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WE Hul, WENSHEANTEELESEFEAREEEENEBEAB KNSR, HT ERE
tERERAMENEEE, MEWRENENBEAGE T FARE TR XE. TRAHE WL nE
#, TEQEWAR. B RBEFH KRB WA P EHAT R H Rk, 2705 P 2% 5 0k
B AT, XA WERTEFENY BERE, WERBEREE SR RE. XM HREERFX LT
EREREN S FEERENHEPEER AN 72, LEEGH ST L H NS 7= 2N E
FRMEETIEAE Overlay L HEH. XAFEFERY —F4 5 ATEE (artificial intelligence,
Al) mE AR, EEEFEFNEH, TEIY BEAZHARELR. SHERN, @3 FEEN
P sz B A0 2 W 48T HE AR AL . 384 - BD A B AT B A6 AL 38 1 1 AN R A U R R R R L JFAT
HEmBEMMN. I, AXERGNT ERAERGERNEmERSERAEEZWHENELEE (Overlay
neural network processing) X ITE AFIE M4 A, HABI X HEAWmERERIT TR, RiEHE
B np 3 R M R AR AR, A SCRAR T T @A Overlay W4 WA A ER BBELEZAE. ¥
Ff@ TN EERE. BRI AEF Overlay W4 WE LB ENI G REITES] (feld-
programmable gate array, FPGA) RAE #4T T Ao 0K, G- KA EFWRITRE, LI 7 EU
B SE R RL R R B R ILHAT T WA FINT. |G AR XTI T 8 A Overlay W& WAL BEARTIEFTE
ey kiR, HRE T ZB AR KRR T HYBA T = o F 77, U A A5 BRI AR 82 6 5 % A
&%,

LA AR AHTREITES), £ s R, AR RAEE BEE, R
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1 HEMZULBEHNRES =

RIEMZ M4 (deep neural networks, DNN) M fEigmE N s b, ARG S, AAE BRI
By, A B . ORBERIE SR, DRI, & FRAN[RI ) DNN BERIBE St DAERREAS [F] (48 53 3 sk A7 e
E R, Bihn, ETFENA SR, BRI ML (convolutional neural network, CNN) #)" ¥z W FH
AR H bkl i BURA0E 2. 78 B ARG 5 A ER AT, ST Aa IR A4 X 48 (recurrent neural
network, RNN) Bl ZFLAERE T Transformer AR THUIZRAEA! (generative pre-trained transformer,
GPT) W A KRR B MO T; T LA BB A SOAR A R 8. 7E s 0 A4, A& 2% (graph neural
network, GNN) 51 7 b 2 | G5 W H 5 U7 T et T ALl e S5 AR08 7.

SR, oA 23 I 28 A3 A0 300 Ok 9 IS 20 53 2% B2 25 3 5 17 5 7 SR DL AR THRS HEJE, X 3 U R 4
WEESITEERBIE K. M 1998 ) LeNet-5 6 5] 2024 /) ChatGPT-4V), FM 1S M
0.17 MB % 3.6 TB, i+5 &M 435 KFLOPS 1% 7 3700 TFLOPS. 4/t — L TAFilid 52
HH S a3 PR 10X 28 5 4 SR i /D AR Y F) S8, EAAT AT SR TR BE A5 2K 1781 o] ZE A TR DR /N RIS RS i

FEEA TN ) 2 ) AL e AT A RSB A1 (5 T R A 2 P 2% T BT o K. G ] v AL RS (central
processing unit, CPU), P& 5y R i il & AL BE 5 28 R Hl AT 55, BRR8 R I Hh S Re SR e & I 25 1)
HEREER S, (B K AT R R P R e 22, 1@ R AL BESS (graphics processing unit, GPU), i
RERIHEZ O, B S ROMT B M 5, & H TR 5 2] (A2, JUHAE B BEA B 4R
T AL PR 5 R B R, (AR I A AE = BERE AN e N A7 75 SR T R & AR RS /T (application
specific integrated circuit, ASIC), 1€ HIA BT SEBL 7A@ I TH R RERL, EIL BRI . R
WHEZE, VRGN A N BRI PGE R . 2T, BT 9RFETTFES (field programmable gate
array, FPGA), PRI AT Iz S AGPE, AT DAAR AN (5] i o 22 [0 2 B AT IR 22 45 1K B 245 TR 48, SEE 1A
FER L ARDIFEA It RE A TH 5, RO — s AT VE R R 48 ik 7 2. AR, 2£T FPGA HIRFZ M
SRR BT, BR T 5 R B M RE AN R B A L i 1) A I A7 AE DA BRAR.

(1) ¥ rh M EIALERE 2 FPGA L, JFR AR 5 #i K356 & 3 CPU 8% GPU L. Eii
FRE 28 TF R HELE Tensorflow 5L Pytorch, #B R BESCHF CPU 8 GPU, M LA EHE 2] FPGA L.

(2) LT CPU 5 GPU, FPGA JI k¥ ELELH [ R WA LB BT, TP A N E R s B e
T i, 75 BP0 A F R B I N DT T T BT R AE AT ) RTL (register transfer level) ARSI K& AESE
BER, A LA AT A 3.

Tk B TR, SCHER [9,10] 3R B ek g RT3, B 3B A R 45 IniE 25 ) RTL X
. AT T — 2% RTL B4, il 2 B AR B 7 SRS H, AN A BT X AR
SEMZ LI RTL AR, SR1, X Rk 77 2K IH 75 Z AT SR & AR A 4 S 7 AR, A IHAE LU
AR JE 1.

Overlay 4bPEZE (Overlay processing unit, OPU) M2 i ¥ 11401 28 X 2% 138 FH 48 2 S5 1 77 2R iR
R EIR )R OPU B #2 ) 25¢ S35 b )38 FH B 7 B BE S 48 4R, SRS & () RIS PR A
R WA R RBTT R, B — DA IRATA . K REEEOR, AR, S THinidE AL B
G E. SUFER, g — R E TG B EERINRA, 507 e E RS
B 824755 78 0 RAEREAF SRR I 57, itk — R Tl 22 X 2% i B3 (112 4T3 . OPU A% o2t
X RREE 2% Bt B4R 2R, MEBWIRI I TE A SCRPE R 2%, 8 R B9 s 24, TS+
BENGRMEMN L, HT Transformer 15 F B KE SHAY DLREIMZE ML, FlWiM CNN 2|
Transformer, {84821 RGN 7 —HAEL M 1HHFFE 4. M BIAE L FEHT A Mamba2 M %% [11], 1E

B4 AT EML 2y R, B2 RS b, dTEE . R 2k, 55—, 4

1) GPT-4 technical report, 2024. https://arxiv.org/abs/2303.08774.
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OPU WIF8 & EMABE A EE M W1, 430 &7 FPGA b5 R IGAE, W RIFERT DAPLEIEIT ASIC i
Jr S

XTI, A7 oy VAR T A2 X 2 i 2% TAE. S g okud, ASCH) FEEoTmEkan .

T, AT TR A A X 2 IS, 43 B AR R A B T R T T R bR )

HIR, B4 T Overlay ACFEES B THEF s TR, FREHXTEE T Overlay AbFE 28 F1E H 52 #il 0
TR X ).

FRIR, FRATZE T SRR A 2 288 PR IE A Overlay #4228 AL BESS 1) FPGA JiR ¥ 13k
ITRGE 328, FFEE X R — RAC PR AR BT S B L ST 58 S S o B AT VRAHER 1.

BJa, ATEEE T HT FPGA B Overlay ACFRESAE BT TG APk, IR E T BRI K RIS
IF] 5 i 5%

2 ET FPGA WL A EFIEZEMLE iR

T FPGA IUFRZ MBI 7T — B2 2 2 R0E. — M REFIIEET FPGA & AlE
T e R 8 I e % T B T8 20 2 RE A 22 M 2 TSR P K AT, NI B iR B S IR AN BT A i . S
AN, #5557 FPGA AT ELAG M, 1 28 H 5 il 40 22 [0 28 Jm 3k 25t e 0 bRl e e 28 40 e S i R e 2
W&, SCEL— A TERERIEE T FPGA (0% FE HIFh 22 I 28 s 2%, 38 75 ZLAT X R 8 I 22 2% 5
%, BREIFAT IR R « Al T8 AL AR 12 L i ik, AT A2k T FPGA 1L AIEHIFh 4
W0 28 i A5 B8 2R S B B i

2.1 EREHIME ML NIRRT

B FH 7 450 22 D 245 ISR 2 RV R AR A, SR X AR i B 2 I 28 BT AR A . — ke i, —
AL A 28 IS, AN DU AN T TG, (1) A b R @kt f i B
FR AMTAids A5 ERHE D), B0HE 28 L, W 78 20 R PR B0 i i, el s o PR 1) s SR IR PR BRI FLAcoR
B, 5 LA 2 A HE B RIRE T B HE 71 SR ms 112~ 140 Skt vy AN )i 55 R 2R AR, )
—#5r TAE B $ R AR SR w15 16) AR APk THEEL DD AR IR AR L7~ Sty DB A&, ATk
B2 T BRI R

(2) DA TSR, @ IR T R RN 2, FlanGRE . AERES, siE I E s E )
JE AR, BlandELR G S, REETHEATHOR. SCHR [20~22] ALk s AR TR BT, SCHER [23~27]
S IO S T PR R 0 4T 298 STIR [24, 26, 28~32] $2 H AR S Sk 0 [ 2 BRI T s, A5 AR T
TiFEAERAGIESCR. AL, T N Z AR ST TR, K& TAERH T 2145 i
K153 77 5K (25,30, 33~35] e s i it R 3 (R 2R AL AL, 131,34, 36~38] R Bl & O Tramsformer A58 15%
TR P A B B G RN R R O AL SRS (21,33, 38~ R iR T TR A ) S A L AR
TEFERI AR, BT DU SR SRS [F) (A 48 I 28 B0 (HIR SE B (1A% 0 S 300 (10 A7 28 1 o7 58
zs e, 2Ot ERE G B D IEAT BE ), AR R 58 IR 48 X 28 SV AT AR AL . DL 2015 4
FPGA (T4 42 fl, AT 132 T Roofline #EAY | 4136 FEANEE & (4 22 I 45 v (04— 2 HEAT VA, O
IEFERALH Tiling K/, AR E B SERE ) Bt S8 ISP ER BB S 41, T 64 x 7 Z&mAH
Tiling K/, MR THE 51 2B TH AU 7 N REIE B I EE R 7 NS EEE. X, &
SRR E 2] LA B AR I B it B B, AR, AR LR 25 FI S HCR AL S, SRR Tiling K/
WAk, WIS B (T3 5 BE S 500, B AN 06 FH e 1) (1) 4 28 X 4 0o 2 hi 1

2.2 LTHRESIHEME NIRRT
B EHI A2 P I A%, ERAF BT R, B E R T RS 1 BOR AR BE R B SE R A
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FRZE X 28 SR AT, X8 AR @i 2 G B AN PR 3 0 A, DA B AR A SR HE 340 1 8 B2 5
fig (14~16,19,21,22,25~27,30~35,38,41,43] ' AAY $ w5y T AU AL BE R0, 100> T B RSB, S —iR o TAE
S AR BIAE A AR B 1 S R 25 DA A B B e Ak, I FLd i e v SR BRI FARAS WL, s — 2
IR ASAMIAIE A i 225 PO 265 P A 3L 42 g (95 1518, 20,21, 23~26, 28~30, 3537, 39~41, 4] B3 AR 3 M T A 75 340 #48
A H I 3 T B RE B ALt 22 X 28 [P HE B R, (H A2, IR TARER & 2R i — B AL RTL AR
B, b —AN BT R 2 X 28 S50 K TH 75 S B 2E R LU R, LAk E, Caffeine 431 $2HH T —F& M
R ISR (Caffe) S JZAEAEDIE 28 1 H A g B3R, Al AT TR AN TR AR 70 e B sh A A
HAMEAD IR, R B st w500, X 2 -1 T Y i b, $e TR B i -5 . B s, A
FAATR B S — i BRI, R EBRTHEM SRR, B, o Xt E R, E5 B
SR BARHEP ST X weights R HEAT AR, DAIK B 0 B 6 3 FH SR . 7ERE1E B B A Re
o AATTEE B ARAL I Roofline #57) 2742558 DSP (digital signal processor) #(& . b LAt F4b
A7y e S 2o, AR T s SCBE AR, H AR RTL AXRY, FE5eiss . MR ma& ML FPGA
B s (I EEARRR. [RIREHL, Auto-Compiler 91 1 S5 #1228 I 24 R AN [R] R B 7 R E SRR F 3 vk
HIBET R, e AT IS4 X RS 2% AT I7E PRI ET XX e S H AT AL, e s
I¥K) 266 Fuft 5 13X L TF B A A B A B TSR b, FEVERE AT DURI AR5 v 1 L FH e ) 4 440 I 285 Tk 2%
FH.

SR, T AR A IR 4 T AR R R, B RS R A N 2 A DL B AR FPGA R
R, AR BN RTL AR, it EH 2R G AR Ze 2 me— MR AL 1) B e i 10 22 X 48 okt
2R AEIXFIMER T, B M2 FE R — A FPGA MR-R A2 X N —AN & F e il () s 28

2.3 THEFHREMEMERTREL

B FE AR 2 P28 I 2, B0 45 8 IR A 28 AT O0AL, BRI AT ASRAS IR SR B2V A 22, AT
PRAIE S 3 3 S PR A ik B B AOLF. AT, XSRS s AR IR, (1) Bt TIEREER. By
TR 22 I 2%, L P T )48 22 D 2 Tk g T e S DR HEAT 2R B L ORI SE, R R EIE R T
PERE. R B A A AT DIAR R BE R R ZE ) 7 AR A0 7 R p 22 o0 2% (R I % RTL AXAD, (H 2 75 2
BB ER G S AR I FOULE FPGA ids, MR EE R TR, (2) RIGMAR. L HEH
PR R 258 I, AEAE BT B AR 22 00 2% (1) 2 ke ) 72 11, ARMELE DRIE S VERERIE DL, 7 R 23 2
Z BB S E L. BIn— AN X CNN SE il AR 28 W 28 s 2%, 1R e = 2oty g 23+ Transformer
IR M2, (3) N FHIE PR ZE. B0 AR INIR B 72 1 55, AL 77 E 2 MR 2% K, & F 7€ il
P2 [ 28 TN 2% 75 BEAEISAT I N FPGA BT mAe (FHT AR & 4 I 2% 1 LU AR ), 2 AR WAL 28
e G E 5, HE2 2 TR

3 HET FPGA BIER Overlay #HEZMEAIERFER

MRV 5 HI AP 2R R 25 TN 2% OB 5 36T FPGA FUIEH] Overlay #4128 /X 25 Ab PR 2% N 3& 11 A=
JEH Overlay fHZ8 W45 A FR 2%, 78 LRAEET X4 28 W 258 I 14 BE I BT B, ff v F 58 il AP 22 X 25 15 1)
TAEE R RIEPEARAN B FH i B 22 (R R . AR Overlay AL ES ) 5E S\ PLH . TPk AN L A
TARX L7 HHEAT 41,

3.1 Overlay IR ENX

T FPGA ] Overlay AbBHEES, 52— FA] e B O BE DAL BE RS B 2%, BEXf— RAIML 24 5
RIS SGEAT M, IR R R 5. IR, Bh SEBUE AR SR ITE. fR)E, SER A ZE M
G ER AN BT, JET FPGA 1 Overlay Ab3RES, HA N(EFH —& dEE 404, Jdid #= 5
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Y 1R CHE 2 R 5 22 PR 48 IO 285 A5 AR PR A A2 T T R
3.2 Overlay IBESHIMES

FT FPGA 1] Overlay 20BRES, —MEA LI N =/0%. (1) IHATE . Overlay AbPEES, 3 H )
M FPGA BIFRHE, Boit m B AT T A%, RINHAT 2 /N8 BTG, AT #0282 ) 28 o (i 0o i
R (2) PTEECEME. Overlay AbFEES OV AR AR ph 22 0 2%, 1EAT SEBTIC B #4704k, JF
SEILRIE SRR 2 P 251 H 1. 5 BE[ER, Overlay AbPRESIEH Wit —E48 248, AU EH FE—
ERZERIRTHE T, 8 I G B A% E T G AN R AR X 48 KR BRAR T S HFAS R4 28 9 285 TR ) 4.
(3) rrRERLLL. MILLTEH CPU A GPU, 3+ FPGA [1J Overlay AbEEZS AT DAFEALEE SO RERLLL, TG
HRRAEARTIFE 5t T R H .

3.3 Overlay CIESRAVIZ TR

Overlay AbFE s, FEAZ I 28 Ik J2 T AR B th BRI 3, SR, Bt — ANt R Overlay 4b3
BMKIHAAAE IR k. (1) FEA BT, Overlay AMFERSARZ O TR A4E, WHT#iT— B 5% & . Exk
(R8st FH 4R 22, /2 Overlay ACBEESBTH ST — RBRAR. $82 4R BT, — 7 THIEEREMS CRIE 2 B8 1)
RigE, VSRR A M4, 75— 7 T B R UE TR AZ O I S T RE, LASEIL Overlay 4GB ¥ e
R, (2) BAFRZER T, BOR FPGA W LASCREm JFAT L, {5 FPGA EBEA MR, aif s 7 F A
BRI FPGA BEUR SN JFAT LR AR A PR, SRR, Overlay AbFH &5 [FFFE A7 72 7 06 FIR ] () 7] 751,
WA 7543 FIH FPGA HIFARETE 9%, 7840 KAE FPGA LTS O, 25— Kbk, (3) Hmik
PR, G PRAs A E RE W HEAN [F] Y 28 X 4% w5 S LSS 2] Overlay ACEEZS b 38 75 Z A2 78 40 FIH
Overlay AbBESR I 7, Dl s BRI R FE Overlay AbEEZR 1T R BE

3.4 IMBBY Overlay AIEETER R

Z 83| ER L PR ER, OPU RVIALEEZS CLEHXS Overlay ARBESS M T IR AN IZ A 7. i
R, ZFEIHTH Overlay ALBRES /7 SRR, GFEG—1 FPGA SiiFtESL U0 FTRHR FE R 2% 5
FPGA D& 6] 4 BEEE 22 1) J7vE 1461 DAL T2 DNN W BE SRR 471 OPU Mz O R —E T
T R Ao 2 0 4 I 3 P R 2R AR IR BT Z WA B X ONN, BEE M2 R R, X
EBRAET R Y B R E R G A N . Transposed A M 4% . BT Transformer
B E M RTE SR, DL BRI 4. ASCE S5 OPU A1 AL B 85 2 HE SCHR A I 2% 25 1
BEAT 7328, TN HAE A S0 R G PR B OE AN 20 (56 5~7 7T9).

4 EHTF FPGA Y Overlay S IBESAIEAKRLER

T FPGA [ Overlay Ab¥E 8538 5t 48 . 9 PEas FRE (R AL R 8% = RAERZH Bk, 454 (10K BE
R, RS FEVF 15 (low-precision floating point, LPFP) AL T77E, #E— 01T T HEEACR S5 1FiE R
PE. WK 1 pR, AERSSIEE B 2 S AR I AR Y 28 2 ]R8 (graph-level intermediate
representation, graph-level IR) F#§4 2% H1[H]K 7R (instruction-level TR) PN REIILEN B, SBL T A
BB FPGA HIm AU, 2R TSI 1 & 2% 1 R G B8, it — 0 787y K ¥% FPGA
FE I F A B s b b R SR A AT 3

4.1 BHMET i B i B R R IR

VRIS 2 ST () s b e R iV, RS F —4EG A1 CONN, 2T Transformer I KIES
LAY (large language model, LLM), HE-FRIMB SRS RN 2 K, TCHBIR B 27 > Inad 4 i) - A ik
AR IR A 7K SRR IR P A A b e DL S i A5 21 78 0 AR AL, Tevi e o REEREAE PR RE. dmidas, BN
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Model A

Overlay Processors
-chip Memol
, B -
Model B = =
I - L )
Instruction-level 5 §_= ‘
% q Graph-level IR q R 9 oy i
FPGAs

Model C a .
%D Graph-level Optimizations Instruction-level Optimizations AMDD | @
VIRTEX”

1 (MEERFE) Overlay AIESE AL,

Figure 1 (Color online) Architecture overview of Overlay processors.

TRPE 2 SRR IR A PR 2 TR OB, AT AR L i Ik PRRE EARE R 1 OCBEMRIHER. &
e, AT FOEFE L, 2 1 2 RESC AR MR IN BIUREAF AR E 304k, $2T1 7 TRERCR. JLk, iz FtE L, 4
PRSPt T RLHAL R ARESE, REPREE ST RF AN IR R AN A R, JiE S0 2 I TREAE S5, Bm, (Rl
FRPERE L, ZIFSRIRAL T — AT 6, JPRE T LB NS, SORIERETFLR T ISR RE. 7E40
PERS BT, WEFEE AR T 2 ML TT 5, WA R AT AR SR 18] T2 B A AIRLK 2R
Lk 191 R B M R R SR B B0, DL AT R A =) S AR AL B A2 ) T i 1.

AR ARSI B AT — AN R (R OR (IR). B 56, Hh R RN T B R R R L SN BT I
S5 HIR, RN RO 20K, BT BRAOSCRAE 2 A BRIOEE VT R 75 205, dit,
2 F A AE 06 58 BB R SR A WS, W R 25 b 7 B AN AL R EAT

F£T FPGA 1 Overlay AbEHE a8 )9 1 4% — A b il i A i 99> 38 70 AL A8, S o R P8 2 S0 AR
IR NEAER I, FF AT EZOIPeAE, Ja skt B EE (lowering) i Overlay AbERZRITE 4, JFEEAT 5
LRNLAL, FeJaE R Overlay ALPEEE AT LASAAT IOBLERAD. #£ NI AVETTH, ££ 4.1.1 /N r 4]
TR, 4.1.2 AN AT RS U, 4.1.3 AN 4 A S T AL

4.1.1 wIFFPEIFRRIEIT

Y B A E AT A FH BRI K (dataflow graph) 7B IR. B 2(a) BR T % H I Transformer Block
R —Hr, A4E KQV FeikA self-attention. BT, FANY mE —MRE I H T (B0, 5/
ik (matrix multiplication, MM). ERLL e B NV Softmax %Uﬁ@ﬁ%), (B SUE N &/ WAl N
[ B 40 B R 5K B (tensor) HITEAR, X RN AT o AT 5 7 = Ak,

PR e um A AR 2 1E N IR B 2(b) B7R T KQV Feik b —MHRIETR R R. X EMIES
HHM Overlay ACBLERHIRIMN R, AFEIMBEHE LS (F1U1, Load 82414l 4h 2 v WAL L Store
AR A B A AMOEEES) FITHE (10, MatMul #5438 B 8 FIRERE T . B 2 48 2 IV EIE
BAE 4.2 /MR, Overlay AbFR S 1K 4 B s 72 5 5 2> DR B loop ZE14), 40 45 FIAL MG B R RAER
=S, HEERRERE T & E R (high-level) FIEPERAZAE (transformation), [FIHSHREHS
PTG PR S

4.1.2 wIFFIHIITSRKL

U VRS AT PIEIE AT A (parser) BEE MEANTREE S SJHEZE (H40 TensorFlow, PyTorch, Jax 5%)
TR MR Hr R e BRI . B a0, AR Z IR RE 2 2 ga k2%, Bl TVM, GLOW #R7EIX J7
TG AR UF IR FE. 28T, Overlay AbEEZS (19w 3E48, HEAE I THFIRMIIR B 5 ) B dy AT R fleh 7,
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(a) |512x768 (b) fori:[0,512)
forj: [0, 768)

T1[i, l@IB < Load TO[i, J@DRAM

for i: [0, 768)
forj: [0, 768)
T2li, J@WB < Load W1[j, J@DRAM

for i: [0, 768)
T3[[]@BB < Load B1[j@DRAM

for m: [0, 512)
forn: [0, 768)
fork : [0, 768)

T4[m, nN]|@PSUM < MatMul T1[m, kK]@IB, T2[k, nJ@WB, T3[n]|@BB

for i:[0, 512)
forj: [0, 768)

T5[i, J@DRAM < Store T4[i, J@PSUM

12x64x512

B2 (MENTE) $2S0tEETERATR. (a) FS0EE IR; (b) FH0ESE IR.

Figure 2 (Color online) IR of compilers. (a) Front-end graph level IR; (b) back-end instruction level IR.

I H A5 A AERHIE, 72 BRI ZOMeRs E Ak, R A @R W4k 77 i it Constant Propagation
METRLE.

Constant Propagation. %44t Constant Propagation REMSK; runtime static HI{EHEATTHELF, M
M/ runtime BITHE. SR, 44481 Constant Propagation R X115 BT 98T, Ao 1B K
ghM, X — RIS, 7E OPU P2 d ) At T4 i 4 o508 — S8 B (1 o S0, I BLARUE 2
AR BT S AN 52 T B 138 S (semantics), MIM#HETF Constant Propagation fIA1£:.

Hrmd. i BRSNS RS 5 ENEER S S MELEERE, HraamE SR E T
[ ) r ) 5 SRR B AE B b, AT B4 B 325 . SR, S5 2 8] iRl & 07 202 SR T b it 4
PRt T RPN S TR E T 5, RS 1 H i 7 R AR b B AR B A SR
LB 5 I AT UCEC (pattern matching). LA OPU J9fl, AT FH B Rl 7 8 02 o B e v it
B, 5 elementwise BEEBFE B S IHTREA, MITSEEL 90% L) PE R H %K.

4.1.3 “miFSFEFEiRmTSiMNe

Gt 1o I g S D0 A PR TS EE T BLE N, KRR R 514 B R R SRR i
A1) loopnest. 1% AR T HOEHE R Overlay AFEZHHE A EE. 5 ULIFIRS, 4 B I i il i ik 22 0
17— R FH] loop optimization, MG+ H 5 HHE B BUERIE R W REHLE &, 780 A AMBAEGE AT 58, A
2Tt PE BRI, BE)5, 9 B4t Ja i 2 T Fr A i loopnest, FEXSZE1E 11452 511347 allocation
A scheduling, LAESK PE AR Kt — DR, f)a, Sl in 2R Z A dependency,
MR A Z R BE, JFE AR 2 IPLEHY. 2Rt e, i 2R A event-driven AT
s AR D o S DA O HERf
4.2 LSRRI — RBHRERESERIT

XF Overlay KbFRERT &, 8RB TR CHE. (1) F8 LT R RIE, AR oA [F) pH 48 ) 45
FRETIIARST. (2) IR THEH LW ATy FENE, REstRIEY RIS T, BLSCREH
ZMZREE. (3) IAETE SRV RO AL BEAS, 7 2208 w2, MM PRIE Overlay AR SR A RITERE. 24
IR, IX = 2R R R AR AR RN A 2, T 3K =35 2 [ AT AL, Bt B AT Overlay AbZE &3 (45
LR, ARH BAT BRI,

4.2.1 BRHIESERI

FERZ B3] 7E 2016 4F, $2th 7 — B XM TR . A1 HT 1 I AR R A2 I 45 S
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MEET, $et 7Ll load-store AZMITE4E, Hrh W& THREIZS., [AEIZH . HiFisH. 2H
B BRSNS KIAR L AR SR B LRGN B R, 182 ¥R RV, AT BL R
SR 2 4 AR ST, AT TE 24 AR 10 PR fg e 22 R 2% 1 R BAE B T IX B 4 4R
M RTEE. R ERLSEBAAER SRR, RERLBIREE [

Abdelfattah %5 B4 7£ 2018 4EH I T 413 CNN [f) FPGA Overlay A038S. MATFFEHRH T —%
EFXE CNN B4R, AR H T — MR ER KIS ST (very-long instruction word, VLIW) 4244
RAR LB XA F 28 1) RS PR, AT TE SR EROR, DB RZE R F B2 10 £ A KT
RPN, RAERB R T 18 2 HRCR, (HHRE 1 RIS R, 1R e & ROt S AN [F 1
FREE P 2.

OPU 7£ 2019 £ | —EYULE H A0 BRI MK KfE 5%, RERLSEEERILIE K
RLEE, AHEE_ESRPIESR &4, BEORIE 1R 28 I 25 U A R RIS T, ORIE 158 n i m e, AT
Bt 7 2484 (conditional instruction, C-type) FIEZ&FHE4 (unconditional instruction, U-type) #
REKFEL. KRR QIS A 5L SR A S . EECRIRE, 5. 5 A BEANHE 23R
BN, PR IR BAR R ST B E B AT 264, T AR5 AF 4R 2 R BRBE XS L A S5 AH 4R A7 AE, IR
i oxd W 2 A 4R A AT 24

4.2.2 HTF FPGA H Overlay 2B 2EM5SE &I IR

HT FPGA ) Overlay ZCFEES IR HE W IT, TR EFLER] FPGA LR BESS ReE. — 07
T, B2 BT AN IR TEAY R, T EEHe AN (A48 00 B i1 v, BRREAE X H I 5 i kL
FETH RO R REAT E B NERS, tH B8 05 X — SeA S B (R 410005 1 ST ORI . S — i, BT
FPGA 1] Overlay AbBRZS, FEAE A AR 7 45 1 AR FHHAT R 7EHE & S Wi, 75 B3R 21
FPGA 8 I Ab#EE% B BRI 2L 48, Refi® (RIEFR 2 B AT 2303

4.3 AT —— SIS R BRI

Overlay ZbFE 88 i) AR H BETHIUR FS PRI, — 77T, & T LR AT RE AL Pl i, %% — 7T,
TEAE BT SR L. TR RE I FE, Overlay AbFE 282 (BB BET, IF HBHH 1
2% NG TR B 5 ST, KRR PSR R () DR, ZEMRL VL b, SRR S TH 4k
FEAAVCHL. 5 RN, MR &5 58 FPGA I RARRHE (Bl I DSP, A I Block RAM %),
TEFEAT IR KR 2 T 5 08, ST SR TR (R P B, —SBEICHE, Overlay Kb 8% RN £ I 48K
PR AR RAR THE B, SR, 58 2 0 8 18 A MRHT 82 1 T IRNTIE &, FEXTRL 0T SR th S
PSS S, BHETH SR IERTE. J5 302 OPU R Overlay 4bHR 88 7E AR [F) M £28 I9 2% I i 47 5 F
ISR B LA A2

4.4 REWHERIL SR
LPFP %) Ut it BB AIC T o BORS B2, 1A 3080/ FPGA BN AAAE L $20H i B30 2 A BRI
DIFER) H Y, A4 FPGA TEIREE > 55 5 F h OPE g, el rs B2 5 AR 1P, AR B FPGA

FUASCBL 5. SEit LPFP ARAGREC: it SR msb B as ANA7 i R G MPEBE, B ORAE KRR T 54
55 R RUR T IR AT AE.

4.4.1 LPFP 7G5

LPFP SEALIE I B SR RS, L CNN ITHERCR, [ R PRFFRIR I R . HobZ O LG R A 1
FEAEFE. S EAET, BRI —E . KL EE S ERE . SEEEES, Wb I HH
FERALTE R, TIERAE (P 2) JOorAREE, i — 8. 4@ sh &kt
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THE AT LB T, S5 A AN AR B DY 5 NBOR, SRR RRAR AL R 22, BRIl b, Bk
Kt rg 5 B R T AEHE B B 2, FRRISAT T4, FPGA ¥it b, AU E A (i B A7k T 41 A7
fifi s, BN AT 5 00 R Bl REBCRIEAREOINE a5, Bl G B0 SRS oy i mik . R
FIRE ST NGRS BEA KR, (B S8 980 UE X B AR E RE S A .

4.4.2 IER[EMMUSLZREMEE

LPFP AT RHES 1 & HIAL B SR M v it, DB B35 I BE ST (floating-point func-
tional unit, FPFU). F 47 R4 (on-chip memory system, MS) FlH 4% il L (central control
module, CCM). FPFU HZ /N IFATA B Iei i, it LPFP Hdig ok 5, SR IR K Ze 46 1) 52
A E SR A ERARE. B R e A S HAEAA 4R Ui 1) (direct memory access,
DMA) WEHAACEARE R 57 L&, D IER, B R SESE . R H BP0 R FPFU A1 MS T
5, W FAT RS TR

LPFP 805 % H B A 45 &, SiL T FPGA | ONN HERL A m AT, Ak T 80 7T
AR, B R O BRARIR 7, A PRER AR T A7 5 1O, A PR RES DOAE-T- 4, Rk R Ak
[CUCRANCE A T AV

5 SHHZMEH Overlay B %IT

I AT AR BRI (FPGA) FEfE g R B AT TR RE T, MO IR BE BRI 2% (CNN) 1Y
HARP G, LR, Overlay AbBLES O 2 M H T4E48 CNN BRI 25 h, 4noCwik (52, 56~59] 55, A
TIRNR W FE T B RME N ZE R Overlay AH I, T 2SS, RIANAEASRE: HSRIEHE B
TCHEEAR R RIS H T . BERERMEM L Overlay BEZF I WIH IRA R B
MM L% Overlay ACFESS W, B EXTIAE CNN W% Overlay Ab¥E 2% A SLI6 B8 3E1T X6 EL 2T

5.1 HEESZEEETENEREEEINZT

XFF ONN Ik 5 F1 AL B 88170 &, AN £E [ — AL BEEA JT (processing element, PE) 454 Hig b A
FREHEE, £— N RE R THPhlk. XE R PE oo B & & BRI nT mM M, DLRGE XS At 5/
K. fE CNN WBHUEH R, ¥ &P REEE 32 EAFERHME R (feature map, FM) FIGFZALE (kernel
weight, KW) W75, A£48H) PE Bt % Win) T 78 AN S BUZ A28 AT P, IRt R i, (2
AFAE LR PR Bk

(1) F5& RAT BRI A BT T7 5, 3@ HELHE 21 A RSB R, F 2410 FPGA &
THRERE W 3 x 3 BRUZHAT 7 28R AL, AR KRR 1 FAE AL B A RS B AL I PR RE.

(2) AEXT KW BEAT HAT AL R AN, FM a4 B0 3 2% REAR N 1S 0, 3% FPGA A BRI bk
BEHLAFfiE % (block random access memory, BRAM) & & H T 8 KAk,

NTRPREE—A R, OPU B2 $2H T — MRty &, RV K RSB IR 2 N EZ A 3 < 3 1)
BRRZR I, X0 T7 A BONE | RS AL R PR R, &1 58 =A@, OPU 42 1
WEZHR AT IR, EERIEESREF, FM T ARSI N EE S -, M KW R T
MAABLAE Sy HdTEE E. a3 fizx, OPU 1 FM Ml KW IXANERE BRI 5] N 7 34T 402, BAk
WM&, EREAN B R P, A S N\l T R B ) 2 4 (RIS B, 9 5 500 B2 PR B B J0 3R AT AL 2.
RPN BHE () FFAT IO NS T BRI BRI, BES & BRI NI TR, BT 5
) PE &, AEfS S 7850 R A BRAM 5 9, JF 2 3T S IR BE, ANTRIRARAL T B
LES



&% PEMNF:FENFE 2025F Hss55 FaH sos

~Input Feature Map

Convolution Convolution Convolution
kernel 0 kernel 1 kernel 2

7777777777777

ik &8
777777 ‘r _! i-i!:r ol
® ®

/,w'#lConvqution kernel group: OC

Where: OC; =3

PE Array

E 3 (MEhEE) OPU B FM (8, KW B8 TR TE.
Figure 3 (Color online) Parallel data processing between FM and KW of OPU.

5.2 FELMIEBREERTRIT

5 VGGNet [0 A1 AlexNet 61 #HEE, ResNet [62] Fil GoogleNet 03] FRILH T A HERE, JERRKT
BORHER TR . AT, EATHR SN T R EZASNH AR L AR R R E. OPU AT ix Se i Y 4 41t
TGP S HE

5.2.1 Inception &R

GoogleNet 5/ N7 Inception FEBRiIX— B EME S, HAZ OB ZER—E P EHZ NAE KA
LRZ RIS AT BARERAE, RGN G8 REAT PR, XM 72X, Inception BLHAEHEFE A [F] R~
FG RIS ST SR 2 RO R AR SE IO B B 4 D g, IF45 5 ReLU S0 R BOM INAE & Re i, 180
TSR I RE

Inception AR BT 5 2 BSR4 N\ B T8 B B0 11T B8 IE (channelwise) HIPFZIERIE. 78
OPU MWNAFAEAERE T, 77— 2% H A0 10 9 A7 bl 2 e a4 B A7 A 1), DAL, fEEN TR —
JZH) Inception BEERIN, i N I PHEE R T 7 91 NS TH AR BUIEIE . X v R B 21 21
77 BB TT T M 2% B AL B g AT AR, S8 M T FPGA BIFFATIHELRE .

5.2.2 FRERR

TR R IAZ DA R FE R R IS, XA AR — AT SRR, (BT AT
RESI R AN AN BRI, TSI RE. Ak, OPU KFR 2 ik i Ve i N 21 J5 AP A K 6151
REFRAR . B2 NV (S R4 JE A SR B A SR [ TR R, A A3 A A (1 B I BN 2 % B A SR
BB i B THT 2. X B T AN R T Ah R 8 A A R IR, IR HE— AR Ak T W 4% (1) B Ak i
R, T KIE T FPGA KIFHAT AR L34,

Bl 4 JB7R T ONN Hk 22 DB i i 28, F BAS = B4 (1) R =GR
SEH, IR R RHE SR R ILR FERHIER I (2) 18 A B G AR BB B AR IR B R AR HFAEAS 2 (3) &6
A RIS AR, 76 BR4E ) RIS [RVRRAE. X P 2 BE A2 T HFE PR FR (S B 52 B M I RISl T A
ENEZ ik

OPU BT s 7E T 5 5k ZE R O AK R ARA 8 1T, S5k 22 vk . ReLU S Ay AL 5 /E 41
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Pooling unit array

i

Activate unit array

@ Adder Array

:” Pooling

Accumulation

4 (MERRFZE) CNN PIREMARBHRER. 5 (MEMFE) OPU R EEBRREIRIT.
Figure 4 (Color online) Dataflow for residual add in Figure 5 (Color online) Architecture of the post-process
CNN. module in OPU.

TN BTG RR 5 A BRUKZe T, REGESEHL T AR S E B AT, XA FUK RIS
W B A el — S T R E B R ZEINE R E R TT A, 53— T T SR AR U 1R BR A
Fr ESRAF X, B EFRAR T AT BE IS .

Bl 5 IR T OPU bk 2 g (R Rl A 15 1. 2204 4R SR A 7K R 85 40, DR 38 B TR A Ik
BEINESIES | B e RS AT AL BT RE I, B ORI RIBUP AR B, R GEBETE T PSR BRI R —
SRR E E AR, A — Sk ELERM Y 10 55 B8 2B T IR 2 BRI R ARSI RN R O D e AR R, S
PR W B AR R B XML . TG E A B AR T 1A BRI A R, B R 1A
SRR AT, AR ZE NS HAt B Je SR R BAE T SRR T, 3 — AL T 2% BT P RE.
AL IR A R RS VT, RGEAT ASEBLER 2 A S AR AL BE T R R B AR K, ERIEDhRETEHE
PERFER b, @i A7 AL B AN K B A E SR T SRR

5.3 REREFFMZMEH Overlay AIEZEIT

Light-OPU 1561 23T FPGA SZHLHIEH Overlay B EZ% CNN ALFEZS AJLAHAALSE ONN 5
Light-OPU #%%4. Light-OPU 1] LUK LW-CNN 18 S48 (F 8 ik g B A1 R 35 (145 2 S5 W v h w250 i 21
FHRAEAE B, [FI 482 AT R SRR A T L.

5.3.1 Light-OPU 1548224

Light-OPU K] CISC BYFRSHELE, HAME L WMPAT AT R s ZAe T L N L b, KR4 AT AR
T NSRRI 32 A RISC BY4EFE 4, HARVELER 1.

fiRts J5 Y 32 A2 RISC F84 70 AMFRAY: X84 (C-type) MICAT4E2 (U-type). C-type fi
A HEAEN . il 250D (trigger condition index, TCI) FIHuhEAD2H B, o fil & 25 A0S B A 45 7~ 1
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#F 1 Light-OPU CISC 14 E/EH RISC 55 %E.
Table 1 RISC types of the decoded CISC in Light-OPU.

FM load Read feature map data
Memory read
KW load Read convolution kernel weights
Memory write Writing back feature map data
FM reuse Tradition conv
C type Data fetch
. . KW reuse DW-conv
instruction
FM share Tradition conv
Compute
KW share DW-conv
Post process Functions of weightless layers such as pooling layers and activation layers
Instruction read Update the address of the next instruction in instruction memory

Fa AT P s 6 25 4. Light-OPU R FH BN EL 7 A RUK 2S5 K R PAT 15 4. AR ML e AT AR
T, N T SEIUA R 2 0 51 %, Light-OPU R4 28R 1K OC R, NEKIES &I T
filh & S&AFHIFR (trigger condition list). fEFR 2 HATEREH, @& R 2648 2 il SR 51 (trigger
condition index, TCI) KahZ BB HAMT BT 75 (1) S th 2% 1F.

U-type f8 & WR AN C-type 154 FT R Kiz S8, NILTE LM, Light-OPU FLE | 24
4 H07E (instruction wnit). BN HIEH 1 % C-type HAME K (AR 0 %) U-type 441
U-type 184K 3 Z I8 S E S8, XIFAEFR I ZRal B2 sh S8 58T, T2 $R 3R DURT O 2 4 L
Ja Bt AL,

5.3.2 Light-OPU I E BT LW-CNN % #F

f£45 CNN KB IZH (convolution, CONV) 5772 M FH T8 AN E N 45 (1R B v 4 B 46
MUEIBHI R FAEIE W35 7

REEN] 4r B2 MobileNet 5558 2 AT A N 25 (1) JE A G, 8 518 SUB R G H. IR
FE] oy SR IR SRR L TSGR ERD TitEE. ERE S EERY, 805
MIZRIEIER IS A 1, DN ERE 1T ST AN RHE R — MEIE RIS 5. Bk, EIREER T, &
FZEE (num kernal) %541 NFFAEELEIESL (Channel in) %0 HRFEEIETEZL (Channel out), R
num _kernal = Channel_in = Channel out. W15 75 248y tH RFAE B @ TE 2L, 7T AAE DW-CONV J5
B AN IZE SR, BN 1 x 1 B AR, TS B8 1 5 i

Light-OPU fER—4X OPU HE:Al I, Beit Vit 5Esoe, i H REm e A X i 28 5 illia 5 S HAth
BET. 5 OPU MIA, Light-OPU AEBBUZ TN 3 x 3 RF, T T R RF BB, I rg
W NEA 3 x 3 BRULIEAT LI

5.3.3 Light-OPU ##i¥38

Light-OPU {0 E 4 245 7T LUK CNN W28 BC ELA5 B 42008 Light-OPU _EISATHIHR L REF. SiiF
SHRALINIE 6 s, EESCHIAS AR, (1) PIZS A, K 0 2 15 S8 8 SONREPE A0 iR AR
25 FEAL 0355 M DR 2% T B AT B R AR BB HE PP D BR. (2) SRS, e M) 1D ) 2% ol S5 1) LA /)
AT SEIR AOBE . A0S0 5 A 28 D) 1145 2 A2 BB BR.

FEM 4 AL BT, T BT IR B EL R AT, LGRS 28 S M AR R I8 B, B A TSR S 80
BR R, WA B S BRIE T 9K B . Keras B ONNX AR B R G5 A AU ST ) 4% 2 A4 32 A5 DA
TR (1) WEEAH: HEZRSUERASEEE R ED. SRS AN SRR S AR
EAEAER, R . BURRERER. AMEA AT AR AR TSP 18], AT b 38 45 S
B, (2) Hrfle: Horah a2 MO DA A g B 10 SRR AR, 2288 ONN i indth b B —
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Tensorflow frozen Network Slicing External memory address
model.pb management
A

\ 4 \ 4

N‘etwork model Operator Reordering Instruction Generation
configuration analysis

A

\ 4

{ Computational layer Operator Fusion j
grouping

6 (MKIMFE) Light-OPU HHmIFHRIE.
Figure 6 (Color online) Compiling flow of Light-OPU.

ft. (batch normalization) F1%¥MZ (padding) %FTU\%%A%@JWEE@%* EH. (3) HrEHT: &
T EHE A e A BB b g 2S5 . 7E Light-OPU MWt rh, s s &L & S K R e i1
JE T SEEL.

N T SEIR R IS SR RE ST AE RTINS 18] N 58 B SRR PP IS AT, g A2 B 45 & 75 B B LR
ZAEF. 7E Light-OPU Hr, ff 4R wiht 32 SR IAE 2% U A4k B MU s A E e H—2
THYERHEEITI R, DOE R B G2 b X ORI R s iE ), X T B R SR IR A TR,
T HEIE AT

5.4 HELERMEMELEH Overlay AR

Uni-OPU P72 T e AN A 2R AL ()54 B B (transposed convolution, TCONV) Fl4%E G545 £ /X 4%
(CONV) T it = 28— WA F Mg ) CNN 4% Overlay AbEEES. LI AN[E TCONV W45 (136
PN DL R A I3, Uni-OPU R T —ANEFE DAL I 9 7% 2%

5.4.1 HEEHAMLE

TCONV O 2 N T 2 IR A IS5 . SRAT IR 22 21 &, ik &9 Keras (61
FI Caffe 62 G HEE M THRER AT TCONV, (HIFZ M2l _LoREFJZA CONV ZRSLELE. &
H FM R~F5 TCONV $i N FM R SFRIER T Fiow:

Wup — K)
S

(Hup — K)

Wout = S

+1; Hout = + 1a (1)

/\E{jy
Wyp = Win X up + 2 x Pad, Hyp, = Hi, X up + 2 x Pad. (2)

f£ TCONV ™, 85— X ERAED BR0T OB I 2 Al E AR Hrp L4t TCONV il il %4
NIE. BRI, XA VR A i 5 BB AN R R AR B O R . BB ORI 8 58 — IRERUD
Brh, EFRMAERA A ES, X WRERTHAZRESHER. N 75 NiZ&0siY, Uni-OPU
PG T 20 EORAESE, DM E SR € I D AN S BB, fEIX vk, BT Rl SBAE E (nearest
neighbor interpolation) fJ_ERAFRCRFAE. 12715 T KA AL D22 Qo bR, XA BB 0)
AT BAET (zero transposed convolution, Zero-TCONV) Fligif 4845 B A F (nearest neighbor
transposed convolution, NN-TCONYV).

5.4.2 Uni-OPU #RiFsEHLA

Uni-OPU &8 T AR FZREE) TCONV M CONV /2% Sl B 2% 1) 48— B s i 1 H 1 CNN
Overlay #bFR2S FHHEFEN SZFF Zero-TCONV Al NN-TCONV &%, AL, BorEgminid Fk 4 il &
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No - up=1
(no up—sampling)

Architecture fased on Add constraint
parser output Yes oot No up=up-sample ress
> Transpose? Tran-powg neural network?, > rate Constraint
spose ? X
. Extraction
Convolution
~Zero-transposed A
.. . 2 convolution
Original kernel weights | i
§ ———— Transform kernel weights
P Original FM kernel _| up=up-sample
P up-sample FM conversion rate .

Neural Network
Transposed Convolution

7 (MERFE) Uni-OPU 4iFRIZHHIMEEIDRIE.

Figure 7 (Color online) Network reconfiguration in compiling flow for Uni-OPU.

AR N A B RS AT HAT IR A T 4. F Light-OPU 35181, Uni-OPU [ 4 1% 2% 3= 52 S Bt /2 fN 2%
HA R B AR, Light-OPU 75 W 4% S A I 32 225 L8 1) 2 5 PRl &, T Uni-OPU fE4R 3881
WItE BRI TEZ A, e EER SR E T E. 57 HAE R E T o A AR
W, SRS RS HE: (1) k> TCONV H iz BRI &, (2) Go— 3 FiOAS R E IRIKTH B,
Bl NN-TCONV JZ. Zero-TCONV ZEH CONV Zit#.

Uni-OPU B () M 2 AR an B 7 P, 805 A Dhae it SRR Rl bk 2)
RIE. BRI FE N R E BT AL, DAg/b TR A, Hhhk 2 RS2 U5 sl g — it
T R RS

HARKAL, Uni-OPU HI4 1% 1 Se AR I8 SR b 45 BAS A M AT 2 2 58 TCONV 2. W M1 2
FEMIER) CONV JZ, Uni-OPU #4181 _F B2 I3 T1% 2 10 J5 456 B UZ AL AN R GRS AE B 3R 47 ki 29
WPEHL. Wi 4722 TCONV JZ2, Uni-OPU ¥k —3P e H BARKAL. 1% Zero-TCONV JZ, Uni-
OPU #7EH R UGG AN FRFERAE B E g AT bk 2 3R 0. £15%F NN-TCONV £, Uni-OPU
Wi ST B R, VAT W BN E A, IR S RN EE S, RE, BTG
(K6 B AL AN b SRR B AT M hE 2 AP, e, 5 E R (0 H 45 SR 2 — 4Lt ik 2 SR S 50!
B 5 1S BUZAE, 1XEe S HURRCE AT DL BB 8 F T R GG AE .

5.4.3 Uni-OPU iFRIZFHERZER

LA Z ot W BCEEAT UM, DA ERFEE R IR T SR R R Z R — R
B ETAT AT BN G — R B TR AL ERAE IR MR B BB SR, FFCsk i B 4L
SRTM, XM AEE G A S, FILERE A . MR, Uni-OPU HEAIE—A KA up x up
SHEERZ, s i shd R AG B BUZ . £E— N EARE T 1A R P B AT BUE B— AN R T
MG, ZFERHL R T 16/36 = 44%. )5, KA MR ALE TR TCEREAT BN, eI e
FIERUZPCE. XA BT L& IO — N E AR, K R ERUIZBE AR M NFHIE A, BRI
W& —A A s AN 1, RS9 up x up GBI R, SR A4 AR L B B O B R A 1S R

A — B G BZAE kernew B FEAESIE 1 tPHET TR, BB Ciu A1 Coue 73RN
S N HHEIE AR, RIS E S P IRIEAS 2-D B, I T s R. e K/
BEN up — 1. RN 2-D fay RV E AR5 B R #0 A2] kernew H.
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B3E 1 Uni-OPU PGB RUZHE .
: Function KERNEL CONVERSION (keroyi, up);

1
2: kernew ¢ empty, auxger < ones(up, up), pad < up — 1;
3: for i < 1,Coyt do

4 for j + 1,Ci, do

5: tmp_ker = CONV (auxyer, keroyri, pad);

6: kernew.push_back(tmp _ker);

7 end for

8

: end for

BE 2 iHE R — sk
1: Function COMPUTATION (fm, ker);
2: for i + 0, (Cout/Pout) — 1 do

3: >Pout parallelism;

4 for j <+ 0,(Cin/Pn) — 1 do

5 >P;, parallelism;

6 for £+ 0,K; x Ky —1do

7: cury < kerlk, j,i], 20 = zos[k], yo = yos|k];
8 for x; < (wis[k], zie[k]) with step s;; do

9 for y; < (yis[k], yie[k]) with step s;, do
10: out[zo, Yo, i+ = input|z;, y;, j] X curg;
11: Lo+ = Soz, ®0o = (To > Toe)?Toe : X0;
12: Yo+ = Soy, Yo = (Yo > Yoe) Woe * Yo;
13: end for

14: end for

15: end for

16: end for

17: end for

End Function

5.4.4 Uni-OPU 4iFRIE+ a9k £ RIEH

TETE AR IZ )G, Uni-OPU M4 iRaeis GAEAE (CONV) ME /il 40 B (Zero/NN-
TCONV) 4 A R At S, R REE R 2 vhik T Tk, izt SRS 5N /4 il i o
7. X F— M NFHERE (FM) FIEFAE, Uni-OPU $2BUEAN BRAE kerlk, 7,4], IFiHHELY
i NFFIE PO B G R I IRAN. SO R IR B Tl as Mg s b ik (29, DLRCOD IR, A afefish o
B0 AR R A H il X — bk wT DU i A H AR B R 6 AN 4 R 2 R DA SO IR AT O B R
BZE T ER, a7 LA G GRE G ETE PN E (5 Cn M Couw Jo5R) B[R 46451
¥, M 58 Bt bk 20 o R B i A

5.5 RARBEESIHNMZMER Overlay A IEF1&1T

TEAS AR X 28 HERE b, IR 4 Sk OB UE B A B T i R e e s S k. IR RS
CNN RENS A (R L 1) [F) A 52 25 IR 1. MP-OPU 58] 2 — MR A RS FE BRI Z 48 1) Overlay
AEFREE TR R TR GRS BEEAL SRR B0 CNN P LS. MP-OPU (ISR 18 T IR AR FEAL
HANSIE A TR O, 25 G Yn DA IR B DLER FHTH LR

W 8(a) B, AR T (PE) BA 24N HEEE DS IHTHE, JF HA —MEE A A
B SRR AR [ A AT BN A Bk BT S B AN SOEIE R A RS VA A (mixed-precision
multiplier, MPM) BEFIFIIERZHAL. N T 780 FIH FPGA ERHEYE, MP-OPU H il DSP Y] 3k
IR GRS FERIEAS, I —A DSP Ul 0 A 2 AMICKS FE TRk 4, DLR m BRI I RCE. i T 51



&% TENF EEME 2025F Fssd HFa¥ 811

------------------------------------------------------------------------

=P
L i DSP | A, |sz| A2 |S1|A1 |A
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Figure 8 (Color online) Computation unit for mixed-precision in MP-OPU. (a) PE architecture in MP-OPU; (b) DSP
architecture in MP-OPU; (c) adder-tree architecture in MP-OPU.
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Figure 9 (Color online) Parallelism in MP-OPU. (a) Output channel parallelism; (b) input feature map parallelism;
(c) input channel parallelism; (d) batch parallelism.
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F R BTHE TS AIRBEN A B RS R BRSSO, W 2 PR, 4 FhAbERES4E 4
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XC7K325T V&L it DSP FiE & (0.48 GOPS), %k (5 HIES; Light-OPU fEMFF& &
mEFAK (0.21 GOPS), HEKRRFFIFHFERE £; Uni-OPU /£ XC7Z100 “FHERILHEE KT DSP
BRAM ffi fl&; MP-OPU NI7E XC7VX690T - & e I ¥4 i) X0 k& BE (0.38/0.29 GOPS), {H %t
VS FE R .

MEARPERERE, OPU fE SR RCE MG 8 FIUS T BT, &G IBH YR, Light-OPU B4R
P RSB ARAE 1T BE T & A& BV 2 FR A N F475 5%; Uni-OPU [F K& DSP Ml BRAM f# i £ I H B & &
TR AT S5 1 MP-OPU [ 3UFI B  vH ) ik W AR AT AR B 7 T AL, 1 & T R BN 3
s, OB IR S 2 (R B S

6 Transformer MZEAY Overlay AIBEF1KIT

Overlay AbFRZS OB R H T 2 FR BB R RI 25 ) B TAE S ONN 25 LISk, HaTtha —
LG Transformer PZ8BEATINIEA Overlay ACEEZS Wi, BIWISCHR [21, 41, 64~69]. AT x) 5T
Transformer W %51 Overlay AbEEZS BT AN AR SE, WHEBAR ALLT LR RARZE H G
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% 2 ET FPGA #) CNN Overlay 222 10HE.
Table 2 Experimental results on FPGA-based Overlay processors for CNNs.

Device Frequency (MHz) Throughtput/DSP (GOPS) LUT FF DSP BRAM

OPU (2019) 52 XCTK325T 200 0.48 120927 233996 817 165
Light-OPU (2020) 56 XC7K325T 200 0.21 173522 241175 704  193.5
Uni-OPU (2020) 57} XC7Z100 200 N/A 117971 247238 1987 4945
MP-OPU (2021) 58] XC7TVX690T 200 0.38/0.29 278548 324033 3072 912

Bt AELRYE R BT AL TR . A R ST 2% Transformer Overlay ALFRZS BT FhBi A
Transformer KA Overlay ACHEE &, £ )5 XA Y Transformer 4% Overlay b3 2% 1) 5256 24
AT XS LE.
6.1 EAXEHEBITKIT

Transformer Overlay AZbFR#% I3 ATZH Ho0 7 57347 M4 i R EIaH, BVEREREN &,
WA RIREABH R IOE 2P ARG, BT IVER g0, 2T RKEhFES 258, A1 Ath R ik 25

4. i, DIF-LUT (O 4@ 1 7 AT e K AR R s B0 V%, LA PreVV T S HH I TS HIE
IAIE A B R T 58, AR B A s SR B T R S A HEAT I A7) 2K

6.1.1 ETFIZENNEERTIET

SCHR [21,41,64~66,68] FIEEAIZH I, #EET PE PRSI + AR IIEM 458, n] A8 IvEmT 2
BV E 58 T LA T it R P A, sy 1) 23 OO 20 AT DA B, AT AT DA S E AN [7) Py

HASRYE, £ NPE, HPTA, DFX #1 MCore-OPU 1R T 5E T IINEM (¥ s RO FAT A B 480, a0l
10 fi7R. 84> PE B0t & € sk A AR 8 2048, il SIMD 77 s TR - Rnigf, &7
PeAl 1 FE R VL 55 T B R TS5, 1X LS PE 07004 8 22 OV m X 48 AT 20408 A 20, SR xS
HOR LB PRAR T OB ERATSEIR . IVZA BB 28R UK e it (8 i g I e s T
P, TRAE T RS E IO ECHE ek & Igems i m AR R M i s e 3 M W0 A ) = 2 1) A R T RSB 64 3 2
B AL U . X P BT BRI R R S R BE R IR I, iok 1t RSP AUET. T PE £F
S b T A FPIRES, RGEREIR RGO B8 B, (5 i H R X e AE TS A [ D48k, R 1) 17 o) A [R] AR
FESHIERAE. FA PE BTHE AR T 25 [l 2 1A 2088 A%, M e Vg il AR TTAL T 422 R,
RN T RGEACIAFN o B RE

A Z T, Transformer-OPU 1 LTrans-OPU H /] PE FEFIRA 73T ECEMLH], WK 11 Frox.
XA AL 3 THURR (T B 2 A7 e SO MR TH B4R &, SEIL T AR I PE BEZIE . odls 7 R R
P54 e B 2 A R B e SR, AR PE R APIRES, & REALALBUIE 72 N2 ms 1 2% b 537 5
HEAE.

ARSI b, RGERA T ACRESERILS]: B2 PE SO shAEE, 8RS 47 24 s 7
RAHIPNE TAE, SEI PE Bos R BEMEREGE. OGRS X 46 2 I B AR B, I8 pRic ini &
TR RS, M B R R IH AR AT, XM 2 2 R IE B LA 2R 4 R A 40 S it SRR SR,
R VR SR BEIR I 20 T A IR i . 237 =X

MR, 12 FETH S8 AN RS I 2 [ SEBL 1 i~ BRSNS AL E 2 287> PE
AbT R BRAS, FRAK T BEAERI 22, (B R GUIRAT 1 SE4BRL 2 ()4 R A 5 7). i R A ar A7 38 11 5 Ab B
RGAEEE N S 2 ARG 4 R K, R S A PR BN A AR TSR . XM A FEAL B Transformer
S8 G5 R AT AR R P 2 S AT I e T L B A4
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10 (MERFE) ERNETMENNEERT 11 (MERFE) EEAE PE BIIRMZEREE

£54. BT,
Figure 10 (Color online) Computational architecture Figure 11 (Color online) Computational architecture
with traditional add tree. with reconfigurable PE array and add tree.

6.1.2 ETRKENESIFE b LB HEH R TIRIT

ChatOPU (69 i (R Be A Iz 5 5 70 2 6 T Rk FE A A5 R 1), (EIX — 450 T, B e 2 i 3k 3l R 7
FEZH T R4 3. ChatOPU $2 H HIBKSNFESI SR 1 — FhRF IR RN f 2B i, AR AR J5 22 541
IR,

FET-OPU 7 iz s o fH T 22k 6 dsp-packing A, f#15—4 PE H707] LL5E i H 4
8 bit AT IE. X — 18 FMNI T EAE WA Fedis H b IR B — AN ALy, TR T v AL T ik
S H I8 5 T SRR BE i 1X — BR. FET-OPU BEit 1 — Rl 46 15 3fed:iu 8, fEANH %S
T, VR e MR I AN [R] 51 [ 8 5 A e B (1) AN [RIAT Tn) & 2 TR PR SRR, anf&l 12 s, fERXFhis
J7 2R, AFE IR A MR is AT DAL A R 3R 8%, IX R & dsp-packing BOR K] 73K, FET-OPU i&
PGS BITHT TR, N T ARS8 IE 2 R HAMEZ 4, iRk 74550 dsp-packing
A2 TEAT AN GRS 8 bit HERIEFEIE i H Y A &, FET-OPU &4 PE iEHE TH
A FIFO, TEZ2 A7 8 i[RI, W] DAEAT S 4k 0 b &, B i B 55451k

BT FIRKFE, —SShpBR S M AINE B N AU Transformer Overlay AR 3% )iz B F o cibfH — s HAh
I THAIILAL, Bl anEr 2 4% 081, 2k W Fei i KA 199 [ Transformer Overlay AbEEZR. Xf T
XL Overlay Ab P25 )3z 5 8L 04019 2372 ) TH I & 15 #EAT TEIR.

6.2 IFLARHEINS LA

Transformer %% H[R T REIIEEE AN, H — RHIUI gelu, softmax Fl layernorm [FIEL 12
SR IR LL R R UK Ie O O E A, MELME FPGA b EHSCIL. RN, BT X LR % iR
HORNATEAR TR 28 W 2% [ FE A e e TR R O — AN B PE AR A (731, DR ML 75 B X 2R 2%
PERR AT I BN, BAT B AR 2 pR B el U7 vk, B R AE AR (Taylor) JEIT, Mibifb i Be 2t
BRABGHATIEL. AR LTk T B2k o BOE AL ) 77 V2 e g A2 VR RE RS FE AN R R B b AT B (R 1Y
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Figure 12 (Color online) Computation unit with DSP-packing in FET-OPU.
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SR, W] DA BRI A R 43 BE X TR AN S5 BERL R RIRAR IR 43 BT v, ST 1% — 73, Wil 13(b) i,
1R B N AR Lk pR B nT DL AL 7 Br 2k v sk B, DA IS &5 4858 (look-up table, LUT) BL#ZSCIL.
N x B e BT T, A EEE R (LUT) RIS HUE (k1-k4 AT b1-b4), B
Zam i AL AL IS FAF B R B A f (). PRI AL 10 SR 2 ok B A G A, 1L e
Tk A A 5 RSB B R T SLAR R, A Transformer W45 AR AELR RIS PR AL T —Fhse RO AL 7 &

6.3 HFHARGHIZIT

1E Transformer-OPU, LTrans-OPU il FET-OPU 1, ¥ g 73 NS IR EHE A /N AR
Bm. RIS BN BRI Z 1% 2 S 4, XS5 CPU it PCIE #M K% 2| f4h DDR,
FENSALIB R LGS, ANIEEIRE OFGIEL S BN S5, RS EEN CPU S 2 A
AR

HPTA $2H T — N &A1 RS0 HPTA Bl B/ G TP sl 7 3 /N B A R 58 5 R
(A 2 X ) RAM ik, DUt PE AR {8 F 205 4 % T F A, AT s v S5 250t s A N 77 [R) B
F A7 A AT AT 22 8 48 R B RAM AR Al bk 42 1) ARt RAM @97 i, 58I &=
Fe A7 454, W OREHE vT DA sy 2 H G b S s A, 4l 14 B,
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.
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B 13 (MEMEE) ETHENEENHETERLENE BEi1a (WEMFE) HPTA h5HEME T RGHTE.
IR ERRIZEE. (a) ETHEMEHE 7R X B F1 Figure 14 (Color online) Details of the efficient memory
SEOTEE (b) BF LUT SRENSREMHEY ~ vstom in HPTA

EHSSIM A E.

Figure 13 (Color online) Dataflow of NN-based piecewise

linear approximation. (a) NN-based piecewise intervals

and slopes determination; (b) LUT-based hardware
implementation for piecewise function.
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Figure 15 (Color online) Dual-frequency computation engine based on cascaded MAC unit.
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Figure 16 (Color online) Pipeline design with Figure 17 (Color online) Systolic array with diagonal
synchronization. dataflow.
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JESR 1 1/500, FIBHASTERS 2048 HANKFENIE 23 5t EDGE-LLM 821 U5 v 6) 250 R RE 45 44 A A i 5
O LEL FP16¥INT4 IR A 0, £ ChatGLM2-6B #% FikF|] 1.67 £ T A100 GPU [&EH&, i
ZR A RERIRTE 7.4 5. HAF, SECDA-LLM 8] JF R B 55 (block floating point, BFP) &4k Nk 2%,
A R A EEAR LI 3.5 LR/ RUE I R 4G, fE1l%% FPGA 3RS 11 iR ik,
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* 3 HT FPGA K Transformer Overlay JLIE2SHISCIG#IE.

Table 3 Experimental results of FPGA-based Overlay processor for transformer.

Design Device Core Num. Freq. (MHz) Latency (ms) Throughput DSP BRAM Power (W)
(GOPS)

NPE (2021) [64] Zynq Z-7100 1 200 13.96 808.01 2020 369 20
Transformer-OPU (2023) (03] Xilinx Alveo U200 1 200 9.63 1171.31 3953 1113 N/A
LTrans-OPU (2023) (66] Xilinx Alveo U200 1 200 4.51 2501.07 6144 1129 N/A
FET-OPU (2023) [67] Xilinx Alveo U200 1 200 6.82 1653.76 4864 1357 7.39

HPTA (2023) [21] Xilinx ZCU102 1 200 6.09 1852.19 2307 345 5

DFX (2022) [41] Xilinx Alveo U280 4 200 4.82 2340.21 3533 1192 45
MCore-OPU (2024) [68] Xilinx Alveo U200 4 300/600 11.74 1783.32 2316 892.5 N/A
ChatOPU (2024) [69] Xilinx Alveo U200 1 300 23.14 487.46 1961  416.5 N/A

TE N A5 EAR AR AU, A 708 SR AR T PR A A U [l T84 S 42 T2 S FFH %8, Flight LLM ()
Always-On-Chip RS 77 518 1R G 8 FEBOE 247, K MRS Bt SE R 22 N 35.6% T2 65.9%;
DFX HEZEFIH HBM (high-bandwidth memory) 4=l B A5 € HI AP, F GPT-2 H A hALFE IE
IREAE % 75.45 ms, M HB GPU 5.58 fif. EXT MBI IE, £ FPGA 7010 NN A7 440 R 3
T 71: FPGA 75 [ A 228 1 5K 8 474, 7E Alveo U280 E#F LS8l BERT #E7Y 13.4 {5103,
GPT-2 RIS REAET: 5.7 fi5, TiE T TALSHMAIAE FPGA S E 1 vl 47 1E.

G 5 B R AR R AL TH R 2 PR TT R T IHE. FlexRun Ry EBEERALTE A SR 200, S HFEh S E
T BT S, 45T A AR R 0%, i BERT/GPT2 LM i V100 GPU 2.69 £%; SECDA-
LLM £ SystemC /i 55 HLS W [FEBTHARE, SEBsm 35 LLM A28 PRd R AUHIE. A B =]
7% (W EDGE-LLM [] CPU-FPGA 1£55 X5 50&) it — P00tk un 2om 14 §e, @it CPU AbBEEhZS
MFSREN T, FPGA LHEH4ET, SiRiEiRBEK 20%.

FlightLLM 7£ Versal VHK158 FPGA ESzHl 1.2 f5F A100 &M &, fiRE GPU 6 fi%; Y
FPGA %#f (DFX) MHILRIFIE V100 GPU 48, RERIRTE 3.99 fif H AR R iR = 8.21 fif. fEL%Is)
5, SECDA-LLM F PYNQ-Z1 ¥4 #5% TinyLlama #57 FL4RRA sRAEIRIY 1.7 s, 8 ARM CPU I
ML, B T RIS IR S SR . AR SRS BRI B - ERERS . iR A A
fb+ 2 FPGA AP BT = KAFIE, XLt N FPGA fESE A8 B, iS4 5 80 GPU R4t T
BRI, R A TS5 LLM S RGEE TR T g2,

6.7 SEIUEIENILE

AT HATI A 3T FPGA 1Y Transformer Overlay AL &8 FHEFE A 34T Eos. B3 TAE
O TAESIE, HEFRIE ., k&, DSP A1 BRAM %5 5 . ThEER M, Wk 3 Fion, Dt
FxtE. P REIRT 8 F FPGA-based Transformer Overlay ZbFEZS ) BETFSZINEHE. LTrans-OPU
DFX MEREfON H , k84 HIE ] 2501.07 A1 2340.21 GOPS, I FESHEHIAE 5 ms . B AL
&, LTrans-OPU i i £ DSP (6144) (ARG M fEMERE, ChatOPU W LA/ 81 (DSP: 1961, BRAM:
416.5) SEHLEEAL T RE.

KT e AN FE B ILAL SRS, —E820it (41 DFX AT MCore-OPU) i#id 2 4% 0o 3Ky F2 T+
BE, 53— (40 HPTA) MLyE T4 @ Bt G, A1) (41 ChatOPU) M5 # T FEAR BRI 4H.
XFhZ A BT B BN A R N S R 3Rt 7 e kS E], R T FPGA 7E Transformer AbEEZS
SEILE ARG
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7 BEHEMNER Overlay IBEFI&IT

N T 2 PR B AR RN 25 FR ] Overlay APRSS, BR T 7E4E45 CNN Ml Transformer PZ%4H H
TP RERIN, 1 BIFR L I 25 Ut A7 S DTmik. AT PRGN AL S 1 T IR 2% (GNN)
Overlay #bFE2E, WA BRI ALLT L7 HIAHEE GNN Overlay ARFES | H A Y25 GNN Overlay
AEFRERVCTE, LARGE FER T Overlay AbFE 8 FEALEM, B o Xt B I AP A N2 Overlay AbFE
R S50 i BEAT XS EE.

7.1 HEEEENERZMLER Overlay 2RI

KGR 2% (graph convolutional networks, GCNs) Ref% = 2t A EEAERR J LS (Euclidean) El%L
. SR, GON FETHSURI A A7y )l R o A7 76 2 2 O AN AU, S R 1) 1 A e 4o 22 o % it s 1) 2 P
R, MAh, A KL R GON Ik d: 414 5 2R B W A7 B, AE15 e AT DLE SRR 2 IR I 2 %
S B RIS RIS AR A IR AT 2 30 AL B B4 DU TH] [ 120 50 B8 () N A R AL T
L AR GON M HERLIE L A ) Overlay ALFEEE, LW-GCN B 15 it #% .0 B 45 T BA R J LA J5 TH:
A 2 B L e R )RR AR O TRIAL R it 1 BT A P A HE R A SRR TR R 1 R A I 28
KB, S5 a A B A7 A8 ISR AN T S5 B3 U5 FE AL, DASE IR B A v ) v ARt b B 5 1 BA T
AT, LW-GCN il H 48— 1 7 L3 AT # i JE B3l 12: (sparse matrix-multiplication, SpMM) Fl— R
FEFFeTS: (general matrix-multiplication, GEMM).

7.1.1 PCOO E4E

TERAF AL BB B, LW-GON BE 1 e NBAE AT 46, 851 BB M4 (GCN) [ TAEf
BB F PIALELE TG (PEs). fEEWE 4GS RS, BT GON H (1) 4R HEAE B AN 5 — J2-4 N\ i
BA S M, LW-GCN @ i A3 8 AR T BRI AE i ROR, BRI S 22 . LW-GCN
UL FE th TR RS, BT ER PCOO % 2 T 8 R 7 Wi i

BARME, LW-GON ¥— AT A e & A — MR, B EF IR (X)) Bk it
. A BN ERCRNIT B R IATE S, 2 TR RRA AL (valid digits, VLD),
AT XMEANT IR, X =285 B 78 U8l 0 33, HR A WE A R, BB ERnER
IFE EFIEUE. LW-GCN i H] log, (T) &R (X, ;) ERNIIFIALE (j mod T). FIRK (H) f13E
ANAEF TR IME. KRR R R T EWE AL T (3 +log,(T) + H) SRE S FRb A BEH & E
FI6E. PCOO R R b AE M i B AR FR A0 507 3 o,

LW-GCN X} L 7 i E4i kg 2 (CSR/CSC/CO0) 5 PCOO HIFFEHBIHAE, 45 %k 4 For. xfT
A BHESE, PCOO MAEFMHEER LS CSR Ml CSC M4, 3 HEE cOO Hhnmk. HF LW-GCN
B MM EAER NS SpMM A [F (38 /E, LW-GCN K MM Fh i 22 00FR 25 58 B A% Ak, SKRE R 48— 1
AbER PR TG, AR B B BT AR, SRR BT A AT LA F I SIME B, BOE AR N
PCOO #&. XFE, LW-GCN HFEEHIAM (3 + logy(T) 4+ Column_Size) 37 K A7 il H 2 45 B4 1 v ]
IR

R NAFTEFE, LW-GCN X GCN BIFEREGEAT 7 24 ab3, KA 16 fe S (SINT16) EALERF
TEFNALE, 4 A7 5€ fU3 (SINT4) EFEAEREIAEZICR. N T R R R RS RS, BT v fa) 45 51
YILL 32 10 755 52 AL (SINT32) 77, LW-GCN £ 2 M di4E EXF GCN F1 GraphSAGE &4k
ST IPA, SO R IUAERE BE IR AR T 0.2% 5L, LW-GCN #8504k P17 S5 1 RE.

7.1.2 SMRYIE
TEATTE 5 B A oA T b W AFTE R, LW-GCN SR TAMRYI 7k, anlEl 18 Az, LW-GCN ¥
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BE 3 Mg P AL ER AL
Require: X € R™*" T K;
tiles, sor, eor, vld « [, T x 4,T x 2, T}
fort< 0ton—1by T do
rows < [[] for 0 : K7J;

for i < 0 to m do
row < [J;
for j«t:(t+7T—1)do
if X;; # 0 then
row.append(j; mod T + vld);
end if
end for
row < [0] if row is empty else row;
row[0] + row|[0] + sor;
row[—1] < row[—1] + eor;
rows[t mod K].extend(row);
end for
end for
Fill zeros until rows are rectangular;
tiles.append(rows.transpose());

return tiles;

x4 BHRIEELHFMEEKRIILL.

Table 4 Comparison of memory requirements of datasets.

Dataset Row Col Non-zeros CSR CSC COO PCOO
Cora Features 2708 1433 49216 781 kb 810 kb 1.33 Mb 886 kb
Cora Edges 2708 2708 10556 207 kb 207 kb 296 kb 201 kb
CiteSeer Features 3327 3703 105,165 1.74 Mb 1.74 Mb 2.94 Mb 2.00 Mb
CiteSeer Edges 3327 3327 9104 192 kb 192 kb 255 kb 173 kb
PubMed Features 19717 500 105165 13.2 Mb 13.2 Mb 18.3 Mb 15.8 Mb
PubMed Edges 19717 19717 9104 202 kb 202 kb 301 kb 195 kb

a b|c
d
e f g

PE1 alb|cljlk PE1 alblcl|jlk

h i |:> PE2 d lmn0|:> PE2 d/ 1| mn|o

j IE PE3 e f g p q PE3 e f g plq

1 m/n| |o PE4  h i| r s PE4 b i r s| |
p q distribute

Series connection
r s

18 (MERFE) HESIZENERSEIRIT.

Figure 18 (Color online) Loop allocation for computation engine.

MAEGER 8 X 0T ST A W T AT BEERERAREE XL, R SOIETAT Ul 4
KA BT AR, W TR VIR, LW-GCN AT HIE 4 Fros st BD I, DT TAR SR 3E0F
11k 18 Piow, LW-GON fEMBRERE X fsiEd, TR E R S 7 —> PE, FiEdie i
T BEAN [FAT AR 55 0 G RN B o8, T B QB M AN AT RO 3 B 22 R T e K, K24 PE
A BELE 8 BB AT B TE S BE N PR BUIRZS. At LW-GON SR 8 BRAT 73 i g, B4R PE 72
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Bk 4 TSR
Require: tile € RV*K  depth d = 16;
used, row < [0 for 0 : K], [—1 for 0: K];
result, share, block, j < [|, {},{},0;
while sum(used) < N x T do
i < used,;
if tile; ; € share or tile; ; mod d ¢ block then

row; < tile; j;

share.append(tile; ;);
block.append(tile; ; mod d);
used; < used; + 1;
else
row; < 0;
end if
if min(row) # —1 then
result.append(row);
row, share, block < [—1 for 0 : K], {}, {};
end if
j+< (G+1) modK;
end while
Fill zeros until the result is rectangular;

return result;

SERHT AT HITH SR SLRIDF AR B T —ATHESS, LLHAER PE L TAE, A IHERH. bR AT
OB 3 L 5 HAT 5 2 B AEAE B Z A OCHE, K3 R BRI, 564> PE 70 BEHUAT M & Ol T 294, A,
LW-GCN {EZE [F] 3 AT B AEA T TR, #E—0 P  TAE 3K, Rtk PE 20K,

HRERfr ENAF AR IRE], BUEIERE W2 AT E S AR D) A, BARRER ZI A e R
—ATEE, MR X M2 PE Uil A RE R 51 R EHE R, N, LW-GCN KM 2 WAF R G 2
| HEE IR RAW Hff o 5%, BeAh, LW-GCN G i A0 (VLDO) #E— P82l 1R, HIXFEA
R G LN T R SR AN P A BRI RS, (R 2 P AE R SE B 2 IR R B A BRI TS AL
PEAE BT, LW-GON (A A7 5 3B IR 2 RI3EAT T A0SR AL, ORBRedE BE AN B8R AR 116

TP REAE L 3 A1 4 R SO B OB IR, L (e A0 ) B2 S5 A ) A i AR
FICE IR EAR IS, B DI M A SINT4 K 3X, HORFEEE 45 A AL . Tiah 2 3%
AL RIS, LIS RN RS hAT.

7.1.3 ETREEFIHZ iR OEMEFMHEETIZ

LW-GCN HJEEARZERIUNIE] 19 FroR, LW-GCN TS AN 4% 0 L ANER A 745 1 L T2 F22)
T Wbt — %R MR PE A B2 X ALk, T2 # Hi B 87 5 3R ORI AR 48 4, SR
FAL RS AL

T IW-GCN — M)A AR TAERAZ W 19 FoR. TEVIGEINECE IR B AL 5 N SRR
W AFAL 4 21 % 2535 M A7 (high-density data memory, DDM). 7E TR IR A st i N ZLds i A\ U
HNSF (EWM), PE #4I A EWM H13REL X 24, )\ DDM H3kEL W #dE, [FIRFRATIAT MAC #
. ] g GUKE A7 i 8 4 B BE N A7 4540 (output matrix memory backup, OMMB) H, JFAJ7E J5 421t
SN LRI FE S AR IS AL S PRI P A V) % S, LW-GCN #fa i # 5 2] OMMB.

£ SpMM R, 7 HEAE PE _FEIATIHHREARKAT, M AN 2 N EZ o RAE N LR
KB AE E K, BT USRI HINAE T o i BRSNS, Kel 2, W RES A £ PE f 2R H A —
DDM AR, TR A A7 R ECRE AT IR (0 D RAM X SR i 22 1513 1 BEE, 117 PE %
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Micro—Architecture

External Memory Interface

interface [€

| |
| |
| |
| High—density [
1 Top;lievel data Memory —> . > I

modules (DDM) parse—Dense .
: /Dense-Dense Output Matrix]
| v A A Matrix Memory backup |

. . Multiplication (OMMB)

I | instruction Edge Weight U iy |
| (RAM Memory —_> I
I MEAGL) (EWM) !
: ; |
| |
| |
I Peripheral I
| |

4

L - - — - \L‘ ______ _\V-__ P ______ !

External Memory

—_— g
Initialization Computation flow Data flow

19 (MEHFE) LW-GCN HIEE ARSI t.
Figure 19 (Color online) Overall architecture of LW-GCN.

KT A, ViR HIA TR 2 RAW ZR 2. £ LW-GCN MIfZEf+, LW-GCN j@it
R 2 AT o A T — A2l NAE, SRAEE— DU BIBCE, IfTiE> RAW 8 k.

IAh, FETRAR I FE H, TW-GON W B£8R EH108 » DNEIA, AT ARBNAAD R, dE— P
T RAW HllEphge kA, FAR IR, 24 r T PE MEER, B4 PE # — N % S EE50EE
A, NI E G RAW b R (X £ FEECKM F ENAETR R, EBLSE R I EA T 47, B, TW-GCON
W AR /AN v, DAAE AT 4252 OB YR A F 3R R AR L85 RAW Bl 28, F£51 AN4740 21 LLdk— 25 ik
> RAW 48 R B R AR

AR, LW-GON K25 S HAR BIA R 708 n AN, ﬁ?ﬂiﬁﬁ%‘t/l\éﬂ, HpgAMHEET g 17
s, BRI S, LW-GON AT Wj FEE7EA (5 mod g) 1, IXFE RAW il b oA Al ik & AL 76 T
%E Xia, ja Fll Xib, jb [0, KAEMRIFIZMHA (ja mod g) = (jb mod g) H. ja # jb. SRFHNIEAH

RERKT RAW MR AEMER. R R E AT IR 75 Bk 1) SR ZLR D7 43 R F A7 it 52 U,
mwxmm%%kﬁﬁ%kEMﬁﬁf%ﬁLVﬁRMN@kMMif%ﬁﬂwgﬁAﬁMﬁﬁ“

S5 RCBR RTINS 2 M, AT 5 0T SR A 2R R I A AL AN SR IR RE R . BRHE 2 AN AT o> A
ﬂmﬁ&Tmeﬁﬁ@ﬁmwﬁiﬁ%%%%@ﬁlmmmNLTEA *TuER IR AR IR B
HEAT R HR R AT e bk b

7.1.4 ETMAMBEERMAERTET

Wl 20(a) Fron, PE A RECRS NAF I BCRAIN B, B OREEAS PE 4RT LU [ FOA B ) 35 SR A
WAF 2%, BEMTEE G RAW Bl b 8. A A7 388 A 70 A 3R 0> PE A i ik 11 5 3 =24 10 %
R, B RIBHERINAERT, LW_GCN RAILSEM#GES, oV AR PE REW IR — A7 A )
HEBR B

i E R AR, R ZHIOCE N TR, AEH TR, W 20(b) Fros, K48
Bl BRI PE. HdlEE @il PCOO A%4s, H log2(T) L3RR MIBIZR 51 B i A A3
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/_/—\ Compressed data
address T I

1
|
1
1 Memory | ; PCOO Decoder
I'l Selector @ PE | Ford |
=.I:Lf & I VLD SOR Bias
Data PE PE 1 Edge bias_flag I
1 Weight Addr
Dense | | Allocator PE Group 1 1 I
Data & | D I Gen
Edge | : 7 I
Veights, Memo:
ry 1
'l Selector BE EE " |
= * & > 1 | output
I Data | |PE PE 1 g %:’gg _l—>
1| Allocator 1 Dense Data | I
PE Group m .
1 PE Multiply Accumulator
W PEAmy_ _ ___________] P L L e e e e e e e — = = 1
(a) (b)

Bl 20 (MEMFE) LW-GCN 1 (a) PE FE5&HH (b) 24 PE 5411848,
Figure 20 (Color online) (a) Architecture of PE array and (b) control unit of each PE in LW-GCN.

BECUIREUCE SR BE. M E AL (VLD = 1) BRI, PE B AH N FE % 42 Hoafevkds, B, e
EUAMEAEANRZ R (B, BT RAW HdE i RECGERIAD PE 5EK), K 0 26 2 IRIER.
HT 24T # R Bt PE {4, LW-GCN i 4617 (SOR) FIZEHAT (EOR) 18 5 K48 AT HIALLH FI S,
W AP, SOR i Bnas i, rTLUR HAGaT45 1 (SOR = 0) BLARAF7ES H Hh ] 45
RLEMIX (OMMB) HET— M)A L5 8 (SOR = 1). S5ILFEIN, EOR 15 515 24 i 45 R A7 1%
F) 4 b X bk A Bz, FERE N PR EREE AT S (EOR = 1).

FERERE (MM) i 5AE PE FOB AR R TAERAE. BT 2 56 R R 28R 0, AT L= MR
ITRIE R, b5, Mibibr S5 SRR TIEMEHE. 24 LW_.GCN 42 MM, Rl sparse flag = 0 i, &
Wi BAF AL LA EAZ S (edge weight memory, EWM) FH AR, 50, kM PCOO it
PHARSAAE. BT X R 720, LW_GCN BRW/ES— 1 PE A [ PATHI BRI (MM) R G R B afe i
(SpMM), MIifi$EE PE 7EHH EBRME (GON) HE T A 1 TAERCE.

7.2 HEEVZGHEHZMER Overlay B3 1T

GNN I ZR-5 HEH I FRAAAE 22 S AR TR 11 1m0 A% 398 A S FI0I 11 VIR 75 [ B 3547 T 1e) 4% A0 I
) A% 7 AVE BB FE R BT 4. Horh, e nl % 3k ad ok T e A% B E B At AN R, B 2 R ) T LR
FE, ik A B B S A, R R A M R R S5 R, S SO SRt B 2 B RN A A7 75 SR g T4
HITFE.

NE R AR GON ARG S5 )7 &, SkeletonGCN 87§ H1 T —Fh3EF FPGA ) GNN
Dk 2%, SCIL T SRR P AL, BREIZRALER. R, SkeletonGCN J#id CPU 5 FPGA 1AL
1) 7853 R R AS FRE AR 1, IR & AT, SINT —FdE AT GNN YIZRIHT 8L % 4k 2R FH 284
Vit A% EFAS SkeletonGON ¥ FL & BEAT VLI 48,

7.2.1 %— PE %y

NPT EAR, SkeletonGCN &1 T — MG — ) PE K LAPRAT A [F) 4% 4 A e 1) 4% 4, 4n &)
21(a) PR, 1ZAH 00 E R E MG - BRI IRRIE (SPMM) « BRI (MM) FHI#%: B & AR50
FEFE?S (transposed matrix-multiplication, TMM), HIEARBH AN HIT (matrix-vector multiplication
with caching, MACC). M x N ] MACC $#H5C#F SpMM, MM H TMM FIFFATHAT, Jeh & —47/
B MACC B e 3L Al 8] A AN Bt . 2280 s SO B AN B MACC H, BERSLEAN A L AE i
BT S R AT R TERE.

SkeletonGCN K Z4E/) PCOO #4338 (CPCOO) X s ST IR 48, 3K R 46 5 I8 76 T
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<> Multi-bank RAM——= } 1 h Il  plsart>h
| soeor i pmm mmw g ; MACC 2>
X

<> Header RAM vid MACC-MACC -, --MACC

—
<—> Column Pos RAM Counter

Sparse Data |
<—> Sparse Data RA! MACC  MACC ~ _  — MACC | = ShiftReg — > paa |
< —>

1§ ]l [ I
Data M 1 & > shift Reg 1

A Dense Data RAM oo 'MACC Array ' .
Distribution e e e e e 1 é : 1
' ransfer 1

Sparse
P I —> Shift Reg counter t:

N
<~ = L2 & Gradient | '----5--——=——=—-—=—==-—=-= |
Mﬁfaﬂd&rﬁmtim calculation - A ®

(a)

1
1
1
1
1
1
1 L2 & Gradient
I standardization calculation
1
1
1
1
1
1
1

PE interface

& 21 (MEIRFE) SkeletonGCN E{F42#5. (a) SkeletonGCN §i%i— PE %243, BIEMEIEMN R EIEBALIE;
(b) REMEFEMEIZLE; (c) L2 FoiEl &EEITEIFZLE.

Figure 21 (Color online) Overall architecture of SkeletonGCN. (a) Unified PE architecture with forward and backward
propagation; (b) memory load and control; (c) L2 normalization & computation of gradient.

3 NG RAM A, Wi 21(a) B, THERE, SLEEERE M RAM 328, FIHARAFRE (VLD)
55 A BT, B RE R RAM Mk, Horf) 34k RAM $24EFEF 0 Z 1517 B DL A B 2% 4
Bl XPSEIAL T RIS, AT LS SN TR S ). A TR i B R 25 A i
A MACC %4, SOR 1 EOR {5 5 #Hl i EMEE RARAE. A RKLMEME MACC HI0 K5 i
I ERFEVH 5, RESE S T DSP AR,

B MM Al TMM =05 BT AR R N A7 0 755K iz o IR = DSP &%
#, SkeletonGCN W T Gt — I N AF INAR A Z 58, 34 INEE 7 R HCR I 6] MACC S %o
W, W 21(b) s, AR, B EATEREERCA N x N x 16 (SINT16), {4 05 5 ik g, 6
MACC & TEBIRAS, Wi 4ERF R DSP 2%,

SkeletonGCN f L2 At Jo B i+ A HUE MACC BUHRISE BAE NN, SEL T 5 AITK
LRAbEE. TS B AT, K e RS T, A T RERI A, il 21(c) Fis.
ST T L2 ARl KB 5%, SkeletonGCN X Fe AT G b LIS IR TU A T8 H B SR
HE T, SkeletonGCN BTN H N PE B2 3R H i H SR 58 2K AL ITHE., J-% Adam H
WIS HR e N AEIE R 2 B, fifaRkia BN AR, 18m T i B R0E.

7.2.2 BESLERE

G EE DTSN N AE S FPGA Z LA EAIE PE 2 [HIMEIE L. CPU 5 FPGA 2
[ {182 LR PCle Gen3 X16, {ALMIHIUGELHE « 71 17 B B 1 5 26 285 T DA RS ) B B 1D 28— Hof 5.
DDR4 WAERAMTNAE, F TAEEA RIS v aEdE. o Bgzrh KR = R, DU R
il DDR4 5 FPGA Z [AIfIE(E @R, Nttt |, BT — N RN EAESEAR PE EIFAT
M, SkeletonGCN IS FE S PE Z [EMEREFE. 4k, SkeletonGCN <=WEE—ANERI T £dE, K%
o N AU BB, DLTE I AL IEBY BB A . 183 FPGA IR, BIAS [FEH X 8 8] K
AR I PR, SkeletonGCN £E PE 2 A H FIFO BAZISRAZEHIANE PE 2 [A] 1) 504 i 78

Xt SpMM, MM il TMM, SkeletonGCN i F 4¢ #1754 22 S5 K AR FIAT 2 FC A AN PE IIASFIAT,
WK 22 drffE R TR, X R T, SkeletonGCN #i AT LUK ER 76 & 4TS5 B FE 4 MACC
HAHATEREL T, Wit — 2404k PCOO $dl 45, ok, 7255 RE R e RIZ MR MACC (4
firsk), AHFERCRIZITIMAE] PE (R EE7L). BT ZEHATEANERE, SkeletonGCN 7E A2 4 B rh i3t
ARy, A SERE TR REAT BRI 4y, UER. MACC B FHI— AR . M4 PE HBEIRTG45 B AR )
—HBAT. Mg R REAE G D IR FAE ZE HEBERT, SkeletonGCN H{EREA PE PNEBAERELE R, b



&% PEMNF:FENFE 20255F Hss5h FaH s2e

L R4 L RO , I L R6 L R2 | i

| Lomacc  macc : -:I:I ! macc  macc !

T 1 1

L R5 LRl | ! L_R7 L_R3 : .

(LT nee] e T | ponee e !
1

—> |MACC vector | —————> MACC v_egtgr_l___:

22 (MEIHFE) SkeletonGCN FAREFHIARMITRIE.

Figure 22 (Color online) Computation flow for different operations in SkeletonGCN.
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7.2.3 T1ERESEC

FEFT R AG G RR R, FPGA $ATHEL — M MEIRYE (SpMM) . B R FETRIE (MM) . ¥
BEEMMERE (TMM) LLRAUESF BB R B E. BT softmax BRI EIORI 2 1) A8 SOG4 2 £ A4
SEIL BB THRE RO F, SkeletonGON KX S HR /0 ACSS CPU. [RIFEHE, EERAEANEE b FEAE 551
WitgE s CPU AbFE.

TE TAE S B BEH, SkeletonGCN RSN Ay: PE E A ABSHPAT 117 11 A5 1) £ B B B 1 B
BERAE, TR SRR 5T AE R AL 36 58 UG SR, IS B CPU, FPGA HAMBAN A
(DDR4) Z [ IEHEAL 5, ULEANE PE Z B HIE(E. SkeletonGCN K ERI K /NE B N A ERIE, LA
Wik FPGA B _ENAZREW A E-T K BT A $E. R, FPGA AR — T IR FE o H 7 U a4
HAE = (1) SRECAT [RAE 38 T 75 I a6 50, (2) Bi)a— EM g Rk Y CPU THE VR ARG,
(3) SR T I M A& Fk W e — JEBE L.

£ GON Kyl #2 i, tHE BB IR R /3 BC4s FPGA, T HARERENIH CPU 43, AT
PRI FEARIN ZPEBE, SkeletonGCN SZIL T CPU Ml FPGA 22 18] HI K ER /- BRVE B AT AL 1. 76 BRI A
W —% 5, CPU RREEHET T — AN AR SR RAEATIAL BE, [FI FPGA WHRAT 2410 JE R A 1)
FERRHRAE. AT B OSSR, CPU B H W7 DS S AT & R B 45 5%, FE1T 5 softmax BRE. 12 DL AH
REFIBREE. THESERUE, BREEA AL Rl FPGA DLEAT I f& 8k, CPU NI F 468 — N A e & 8.
WAk, T B2 B A BN, 2% CPU e SLiLIFAT TR, it — DTt 7 BRI ZRAE.

7.3 BEEEMM GNN Overlay LIBzFi%IT

TEEIMZ M Z T Overlay AbEEES, B Graph-OPU 889 th FRPATERICHIR S YE, A% 5%
it GNN ARSI RE F1, KRPUAL 1 A SN s a5 ) B — [ € Bl A2 1 wkBe. o, GNN AR U
OPU 544280 (instruction set, ISA) HEZL UL K AN S HI 45 51 HEATIENE, 998 T 48 2 HATHLH], 52
w1 RJEAEIE R RCE.

7.3.1 C/U-type ¥&<$%%

5 OPU 24, Graph-OPU BTHREEES 32 (R A46 470 AR HES (C-type) MITCKAMHE4
(U-type). C-type 484 H T4 € H ARt AE I BU€ il R 261, T U-type 82 AHLBCX ) C-type 52 H2
BRI ZHL. Graph-OPU 4K 1 OPU 484 HI4R 4 Hoc SRS, W 7 854821
K7 (type) FIEf7 (immediate, immi), IX—& 4T GNN HATE R EAE AT T IR, HiREE1E
SRR ZIRAFANTY, RN R KRR LR FRRAE BB S LA e B
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fE GNN o, FERERAFIE S SEUR SN HBUR B E 154, 1 GNN REuE 45 M A E B A A
FUNPE, BlUn(ERs AR RESfeE (SpMM) FUEAIFERE SRS (GEMM) Z RIS E . 9 7 RO AR AHEN
Pk, Graph-OPU KM 2 Fi#R/ERSHS C-type $82RII AU WAFT IR Bd ek tHHEAE AR, 2>
TS AN [ A R A R . 18 AL 2% B BRI IRAT, TS 4 A7 GRS R & (depen) SRR P15 B[]
PRI G &, T3 1 Graph-OPU #AE H R AT HE 5 AT &%

7.3.2 ETSHITHINMEMESER

PAE VT ) Bl SE N AF (HBM) SR A7 2 8] 1 Bt A4, LS ARG A A4 21 HBM ) S [+
k. PWAFAE B E R YUR RS DI A, e i Bl SRR AR IR, W] DU AR B dfe «
HEHABZRA. mini Z%EH] HBM H mini-swich R B N3 0K Hodfs AR E N 77282 20 211 5
B HARAEAR AT DL R SR R S BoRE R, DT & THERER 1 0 7K.

7.3.3 IR EiEMRET

Graph-OPU F|F TVM 1 LLVM K H /7 BB S (pth BL.ONNX) ##4 Graph-OPUISA. H
HTVM AR (1) 1 55 SR R A R A B e A1, B RE B Graph-OPU 2844, TVM 4L T 1H5H LA
EMEREAIBERL. TVM A Graph-OPU A R4k LLVM H AR R ARRY (IR), ¥ [ 2R TR AR ULAL
FIGRAER R TH 5] B0 P4 7E eR K, AT R R = 5 TR G SCRF . LLVML A IR AN 7E BB BUE e GNN
B Graph-OPU ISA 54 IR 3| ISA [k A Bt an R AT ILC i) N E R 3L, F5 24470
oy, P et B X I7E L SEBLET R IERAE. 10, GAT () EFE #RAERE KW T IR SR AN
Ik, X S i A6 45 RAE N 5 SRR R SN, U B LLVM NAERR S b, Simad #
P B AT R DI B L, 36T OPU-ISA [ 1% 2% 55 3 020 1 I ) S #E.

7.4 SR

AR HATI A 3T FPGA 1) Transformer Overlay AZb¥ &8 FHESEE 34T I on. BLFE TAEM
K, BERE. ML BRAM B 5 DSP FIINFERE LS, sk 5 89920 R, ROPZILT 4 F
FPGA-based GNN Overlay 43 2% (9 REFEAR. Graph-OPU FEHN H fe i A AL S 2 1, g S 5 ML
Tk GON #E 241 GraphSage 25 Rl RIZ0H) . (EACHR R 7 TH, RAF S Wt 5 2 3Bk
(tn DSP {E &M 1048 F| 8740 AN%5), {H Graph-OPU LAt H 4 (1) B I 0 B ik 3 1 e i) DSP 2%
K (0.157).

ANFEBET 5 RARBLH A 01 BB, FlowGNN 7E{RFFE = TAESIZ (300 MHz) KRR, &35
FEAR T PRI TT4Y; 1 FP-GNN DN SCHE GAT BB 4R E 75K, 30 7 KRB TR, X Se i S
tH FPGA SZHL GNN n5s 280 7638 F v . 1k BE AN BE 50T 4 22 18] A A 5] AL A7 SR

8 A[E Overlay AIEEZHIXTEE

XTI SCERRIA CNN, Transformer A1 GCN #H] Overlay fE 25 1048 TAE, FATEZEM L 1T
S . AT SRME L IR SRS DA SRR AR I 28 5 T EAT T L, 0k 6 As. AT LAE 3, OPU,
Light-OPU, Uni-OPU, LPFP, MP-OPU X 285X A [R] CNN s 1) AR #AE FH 3fed2: 25 B 41 AR )
%O TSRS, TC B AT K 1 5 AL RS 58 BB AAR P T AR T T A AR P A [ (R0 /K SRS, ZEAZ Ot
BRI AN X 28 block P AI0K TH L, TAEAS [F] FIAEER AL AT AN [ 1Y) block [A] B AT 115, F3 4k, X
SE T AR = EARAE A F ) CNN BIRRIE A& 30 2 on e (INTS, FPS, WA ), Pitb vi-55 56 i A A7 it o
W&, 7ELIERE b NPE B3 B 2% BERT WISCHF. fE400 1, FEY B T 5 3B, i piecewise
7 2SR AR R B I L. 2 )5, FET-OPU X AE M FERE X Transformer K B3 BT #AT
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5H#ET FPGA Hi%ZEli% Overlay GNN fHiRzEXTEE.

Table 5 Comparisons of FPGA-based Overlay processors for GNN.

FPGA Model  Freq. (MHz) LUT FF BRAM DSP Efficiency (Throughput/DSPs)
GCN
Light-GCN
Graph-OPU (2024) 89 Alveo-U50  GAT 225 475k 427k 927 2742 0.157
GIN
GraphSage
DeepBurning-GL (2020) 0] Alveo-U50 ~ GNN 200 671k 505k 403 5892 0.043
FP-GNN (2022) 91 VCU128 GON 225 TITk SITI 1T92 8192 0.126
GAT 1068k 722k 1792 8740
GCN 229k 192k 185 1048
FlowGNN (2023)[921  Alveo-U50  GAT 300 149k 134k 335 2488 N/A
gin 263k 166k 204 1741

%= 6 [ Overlay ZIEZERIRTEE.
Table 6 Comparison of different OPUs.

‘Work Architecture Computational strategy Storage strategy Pipeline strategy Support network
OPU CNNs: VGG,
(2019) [52] YOLO
Lightweight CNNs:
Light-OPU Two 8 bit MACs in one Fully pipelined in MobileNet,
(2020) 156] MAC array, DSP, parallelisim in Single DDR, computation core and ShuffleNet, Xception
Uni-OPU adder trees channel ping-pong buffer, post-process modules, GAN, UNet
(2020) [57] pipelined post-process tile in channel serial between modules, SRCNN, FCN8s
LPFP off-chip/on-chip controlled by CNNs: VGG
(2021) 155 co-optimized memory Multiple low precision instructions, pipelined ResNet, DenseNet
MP-OPU MACs in one DSP, Two DDRs, ping-pong in block, serial VGG, YOLO
(2021) 58] parallelism in channel, buffer, tile in between blocks MobileNetV1/V2
pixel and batch channel and pixel
NPE MAC array, adder trees 8 bit/16 bit MAC in one | Single DDR, ping-pong BERT and
(2021) [64] non-linear post-process DSP, instruction driven buffer tile in matrix RoBERTa, DistilBERT
FET-OPU Cascaded MM MAC array | Two 8 bit MACs in DSP Single DDR Parallel in instructions Transformer, ViT, Swin
(2023) [67] non-linear post-process C/U-type instructions ping-pong BRAM pipelined in core BERT, RoBERTa, GPT
4 Cores and 4 DDRs Multiple cores 4 DDRs, column- Transformers,
MCore-OPU dual frequency DSP, and clock domains /row-wise tiling Instruction driven, BERT, ViT
(2024) [68] non-linear post-process dual frequency in DSP data allocation pipelined in single core GPT-2, LLaMA
ChatOPU Diagonal systolic array, instruction control ping-pong Buffer sync inserted in pipelines OPT-350M
(2024) (69] off-chip/on-chip memory OPT-1.3B
LW-GCN Cascaded MAC array for Distributed by groups 4 DDRs, co-optimized Parallel between PEs, GCN
(2022) 86] MM and SpMM for dense matrix, with on-chip ping-pong | pipelined in PE and block GraphSAGE
SkeletonGCN buffer, PCOO format parallel between PEs compressed sparse matrix serial between blocks GCN
(2022) [87] non-linear post-process controlled by instructions GraphSAINT
Graph-OPU MAC array, selective adder Dynamic dataflow 28 channel HBM Pipelined modules GCN, Light-GCN
(2024)[89] trees, off-/on-chip memory | parallel between PEs, | optimized PCOO format depen management GAT, GIN
non-linear post-process C-/U-type instructions for sparse matrix dynamic dataflow GraphSAGE

TR, MCore-OPU i ChatOPU W™ f& | 2 k%1t A8, 1 52 B0 R ANt U,
FIHZZFEP S b5 RN, ARNHEZ Z RIEEE B, St ER, X TAEERIIANT
B3 7 25, A DSP TAETE H AR 24 WA, it — DT H AR, ChatOPU X
P& T A £ R K B B B BE ), DABE TR B3 A 1) KA 5 A5 28w o o0 ey O i 4 B e R B s S, A
METHTFH R, LTW-GCN Hl SkeletonGCN N2 GCN FHEELAIYI G b etk 3536 FH 2
(I ZERA FI SR FLAZ OV A2 B8 — I 35 B R0 B e AN R RE B R S 48K, B8R SkeletonGCN %1%}
GCN HIZhidFE, 2 GON R A& R F2 A% O K IH 9 5E RE 362, P SkeletonGCN 7E LW-GCN J&
il By 7 e A BB 40 T L2-Normalization HJAEZEMEALFEIZ . Graph-OPU #E—2 4 & T XA
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[ GON WZEHERE )32 5. Graph-OPU f# G BME AINTEA, 2h 25 8 B+ 55 B A5 R S 65 s i 7 afe .
IS, %A PE AT IME, fis 5 HI 348 ST A, 5I4h, Graph-OPU B XA HBM 1E
NANEAEAE, R 2 8 IE 7 iR 7 3K, SRR A IR, SR AT e

B HEARK), FATE XS CNN, GCN Ml Transformer i Overlay Mg #s i M7 TAE, 7R+ 446
Overlay . BRI gmidFimfe. MARRCE . RERO LL 7 AT X LL oy i, Wk 7 Fios. 78 CNN
DI AR SO, B TR 2 R AR AN B AL R RE AORET. OPU @M Overlay 45
FUEREITR 25 (N3 /5 /APt ), 45 A LR 51 Rl SR Bs 5 0 2V A dm BB, S8l 91% 1
MAC %0, 84548 GPU 42T 5.35 f%HERL. Light-OPU 4F % BAL L% 3K, B ¥H R B vl 20 5
LT T4, @ %N R =T IR o S E AT dn e g, RN G520 3 fiF
REALAESA. Uni-OPU @4 — B 55 B BRI G T FA, LA MU0 R ikt (645 e N4
RERIRTHIE 15.04 15, BALTTH, A5 T Al S (LPFP) 53R AFEE (MP-OPU) 4 jld it 4 1%
i A S HAA AN SRR NS, SRI 1.5~12.9 5 AR R IE T

B0 Pl A 2 I 28 0ok, A A B 5 20 PR ARAL B IR) i R B, LW-GCN B 6l PCOO it & 4% =X
T84, G562 M MAC FEF 2L 5 4 B FR 40 MRS 01, SRBL 912 f5REAEE T SkeletonGCN 4~
RIS A ZhMEiY) F dn ik, B35 FEIKBIASI#E. Graph-OPU #&Hi 17 SpMM/GEMM ) #4s
4, BiA LLVM IR BRI 4a RAE i, 5 a 5305 % RERUY &

Transformer JIE &% BT 232 S 5 S S E B KA. NPE K H 4> BE 2 Wil s & F e
MRS RNE, DL 3 BRI RCRAL B g B AR LR M BT BUMA. FET-OPU MBI fEFE4 B L 154
ST Fm e tAl, SCB 231 fERe AR T, 2L TT I, MCore-OPU BIIFT#% B [R5 4 5 9 13
N S8 B SENG, 3715 5.81 15 DSP R A0 H:; ChatOPU NI3E I 7 fic B ik 3 [ 41 2840 S BRIE & $dE
i, B AR A RS g R AR, 7E 50% Fhbn T SEIl 2.29 15 GPU &b, S EMJ7 M, ITLE KH
AT EH KBRS 4, 45 G IR R gn R AL, i MAC FIF#IE GPU 1 1.94 fi5.

P EAL T LA U R A, S BV 00 B 2 AR PR ONN I S 3 T & 5 B S 4L
GCN I A A% A% s m ARFD AR AL, T Transformer N Wi It £ ¥ B 5 W B D sh A& 1. M
TIREIEAEE G R SIFERIGHE, KR A FENEIRSYE . FATHE BT R 40 3% 7 17 RR 42

9 RREBESRARRE

9.1 %(EiaH

BEE AL N BIABIRN, $h2 0028 L FAb 20 25 00 G0 3T Bt IR OV HESh BOR JED I 08, 40
Wrh, GPU SEE H R K@ A TS AR 77 48 32 S HbAL, 15T FPGA [¥) Overlay AbFE 3% U] AL ARy
PRI E A . RERREE IS, FEAERE NG . S A B A5 E B 3 5 b R I H AR A [l B AR R R
Ji#E, B OPU B FiXiEH Overlay ALBRERZEMILIOK, X —HOR C M RBIMH A CNN ¥ 5 — hnid &%
BL R BN LIRS B RMEH &, Light-OPU PS Al Uni-OPU P [ TAE/E R &
P L AN G — B FUACFE T I SC L T RAE. A, AW AEIR R IEm FPGA S -HYERIfE T %, W
OverGen 193] J8 i AR 2 78 15 A8 HE LA /51 7 W T RC%, Seiba 4 QI M HbAE B HLS HLEE 5 Overlay
b PREE DA T RS B 1K) FPGA B 4w R E. SR, B TR 7 S H 2 B Ak, el SCHp e
2% 1R I 4% S5 K I 78 0 RS BRI /0, R T HEB BOR 4K 2L BT I B2 H))

TRIE 2 SRS (R R 2050 0 IEHE S Overlay AP SR HORE RGBT R BB BL. HAT, BFAE il 25K
T 3 AN U7 ERE ML (GNN) FIPERESE T Transformer HI4mEEEAL LA LCHT M1 Mamba JRZS 2
[ AR SR
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=7 HTERAZRHN Overlay LIRZHIFTLE.
Table 7 Comparison of OPUs for different network types.

Work  Type ISA coverage Operation granularity Compiling flow Hardware efficiency Energy efficiency
. . Unified IR, _ .
Convolution, pooling, Coarse (load/store, . . 91% MAC efficiency on 5.35X higher than
OPU CNN R . p-fusion/r-fusion, .
activation, control compute, post-process) i average Titan Xp
quantization
Convolution, depthwise Parallelism in Computation blocks, 5.5X% latency reduction
Light luti input/kernel/feat tor fusi d d 3.0x bett 18X ~8.4x speedup
ight- convolution, grou input/kernel/feature ma operator fusion, an an .0X better ener,
- CNN : group P ) P P ) © &Y than other FPGA
OPU convolution, channel for convolution and reorder for continuous efficiency than Jetson
R i R ) accelerators
reorganization depthwise convolution layers TX2
Zero-inserting-based, 1.90x and 1.63Xx 15.04x and 12.43X
R nearest-neighbor-resizing ) Unified CONV and TCONV, latency reduction than better energy efficiency
Uni- ) Block-wise CONV and . N . X
CNN transposed convolution slicing, parallelism and Titan Xp GPU on than Titan Xp GPU on
OPU TCONYV layers .
(zero-TCONV, scheduling zero-TCONV and zero-TCONV and
NN-TCONYV) NN-TCONV NN-TCONV
. . Fused convolution and
Convolution, pooling, . ) . R R
Multiple operation units, continuous layers, 1.5X high throughput 39% to 5.16 X better
ReLU, fully-connected, i i o o
LPFP CNN . parallel in multiple low-precision than FPGA energy efficiency than
and low-precision . R K . R
. R activations and weights floating-point accelerators on average FPGA accelerators
floating-point N )
quantization
) 2.2X per DSP
R . . . L Allocate different
Convolution, point-wise Dynamically optimize L . throughput
MP- . X o : precisions, operation 12.9% latency )
CNN convolution, mixed precision for different . o K improvement than
OPU . . fusion, slicing, and data reduction
precision layers and operations A other FPGA
reorder for different layers
accelerators
60x, 12X, and 1.7X
X . 912x, 511x, and 3.87x
Dense/sparse-dense . Compressed sparse matrix latency reduction than L.
LW- . o Unified DMM and SDMM, ) higher energy efficiency
GCN matrix multiplication, i with PCOO format, INT4 CPU, GPU, and FPGA
GCN reconfigurable MAC array . . R than CPU, GPU, and FPGA
PCOO format quantization for input accelerators,
) accelerators
respectively
Adam weight updates, L2 . . .
i R R - Automated exploration of Power reduction using
Skelet normalization, and High efficient SpMM, o . 11.3X speedup than T
GCN . slicing and computation quantization and
onGCN compact PCOO during DMM and transposed MM GraphACT X
o parameters compression
training
e . 1.41x, 5305x%, and
SpMM, MM, batch Unified computation LLVM-based IR and 1.36x, 1654%, 63X .
Graph- R . R R . 422X higher energy
GCN normalization, selective engine for SpMM and mapping to SA speedup than CPU, GPU, L
OPU ; X efficiency than CPU, GPU,
adder tree GEMM instructions and FPGA
and FPGA
Matrix multiplication, . . . i X
i X Piecewise approximation IR from NLP models, 3% resource reduction 4% and 6x power
Trans- non-linear operation,
NPE R for multiple non-linear fixed point data for on FPGA, with similar reduction than CPU
former non-step, step, and index . i . R .
R functions, highly pipelined weights, and feature map performance and GPU
load/store operations
. 231X%, 5.85x-66.36X,
L PE array with DSP . L R
MM, addition, transpose, . . R Row-wise optimization, 1.56x—-8.21X speedup and 5.28 X—6.24X than
FET- Trans- . k packing, instruction o
slicing, concatenation, . layer slicing, memory than FPGA and ASIC CPU, GPU, and
OPU former controlled non-linear for
DMA, non-linear allocation, and parallelism accelerators FPGA/ASIC
accuracy and resource
accelerators
Unified IR for
Reconfigurable PE arra; Column-wise computation graph and 1.16 X higher
Trans- & v ) ) put erap 1.94x MAC efficiency . €
ITLE row-column mask packing, reconfigurable systolic operation details, loop normalized throughput
former X than GPU
buffer controller array unrolling, and block than GPU
allocation
Independent or L . .
ISA for sync between . Compiling for each core, 1.24X-1.39X higher 5.31X—-5.81x higher
MCore- Trans- . . cooperated for different . . . .
cores, matrix allocation, parameterized multi-core normalized throughput normalized throughput
OPU former cores, balanced loads for .
cross memory fetch . allocation than FPGA than GPU
different cores
Encoding and decoding Diagonal data flow Unstructured sparsity, At 50% unstructured 1.63x higher
Chat Trans- control array behavior, performs both sparse and and the positions of sparsity, OPT normalized throughput
OPU  former managing KV loading and dense matrix non-zero elements are outperforms GPU by than FPGA

popping multiplications

encoded using bit masks

2.29% in throughput

accelerators

GNN. EAAZMEK AT R RGEETIRAT R 1) 2 N, RS AAE B R S ) I 5 H Hcdis, ol
PRI R, BABORNIRIERES ). LR, I pUB W A i (T 521 M2 2% (GNN)
FEPERE BRI, R R A R P B A B SN SE R 7 1. LW-GCN 881 JFaU RSl 7 SpMM
A MM #AERIGE— bR, IR TH BRI A IR SR 4E 1 3T B, SkeletonGON 87 75 HEFE Al b SCBL 1 )1
SRHERR ) — IR SRR, SR QR R A TT FIRTT T RGRCE. S-LGCN 091 i BB 1 7] ve i 2 3
FPEANE HIE 2 TS T RAF-F4. B0 Bt it B2 A SRR A 06], Jlad 280tk Be it A s s
W28 IR A SRR At 178 R SE LB . 7 R i 1 B0 Ak B AN 20 2 1B A g S i S 7
eACHE R R P SR AN T 2 A7 S5 M BT O FE T R SRR (R R B

Transformer. {t HR1E 5 AL HLAHIH RS5O FE FEARH], HAE A AL AR B 25 A0 1t
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KR, BWONVE 2 N BRI, BEE T FCRIIR N, Transformer /£ FPGA IR 58 5 A0S W s
Ii) L 2 1R RVREE 4 s 1k e etk HPTA 4848 PY e sl T & AE R Transformer 3, DFX &
g W Sl GUET K 28 BT SR T S R v SRR, T ChatOPU 69 SIS M B 15
D) A R B AL ARY S 28 JF Re 1OR B AR, T ST RO 7 P R 2 AR TR AE Ul A7 178970 Rl 77 ¢ (79 Ak
b B EH FPGA 7 55 4 18] S fig v JOREAY B Y5 R IR A0 1 7 B, Je it B g ket k2 A PRAE
PR SRR R R R SR AR 1) PN A B R STURI AR 5 00 T B ) SR 2 ) R R e e, (L
MR A7V Tl B R 2R s RO s 8 5507 58 R AE 9 X e pR Al 18 (33 P i e JE B

Mamba. {EAFFERRIHTIEN, FAANE A% B 8 Fe MRS 25 R HL ) 1 A2 A B A sk TG
FRATRE. L2 BN I e N AN PP 51 @A 55, e FE A FL otk B2 2 B e B PRAS A (R L], ZE AR
I AT R I R L, JEFOE A A RS RS 5 . 1E— 08 %4 R, Mamba 7E FPGA P
& LR SEIANAL TR R B, R B 5 b BB AR 20 1 AT FERI4R T, e L Ao fs -2
I B BT R 20 2 R BT T A DAL A TA). B0 X 6 i) J, b R IEAE R R /K B SR LA R S s 1K
0, Sl i Bk FISE T IEATERE, B0 T IR 4 BO SEms . HRLEE FPGA Overlay 4b3 2% 199
T B IR 20 R VEAT B0 Mamba, B8 () PRIBUE AR AR TS HF . X BEH R BT IEHES) Mamba B [A]
B R AR S I B

9.2 BARE

Overlay AbBEFS7E 2 AN FH A I H URR AR 3. 7RIS, A48 mT S A PE AR B2 JRVH AE,
E AR A B R e, ST A A HERE, SIS R SR R T E ML ABE R ) X S A B
T B3 $idis AL HE 50T, R 08 S8 R A IR A M IR B e T 54 5%, s o 3R A1 5 K S .
UEAh, Overlay AbFE#$E H 3025 Bl (R B 143 5, B RE S Al A& AR ROk F LB« WO T IR AN A%
JRBS IR, R E BRI RE ). RS A RN, SEAE I A R RE AR D AR
PTG I PRSI, B 2 4 SR AR 0 I B kb B 28 70 AR 15 2 A HE A B T
L AT LRI T BRI .

YA FPGA Overlay ZbHE 38 [H AR RE, R B IR LR A & SR ERIN MM 40 R SRS,
A ONN Kb 152,56,57,100] |87 % GNN AN 11550 186, 87,951 B2 57 F Transformer [ R
47 (78,7997 FIEEZE Mamba TR, Overlay 40P 3AE AR RE AT 5 R 0 [FI R, RT3 7 A -5
BRI SR e Sy, X — KB PIRREE 7 FPGA 7EIER AT H AR BRI i HE 7 0 (0 kAR 018

Boa, AN SC BN TEEPIAN A FE T R B AR BRI 70 1) RS2 T L, 2 o REf %
FAJT B 5 A0, T 1) B 37 7 P A B R AR 196 i S 25 P B i L d S o T R B 4, DAS B
ANRIFPEE X 245 ) RESE L BRPH)Z2 TH b, BE M RE I gm iR A AR, AR S Overlay AbFE28 1) RITI Z
P 1991 FI Seiba [RIETT & 7775 104 il 48 A S50 SCREAN T BE BT (e 22 I 45 | T HT 55 1 S mg AR 4L
VR BCEE T 3, D RO A T R RS BARYEIE A AT TFE UK GPU 13 S A J 0 P e DA g
), {5 FPGA Overlay A8 EIA G5 S AL BRI 5t IR 340K SE N 28 Y . A Bl 5 1K e O
FARHI TN, FPGA Overlay ACFE 38 K5 FEHES] AT 150 ) S8 B 2. B R 3% J7 1) R A R v Bk 3K

H.

N T RER E A 28 P 28 I S LT R DT T R PR, B LA TRt 72T FPGA @A
Overlay 128 MM RIS, X3 Overlay AbFEES HFIH%Z 0o FEAB R G0 0 1140 — (14938 FH H B 2R 44
REAEIE F] T3 — S 48 o 2 ABE AR ()4 3 b 3500 22 3 7 38 O 7 ASE 2R 1) 460 N A6 2l K IS [R) 2R 47 FBT i 55
ity HATEM AR SRR AR 28 I 25 488 4 CNN, Transformer PL A GNN 25, 2 F HH N Overlay Ab



&% PEMNY:FENFE 20255F Hss5h Fal 832

AR IIBETT S, ASCHEET FPGA [MIEA Overlay #0248 Kb BE 2% (18 X5 AT T RS
45, RN T HAE B BRI PUAAIBRAR. S0 SRR AE ] Overlay M2 IZEAREE &5, ALV
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Abstract Currently, the computational complexity and update speed of neural networks are experiencing
an explosive growth trend. To efficiently use neural networks on devices, technologies that accelerate neural
networks have gained attention from both academia and industry. There are two categories of main neural
network accelerators. The first is typically customized for specific types of neural networks to enhance inference
performance. However, these schemes have certain limitations, such as poor scalability and a rather fixed
computational data flow path. These limitations make these schemes inflexible in dealing with applications that
require frequent switching of network models, especially in scenarios with high dynamic switching and real-time
response. The second one is an instruction-based Overlay processing unit. The schemes of the Overlay processing
unit first propose an instruction set for neural networks, which can easily be extended for coming networks. At the
same time, a compiler is designed to perform optimization on the computation graph, allocation of computation,
and scheduling of inputs from the software view. Meanwhile, the microarchitecture is designed for dataflow and
parallelism optimizations from the hardware point of view. To this end, this study first analyzes the design
philosophy and architectural features of customized neural network accelerators and Overlay processing units.
Secondly, by comparing these two types of accelerators in terms of design scheme, flexibility, and applicability,
this study delves into the general Overlay processing unit, emphasizing its significant advantages in terms of ease
of use, scalability, and versatility. The study then systematically categorizes the existing FPGA prototypes of the
Overlay processing units and provides an in-depth analysis of the design principles, implementation methods, and
performance in practical applications for each category of processors. Finally, this study discusses the challenges
faced in the design process of general Overlay processing units and looks forward to the potential directions and
application scenarios of this technology in future development, with the aim of providing references and insights
for future research work.

Keywords artificial intelligence, FPGA, customized accelerator, Overlay processing unit, compiler, hardware
acceleration



