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Background
[e] Jelele]

m There are increasing demands to deploy smart applications to a
broad spectrum of devices ranging from servers to embedded
environments.

m Deploying high-performance machine learning models has
become an emerging challenge in various areas.
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Background
[e]e] lele]

m Trends of hardware specialization.

m Most of tensorized program optimization are optimized by
domain experts.

= We need a automatic compilation approach.

Vector FMA Nvidia Tensor Core and NPUs

for i in range(4):
C[i] += A[i] * B[i]

for y, x, k in grid(16, 16, 16):
Cly, x] += Aly, k] * B[k, x]

Scalar unit SIMD Specialized
vector units tensor instructions
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Background
[e]e]e] o}

Challenge

m Abstraction for Tensorized Programs

m Previous tensor compilers rely on polyhedral Compilation,
schedule tree data structure and the corresponding lowering rule.

m Large Design Space of Possible Tensorized Program
Optimizations
m The combinations of code transformations form a large search
space.
m These transformations need to be made in conjunction with
tensorized computations, bringing additional complexities to
analysis and automation.
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Background
[e]e]ee] }

Contributions

m TE and loop nests — TensorlR

m Block: Divide and isolate tensorized computation region from the
outer loop nests.

m schedule — transformation primitives
m tensorization-aware automatic scheduler
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TensorIR Abstraction
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TensorlR Abstraction
O@0000

Motivation

m Expert developer

Operator Definition

for y, x, k in grid(64, 64, 64):
Cly, x] += ALy, k] * B[k, x]

for yo, xo, ko in grid(16,

for yi, xi in grid(4, 4,
C[...] += A[...] * B[...]

for yo, xo, ko in grid(16, 16, 16):
Imatmul_add4x4((, A, B, yo, xo, ko)

Divide the Problem into
loop nests and matmul kernel

Optimize Outer Loop Nests

for yo, xo, k in grid(4, 4, 16):
for yi, xi in grid(4, 4):
matmul_add4x4(C, A, B, yo*4 + yi, xo*4 + xi,

def matmul_add4x4_ve(C, A, B, yo, xo, ko):
accel.matmul_add4x4(C[yo*4+yi, xo*4+xi],

Alyo*4+yi, ko*4:ko*4+4], B[ko*4:ko*4+4, xo*4 + xi])

def matmul_add4x4_v1(C, A, B, yo, xo, ko):
for yi, xi in grid(4, 4):

Clyo*a+yi, xo*4+xi] += accel.dot(A[yo*4+yi, ko*4:ko*4+4],

B[Kko*4:ko*4+4, x0*4+xi])




TensorlR Abstraction
[e]e] le]ele]

Overview

Existing Approaches

for y, x, k in

grid(64, 64, 64

Scalar body
(MulAdd)
arch space of loop transformations
with scalar operations

Scalar Loop Programs N
for yo, xo, ko in grid(16, 16, 16):
for y, x, ki in grid(4, 4, 4):
Scalar body (MulAdd) |

Scalar body (MulAdd)

Our Approach

for y, x, k in grid(64, 64, 64):

Cly, x] += Aly, k] * B[k, x]

Introduce a key abstraction called block to
divide and isolate the problem space into
l outer loop nests and tensorized body

for yo, xo, ko in grid(16, 16, 16):

block (by=yo, bx=xo, bk=ko)

for y, x, k in grid(4, 4, 4):
C[by*a+y, bx*4+x] +=
A[by*4+y, bl

k*a+k] * B[bk*a+k, bx*d+x]

|L]  Tensorized body (matmul4x4)
isolated from the outer loop nests

Clyo*asy, xo*a+x] +=

[yo*asy, ko*a+ki] * B[ko*d+ki, xo*d+x]

(a) Bottom-Up: loop transformation on scalar expressions

Matmul(M, N, K)(GL, GL, GL)(Kernel)
Matmul(128, 128, K)(GL, GL, GL)(Block)
Init(128, 128, K)(RF=0)(Block)
Matmul(128, 128, K)(GL, GL, RF)(Block)

Matmul(1, 1, 1)(RF, RF, RF)(Thread)

| Cly, x] += Aly, k] * B[k, x]

Move(128, 128, K)(RF->GL)(Block)

Search space of loops
transformations with
tensorized operations

Tensorized Programs

for yo, xo, k in grid(4, 4, 16): ’

for yi, xi in grid(4, 4)
block (by, bx, bk=...)
Tensorized body (Matmul 4x4)

(b) Top-Down: gradual decomposition

Option @: Tensorized body (Matmul 4x4)

accel.matmul_adddx4(
C[by*4:by*4+4, bx*4:bx*4+4],
A[by*4:by*a+a, bk*4:bk*a+4],
BIbk*4:bk*4+4, bx*a:bx*4+4])

Option 1: Tensorized body (Matmul 4x4)

for y, x in grid(a, 4):
accel.dot(C[by*a+y, bx*a+x],
A[by*a+y, bk*a:bk*4+4],
B[bk*4:bk*4+4, bx*a+x])

() Divide and Conquer: divide the problem into outer loop nests and inner bodies, and solve them separately




TensorlR Abstraction
[e]e]e] lele]

TensorIR and Block Structure

! for yo, xo, ko in grid(16, 16, 16): outer loop
! with block(): N
Computation: C = exp(A + 1) : vy, VX, vk = ... signatures

block_siguatures

@script =
def fuse_add_exp( with init():
A: Buffer[(64, 64), "float32"], Multi-dimensional for y, x in grid(4, 4): init stmt

y C[vy*4+y, vx*4+x] = 0.0

): /

C: Buffer[(64, 64), "float32"], 7 buffer H
¥ :
B = alloc_buffer((64, 64), "float32")

for y, x, k in grid(4, 4, 4):

for 1, § in grid(e4, 64): <+ Loop nests CLvy*a+y, vx*4+x] += body
with block("block_B"): Alvy*4+y, vk*4+k] * B[vk*4+k, vx*4+x]
vi = spatial axis(64, i) ettt detetetete —
v - spetialaxis(es, ) Block Signature
B[vi, vj] = A[vi, vj] + 1 |
for 1 in range(64): lclomlfulﬂ‘iﬂ"ﬂl Iterator domain and binding values
bloc!

with block(*block_C*): , vy: spatial_axis(length=16, binding_value=yo)
vi = spatial_axis(64, i) 1

vx: spatial_axis(length=16, binding_value=xo)

for j in r 64):
ord inrange(en: vk: reduce_axis (length=16, binding_value=ko)
Clvi, 3] = exp(Blvi, j]) [P

Producer-consumer dependency relations

read A[vy*4:vy*4 + 4, vk*a:vk*4 + 4]
read B[vk*4:vk*4 + 4, vx*4:vx*4 + 4]

write C[vy*4:vy*4 + 4, vx*4:vx*4 + 4]




TensorlR Abstraction
O000e0

Schedule

m schedule
m separation of scheduling and TensorIR
m schedulable
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TensorlR Abstraction
O0000e

Loop Transformations and Blockization

[ block D (vi, vj = i, 3) |
! iD[vi, vi] = max(C[vi, vi], @) :

i for i, j, k@ in grid(64, 64, 16):

for k1 in range(4):4«— Blockize
block (vi, vj, vk = i, j, ke*4 + k1)
C[vi, vj] += A[vi, vk] * B[vk, vj]

13

for i, j, k@ in grid(64, 64, 16):

Reverse
Compute_at

for i@, j@ in grid(s, 8):

for i1, jl1 in grid(8, 8): :
[ block_c(vi, vj = i0*8 + i1, jo*s + j1) |\ |
L Clvi, vi] = dot(Alvi, :1, B:, viD) 1 |1

for i, j in grid(e4, 64):

[ block D (vi, vj = i, 3)

1D[vi, vi] = max(C[vi, vj], 0) !

ifor k1 in range(4):

for 10, je in grid(s, 8):

!
!

i[block (vi, vj, vk = vie, vje, vke*4 + k1) |
! !
! '

1 Clvi vk] * B[vk, vj]

-
3 lblockized (vie, vje, vke = i, j, ko) ]
i

| 3
i 1
i ]
i 1

for i1, 31 in grid(s, 8):

for i1, j1 in grid(s, 8):

[block b(vi, vj = i6*8 + i1, jo*8 + j1)
ax(C[vi, vj], @)

i Dlvi, vj]
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Auto-Scheduling Tensorized Programs
[e] le]e]

Automatic optimization Overview

Input Tensorization Candidate

Tensorization candidates

~ G
(Sec4.2)

for y, x, k in grid(64, 64, 64):
Clys x] += ALx, K] * 8k ¥]

for y, x in grid(ed, 64):

ax(Cly, x1, 0)

oly, x] = Tensorization candidates

Tensor Intrinsics (Sec 4.1)

TensorIntrin (matmulaxa)

Tensorized Program
Sketch Generation
(Sec4.3)

for y, x, k in grid(4, 4, 4):
Alx, K] * 8k,

Cly, X +

for yi, xi in grid(4, 4):
Clyotatyi, xo'asxi] +=
Alxo*d+xi, ko*asko*d+a],

8ko*a:ko*+d, yoratyil)

Tensorized program sketches ---

Evolutionary Search

Validation (Sec 4.4) (Sec 4.4)

For yo, x0, ko in grid(16, 16, 16):
block (matmuldxd)

Computation body (matmulexd) -

for y, x in grid(es, 64)

oLy, x]1 = max(Cly, x], @)

Tensorized program sketches

Y8, X0 in grid(2, 2, 2)
for y1, x1, ke in grid(2, 2, 2):
block (AutoCopy)

mputat:

V2 %, K in grid(s, 4, 4);
Alx, K]+

[k, vl

¥, x]

Data movenent (before schedule)

for y2, x2 in grid(?, ?):
ache[...] = A[...]

Data movement body (A->A.cache)
block (AutoCopy)

Data movement body (8->B.cache)
7
for y3, x3, k8 in grid(?, ?):

for y2, x2, k1 in grid(?, ?,

Data movenent (after schedule)

for y2, x20 in grid(?, 2):
orized(?)

chel...] = AL...]

[ block (matmulaxa)

| computation body (matmulaxa) |

Sub-computation (tensorized)

for y1, x1 in grid(2, 2, 2)
for y2, x2 in grid(?, 2):
el...] = max(C.cache[.

block (AutoCopy)

Data movement body (D.cache->d)

" yi, xi in grid(4, 4)
helyo*a+yi, xo*4+xi] +=
accel.dot(
[xo*4sxi, ko*4:ko*4+4],
che[ko*4:ko*a+d, yora+yi])

344 7187




Auto-Scheduling Tensorized Programs

[e]e] o]

Tensorization Candidate Generation

Conv2D
[ —
cn, b, w, ] +=

Aln, h*2srh, wr2erw, rc]

* Ble, rh, ru, re]

TensorIntrin

for x, y, k in grid(16, 16, 16)
Chx, y1 #= Alx, k] * Bly, k]

Cony2D (Layout Transformed)

for n, h, W, ¢, rh, rw, rc in grid(...):

At[n*h*w, rh¥rwrc]

= An, h*2+rh, we2erw, rc]

for ¢, rh, rw, rc in grid(...):

Bt[c, rh*rw*rc] = B[c, rh, ru, rc]

for nhw, c, rhwc in grid(...):

Ctnhw, ] += At[nhw, rhuc] * Bt[c, rhwc]

for n, h, w, ¢ in grid(

Cn, h, w, ] = Ct[n*h*w, c]

Conv2D Conyv2D
Crln, b, w, <] +=
For n, b, W, €, rh, rw, rc in grid(...): AL, b, W, rh, rw, rc]
o acn, b w o, re e B
) ! = A[n, h*2+rh, we2+rw, rc]
x(n) = x(h) = gw) = [1,1,6]
i for ¢, rh, ru, rc in grid(...): 2 = [1,0,1]
et e, v el = le, o, rw, ] 2y = K = 260) = (6,1,1]
For n, h, W, c, rh, W, rc in grid(...) From—
o[n, h, W, ] += Ar[n, h, w, rh, rw, rc] R ;
i < orlc, o, rw, re] b K1 * ol 0
"L forn, b, W, c dn grid(..): 1,0,1]
CIn, b, w, <] = Crln, b, u, <] 209 = [6,1,1]
Relndex Propose Match

TransformLayout




Auto-Scheduling Tensorized Programs
[e]e]e}

Tensorized Program Sketch Generation

Input ~ Tensor:fatlon Candidate Tensorization candidates
for yo, xo, ko in grid(16, 15, 16):

for y, x, k in grid(64, 64, 64): (Sec 4.2) PR

o +B [[block (matmulaxa) ] i
e 51 Al 9 6l )

mputat:

Y, % k in grid(a, 4, 4):
¥, x1 Alx, k] * B[k, y]

for y, x in grid(64, 64): P
X p for y, x in grid(ea, 64)
Oly, x] = max(cly, x1, 6) Tensorization candidates oLy, x1 = max(Cly, 1, ©)
Tensor Intrinsics (Sec 4.1) / .
Tensorized program sketches
TensorIntrin (matmuldx4) Data movement (before schedule)
f @, x@ in grid(?, 2, ?. M
for y, %, k in grid(a, 4, 4): Ml Ao oYL X Ko In B0, 7 ) L ache[...] = AL...]
oy x o A 1)+ sy Sketch Generation block (AutoCopy)
(Sec 4.3) Datalnovenentibodyl(A=>A cache) Data movement (after schedule)
for yi, xi in grid(4, 4): G (@i N for y2, x20 in grid(?, 2):
Data movement body (B->B.cache) ’ ’
Clyotatyi, xo'asxi] += X d(>
for y2, x2, k1 in grid(?, ?, ?): vec in orized(?)
accel.dot (A[xo*4+xi, ko*d:ko*d+a], 5 for v, X3, Kb in grid(z, 2): chel...] = AL...]
Slkoraskorasd, yordyily Tensorized program sketches or y3, x3, k8 in grid(?, 2):
[ block (matmulaxa)
| computation body (matmulaxa) | Sub-computation (tensorized)
for y1, x1 in grid(2, 2, ?) N for yi, xi in grid(4, 4)
for y2, x2 in grid(?, ?): B C.cache[yo*atyi, xo*dsxi] +=
D.cachel...] = max(C.cache[. accel.dot(
q A.cache[xo*asxi, ko*aiko*4s4]
L Evolutionary Search block (AutoCopy) [xotaext, .
Validation (Sec 4.4) (Sec 4) Data moveent body (D.cache->d) 3. cache[ko*a:ko®a+d, yorasyi])
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Evaluation
0@00

Single Operator Evaluation

m RTX3080

m depthwise convolution (DEP), dilated convolution (DIL), group
convolution (GRP), and transposed 2D convolution (T2D)

m— AMOS s TVM = TensorlR me= CUTLASS mem TensorRT  mmm TensorlR
Batch size = 1 Batch size = 1

1.0 12

0.8 Lo
voe 208
g 206
504 S04
o FU i =2l I i
£00 ull R En €02 Mm -
2 C1ID C20 C3D DEP DL GMM-1 GMM2 GRP  T2D = CID C2D €30 DEP DL GMM-1 GMM-2 GRP  T2D
] 3
£ Bakchsize=16 £ Batchsize =16
Eio 12
2038 510

06

<

02
0.0

1
0.8
0.6
4 0.4
| ||
Eull ul nON DON Aul Nl A o2 | |

CID €20 €30 DEP DL GMM-1 GMM-2 GRP  T2D CID €20 €30 DEP DL GMM-1 GMM-2 GRP  T2D
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Evaluation
[e]e] Ie]

End-to-end Model Evaluation

m RTX3080

= AMOS s TVM mmm PyTorch mmm TensorRT mmm TensorlR

Batch size = 1

ResNet-50 Mob|IeNet V2 BERT_large

Batch size = 16

o2 IIIII IIII lIII III

ResNet-50 MobileNet V2 BERT_large

Normalized Performance
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ARM CPU Evaluation

Normalized Throughput

m AWS Graviton2 CPU

1.0
0.8
0.6
0.4
0.2
0.0

mmm ArmComputeLib

Evaluation
[e]e]e] ]

mmm PyTorch wmm TVM  mmm TensorlR

= TensorlR

ResNet-50

]
]
I

II II II II II MobileNet v2 [ —

C2D-1

C2D-2

GMM-1

GMM-2

GMM-3 0.0 0.2 0.4 0.6 0.8 1.0
Normalized Throughput
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Conclusion
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Conclusion

m TensorlIR, an abstraction for automatic tensorized program
optimization
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Conclusion
[e]e] o]

= TVM Unity
m TE—TensorlR
m Relay—Relax

@ Al Applications

Glef?

G

Computational Graphs

Tensor Programs

Computational Graph Tensor Program

Hardhwears Primiiesy Libraries and Runtimes
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