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Tensor Instruction Generation Optimization Fusing with Loop Partitioning

LIANG Jiali, HUA Baojian and SU Shaobo
School of Software Engineering, University of Science and Technology of China, Hefei 230000, China

Abstract The tensor compiler compiles the tensor 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 with
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 characteristics of the hardware. In such a complex architec-
ture, the use of tensor instructions has many constraints and limitations, and there are the following problems and challenges.
Firstly,the conditional branches introduced by loop tiling such as computing task division 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 ge-neration based on loop partitioning is
proposed. By dividing the loop interval,the algorithm eliminates the conditional branches introduced by task division or data seg-
mentation. The instruction and hardware constraints are solved by filling zeros, replacing equivalent instructions and adding addi-
tional 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 instruction ge-
neration of DianNao architecture machine learning accelerator. In order to evaluate the effectiveness of the algorithm,the operator
performance and development efficiency of element-wise binary tensor operator,in-place unary tensor operator and convolution
operator are tested on the DianNao architecture machine learning accelerator hardware platform. Experimental results show that
the average speedup of the three types of operators is 125. 00% ,the maximum speedup is 194. 00% ,and the maximum develop-
ment efficiency increases by 7 times.

Keywords Deep learning. Tensor compiler, Domain-specific processor, Tensorization,Loop partition
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. shape=[14,14]
. A=placeholder(shape)
. B=placeholder(shape)
. C=compute(shape,lambda i.j: A[i][j]+BLi][j ]

1
2
3
4
5. s=create_schedule(B. op)
6. xx»yy=C. op. axis
7. xx0,xxi=s[ C]. split(xx,nparts=4)
8. thread_x=thread_axis(“tid”)
9. s[C]J. bind(xxo, thread_x)
10. s[C]. pragma(xxi.“Intrin” .“ TADD™)
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1. thread(tid,4)

2. allocate(A,56)

3. allocate(B,56)

4. allocate(C,56)

5. for(i,0,4)

6. pragma=“TADD”

7. for(j,0,14)

8. HCC(td * 4) +1)<<14)

9. CLCCtd * 56) + (i % 1)+ ]=
10. AL(((tid * 56) +(Gi* 14+ ] +
11. BL(((tid * 56) + (i * 14)) +)) ]
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1. procedure PREPROCESS(P )

2. for each statement SEP do

3 pragma= getPragma(S)

4 consType=getConstraint Type(pragma)
5 switch consType do

6. case ALIGN:

7 S<-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 C[ var |=[ min,max |

4 TSet=FindPartition(body,var,C, True)
5 FSet=FindPartition(body,var,C, False)
6. BSet=diff(C[ var],(TSet U FSet))

7 Clvar |=0Q

8 Intervals=Sort(TSet U FSet U BSet)

9 S=[]

10. for each intervallV:[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]=0

16. S. add(s)

17. P=ComposeStmts(S)

18. else

19.  P. body= PartitionBranchLoop(P. body.C)
20. return P
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1. thread(tid,4)
2. allocate(AL,16)
3. pragma=“MEMCPY”

4. for(i,0,4)

5. for(j,0.4)

6. H(tid * 4+j<<14)

7. AL[G* O +j]=A[i* 14+ (tid * 4) +i]
-
\
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>>
>
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3 W g5 b B R 43 (R RO % TRD

Fig. 3 Data division in W direction
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1. thread(tid,4)
2. allocate(AL,16)
3. if(tid<<3)
4. pragma=“MEMCPY”
5. for(i,0.4)
6 for(j,0,4)
7 AL[G* &) +i]=A[i * 14+ (tid * 4 +j]
8. else
9. pragma=“MEMCPY”
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10. for(i,0,4)
11. for(j,0,4)
12. HG<<2)
13. AL[LG* 4)+j]=Al1* 14+ (tid * 4) +j]
: : : .
H -
’5
>

Wi
Ca)tid=<<3 K 5 0
Bl 45— RAGF R 5 Cl TR R 1ED

Fig. 4 First loop partitioning
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1. thread(tid, 4)
2. allocate(AL,16)
3. if(td<<3)
4.  pragma=“MEMCPY”
5 for(i,0,4)
6. for(j,0,4)
7
8
9

(b tid™> =3 {5 #5 11

ALLG o ) +i1=Ali* 144 (tid * 4) +5]
.else
pragma="“MEMCPY”
10, for(i,0,4)
11. for(j,0,2)
12. ALLG % 4 +i]=Ali * 14+ Ctid * 4)+j]
MEMCPY #ric B8 B 8 3 A 5 4 3 32, 748 2 & O
W B Az AN T K i 4 4
1. thread(tid,4)
2. allocate(AL,16)
3. if(tid<<3)
4. memcpy(AL,A+tid* 4,14,4,4)
5. else
6

memcpy (AL, A+tid x 4,14,2,4)

5 5 T WRAIRR R4 (TR R ED
Fig. 5 Second loop partitioning
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Table 1 Experimental environment setup
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Fig. 6 Convolution performance speedup
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Fig. 7 Element-wise binary operators speedup
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Fig. 8 In-place unary operator speedup
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