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AKG inherits the graph engine and DSL of TVM [2] for expressing tensor
computations.
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AKG branches from TVM by lowering HalidelR [9] generated by the DSL
to schedule trees.
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: Loop Fission for Parallelism
1

1
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1

AKG leverages versatile polyhedral scheduling algorithms, exploiting paral-
lelism and locality of programs simultaneously.
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Overview of Our Approach

MindSpore ” TensorFlow | | PyTorch | | MxNet | | Caffe | | . |
T T T T T T

Tensor Expression

\ Auto Tuning

AKG models the interplay between loop fusion and tiling, achiveing auto-
matic decoupled data orchestration between memory hierarchy.
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: Loop Fission for Parallelism

1
| Hardware Spec H"l Storage Management |
1

AKG takes as input an external schedule tree to implement the img2col
transformations [5] for convolutions.
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Overview of Our Approach
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AKG also implements vectorization, low-level synchronization, auto-tuning,
improving the performance of its generated code.
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Abstraction Lowering

The polyhedral model [1, 3, 12] is a mathematical abstraction use to analyze
and optimize program.
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Abstraction Lowering

One can lower a tensor program written by TVM's DSL to a so-called
schedule tree representation [4] of the polyhedral model.
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Abstraction Lowering

,w] + bias, name="A")
51

1,W-KW+1), lamda h,w:
n(A[h+kh, w+kw]*E[kh kw], axis=kh,kw), name="C")
pute((,), lamda h,w: abs(Clh,wl), name="C")
omputed(,), lamda h,w: ReLU(C[h,w]), name="C")

One can lower a tensor program written by TVM's DSL to a so-called
schedule tree representation [4] of the polyhedral model.
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Abstraction Lowering

for hin [0,H), win [0,W):
) Alh,w] = Alh,w] + bias
h,w] + bias, name="A") for hin [0,H-KH], w in [0,W-KW]:
"B") Clh,w] =0

for kh in [0,KH), kw in [0,KW):

, "kw") Clh,w] += Alh-+kh,w-+kwI*Blkh, kw] // S,
H-KH+LW-KW+1), lamda h,w: for h in [0,H-KH], w in [0,W-KW]:
n(A[h+kh,w-+kw]*B[kh,kw], axis=kh,kw), name="C" Clh,w] = abs(Clh,w])

), 1amda h,w: abs(Clh,w]), name for h in [0,H-KH], w in [0,W-KW]:
), 1amda h,w: ReLU(C[h,w]), nam Clh,w] = ReLU(Clh,w])

One can lower a tensor program written by TVM's DSL to a so-called
schedule tree representation [4] of the polyhedral model.

Polyhedral Transformations Abstraction Loweri
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Abstraction Lowering

(H-KH-+1,W-KW+1), lamda h,w:
wkw]*B[kh,kw], axis=kh,kw), nam
(), lamda h,w: abs(Clh,wl), nam\
(), lamda h,w: ReLU{C[h,w]), nam

H), w in [0,W):
Alh,w] + bias
KH], w in [0,W-KW]:

W
for kh in [o KH), kw in [0,KW):

Clh,w] += Alh-+kh,w-+kwl*Blkh, kw]
JHKH], w in [0,W-KW]:
abs(Clh,w])
for h in [0,HKH], w in [0,W-KW]:

Clh,w] = ReLU(Clh,w])

Domain
Sequence
Filter {Sq(h.w)}
Band{Se~+(h.w)}
Filter{S,(hw); Sy(h,w.kh,kw)}
Band{S,~(h,w);S,+(h,w)}
Sequence
Filter{S,(h,w)}
Filter{Sy(h,w, kh,kw)}
Band{S,~(kh,kw)}
Filter {Ss(h,w)}
Band{S,~(h.w)}
Filter{5(h.w)}
Band{S;~(h.w)}

The schedule tree is functional due to its rich set of node types:

a domain node, filter nodes

band nodes, sequence nodes and set nodes

extension nodes
mark nodes

and more

Polyhedral Transformations

Abstraction Loweri

23, Virtual, Canada




rsatile Polyhedral Scheduling

for hin [0,H), w in [0,W):
Alh Alh,w] + bias
for hin [0,H-KH], w in [0,W-KW]:

Chwl =0
for kh in [0,KH), kw in [0,KW):
Clhw] += Alh-+kh,w+kw]*Blkh,kw] // ¢
for hin [0.H-KH], win [0.W-KW]:
Clh,w] = abs(Clh,w])
for hin [0,HKH], w in [0,W-KW]:
€[h,w] = ReLU(C[h,w]}

Polyhedral Transformations

Domain
Sequence

Filter{Sy(h,w)}
Band{S,~(h,w)}
Filter{S,(h,w); Sy(h,w,kh,kw)}
Band{S,~(h,w);S;(h,w)}
Sequence
Filter{S,(h,w)}
Filter{S; (h, w, kh,kw)}
Band{S,~(kh,kw)}
Filter{S;(h,w)}
Band{S;-(h,w)}
Filter {S,(h,w)}
Band{S,~(h,w)}

Schedulin

Virtual,

Canada



Versatile Polyhedral Scheduling

Domain
Sequence v
Filter {Sy(h,w)} D“é";'sen(e
Band (Sy-(1,w)} :
ﬁ:\r[nh i-]| [0.;;:‘, W]i-: KI)Q,W): Filt:r?s,mn,w); SV:lh,w,kh,kw)) F'“;;f‘gﬂ((;" ”’(); i
w]= W ias - 1S, U UB
for hin (OA.KH], w in [0.W KW: B S Y ikar( S, (b w): S (kb fow); Sy, w; Sl
Cihwl =0 Filter(S, (h,w)} Band{Sy=+(h,w):Sy=(h,w); S3=(hw); Sesih w}
for kh in [0,KH), kw in [0,KW): Filter{S, (h, w; kh, kw)} Sequence
Clh,w] += Alh+kh,w+kw]*B[kh,kw] // ¢ Band{S,~(kh,kw)} Filter{S;(h,w)}
for hin [0,H-KH], w in [0,W-KW]: Filter {Ss(h,w)} Filter{S,(h,w, kh.kw)}
Clhw] = abs(Clh.w)) Band(S;-(h,w)} Band {S,+(kh,kw)}
for hin [0.HKH], w in [0,W-KW]: Filter {S,(h,w)} Filter{Ss(h,w)}
Clh,w] = ReLU(CTh,w)) Band{(S,-(nm)} Filter{S.(h,w)}

o We leverage the ILP-based is/ scheduler [11, 13] to compute new
schedules that exploit parallelism and temporal locality simultaneously.

Polyhedral Transformations 23, Virtual, Canada 7/22




Versatile Polyhedral Scheduling

Domain
Sequence v
Filter{Sy(h,w)} D“?EZ':E”(E
Band{Sy~(h,w)} ”
f:’[h" i 0-;& W]i': ErW)J Filter {5, m); &l w,kh,kw)} F'“;;f‘gﬂ((;’- ”’(),t o
W ias - 1S, U UB
for hin (OA.KH], w in [0.W KW: Bt S I Eitker(S,( w: Salhw K kw); S(b,w); S,(hw ) for hin [0.H), w in 0.W):
Clnw] =0 Fitter (5,(h, )} Band (5,-+(h,w):S;-+(w); Sz-o(hw); Ses(h,w))_Alh,wl = Alh w] + bias
for kh in [0,KH), kw in [0,KW): Filter{S,(h, w, kh,kw)} Sequence for hin [0,H-KH], w in [0,W-KW]:
furCEwh.M[JH :n[-ch] +v‘:h.:[+ok:/]:<?/\[/kh e 1 Filter{S mEa)n;’(s’d'kh'kw” E!::Erg':z'mz“ W fc.[,fﬁﬂ in ?o KH), kw in [0,KW)
iiter W) iiter. W, kh,kw] JKH), KW):
Cihow] = abs(Clhw) Band Sy m)} Band (S,-(h kw)} Clh,w] += Alh-+kh,wskw]*Bikh, k]
for hin [0.H-KH], w in [0,W-KW]: Filter {S,(h,w)} Filter{Ss(h,w)} Clh,w] = abs(C[h,w])
€[h,w] = ReLU(C[h,w]} Band{S,-(hw)} Filter{S, (iw)} Clh,w] = ReLU{C[h,w])

o We leverage the ILP-based is/ scheduler [11, 13] to compute new
schedules that exploit parallelism and temporal locality simultaneously.
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Versatile Polyhedral Scheduling

Domain
Sequence v
Filter{Sy(h,w)} D“?EZ':E”(E
Band{Se+(h,w)} !
for hin (0w in [0.) Fitter {5,(h ) Sulb, .k} F'“;;f‘gﬂ((;’- ”(),t o
w]= W ias - 1S, U UB
for hin [0,H-KH], w in [0,W-KW]: E“gjgj';ni’;'”"sz bty Filter{S, (h,w); S,(h,w,kh,kw); Sy(h,w); S,(bw)} for hin [0,H), W in [0,W):
clhw] = 0 Filter (S (h,w)} Band {Sy-(hw);Sy-(hw); Ss(h,wh; S,=(h,w)] Alhw] = Alh,w] + bias
for kh in [0,KH), kw in [0,KW): Filter(Sy(h, w;kh,ku}} Sequence for hin [0 H-KH], w in [0,W-KW]:
for him to o im o (s Lok} sk s A for o i CO.KH, o i [0.W)
iiter ) iiter. W, kh,kw] JKH), KW):
Cth.w] = abs(Clh.w]) Band (5.} Band (S +(kh k)} Clh,w] += Alh-+kh,w-+kw]*B[kh, k]
for hin [0,HKH), w in [0,W-KW]: Filter {S.(hw)} Filter{Ss(h,w)} Cih,w] = abs(Clh,wl)
Clh,w] = ReLU(CIh,w]) Band{S,~(h,w)} Filter{Sq(h,w]} Cih.w] = ReLU{C[h,wl)

o We leverage the ILP-based is/ scheduler [11, 13] to compute new
schedules that exploit parallelism and temporal locality simultaneously.

@ The polyhedral scheduler exposes a wider set of affine transformations
than TVM, enabling auxiliary loop transformations like skewing,
shifting, scaling.

Polyhedral Transformations Scheduling 2021.06.23, Virtual, Canada 7/ 22



Versatile Polyhedral Scheduling

Domain

Sequence v
Filter{Sy(h,w)} D“?EZ':E”(E
Band{Se+(h,w)} !
for hin (0w in [0.) Fitter {5,(h ) Sulb, .k} F'“;;f‘gﬂ((;’ ”(),t o
W)= W ias - 1S o=
for hin [0,H-KH], w in [0,W-KW]: E“gjgj';ni’;'”"sz bty Filter{S, (h,w); S,(h,w,kh,kw); Sy(h,w); S,(bw)} for hin [0,H), W in [0,W):
clhw] = 0 Filter (S, (h,w) } Band {Sy-(hw);Sy-(hw); Ss(h,wh; S,=(h,w)] Alhw] = Alh,w] + bias
for kh in [0,KH), kw in [0,KW): Filte r{S, (h, w, kh, kw)} Sequence for hin [0 H-KH], w in [0,W-KW]:
for hon om0 wim o (s Lok} sk s A For i m 10.KH), ko 1 (0.0
ilter ), W) ilter- W, KR kW] g a | 3
Clhow] = abs(Clhw]) Band (5.} Band (S +(kh k)} Clh,w] += Alh-+kh,w-+kw]*B[kh, k]
for hin [0,HKH), w in [0,W-KW]: Filter {S.(hw)} Filter{Ss(h,w)} Cih,w] = abs(Clh,wl)
Clh,w] = ReLU(CIh,w]) Band{S,~(h,w)} Filter{S(h,w)} Clh,w] = ReLU(CTh,w])

o We leverage the ILP-based is/ scheduler [11, 13] to compute new
schedules that exploit parallelism and temporal locality simultaneously.

@ The polyhedral scheduler exposes a wider set of affine transformations
than TVM, enabling auxiliary loop transformations like skewing,
shifting, scaling.

@ The polyhedral model first computes a loop fusion configuration,
based on which loop tiling is performed automatically.

Polyhedral Transformations Scheduling 2021.06.23, Virtual, Canada



Constructing Tile Shapes

Domain
Sequence
Filter{ So(h, w)}
Band {So=(h,w)}
Filter{Sy(h,w); Sy(hw,kh,kw); Sx(h,w); Si(hw)}
Band {Sy~(h,w);Sy=(h,w); S3(h,wl; Se=(h,w)}
Sequence
Filter{S,(h,w)}
Filter{S,(h,w,khkw)}
Band {S,~(kh, kw)}
Filter{Ss(h,w)}
Filter{S,(h,w)}

Polyhedral Transformations ili Virtual, Canada



Constructing Tile Shapes

Domain
Sequence
Filter{ So(h, w)}
Band {So=(h,w)}
Filter{Sy(h,w); Sy(hw,kh,kw); Sx(h,w); Si(hw)}
Band {Sy~(h,w);Sy=(h,w); S3(h,wl; Se=(h,w)}
Sequence
Filter{S,(h,w)}
Filter{S,(h,w,khkw)}
Band {S,~(kh, kw)}
Filter{Ss(h,w)}
Filter{S,(h,w)}

@ The classical polyhedral compilation workflow generates two kernels.

Polyhedral Transformations Tiling 2021.06.23, Virtual, Canada



Constructing Tile Shapes

Domain Pona
equence
Sequence Filter{Solh.w)}
(s Band{Sg-(h,w)}
an o=, Wi il [
v f ‘ ) Filter {S,(h,w); Salh,w.khkw); Salh,w); Salh,w)}
Fmay(i'{‘g'f()bszgf’éwLﬁ'kt)'ssi‘(};;Mwlw))'-ss‘(f]vf‘?vt)} Band {S1-+(1/32,W/32):5,-(n/32,w/32); Sa-+(h/32,W/32); S-+(h/32,w/32)}
Syt i) Sy Sumih Band{(Sa(h.w) (0. w);Salh.w,kh.kw)-sth,w); Sa(h, w)+{h,w); Sslh.w)-+(hw)}
Filter{S,(h,w)} e

Filter{Sa(h,
Filter{s,(h,w,kh,kw)} F:Itgﬁsz:h,:,)lzmkwn

 Band{S,(kh,kw)} Band{S;~{kh, kw)}
Filter{S;(h,w)} Filter {Sa(h,w)}
Filter{S,(h,w)} Filter {Sa(h,w)}

@ The classical polyhedral compilation workflow generates two kernels.

@ We use the reverse strategy proposed in our earlier work [15] to
enable the generation of a single kernel.

Polyhedral Transformations Tiling 2021.06.23, Virtual, Canada



Constructing Tile Shapes

Domain
Sequence
Filter{So(h, w)}
Band {So=(h,w)}
Filter{Sy(h, w); Sz(hw, kh kw); Ss(h,w); Sg(hw)}

Band{Sy~(h,w); Sy~ (h.w); Sy=lh,w); Sy=(h.w)}

Sequence
Filter{S, (r,w)}
Filter{S,(f,w,kh,kw}}
Band {S,(kh kw)}
Filter{S;(f,w)}
Filter{S,(f,w)}

Domain
Sequence

Filter {Sq(h.w)}
Band

DSt )
Fiiter{S.(h,w); Salh,w khkw); Ss(h,w); Sa(h,w)}
Band {S1—+(h/32,w/32);S,+(h/32,w/32); S3-+(h/32,w/32); Sa~(h/32,w/32)}

Band{Sy(h.w)~+(h.w):Sath, w,kh,kw)-th,w); Salh,w)-(h, w); Ss(hw)~+{hs
Sequence

Filter{Sa(h,w,kh,kw]}
Band {S;-(kh, ku)}

Filter{Sx(h,w}}

Filter{Su(h,w)}

@ The classical polyhedral compilation workflow generates two kernels.

@ We use the reverse strategy proposed in our earlier work [15] to
enable the generation of a single kernel.

@ The reverse strategy first tiles a live-out iteration space,

Polyhedral Transformations

Tiling
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Constructing Tile Shapes

Domain
Sequence
Filter{So(h, w)}
Band {So=(h,w)}
Filter{Sy(h, w); Sz(hw, kh kw); Ss(h,w); Sg(hw)}

Band{Sy~(h,w); Sy~ (h.w); Sy=lh,w); Sy=(h.w)}

Sequence
Filter{S, (r,w)}
Filter{S,(f,w,kh,kw}}
Band {S,(kh kw)}
Filter{S;(f,w)}
Filter{S,(f,w)}

Domain
Sequence

Filter {Sq(h.w)}
Band

DSt )
Fiiter{S.(h,w); Salh,w khkw); Ss(h,w); Sa(h,w)}
Band {S1—+(h/32,w/32);S,+(h/32,w/32); S3-+(h/32,w/32); Sa~(h/32,w/32)}

Band{Sy(h.w)~+(h.w):Sath, w,kh,kw)-th,w); Salh,w)-(h, w); Ss(hw)~+{hs
Sequence

Filter{Sa(h,w,kh,kw]}
Band {S;-(kh, ku)}

Filter{Sx(h,w}}

Filter{Su(h,w)}

{(00,01) = A(h',w') : 0 < 0g < [(H=KH+1)/T2]1 A0 < o1 < [(W—=KW+1)/T3]ATz2-09 <

W <Ty-og+KH+ Ty —1AT3-00 <w < T3

cop + KW + T3 — 1}

@ The classical polyhedral compilation workflow generates two kernels.

@ We use the reverse strategy proposed in our earlier work [15] to
enable the generation of a single kernel.

@ The reverse strategy first tiles a live-out iteration space,

Polyhedral Transformations

Tiling
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Constructing Tile Shapes

Domain
Sequence
Filter{So(h, w)}
Band {So=(h,w)}
Filter{Sy(h, w); Sz(hw, kh kw); Ss(h,w); Sg(hw)}

Band{Sy~(h,w); Sy~ (h.w); Sy=lh,w); Sy=(h.w)}

Sequence
Filter{S, (r,w)}
Filter{S,(f,w,kh,kw}}
Band {S,(kh kw)}
Filter{S;(f,w)}
Filter{S,(f,w)}

Domain
Sequence

Filter {Sq(h.w)}
Band

DALSTer(rT )
FITEEr {S,(h.w); Salh,w, ki kw); Ssth,w); Salh,w)}
Band (S~ (1/32,W/32);S,+(1/32,w/32); S-(h/32,W/32); Se—(A/32,w/32)}
Band{Su(hw)-+(h,w);Sth, w,kh,kwl-s(h,w); Sy(h, w)-(h,w); Salh,w)-»(hss
Sequence

Filter{Sa(h,w,kh,kw]}
Band {S;-(kh, ku)}

Filter{Sx(h,w}}

Filter{Su(h,w)}

{(00,01) = A(h',w') : 0 < 0g < [(H=KH+1)/T2]1 A0 < o1 < [(W—=KW+1)/T3]ATz2-09 <

W <Ty-og+KH+ Ty —1AT3-00 <w < T3

cop + KW + T3 — 1}

{(0g,01) = So(h,w) :0< 09 < [(H—KH+1)/To] A0 <01 < [(W—-KW+1)/T3]ATa-09 <
h< Tp-og+KH+Tr) —1AT3-00 <w< T3-01+KW-+ T3 —1}

@ The classical polyhedral compilation workflow generates two kernels.

@ We use the reverse strategy proposed in our earlier work [15] to
enable the generation of a single kernel.

@ The reverse strategy first tiles a live-out iteration space, and uses the
data tiles to construct tile shapes for intermediate iteration spaces.

Polyhedral Transformations

Tiling 2021.06.23, Virtual, Canada



Specifying Tile Sizes

@ Prior tensor compilers use default tile sizes in compilers.

@ We propose a tile-size specification language.

stmt_id :: "S_" integer

tile_size :: integer

tile_spec :: tile_size @ buffer

tile_specs :: tile_spec | tile_specs, tile_spec
stmt_spec :: stmt_id : tile_specs

tiling_policy :: stmt_spec | tiling_policy stmt_spec
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Specifying Tile Sizes

@ Prior tensor compilers use default tile sizes in compilers.

@ We propose a tile-size specification language.

stmt_id :: "S_" integer

tile_size :: integer

tile_spec :: tile_size @ buffer

tile_specs :: tile_spec | tile_specs, tile_spec
stmt_spec :: stmt_id : tile_specs

tiling_policy :: stmt_spec | tiling_policy stmt_spec

e This language simplifies the tile size selection issue, which has been
automated by compiler.
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Fusion When Offloading Data

Domain
Sequence
Filter{Sg(h,w)}
Band {So-(h, W)}
Filter{Sy(h.w); Sa(h,w,khkw); Salh,w); Sa(h,w)}
Band {S,~(h/32,w/32);5;~(h/32,w/32); S3(h/32,w/32); S;~(h/32,w/32)}
Band{Sa(h,w)-(h,w);Sath,w,kh,kw)->(n,w); S3(h, w)->(n,w); Sa(h,w)~(hw)}
Sequence
Filter{Sy(h,w}}
Filter {Sz(h,w,kh,kw)}
Band{S;~(kh.kw)}
Filter {Ss(h,w)}
Filter {Salh,w)}

{(00, 01) = So(h,w):0 < 0 < [(H=KH+1)/To] A0 < o1 < [(W—KW+1)/T3]AT2- 09 <
h<To-op+KH+Tp—1AT3-0, <w< T30 +KW+ T3 —1}
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Fusion When Offloading Data

Domain
Sequence
Filter{Sg(h,w)}
Band {So-(h, W)}
Filter{Sy(h.w); Sa(h,w,khkw); Salh,w); Sa(h,w)}
Band {S,~(h/32,w/32);5;~(h/32,w/32); S3(h/32,w/32); S;~(h/32,w/32)}
Band{Sa(h,w)-(h,w);Sath,w,kh,kw)->(n,w); S3(h, w)->(n,w); Sa(h,w)~(hw)}
Sequence
Filter{Sy(h,w}}
Filter {Sz(h,w,kh,kw)}
Band{S;~(kh.kw)}
Filter {Ss(h,w)}
Filter {Salh,w)}

{(00, 01) = So(h,w):0 < 0 < [(H=KH+1)/To] A0 < o1 < [(W—KW+1)/T3]AT2- 09 <
h<To-op+KH+Tp—1AT3-0, <w< T30 +KW+ T3 —1}

@ This relation implies the overlapped tile shape [14] of the intermediate
iteration space, but it has to be used together with loop fusion.
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Fusion When Offloading Data

Domain

Sequence
Filter{Sq(h,w)}
Domain Mark{"skippec™}
Sequence Band{Se~(hn)}
Filter {So(h,w)} Filter{S,(h,w); S,(h, w,kh,kw); S3(h,w); S¢(h,w)}
Band {S¢(h,w)} Baae{ST=(732, W3 2T, 3=4y32,w/32); S3=(h/32,w/32); S;~(h/32,w/32)}
Filter{Sy(h,w); Sa(h,w,kh,kw); Sa(h,w); Sa(h,w)} Extension
Band (S~ (h/32,w/32);S,(h/32,w/32); S3-(h/32,w/32); S4(h/32,w/32)} Sequence
Band{S.(h,w)-(hw);Sa(h,w,kh.kw)=(h,w); Ss(h,w)=>(h,w); Sa(hw)-(h,w)} ITTETTS, Wi
Sequence Band{Sy~(h,w)}
Filter{Sy(h,w)} Filter{S (h,w); Sy(h,w.kh, kw); S3(h,w); Sy(h,w)}
Filter {S(h,w,kh,kw)} Band{S;—+(h,w);S;~(hw); Sy+(hw); Sy(hw)}
Band{S,~(kh,kw)} Sequence
Filter{Ss(h,w)} Filter{S,(h,w)}
Filter {Salh,wl} Filter{S(h,w, kh, kw)}

Band{S,~(kh, kw)}
Filter{Sy(h,w)}
Filter {Sa(h,w)}

{(00, 01) = So(h,w):0 < 0 < [(H=KH+1)/To] A0 < o1 < [(W—KW+1)/T3]AT2- 09 <
h<To-op+KH+Tp—1AT3-0, <w< T30 +KW+ T3 —1}

@ This relation implies the overlapped tile shape [14] of the intermediate
iteration space, but it has to be used together with loop fusion.
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Fusion When Offloading Data

Domain
Sequence
Filter{Sy(h,
Domain k
Sequence
Filter {Soth,w)} Filter{S,(h, 2 ); Sa(h,w); Sq(h,w)}
Banet T 0/32,w/32); S3=(h/32,w/32); S~ (h/32,w/32)}

Band {So-(h, W)}
Filter{Sy(h.w); Sa(h,w,khkw); Salh,w); Sa(h,w)}
Band {S,~(h/32,w/32);5;~(h/32,w/32); S3(h/32,w/32); S;~(h/32,w/32)}
Band{Sy(h,w)—(hw);SzAh,w.kh.kw)-(h,w); S3(h,w)=(h,w); Sa(hw)-(h,w)}
Sequence
Filter{Sy(h,w}}
Filter {Sz(h,w,kh,kw)}

W)
Filter {S(h,w); Sy(h,w,kh, kw); Sy(h,w); S¢(h,w)}
Band{S;-+(h.w);Sz(hw); Sy(h,w); Se(hw) }

_Band{Sy-+{kh,kw)} = ?:i':‘fs (hw)}

Fiter {Ss(hw)} Filter {Sy(hw,kh, ku)}

Filter{Sq(h,w)} Band{S,~(kh,kw)}

Filter{S(h,w)}

Filter{Sy(h,w)}

{(00, 01) = So(h,w):0 < 0 < [(H=KH+1)/To] A0 < o1 < [(W—KW+1)/T3]AT2- 09 <
h<To-op+KH+Tp—1AT3-0, <w< T30 +KW+ T3 —1}

@ This relation implies the overlapped tile shape [14] of the intermediate
iteration space, but it has to be used together with loop fusion.

@ The post-tiling fusion strategy models a novel composition of loop
transformations.

Polyhedral Transformations Fusion Virtual, Canada 10 /



Fusion When Offloading Data

Domain
Sequenca

Filter{Sq(h,w)}
Mark{“skippec

Domain )
Sequence Rand b
Filter {So(h,w)} Filter{Sy(h,w); S,(h, w.khkw); Ss(h.w); Se(h,w)}
Band {S¢(h,w)} BaneH{ST=(N/32, TS0/32,w/32); S3=(h/32,w/32); S, (h/32,w/32)}
Filter {Sy(h,w); Sa(h,w,kh,kw); Sath,w); Sa(h,w)} Extension
Band (S~ (h/32,w/32);S,(h/32,w/32); S3-(h/32,w/32); S4(h/32,w/32)} Sequence
Band{Si(hw)-(h,w);SaAh,w.kh,kw)-(h,w); S3(h,w)=+(h,w); Sa(h,w)-=(h,w)} IICET{Sgm,wi
Sequence Band{Sg(h,w)}
Filter{Sy(h,w)} Filter {S (h,w); S,(h,w,kh, kw); Ss(h,w); S(h,w)}
Filter {Sa(h,w,kh,kw)} Band{S;-+(h.w);Sz(hw); Sy(h,w); Se(hw) }
Band{S,~(kh,kw)} Sequence
Filter{Ss(h,w)} Filter{S,(h,w)}
Filter{Sq(h,w)} Filter{Sy(h,w, kh,kw)}

Band{S,~(kh, kw)}
Filter{Sy(h,w)}
Filter {Sa(h,w)}

{(00, 01) = So(h,w):0 < 0 < [(H=KH+1)/To] A0 < o1 < [(W—KW+1)/T3]AT2- 09 <
h<To-op+KH+Tp—1AT3-0, <w< T30 +KW+ T3 —1}

@ This relation implies the overlapped tile shape [14] of the intermediate
iteration space, but it has to be used together with loop fusion.

@ The post-tiling fusion strategy models a novel composition of loop
transformations.

@ The original subtree should be skipped.

Polyhedral Transformations Fusion 3, Virtual, Canada



Fusion When Forking Data and Intra-Tile Rescheduling

Domain
Sequence
Filter{Sy(h,w!
Mark{"sk

an Y
Filter{S,(h,w); Sylh.w,khkw); S3lh,w); Sylh,w)}
Band{S,~(h/32,w/32);5,~(/32,w/32); S3-(h/32,w/32); S = (W/32,w/32)}
Extension
Sequence
Filter {Sg(h,w)}
Band{Sy(h, W)}
Filter {Sy(h,w); Syth,w,kh,kw); Sslh,w); Salh,w)}
Band{S,+(h,W);S=(h,w); S3=(hw); S,=(hw)}
Sequence
Filter {S (hw}}
Filter {S (h,w, kh,kw)}
Band{S,(kh, kw)}
Filter {Sy(h,w)}
Filter (S (hw)}
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Fusion When Forking Data and Intra-Tile Rescheduling

Domain
Sequence
Filter{Sy(h,w)}
Mark{"skipped"}
Band {Sy=(h,w)}
Filter{S,(h,w); Sylh.w,khkw); S3lh,w); Sylh,w)}
Band{S,~(h/32,w/32);5,~(/32,w/32); S3-(h/32,w/32); S = (W/32,w/32)}
Extension
Sequence
Filter {Sg(h,w)}
Band{ Sy~ (h,w)}
Filter {Sy(h,w); Syth,w,kh,kw); Sslh,w); Salh,w)}
Band{S,+(h,W);S=(h,w); S3=(hw); S,=(hw)}
Sequence
Filter {S (hw}}
Filter {S (h,w, kh,kw)}
Band{S,(kh, kw)}
Filter {Sy(h,w)}
Filter {5 (hw}}

@ This schedule tree does not manage the multi-directional memory
hierarchy of Ascend.
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Fusion When Forking Data and Intra-Tile Rescheduling

Domain
Sequence
Domain
Sequence Filter{S,(h,w); S, (hw.khkw); Ss(hw); Salhw)}
Filter{Sq(h,w)} Band {S,+(h/32,w/32);S,(h/32,w/32); S3-(h/32,w/32); § 4 (W/32,w/32)}
Mark{"skipped"} Extension
Band {Sg=(h,w)} Sequence.
Filter{5(h,w); Sy(h,w,kh.kw); S3(h,w); Sa(h,w)} ilter {Sg(h,w)}
Band{S,~(h/32,w/32);5,-(h/32,w/32); $3-(h/32,W/32); S ;- (h/32,w/32)} Mark{*local UB"}
Extension BareHSytirT
Sﬂgiulfg'“:fs ) Filter{S,(h,w); Sy(h,w,kh, kw)}
eandn(s;-ih,w)) Bagd(S;*(h.W):Sz-'lh,W))
Filter {Sy(h,w); Soth,w,kh,kw); Sx(h,w); Salh,w)} equence
Band{Sy-(h wiSy=(hw); Sy=(hw); S (hw)} :!::Efgtgg'”)zh ey
equence ilter {S,(h,w, kh,kw)
Filter{S(hw)} DaVinc architecture Band {S,~(kh, kw)}

Filter {S (h,w, kh,kw)}
Band{S,-(kh, kw)} Cube Unit
Filter {S(h,w)}
Filter{S,(h,w)} -
Unified Buffer (UB) |

MTE: Memory Transfer Engine; BIU: Bus Interface Unit.

Instruction
Dispatch
+

RN
Mark{"local UB"}
Band{S.-(h

Teer {Salhw)}_
Mark{"/ocal UB"}

@ This schedule tree does not manage the multi-directional memory
hierarchy of Ascend.

@ We use mark nodes to let some statements flow to different buffers,
and each “local_UB" filter node can be flowed to Vector/Scalar Unit.
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Fusion When Forking Data and Intra-Tile Rescheduling

Domain
Sequence
Domain
Sequence Filter{S, (h,w); S;(h,w,.kh,kw); Ss(h,w); S4(h,w)}

Filter{Sy(h,w)} Band {S,+(h/32,w/32);5,~(h/32,w/32); S3-+(h/32,w/32); S, (h/32,w/32)}

Mark{"skipped"} Extension

Band (S~ (h,w)} Sequence

Filter{5(h,w); Sy(h,w,kh.kw); S3(h,w); Sa(h,w)} Filter {Sq(h,w)}

Ba:dt{s,-vlh/BZ.WBZ)‘,5;~(h/32,W/32)? S3-(h/32,w/32); 54~ (h/32,w/32)} Mark{ !oca! UB" )

xtension

Sequence
Filter {So(h,w)}
Band{Sg-(h,w)}
Filter {Sy(h,w); Sath,w,kh,kw); Ssth,w); Salh,w)}
Band{S;~(h,w);S;»(h,w); Sy=(hw); S4=(hw)}
Sequence
Filter (S (hw)} Davindi architecture

il llh w: Szlh w,kh, K
Band{S,~(h,w):S,~(hw)}
Sequence
Filter {S,(h,w)}
Filter {S(h, w, kh,kw)}
Band{S;~(kh, kw)}
Filter{Sy(h,w)}
Mark{"local UB"}
Band{Ss=(h,w)}

Filter (S (h,w, kh,kw)}
Band {S,-{kh, kw)} Cube Unit
Filter {Sy(mw)}

Filter{S,(h,w)} -
Unified Buffer (UB)

ark{ !oca! us*}

@ This schedule tree does not manage the multi-directional memory
hierarchy of Ascend.

@ We use mark nodes to let some statements flow to different buffers,
and each “local_UB" filter node can be flowed to Vector/Scalar Unit.

Intra-tile rescheduling is also performed, as a reverse process of loop
fusion. A filter flowed to Cube Unit is not distributed.
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Optimization of Convolution

DaVinci architecture

I Cube Unit
Buffer (UB)

MTE: MEmury Transfer Ei

n
Dlspatch

L1 Buffer

pecific Transformations
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Optimization of Convolution

DaVinci architecture

\
Unified Buffer (UB) :

MTE: Memory Transfer Engine; BIU: Bus Interface Unit.

Instruction
Dispatch

L1 Buffer

@ The power of the Cube Unit can be fully exploited when executing
matrix multiplication.

2021.06.23, Virtual, Canada 12 / 22
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Optimization of Convolution

Output -
FERETY 11
featurgmees e v s |

DaVinci architecture

\
Unified Buffer (UB) :

F Convolution

MTE: Memory Transfer Engme BIU: Bus Interfa(eu 1 11
Dispatch 1B periel b
o P ¢ WK .|/ Output feature maps
1 (Matrix Z[M,N])

Kernels (Matrix YIKN])

@ The power of the Cube Unit can be fully exploited when executing
matrix multiplication.

o We automate the img2col transformation [5] by grafting an external
schedule and relating it using a formula (§4.5).
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Optimization of Convolution

Output
feature may

DaVinci architecture Convolution
kemels
8

1

‘

w input

= ‘ ieakurimam
M unified Buffer (UB) —:
| JENSca arUni S

F Convolution

MTE: Memory Transfer Engine; BIU: Bus Interface Unit. 9 FEREtY
W - B (173 3| | oo
Dispatch b-FiTE Quete ] Iy 15 15 of convolution
It eature maps (Matr XD 3o emre e
{0 Y (Matrix ZIMN)
i1

Kernels (Matrix YIKN])

@ The power of the Cube Unit can be fully exploited when executing
matrix multiplication.

o We automate the img2col transformation [5] by grafting an external
schedule and relating it using a formula (§4.5).

@ We also implement a fractal tiling [16] within the Cube Unit.

Z [N.No,Mo,M;.N;] += X IN,Mo,Ko,M; Ki] x Y [KoNoN;.Ki]

= = W

Polyhedral Transformations



Other Optimizations in AKG

@ Optimizations, including function inlining, common subexpression
elimination, etc. are also automated as pre-processing steps (§3).
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@ Optimizations, including function inlining, common subexpression
elimination, etc. are also automated as pre-processing steps (§3).

@ We facilitate the automatic storage management of the Ascend chips
using schedule trees (§4.4), like what PPCG [12] and TC [10] did.

@ We design a memory hierarchy specification language that can be
generated automatically, allowing for the manual scheduling to make
debugging easier (§4.6).
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Other Optimizations in AKG

@ Optimizations, including function inlining, common subexpression
elimination, etc. are also automated as pre-processing steps (§3).

@ We facilitate the automatic storage management of the Ascend chips
using schedule trees (§4.4), like what PPCG [12] and TC [10] did.

@ We design a memory hierarchy specification language that can be
generated automatically, allowing for the manual scheduling to make
debugging easier (§4.6).

o We exploit effective SIMD vectorization as a post-polyhedral step,
maximizing the utilization of the hardware intrinsics (§5.1).

@ We implement a DP-based low-level synchronization between emitted
instructions, enabling efficient instruction-level pipelining (§5.2).

@ We develop an auto tuning strategy to achieve better performance in
practice (§5.3).
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Experimental Setup

@ Code is executed on the Huawei Ascend 910 chip.

@ Performance is compared against (1) manually optimized CCE code
written by experts, and (2) the adapted TVM schedule templates
developed by the software R&D team of the chip.

@ Experiment is conducted on single operators, subgraphs and
end-to-end workloads.

@ Each code is compiled with the same set of compilation options.
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Results of Single Operators

=2 CCE naive =2 CCE opt = TVM == AKG

o

3

g 1)
o

wn

_ 0.5}
£

o 0
=z

opl op2 op3 op4 opb opb op7 op8 op9 opl0

opl: conv; op2: matmul; op3: ReLU; op4: batch matmul; op5: cast; op6:
transpose; op7: one-hot; op8: add; op9: bnorm reduction; opl0: bnorm update
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Results of Single Operators

=2 CCE naive =2 CCE opt = TVM == AKG

o

3

g 1)
o

wn

_ 0.5}
£

o 0
=z

opl op2 op3 op4 opb opb op7 op8 op9 opl0

opl: conv; op2: matmul; op3: ReLU; op4: batch matmul; op5: cast; op6:
transpose; op7: one-hot; op8: add; op9: bnorm reduction; opl0: bnorm update

o CCE opt is 2.8x faster than CCE naive.

@ AKG achieves the performance comparable to CCE opt, with a mean
loss within 4%.

@ AKG outperforms adapted TVM by 1.6 on average.
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Results of Single Operators

2 = CCE naive =3 CCE opt = TVM == AKG
9]

(]

@ 10*

\5 e HHH‘

c 2

£ 10 il

#ot convolution GEMM RelLU

Comparison of lines of code (lower is better).

o AKG significantly reduces development efforts compared to the
optimized CCE code and adapted TVM schedule templates.

2021.06.23, Virtual, Canada
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Results of Single Operators

15,000 ——————————
10,000 |-
5,000

T T T 1
TVM —— AKG |

# of cycles

5 10 15 20 25 30 35 40

Performance of GEMM product under different shape configurations (1 us = 103
cycles; lower is better).
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Results of Single Operators

15,000 ——————————
10,000 |-
5,000

0

T T T 1
TVM —— AKG |

# of cycles

5 10 15 20 25 30 35 40

Performance of GEMM product under different shape configurations (1 us = 103
cycles; lower is better).

e 41 different shape configurations ranging from (64,64) to (4608,4608)
are used to evaluate the performance of matrix multiplication.

@ AKG outperforms the adapted TVM under 29 out of the 41 shape
configurations.

2021.06.23, Virtual, Canada
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Results of Subgraphs

Summary of the subgraphs.

no. # of ops  precision  batch size input shape output shape
1 6 FP16 16 (16,16,512,512)  (16,16,512,512)
2 21 FP16 16 (256,512,16,16)  (256,512,16,16)
3 15 FP32 16 (30522,1024) (30522,1024)
4 11 FP32 16 (1024,1024) (1024,1024)
5 9 FP16 16 (64,1,16,16) (64,1,16,16)
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Results of Subgraphs

Summary of the subgraphs.

no. # of ops  precision  batch size input shape output shape
1 6 FP16 16 (16,16,512,512)  (16,16,512,512)
2 21 FP16 16 (256,512,16,16)  (256,512,16,16)
3 15 FP32 16 (30522,1024) (30522,1024)
4 11 FP32 16 (1024,1024) (1024,1024)
5 9 FP16 16 (64,1,16,16) (64,1,16,16)

a == CCE opt == TVM = AKG

3

e

&

. 0.5 H N

O

: o LI o H 5 : b o

=2 A\ A\ N\ XV XV

6\)\0%(39 5\)‘0%(39 6\)\0%(39 6\)\0%(39 5\)‘0%(39

Performance of subgraphs (higher is better).
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Results of Subgraphs

Summary of the subgraphs.

no. # of ops  precision  batch size input shape output shape
1 6 FP16 16 (16,16,512,512)  (16,16,512,512)
2 21 FP16 16 (256,512,16,16)  (256,512,16,16)
3 15 FP32 16 (30522,1024) (30522,1024)
4 11 FP32 16 (1024,1024) (1024,1024)
5 9 FP16 16 (64,1,16,16) (64,1,16,16)

a == CCE opt == TVM = AKG

3

e

&

. 0.5 H N

O

: o LI o H 5 : b o

=2 A\ A\ N\ XV XV

6\)\0%(39 5\)‘0%(39 6\)\0%(39 6\)\0%(39 5\)‘0%(39

Performance of subgraphs (higher is better).

@ AKG produces an average speedup of 1.3x and 5.6 over the
adapted TVM and CCE opt.
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Results of End-to-end Workloads

== CCE opt = TVM = AKG

o
3

[ i
by

. 0.5~ -
£ |
5] 0

=2

eV et 3 0
Reg@e’;\o\d\\e}\e Ne*v\e 66&\1 o VT P

Performance of end-to-end workloads (higher is better).
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Results of End-to-end Workloads

== CCE opt = TVM = AKG

[y

0 L1

eV et 3 0
Reg@e’;\o\d\\e}\e Ne*v\e 66&\1 o VT P

0.

(&)1
T

Nomal. speedup

Performance of end-to-end workloads (higher is better).

e CCE opt only optimizes one end-to-end workload (ResNet-50).

@ AKG performs similarly to the adapted TVM for ResNet-50,
MobileNet and AlexNet, but outperforms the latter by 20.2% on Bert
and SSD.

@ The manual approaches take days to weeks to optimize a workload,
but AKG only requires minutes to hours.
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Conclusion

@ AKG carefully handles the interplay between tiling and fusion using a
reverse strategy [15], a patform-neutral transformation.

@ AKG adopts a hierarchical fusion approach that can be adapted to
other NPU architectures [6].

o AKG automates the domain-specific transformations of convolution.
While the fractal tiling [16] is Ascend-specific, the img2col
transformation [5] can be used as a general method.

o AKG also extends the expressiveness of the schedule tree
representation, sharing the same objective (i.e., delivering
domain-specific knowledge) with MLIR [7].
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Questions & Answers

The paper is avalaible at The code of AKG is avalaible at

Thank you!

Any Questions?
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