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Reconfigurable Computing System for Parallel Implementation of SVM Training Based on FPGA

PENG Weidong' .GUO Wei' and WEI Lin®

1 Institute of Electronic and Electrical Engineering,Civil Aviation Flight University of China,Guanghan, Sichuan 618300, China
2 Institute of Flight Technology,Civil Aviation Flight University of China,Guanghan,Sichuan 618300, China

Abstract To address the problems of high computational complexity and long training time faced by support vector machines
when dealing with large-scale datasets,a reconfigurable computing system for parallel SVM training based on FPGA is designed.
The hardware resource consumption and acceleration performance under different quantization methods are analyzed. By utilizing
the stochastic gradient descent method for SVM training, the dimensions to be solved are associated with the sample dimensions,
significantly reducing computational complexity compared to traditional quadratic programming-based methods. Additionally, a
specialized parallel computing structure is designed using FPGA-based reconfigurable hardware platform to accelerate the SVM
training process. The entire system is jointly simulated in software and hardware. Simulation results on four public datasets show
that the overall model prediction accuracy exceeds 90%. During the training phase,compared to software implementation using
the same algorithm,the proposed hardware implementation reduces the processing time for a single sample by at least two orders
of magnitude under floating-point representation. Under fixed-point representation,the processing time for a single sample is re-
duced by up to three orders of magnitude. Compared to the hardware implementation based on quadratic programming problem

solving, the processing speed for a single sample is improved by up to 394 times.

Keywords FPGA.,Support vector machine, Reconfigurable system.Parallel computing.Stochastic gradient descent
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Fig. 1 Framework of FPGA-based reconfigurable computing

system
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Fig. 2 Parallel computing circuit structure of single kernel function mapping unit
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Fig. 3 Parallel computing circuit structure of weight updating
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Fig. 4 Parallel computing circuit structure of decision module
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B AT, 2 R R 12000 YR A9 A 32 AR B 8] RS- 244K 45 . X 4K
P54E fourclass 5 svmguidel 4T T ZCAE £ 52 B F A 4 ¢ Pl feff
FTE L5 AR AL BT (8] 1) 434 3R 3 53R 4 50 TR TH
A7 3T B PR B A BOx fil %z 4% (Flip-flop. FFs, 3t
407600 ), B F {5 5 4 F #% (Digital signal processors,
DSPs, 3k 840 ) LA Je LUTs (Hk 203800 4~) 3 i 3 2 8 1 ¥¢
JEIEFER 52 A, 3 5 AR 6 B T [R) 4 4k 05 =X A 4 S 3
AT 290 S BE 04 Jon 32 P

FILLE S 6 T WA 08 442 ok 8 o 5 470 8 050 1 o 4 3 A
W 5 A% o B0 A 250 14 T 1 0, 8 R UBCR R T Y B A B
T T R B AR T BRGSO R S TR R IR R, B
1% R A A B30 o, W i AN ] 3 Ak 77 2R R A S 3 A A
b 1 U I 3 R SRR I T ) RO o A 4%
WY . IF BAE T8 SRR T I RE 1 S, RS B R
BN B A S B Y R G A ik o A2 A% oK B S B R
BN Y FRE T AR SR, R i Ak T 20T 9 A 1 S B
VPl A REAR A B B o WA T B 2 A BES. DUBE
& fourclass il % T BN BE B 8RR T 1Y B 1 55 0 15 A
IR A FK 2 850 T ASFEAS, M XF T 28 U BER s T 1 i A
SEELAE AP B e nT Ab B K 24 1350 7 AN EEAS, A ALy SUF
BORE R B B T R B A I A N b B 1 GB oK
ANCREZS B 2°0 AN S0 L SR BRORG B I B3R R I g A A AR
Hi 32 LA 2E I, B 4 A 535, 7600 B 3 ot Y A A% ol B0 00 1%
R TR SE BT B R D 25 AN /NEE 22 A7 1 s [R] I 2 42235
FEAS T % 0 4 S B0 00 W] DL AE 32 BRI &R AR [
B R SUBCRR BF EASREAC R 25 LR AL A, B 3. 125 A4
S % T AR ] A% R A B BB RS2 L W] DLTE 26 Bb S
FiHEATREEA, TEE 2 /4% R Bt X L S B L % 8K
P48 fourclass Y ZhAt, 8 SECFR /R T 00 158 4 52 B0 55 R £
Bk B 4400 B AT T R AR IR T I BE 1 S B fi R A
BOAF] 2700 57545 5 10X BG4 svmguidel Il 2k B, 2 s %L
Fon T B RE A 2 I de R AE BGA B 4700 £5 70 L IR U BER
7R BB A 5 R A KON A AR B 3100 A% A2 A, X e i
AE XS T R AL B A iy I R 2 B,

F 3 I fourclass B 42 B 14 ¥ I 11 #E

Table 3 Hardware resource consumption of fourclass
A i B E FoaB kR TEM LA R Bk R TR
A K FFs DSPs  LUTs FFs DSPs  LUTs

K=2 5952 84 11703 2035 58 972

K=14 9140 137 22071 3126 98 1855

K=6 14739 221 37210 5372 167 3170

K=12 25845 396 72646 10624 312 6194
K=24 58064 785 146854 26784 650 12506

4 Xt svmguidel ¥ A 1 4 ¢ U5 T FE

Table 4 Hardware resource consumption on svmguidel dataset
% B B AE W kR TEM LA R Bk R TR
A K FFs DSPs  LUTs FFs DSPs  LUTs

K=2 6274 91 13236 2099 65 1109
K=141 9903 148 24797 3582 107 2094
K=6 15691 253 41945 5941 187 3614
K=12 28817 451 83570 12080 355 7271
K=24 66753 824 178209 31685 679 16105
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25 Xt fourclass %54 42 7% 14 in 3 M B
Table 5 Hardware acceleration performance on fourclass dataset
% i B Matlab # # 5% 3 FREB KRR TEMGELI R Bk R TR LI
fE A% K to/ps %t & /Ksps ts/ps %+t & /Ksps o ty/ps &t & /Ksps i AE S
K=2 328.3308 3.0457 0.1174 8.5179 2797 0.0739 13.5318 4443
K=14 328.1359 3.0475 0.2306 4.3365 1423 0.0771 12.9702 4256
K=6 326.4375 3.0634 0.3045 3.2841 1072 0.0831 12.0337 3928
K=12 320.5324 3.1198 0.4992 2.0032 642 0.0879 11. 3766 3647
K=24 319.3743 3.1311 0.9413 1.0623 339 0.0964 10. 3734 3313
26 X svmguidel 4 4 6 28 Jin i 4 G
Table 6 Hardware acceleration performance on svmguidel dataset
% i B Matlab # # 5% 3 FREB KRR FTEMGELIA R Bk R TR LI
RN K ts/ps &t & /Ksps ts/ps %+t & /Ksps o ty/ps &t & /Ksps i AE S
K=2 440.1045 2.2121 0.1394 7.1736 3157 0.0925 10.8108 4758
K=4 437.2576 2.2870 0.2621 3.8153 1668 0.0931 10.7411 4697
K=6 436.1393 2.2928 0.3745 2.6702 1165 0.0974 10. 2669 4478
K=12 434.5288 2.3013 0.6085 1.6434 714 0.1061 9.4251 4095
K=24 434.2631 2.3028 1.2413 0.8056 539 0.1096 9.1241 3962
0 R AL
N - 0m —M
4.3 IR R =
- . RV . s < oo
32 BT T A R 00 5B 42 A 0 5 9 BR ok T Tk 0 R AR v E e
O 2 B U1 26 B R P2 91 091437 4 0 B 8 1 5
B BE PR H AR HEAT T SR AR TP AL . pl TRE PR S I R e A £ ggz
[ " " " " < %7
2 R RO AN B S R 0 R T X RO 4R fourclass = ool
P —t | IS 0 .
P2 30 45 5 G 3 e/ AR AT BRSNS T AER S
) & A 07 ST B E PR 92 B AL R B A B K S A REA ” R S P A 2
N N T 7 s S PR A U £
S S 8] 2 18] 1) £ P (m] A 2 AR A a
Fig. 7 Linear regression curve of fixed point hardware
trew —0. 0364 X K + 0.0692 12 ] )
implementation
tivea =0.0009 X K + 0.0744 (13

HoA s b0 5 tiea 090 0 08 158045 8 BOROR T B8 F 52 B AG B
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0.93075, S T 43 H7 T 44 th Aty B8 1 S5 B A of Ok RUASE 2 Hhs 42 )11
G I B 0 2 B 5 B AR A R 24 SRR L 1) A
KINZE SVM (98 5 52 BLRE 47 T LA T 09 4% pR K0
RBFK, U3 7 P, Foeft o 327368 G SCHR o 6 52 8 AG 4
FEAR AR BT ] . 7E HGE o0 M il A e 38 a2 e R
HE Ay I 25 2000 B PR R AR R A S50 X A g B A Ao AR Ak B
18] 69 T BR AT T4

01
0

B

BAFEARJCIE B ] /(ts/ 1)

2 4 8 12 16 20 24

HRKERANM K

Bl6 P s B S B U5 Tl 2

SCHRC227 9 2 T 78 FPGA wofins KM IR L 7 SVM
I 2 0 B A 52 I T 28 SR AR 2 0 e 11 4 R) LR 43l 24
T AT I AT AR B, FEXT MNIST 4 4 (41 % 60000 4~
YILRAEA TN 784 A FRAE) 34T W3 B, Fde A 1 I3 50 ps,
T SR A SC i A9 088 24 S BRI 200 75 22 28, 606 8 pus, B AT 1.8
AT B R 5 £0ea T 22 0. T8 s, HLA 64 AN T,

SCHk[23 ] 45 & fix /N T3 S FF ) & ML (Least-Squares
Support Vector Machine, LS-SVM) il 5 #f 25 I} 28 (9 £ 1711
SEANIEAT AL i 0 TAEBI, #2410 T —#0 F I FPGA Fil SVM
B PG o B RE (R 28 4 . X 4 3 Ol 294 Y 45 > RHRAE A i
17 4225 WA AUk, 2 FPGA W 40 A< 3o 2 ZE5R L B
IR AE e O 12,031 s, X 2R HIAS ST 19 0 2 52 3
Lo A 10, 7708 pos s 15 %05 b SCHR I 475 Ak 3 I 5] AH 3T 5 T Ziwea 9
0.339 ps, HA 35 fEMIME R,

SCHk[24 1 T —Fl T SVM 34 5 )1 S5 B 14 547
SR ZEH , H AT KKT(Karush-Kuhn-Tucker) 254 th # K
1Y % B2 B 2R M AR BT B A A3 B I BRI B i O AT 1k
HXTGERE S 17 19 1902 DFEARBEAT T 5L W I HIE , 45 R WoR
tr N 35.33us. 1E R A SCHE I 0 B 1 S8 B AT, e R

Fig. 6 Linear regression curve of floating point hardware 0.688 pus. A4 51 R 2 B 20 9 0. 089 7 pss HLA
implementation 304 13 9 0 o 2 B
TS5 IUARE RSB I R AR
Table 7 Comparison of acceleration performance with existing hardware implementations
A SCRR AR EA B K tr/ s Lfigat/ 115 Lixed/ 1S B P
X #k[22] Virtex-6 FPGA 50. 000 28.6068 0. 7800 1.8
X ir[23] Cyclone IV FPGA 12.031 10.7708 0.3390 1.1
SCiik[24] Stratix-V FPGA 35.330 0.6880 0.0897 51.0
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