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Abstract  With the increasing production of massive data information and the widespread use of
data mining applications in the fields of voice, languages, image, video, etc. , people have entered
the era of big data. In such an era, how to access data information efficiently and steadily and
how to speed up the implementation of data mining applications have become the key issues that
need to be solved urgently in academia and industry. And the machine learning algorithms, as the
core component of data mining applications, have attracted more and more researchers” attention
to applicate in various fields. Therefore, using existing hardware and software means to accelerate
machine learning algorithms has become a research hotspot. In this study stocks boom, the current
acceleration platforms can be summarized into four categories respectively: the custom logic
circuits (such as FPGA/ASIC), the general graphics processing unit ( GPGPU), the cloud
computing platform and the heterogeneous computing platform. These acceleration platforms
often show different parallel granularity and are suitable for different application scenarios.
However, this is also a choice that they are combined to form heterogeneous systems to give full
play to the processing capabilities of different acceleration devices. But, due to the customizable
and high energy-efficient, the FPGA-based hardware acceleration is becoming a hot choice as the
machine learning acceleration. Therefore, this paper mainly focuses on the field of machine
learning algorithm accelerator based on FPGA. First of all, the paper introduces the machine

learning algorithms and background knowledge in chapter 1&.2. And then, we give the current
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development in this field, which composed of three parts (the methods for acceleration, the hardware
platforms for acceleration and evaluations for accelerators) in chapter 3. And we propose an overview
of the possible points of the accelerator with four sections. There are accelerating the kernel in
the algorithm, abstracting the common feature in the algorithm, parallelizing algorithm and
optimizing the data communication. After that, in chapter 4, the design and implementation of
the current mainstream accelerators are introduced with four kinds of examples of various
hardware machine learning accelerators, which is in order of specific issues, specific algorithm,
common feature, and hardware template. Meanwhile, the structure of the design of accelerators
is also simply classified and summarized in this chapter. The current hardware accelerator design
is divided into two types, Stream and Single Engine. The characteristic of the Stream model is
optimized for each calculation process in various hardware blocks and paralleled in the pipeline to
achieve high performance. And the characteristic of the Single Engine model is focused on the
common feature between all calculation process. Therefore, the Single Engine model could get
larger and more hardware blocks than the Stream model to get high computation performance and
compatibility. Finally, this paper summarizes the field of hardware-accelerated machine learning
algorithms and puts forward the research direction and development trend in six points. In
summary, this paper summarizes the current status of the development of machine learning
accelerators and pointed out the future direction of development in the analysis of the current

accelerator method.

Keywords  machine learning; Field-Programmable Gate Array; accelerator; big data; neural

network accelerators
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*®2 BUBFIHETHEZO TOPY

Top Three Kernel /%

Application Sum/ %
Kernell Kernel2 Kernel3
K-Means Distance (68) Clustering (21) minDist (10) 99
Fuzzy K-Means Clustering (58) Distance (39) fuzzySum (1) 98
BIRCH Distance (54) Variance (22) Redistribution (10) 86
HOP Density (39) Search (30) Gather (23) 92
Naive Bayesian ProbCal (49) Variance (38) dataRead (10) 97
ScalParC Classify (37) giniCalc (36) Compare (24) 97
Apriori Subset (58) dataRead (14) Increment (8) 80
Eclat Intersect (39) addClass (23) invertClass (10) 71
SNP CompScore (68) updateScore (20) familyScore (2) 90
GeneNet CondProb (55) updateScore (31) familyScore (9) 95
SEMPHY BestBrnchLen (59) Expectation (39) lenOpt (1) 99
Rsearch Covariance (90) Histogram (6) dbRead (3) 99
SVM-RFE quotMatrx (57) quadGrad (38) quotUpdate (2) 97
PLSA pathGridAssgn (51) {illGridCache (34) backPathFind (14) 99
Utility dataRead (46) Subsequence (29) Main (23) 98

3.4.2 HRFEILIERHE

BAR HETHLAS = I FE R A BRI i 2
Bl AL AR R B — L8 3L VR B R AL 41 X X 28
SN R AR A o o TV FE A 30 5t 1 o o 202 S
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AF UK S 5 AN J5 1 B R AR AR s
[l 25 /5 20 kA8 3 AR I A AL L K S0l eR B0
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RAAELANEACEGE S48 2 KRB 3 i B o
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[l 25/ S 0 ik A SR R AR Z WL a8 S Bk & 24
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BT RGBT Al g b SOk (24 188 L 3R BT T A
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A2 v B 4 B B DR e T DA B s i 2 o
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117 L3 A P A T 10 ) 85 B 79 4 2 305 s 25 4 . DT
PR AL 133 A R HE AT 0

BRI J  IF QA TR E 0 . A2 AT
G Ok 1 SR R AR 0] RE R X S SR I T A%
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TEAE K 280 0 3075 o R I A 0 o T X SRR AIE 25 18
TN T2 25 4 e 28 5 AN BB AR AT T WL 1 28 48 Jin 2 L.
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TRA 7T LA 48 K 2 80 B #8 2% ) B3k 3E 47 90 AT
SRS

HEFAT L& BB FEE it
B & L m H EE A BES DL & FPGA/ASIC -5 =
R FIHITET G I-47 FLER A TS FOHT
FECHE K HAT - I HLIRAT R B A 6 4L 1) 40 Map-
Reduce 81t i) Map Fl Reduce 3 #2 B 7] 317 4
AT R A AR AR v YR A SR DG R 114 T A5G 7] A, m]
HEATFEATIAT s R GPGPU - 5 3147 0] 32 2 A
T BARHOT AT 0 75 2 947 RE BE AR XA 5 R D
FPGA/ASIC F & IA7 ) 2Bk F 37t i i 3
AR R G5 I AS ] S BE AT AR FAE 55 047, mT LA
FFBAE R I AT 55 A o A8 B AR 245 b — i
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e SCHR 28 1H AR 45 4ih 28 I 45 AR 1) 1R 2 S 508h
B BEIEAT O 20 A > T I 25 B A Ok
(4 FF 45 B AR . TR B, BitFusion™ i 8 i ) 2 X i 22
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BB EZ O RTS8 20 FH TiHE
B AT
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A 2K 10 50 A% i 30 1 TF B 2 E A mT 0L, DA I
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TR AL 75 A7 2 LN £E L1 Cache 45K [A] )2 K
(4 ARSI, DR R T GPGPU J47 4k 5 v i 7 2
& T PR A [ 1) A7 A 8 R 1 e O =L T 2
FPGA Y ASIC B3 % gt 45 £ 4 s 1w 1 o 508
M Host N {71L i 2] Device N AF 2. 3 H i1 F
FPGA P [R) ek 48 1 1 AN [) 551 56 1) 17 i 3 1, 19 0
Ve T 3 7 B T 5 22 35 T % T80 8 A A A B 1) 1
T A X % AR TS 06 FH A ) R 3 ST AR R 1) 28 A7
FAICEE. R T BEARAEAE 0 AN AT LR AT G2 A7 1 F T
43+ B o F R A7 R T LB 4 N i A B A
A FIN TS H0 W B 5| A 22 28 A7 B >k £ TR 4L
e 308 {5 EF ) R0 IR A9 9 K Ak AT i T A
B A T N2 T PuDianNao™™ ) 2 42 B 5k
Vo 52 FHARIE 43 M08 GRAT IX IR AT IX R4 H B A7 X
L S R R A v A2 P S 1 A A A o AT ik 2D
REASTH S R B ]

4 TEHEMESRIEIT

Fil 8 H i & ol 0 7 B4 2 >0 i i A e T
BZ ANWHE G4 FPGA A1 ASIC 52 30 i1 AH 5
B LAE. BT 25 I 2 0 R Pk AR SO I AR R 1Y
AH IR SCHR 23 0 DU 28 5 5 91 2 X 4 g ] AT ) o i s
R A SRV 0 A B T GRS R AR A Y
A LA ) A A7 55 R A% 38 P s e HE 2R 3 Y R
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ELSC B Pk DU NS PR s a0 Wi | B A E R
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Ho dieJm — 28 BT X B AH X 488 K i Ak T B 5 i
B, I A 19 B R U K

MAIFFE 1 £ A TR AR SO WL A2 R 2R 5 4 1K
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4.1  SHXH4FRE 0] % it 0 i 2R
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8 N7 R 1 A% T A T A B Ak A T X
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L3210 ), A6 2 1R R 2544 9 B3 h FPGA B
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A48 2 HTI 8 4% 55 AR X 2 28 LU 58 35 5 T X T SVM
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gt PR RIRT R SRR S5 12 14 A 2 T 0 HE BRI A B
B AT 5 A G HF 5. Qe C4. 6 P S B 430 7k 1 2 )
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D BSCHE [R] 38 15 B3R 1 H Y. B Ah KR 43 1 Y SR AR
SRCVE 0 i A KA R B Y o DR LG ] DA X
A B 2 B 3 — T 4k PR Ao AR R A o
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RMERES AR BT, F R B R B R
Verilog A B Ui 73 DB RS TR &) LT
R W BRSBTS 38 0 1 e e s AR BT 2
AT TF AR BTN 48 7 7 5 PR I 0 R T AN
SR TR AL A 27 2 BB 1% ) B3 H A A o S A A T
LAY » T R4 — i 19 0 3 8020, S I AR 1 s 4
(BT XE BE

A28 T 2% (4 PuDianNao) B fif 2 & 56
GBI A A B 00 B0 AR RE L R OG B i o B
T TN S0 PR AT J O A BEOR AR AL B N
AEH7 5 T R UL TR I e 28 AR A in g o 4 24
B R b 2 h X RS G2 X0y A A B R
Bl A MR B A A% 1. ] 40 PuDianNao {# ] T =/~ 4%
A7 X . 43 5 8 hotbuf (8 kb) | coldbuf (16 kb)
outputbuf(8 kb). H:H hotbuf £ fi#% & F BE & 4 4 1
iy NEIAE  coldbul £ it 52 FH B 125 AH X5 45 K 14 i A 4K
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FHE I — 2P 500 1 o o e 28 — 2 A iy i
() o AT S5 BT A A RS R R B .
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SR P ) L 1525 T C to RTL T H M & B . 05
N AR R v DL R C B F Mgt
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F18) = A 5 T Bl 7 A5 U174 T 8 A 6 45 i T Map-
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I EAE T8 2 e — B g AR A L Y FPGA F 5 52
M. IF H e e 3 15 K LA 2= > Bk,

4.4.1 AT Map-Reduce f& Y i) il i g HE 58

Map-Reduce i 7 J& 7 11 5 o )7 32 N 1)
L IEAR 284 248, W Hadoop . Spark %5 1 52 B
Bk A A Y. R A AR 2 0 S pL A e i 1A
# Map-Reduce &8 i H T FPGA 19 A {4 5 it AE
Zarh,

A P Map-Reduce 5 #1552 5 56 58 il
Map bR FI Reduce PRI E X, 75 1 AH B 19 R 48
SELZ G W AT 55 X T4 T Map-Reduce £ #Y
R R A o 3k 2 HE B, LA 22 b S iy =K. ol dn iR T
FPGA /) Map-Reduce Jill 3£ #§ #E 22 FPMR, 1£ i i
s AN T ZE BT AR D 9 Map B85 Reduce Bk
IEHC B A AN R N S S8 Z s ] B g is
Froot. Axel PRI T 53 A — Bl R B 19 SE . 7E Axel
o BN RUFE 2 Master, A1 TR E ) B X T
H Yy Slave 15 & . Map-Reduce -5 4 %1 7] D3 3
PR 7 S B, — o 1 R 8y CPU ## 47 545, GPU
5713 Map i3 /2 . FPGA 11 33 447 Reduce 13 12,
Jfim it FPGA (1 SRS AT Y f ) 38 48 5 o — Fh U2
GPU F1 FPGA JL[F] >k Map 115 . CPU i 3% & 5 Al
Reduce T8, Il 1 R4t 1/0 & A5 L. 1t 4,
Axel F R8RSR B AT IR IR A B OB 17 e &R
e By B R R B2 O 0 T AL BB 4 A it
SRR ICAT 55 43 T » 19 A B) 38 15 55 G BT 55
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BEAY H 2 TE A P A7 7E — SR T X Bl DG Bk
R e B e B AL FREE ) A AR ME DL 2 OF
AT SE. 1 RO Ik 28 (], i e AR B T AR T
P S35 Y i 4 HE 2 (&1 S A5 B S X BB 5 1R
Ly (4 % D Map-Reduce #1982 L 9 H 0 AE % 1R
IS Map-Reduce BER), Pt BA LT 12 19
IV N T R N B g o o AL A S BT 2
ARz N 2 i Ab 1 B B A R )
ARG T B iH AR, 40 Pregel, GraphLab Fl
GraphX 4. 7E FPGA V-6 b, 52 By T H S48 A0 fin
A HE SR S AN /D I LA A o A HE 2R
AEAE— BB PRI &1 8 A5 Y 1 o sk s HE 22 114 F
FEA G BRI RS 2 5 BTN R — 2P BT

B2 7 MRS ) 11 T Ak 4 o 8 A v 1) 0 i
AT EHE U 1) & 177 E B 1 808 77 0] AN BTS00 1 4 Jmy £
8 U7 10 | BT IO IR ) o 9 R0 AS SF- 4 1) A B 3 4
()R 25 PL SR J0 E  E BRA R 1 ™ IR 9 P AL 4
Ao TAEBI N GraphHYY 45 i 38 5] AR A 47
fitt 25 5277 B 5 8 PIML 2R of 5 T 580805 7 () #3832
BEAh . BTSN B8 T LUl 3 3 F SRAM (19 _F T
DR A7 T AL 1 0 S R R A 1 S 7 1) 4 A O TR
BV IR G F 5 W S A Ay DXORI B i S B T L
V97 0T A7 A £ 1 O () I S — 25— 28
DAL 7 20800 1 [6) 28 TF 55 A EcHiE 52 1 3R A5 B
B ERESE T

TEAE P 0 3 2% J7 T, AL AT T AR A A i
CoRAM i f7 45 #4117 3 2o 76 J5 A ik 2% TAEY 19
Sl b AT O BT 15 R Y R B T A AE 4
GraphGen™, ¥4 E 42 3 CE 11 (3 50 B8 2
T 2 B AR B RTL 20 PR . (L 1 5 (L7
B8 SCUF B 4548 55 A0 W 1 B AR B 38 77 24 it
H update-function, LA X ¥ i update-function f{j—
S o BB AR L B P AR AL s AR R ) RTL 4% 5
B I HUH P i 46 G 9 A A AT O L 1
558 X 26 45 AF )5 - GraphGen | g 1% 45 71 98 58 I
— R F R s Ak S AR ORI &
RTL i3k 1K R 454

S R U o BE T TSR A S e s HE SR |y T
OB AL, I LS 3 ME BE AR X AR H iy 52 30 A 5t 1Y
WAFTER —Se i i A AT IR AR R
4.4.3 T LINQ ASEBY Y i o5 42 22

LINQ(Language Integrated Query) 42 fif % 2

A — R RLT SQL il F. MiE4 SQL AF Y
s, LINQ A LLAE 8 5 46 (9 B A A h iR AR
B E SCHY— 25 & 80, PRI B 58 N 51 A A {4 o 3
AP S R LINQ 975 3.

HT LINQ i 5 W n] D47 3 15 )2 06 5 ny il
PRREZR 3. a0 LINQits {5 ] i SOC &3t T —
MEEXS C#iEF LINQ 5 5 1 5 0 ) 6 4 12 22,
FIHTZHESE , 1T 7 g A i) H7 S 40 )50 19 A% 5 2
Hoh LINQ W0, 2R 5 #I T LINQIts (1) — £ 51
T HBERT DUAE A B RTL % 09 AR5, 33 3 i3 17
R J2E R 40 M o 28 S 75 A A SOC i) a5 44 32 4 o
JCHEAT .

Zibrgk . T LINQEFRE TLEiEE . HIT
JHCRR B A L I HL H R A 78 SR ) 7 i 2 b
R T3 KL R R LINGQ B85 K58 28 4E 22 14 41
KM FEAFAE 18V S il A 55 ) L.
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H1 T H R T B8 5 T 1) 5 BIF 5 0 SR ROk
I % ARSI BRI Al T 4 1 B 1 i A
(11 6 15 T R R 156 1 B8 1 o P B HE 22 1
AR FEFE S T Stream J7F0 M Single Engine J7
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] o [ N A1 22 BF 5 LA R T R R A ) S 4R
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4.5.1 Stream =

Stream J7 2l H B T H bR 248 0 28 53 1k B A
J2 AN [ A5 A R 2 o G b A Bl e i A1 £ LA
FHFZ R IFAT I 5K B A S A B s 5 1 AR I3
SEE b € P BUR NI AN R 3 TN I € RO R L2 L
28 B AN TR B 3 AT DR X R B Tk o I K &
TOARFI R Z (8 W A7 JF B AR I K AT
SR o b A0 200 0y 5 A AN [ B TS A Rl ofT Y BU R U
JIr L2 S BB 1 g 3 18] H ETR A Stream J5 X
A M TAE {035 FPDeept . AutoCodeGen™™ I
Finnt™ 4,

FPDeep. FPDeep &2 % [l Stream J7 3 3k # 17
CNIN B2 5 2 1) 38 K 26 245 # i 00 an il 2 iy
IR Hh B — )24 B — A Bk Y AL BT AT B RETE
FPGA S8 b F A1 #R % . FPDeep #1 J )2 8] B 55f
I R 53 DL R A 17481 465 SR L RE 96 5 L) TiE
#A FPGA RYAE 5545 55 125 19 92 B R B2 i /K Ak,
F A BRI T8 FPGA 052 L. 3% 5 32 193 5 1k
REARAS T2 5 YR T
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(a) Wi CNN B2 38519 FPGA 25ty

(b) FPDeep jii 7K £k 45 #4)

(o) Webf CNN 52 3843 19 FPGA #iiY

2 FPDeep I #§ 2 4t HE 24 fiE 1 055
F 4 EBHNIMEE FPDeep ML LE R

CPU GPU GPU FPGA FPDeep
Device AMD Al0 Titan X Tesla K80 XC7VX690T

CNN Model AlexNet AlexNet AlexNet VGG-16 AlexNet VGG-16 AlexNet VGG-16 VGG-19
Configuration 1 CPU 1 GPU 1 GPU 1 GPU 4 FPGAs 1 FPGA 15 FPGAs 15 FPGAs 15 FPGAs
Precision Floating Floating Floating Floating Fixed 16 Fixed 16 Fixed 16 Fixed 16 Fixed 16
Performance _ 207 (Per 290(Per 1157(Per 1197(Per 1220(Per

(GOPS) 84.23 1385 2330 2018 FPGA) FPGA) FPGA) FPGA) FPGA)

Power efficiency 0. 39 1,22 7.87 6. 86 6. 55 8. 28 37.09 37. 88 38. 13

(GOPS/])
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CONV e B sl il e AT 58 2 R T i X
PAT B BUB . LB 6 B T — 25 S e ]
PAECE Y Group 1 5T ARRAE B FE T A Group 2
) =2, A Group o A [] 1) AN T 48 Ab P 4 A 45
fIE B ASH S0 ST 0 B s AR AR B FC 2 B 3 44 4
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R P i R AOE S 14 54T 0 2 AT R . NORM 2 e
S8 ) 51 2 A B s 32 B R 43 B R O O R AT
T6BOS 5, BN B T s S W s MRS B k. 5 R
L A 2 235 ) Y A L I A 5 IR st 4 skl AL ) A
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ASCBIR T o0 £ A58 1 1% e A R A s B8 5 DA UG A ke T
T 905 R 1) A 4 ) R
4.5.2 Single Engine J5 2

7 75 — Fh AR 2R A KX 2 Single Engine J5 5,
BB R R PR T A 2 E L RS R
AL 35T 1 Jhk 3l B 41 s 1 ofe vk B ot T 2K, I
Jp M BRAT 3152 T A 42 o A0 45 4 R R U 2 e A
FERAT . PR AT LAAR 98 S AR A AT T FPGA %
PR IEAT Y . T8 K 7 T R AR BB R DAL T
HAR FPGA () 5 IR ok e B A1 5™ J 2804 . 1M T 5 £ %)
i A 0 4 R RD DA O 7E RO G 1R 2 ) A TR Y
FORR I T LA BT X 1 22 B BY T I o 2 AT LG R I A
[TV P = A TR 281 [T (N B = [V R i e U
il FL ] BEAR T 8R eAh . — T YTy 0T R
A AN TR A 7 2R Y o 2 AR S I 28
REIEAS— 20 AR TAE 4G ALAMO |
FP-DNNF2 fil FFTCodeGen!* 4,

ALAMO. % A1 B\ 5 31 B 5 1 1 & 45 44 43 45
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Pz oo £ k. X se gl R A EEH b 72, o
B T T S8 I E A AN F DU R i ) A A 4
FRAT M 250 . ALAMO 1) % 3 2 2 % 1 H #5 CNN
HOFELE 1 2 o 00 1) b b B2 R B A e A A BRI R
Gk Z J5 s I J7 200 BE )2 % 07 ¥ 08 T AE AR TR
AR [ J22 2Z 8] 43 T 9% 9058 0% [ L, O FL 7 Ak 1 I
T2 ) R0 P 28 )22 [ 1) 780 5. T i 3 5 ) 45 o D A 4
PRI S A S S I AR BT R0 45 1 AN () R S I
A3 55 Jin 2.

FP-DNN. FP-FNN i i ¥ CONV 1 FC 2 D)
Jo RNN H1 416 38 % B A LSTM o 1) 4% Ff [ 7] BT %
J Sy W e v FP-DNIN A= i L B 3 FH 46 B e
2 (MM 515 g B0 B B8 48 O 1 1 1 550 %% 5 AN
HNRAE At A7l T o TR S KR [ L R ST 5 DA K
07 AL FFHE. MM 5| 4858 i SRR T LR R
SRl AR B tiles. U HLICH — R A T A AL
BATTSE A RS AR A R 1 T A e P R B ik
B b T R SA B TR Y = R T T B A A A
fitt g B9 REIR L FP-DNN 2R HI B 2% v o A% fai 56 B . MM
SIVEEAE 2 Z 6] 43 I 754 v [R] 45 SR 5 18] 3] A AE Ak
qir ZHI  EHER Y R R AR et A A AR B B
FEAE AR P 0N — Gz vt . 7 LUAE 33 17 B By AN ()

(1R K0 T AT 2 380 ¢ o R T 238 T B A 2 o X 1Y)
3 T B () & A A 38 3 28 ) R 28 1 — 35 0 0 A7 Ak 1.
)5 FI A OpenCL MR SE L& 2B RS
HNEBATfif e A EHL CPU B2 1.

FFTCodeGen. FFTCodeGen F % 5 — i (% i
R HE B A P A X 0007 g, FFTCodeGen £ X}
544 Intel HARP V& #47 T i fb . 4244 CPU A
FPGA Z [A] 4y %] CNN T {f i . i FPGA $17
CNOV ZRy3H5 . 1M CPU k5 5 4 il B 8 22,
W FETCodeGen i i3 & F FFT (1% 5 1 78 47 35 P
F1 6 R R X F oy 32 - 4 (B) 35 1) 26 RS 5k e 55
FW I ) Hadamard 3% 76 % e B, M A 45 H B
T .
4.5.3 AR EHEZR A X) EL

THO M BE 2 DF A B 4 o 5 HE 2 9 %0 48 #F.
AR 3K A T AR 3 M AR 4 A 2 SCRk Hh Al B TPk
REFEARUEAT XTI, tn 2% 5.3 6 Frs. X F FINN i
PR TN % 1 BE T BT X T 2 M 4% F
TRk - 5 HE BT Bk B 1 25 S L ik
e k.

x5 BIMERHBEGZTREMABR

T - 5 15 00
in 2 4 . — §
DSP Logic* BRAM **
FPDeep (~80% AVG) (~90% MAX)
AutoCodeGen  1436(39.9%) 115K(26.6%) 585(39.7%)
ALAMO 256(100%) 112K(48%) 2330091 %)
Float 16 1036(65%) 42K(25%) 919(46 %)
FPDNN
Float 32 264(17%) 164K (67 %) 1343(95%)
FFTCodeGen 256(100%) 107 K(46%) 1377(73%)

77 #R Xilink FPGA #F LUT, Altera FPGA 3 F ALM;
** Fn Xilinx FPGA 3 F BRAM (36 Kb) , Altera FPGA 3 F
M20K RAM (20Kb).

F* 6 HhniE:EEIMEREXTLL

1 0 R 1%/ MHz, 5w
j] plsy #Fj—_? +#f )z z V‘]ﬁﬁ GOP/s GOP/]
FPDeep Virtex7 VX690T AlexNet — Off-chip 1220~ 38.13*
AutoCodeGen Virtex7 VX690T AlexNet 100 — 222.1 8.96
ALAMO Stratix V. GXA7 AlexNet 100 4GB DDR3 114.5 -
Float16 . _ 364. 36 14. 57
FPDNN . Stratix V. GSMD5 VGG19 150 4GB DDR3
Float32 81 3. 24
FFTCodeGen Stratix V. GXA7 AlexNet 200 On-chip 780. 6 —

T AR T FPGA SRR U 4 A 925 5L

M 6 W] LA AT RAMERE RS . - N AE
R 1) fe 30 1 TR B A B T B M RE B LA
B4 FE. N ALAMO fil FFTCodeGen 3% # 4~ T.
VE P RE AT B AT AR s A 2 A2 O Uk R
T oA 7 FFTCodeGen 45 % # # 7+ ALAMO

PTG BT S R A R T 7 2 2.
T A6 130K B 3% J7 1 . AT LA 3] FPDNN £ A 1] 1)
S AR TR LG ZE AR TSRS B 16 i 2
FEE] 32 A7, BIPRS00 1E 00 R 48 0 S5 A5 3 Y
TPk Bk B I ok Y 364. 36 FRESI T 81, gk 2
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DL BB R T

(2) F ATk, @ IEAT LR 8 FPGA SF- &
R W) B2 th T FPGA £ T E&E W
PR B 5T, AT DA P O AT Ak B8 vk S B 1 2
LR R PR AL R T 55 GO 47 803 BUE BT
755 W T LUA SR TR 2 B0 L g 2% > Sk i I
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Background

With the increasing production of massive data information
and the widespread use of data mining applications, how to
access data information efficiently and steadily and speed up
the implementation of data mining applications have become
the key issues that need to be solved urgently in academia and
industry. Machine learning algorithms as the core component
of data mining applications, using existing hardware and
software means to accelerate machine learning algorithms has
become a research hotspot. Current acceleration platforms
can be summarized into four categories: custom logic circuits
(such as FPGA/ASIC), general graphics processing unit
(GPGPU), cloud computing platform and heterogeneous
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different parallel granularity and are suitable for different
application scenarios. They can also combine to form hetero-
geneous systems to give full play to the processing capabilities
of different acceleration devices. Our research team has been
working on high-performance computing and parallel computing
for many years. This paper briefly reviews the history of
The design and

implementation of various FPGA based machine learning

accelerated machine learning computing.

accelerators are introduced in order from customized to
general. Then, we summarize the state of the art of parallel
accelerated computing based on FPGA research work. The
considered and

future research directions are also

analyzed.





