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e (0 @ @ & |
@ Build computational graph

—_—

‘ High-level IR (i.e., Relay IR) ’

N
:
|
|
|
|

@ Graph-level optimization :
I
|
|
|
|
/

TVM

‘ Low-level IR (i.e., TVM IR) ’

Instruction-level optimization
Code generation
Tensorize

GPU
(tensor core)

Backends

TPU VTA ’

B 1 (MERRFE) TVM R
Figure 1 (Color online) Overview of TVM stack

TENNLER 5 ) RGN RS O, KR S m s R 2aH 4 Mk SEmEES (W
Python, A% L F1E S 10 262), gFEHELL (W TensorFlow M, PyTorch M2 Fil CNTK 3] £5) & R
(41 NVIDIA 1] cuDNN %) F/I Intel ] oneDNN 4 £§) FIPLEEE > g Beds (W1 TVM 4 F1 XLA °) 4§).
T R R RS F AT AL, RGN 1 R GO LR R LA 5 ) R B 4

Rl oR T s 2 e AR 0 5 AR E A 4. A ar i s IR R KRBT L N2 (1) T
EIF 2R 7R, 40 TensorFlow R, Relay TR '], XLA ] HLO (high level optimizer) TR 4. iX
e B R HER AL AR 2 2] N TS B 0, B B I a8 SRR AR RIS SRR Z R AR R
B TR EARIFR RIS A EE R, EEITE RIS BRSSP S8 To oG r i A AR
fh. (2) T84 /B AIZRR, W LLVM IR, TVM IR, Glow ' ] Low-Level TR %. XK R
bR Y A AR B AR ARBOE FAT . BRI R R R ol E AT IR AL TURAIS IR 5545 52
G e e R AR, ARG ARAEAS [F) 5 o AT R A AR DG AR AL AN ARAS AR . B 1 45 T BL TVM B4
B &P R R R O 72 TVM 1, BL Relay IR fE MBS EZRIR, LA TVM IR 7B AR5
aEl R R, BT R — AR R EIERE ), RIS AE SO E A AT 5K 24k (tensorize)
AEFE DA 7R R HLAS 5 ) R G Is Hie

1 H R (1R S BT 7] LARR AR FA L O A G AL B RS, T8 25 RE DAk S AL FE A% O N A
ARG, FEAERAEBCEAARID A L AR . B 2 LBRURIE N, 456 H A1ZR 7R H] Tensor
Core [P B 2 R A R 1% n) . 7E BIZ00 I 275, Relay IR B LUK &R R E AR RE 5
174. M\ Relay IR [a] TVM IR B FERERE, oK EARAEBE 75 A i rb b B afedds Ak B A ) i) 22 =108
W8S, £ TVM IR HlalZoR b, @i i fs, BERdAT sk &8 AE, 2E A Tensor Core $2HE1Y

2) TensorFlow, PyTorch HIH /72 H AT LA E 2R A KIS L H1E S (embedded domain specific language).
3) NVIDIA cuDNN. https://developer.nvidia.com/cudnn.

4) Intel oneDNN. http://oneapi-src.github.io/oneDNN.

5) XLA: optimizing compiler for machine learning. https://www.tensorflow.org/xla.
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Produce conv {

Produce Conv{ // BS: batch_size

// BS: batch_size // €I, HI, WI: channel, height, width of input

// CI, HI, WI: channel, height, width of input // €O, HO, wo: channel, height, width of output

// co, HO, wo: channel, height, width of output // KH, KWw: height, width of kernel

// KH, KW: height, width of kernel for (n, 0, BS/block) {

for (n, 0, BS) { for (h, 0, HO) {
fn (%data, %kernel -> % conv) { for (h, 0, HO) { for (w, 0, wo) { Te - Core
nn.conv2d(%data, %kernel, for (w, 0, WO) { for (o, 0, co/block) { ensor Core

data_layout="NHiC" for (c, 0, Co) { for (rh, 0, KH) { wmma::mma_sync(...)
kernel_layout="NwIO") for (rw. 0. Kw) { —

Conv[((((n*Ho+h)*WO)+w)*CO+c)] = 0

¥ for (rh, 0, ki) { for (i, 0, c1/block) { T
for (rw, 0, Kw) { for (nn, 0, bTock) {
for (rc, 0, €I) { for (0o, 0, block) {
conv [ ((((n*HO+h)+WO)+W) *CO+C)] += for (1, 0, block) {
datal (((n*HI+h+rh) *WI)+w+rw)*CI+rc] * conv[(((n*bTock+nn)*Ho+h) *Wo+w) *Co+o*bTlock+o0] +=
kernel [ (((rh*Kw)+rw)*CI+rc)*co+c]) data[(((n*bTock+nn) *HI+h+rh) *WI+w+rw)*CI+i*block+ii] *
B30 0 N kernel [((rh*Kw+rw)*CI+i*block+ii)+0*bTock+oo]
123333333301
Relay IR TVM IR TVM IR (opt.)

2 (MERZE) PERR THESE
Figure 2 (Color online) The process of lowering IR

wmma::mma_sync A FFERE. IX T AR R A B AR 1 B KR, FEUINLES % 3] RGN im0 T Bk 2
t TR T CikE - bR - SRR AR ERIERR, Ak TN T TR 1A R ERAR SR T I, e AR
T2 01 7 B BN BT 3 MR SR 7 R VR H 5K B S, XA ARG N ARSI ) S AR I B 5 e R K E
R, FEAES AR BT T, ASRINLAS 5% 2] R G005k & A AN [F) 9F HANREAH BLARE, IX(EASLE R A&
b PR TR ENANFEINLES S RG nfE Tk B FE. TR &R SRR R AR LA 2] R
G oK 8 2 A HE LA R FH A2 48, RIS, E 5K &2 G AT A B 77 EAE AR R G b5 SR, e
kKT REEE AR A TAE.

BN 2RI NS 2 20 2R G000 G R A0 G PEA 5 Hh [A) 7 1) I R, JRATTER Y T sk Erh alRoR, AR T 9w
FEMIEAT R, ZP I ZORFE T I S RGR B S, Rt 7ok EHE A skERIERA MK
EAAERA. Horh, sk EHHR BB SN 7 ) R4 LA B R0 DU R B R AR i e #e, sk B4
VESSAIFR AL 1 50 [a) B AN GK B4 A 1) BRI R ), sk AR R AL N 1 X Fr AR IR DU A5 R
SOATLVEE R EAAAE. T ok b A SR W R S AR A, AT RAJT B AT % 2R g PR LA R = 1 RE AR
Frgn's. JATHE TVM HsEIl 1 i sk 2 (a2, JRAEL A E4E N T Tensor Core HIJG 3. 5
TVM H 5 A s AH b, AN 7 ZEAE Y8R % (R 5k A 7 V2K s 1 vh (8] R #6459 Tensor Core 1
g JFIE, X B ERA TR, HEENE, KEIE G B UL S R R T S — R,
FE SR A (R AT OO, SEER 25 R, fE RS AR AR PSR ik 1 b, AR A B oAl B, BE T
sk R BT IT R BCRSETE T 5.46 £, 28R/ 51 b sk & b B R oR AL J7 VR AT UL
1.62 £ LA ERIPERESRTT.

AL FE GRS LT

o SR T HFHLEE ST R G R R I FR, AR RAR I | SRR AR A

o 5 TVM LT T RIS 5] RGN ER 2R, QIR B R (8 L 6 Rk %
SRS R KR AL 22,

o 15 V100 GPU L3l T BT ScBlik o op (W27 10 Rebe. Sl S, A TV oAb o [ ¢
TR, SRS T IR AR TIHIT T 5.46 £, WM T2 P AT T 1.62~2.85 {2

KM A RSN 5 2 WAGHIFT AR 28 3 A QAT sk b s 3 28

4 AR R FORIO ST 4 5 WA T AR R R B AL 5 6 5/ AP K 5 58
7 i R RN T S ST AT AL 45 8 R ASCHEAT T R,
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2 MxXIfE

2.1 HRFIRS

PATR E 27 S AR B B WL 2 S A B A TH U AR B AR AR i N T i ROt A 3L AN ]
Plassz 5k, BRGUREL A RZREANRIL.  HAT, BRI RG4S 17 FIER T
TR, S8 I RAT o A RE A BT 45 5 SR O TR AR AE, T4 T 2 35 I PR R e SO B T, il
DianNao M 24955 3 Hojv BAEGE, 40 BIAF B ANATZE 70 « A0 22 Se AL EE 2R, 1T SR A AE B
AURIIFERI s, TPU Bl A5 1 256x256 [ 8 RLHERFR S ITIEFIA 28 MB KNI T ENAE, femm
PLAE] 92 TeraOp/s (TOPS) IFFnE. Eyeriss v2 17 @ik @@ #il4k ) NOC (network on chip) B3 T 1R
LF IR S ANBUE R R, I FLId I SCRAR i R 2 ST B8 = (5 7). Fused DNN D81 2t 7 — b
RE TSR AL PGS, R R B s RS 2 MR, TR %) DRAM BV 77
2.2 HRFIREHR

WA AR T 280 B REHE DA T RERIHLES 2 S g B, TVM B4 2 —A i 31 3y 1) s
Ak, TAT ASCRENL 88 27 ST AT 55838 AE AN 5] (10 G A AE 28 DL SN R R 4 2844 B TensorFlow XLA /&
—Fh A H’]%[‘i{téﬁ%l%%%, AEWSLE TensorFlow 1‘55157:, IR AL B8 4T 3 FZ . Facebook Wit T
— AN E R FROR R R Glow U161 I ALHE i o 8] 2 Zm AR o [B) 26 7. Intel $2 H IR AL 2 1 25
nGraph 19 381 o 7] R om0 AR B AR ZER st AT i 4, o F P R AR IR A AN [F) H AR AXHD.

2.3 HERR

T ) 2 A2 Gt 1R A5 1) B 2 20 ok, e o () 267 AT DAARRE 2y AL A% 22 ST HESR RN IR S AR 24 . Bl
5 ) G B A A 2 P S IR R (B R R, )2 B R TR 2 7 18 A SRR AE B IR IEAT A T DR R AR
1, K2 1) R 1A) s 32 B AR ST AR S AR A AIARES A . I, T b B R sy — Rl s 2 1
HREJ R IR, B 2L ST i as) V2 R . #10, TensorFlow 1T T —Fh g5 M p b a1 R, GF6H
FRIREAEL SR X R Operation FIH TR~ E1E 2 18] BB i ) FA X 4 Tensor. TVM i H
Relay IR KAMIRTH5EE. Relay IR 2 Mg HE AT MRS 5, E30RF 2 AR S8R, ST
A A4, BEfg i id B AR Bl o S T,

TEREAF ARG TG OARAL [P Al b WL 25 >0 4 PR 2% A8 F T 48 4 /AR 1 v () 3R 7 SR S IR (4 22 44
AR HIARALFACHID A Bt B2 60 AL S5 ) HLO, XLA AR 4 A 44 2L R e e AT oAk, 388 3L 18 B R 42T
SR P RRE S EE @ LLVM IR S50 B R AT LA AR AR . TVM IR £E 1 [A] %
IR T 2 MR FE RS, BRI A o Pt AR, R 51 Bl A T DA E i X i T R
THSLIU A FIERAE AL, TVM IR AT LA AN R i i AR, AT SEBIS AS [B] A5 B8 44 1 S ¢

3 SKEFEIRTHEX

3.1 A

XF T 24T DUbR A RS R R AR AL, ARCEEE T AR 2 ) RARHIE, 521 T
— PRI R AL 2 2] RGN K E R ERIR. I TRR R ERAE, flinERisHE ., 2R, e
S BREOR F BLACSRAR 9 35, ok B A R AL S AR G AR R R AR T Hagn 1 m K SRR R
ERES). HARH, 25K B A RN AR R E AR SR AL sk E AR R AN gk E AR A
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x 1 KREHRIERERG

Table 1 Examples of tensor operations

Type Operation code Example
Arithmetic add, sub, mult, div ... add.dType dstReg, srcRegl, srcReg2
Seal Logic eq, less, great ... less.dType dstReg, srcRegl, srcReg2
s Control jump, branch, sync ... jump dstPC
Data Access load, store, move ... load.dType dstReg, srcReg
Vector/Tensor description tensor tensor.dType name(dim1, dim2, ...)
Arithmetic multv, addv, subv ... multv(outTensor, inTensor)
Logic minv, maxv minv(dstReg, inTensor)
Vector
Data Access loadv, storev, movev ... loadv.dstRam.srcRam(outTensor, inTensor)
Convert convert convert.dst Type.srcType.mod(outTensor, inTensor, [scale], [bias])
Tensor Function conv, pool, gemm ... conv(outTensor, inTensor, wTensor, kernel, stride, ...)

3.2 skEHIEAR

B SRR RE SR VR 2 SIS | Rl 28 0 ATONS B2 1 040 SR L T AN S e 2 AR 5UR. [T,
HA BRI R S = ia LR ) O RE FE A 25 8 2 S T AL 2 R G, 7R K B8 R A B it
b, AT T AL 2 RGUHR AT O BE . AR B AR sk B s R vt

TEHHE R TTH, TREBIE R SHHERRMIETE S (W C/C++ T ) Prociri 8t s
float, int Al bool ZF2KHY. FERLFEAL I, FREHHE Y TR PIM B G BT ALER 2 2 R G2 N R e 2k
MR 16 A7 SRR (BLFE half 1 bfloat) FMEALEIE R (B quant16 Al quant8). half
A bfloat EH#ERM G foat HHE LM FRIRTTIEIM, (HZ BA LD HIREALEE A 2L, F140, half %5
PRAHE 1 LR S A07, 5 HURAR AL 10 EURRA 2007, S b Hidhs 28 Y i i B A Bt o _F &AL A
T B R T R R EUE, BRI SR R RIE T valueg, = valuei x scale + bias, JiH1, scale
A bias #ARAEMSHL

WLE 52 ) RGAFAETE A2 BRI, A3 A R e R e L as 22 ] RGP AR R W L. i, 5K
B R R PR A P A R R A e R T Ea R R 2 OF AR 2RI T L%
FA RGN LR MBOR, AR R P 5 B R aUIR B SR Y, 5 R A R AR R A
Fetfond b, TR B U BRI B S 8. T SRR, (RS B2 58 28 1Y A 460 31 v RS 2 M 2R 2
A VLB HEAT e, 5180 short 21 float HISEANFHL, (H2, ks FE B 7 BIMIORS L B e 4 75 22
BAME B i A7 A CLR A B R B SR IS FLR ML, JRATTER B 1 6 M AT 30 M E & A (round
toward zero). [M]JE75 & N\ (round off zero). [/l N5 A (round down). []_E5% A (round up). WMIHEE
A (round to even) F[AIZFEAE AN (round to odd). FAKKIZEA AL s AR I SEIURAESE 3.3 /NI 44,

3.3 SKEHRIMELR

SR (A R Rt X RS BRI ERRIER ). £ 1 Sl T IKRERIERARE 2 7w 6.
SREFRIERAAE TARERAE, R R ERIE IR R LI TSRS 2 R TIN B En e,
XTI AT E AR, BATHE 7R/ SRR T A A R KR R B R A, B R 5
AN A KR YR R/ NEAE S SRE AR AR R R vt /i 2 5000 & A 3l B0 2 805 il AR
IR
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Produce conv {
// BS: batch_size

produce Conv.wmma.accumulator {

produce Conv.wma. accumilator { for(hw, 0, out_height * out_width) { produce Conv.wnma.accumulator {
// CI, HI, WI: channel, height, width of input orthu, 0. ot height * outwidthy ¢ for(brw, 0, block_row_warps) { for(hw, 0, out_height * out_width) {
o, HO, Wo: channel, height, width of output Forcom, 0. Block row_yarps) ¢ for(bew, 0, block_col_warps) { for(brw, 0, block_row_warps) {
// KH, KW: height, width of kernel fcr(bn‘v é Mo:; w; warps) { for(n.c, 0, warp_row_tiles) { for(bew, 0, block_col_warps) {
for (n, 0, BS) { fortn c 0 ba(c; Swge/bhduow warps) { for(o.c, 0, warp_col_tiles) { for(n.c, 0, warp_row_tiles) {
o - .c, 0, _size/ x ! N X
for (h, 0, HO) { oro.c, 0, out_chamel fbTock_col_warps) { for(rhw, 0, kernel_h * kernelw) {  Code gencration TOr(0.c, 0, warp_col_tiles) {
for (w, 0, wo) { Warp-level operation ¢ “er e 0 T L ernedm) £ for(i, 0, in_channel/chunk) { for(rhw, 0, kernel_h * kernel_w) {
. 0, | B —_—
for (c, 0, c0) { fordd. 0, Anchamel) { ‘Schedule for(ck, 0, chunk) { for(i, 0, in_channel/chunk) {
conv[((n*co+h) *Ho+w)*Wo+c] = 0 T for(nn, 0, block) { for(ck, 0, chunk){
conv.shared[...] += local computation . 0, . 0
for (rh, 0, KH) { Floats2 a.sharedl,. 1) « for(oo, 0, block) { tvm_nmma_sync (Conv. wnma. accumulator,
for (rw, 0, kW) { f'loatiz(w‘shared[“.]) for(ii, 0, block) { A.wmma. matrix_a, w.wmma.matrix_b,
for (rc, 0, ¢D { JEERENNes . conv. wnma. accumulator[...] += Conv. wmma. accumulator)
ConVL((n"Co+h) “HO+w) “Wo+c] += float32(a.wmma. matrix_al...]) + NN

data[(((n*HI+h+rh) “WI)+wrw) *CT+re] *
kernel [CCCrh*Kw)+rw) *CI+rc)*co+c]) 1IIIIIIIIRY

(a)

float32 (w.wmma.matrix_b[...1)

1311

Produce Conv.wmma.accunulator {
For(hw, 0, out_height * out_width) {
for(brw, 0, block_row_warps) {
for(bew, 0, block_col_warps) {
for(n.c, 0, warp_ron_tiles) {

Produce Conv.wmma.accunulator {
produce conv2p { for(hw, 0, out_height * out_width) {

Produce convan { rensor(bateh_size/block, for(brw, 0, block_rowvarps) {

Tensor([batch_size, output_chann:

y for(bew, 0, block_col_warps) { .

; - i anne /block, Tortn e, 0. warporov_ti1es) for(o.c, 0, warp_col_tiles) {

format=NcHW, dtype =floatls) > eight, width, block, block], ———p (€ 0 Marpron T Code gencration  Tor(rhw, 0, kernel_h * kernel_w) {
' Data split format=NcHH, dtype =F10at16) [ oop inference for(o.c, 0, warp_col_tiles) { genera

Tensor = conv(data, kernel) for(i, 0, in_channel/chunk) {

Tensor = conv(data, kernel) for(rhw, 0, kernel_h * kernel_w) {
’ 1 for(i, 0, in_channel/chunk) { for(ck, 0, chunk){
for(ck, 0, chunk) { tvm_nma_sync (Conv. wmma. accumulator,

Tensor = Conv(data_block, kernel_block) vama. mACC{X_A, W. e, et b

F33335351 Conv. wmma. accumulator)

jaaaasisys
(b)

Bl 3 (MEMFE) hiERRMILIIEXLE. (a) EHEPEIFTOMLEIE; (b) KEPERTHMILIIE
Figure 3 (Color online) Optimization comparison on two IR. (a) The optimization process of traditional IR; (b) the
optimization process of Tensor IR

SRR AT A SR LS 22 2 B AU 20 'S5 B T s I RCR, B2 h I R 2 itk
RETHELZE AL AR o7 2] g 1 A AR IO g 5 . 1 3 3Rt 1l I A% Gt A1 SRR AN 3K B v 8] 2R BEAT Tensor
Core PEALGRFEAVITRE, FLAAR B T 5K & 8 R R AR RCR 3T, g e Rond, m )z
[A) RS o gt 1 e A B A PRI 22 JR A, G B T BN IR 2 OB AR A AP 4R B warp (ORI 7 5,
1M1 i 5 2 AR b i i SR R AT R AL, 5 28 RO 2 J i PRI A XA R AR B HL
Gy NEHR. AETKE R RR T, 2 TR BRI HA 15 h e Ros B B E A B, REIs B
BEAT Bt 7 AN AR, G TR S AP A 0 i FT UA R RO AT ARG AR AR M LE AR e )RR, sk
) ¢ BE SE LWL A sk BB 54T, 499 BE A ARE P S BE 08 B0 iy RO EAT T R AR R B8 2 i RAK
T
3.4 SKEFFMERE

5K B P A R R 75 E AU SCRF A R PSR 2 2 R G, AN FEIHLAS 572 > RGER A8 1 BA BRI %
5, IR TKE PRI R BT R TARKRIBRAL. AN 245 T 2RIl S RGEA I — BV RHE,
2% DianNao JERIHAEE T — IR 50k, 2 M R R AA T DGR, e B HABL 8824 2] R &8, S iz
ZRAF R B R, BEORIETK B R ] (U RIERE T, XA 27 G IARERE).

PLER 2 2 RGBT BA BRI LAk, SURIINLES 52 ) RS0 A L T BUELAF i 18], 41
41 TPU, DianNao, Eyeriss 58521, 81 45 7R AU A7 fif 3R HUTE vy 32 55 A0 25 T o 22 S0 A0 L At e D
FETBAE S AN IOAEA a3 18] b 8 By 2 4% ) 2 AR = A4 25 8], B0 GPU Y Shared Memory.

STZUR N 4 P, BATBCE 1 HUT _EARARE AR, 00 T BB AR 2 e B A . e A,
EAHIBERIT, R H TR DRAM A7 fif 25 (A1 SR A S #). 5KE P [0 R 2 Tz iR R BEAT R 2, 7
BARHRAEAR G HORRAE L, B3 He e SR A A B AR B J7 1) T AEARRD AR U B, AR 4 58 WL 25 2 2
DK, K A7 fil 2 TR S B AR R By B A7 A b

FATHI KB AT AR SR (1 7 A A BEAT FIA, it A e WU A 2 TR A 22 T A7
AR AR, EREAWA TR (1) ZIKEAERBEELESS RGN LA Ry 5 R]
W, REFy Gn] DL s UE B EARAEIFREAT GBI PR REDLAL; (2) 2T ML AOMLAR 2 5] R4, mI DA%
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Lowering

Code generation

B 4 (M%ARFE) HBmAIZ5eH B 5 (MZERFEE) skEHERIER
Figure 4 (Color online) Typical architecture Figure 5 (Color online) The implementation of Tensor
IR

Produce BatchGemm { Produce BatchGemm {

for (bb,0, B) { tensor.float TensorA(M, K)

Tensor

// load tensor ... tensor.float Tensors(N, K) descripti

R — escription

for (mm, 0, M) { tensor.float TensorC(M, N)
| for (hn, 0, N) { for (bb, 0, B) {

Tensorc[bb*M*N+mm*N+nn] = 0 | Toadv.neuronram.dram(TensorA, TensorA_ddr+bb*M*K)

| for (kk, 0, K) { Joadv.synapseRam.dram(Tensorg, TensorB_ddr+bb*N*K)

TensorC[bb*M*N+mm*N+nn] = (TensorC[bb*M*N+mm*N+nn] + writezero(Tensorc)
\(Tensora[bb s ics k] Tensors [bb* - Kennkekk)) ) \gemn(rensorc, Tensora, Tensors, Tensoro)
111 storev.dram.neuronRam(TensorC_ddr+bb*M*N, Tensorc)
// store tensor ... 1}
}
TVM IR Tensor IR

6 (MERFE) KEFiERTII A

Figure 6 (Color online) Example of the implementation of Tensor IR

G )RR SRR PSS 22 2] R 48, BA AP RSeE .

4 SKEPRERTAISLIHR

FATHELAE TVM _EXFRJR b 8] R s BEAT K B AL A 30 FE SR 7K B (R s (R SRF. A/NAT
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Figure 7 (Color online) The optimizations base on Tensor IR. (a) Data layout optimization; (b) operation fusion opti-
mization; (c) tensor padding optimization
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Table 2 Configuration of experimental operations

Cout H/W Cin Kernel Stride Network

Convl 96 227 3 11 4 Alexnet [20]
Conv2 486 32 1024 3 1 SSD_COCO [21]
Conv3 324 64 512 3 1 SSD_COCO
Conv4 64 56 64 3 1 ResNet50 [22]
Gemm1 96 - 24 - MobileNetV3 [23]
Gemm?2 1000 - 2048 - ResNet50
Gemm3 1000 - 1536 - Inception-v4 [24]
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Figure 8 (Color online) Performance comparison of Tensor IR and TVM IR on V100 GPU.
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Table 3 Lines of code comparison of two IRs on optimizing and lowering

Conv Gemm Average
TVM IR 194 144 —
Tensor IR 36 26 -
Ratio 5.39% 5.54 % 5.46x
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Abstract With the wide deployment of various machine learning algorithms, highly energy-efficient customized
machine learning systems have gained popularity. The machine learning compilers are crucial to machine learning
systems. The intermediate representation is the key to programming and compilation environments, and it
connects the high-level programming language and the lower-level instruction set architectures. The current state-
of-the-art intermediate representations are either oriented to high-level algorithms or classical processors based
on scalar processing, but they cannot be effectively implemented on tensor-based machine learning systems. To
address this problem, we propose a tensor intermediate representation for machine learning systems to improve
programming productivity and performance. Concretely, we define a series of tensor types, tensor operations,
and tensor memories and optimize the tensor processing based on these definitions. To validate our proposal,
we extend the proposed tensor intermediate representation to the low-level scalar intermediate representation of
TVM and perform experiments with Tensor Core on a typical machine learning system. Experimental results
show that we explore optimizations that are not discovered in the original intermediate representation and achieve
1.62x~2.85x performance improvement. Besides, the tensor intermediate representation improves the efficiency
of programming by 5.46x on average.

Keywords machine learning systems, programming & compiling, tensor processing, intermediate representa-
tion, programming efficiency
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