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% 2: Poly-bench & CNN Benchmark

Benchmark Description

3DCONV 3-D Convolution

3MM 2 Matrix Multiplications (E=A.B ; F=C.D ; G=E.F)
ATAX Matrix Transpose and Vector Multiplication
BICG BiCG Sub Kernel of BiCGStab Linear Solver
CORR Correlation Computation

COVAR Covariance Computation

GEMM Matrix-multiply C=alpha.A.B+beta.C

MVT Matrix Vector Product and Transpose

SYRK Symmetric rank-k operations

Fully Connected Fully Connected NN

LeNet-5 Training Training of LeNet-5, a classic CNN architecture
LeNet-5 Inference Inference of LeNet-5, a classic CNN architecture

+ CASLab LLVM Compiler RIBE4E R

Fig.14 2| Fig.16 tE#438% AMD CLOC & GPU Finalizer &2 CASLab Fit
5T 2 Compiler #18% Testbench Z Kernel Code  #mzZR:f8 - Code
Size B Register - £ Fig.14 olDIBHEREZRE L - M9 LLVM
Compiler ZERE R AMD CLOC + Finalizer #& - Fig.15 7£ Register i
FALE - LLVM Compiler Z2 41.6%RE1E - MIFAE /DM Register FLEESE
PRAZTRES - Fig.16 RIGRARERIES BEKE - LLVM Compiler t5EZEZ|
17.6%R915 < 4@ °

Compilation Time (ms)

120.00%

3872.5 2178.2 2101.7 2225.6 22185 5016.144
100.00%

80.00% §
0
~

60.00% = = F ~

3 5 S 5 z 3
—
40.00% = o =y = = 2
o - a =) o -
n o o oo ]
0.00% ] | | I ||
bfs BitonicSort Floydwarshall MatrixTranspose oclMatrixMul LeNet-5

® Original ® New Compiler

Fig.14: Compilation time comparison of each testbench
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Register usage

120.000
28 7 7 = 23 a7 130 #
100.00% o = ~
& i 4] =4
= [ P -
80.00% = = o i 8
@ Y w
= - o
6O.00% =R o £
|
40.00%
0.008
bfs BitonicSort FloydWarshall MatrixTranspose oclMatrixhMul LeNet-5
m Original = New Compiler
Fig.15: Register usage comparison of each testbench
Code size (Instruction Count) N
) M~
o = s
120.00% 5 3 ® S &
w o o = = =3
91 < 44 % 44 = 161 s 242 ; 5]
) S o] A « ]
100.00% % @ < ~ =
s o S : o
~ =~ o o
80.00% = =
60.00%
40.00%
20.00%
0.00%
bfs BitonicSort FloydWarshall ~ MatrixTranspose oclMatrixMul LeNet-5

® Original ® New Compiler

Fig.16: Code size comparison of each testbench

- CASLab GPUsim BE4S R

%5 7 EEB CASLab GPU EXBE ERIERIR - E1EER intel-i7 6700 DUR RS
FMHARER Nvidia TX2 fEREER - AIHENEA LeNet-5 Inference - &EMi#%H
GPUsim & ER Demo ¥ A Z Youtube 845 - &13[1] LeNet-5 Inference
PUR[2] LeNet-5 Training(5000,28*28) - Fig.17 %#11T LeNet-5 inference &
MAERE - RRERIZE S X2 ZMERRIZ TensorFlow Application Execution
Time] - i7-6700 & 2.76ms - TX2 16& 0.18ms - WX FEHE R CASLab GPU
A A AMD CLOC + finalizer i #mz2Fr 81T 25 E7% 0.249ms £ 0.219ms BURAS
CASLab GPU REIfMZeEaeET - ATk CASLab R A LLVM Compiler iS5
REZE 0.175ms 2 0.172ms - TEXMEE L BRERICCE - HITRRBTER TX2 -
M#E[3]% CASLab GPU #E#F &/ github A8t - FARZEIMUE EE#RT
CASLab GPU BEE AT AR B -
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LeNet-5 Inference Execution time on GPGPU

so0es0s  INntel CPU

2.76E+09

2.50E+09
2.00E+09
1.50E+09
1.00E+09
NVidia TX2

5.00E+08

2.49E+08 2.48E+08 2.19E+08

1.75E+08 1.74E+08 1.72E+08 1.80E+08
0.00E+00 . l l
Intel-i7 6700 1.3GHz,2400 1.3GHz,2400 1.3GHz,2400 TX2 1.3GHz
3.4GHz NoHash Hash Hash 85Ms LPDDR4
4cores(8) DDR4 PreFetch
Finalier+AMD CLOC compiler = OpenCL offline Intel-cpu Tx2
Compiler

Fig.17: LeNet-5 Inference Execution Time

FPGA Baz5 SR

B FPGA configuration

€ Board device information

Name : HAPS-70(S-12)

Device: Xilinx Virtex-7 XC7V2000T FLG1925
Logic Cells: 1,954,560

Sram size: 12892 x 36Kbits

DSP slices: 2160

€ Software support

ProtoCompiler : Compile, Pre-map (add constrain), Map
(construct actual circuit)

Vivado: Place and Route

Confpro: program
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Fig.18: HAPS-70

Fig.18 75 HAPS-70 FPGA B - ¥ TSMC 40 = KEZHK G A CASLab
GPU-Lite fR A& - &% 3 Pi7r - 58 GPU 7 FPGA EfFER 7T 1,054,569 &
LUT(look up table)x 898 %8 36kBits block RAM - &R EEEX %
5,627,088.775um2 = E % 100MHz -

AEETE GPU ESAc E R RERRRFIMIRE - BAT FPGA ERIRSEE
SRR - 48 775‘5 100MHz - REMER 1 38 SM - 518 SM #9 SIMD Width &

4 RHEE 4 EEEZLD - £ DRAM B F FPGA AENZ #tAY SRAM ZR{HE

e
#. 3 GPU FPGA configuration

Experiment Platform Our GPGPU in FPGA
Frequency 100 MHz

SM Number 1SM

DRAM Frequency N/A (i€ * FPGA p &7 SRAM)
Workgroup Number 8 Workgroups /SM

Warp Number 32 Warps /SM

SIMD Width 4

Core Number (SP) 4

L1 Instruction Cache 16KB (2-way, 64byte line)

L1 Data Cache 16KB (2-way, 128byte line)

Fig.19 #&’Kr CASLab GPU-Lite RTL £ &5E2 CASLab GPUsim & FEt¥44s
polybench I TRSEILLER - ol USRS Em & 2IFE B - &0 CASLab
PREAEERMY GPU RrE R istE (it BB R IE R EIFROTTA - BRIAAR FPGA IEREEIR
AR - HAEEBLIR Nvidia TX2 HREEEER FPGA LR ELE - BEMR AR



CASLab GPU-Lite Ea I EREHAR - RERKFGIHFEBCIEIERI D AIRE -
P #%[4]%2 F 5RBR CASLab GPU-Lite i? FPGA ERVERRE AR -

CASLab ##F3 ESL full system &5t - #EEAEZE X IHTTIE TensorFlow-
OpenCL #TIRIE - 1R#E OpenCL Spec EfFECHEGEIEE - ENRFAEMN
HSAIL &5t H HSAIL-Lite hRZASHY GPU ISA - BF3& 7 LLVM Compiler RZIERE
AR EZLE(EEE(E GPU MWBTIRE - 13 5EIRFIEE SIMT 2248 GPU - ZEFZH
1T#EF1TIBE - £ Full system & M E25& CNN model ~ OpenCL testbench BJ1E
MM - % ESL GPU sET B EZIEE RTL B4R - I E RTL B4R LRELE RN
EEMURES ESLAZE THRITRE  fTEBRE8EE—HESR GPU -

RTL vs ESL Execution time on GPU

1600000
1400000
1200000
1000000
800000
600000
400000

200000
0 — —_— | . |

oclVectorAdd BICG ATAX 2MM 3DCONV 2DCONV

H RTL time(ns) ESL time(ns)

Fig.19: RTL vs ESL Polybench Execution Time

V,J-ﬁ’z-

[1] % 7+ LeNet-5 Inference on XGPUsim » = L ¥R % A @] Ff XGPUsim & %2 > + LR 5 &
i7 2. TensorFlow LeNet-5 inference » ¥ 1/ —g Tl AN ARG AP B2 MPHE
TR o MEF TR ER > A ?Faﬁia?J/\ FALE 90 &S inference Tty H_9 il 5k
3 o
https://www.youtube.com/watch?v=A7KXUoQ2RZ4
[2] %2 7+ LeNet-5 Tralnlng(SOOO 28*28) on XGPUsim > 2" %% 5000 5k 28*28 pixel @B & -
Batch % 50 - Iteration = 100 © 2 #& LeNet-5 Training » ¥ 14 —g Py 0 16 2 gy
tune ¥ 0.30 > ¥ 1—" |y hmFEs > 2P ENHEBE* < L GPU ' RpF g
PO EE K AR o K{ 16 % ¥ A ¥ %% » CASLab GPU ur_ﬁ M2 2 B b 3
T RBaf BRI R A et R AR &V E T AV REER iE
B > ¥ A B¢ GPU e FoiE o https://www.youtube.com/watch?v=a3E3s7TgYTA
[3] CASLab GPUsim github 4k » i % it &+ & §& CASLab GPUsim » ¢ T OpenCL #2 3¢

B GPU _}F 34 {7 k= o https://github.com/caslab-NCKU/CASLab-GPU-SIM
[4] #* % CASLab GPU-Lite ** FPGA ' enZ & /A2 E ;= ¢ 7 7 pre-sim, post-sim efickt
%% > 112 4% ProtoCompiler % Haps-70(FPGA) } & 34 {7 11 FPGA Sk 75 i 4% ©
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https://www.youtube.com/watch?v=A7KXUoQ2RZ4
https://www.youtube.com/watch?v=a3E3s7TgYTA

https://www.youtube.com/watch?v=a3E3s7TgYTA&list=PLc8ROZIxpldM5 yG1HdYv3D-
WOfISE7sW&index=2&fbclid=IwAR2dm90bZiODOBjearklyCm0OgOA3nrc-
5BREsOBthgAhIDu4iN43 QHeaqro

[AIE TensorFlow Application Execution Time]

£ Python Inference code %/l A TensorFlow timeline APl - @l Fig. 20 - L5/&
=LUAIE TX2 89 Execution Time &6+ -

from tensorflow.python.client import timeline

4] thRunMetadata # 5% ¢ buffer #dz B T run_metadata 4% A timeline a3 ¥ 2 g
~ 3] json Fh &

if

run mgtadata = tf.RunMetadatal()
mnist = input data.read data sets('/tmp/fensorflow/mnist/input data', one hot=True)
test_images = np.array(mnist.test.images/ [ IMAGE NUM-1):IMAGE NUM+test amount, :]

infer = inference()
result = infer.predict(test images)
Trace = timellne.llmelLlne(step_stals=run_metadata.step_stats)
with open('timeline tx2.json',6'w') as trace file:
trace file.write(trace.generate chrome trace format())

A d

test amount % T_& inference @) #cE

predict(self,image):
with tf.device('/cpu:8"):
self.saver.restore(self.sess,self.parameter path)

with tf.device('/gpu:0"):

predition = self.sess.run(
self.lenet.prediction,
feed dict={self.lenet.raw input image: image}.
options=tf.RunOptions(trace level=tf.RunOptions.FULL TRACE)
run_metadata = run metadata
)

#-session £ trace level 3% %_% FULL_TRACE
#-session p PF eI run_metadata i ® buffer p

Fig.20: 14 Inference Code iit2

= Inference —3REIG - AR 1.74 ¥ - (BE2FS2IRVMEZ Execution time
= Compile time + Compute time - EZEHR Compile time - FZ15 2 (g
prediction MK - ABE _RWAITESERBMMBI S LHm=ZLFH kernel - Fig.21 &
FC#% 58— RHY Execution time -
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https://www.youtube.com/watch?v=a3E3s7TgYTA&list=PLc8R0ZIxpIdM5_yG1HdYv3D-W0fISE7sW&index=2&fbclid=IwAR2dm9ObZiOD0BjearkJyCm0gOA3nrc-5BREs0BthqAhIDu4jN43_QHeqro
https://www.youtube.com/watch?v=a3E3s7TgYTA&list=PLc8R0ZIxpIdM5_yG1HdYv3D-W0fISE7sW&index=2&fbclid=IwAR2dm9ObZiOD0BjearkJyCm0gOA3nrc-5BREs0BthqAhIDu4jN43_QHeqro
https://www.youtube.com/watch?v=a3E3s7TgYTA&list=PLc8R0ZIxpIdM5_yG1HdYv3D-W0fISE7sW&index=2&fbclid=IwAR2dm9ObZiOD0BjearkJyCm0gOA3nrc-5BREs0BthqAhIDu4jN43_QHeqro

Record || Save || Load | timeline_1_tx2_sec.json
[ 1000 s [1.000 ps |00 s |09 ps
229 ms

Compute (pid 9)

)

[
[
~ Jgpurdistream:13 Compute (pid 7)

J ‘ ComzD Com2D ConvzD M

+ JgpuO/stream:14 Compute (pid 11)
)
~ Igpu:0istream:15 Compute (pid 13)
)

~ /gpu:0/stream:all Compute (pid 5)

) ‘ ConvzD Com2D ConvzZD [

~ fjobl lica:0ftask: 0/cpu:0 Compute (pid 3)

- \

~ fjob| lica:0ftask 0/gpu 0 Compute (pid 1)

h] * Conv2D Ba Rel Max ConvzD Bia Rel Max G.. Frod v Ba Mat Arg

s

Fig.21 Inference % _ZR Execution Time

% _Rinference —5REFER 2.29 ms - (BB OREERBHEM runtime BIEF
& BKEMER inference ZREIMISE YT - 152 Fig.22 RI=7% 0.186 (ms / per
image) - FTLIF1T inference —REIRIFEREIA%S 0.186 ms -

200 Tx2 inference¥c® £ pF & i % )

180 y=0.186x+ 1.4
160
140
120
100
80
60
40
20
0

(0 B8 )= H

0 200

400 600 n 800 1000 1200
Inference B % #& &

Fig.22: Tx2 inference ] & #c & ¥ P& ¥ B 4 B
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Micro-Darknet for Inference for Al ASIC Design

F> 2+ BT #1425 Computer Architecture and System Laboratory

CRETEERO Al BRABNRE - TH TAl B AEARSBEINFEKCERE
B W8 - &R IHERIZETN Micro-Darknet for Inference (MDFI) & C-code
based DNN :Z&REF - MAIN#EEEE - BlolfaE S TUNRSBRETHREELER - W
Input data reuse, weight reuse, output reuse AEIRETHEHMR - BolZEEE
£ Digital MAC, or Analog MAC, Compute-in-Memory & BIFEZBIIF TR 4T -
mENEE RN R Al R ANERREERRAZRRE -

— KA R EE N
ERANREZFTE(Edge Computing)#J Al-on-Chip ASIC 55t HEZ%E & DNN &
RERERER - BRERRMERIBNARBR DT - W Fig. 1 Fiw:

Deep Learning
System-Level Analysis
Memory

technologies
Architecture Exploration DL

—— e o (e ) applications

Flash reuse, execution time, ener Yolov3,
Non-volatiles o oy GAN.. .

DRAM
Implementation
RTL, FPGA, Silicon

Fig. 1: Deep Learning Accelerator ASIC Design System Framework

Al Accelerator BEE R A ima U HALEEAE - B4 S o sEEIBe M ETT
ELES M BERY Architecture Design - LﬂEIIVEEE;ﬁ% %TE’J DNN FER4 Yolov3,
Yolov4 & « DI#ETT Al NN3RESAVRRETEAENRE -

K#Lffs " Micro-Darknet for Inference  : MDFI B— & AR H#RIEL - 248 C
code ¥ Neural Net Inference Framework - <& B PF7REI Al-on-Chip ASIC
FERE - EZQLUER MDFI RERE Al-on-Chip ASIC BIEIERE S H 85T A EAR
e REtENEA LSRR R ESFERNINITYAEE

ff‘iﬁ
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FEEE O] UIARYIE MDFI ESL (Electronic System Level) &4l - 40 Fig. 2 - FAE&E

—1& Al-on-Chip &k - ZEfF Darknet Pz BRI T 48

5THY CNN A& REART -

MDFI C Source Code

Parsing model configuration

Reading YOLO
labels/weights/test image

MDFI Code Revision
for
Convolution Unit

Parsing model configuration

Reading YOLO
labels/weights/test image

EITHEUIE RS RAR AR AT EARBERTAS

(Forward convolutional layer(1 35\

Execute matrix

multiplication

(Forward convolutional layer(1 35\

conv_padding()

Call_CU()

Activation

Other layers

Activation

Other layers

Fig. 2: MDFI #:1fifsE A #

R4 Model S BE1THEER
Host PC
Virtual Platform
QEMU [ YOLO...
MDFI

[
|

Operating System
1U / Al aceelerator Driver

Inter-Process
Communication

/

Inter-Process

SystemC

Communication
Wrapper
Convolution Unit
Controller }—: On-Chip Memory

ol

/|

MDFI FixizRVESRINEZFRH int-8-16-8 RUERIEIL - M $EAJ DNN

model 82%
1. #EB817R85

1788 5TAY CNN (Convolutional Neural Net) 18

2: Darknet PFZ#E8Y Image Classification DNNs 3§ Object Detection

Models # Fig. 3 FA7R -
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Model MDFI Darknet
YOLOV2 608x608 X (0]
Tiny YOLO X 0
YOLOvV3-320 0 (0]
YOLOv3-416 0 0
YOLOvV3-608 0] (0]
YOLOvV3-tiny 0 0
YOLOvV3-spp 0] 0
Go X 0
Alexnet 0 (0]
Darknet reference 0 0
VGG-16 0 0]
Extraction 0 0]
Darknet19 0 (0]
Darknet19 448 0 (0]
Darknet53 0 (0]
Darknet53_448 0 0
Resnet 18 0 0
Resnet 34 0 0]
Resnet 50 (0] (0]
Resnet 101 (0] (0]
Resnet 152 0 (0]
Densenet 201 0 (0]
ResNeXt50 0 0]
ResNeXt101 0 0]
ResNeXt152 0 (0]

Object detection

AlphaGo

Image classification

Fig. 3: MDFI Pixz1E#) DNN models

— - mitERREERTIZRE

Al BREREEEZ  BAMNERBREAMEAERABERZEZRELHK - R
12 Gartner 214 - 2018 £ Al BB EEESKEZR 10 8% - £ 2022 Fi5iE
13251837t - R Allied Market Research M —@IReE - 2017 FEIKIEERE
BRAMEREYN 24 B350 - 85158 2025 FiE—mEREREND 378 B
TG MEFIBRES 40.8% - MUWNAMS - BRIERMW 4 & Al 2REEA CPU -
GPU - FPGA ~ ASIC - #g5ETEET Al ASIC HUIRAKRKFiEBiEE GPU - BRIINERZRESR
MAC DIEAIEET R E - TEETRREIR A RIERET i 5 & LA B Non-volatile EE
BESEAREEL T - W Fig. 4 FA7R:
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Data .l ol Physical
5 _ Weight (Digital) Weight (Digital) 35 Data
IE 2 Interface 2 @
[=] =
& )
g i = 8 g
5 =1
o i i ..
&’ dE H R
i £ X))
=~ Weight (Analog) Weight (Analog) =

Analog signal

Digital code

Fig. 4: MDFI for Al ASIC @R ®EtEiliEREE

= BEHMEF MBI Z B E LR

MDFI %1& Al-on-Chip ##ESE - BEE S 1& ASIC Design - H Code size,
Compilation time 3@ EAEM DNN framework AL 17380 Al Accelerator &
i #MFig.5 FA7R -

Compilation
Framework Feature Code size time(sec)
Darknet Train/Inference 822k 13
Caffe Train/Inference 48M 302
Tenserflow (static lib C) Train/Inference 221M 3630
Tflite (static lib) Inference 1885k 231
=  MDFI -Os Inference 155k 3

* MDFI -Ofast Inference 278k 4
+  MDFI_lite_mem Inference 279k 4

* MDFI -Os : “optimize for size”
* MDFI -Ofast : “Disregard strict standards compliance”
* MDFI_lite_mem : “Layer-wise memory management version, and compile with -Ofast”

Fig. 5: MDFI %&— light weight inference C code BE#FR Al NIRREREE

MDFI &—#&38 8/ Light weight inference C code - E#TMRERBIRIAR
Darknet Framework # Fig. 6 #{TH5RE Z LB -
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12.000
10.000
8.000
6.000
11 1
2.000
0.000 — - | | — _— ] -
(sec) MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet
alexnet resnet152 resnet50 tiny vgg-16 yolov3 v3 tiny
500.000 Fe
400.000 %
300.000 %
[
100.000°
L e Y A
(SEC) MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet
alexnet resnet152 resnets0 tiny vgg-16 yolov3 v3 tiny
Pl
50.000
40.000
20.000
10.000 . .
0.000 J— -— - | — — -—
(SEC) MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet MDFI Darknet
alexnet resnet152 resnet50 tiny vgg-16 yolov3 v3 tiny
X2
MDFI lite_mem
Platform cPU Mem. Type | Mem. Size 0s 7 -
Personal Computer Intel® Core™ i7-4770 3.40 GHz DDR3 32GB Ubuntu 14.04
ARM Cortex-A57 2.00 GHz
Nvidia Jetson TX 2 NVIDIA Denver2 2.00 GHz LPDDR4 8GB Ububtu 16.04

- Raspberry PI 3 ARM Cortex-A53 1.20 GHz | LPDDR2 1GB Raspbian _

Fig 6: MDFI £2/2%A Darknet #1T Inference MR #1T CPU RERILEER

MDFI #flfEAE M Open source DNN tool kits EE ##14 - MDFI C code EA
@AY Configuration B2 Weights 1& - HEARIUE Darknet 83 - B#IU

Sequential Layer 77 zU##%t— DNN - ELIE MDFI o#2E At DNN Design Tool Kits
f#1##40 Fig. 7 FA7R - &3 —1& IR to Darknet Converter #& Intel OpenVINO #J
Frontend 1# %] MDFI C code - E#X%E#& % OpenVINO Model Optimizer &1k

BRI

E
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Trained
Models

Darknet

(training,
inference) Model.weight
s Inference

Intel platform

Extendibilit

Inference TN Extendibilit
Y
5 GPU Plugin OpenCL™

Model
Convert & -tj.lata

Load, infer

ed Cross-
platform Inference

B LU Extendibility
for Intel NCS & NCS2 JIGRPUAEI
for VAD*

1 Graph model -

NA Plugin
ML
[:] Accelerator API

Sequential \

Optimize

IR = Intermediate
Representation format

i

%

SIMT GPU

Layer model Micro-

Darknet DL Accelerator
Model.config
— _— e | —

Linux

RISC-V DL Accele.

Fig. 7: &3 —1& IR to Darknet converter #& OpenVINO H Frontend ffr##



Mm% MDFI &&5tRINNZREE O£ TVM B9 Backend & 5TH C Codegen IAEE,
Fig. 8 - B8 TVM Ailn L E8EHH -

subgraph subgraph
IV BaE KN e e e e ALSourceCodegen)------------- A CodegenC

generated C source runtime module generated C code

Subgraph wesp [N Codegen |==> C File

N\

well-optimized C/C++ library
or MDFI designed Accelerator Module

Fig. 8: Add a Hardware Backend in Tensor Virtual Machine (TVM).

MDFI <#EA K Al-on-Chip EFX7E Digital MAC, Analog MAC, Compute-in-
Memory, Design Framework S RifEZ BRI R 0T - EUNEFSHSIFEER -
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