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Abstract—The tensor compiler compiles the ten-
sor algorithm and schedule of the operator into the
code of the target hardware. In order to accelerate
tensor operation, the special processor in the field
of deep learning is designed as a special architecture
containing special instructions, which supports multi-
core parallel, multi-level special memory architecture
and tensor calculation. On top of the hardware, there is
a tensor instruction set closely related to the character-
istics of the hardware. In such a complex architecture,
the use of tensor instructions has many constraints
and limitations, and there are the following problems
and challenges: firstly, the conditional branches intro-

duced by loop tiling such as computing task division
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or data chunking increase the difficulty of pattern
matching; Secondly, tensor instructions have hardware
constraints such as alignment and data layout. To
solve the above problems and research challenges, an
optimization algorithm of tensor instruction generation
based on loop partitioning is proposed. By dividing the
loop interval, the algorithm eliminates the conditional
branches introduced by task division or data segmen-
tation; The instruction and hardware constraints are
solved by filling zeros, replacing equivalent instruc-
tions and adding additional calculations; The tensor
instruction is generated by pattern matching method.
This paper studies and extends the open source deep
learning compiler TVM version 0.7, and implements
a compiler prototype system supporting tensor in-
struction generation of Diannao architecture machine
learning accelerator. In order to evaluate the effective-
ness of the algorithm, the operator performance and
development efficiency of element-wise binary tensor
operator, in-place unary tensor operator and convolu-
tion operator are tested on the Diannao architecture
machine learning accelerator hardware platform. The
experimental results show that the average speedup of
the three types of operators is 125.00%, and the maxi-
mum speedup is 194.00%, The maximum development
efficiency is increased by 7 times.
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shape = [14, 14]
A = placeholder(shape)
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B = placeholder (shape)

C = compute(shape, lambda i, j: A[i] [jI1+B[i][j1)
s = create_schedule(B.op)

xx, yy = C.op.axis

xxo, xxi = s[C].split(xx, nparts=4)

thread_x = thread_axis("tid")

s[C] .bind(xx0, thread_x)

s[C] .pragma(xxi, "Intrin", "TADD")
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thread(tid, 4)
allocate(A, 56)
allocate(B, 56)
allocate(C, 56)
for (i, 0, 4)
pragma="TADD"
for (j, 0, 14)
if (((tid*4) + i) < 14)
CL(((tia*66)+(i*x14))+j)] =
ALC((tia*56)+(ix14))+j)] +
BL(((tid*56)+(i*14))+j)]
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1: procedure PREPROCESS(P)

2 for each statement S € P do

3 pragma = getPragma(.S)

4 consType = getConstraintType(pragma)
5: switch consType do

6 case ALIGN:

7 ExpandAllocation(.S)

8: case LAYOUT:

9: S <+ InstructionReplace(.S)
10: case COM:

11: S < AddExtraCompute(.S)
12: case OTHERS:

13: continue

14: return P
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1: procedure PARTITIONBRANCHLOOP(P,C)
2: if P is loop(var, min, max, body) then
3: Clvar] = [min, max]
4: T Set = FindPartition(body, var, C, True)
5: FSet = FindPartition(body, var, C, False)
6: BSet = diff(Clvar], (T'Set U FSet))
7: Clvar] = ¢
8: Intervals = Sort(T'Set U F'Set U BSet)
9 S=1]
10: for each interval IV : [a,b] € Intervals do
11: s = MakeFor(var, [a, b], body)
12: Clvar] = [a, b]
13: s = EliminateCondition(s, C')
14: s.body =PartitionBranchLoop(s.body, C)
15: Clvar] = ¢
16: S.add(s)
17: P = ComposeStmts(S)
18: else
19: P.body = PartitionBranchLoop(P.body, C)
20: return P
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thread(tid, 4)
allocate (AL, 16)
pragma = "MEMCPY"
for (i, 0, 4)
for (j, 0, 4)
if (tid*4+j<14)
AL[(i*4)+j]1=A[i*14+(tid*4)+]j]

BT 14 AREmE 4 BER, IIEIRN RS9 SCHE A
PRAIE T 43 B S5 1 N AR P SEPRPAT I, ANl I R
FRAGEARZ A BV . Ry e
T R . PEERRI S FIEAEAL ] tid #2828 X
HIRFARTE IR, AT LAEIREARI S tid<3 HI tid>=3 Py
7N TP Sy el Pl T MR AR E et
PWIEAALEER, Aomlid ROk PEERE A S E], Rl
AR PR N EL, S5 PRA ST AR . 1l P s e
WIS SORENE, TSR MER . EidfEFr 4t
PRI BRI S B UM R -
thread(tid, 4)
allocate (AL, 16)
if (tid<3)
pragma = "MEMCPY"
for (i, 0, 4)

for (j, 0, 4)

AL[(i*4)+j1=Ali*14+(tid*4)+j]
else
pragma = “MEMCPY”
for (i, 0, 4)

for (j, 0, 4)

if (§<2)

AL[(i*4)+j1=A[i*14+(tid*4)+j]

SRR AR AL I — A MEMCPY FRic MR § 4578
A X L AIRERA , FTLAERIRRIS R § < 2 Rl j >=2
WIS, 43 BRI T P JLeb i e 4 AT € B 4 i
zs il [ BHep s 40 E DR BR P 7 AR A0 B /R 2 o
JESRIIEERGAS I, RIS P 2L, SR
AR . IO A R e A, R
TS AT AL, SRPRA ST LA . AR A
sl bR . R R RIS AL I
22 DR BRI 135 LA TR

thread(tid, 4)

allocate (AL, 16)
if (£id<3) {

pragma = "MEMCPY"
for (i, 0, 4)
for (j, 0, 4) {
AL[(i*4)+j1=A[i*14+(tid*4)+j]
else
pragma = "MEMCPY"
for (i, 0, 4)
for (j, 0, 2)
AL[(i*4)+j]1=A[i*14+(tid*4)+]j]
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thread(tid, 4)
allocate (AL, 16)
if (tid<3)
memcpy (AL, A+tidx4, 14, 4, 4)
else
memcpy (AL, A+tidx4, 14, 2, 4)
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