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Preliminary




Fig 1. Wide usage of Al

» Artificial intelligence (Al) Applications are
In popularity
* Object Detection
« Face Recognition
« Autonomous Vehicles
« Super-resolution Videos

oooooo

» Deep Convolutional Neural Networks
(CNNSs) stimulated Al research
« Mimicking the mechanisms of neurons
« Extracting features effectively
« Qutperforming many traditional methods

Fig 2. Deep Convolutional Neural Network



(a) (b) (c)

(a) AlexNet (Krizhevsky et al., 2012) (c) GooglLeNet (Szegedy et al., 2015) . ] ]
Fig 4. Convolutional Computation
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(b) VGGNet (Simonyan et al., 2014 ) (d) ResNet (He et al., 2016) Convolut!on consists of 90+%
computation

Fig 3. The Development of Deep CNNs . DNN Accelerator is necessary



Deployment Platforms of Deep CNNSs

» Deep CNNs deployment platforms

CORE i9

X-series

(c) GPU (NVIDIA)

Fig 5. The Deployment platforms of Deep CNNs

Improving parallelism — GPU
Improving specialization — ASIC
Improving flexibility, parallelism and
specialization — FPGA

» Convolutional computation acceleration

Accelerating multiplication-accumulation
— Digital Signal Processor on FPGA
Fast convolution algorithm

— FFT, Winograd

» There are still many challenges

Long development period of accelerator
Limited hardware resources on platforms
Balance between performance and resources



Deployment Platformes of Deep CNNs

» Drawbacks of Verilog
* Low level abstraction, consuming lots of time
« Low efficiency in iterative development
« Error-prone element types and data width

1
ayload extends Bundle {
val data = UInt (16.W)
val flag = Bool ()
}
class Port[T <: Data ](private val dt: T) extends Bundle {
val address = UInt (8.W)
val data = dt. cloneType

} .
class NocRouter2[T <: Data extends Module {

val io =I0(new Bundle {

val inPort = Input(Vec(n, dt))

val outPort = Output(Vec(n, dt))
})

// Route the payload according to the address

AL st ;Z
val router = Module(new NocRouterzazg;zgggg(new Payloégz:::;5>

Fig 6. Chisel Code Samples:
Parameterized NoC Routers

» Characteristics of Chisel
* Object-oriented programming
 Functional programming
» High-level parameterized philosophy
— Iteratively develop to the optimal design
— Agile IC design

» Chisel - FIRRTL — Verilog —Synthesis Tool



Q Contribution

Bottlenecks

» Designing accelerator is a long period
using Verilog, consuming lots of
manpower

» Accelerator consumes lots of on-chip
resources, limiting implementation of big
DNN model

Innovative Points

> Agile Development Perspective

)

Design a parameterized DNN accelerator
based on Winograd Algorithm using Chisel
Choose the optimal data quantization to
balance resource and performance

> Accelerator Design Perspective

Optimize on-chip memory resource
Decrease 56% multiplication resources,

61% registers compared with commercial
Implementation

Achieve 3.6X speed compared with CPU
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Winograd Accelerator Architecture




€) Winograd Accelerator Architecture

Global Architecture of Winograd Algorithm

» Winograd algorithm can represent traditional convolutional algorithm, which uses addition
operation to replace multiplication, saving 56% multiplication resources in theoretical analysis.

Y = A" [(GgG") © B"dB)| A.

Tile mXm,
m=4

Feature Map
C=1, H=6, K=6

Filter Kernel g,
rxr,r=3 174

Fig 7. F(2 x 2, 3 X 3) Winograd Algorithm Computing Flow



€) Winograd Accelerator Architecture CR RS
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Global Architecture of Winograd Accelerator
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Fig 9. Winograd Operator



€) Winograd Accelerator Architecture

Agile Development Analysis

» An engineer of a commercial company uses System Verilog to realize the same Winograd
convolution operator

» Our work decreases 64%0 code.

Tab 1. Resources of Chisel and System Verilog on Single Winograd Channel

Conv Ways #LUTs #Registers #CARRY8 #Boned IOB #DSPs |#Lines of Code

Chisel 568 897 32 100 4 390
System Verilog 451 818 40 269 4 1067
Ratio 1.26x 1.09x 0.8x 0.37x 1x 0.36x
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Design of on-Chip memory Buffer

» Our design uses 6 BRAM to rearrange data and achieve data reuse in rows, meeting
Winograd computing flow requirements and saving on-chip memory.

Data reuse in columns
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Fig 10. F(2 x 2, 3 x 3) Data Tile Flow Fig 11. Transfer Design (Data reuse in row)
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Pipeline Design of Architecture

l_ | Rank Change > In the architecture, we design a 9-stage pipeline to continuously
mput | | | ] process the input data and improve throughput.
Feature Transfer
Map
B BT
Module Module cdk 0 1 2 3 4 5 6 7 8 910211121314 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35
READ RAM
7 OUT  READ RAM
OUT  READ RAM
GgG” MAC AT OUT | READ RAM
Module »|  Module Module ouT READ RAM
Al OUT  READ RAM
v A0 OUT' | READ RAM
. A AT1 AD ouT READ RAM
PRI/}]:(_ll(l)l:t Module ATO ATL OUT __ READ RAM
Winograd Kernel
Winograd Operator . . . .
Fig 12. C=1, F(2 x 2, 3 x 3)Winograd 9-stage pipeline
Quantization, Pooling,
Activating Module
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€ Analysis of Performance

Deployment Platform and Resource

» Deployment Platform: XILINX Alevo U200 FPGA
Tab 2. XILINX Alevo U200 on-Chip Resources

> ' - .
Hardware Resources Instantiate 32 Winograd operator channel in our

design
Look-UP Tables (LUTSs) 1,182K
Registers 2.364K » DSPs are expensive and usually become the bottleneck
Digital Signal Processor (DSPs) 6,840 of DNN deployment
Double Data Rate (DDR) 64GB

» Therefore, decreasing the number of DSPs in single
unit will promote DNNSs to deploy on cheaper FPGAS



€ Analysis of Performance

Hardware Resource Analysis

> Baseline : MAC-Tree Acceleration with the same throughout

> Baseline is used in commercial company, implemented by experienced FPGA engineer

» Our design decreases 52%0 DSPs and 6120 registers

Tab 3. Resources of Winograd and MAC-Tree in Single Channel on FPGA

Convolution Ways #LUTs #Registers #CLB #CARRYS8 | #DSPs

Winograd 337172 456302 66597 18772 2382
MAC-Tree 316887 1173517 138527 7661 4942
Ratio 1.06x 0.39x 0.48x 2.45x 0.48x




€ Analysis of Performance LEEER

Acceleration Analysis

» Tasks : Inference acceleration of VGG-E neural network for classifying flowers

» Neural Network Architecture: 16 Convolutional layers and 3 full-connected layers

» Convolutional Computation: 39 GFLOPs Tab 4. VGG-E Parameter
Layers Depth CxHXW K GFLOPs

Convl.1 1 3x224%x224 64 0.17

Convl.2 1 64 x224x224 64 3.70

Conv2.1 1 64x112%x 112 128 1.85

Conv2.2 1 128x 112x 112 128 3.70

Conv3.1 1 128X 56 X56 256 1.85

S ———— » Conv3.2 3 256x56x56 256 11.10

sy lxuxsiz [ i Db Convé. 1 | 256x28x28 512 1.85
T Conv4.2 3 512x28%x28 512 11.10

Convs 4 512x14x14 512 3.70

(5 convolution+ReLU FC1 1 512x7x7 4096 7.37

tﬁ lfllll;]: 'c)((::::::ftml+Ro[ U FC2 1 4096 4096 1.20

= ‘ FC3 ] 4096 5 0,001
Sum of Conv 39.02

Sum of FC 8.57




€ Analysis of Performance

Acceleration Analysis

» Baseline : VGG-E inference on Intel CORE i5 » Setting: FPGA@200M Hz
CPU

Todder tree = log, C, (3.1)
> Achieve about 3.6X inference speed

(Tpipeline + Tadder_tree + H X W) XKxC

cycles = K , (3.2)
Tab 5. Inference time
t =cycles/F. (3.3)
Deployment Platforms =~ CPU  FPGA Winograd Ratio
16
Infrence time 1398ms 385.42ms 3.6x ) Zl:l((Tpipeline + Tadder_tree + HI X VVI) X Kl X CI/Kwino
VGG_conv_time = fa . (34)

VGG_time =V GG_conv_time + Tyyppine + o + T (3.5)



€ Analysis of Performance

Agile Development Analysis

» The optimal quantization width is decided by our highly parameterized architecture

> The optimal config, with data error only 0.003%, decreases 30%0 utilization of LUTs compared with
full-precision quantization

» With rapid iterative development enabled by Chisel , we can balance the performance and resources

Tab 6. Resources of Winograd quantization width of Winograd Operator

Quantization Width #LUTs #Registers #CARRY8 #Boned IOB #DSPs Average Error Rate

Dec(8,7) 475 813 32 100 4 0.0158411%

Dec(9.7) 339 863 32 100 4 0.0047639%
Dec(10,8) 568 3897 32 100 4 0.0030219%
Dec(10,7) 612 893 32 100 4 0.0038729%
Dec(12,10) 787 1146 62 100 4 0.000206424%
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Q Conclusion and Outlook

Conclusion

> Agile Development Perspective
* Design a parameterized DNN accelerator

based on Winograd Algorithm using Chisel
» Choose the optimal data quantization to
balance resource and performance DDR

> Accelerator Design Perspective

» Optimize on-chip memory resource

 Decreasing 56% multiplication resources,

61% register compared with commercial
Implementation

e 3.6X speed compared with CPU
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Quantization, Pooling,
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Fig 8. Global Architecture of
Winograd Architecture



Q Conclusion and Outlook

Agile Method

> Promote the development of Al accelerator with agile development
methods

> Build a more general DNN accelerator based on Chisel in future to
make Al more accessible.

» Contribute to hardware and software co-design
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