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AR — AT T B A5 SRy, 25 W AR 1 7 A R
PRI R T 5 R A R . SR A Rk, B
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FEIP BT BE AT

P2 R T TR R Iy 0 — B A R Ak
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PMT A, R 2 DM AFERE UV DL
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TR A R Ak )E , S8 2 AN ET L 2(b)

A Rt
IN: U[M,K], V[K,N]
OUT: Z[M,N]
for mo in [0, M):
for no in [@, NO):
for ko in [@, KO):
for mi in [@, MI):
m=mo*MI+mi
for ni in [@, NI):
n=no*NI+ni
for ki in [@, KI):
k=ko*KI+ki
Z[m,n]+=U[m,k]*V[k,n]
(a) FEFEIRFE T A

NI R AR AR T L A 2 () s A R e R
P, iR L ATARYERR Y A XTEUE V B9 T AR
VI 13 3l A 1 ( Ansor H 0 BUHE A1 JR) 78 4t 2
ARSI ), A4 5 J5 B BE VL R RE 176 ER
549, BV Y P A AR U SRR . AR S
FRIT P RARIT A (2250 2 (e) IR 2 s,
IHETEE v o Bl R AR T /R T P A
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B A RSB, ) AR B0 A R AR AR Ry S 4
WA Jr Ak, S A ey AR e AR Y L W) A G it A v
PAT AN BT TR

IN: V[K,N]

OUT: V’[NO,KO,NI,KI]
for no in [@, NO):
for ko in [@, KO):

for ni in [0, NI):
n=no*NI+ni
for ki in [e, KI):
k=ko*KI+ki
V’[no,ko,ni,ki]=V[k, n]
(b) A R HIEF L

IN: U[M,K], V’[NO,KO,NI,KI]
OUT: Z[M,N]

for mo in [0, M):

for no in [0, NO):

for ko in [@, KO):
for mi in [@, MI):
m=mo*MI+mi
for ni'in [e, NI): ~
| n=no*NI+ni
| for ki in [6, KI):
k=ko*KI+ki
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N Yt B BHE A %5 MatMul .

TR g o A 55 (58 B A K08 3 i 4
PSRN ) 1 — A BR AT 2 1k 1 20 3R 7 5 (R 4
A BATE L) . TR 2 FRFEF A fl P,
BRI R RIE MR 0 (R A (5518 v
V) R RAE, FIE 2 SRR RET

155 T RIS IHA , RIS EAES T I
HRRF R ZsE , B2 R A (L + P) ¥4
145 MatMul B9 R 7 25 [0 A e T — 0 XFF—A
BRI RS R (N Ansor BUIE R IR IE5 THY

FEP A R Z BR T R s i A2 il 5K Bh T #5iA
(07 8, 21248 Z 0 P RE 2% ) i i I 4 [ i
HA .

55 T WA R oy B R T 25 [H]S 2 Xt 25 [l A h
TR T AT B AT R LA T A5 B A R A 8 1 2
], WK ZASEUEA I — D25 0], 7EE 2 Fs
MatMul AE45 7 JHFEF A € A, A TR AR R AL
JERF I BT (L + P) NS o Z A H— KL

1555 T WA R Je R P 25 [P X 2s [ A g
ANFR P HEA T AR e DA I A5 2 1A 5 Je R A4 1
fzs i), BRIE, s AR Ui A7 Je i v A AR 4, 5
2 A ERBR T UIFERRIE DR KR ES , R e
LA S, BRI RIAEP |, B3R B 5 2 X,
2P, BRI SBER T LIAEA S, B E S S 22 Xt
B, HP FEARREASA ,BS BT 25, B P, o
FEFPARPLAT S5 FEA R T AR G A T Zead A Jmy AR
T 5 0 FAE 55 (AR 55 1% A B T30 1 R
AR, R TFALSS T xR A i 2 iy v
V), Bl2(c) BiRBIT P RIAP w25 H H—
Mo

B3 AT LRARIBHXR, MF—MESF
T, NHR P2 A R — R T A, 38 S 8E 1 R
AL = A0 R AR R Y LA R JE Ry P,
FORT (L + P) JBTATS T WA R4y B AR 7 25 ()
S,, BBy PR TAES T Wi RGP =P, M
LR TRIT A B P IBHE AT R Ik A, it
kPP RE— AR AR AT LAZES L RTA 4R 3
XL RRSY o RO —AME 55 T, 3% 3 A28 (| 47
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B B4 Jm) S AR
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REIHFR Y, JEHIE X SR LC, BN H A Ak s 1]
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4 Ansor T/ERIBREE
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B 7R T O DA AR A R R F) R R S ) SR AR B AR Y

ZREA PR TR, (2) BB R, RS
A RSB A R R, W L — 2D R A R —
ANFRIT A HEATHE N 1 A8 4 AR B R T X, (3) Sl
FHPAT ., BRRIT X G R BT, I A
kR AT E 2 B AR & RiE AT, XA i R
BRI X 484 B ATRTEAEFE R (4) U
SRMERETINALAY €, M b — g LasfE B
FEIURFEVIZR I RE TN AL A C, FIk 48 5 T — 4248
Rt B — R R

TE Ansor [ — UK 56 B 48 R iat FE v, 75 248 0E 8]
JE I — RSB AT R SR . AN IR A S R A R
SR SR PE RE A Y ¢ B2,

XFF oM NL, BT X U2 REERET A, iR
N HEREBUIMNALR ¢ AR A BfE BRIk, BuhT
Ansor I RA M AR LS P A R H BN
2.2 (1) .

X TS LR, BT X R RHERT A 250§ 4L
oA Ry A 1 7 A A Ry B AR Y L R JRy e ARy
PG IZRME T PERETIIAELEY C LA(L +P) €
S HIFHESG BINZR, R IATRET A e A BYZEFE, ML
i Ansor FUHRZSMINA ., HEALZS A BYF25
s , Atk BAr R 2.2 Fdigt(2) .,

XF TR M LC, BT X &R T A St w4
PAn Rt e AR SR R R Y P, B S A R AR e A
J¥ L YR BRI R $RAT . ORI T, P BE 70 I A5
B C UL PeP MFHEE RIS RHFITERF AcA,
(W3EHE, R Ansor I8 RZS BN A ., T4k % A]
VA R A A R S BRI A [P Dk H bR
922 FHE(3) . PiAbss [ FE % 2s [ A LE [H]
—Aas (A, AP R P Ui IR A BRI 25 5%,

1 5 H T L 32 # Intel Xeon CPU Ay H Fpfif
F, Lk ResNet-50 11 4 4B (45 A%h pad 2D

R1 Ansor {3 FEFSBIBETERKERER

{155 (K H ResNet-50) NL/ms LR/ms LC/ms
convl 3.294 4.097 4.338
res2a-branchl 2.013 1.674 2.146
res2a-branch2a 0.424 0.371 0.367
res2a-branch2b 3.748 3.200 3.039

R I B LR ReLU 34035 ) M RIS, Ansor
SrRIAE 3 FhERASTE R SRS T 1A 1024 YA B Y fx
AT X Wiz fiadal, ol LUE H, 5—A SR NL |
LR F LC I BTE A RAT 55 RIS
3.2 BHENHSBIERBREE

M Ansor B TAEJEELA] 1, HAFAELLS 2 A1)
%ﬂj:

(1) FRASEAE A Jm) o W 5 S48 a2, 1 B %t
AR S5 , SR ARG AN ], D5 T S48 5 1) s
Bt A Ry Mg A A SR L) (PR — SR Mg AR AR .

(2) X T4 A Jmy g LC, MR == HA 51k
AP AFER R LS, BRI AR 7 5 fR A 4L
P UIERRE L P , IR P TR AT .
DIGRAS 2 51 i TN ASE R0 Lk ) R e L O R T
(PERETRIIAL RN HERR ) .

X X [ JE, A SO MY 1 3 R S O A R
WG (AL) . H AR AR TR Sl B rh A2 HAf
FH—Fel ] 2 %) 0 25 50 A Ja SR, T2 AR — 1> B
T I SR PR PR Select  Strategy PEFE I HIZ
S A R A (NL/LR/LC) | R L[R2 i
TR €, —Fh ] BE MY 35 I R WA« 76 R 470K
W& LC I, S 15 ms NL FISERE LR RIIZAHL C,
AU W STRR B R R N W RIERET, 8
AT LA/ R R AT A, 205 PR IR B LC oA
AL C, A2 [ RN 2R 25 (] 1Y 22 AR 4 8 3
AR C HA S A R MA IRFIEF A,
HOXF R A Jey JE AR P e B ARRE L BT s [ i
B,

1 38 I SR A R SRS AL fR D GRS A
B PR,

Hik1 AL

A A RZSEA ., BARRECE H R L, M RETOmAR A
C, F I8 W SR WEBE R PR AR Select  Stratege

i A RAFR P RN R RERTFP” eP,

1. Min _T=Inf,P" =Nul /®ItHfk P* S RiRRTE) Min T
2. FOR Search Idx IN[O,L):

3. A _Cand = Program _Sample(A ,, H, C)

4 L Cand, P _Cand = Layout _ Separate(A _Cand)

5. Strategy = Select _ Stratege( Search _Idx, L, C)

6 A _Infos, L _Infos, P _ Infos =
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Build Run(A _Cand,L Cand,P Cand, Strategy ,H)
7. Train _Model(C, A _Infos, L _Infos, P _Infos, Strategy)
8. Index = Argbest( P _ Infos)
9. IF P Infos[ Index]. runtime < Min _ T
10. Min T =P Infos[ Index]. runtime
11. P* =P Cand[ Index]
12. RETURN P*

B A GRAES TRk HA (W
RNZRL B RS 6], AARBEIE H 8RR L, U
LA PERE BT C o o e 20 el 2 Y
TE FARBEPE H _E3RAT I Rl R A R S R P

et —RAR R B, R TRIT iR,

(1) JedE HREEFE H FIPEREIIAREL C 7E48
KA A PR ARER P LS A Cand (53
)

)

!

=\

(2) XA T AR T SR AT R A R A e, A5
M R ES L Cand A RIERFHES P
_ Cand(% 4 17) .

(3) ARk A 3 N SR W L 3% PRI Select  Strategy
1 0 A e 5 2% 7 P ) e S A A R SR (5 S
1) o PR B A PT LAAT Y 1T 98 R 58 2L Search
Cldx SRR EEE L DUERE TR C 4 iR
B ST LR — R Rk — R e SR
B — PO 5 TR SRR e 28 PO 28 A

(4) FRAE AR 48 F 110 i A5 B0 A JR) SR Strate-
gy, XA (2 e 147 4 9%, O30 8 21 B bR fdi 4k 1
FHAT (6 17) . Y4 Strategy 4 NL B, Build  Run
PR 2:%F A Cand F1 P Cand " H9FE 5 64T %
PEITIB TS BIAH N 1) 2128 B 4715 . A Infos I P
_Infos, X} A Cand giiFIFi2 1720 T YLk RE
WEHY C A H AR BE — D /N B8 RS 1], %t
P Cand iiFIB1THE 0 T R L EA S AT ]
WA R G R . 24 Strategy A LR A, Build  Run B
BALX L Cand P Cand AT TH IR
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A deep learning tensor program automatic generation framework

based on adaptive layout of static data

FAN Zhe” ™ , NAN Ziyuan® ™ , HAO Yifan" , DU Zidong® , CHEN Yunji " ™
(" State Key Laboratory of Computer Architecture, Institute of Computing Technology ,
Chinese Academy of Sciences, Beijing 100190)
( ™ University of Chinese Academy of Sciences, Beijing 100049)
Abstract

How to determine the layout of static/const data is a big challenge faced by tensor program automatic genera-
tion frameworks. Ansor, the most broadly-used and promising framework among them, solves this issue by training
a performance cost model according to a layout strategy specified in advance, then searching the tensor program
with the optimal performance based on the cost model. However, there are two problems: a single strategy cannot
be suitable for all tasks, and the performance cost model is not accurate. In order to solve these problems, AL-An-
sor, a tensor program automatic generation framework based on the adaptive layout ( AL) strategy of static data, is
proposed. It adaptively chooses multiple layout strategies during the search process, and trains the performance cost
model according to them. In this way, AL-Ansor can find a tensor program with higher performance. Taking convo-
lutional layers as workloads, this work evaluates Ansor and AL-Ansor in a target server with a 32-core Intel Xeon
CPU. The experimental results show that AL-Ansor improves the execution performance by 13.81% , 12.41% ,
and 16.59% , respectively, on average, compared against Ansor with three specified layout strategies.

Key words: deep learning, tensor program automatic generation framework , layout of static/const data, adap-

tive strategy, performance cost model
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