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Rk TRZ L. BT Python Fl C++ 5518 FHYRFEE 5 f IR B AW A N4 THE 10 T 44,
AR T B T R e e DR % S HESE (W1 TensorFlow 4, PyTorch °)) MXNet [6), 2 fi¢
BE T AR R AT () e JE . AR, weioAss FBE ) 448 I 4 B R )1 Rk i 5 1 B (I 2 B8 30 47 ) K Ik 1)
WSS, X R R T E %A HAER B KW, X0 2 SRR gn B a5 O MERE P2 T 2R, &
P RE IR 27 STHEZE RN G 12648 ] LA 35 /D I RIS ) 03 18 2 AT T DA B B B - ot £ X 4 A L
J&, R ORIITA R P i 26 P 248 A B 7 N T35 B FH R B

TEIARTR BE 5 STHESR v 01 g 8 P 28 AR T i R o T B, B2 B3R B (divected acyclic
graph, DAG). V15 B o 175 sOR1i oy AR R S 7 (B, SEREIRIE) FIBHR KR, N T m Il gt
REFNR/ D TH FEI S ), BE AL AR T — KAV E B AL A SR S - B 45 4, e 4 ) s
B8 FEARETE B AN S R AR DG R A AR ) et SRR 2 ), B R B Sk
S B AN R R A9 5T (40 cuDNN, cuBLAS, MKL-DNN 1 oneDNN) #4711 215 5. At
P RE R (1) 551 P R (R A I o - B AL v AN R AR I, BT A X — B A S I 2R e e A5 3 1k
—BHISRETE. SR, FE R AN GG X RS R T R R AR A A HAERT 1. RIRS, BT F T8 T
TAEFE TR RE, RERIE TR IR 7. T RN TR 5 &0 w8, 57
B T IR S gm e B0 e LA SR s T RE T R B . X R T B S AR A L
MU T & MAERS (1) F SR AT 55 R RS0 Sk, IE R SOMER R & A 87 1 e R = |). 3L
H TVM B2 HLE ) IR 5 S dm e 2 — .

A g — A iy ) iy PR P 22 P 265 G 1R 5, TVML LA P 8 ) 28 BSR4 SR N, B0 25 b oAS [ ) et A4
Ja i AR B PR IR EAR T . N T SRR EE T 0 B SRR AR R, TVM SR T Halide KUK 1 B2 5
i MO e AR ATy B TR E AR RIS . IR LR ER R T80, CPU M R iE ik s 75
W= RENGIR, FHX e E Mok 0 R AT IEARRRAE . X P = 2 4508 2 i 18 J AR iR
bR, BT TVM MR, O #1387 R B 30 A B2 08220 Sk | 248
B A B DA S BT A R 5K AR (R P B SR, DR Ik T oG SR T 42 I 8 HEER (1 R B, TVM AEIX I
BAT XA N I GRBEN K 2 TF RS T3, BRI H BTR AT TVM B A SCREE N 4 I k. A
SCH PR T — AN A R B R SRR T TVM (1 = P BE I 45

PE S — NSRRI SRR HE R 1) iy 2 i PRSI, A ST LR LSRR, (1) 8T SCRelll 5, Stk
o T BRI SR SR, A IR H S N et SRR S s R R R R R 2 —. S5
FRHEEANE, i EERPaEgE HE T, 0 dropout 13! Fl batch normalization M| IX £ 51
HFERE LI (2) HET TVM I R A SCRERH N 5K B A 04, 1 R it Hh B A S e
ANAIAT. Rk, 75— 2 pLE], RS R R E S (3) A TIREINGRER, HE
SENGRIT H AT AL, T B T8 TVM JRe 3 X fpos vk,

T R IR, ASCER T TVMy, — N SCREE W2 2R 1 i B B 2. N T KRRV,
TVMy $&H T LR =m0 558, TVMy 321 T — R & 30K 80 g — - SR 772, 10514
A R AR FE A S AT T 7 RAF 38R, R, TVMr $8H T — /N5 & 2] =ML
FESHCEFHLE, ZHLH R IE M BUE R TR SRS S R R L S, TVMy 8T B
AT Spe Sk R P B0k 12 SRR 2R S I MERE. R 1 45 T TVMy, TVM B Rl PyTorch 51 5
P, R 1 HrTDLE H, AN AR08 I 268 G PR HE SR TE 2 15 SCRPRAS TR, R B SCReH IR AL 21
SCRF A AR AR LA B 75 SRR 2 P S 0 A 5 TRVA AR R B X ). TVM 8B SR S AR AL A
SARKG AR B, FF HL AT DLTE 2 R A J5 i b 30 B e WAL IR A2 1 SRR I R 0 0 2% G 3 B RO
A 2 )5 o SRR R oK. BRI, TVM 53l A4 9 SRR R 48 X 268 G 4 T i B BERIBHEZE. TVM
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% 1 PyTorch®l, TVM B 1 TVM BI3ttL
Table 1 A comparison between PyTorch [*l, TVM 8] and TVMr

PyTorch 5] TVM (8 TVMr
Static computational graph X v v
Computational graph optimization v v v
Automatic differentiation v v v
Vendor-specific library v v v
Automatic code generation X v v
Training support v X v
Special training operators (13, 14] v X v
Multi-backend support X v v

(D0 KU SCRF 22 PR i g A S SRV S B ARAL AT B B0 AREE AR . SR T & B R s @ A SCRFUIGR, FEH
T TVM BTt BB, MR, B, A 73K REa, Se3l im0 0 o 21 m g e d, FRAVE S
7 TVM Wit S ARG B SRS A B D RE, R H T - FNLIX LR SCRRIIZR, JFE ok TVM
A T B P B 3 2 25 DR A ) ) A
ASCAF B e 4 N 8 A RV E Y FEHERE PR TVMyp (B8 ALBRSS CPU A1 GPU LI 2R
HEAT VA, BEVERLF A MLP-3 191, LeNet-5 16 ResNet-18 17, SqueezeNet (181 F1 LSTM LM 191, sz
IR KM, 5 PyTorch ML, TVMy #E Intel CPU 1 NVIDIA GPU LHI#E LRI ZEREIE R T
B 4.88 53T 5 TensorFlow AL, TVMy 7E Intel CPU F1 NVIDIA GPU _b f#£E /02531 ik
REAR B T e 11.5 R, A R ETTika T
o ASCHRI T TVMy, 55— NET TVM K300 /025311 25 100 i 2] i 4 1R 2%
o ATCSZEL T ALHE dropout Al batch normalization 7E N & HE T, H#EH T — & &2] FHL
(RIBLAR], DASE 3w R PRI 4o 22 D 28 1)1 .
o ARSCK B At B B EEAR AL B I8 H BRI N Zrti b, ROKIRTE T 28 0 25 )1 i i
AL HREFHLMT. 5 2 WAHHET TVMy RSG5, b aFEEH S s g T
B 5 3 T T HEB SR O VI SR Tk, BB 4 TR T AE VIR B) S W B E S 40 %
2 — FHHLHEL RN, TVMy #8467 deit () B sh il EEAC SRR AL i 2 M 25 I 2R PE . 5 5 1745
H TS SR, fa, 2B 6 A T ARG S

2 ARG

TVMy 2 —MET TVM FISCRAE &I Sk i 2lm i Beas. B 1 48 T TVMy RG22
Y. TVMy B3 DEZRERA L. (1) #2618, HorBSUIZRRIH FRMPITIESS; (2) Fe#ds, fooks
5E M HEBA R L O I ZRE Y (3) IBAT I AT 4, S50 3% . MUAL AN PRAT I ZRAsi Y.

2.1 1=HgE

PRSI TR R G, REERIg IR Fads . BITNPATSMSEE . Sl 8RR T
Relay (200 1E g RI9 4%, B S0l & Fiih 22 I 45 A R S N AR IS TSI 85, P 858 Relay ZE AR
PRI TH S A B 2 T i A AT AR R e e, R BRI R . e, IRt 55 B BIs AT
I AT B REAT G B AT AT, IR SRR R BN BE L. ), F2 48 3RS BB AL S HUF R R
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! Inputs | | Outputs |
I I I I
I I I
} Neural network model lLI Training data [l| } } Well trained parameters lLI }
I | i
L | Lo I
3 %
Relay graph compiler Parameters updater
I [ [ |
| TVMT: the proposed compiler Graph IR Updated parameters }
|
|
|
\ _Controller }
|
|
} Inference 8 Training |
I J graph data }
} Converter Runtime executor |
—_ —_— |
} \
I Add loss }
‘ function . |
| Training |
} graph |
|
| ¢ |
| " (@) |
acl |
} propagation Q e }
|
|
|

1 (MKEFE) TVM HARSGHES

Figure 1 (Color online) A system overview of TVMrp

BB ZHCE R, SHCERSEHMA LM E B ES S SR e S RGP R PTA Th Rk
By A RBIE, IERBUONA TIEH18E, — MR E IZRESS A4 7T L Rot e ).

2.2 LRSS

N T BT RN SR, 752 R ISRt SR SR, Ao R I A P A Bk

T 56, AL R 75 A B4 K R B RR B T SR A2 1 B2 T B SR AT A A E S A
. BRI, AR AU RS IR RHE R T SR b, JRERE S T O ek B HE B T B AT S n 4%
FEEMEINGTEEL B 2 #R 7NN R R R R, R R R K, AR A
IRt SR B 2 tha] LAE Y, ISRt 5 B2 i — AT R A — AN 5 e i R A . i i
FE S HERLH B IR, 170 5 o A Hh R ) A% R 2 g g (21,

Fok, W E E R E TR A IR R G E B AR, FEEe 22 I 25 5T, W dropout (1)
A1 batch normalization M) ZEHEFERIYIZRHt RILAF]. WIRAGE IEAf AP L 722 5 YNGR s 52 2
IRK s, ARG FEH, dropout BB & 4B 5 E 9 0, FEHLZE 77— LLfRGEZE M £,
AR T 2 NS DI SRR 0 G )@ K1, BT dropout BF A28k L 1 T¥TH FH R Il Zad 40
AR, BB AR P B AT VR AT, W DA 22 4 i .

% T batch normalization, ‘& 7E I ZRFHERL 2 [6] 1) X ) 88 N & 2%, batch normalization JH i

Ti — M
;= + B. 1
W= mre P .

xR AT IR AL, Hoh oy A g RIS, € RTIEDSREATHESAL, o My 73 5IF0R
JEAEBEE AN — A G IBEE. o Rz R 1P IME, o2 BRI 2. EINZREFE T, batch
normalization 2 AR# 24 FiT A I — HEBEE TH 5P EANTT 22, AR5, TSI BB AT ZE R R X %
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Inference graph Training graph

B2 (FMEMPE) BB EEEIGTHEENER

Figure 2 (Color online) The transformation of an inference graph to a training graph

B AT IA— 1. M2, SRt RN — s, — s s S IR 2 N AR AN ),
PR R AN, XSG, AMEEETT Z RS, B ZtEeE A —1 N
TIHA AR, AT ZE AN E E S N IR L[ E I E N TT 2 AR I R 4R
TP HCRI. R TR EIR AN E AR I AN HE B AR A R IAS R 10 8, TVMey 7EF s HhRs
M FEEEEL T dropout F1 batch normalization J5¥%.

IR0 R BR A A IE B HE R VS IR B R IO I R AR, B A% IR A 2 T IR B,
MNTTT S T A 8 X 288 B 2R BT S0 . e e s TR SIC I R AE 28 3 T st il
2.3 EBITHHAITER

PAT IR S B A E S P RE X T = RO ZR 80 2 B R E . N T @ AT I Zhit
S, AT BAT RS AR T SR e I T B B R R A L 12 2 R IR S E R T B 3R
BT E YRR SR B AR . AT RCGESECE R, HET TVM Mg RnfE A KR A R E B, BN
TVM N GK &R . Bk, £ TVM Hoghh BOFAE S50 A TTAT 1, IERK 0 1 Il 2k
RO N T R A SR ) B, ASCHR T A% B E LA E SR AL BT R H AL
11, AUEE S HE SE Ll TR, X T B TVM BB AL A, RIS R E S B ENLRIPLEIIR 25 5 B
EA R ESHE P, XF BT — Bt god 72,

SRR, AR SCHE H AR B4 31 LA EE S HOT R L DL R ) g 5 1 I B 1 3 FE AR AR AR
FISE RO KR T T A4 28 I ZR80R . I8 AT I ST SR U4 DR (RS 4 i,

3 1REIER

NSRRI R, IR RE ZPOERE. H 2, e ik s & o U R 5T
Hh TR AL AT DAFE S A0 A% 47k S TRV S0 R BR B BB R . i T 55 H (R B B, B2 B B3 LA Rt i
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Inference graph Training graph

inference(%data, %weight, %bias) training(%data, %weight, %bias, %label)
%0 = nn.dense(%data, %weight) %0 = nn.dense(%data, %weight)
%]1 = nn.bias_add(%0, %bias) %]1 = nn.bias_add (%0, %bias)
return nn.relu(%1) %2 =nn.relu(%1)

} %3 = nn.cross_entropy(%?2, %label)

‘ *some initialization here

| Inference graph with loss *back-propagation here

loss(%data, %weight, %bias, %label) %25 = transpose(%weight)

{ #%24 is the gradients propagated here
%0 = nn.dense(%data, %weight) » %26 = nn.dense(%24, %25
%]1 = nn.bias_add(%0, %bias) %26
%2 = nn.relu(%1) }

nn.cross_entropy(%2, %label)

}

3 (MBRFEE) —MERTTEEE N RINGH EEB G F

Figure 3 (Color online) An example of converting an inference graph to a training graph

FEZE. HR, BT RRRA ISR E T SRR B e SRR R FE GG 2 —, AT 0wt T
Rk HE T, dropout 1 batch normalization, DA 3 2 BT Aek FH O 3 S8 - ) 4 5 =

3.1 &K EEEE

Kl 3 s T — Mgt HEm R, T REAIR, X5 L T Ngat SRR B £
Bl 3, BL % RIS R H BRI A &, X 8edr i R S RT mEB0GE NA1EH. R e
3ANBER. B, M DL LR O SO U2 I, i AR E VB S8, BT iy —
RAV RG], IR, Bk R Hohl B & BIHE R VSR b, ke B PIONE RO AR S B < TRl ) 22 0. B
Ja, SRR S B A A R B R R B ] 3 Al gRut SR B B ARES B B,
SRS e AT AT ) I AR, R 5 AR I e ol A BT SR S e A% 48 SRR AR B s ) i AR AR
Zt EEPAT RN G, AESEIRR R IR B 25 S8R, S8 AR E R T P S B
FtE S
32 BT

TENZRAHEFRILFE | dropout 5T #1 batch normalization & T HIAT ARZAFE. WRAX 51X
e AR ZR AR AN [F4T R, BRI E TR AR BT S, BN S22 3
R, ELR TR ERRI. N T MR I A OB r) 8, A 4 28R X Se I 2R 51 BT I R AL
Z UiseE k.

dropout HEF. dropout BTN T BiEME MK gad fE i A B — N E T, Hsk
AR 1 A 2 hag . attribute Z2H0 FRIX /- EREAIIZR, )@ VELL “HERD BT M8 A,
i 1) 1 A ELAE IR 0] JF AR k&, KA dropout SLF7EHER A 2 3 MR, BEMER “IIZR i, Al
I FEARYE A4 rate THE—MERD, W rate = 0.5 KRB ELEFR 50% MR IERE. REH 1%
FEID N T R AR5k &, 45 3 — MR IR o 2 J5 IO 5K &, 1K R R 5 A A I 2 B S
. ST R AR G, e i B AR 2 S e R SR A A A 1) R A [ () R R IR 1SR A L
B, XD IR S S m) AL R SRR T AT AR 2 I 28 IR I S HR

ARCHEH T dropout BFIEA /MR AL B, 2T TVM W9 PEHR, dropout T HIBENLAEID AR
25 5 K RENLA T ORFFAAL. DR, TVM o R BEHLIRE D 7R 45 RO ZRak AR L e 5 3R] — 2 A 2 I 2%
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E3% 1 B9 dropout H T

Input: original_tensor, random_mask, rate, attribute.

Output: masked_tensor.

1: if attribute is inference then

2: return original_tensor;

3: else if attribute is training then

4 for all element in random_mask do
5 if element < rate then

6: element = 0;

7 else

8 element = glement

9 end if

10: end for

11: return original _tensor o random_mask.
12: end if

&% 2 XAl dropout HT

Input: random_mask, grad.

Output: new_grad.

1: return grad o random_mask.

HEHE. SR, dropout BVE T BAERF I ZRak A 48 FH BEALFE RS SR A5 FHBE LI B, T A2 7] — 2
. AR SRR B HLFE RS AR R HIEZ M | dropout BVEMIDIRE, ULFEAC T B A I 2Rk FE. i i b
B EASE Dy ] LE A OB AR T RTINS 8, 4T ROt v 118 BE AL D 0 o) @, AT fRAIE
1 dropout A RNME. ok, Fk 2 A 7 EVE 1 P A s LA RD, X T BRI R
AR, $_2TF T dropout BT HIPRAT HEBE.

batch normalization EF. batch normalization #&—>5 TEME A BRI SR HE T,
BRI INGE R PS 8 MR, FEAER, SR ERE 3 M 4 4. 5 dropout H 13
oL, e X T attribute JB MR X - HEE AN LR, {EHEFRE AR, SRR S N IR 358 A1 Z2 6 N
B AT IH— 1. fEZRdiErh, FARYE ST A B S EM T 2. 2T ERdE, d
TRE ~ M g RS, FIERE Sk [14] P REEEHES TR dy M1 dp. EREENE, [l
)b R AP 0 U — A R S R A, VR Rl R N, 31X mT DU S B (9 )5 — (b T 52, $2F batch
normalization 5 FIHAT 1 RE.

4 REPITESHEN

FERARU 2 )5, HEBH S R O N Rt SR IR SR B BRAT PR REXS BRI ZR TR RE 2255
EEL SR, B I SN A P E PR, B 56, IRt I8 b (0 SR DA I 75 AR 1 p
KB, ST A FERE DT eV AR5, I, 18 2 i 5B 07 O T BRI 2R g
FERE B BTN AT SR E et B E SR SRR R EIN 2t SR B e A, T AR R T RE R
SRERER. HIX, BUES AU E R R P22 I Zrh 1 AR 2D B, ot bR B 0006 T R =
MR R EEL AR, H AT TVM g8 BRI A ST SR B B 2, IR 78 [ 5B A
HBHFEA AT, XA TVM JCiR 58 IZREST. BRI, ASCHE S — R se % 2 LML LR R AT R0
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&% 3 W7 batch normalization 51
Input: B=x1..m, ", B, € u, o, attribute.
Output: B= T1...m

1: if attribute is inference then

2:  return 7&% + B;

3: else if attribute is training then
4 p = Mean(B);

5: o2 = Variance(B);
6
7

&% 4 I batch normalization H. 1
Input: B= Z1..m, grad = y1...m-
Output: dv,dg.

1. dB = 27;1 Yi5

20 dy =300 v+ Dy

3: return dv,dg.

EHESHL
4.1 HEMERBEFESHIT

e S TR 00 TRt SR s P BE DT B B 14T N AT SR iR SR HE Y E B 2
9% Ansor 2 TR FIOBHRERIOLAG. SRTM, Ansor & NEHRERALHE L THE B 5 i ek 1, 9
HZAG8A TARUEY] Ansor ZEVNZRiH 5 Bt REAT TR, N AR SO HEFR RS 7 R R P 16 DXl
AT AT, R ZRit EE R A Ansor HHATARAL I RTAT 1. B 3 kR 1 HEER F SRR L
gt FE R EF ey, AEH T VR 1, #EETFRER B TVM WEFESRRE TN (W
nn.dense, nn.bias_add 1 nn.relu) 4L 22 TVM I ¥ (TVM Operator Inventory, TOPI) f&—4*
ST B, AR T An AT 51 R 2 LE A A i AR R 2 R R e 5, dap SRAS X e e afe ik
HFATAEMR AL, TOPL Bt H FBIER— = 2 BT, AR, IZiHE KW H TOPI
LN TR B, TOPT Wi A Tl Zeit- SR, F00s DL HERE TS U [R) i 07 202 BUAIRZ Tk
B, IS Ansor BIZRIHE BRI T, TVM KA M ZEaets 2 1 RIEEZ 52Tt

4.2 REBENHSHERIEH

PR A A (44 B S SR 0 v R EL A RO A 2 X 2 R R AR SR B AR, HAT TVM 9 1%
TREFFAS SRR N KB (R M A 240 B ok S0 S HUE WRAE ok 58 A 22 25 3|
ST, R4 HT TVM LB M2 I 2ok T BBk T PuX A 8, A 1 — ik T
B - EMWLEIR IR S, 2t 5 Bl A B BT Uit SRR 2R E S MR L, BT
PLEISATEET B L T B kI s AL E S 4 18] 4 fiiR 7 ASCHEH s — EHLILHI S,
HA AR AR AR BRI AT, BRI AE BN AT, W&l 4 Por, #2618 R AR T3 - UL
RISt S B rhols, ST BN IR AT, 8 %, UIZRTt 55 B 58 RCRT R HEBEAN S R A% 48,
FRIBES BN TR R EIBEE VoL(0) (Firh 0 RIUESE, L RN . 55, /£ EN R
P A X AL AR L, FRALE 40 [RIFEAE BRI AL RS . A as 6T 16 N B 5, ARIEPDUER
FEE M2 M X SR, HHEE RS HOE e R B AL S A il ds. B, HIE e T — IR
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Forward

Srote

Updated weight 6"

0 Optimizer (SGD)
%
J/ Controller 6'=0-1Ir-V,L(0)
Backward V,L(0)
@ @ dLoss Gradients of weights Host
(@) V,L(0)

Device

4 (MEEHRFEE) MRENETEE - ENNFIFIGETER. EPmEBoEiR&imiliT, meRaBo TS
W7

Figure 4 (Color online) Proposed training computational graph based on the device-host mechanism. The blue part is
executed at the device side, and the green part is executed at the host side

AR AL, JFE R — AN S R ST 46 ST LT 2O 44 41 5 R 1701 5
AR, SR T, L A2 U SRR 1 BRI 8 LW 25, AR 6 T804 — AL U it
PR BRI TS 5 I 4B, R T TV AR B 1S S LA O, 9B T
T TVM [ FI% 11 25

5 SCIGZER

TVMy 23T TVM B (R4 0.8.dev0), F Python SZH R A5 2 4 % 8. N 7 XHIZ, 3%
fITH C4++ BT dropout Al batch normalization 5T, FFEERE] TVMy H. T H A SCE AN ZRF)A]
AT YRR AT TVMy BT SEIRI0TE. 156, AT T 18 TVMr BIIZREFE i R (B 1 A2 1.
B, RO TVMy SIATIRE 22 SIHESE PyTorch B! Al TensorFlow 4 #E4T EL#.

SEIGAE P ANELE T & LT Intel MRS 284 CPU (Xeon(R) Gold 6271C CPU @ 2.60 GHz) Al
NVIDIA GPU (RTX 2080Ti), I HATA IS5 #F LA float32 1 il A &4 257,

5.1 IZRATiTH

BAUER MLP-3 191 Al LeNet-5 ['6] 78 MNIST #i#fi4E '6) E9FAE T TVMy MIIZRECR. TEA/N
T IR MR N 256, SGD #FAERALES. B 5 fiik T TVMy BT TS5 [ 2k i
2. X RN IIZREAE A, H B EE s EAE —EAR, S Y iRl W 5 B, B
AN VINGRAT S 145 RAB Bl IR AR B 3G I B, X B RE TVMy IHHLTE MNIST 40 JfE5%5H5e
BT EIR PR 1)1 5.

5.2 YR

AR/INT 38 FH R BR AEA 22 ) 28 RV E 9 BEUHERR P 0 TVMy 7E3 AL FE 2% CPU Al GPU b3
P s Rk GEHEATVEAL, FEUERE P45 MLP-3 1% LeNet-5 16! ResNet-18 7). SqueezeNet (18] D) f%
LSTM LM M9 HFMKH CPU 1 GPU 5 43J)1°4 Intel (Xeon(R) Gold 6271C CPU @ 2.60 GHz)
A1 NVIDIA GPU (RTX 2080Ti).

PyTorch 5] Fil TensorFlow 4 #7135 NFEUEHESE, Hor TensorFlow IRRAS A 1.7.04+CUDA9.0, PyTorch
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Figure 5 (Color online) Loss curve. (a) MLP-3 trained on MNIST dataset and (b) LeNet-5 trained on MNIST dataset
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Figure 6 (Color online) Comparison of training efficiency on network models over PyTorch and TensorFlow. The Y-axis
is the normalized execution time relative to the fastest one for each network. (a) Intel CPU; (b) NVIDIA GPU
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Figure 8 (Color online) The comparison between weight update time and model execution time. The Y-axis is the
normalized execution time relative to the fastest one for each network. (a) Intel CPU; (b) NVIDIA GPU

CPU: Inter Xeon(R) Gold 6271C CPU: Inter Xeon(R) Gold 6271C
B 10 100 1.00 1.00 1.00 1.00 - 10 1.00 1.00 1.00 1.00 1.00
3 : = .
; g 08 E o 08
=5 0629 < 054 S 2 o6 0.61
-y 046 037 SE o4 034 o 0.42
-B-Iha 031 0.30 ge 703l
ER] 0.17 S 0.19 026
g =02 0.09) 0.0 ga 02 ; 0.09 s o
=] a A A
Z 0.0 3 0.0

MLP-3 LeNet-5 ResNet-18  SqueezeNet LSTM LM £ MLP-3 LeNet-5 ResNet-18  SqueezeNet LSTM LM

B TensorFlow M PyTorch ® TVM, B TensorFlow M PyTorch B TVM,
(a) (b)

CPU: NVIDIA RTX 2080Ti CPU: NVIDIA RTX 2080Ti
- 10 1.00 1.00 1.00 - o 1.00 100 097 100 (97104 1.00 1.00
2 .
s 0.84 s .
g g 08 Eg 08
& S
g £ 0005 o £E 06
N 0.4 =1
= TS) 029 0.24 0.25 X & 04 08 0.32 036
E & 02 E 3 02 0.10)
Z 00 5 oo

MLP-3 LeNet-5  ResNet-18  SqueezeNet  LSTM LM P4 MLP-3 LeNet-5  ResNet-18  SqueezeNet LSTM LM

B TensorFlow M PyTorch B TVM_ B TensorFlow M PyTorch B TVM,
(© (d)

B9 (MKMFE) ERINEEL, ML TVMr, TensorFlow 5 PyTorch BIE#ES f mEBARE. ¥V
R IRBRRNGRE T — SR

Figure 9 (Color online) The comparison for the speed of TVMr, TensorFlow, and PyTorch on forward and backward
processes, respectively. The Y-axis is the normalized execution time relative to the fastest one for each network. (a) Intel
CPU forward process; (b) Intel CPU backward process; (c) NVIDIA GPU forward process; (d) NVIDIA GPU backward
process

ARVIZRIS TRIFY) 33%. Z- B0 TS [A] SRR SAT I TR LB 5K 2R 5 Tntel CPU RABL, AR rp SR 14T
I TR 5 3, VBRI o R I [ 5 AR R AT N R 22 o B

5.4 BIEMERS K EE R E]

D S B RE AT R AT B A RO 9 T SEAFHBBAR TV My AT TensorFlow
5 PyTorch HIRAL, A/NTEXSIX 3 AN LI 25 T EL A 7 g, 7350 LLEE TV My £ERT ¥
BUAN S AR 4B BLEE TensorFlow Al PyTorch fIPEREILSS. tHT TVMy A AR FEHS IR, 6l
T FHE T IS ) A% % B PAT RO A — AR B0, A1 b s ) 28 A ) 2% ) R0 1 BN 1), A 2245 31
[F) A A I ).

B9 45 T TVMy 7T A HEREPY BOF I A& R BX 5 TensorFlow #1 PyTorch FIVERELLEL

2469



B TVMr: 26T TVM [ PERE M E 2 I Sdh P

Bl 9 Fow, ERTIAHEERRY B, TVMy fERTA B E#E T TensorFlow 1l PyTorch, 3£7E Intel CPU [k
)7 e 10.1 SRR TE, DL AE NVIDIA GPU i 9 ERIPEREFR T, (B R BB B, TVM
TEFR SqueezeNet HIFTA MR F#E T TensorFlow Ml PyTorch, {EARAL R BEA HI [m) HEFL Y B HH .

6 S

ASCHEHE T TVMy, — AT 2R )| SR A HE 0 v B0 4 1R 28 TVMy 23l 7 —
FhA RN Zr it S B 3 7 VA0 — B i O A SE BT A B S 5 5 % — ENILH, DU T stk
TR AR B LA AT ISRt S, Fe R ST T AN R R 22 IR 8 R0 (i M R I . SEie 45 SR %
B, 5 PyTorch #HH, TVMr £E Intel CPU A1 NVIDIA GPU | HI#Z M4 Il 2l ik 3 1 & 5 4.88
fERIERTE, 5 TensorFlow AL, TVMr 7E Intel CPU A1 NVIDIA GPU _Ff{##HZ W 28 I 2Rt REik 3] 1
B 115 fEHRTE. Ak TR — S48 5 TVMr ARG S TRl ZabEae, 55T 5t A
R R S R E S RO H I RCR, SEELR A E RS BAEE A S B Ak 88, LR R
TVMy PASEILAEAN [FURE A J5 i 1) i B ek 22 D 28 1)1 .

SEHk

1 Parkhi O M, Vedaldi A, Zisserman A. Deep face recognition. In: Proceedings of the British Machine Vision Conference,
Swansea, 2015

2 Cordts M, Omran M, Ramos S, et al. The Cityscapes dataset for semantic urban scene understanding. In: Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, 2016. 3213-3223

3 Ji S, Pan S, Cambria E, et al. A survey on knowledge graphs: representation, acquisition, and applications. IEEE
Trans Neural Netw Learn Syst, 2022, 33: 494-514

4 Abadi M, Barham P, Chen J, et al. TensorFlow: a system for large-scale machine learning. In: Proceedings of the
12th USENIX Symposium on Operating Systems Design and Implementation, Savannah, 2016. 265283

5 Paszke A, Gross S, Massa F, et al. PyTorch: an imperative style, high-performance deep learning library. In: Proc-
eedings of Annual Conference on Neural Information Processing Systems, Vancouver, 2019. 8024-8035

6 Chen T, L M, Li Y, et al. MXNet: a flexible and efficient machine learning library for heterogeneous distributed
systems. 2015. ArXiv:1512.01274

7 Chen J X, Lin G Q, Chen J X, et al. Towards efficient allocation of graph convolutional networks on hybrid
computation-in-memory architecture. Sci China Inf Sci, 2021, 64: 160409

8 Chen T, Moreau T, Jiang Z, et al. TVM: an automated end-to-end optimizing compiler for deep learning. In: Proc-
eedings of the 13th USENIX Symposium on Operating Systems Design and Implementation, Carlsbad, 2018. 578-594

9 Lattner C, Pienaar J, Amini M, et al. MLIR: a compiler infrastructure for the end of Moore’s law. 2020.
ArXiv:2002.11054

10 Ragan-Kelley J, Barnes C, Adams A, et al. Halide: a language and compiler for optimizing parallelism, locality,
and recomputation in image processing pipelines. In: Proceedings of ACM SIGPLAN Conference on Programming
Language Design and Implementation, Seattle, 2013. 519-530

11 Chen T, Zheng L, Yan E, et al. Learning to optimize tensor programs. In: Proceedings of Annual Conference on
Neural Information Processing Systems, Montréal, 2018. 3393-3404

12 Zheng L, Jia C, Sun M, et al. Ansor: generating high-performance tensor programs for deep learning. In: Proceedings
of the 14th USENIX Symposium on Operating Systems Design and Implementation, 2020. 863-879

13 Srivastava N, Hinton G, Krizhevsky A, et al. Dropout: a simple way to prevent neural networks from overfitting. J
Mach Learn Res, 2014, 15: 1929-1958

14 TIoffe S, Szegedy C. Batch normalization: accelerating deep network training by reducing internal covariate shift.
In: Proceedings of the 32nd International Conference on Machine Learning, Lille, 2015. 448-456

15 Pal S K, Mitra S. Multilayer perceptron, fuzzy sets, and classification. IEEE Trans Neural Netw, 1992, 3: 683-697

2470



HERBYEERE B3 E H 124

16 Lecun Y, Bottou L, Bengio Y, et al. Gradient-based learning applied to document recognition. Proc IEEE, 1998, 86:
2278-2324

17 He K, Zhang X, Ren S, et al. Deep residual learning for image recognition. In: Proceedings of IEEE Conference on
Computer Vision and Pattern Recognition, Las Vegas, 2016. 770-778

18 Tandola F N, Han S, Moskewicz M W, et al. SqueezeNet: AlexNet-level accuracy with 50x fewer parameters and < 0.5
MB model size. 2016. ArXiv:1602.07360

19 Zaremba W, Sutskever I, Vinyals O. Recurrent neural network regularization. 2014. ArXiv:1409.2329

20 Roesch J, Lyubomirsky S, Weber L, et al. Relay: a new IR for machine learning frameworks. In: Proceedings of the
2nd ACM SIGPLAN International Workshop on Machine Learning and Programming Languages, Philadelphia, 2018.
58-68

21 Rumelhart D E, Hinton G E, Williams R J. Learning representations by back-propagating errors. Nature, 1986, 323:
533-536

22 Ehsan M K. Introduction to TOPI. [2021-04-23]. https://tvm.apache.org/docs/tutorials/topi/intro_topi.html

23 Sabne A. XLA: compiling machine learning for peak performance. 2020. https://research.google/pubs/pub50530

24 DeVito Z, Ansel J, Constable W, et al. Using Python for model inference in deep learning. 2021. ArXiv:2104.00254

TVMr: TVM-based high-performance neural network compiler
supporting training

Jun ZENG', Mingyang KOU', Xiyuan ZHENG', Hailong YAO?" & Fuchun SUN'?

1. Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China;

2. School of Computer & Communication Engineering, University of Science and Technology Beijing, Beijing
100083, China;

3. Beijing National Research Center for Information Science and Technology, Beijing 100084, China

* Corresponding author. E-mail: hailongyao@ustb.edu.cn

Abstract With the rapid development of deep learning applications, the number of parameters for neural
network models grows dramatically, meaning that more computing power and longer computation time are
required to train a usable neural network model. Therefore, it is crucial to accelerate the training process of
neural networks. To enhance the performance of neural network training, the compiler’s effectiveness, which
mainly depends on computational graph optimization, operator-level optimization, and code generation, must
be improved. Mainstream training frameworks (e.g., TensorFlow and PyTorch) provide vendor-specific operator
libraries obtained from manual operator design. However, a large operator-level optimization space is wasted
because of the manual operator design. Therefore, TVM has been proposed. As an end-to-end compiler, TVM
enables automatic operator-level optimization and thus further enhances the performance compared to the existing
frameworks. Moreover, TVM supports deploying different neural network models on a wide range of hardware
backends. Unfortunately, TVM only focuses on the inference performance and does not support the training of
neural networks. This paper presents TVMr, the first end-to-end compiler based on TVM for neural network
training. To support neural network training, the paper presents the following methods: (1) The loss function
is merged into an existing computational graph to support forward and backward propagations; (2) the device-
to-host mechanism is adopted to update the weight parameters during the training process; (3) and a state-of-
the-art tensor program tuner is integrated to automatically generate and optimize the program for the training
process. Experimental results show that compared with PyTorch and TensorFlow, TVMt improves the training
performance of popular deep neural networks on the Intel CPU and NVIDIA GPU by up to 4.88-fold and 11.5-fold,

respectively.

Keywords neural network compiler, neural network training, automatic optimization for operators, parameters
update, back propagation
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