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Operator Fusion Optimization for Deep Learning Compiler TVM

GAO Wei' ,ZWANG Lei"*,LI Jianan"*, LI Shuailong’? and HAN Lin'
1 National Supercomputing Center in Zhengzhou(Zhengzhou University) , Zhengzhou 450001, China

2 School of Computer and Artificial Intelligence,Zhengzhou University,Zhengzhou 450001, China

Abstract Operator fusion technique is an optimization method employed by deep learning compilers to combine multiple opera-
tors into a single,larger operator. This approach effectively reduces computation costs and memory access requirements. In the
operator fusion scheme of deep learning compiler TVM,operators are categorized based on their functional characteristics, fusion
rules are devised,and a greedy algorithm is utilized for fusion. However, this fusion scheme has the following problems. Firstly,
the fusion rules derived from functional feature classification may not be sufficiently generalizable,leading to missed opportunities
for operator fusion and limited granularity. Secondly, the greedy algorithm fails to achieve optimal solutions for operator fusion.
To address these issues,improvements are made in TVM by introducing an operator classification method based on input/output
mapping types and designing a more comprehensive set of fusion rules that expand the granularity of operator fusion. Additional-
ly,a search algorithm for finding suitable fusion schemes and a cost evaluation model based on dynamic programming are pro-
posed to prune the search space and enable efficient identification of optimal solutions within reasonable time frames. To evaluate
the effectiveness of this enhanced fusion scheme, experiments are conducted using popular deep learning models such as VGG-16,
Efficient-B0, MobileNet-V1 and YOLO-V4 on both CPU and DCU platforms. The experimental results show that compared with
the original fusion scheme of TVM, the fusion ratio of deep learning models can be improved. The average fusion ratio is increased
by 27% ,and the average inference delay rate is 1. 75.

Keywords Deep learning compiler, TVM, Operator fusion.Fusion rule, Dynamic programming
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Fig. 4 Example of operator mapping fusion process

Bl 4 s B RB TR TS 40— X — 28
WA ST AR AT b G AR A (4,5,6,9) FI{4.5,6.8,9} 0
o AR NI 05 K TRl A AR L 34 T Rl
A AR YT T B 8 R B S T TR A i R T AT A 4
BBl A B4R (4,5,6,9) PRI (4) . {4,5) S0l gL gl & 5 %
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ARG
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1. def DFS(start, path, visited,G)
2. visited[ start |=true

3. path. push_back(start)

4. if(start==G. size() —1) || (G. node[ start ]. pattern= = Not-
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6. paths. push_back(path)

7. else

8. for now in G. node[ start]. next

9. /o MG RS I S 4k SR« /
10. if 1visited[ now ]

11. if JudgeFuseRule( G. node[ start],G. node[ now])
12. /% BT WS - D) W/
13. path. push_back(now)

14. else

15. paths. push_back(path)

16. end if

17. continue

18. DFS(now, path, visited, G)

19. end if

20. end for

21. end if

22. path. pop_back()

23. /o IR RL PR A 5 AR </

24, visited[ start ] =false

25. / * ZERER S R AG AR« /
26. for node_id in G. size()
27. DFS(node_id, path, visited, G)
28. end for
29/ x WA AT IR K A R AR R g R TR - /
30. R=getAllPrefixSubsets(paths)
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2ZJ5 s %0 Group_Fuse SearchO) MWZREF|H 0 By 4
FE R 1 R, 19 R 1 v 2R3 BN AT Rl AR UK T R
AR R — ARG . SR I5 98 H PR L Group_Fuse_Search(O)
A b A SR AN G TR B 4 TR RS T R
Fused=[0,1,2,3,4,4,4,5,5,5,5,6,6 ]9, %5 0 #| 3 %
BT 838 Ry Tk Rl S Y DR O o) e sl A & — AN
L R R TR A

2R TR A A RIS A % 3 0T 4 T 4 A A 48 R 8 Al
B 4 Y AR R 7 R A R A A AT 8 AL, BB X A
ATl A, 18 3T PR L findLongestPath O 48 )% 17 &4 00 %
il A R THUAE 8 LR 4 & — Al 2 0 S X AR R o
AR El G Y 5 H R B Other_Fuse_Search O #4757 fb 4. %
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AR A Tl o I St DA 3 T AR G 32 Y 5% 2 X0 i A
flE L BT RO E T ae 4l . R R A T R
BIRG T RGO R P O TR BRI R IT IR R I
/0N Y A 0k TSR L B 0 A RS 2 BB 6 5 B9 2 51 P 5 0T

GG IEA R, —KAE T R4 G T R fEml &
Ja BT AT Sy — % — 28 B, ik W] 4k SR 5 At 24 T AR il A Y
1500 . B 8 75 2 98 FH R 28 Group_Fuse_Second O #£47 Ik
il
flA 7 S AR LR T AR 3. 3. 1 T A4 AR A AR AR i A
PR WeightFuse O TH53% 77 R BB R, fc Jo 76 BT A il
TR R B R /AN T B . B 4 IR IR G T R
Fused=[0,1,2,3,4,4,4,4,4,4,5,6,5]9 % & % Eh &
2 31] B8] A2 30 P9 AF R /NS 18 3 38 0 S 3 3R Tl il 2 )
PR 320 A TR R AT SR AR B, e A A AN bR Bl /N Y R T
%, mJEHRE AR N B R o S A R L R
FoR R KRBT NN 58 BLBA 7 Tl & DAL, BEAT IS 25 1 G 128
it
k2 METREREREE
WA CTERE G EkmiE R
R SR F
1. /= 8k WA K8 Group_Fuse_Search () fll Other _Fuse _
SearchO) & L LA & ERJF Group_Fuse_Search() 3 #4341

x/
2. def Group_Fuse_Search(G,Result, fused, start, group_id)
3. /x AR EE Y ST B+ /
4, if G. node[ start]. pattern= = NotFuse
5. fused[ start]=group_id
6 [ T =T IR R B A T7 5« /
7 Group_Fuse_Search(G,R,fused, + +start, + +group_id)
8. else
9 [ * AR AT EhE T AL TR </
10. for node_id in UnfuseNode(fused)
11. for id in findLongestPath(R,fused,node_id)
12. /o R I R A A LRI R e/
13. fused[id]=group_id
14. end for
15. [ ARRIARRAAE T SHBA TR+ /
16. Other_Fuse_Search(G,R,fused, + +group_id)
17. /o R DA R AL R 7 8+ /
18. for id in findLongestPath(R,fused.node_id)
19. fused[id]=—1
20. end for
21. group_id—
22. end for
23. endif

24. def Other_Fuse_Search(G,R,fused,group_id)
25. / = BEMLIE£E A Bl -G 1 ARG R IR TR A o+ /
26.  for node_id in findUnfusedPath(R,fused)

27. fused[ node_id]=group_id

28. end for

29. if FindUnfused(fused) = =true

30. Other_Fuse_Search(G,R fused, + +group_id)
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31, else
32. /o IR A HIWE >/
33. Group_Fuse_Second(G, R, fused)
34. end if

35. /% WA O BT B
36. if bestWeight > WeightCount(fused)

37. F={used
38. bestWeight= WeightCount(fused)
39. endif

40.  for node_id in findUnfusedPath(R, fused)
41. fused[node_id]=—1

42.  end for

43.  group_id—

44,/ = BIR Ak = /

45. Init(Fused, G. size() , —1)

46. Group_Fuse_Search(G,Result, fused,0,0)
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S an

%24 = nn.conv2d(%23, Y%aten::_convolution 7.weight, padding=[1, 1, 1, 1],
channels=512, kernel_size=[3, 3])
/* ty=Tensor[(1, 512, 28, 28), float32] span=aten::_convolution_7:0:0 */;
%25 = nn.bias_add(%24, %aten::_convolution_7.bias)
/* ty=Tensor[(1. 512. 28, 28), float32] span=aten::_convolution_7:0:0 */;
%26 =nn.relu(%?25)
/* ty=Tensor[(1, 512. 28. 28). float32] span=aten::relu__7:0:0 */;

%52 = fn (%p012: Tensor[(1, 256, 28, 28), float32] /* ty=Tensor[(1, 256, 28, 28), float32]
*/, %p18: Tensor[(512, 256, 3, 3), float32] /* ty=Tensor[(512, 256, 3, 3), float32] */,
%p27: Tensor[(512), float32] /* ty=Tensor[(512), float32] */, Primitive=1) -> Tensor[(1,
512,28, 28), float32] {

%16 = nn.conv2d(%p012, %pl8, padding=[1, 1, 1, 1], channels=512, kernel_size=[3, 3])
/* ty=Tensor[(1, 512, 28, 28), float32] span=aten::_convolution_7:0:0 */;

%17 = nn.bias_add(%16, %p27)

/* ty=Tensor[(1, 512, 28, 28), float32] span=aten::_convolution_7:0:0 */;

nn.relu(%17)

/* ty=Tensor[(1, 512, 28, 28), float32] span=aten::relu__7:0:0 */

} /* ty=fn (Tensor[(1, 256, 28, 28), float32], Tensor[(512, 256, 3, 3), float32],
Tensor[(512), float32]) -> Tensor[(1, 512, 28, 28), float32] */;
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Fig. 5 Comparison of intermediate representation segments before

and after operator mapping fusion optimization
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Table 2 Operator mapping fusion optimizes intermediate

representation size and compression ratio comparison

A AR /MB  fh s /MB R4
VGG-16 161 66 2.44
Efficient-B0O 108 35 3.09
MobileNet-V1 110 46 2.39
YOLO-V4 329 220 1.50
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Fig. 6 Comparison of operator mapping fusion optimization mode

layer fusion ratio
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Fig. 7 Operator mapping fusion optimizes CPU-side inference

time speedup
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Fig. 8 Operator mapping fusion optimizes DCU-side inference

time speedup
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