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[Abstract]

Deep learning with faster and more accurate results requires large amounts of storage space and
large computations. Accordingly, many studies are using hardware accelerators for quick and accurate
calculations. However, the performance bottleneck is due to data movement between the hardware
accelerators and the CPU. In this paper, we propose a data prefetch strategy that can efficiently reduce
such operational bottlenecks. The core idea of the data prefetch strategy is to predict the data needed
for the next task and upload it to local memory while the hardware accelerator (Matrix Multiplication
Unit, MMU) performs a task. This strategy can be enhanced by using a dual buffer to perform read
and write operations simultaneously. This reduces latency and execution time of data transfer. Through
simulations, we demonstrate a 24% improvement in the performance of hardware accelerators by

maximizing parallel processing with dual buffers and bottlenecks between memories with data prefetch.
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I. Introduction
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3. High Bandwidth Memory(HBM)
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4.1 Data Reuse
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4.2 Data Compressed
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III. The Proposed Scheme

1. Architecture

1.1 Basic Architecture

I8 2= 2 =woflA Sl SRS
7] A ARl 7] RS HojRth Sig AR
AT EQ0]9] CPU © &, VortexollA Ho|E{E W= &
57 o] AAsl £+ AXI Interface”} QlT}. =)o
ol % Hloly t22}E Alofsh= Controller?t 2J%
Hlole} Wlwe|, stego] WoA 752 %1385h= Matrix
Multiplication UnitMMU) 25 2 W&o Ho]gE A
Arshal, Z23¥r= Data Control BE=2 AdE|o] 9t
ARl 552 Vortexs &34 CPUOA Hlo|E & A
291, o] Q% tze] Controllers o|-83f 9% o=
2o AAsiett. 2] MMUZF g gjoj Data
Control 250 Hlo|8E &3 &t MMUE ®op2 H|o]
BE ol&aliA ZF meAY 25 Ruliste] AlLtskaL, o]
£ ] Rz Hy= A2 218s. ol §41 9
Bl glo]ElE ZFuRke m:, 128bit AXI InterfaceS
AFR5HE, Input Stream Manager(ISM) UlRojjA=
32bit AXI Interface® ARSI} 7|&Q] Lxo|M= 5t
o] Hm 2 F/dE]o] Qlar, ofmj ISMoj E|o]&|7} 0]
7] AJAFSHH, MMUS] B= A4to]l Fa Ti7Hx] ISMoj
M2 HlolE7t 712 50| K] X3ttt o]+ o9 4



Resolving Memory Bottlenecks in Hardware Accelerators with Data Prefetch 5

MMU Top
ISM
AXI AXI
Inter [~ Buffer p> Inter +~— AZS [+— MAC +— OSM
face face
Y
Vortex I :
i | Data Control(MMU_IN / MMU_OUT) |
RISC-V) !
| Memory Control Top H APB Bridge |
'y
Al
*—*| AXI Interface |
H
| External Memory Controller |
$
| External Memory |
Fig. 2. System Architecture
MMUJN (Data MMU
Control)
ISM
SRAM
AXI AXI| H
: i c;;;:r Interface [ | Bty Interface AZS e MAC ':>

Fig. 3. System Architecture without Prefetch

2e] F7o] glof Mz HlojEj7t 7]E oo HojA
WA= 497t 7171 st sl ol wlee] &40
WAL 4 7100l ol RAIRIT: ofof] m2t A]AATTo]
7IshaaA o= sout Hot

© A= oIS siEsh] Y8l sig 20llA Hlojy &
2AlE 7ot 78 Hm =2 /dste] whad| Hlojd
S OIS A BEAgE Alavteith ERh V1
7l B2 Z2AS o8 mojmafel dtto] 7Hsst
o, 24 HAE &5l tlee]d] e Sgetct.
2] Vortex §22 9|5t 25 w20 to]E7t
A= AAsto] A5 RlSYRltt. o]ele] BE 2= V]
At FLsHA Aleeit

Ao
Huo 2

by

1.2 System Architecture without Data Prefetch

Non_Data Prefetch®] MMU_Top F+:&+= J7 3u}
T} MMU_Topo] &A] 25& 37 & RO L)
Qj5eto] SAl} glojE f&=e FEoh= Data Control
25T} Al Ak Pohs MMU B2 Yk

Data Control Z5& MMU_IN & <Qto] SRAM}

SRAMS  Aolsk= Controller2 JAEo] 9t
MMU_IN 2&5& MMUQ] =2 Alojste 22 F0]4l

tlo]elE SRAMO] A%fstal, Controller®] Aojof w2t
o]& MMU &89 523t} ojoj 32bit AXI Interfaces
AHESH] HlolHE i, B

MMU 258 ISM 25, All Zero-Skipping(AZS) 2
5, Multiply accumulate (MAC) B&5=2 JAEIT}H ISM
D52 98 HolHE sk Z&2A oS 280l ¥
She FHIZ U3 HolEE Hgste] satith AZS Bs
< All zero-skipping[7] ¢l4to] o] RojA]= LE=A|, H
Q gl HolHE AN it £9EH. MAC 2
E2 MMUQ] AA| Aito] o] Fojx]& E&olt}.

7100 dloJe ma|ux|7} EANSHA] fal, HEE 174
oF st B Hlole 9E3ds Aoz Zleiitt

E7Jo] i, o] 5 AN o AIsYsHA] et A

I o]f0jd 4 Q7|0 wAMRlCR Q&= HlolH
gith. 22l o5 tA] Z|HH AJZto] &



6 Journal of The Korea Society of Computer and Information

oller face

face

MMU_IN (Data MMU
Control)
ISM
Buffer
SRAM AXI1 / 2 AXI1
Data H
':: SRAM [« Contr Inter [+ o o tch .\ Inter #— AZS [+ MAC ﬁ:>
Buffer

Fig. 4. System Architecture with Data Prefetch

o B Al ok tﬂom% SR ol

AR 4 Aol Bat9] ol 4 A 5%

= rﬂ rﬁ

=82 0|2 sjdsp] glal Hlole malujx]
H2 Z7lrt chee doje malujx|el &
25t o]t

1.3 System Architecture with Data Prefetch

ol o] wg HHES Frtr e
MMU_TopQ] AAAQI K% T3 49} 7t

glolg mejmiA] fL2E A2 Huet Aoz Y
gFA2S 7HAAL loy, H H 7i4-2} glol8 me]ujA]
70 APol & ZHA| AL it} 7]E] HoJEE RAlshe o
e aidst] flsll ¥mo 7ieE sRHoH, 2 9oj=
AAARIO] 7= 75 WAIsH] sl tlole] m2jaix]
£ Hg3h

ISM 255 7]&E0 g2 72wz /dste] o]
Bl &3 sAll 7FssHAl st ol HlolHE A%
+AISHA] kot HlojE] EAo] dojuA] oken, e &
A2 dat A0 A2 Ho]H & W 4 qlof AJAARE
= garRth E=L gloj m2jufx]E o]&stol MMU
ik ot ¢ tF Aitoll BRgt Hlo[HE U]
2] FHett}. o5 Sofl AA|Z HlolE7t B asty] 7o
Q5 tZ2]ofl 9= HoJElE o] Algto] ¢ H“}E =27
dl22jz2 o]sstol MMUZE MA] QL AlAR
it} o % &3l MMU= 94 Zlegetat EAloﬂ o2l
OHE 'S 4 Ui, ARAAPA AAARE Fagitt
Data Prefetch 25 252 T2 TAK|AH HARS XI8]
g FAlOl ElolEE ulg] 7HHE 4 Al st
Addressg of&sl7] A Fojgoz =4 e
o HEHS Zolil Go|Et SR S Fackeitt

L oo&a

al
=

ESpe) ==X

¥ A70)E YT Bad AEolc AHAS §
S mejufx] S A oSS, vl2) dlolelg FulE 4
QIct. olu] AERfo|= AL HTsP Fold Hlold

£ A CR THA Q.

QL "lrxlog
. _|

, ZTR| of gol

(o]
Hetsh e sas

7F 2AEE 44 ¢lo] IHHE
&= ol olnf {tetst HlojE = 3R FEY] Hlo]
HE 1AM FEI= 90|, AddressE Fosti, Akt &
Ae AddressE ¢AMROR 7HM QW EEE g0 &
Tt E3t, Hloje] mejujRl= MMU 714719k #2j=of
A2 5YR0R 119, oF &oll A|AAREE Fa
gfgt 4 Qlth

2. Data Control Module

Data Control 252 AZEQoJe} st=go] 719 g
oY AE5 HIote TRz, o2 AEe AHRE
9= AXI InterfaceS AE3IC; & =3 E'0ﬂ/\1L MMUS’_}
Holg] @ Als 52 9E5}= Data Control Z52 A7
% FAsT. MMUL_INS HoJEP7} AAE]= SRAML}
SRAM-E 7} signalS £35f A|ojst= SRAM Controller=2
el Sl

052 MMU_INojlA| MMU= Hjo|8& &5t 54T
iﬂliolﬂr. WA MMU_INO|| H|o]&{7} &8]=H, MMU
2 HoJHE WEd JEPE frEohy ddoh. MMU
Uloll = Hof glolH & B2 Ful7t EHH, FH|El
= Als MMUZ H4dich &g AlsE ¥y, MMU_INS
MMUO9] djo]E{e} non-zero position, AddressE X4
ek Hele] T LRsfel MMUINE HolEpt 2
S22 48], MMUE HolHE o AUS2
oh. MMUZ} doleis o giglth: Alzs
MMU_INS BjH2 %7]ststol, Chg @ite Zujgic

ol 3l WL oAl B7olA] oloiF oD, ISM
H 7} =] K] 0‘0*714 MMU_INO]| g|o]&{7} u]2] &4
E]o} QIA] =t S| H W2 AlRto] 294 Zlojot




Resolving Memory Bottlenecks in Hardware Accelerators with Data Prefetch 7

SN Y O I

rst _/ //

ISM_START / //

ISM_READY [ J/i
Addr_from_mmu CIFM_addr X CKM_addr Wm
Data_out 777277727 CIFM X CKM N7,
Non_zero_pos_out CIFM_pos X CKM_pos Wm

Data_END /

Read_done /%f—

Fig. 5. Data Control Module Timing Diagram

dl
rst /

ISM_START

ISM_READY

in 7 CIFM_addr X CKM_addr

Addr_from_mmu

input_data 777 7. CIFM X CKM

input_pos 7 ) CIFM_pos X CKM_pos.

Data_END

Read_done

CIFM_valid

CKM_valid

Addr_from_AZS 77

% CIFM_addr X

Addr_from_AZS 77

7277/ CKM_addr N %

pos_out

CIFM_pos_out

data_out 7

CIFM_data_out

CKM_pos_out ZZ

CKM_pos_out

CKM_data_out 777

BB B B
S pE e o
=

CKM_data_out

ism_end

Fig. 6. ISM Module Timing Diagram

I 55 o] AYdt mZ2AAE5 gt Data
Control 2§ Ejo]q tjojojasiolc}. s Z2AA A
o] MMU_IN®]| Hjo]E}E gopx Aok 17dE 7RI
Q| mlwa]o] glojg7} Rt FH|E 1, AL FH]7} &
¥ MMU_INO] o]2 <2]1, MMUOA] ]2 yloja]
st 1

3. MMU Module

MMU &5 stego] 714719
AZS, MAC 252 /= o] Qltt.
B mjufix] g A-got F9L} ord
EQlt}. AZS, MAC 252 HlolE| Z2|mfix|E A& 75
QF Abtolo] @ Zke otypelZzo g T=Xsl] mjRo), &
ke PSR 4 SUT RES AMgSol

Al B0 2] ISM,
oJu} ISME 77} Ho]
92 ol A3

3.1 Basic ISM Module

ISM 252 MMU_INOj|A] H|o]E}E ¥k,
3l7] WALE2 oloel 1xg W] Fb od3rg
o2 53l MMU7} Ak wrt w2 A|¢l glo] Alaye

4 9lck. 718 1SMe] TAE T3 33 2ek 1M 42 B

MMUZ} HAF
olske i),

He w7} 7] Exjstel, d7ler 2712 EAld] £ @it
& E42 spAln ik
o] AT LA A= MMULIN AZSQ} AZAE] o] Al
JHtt. &, ISME AZS7} f4bsh] Hste s HlofH &
w2t Aottt t2-2 MMU_INOA] 2k goj&]
AZS Bsg REshes A mAAolt §A
MMU_INZ &5llA] Bh2 Hlo]Bl & B FH|7F EH, AZS
o dlol& g ¥ AJE7T EIthal It AZSE ISMojlA]
B A5 S o) we Zul2 ghasty, ISME 2kt 47je]
e}, CIFM_pos_out, CIFM_data_out, CKM_pos_out,
CKM_data_out©.2 tjo]e} S et} tlolg A4S ¢
&5l A2 5 A8t Holy 82 ¢asias 4t
T3t AZSE HolHE o AdE=

o

=
El

=
=2

[SMojf| &=t
I8 62 o m2A|AS 138 ISMO] Elo]Y T}o]o]
J=Ho]ct.

o&a2 «w
diMxa a2

3.2 Data Prefetch Module
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Fig. 7. Data Prefetch Module Timing Diagram
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Fig. 9. AZS Module Pseudo—code
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Table 1. Comparison of Data Prefetch and Non-Data Prefetch results
Average Average
number of processing Result Average Performance
operations time accuracy Improvement
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byte ns
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V. Conclusion
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