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Introduction

(Stephen Tridgell PhD work)

» Hard to make fully parallel implementations of a NN on contemporary FPGA due
to size

» Fit entire DNN on FPGA by exploiting unstructured sparsity and the following
techniques:

1. Buffering of streaming inputs in a pipelined manner
2. Ternary weights implemented as pruned adder trees
3. Common subexpression elimination

4. Digit serial arithmetic for throughput matching

5. Sparsity control

6. Incremental precision throughput matching

» Apply to automatic modulation classification (AMC), an integral component in
intelligent radio
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Network Studied

Operation Image Size In Channel In Channel Out
Buffer 32x32 3 3
Conv 32x32 3 64
) VGG'7 netWOrk Scale and Shift 32x32 64 64
Buffer 32x32 64 64
I Conv 32x32 64 64
)
Te rna ry Welg htS Scale and Shift 32x32 64 64
. . . Buffer 32x32 64 64
» 16-bit activations Max Pool 32x32 64 64
Buffer 16x16 64 64
. . Conv 16x16 64 128
» Acce pt a Sing le plxel every CyC|e Scale and Shift 16x16 128 128
Buffer 16x16 128 128
(p—1 ) Conv 16x16 128 128
Scale and Shift 16x16 128 128
* H * Buffer 16x16 128 128
Buffer 8x8 128 128
Conv 8x8 128 256
Layer Num Mults Num Mults With Sparsity With CSE Scale and Shift 8x8 256 256
Buffer 8x8 256 256
Convl 32*32*3*3*3%64 1769472 716800 630784 Conv 8x8 256 256
Conv2 32%32%3*3*64*64 37748736 8637440 4653056 Scale and Shift 8x8 256 256
Conv3 16*16*3*3*64 128 18874368 4559616 2654720 Buffer 8x8 256 256
gonvél lf 36* 3*3 138 128 37748736 9396480 5213440 Max Pool 8x8 256 256
o e mone wwe o
Dor1v 4096128 524228 524228 10484561 MuXLayer axd 256 4096
S;/lnse ; h Dense 1x1 4096 128
Total 1222;(;924 ﬁOMMAC /1 ;zsl\(leAC /Im zié?wo /1 Scale and Shift 1x1 128 128
o s/mage s/mage ps/mage MuxLayer 1x1 128 128
1 Obtained by converting one MACs to two Ops Dense 1x1 128 10
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- 1. Buffering of Streaming Inputs

Implement Pipelined 3x3 Convolution

12 13 14 15 16 17

f e d
18 19 20 21 22 23
i h g Input FIFO outputs the
241 250 264 27 28 @29 pixel each cycle to both Buffer A and the
+ first stage of a shift register.
30| 31] 321 33| 34 35 Buffer A and Buffer B delay the output by

the image width




2. Ternary Weights as Pruned Adder Trees

> Weights are ternary

- So multiplication with +1 is either addition or subtraction

- Since we have many multiplications with 0 matrix is sparse

ax(-1) Dbx0 cX1
dx0 e X 1 fx1
gX0 hx(-1) iX0
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- 3. Common Subexpression Elimination

> Weights are ternary
a b C d e f g h i

- Reduces convolution to
constructing adder tree Reg(c-a))  (Regcrd)) (Regle+f)

- Subexpression merged to
reduce implementation

ax(-1) bxo c X1
dxo0 e X1 fx1
gx0 hx(-1) ix0

Computingzp=c+e+f —-(a+h)andzy=c+d—-e—f




THE UNIVERSITY OF

SYDNEY

Improvement in using CSE

Layer % decrease in Adds+Regs % decrease in CLBs %decrease in FFs

1 -29.0 -41.4 -438.4
2 -47.7 -32.6 -40.0
3 -42.3 -42.1 -39.6
4 -44.6 -44.6 -42.3
5 -45.8 -58.8 -45.8
6 -49.4 -60.8 -52.1
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- 4. Digital Serial Arithmetic for Throughput Matching

» Used 16-bit fixed point (imput image)
32x32x3 | 3 values every cycle
» Each layer followed by batch i
. . . . . a b c d e £ g h (Convl/Z (16-bit adders))
normalization with floating point
I. f t \ / \ j \ / 32x32x64 | 64 values every cycle
Scallng 1actor (Reg(c—{ (Reg(c+d))\. [R(j?(e+f))\\ @I;ooll
) SUppOSG that fOI’ d g'Ven Iayer, p (Reg(c-a)) (Reg(c+d-e-f)) (Reg(e+f-h)) 16x16x64 | 64 values every 4 cycles
pixels arrive at the same time 7 (Comva/a (4-bit adders))
. X16X values ever Cycles
- For p = 1 have p adder trees in 16x16:x128 | 128 values every 4 cyel
parallel (ax Pool
; . 8x8x128 | 128 values every 16 cycles
- Forp <1 wprd or blt-sgrlal adders oo oaeem)
can match input rate with hardware
8x8x256 | 256 values every 16 cycles
resources d
@Pooli%
- 4-bit dlglt serial has 1/4 area 4x4x256 | 256 values every 64 cycles
- 1-bit bit serial has 1/16 area Reset (X Layer)
4096 | 4 values every cycle

» Avoids idle adders

' Output '
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5. Sparsity Control

» CIFAR10 dataset

» Weights are compared with threshold

- 0 if less than threshold, s(+1) otherwise A™ ~ ¢ - E(JW]) )

» We introduce the idea of changing e to control sparsity

TNN Type 3 Sparsity (%) Accuracy
Graham [Graham 2014] (Floating Point) - - 96.53%
Li et al. [Li et al. 2016], full-size 0.7 ~48 93.1%
Half-size 0.7 =~47 91.4%
Half-size 0.8 =~52 91.9%
Half-size 1.0 =61 91.7%
Half-size 1.2 =~69 91.9%
Half-size 1.4 =~76 90.9%
Half-size 1.6 =~ 82 90.3%
Half-size 1.8 =87 90.6%
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Breakdown of Layer Sparsity

Layer Type Input Image Size Num Filters €  Sparsity
Conv2D 32X 32 X3 64 0.7 54.7%
Conv2D 32 X 32 X 64 64 1.4 76.9%
Max Pool 32X 32X 64 64 2 -
ConvzD 16 X 16 X 64 128 14 76.1%
ConvzD 16 X 16 X 128 128 1.4 753%
Max Pool 16 X 16 x 128 128 - -
Conv2D 8 X 8 X 128 256 1.4 75.8%
Conv2D 8 X 8 X 256 256 1.4 75.4%
Max Pool 8 X 8 X 256 256 - -
Dense 4096 128 1.0 76.2%
Softmax 128 10 1.0 58.4%
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CIFAR10 Accuracy vs Speed (FPGA Implementations)

2Ir
This work
0|
JFraser etal. 2017]
sl [Lietal. 2017] OUR WORK
. [Prost-Boucle et al. 2017]

- [Liang et al. 2018] @
& 86
>
(&)
< [Baskin et al. 2018]

84.

82|

[Umuroglu et al. 2017]
sof- o

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09
FPS/(LE or LC)
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Automatic Modulation Classification

» Identify modulation type from raw radio signal

- A step towards general problem of interpreting RF scenes from raw signals is a fertile
research problem

> Reconfigurable computing an excellent solution for this problem
- FPGA enable integration of radio and machine learning in single device

- Latency, size, weight and power are crucial in applications
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: Implementation

» System implemented on ZCU111

Tensorflow

RFSoC
\ | Model, dataset, ( inin
- 8x 12-bit 4.096GSPS ADCs | loptimzen quanfizer] T g>
- 8x 14-bit 6.554GSPS DACs R S—
TN Generator | (T bmSEn
- Arm Cortex-A53 Python package
[TTTTTTTTTTTTTTTTTTmTmmmmmm et \J

- Arm Cortex-R5 . ( RTL Generator Jo— Traln\ic;i;htgr:g?xc:inary
» Open Source Verilog generator .;::::::::‘;::::::::::::::::::::::;

- https://github.com/da- Reriog) P chotuien

steve101/twn_generator | N

(Synthesis / Place & RouteD

Y Vivado 2018.3
ZCU111 Bitstream
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FPGA Implementation

» Ternary Modulation classifier: 488K class/s, 8us latency

DRAM |[«—<—| CPU

DMA _ .
(AXI-Stream /T/ Configuration
(AXI-Lite)
RF Data
)> > P‘ c " —<—»|  Scheduler
ADC onverter I/Q samples

2 x {I/Q samples} Predictions
(32b) (240Db)

Convolutional Neural
Network

18
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6. Incremental Precision Throughput Matching

Model TW-64 TW-96 TW-BA- TW-

» Use incremental precision 128 INCRA-
activations instead of 16 bit 128
- Adjust precision to match the CLBs 28k 47k 43k 42k
- Same area as ternary LUTs 124k 232k 234k 211k
activations (29.1%) (54.7%) (55.1%) (49.6%)
- Almost 5% accuracy gain FFs 217k 369k 333k 324k

(25.5%) (43.4%) (39.2%) (38.1%)

524 524 523 512.2
BRAMs (48.5%) (48.5%) (48.4%) (48.3%)

DSPs 1496 1207 1408 1407
(35%)  (28.3%) (33.0%) (32.9%)

Accr 78.7 81.1 75.9 80.2
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Video Demonstration

Activities  *Y Firefox Web Browser ¥ Tue May 19, 16:17 @

JupyterLab - Mozilla Firefox (Private Browsing)

JupyterLab @ ubuntu record screen X £ How to Record Your G

n @ @ =

< c @ 0 4 sydney.edu.au

File Edit View Run Kemel Tabs Help

E = + L] £3 Launcher X W Demo.ipynd X B TwnOverlay.py
A > wn_demo_final B+ XD O » = C code v Python 3

; Name - Last Modified

overlay TwnOverlay(bitfile name="twn.bit",init_rf_clks=False)

notebox

pynb 13 days ago overlay.plot_group

confy

contusion_matrix.py 9 months ago

['confusion’],

w
@
@ dma_timer.py
@

9 months ago
9 overlay.get_confusion matrix3,
sdr_plots. py 9 months ago overlay.get labe
3 ace_data.dat 3 minutes ago

m.bit 9 months ago Building confusion matrix for 4 samples/symbol, 8192 amplitude

Confusion matrix

mOverlay py 8 months ago
Confusion Matrix

&
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O’Shea at al, RadioML Dataset

® 1 @ NVIDIA RTX 2080 Ti
Batch size Platform
® 256 A Xilinx ZCU111
O
2 TW-96
B 488f------- I S
2 TW-64
._g 1 OO TW-96 VGG10
© ® O ®
O % TW-64
22 10 ¢
D X ResNet33
% ~—"
[ 1 - TW-96 VGG10
;“é 0.1 TW-64 ResNet33
75 80 85 90 95 100

Test Accuracy (%)
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Conclusion

» Presented an optimized network for AMC which

- Applies common subexpression elimination and digit serial arithmetic to a fully unrolled
ternary network

- Integrates the entire design on a single chip for a low-latency batch size 1
implementation

» These serve to achieve a level of performance higher than previously reported
» Challenge of achieving state of the art accuracy remains

» As FPGAs become larger, we believe these techniques will become more
common

22
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