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// Pseudo-code for convolution program for the VIA accelerator
// Virtual Thread 0

0x00:
Ox01:
0x02:
0x03:
Ox04:
0x05:
0x06:
Ox07:
0x08:
0x09:
Ox0A:

LOAD (PARAM[ 0-71])
LOAD (ACTIV[ 0-247)
LOAD(LDBUF[ ©-31])
PUSH(LD->EX)
POP (LD->EX)

PUSH(EX->LD)
PUSH(EX->ST)
POP (EX->ST)
STOR(STBUF[ ©0- 71)
PUSH(ST->EX)

// Virtual Thread 1

Ox0B:
0x0C:
Ox0D:
OxOE:
OxOF:
0x10:
Ox11:
Ox12:
Ox13:
Ox14:

LOAD (ACTIV[25-50])
LOAD (LDBUF[32-63])
PUSH(LD->EX)
POP (LD->EX)

PUSH(EX->LD)
PUSH(EX->ST)
POP (EX->ST)
STOR(STBUF[32-391)
PUSH(ST->EX)

// V%rtual Thread 2

Ox15:
0x16:
Ox17:
0x18:
0x19:
Ox1A:
Ox1B:
Ox1C:
Ox1D:
Ox1E:
Ox1F:

POP (EX->LD)
LOAD (PARAM[ ©-717])
LOAD (ACTIV[ 0-24])
LOAD(LDBUF[ ©-31])
PUSH(LD->EX)
POP (LD->EX)
POP (ST->EX)

PUSH(EX->ST)
POP (EX->ST)
STOR(STBUF[ ©- 71)

// Virtual Thread 3

0x20:
0x21:
Ox22:
0x23:
0x24:
Ox25:
0x26:
0x27:
0x28:
0x29:

POP (EX->LD)
LOAD (ACTIV[25-50])
LOAD (LDBUF[32-63])
PUSH(LD->EX)
POP (LD->EX)
POP (ST->EX)

PUSH(EX->ST)
POP (EX->ST)
STOR(STBUF[32-391)

EXE (ACTIV[ 0-24],PARAM[ 0-71],LDBUF[ 0-31],STBUF[ 0- 7])

EXE (ACTIV[25-50],PARAM[ 0-71],LDBUF[32-63],STBUF[32-39])

EXE (ACTIV[ 0-24],PARAM[ 0-71],LDBUF[ 0-31],STBUF[ 0- 7])

EXE (ACTIV[25-50],PARAM[ 0-71],LDBUF[32-63],STBUF[32-39])

LD@TIDO
LD@TIDO
LD@TIDO
LD@TIDO
EX@TIDO
EX@TIDO
EX@TIDO
EX@TIDO
ST@TIDO
ST@TIDO
ST@TIDO

LD@TID1
LD@TID1
LD@TID1
EX@TID1
EX@TID1
EX@TID1
EX@TID1
ST@TID1
ST@TID1
ST@TID1

LD@TID2
LD@TID2
LD@TID2
LD@TID2
LD@TID2
EX@TID2
EX@TID2
EX@TID2
EX@TID2
ST@TID2
ST@TID2

LD@TID3
LD@TID3
LD@TID3
LD@TID3
EX@TID3
EX@TID2
EX@TID3
EX@TID3
ST@TID3
ST@TID3

// Convolution access pattern dictated by micro-coded program.

// Each register index is derived as a 2-D affine function.
/1 e.g. idx. = ay+bx+c®, where ¢ ° is specified by

// micro op 0 fields.

for y in [0..7)

for x in [0..)
rflidx °1 += GEVM(act[idx,,°], par[idx,” 1)

rflidx '] += GEVM(act[idx,,'l, par[idx,,'])

Fflidx "] +

GEVM(act[idx,."], par[idx,,"])

(b) Convolution micro-coded program

// Max-pool, batch normalization and activation function
// access pattern dictated by micro-coded program.

// Each register index is derived as a 2D affine function.

/] e.g. 1dXy, = Ay Y thyXtCy.?, where c,.° is specified by
// micro op 0 fields.
for y in [0..1)
for x in [0..])
// max pooling

rflidxy,®] = MAX(rflidx,.°1, rflidx,. °1)

rflidxg,'l = MAX(rflidx,,'l, rflidx, 1)

7/ batch norm

rflidxg,"] = MUL(rflidx,,"], rflidx, 1)

rflidxg, "' = ADD(rflidx,,™' 1, rflidx, ™)
Fflidxg, ™21 = MUL(rflidx,,™2], rflidx, . ™2])
rflidxg, ] = ADD(rflidx,,™], rflidx, ")

7/ activation
rf[idx“tml] = RELU(rf[idxdﬂ”4], rf[idxsm”J])

rflidx,,"] = RELU(rflidx,,"], rflidx,"])

(c) Max pool, batch norm and activation
micro-coded program

(a) Blocked convolution program with multiple thread contexts
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EXISting Approach

High-level data flow graph

Primitive Tensor operators such as Conv2D
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EXISting Approach

High-level data flow graph

Primitive Tensor operators such as Conv2D

eg. CuDNN Offload to heavily optimized

DNN operator library
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Existing Approach: Engineer Optimized
Tensor Operators

Matmul: Operator Specification
C = tvm.compute((m, n),

lambda y, x: tvm.sum(A[k, y] * B[k, x], axis=k))

___________________________________
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Existing Approach: Engineer Optimized
Tensor Operators

Matmul: Operator Specification
C = tvm.compute((m, n),

lambda y, x: tvm.sum(A[k, y] * B[k, x], axis=k))

___________________________________

Vanilla Code
& for y in range(1024):
for x in range(1024):
Clyl[x] = 0
for k in range(1024):

Clyl [x] += Alk]I[y]l *x BI[k] [x]




Existing Approach: Engineer Optimized
Tensor Operators

Matmul: Operator Specification = =~
C = tvm.compute((m, n), :

lambda y, x: tvm.sum(A[k, y] * B[k, x], axis=k))

Loop Tiling for Locality
& for yo in range(128):
for xo in range(128):

Clyo*x8:yox8+8] [xox8:x0*x8+8] = 0
for ko in range(128):
for yi in range(8):
for xi in range(8):
for ki in range(8):
Clyox8+yi] [x0*k8+x1i] +=
Al[kox8+ki] [yox8+yi] * B[kox8+ki] [x0o*8+xi]




Existing Approach: Engineer Optimized
Tensor Operators

Matmul: Operator Specification . _______
C

tvm.compute((m, n),

lambda y, x: tvm.sum(A[k, yl * B[k, x], axis=k))

Map to Accelerators
inp_buffer AL[8][8], BLI[8]I[8]
acc_buffer CL[8][8]

for yo in range(128):
for xo in range(128):

vdla.fill zero(CL)

for ko in range(128):
vdla.dma_copy2d (AL, A[kox8:ko*8+8] [yox8:yo*x8+8])
vdla.dma_copy2d(BL, B[ko*8:ko*8+8] [x0*8:x0%8+8])
vdla. fused_gemm8x8_add(CL, AL, BL)

vdla.dma_copy2d(C[yo*8:yox8+8,x0*8:x0x8+8], CL)

Human exploration of optimized code

0
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New operator introduced
by operator fusion optimization

a potentially benefit: 1.5x speedup
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| Imitations of Existing Approach

New operator introduced
by operator fusion optimization

3 potentially benefit: 1.5x speedup
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Frameworks — “50°
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Leamlng pased Learning System

Hardware aware Search Space of Optimized Tensor Programs
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Hardware aware Search Space of Optimized Tensor Programs

Machine Learning based Program Optimizer
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| earning-based Learning System

Hardware aware Search Space of Optimized Tensor Programs

Machine Learning based Program Optimizer

directly generate optimized program
for new operator workloads and hardware
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Hardware-aware Search Space

Tensor Expression Language (Specification)
 C = tvm.compute((m, n),

| lambda y, x: tvm.sum(A[k, yl] * Blk, x], axis=k))

\ ./

I Hardware
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Hardware-aware Search Space

Tensor Expression Language (Specification)

 C = tvm.compute((m, n), :
. lambda y, x: tvm.sum(Alk, yl * Blk, xI, axis=k))
\

-

Define search space of hardware aware
mappings from expression to hardware program

Based on Halide’s compute/schedule separation

- Y

(
I Hardware
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Hardware-aware Search Space

Compute Primitives Memory Subsystem

scalar vector

implicitly managed

Loop Cache o
: : Vectorization
Transformations Locality

Reuse primitives from prior work:
Halide, Loopy




Challenge to Support Diverse Hardware Backends

GPUs TPU-like specialized
Accelerators




Hardware-aware Search Space

Compute Primitives Memory Subsystem

GPUs

scalar vector




Hardware-aware Search Space

Compute Primitives Memory Subsystem

GPUs -
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Hardware-aware Search Space

Compute Primitives Memory Subsystem

GPUs -

I
N

n
g

Illlllll EEEE llllllll EEEE
EEEEEEEE EEEE EEEEEEEE BEEEE TX/L1
EEEEEEEE EEEE EEEEEEEE EEEE

scalar vector

< |
SE

mixed

Shared memory among
compute cores

Use of Shared Thread
Memory Cooperation




Hardware-aware Search Space

TPU-llke SpeCi alized Compute Primitives Memory Subsystem
EEEEEEEE EEEE

Accelerators EENNNEEE EEEE
HEEEEEEN ° HEEE
- - SEEEEEEE mEEE

tensor explicitly managed




Hardware-aware Search Space

TPU-llke SpeCi alized Compute Primitives Memory Subsystem
EEEEEEEE EEEE

Accelerators AEEEEEEE mEmE
R SEEEEEEN * SEER

tensor explicitly managed
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Tensorization Challenge

HENEEEEEE EEEE HEEEEEEEE EEEE HEEEEEEN

HENEEEEEE EEEE HEEEEEEE EEEE HEEEEEEN
Compwste ~ SESENSS SN  NEESESES ESSE  NSSSSSER BEe:
primitives ~ EEESESER-Eums  ESSSEES° EESS

HENEEEEEE EEEE HNEEEEEE EEEE

HENEEEEEE EEEE HEENEEEEE BEEEN

tensor

scalar vector

Hardware designer:
declare tensor instruction interface
with Tensor Expression

w, X = t.placeholder((8, 8)), t.placeholder((8, 8))
t.reduce_axis((@, 8))
t.compute((8, 8), lambda i, j:

t.sum(wli, k] * x[j, k], axis=k))

declare behavior

def gemm_intrin_lower(inputs, outputs): lowering rule to generate

ww_ptr = inputs[@].access _ptr(“r") hardware intrinsics to carry
xx_ptr = inputs[1l].access_ptr("r") <«— out the computation
zz_ptr = outputs[0@].access_ptr("w")

compute = t.hardware_intrin("gemm8x8",
= t.hardware_intrin("fill_zero",

reset
update

ww_ptr, xx_ptr, zz_ptr)
zz_ptr)
t.hardware_intrin("fuse_gemm8x8_add",

ww_ptr, xx_ptr, zz_ptr)

return compute, reset, update

gemm8x8 =

t.decl_tensor_intrin(y.op, gemm_intrin_Tlower)



Compute
primitives

scalar

Hardware designer:

vector

declare tensor instruction interface
with Tensor Expression

x = t.placeholder((8, 8)), t.placeholder((8, 8))
reduce_axis((0, 8))

W,
K
y

def gemm_intrin_lower(inputs, outputs):
inputs[0].access_ptr(“r")
inputs[1].access_ptr("r")
outputs[0].access_ptr("w")
compute = t.hardware_intrin("gemm8x8",
reset = t.hardware_intrin("fill_zero",
update = t.hardware_intrin("fuse_gemm8x8_add",
return compute, reset, update

ompute((8, 8),

ww_ptr
XX_ptr
zz_ptr

gemm8x8 =

lambda 1, j:
t.sum(wli, k] * x[j, k], axis=k))

declare behavior

lowering rule to generate
hardware intrinsics to carry

<«— out the computation

ww_ptr, xx_ptr, zz_ptr)
zz_ptr)
ww_ptr, xx_ptr, zz_ptr)

t.decl_tensor_intrin(y.op, gemm_intrin_Tlower)

tensor

Tensorization Challenge

Tensorize:

transform program

scalar

>

to use tensor instructions

tensor
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TPU-llke SpeCi alized Compute Primitives Memory Subsystem
EEEEEEEE EEEE

Accelerators EBEEEEEE BmEE
HEEEEEEN ° HEEE
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tensor

explicitly managed




Hardware-aware Search Space

Tensor Expression Language
 C = tvm.compute((m, n),

| lambda y, x: tvm.sum(A[k, yl] * Blk, x], axis=k))

\ ./

I Hardware
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Hardware-aware Search Space

Tensor Expression Language
 C = tvm.compute((m, n),

___________________________________

Loop Thread Cache
Transformations Bindings Locality

Primitives in prior work:
Halide, Loopy

I Hardware
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Hardware-aware Search Space

Tensor Expression Language

\

| lambda y, x: tvm.sum(A[k, yl] * Blk, x], axis=k))

Loop Thread Cache
Transformations Bindings Locality
Ne(\]/Iv prirglliti\_/re:JcirkGPUs, ead Tensorization Latency
andenabie TlIKe Cooperation Hiding
Accelerators

I Hardware

' C = tvm.compute((m, n), |
I
I

Primitives in prior work:
Halide, Loopy




Hardware-aware Search Space

Tensor Expression Language
,C = tvm.compute((m, n), |

. lambda y, x: tvm.sum(A[k, yl % B[k, xI, axis=k))

___________________________________

Loop Thread Cache
Transformations Bindings Locality
Jareac Tensorization Latency
Cooperation Hiding
Hardware

_____—__—_—__—____—_—_—_—_—_—_—_—_—__—_—_J




Hardware-aware Search Space

Tensor Expression Language
,C = tvm.compute((m, n), |

. lambda y, x: tvm.sum(A[k, yl % B[k, xI, axis=k))

___________________________________

Loop Thread Cache
Transformations Bindings Locality
Jareac Tensorization Latency
Cooperation Hiding
Hardware
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Hardware-aware Search Space

Tensor Expression Language
,C = tvm.compute((m, n), |

. lambda y, x: tvm.sum(A[k, yl % B[k, xI, axis=k))

Billions

Loop Thread Cache

of pOSSibIe Transformations Bindings Locality
timization

op i S RIEac Tensorization Latency

choices Cooperation Hiding

I Hardware

_____—__—_—__—____—_—_—_—_—_—_—_—_—__—_—_J
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Some Quick Results



End to End Inference Performance (Nvidia Titan X)
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B Tensorflow-XLA
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- 0.0-
ResNet-18 MobileNet LSTM LM DQN DCGAN
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Backed by cuDNN
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End to End Inference Performance (Nvidia Titan X)
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standard models



End to End Inference Performance (Nvidia Titan X)

 Tensorflow B Apache MxNet

B Tensorflow-XLA

0.9
0.8-
0.7-
0.6-
0.5
0.4
0.3
0.2
0.1

0.0-

ResNet-18 MobileNet

LSTM LM DQN DCGAN

| TVM: without graph optimizations
I TVM: all optimizations

Competitive on
standard models

Bigger gap on
less conventional
models



Across Haradware Platforms

ARM CPU(A53)

2 Tensorflow Lite

T TVM w/o graph opt

300.0
700.0+1
600.0 1
“»n"500.01
S
@ 400.0-
£
— 300.0-
200.0 1
100.0-

0.0-

ResNet-18

MobileNet

12.0

10.01
3.01
6.01
4.01
2.01

0.0-

B TVM

DQN

ARMComputeLib

ARM GPU(MALI)

I TVM w/o graph opt

250.0
200.0-

€ 150.01

=

.= 100.0-

50.0-

0.0-

float32

floatl6
ResNet-18

float32

floatl6

MobileNet

5.0

4.0
3.01
2.01

1.0+

0.0-
float32

B TVM

float16
DQN
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Machine Learning based Program Optimizer
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Hardware aware Search Space of Optimized Tensor Programs

Machine Learning based Program Optimizer

VTA: Open, Customizable
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Edge FPGA Data Center FPGA

" webservices
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Hardware aware Search Space of Optimized Tensor Programs

Machine Learning based Program Optimizer

VTA: Open, Customizable
Deep Learning Accelerator

Edge FPGA Data Center FPGA
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More on the High-Level Optlmlzatlons

Relay: High-Level Differentiable IR

Hardware aware Search Space of Optimized Tensor Programs

Machine Learning based Program Optimizer

VTA: Open, Customizable
Deep Learning Accelerator

Edge FPGA Data Center FPGA

1
“rEramazon

" webservices
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TVM Open Source Community

' ' ' ' 11 commit results in dmlc/tvm Sort: Best match ~
e Prefer public archivable discussion
[ COMMUNITY ] new community guideline Verified &  7858ale o
(#2077)

ﬁ tqchen committed to dmlic/tvm 22 days ago

e Open RFC discussion

[ COMMUNITY ] @ajtulloch -> Reviewer (#2236) £1  069aa38 <>

-ﬁi ZihengJiang authored and tqchen committed to
dmlc/tvm 3 days ago v

‘ B ri n g i n n eW m e m berS by m e rit [ COMMUNITY ] @masahi -> Committer (#2252)

Ea  57a53ee <>
'H yzhliu authored and tqchen committed to dmic/tvm
5 daysago v
[ COMMUNITY ] @grwlf -> Reviewer (#2190) Verified g2 d37efsd ¢

P tqgchen committed to dmic/tvm 13 days ago v

https://docs.tvm.ai/contribute/community.html
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