP16 @ 125 MHz (GOp/s) fpgaConvNet - FPGA ZC706 FXP16 @ 125 MHz (GOp/s)
TensorRT - GPU TX1 FP16 @ 76.8 MHz (GOp/s) TensorRT - GPU TX1 FP16 @ 76.8 MHz (GOp/s)
* Latency-driven scenario = batch size of 1 * Throughput-driven scenario = favourable batch size
 Upto 6.65x speedup with an average of 3.95x e Upto5.53x speedup with an average of 3.32x

(3.43 x geo. mean) . (3.07 x geo. mean)



Comparison with Embedded GPUs:
Performance efficiency

fpgaConvNet vs Embedded GPU (GOp/s/W)

DenseNet DenseNet
ResNet-152 ResNet-152
GooglLeNet GoogleNet
VGG16 VGG16
AlexNet AlexNet
0 10 20 30 40 50 60 0 10 20 30 40 50 60
fpgaConvNet - FPGA ZC706 FXP16 @ 125 MHz (GOp/s/W) fpgaConvNet - FPGA ZC706 FXP16 @ 125 MHz (GOp/s/W)
TensorRT - GPU TX1 FP16 @ 998 MHz (GOp/s/W) TensorRT - GPU TX1 FP16 @ 998 MHz (GOp/s/W)
* Latency-driven scenario = batch size of 1 * Throughput-driven scenario = favourable batch size

* Average of 1.70x (1.36x geo. mean) in GOp/s/W * Average of 1.17x (1.12x geo. mean) in GOp/s/W

_______________________________________________________________________________________________________________________________________________________________________
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More info: http://cas.ee.ic.ac.uk/people/sv1310/fpgaConvNet.html
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