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Goal: Deploy Deep Learning Everywhere

Explosion of models and frameworks

Huge gap between model/frameworks and
hardware backends

Explosion of hardware backends
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VM

import tvm
from tvm import relay

graph, params =
frontend. from _keras(keras resnet50)
graph, lib, params =
relay.build(graph, target)

Compile

Deploy

module = runtime.create(graph, lib, tvm.gpu(0))
module.set_input (**kparams)

module. run(data=data_array)

output = tvm.nd.empty(out_shape, ctx=tvm.gpu(0))
module.get_output(@, output)

> Deployable Module

prediction tabby, tabby cat
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mlVM

import tvm
from tvm import relay

graph, params =
frontend. from _keras(keras resnet50)

graph, lib, params =
relay.build(graph, target)

Compile

On languages and platforms you choose

Deploy

module = runtime.create(graph, lib, tvm.gpu(0))
module.set_input (**kparams)

module. run(data=data_array)

output = tvm.nd.empty(out_shape, ctx=tvm.gpu(0))
module.get_output(@, output)

> Deployable Module

prediction tabby, tabby cat




Across Haradware Platforms

" Tensorflow Bl Apache MxNet [ TVM: without graph optimizations

B Tensorflow-XLA B TVM: all optimizations
7.0 0.9

ogd
0.7-
0.6-
0.5-
0.4-
0.3-
0.2-
0.1-

- 0.0-
ResNet-18 MobileNet LSTM LM DQN DCGAN




Across Haradware Platforms
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TVM In Productions

o AWS: Deep Learning Compiler in SageMaker Neo.
e Huawel: Compiler support for Ascent Al ASIC Chip.

e FB: caffe2/pytorch automatic optimization on mobile
devices.

® https://sampl.cs.washington.edu/tvmcont/

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

Ox00:
Ox01:
0x02:
Ox03:
Ox04:
0x05:
0x06:
Ox07:
0x08:
0x09:
Ox0A:

LOAD (PARAM[ 0-717)
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:
Ox0C:
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[32-39])
PUSH(ST->EX)

// V%rtual Thread 2

Ox15:
0x16:
Ox17:
Ox18:
0x19:
Ox1A:
Ox1B:
Ox1C:
Ox1D:
Ox1E:
Ox1F:

POP (EX->LD)
LOAD (PARAM[ ©-717])
LOAD (ACTIV[ 0-24])
LOAD (LDBUF[ ©-317])
PUSH(LD->EX)
POP (LD->EX)
POP (ST->EX)

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

// Virtual Thread 3

0x20:
Ox21:
Ox22:
Ox23:
Ox24:
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 O 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,,'])

rflidx, "] +=

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

(b) Convolution micro-coded program

//
//

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

/7

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

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

rflidxy,’] = MAX(rf[idx,.°], rflidx,°1)

rflidxy,'l = MAX(rflidx,,'l, rflidx,. 1)

7/ batch norm

rflidx,."1)

src

rflidx,, "] = MUL(rflidx,,"],

rflidxg, "]
rflidxy,"?]
rflidx,,"?]

ADD (rf [idxy,, ™1, rflidx, ™)
MUL (rf[1dxg,™2], rflidx,™2])
ADD (rf [idXy, ™1, rflidx,, 1)

7/ activation
rf[idx“tml] = RELU(rf[idxd“"4], rf[idxsmnﬂ])

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

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

(a) Blocked convolution program with multiple thread contexts

38
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High-level data flow graph

Primitive Tensor operators such as Conv2D




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

I
I
. lambda y, x: tvm.sum(Alk, yl * Blk, xI, axis=k))

___________________________________
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Existing Approach: Engineer Optimized
Tensor Operators

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

I
I
. lambda y, x: tvm.sum(Alk, yl * Blk, xI, axis=k))

___________________________________

Vanilla Code
& for y in range(1024):

for x in range(1024):

Clyl[x] = 0
for k in range(1024):

Clyl [x] += A[k]l[y] * B[k] [x]

10



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]

11



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*x8:ko*x8+8] [x0*8:x0*x8+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

12
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. Frameworks

New operator introduced
by operator fusion optimization

3 potentially benefit: 1.5x speedup
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by operator fusion optimization

3 potentially benefit: 1.5x speedup
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High-level data flow graph and optimizations
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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




| 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))
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Hardware-aware Search Space

Tensor Expression Language (Specification)

C = tvm.compute((m, n),

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

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

Based on Halide’s compute/schedule separation

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
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Challenge to Support Diverse Hardware Backends

TPU-like specialized
Accelerators
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Hardware-aware Search Space

Compute Primitives Memory Subsystem

GPUs

scalar vector

mixed
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Hardware-aware Search Space

Compute Primitives Memory Subsystem

GPUs .. -

llllllll Illlllll m m
SEsEiEEE L TX/L1
scalar vector

mixed

= Shared memory among

compute cores
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Hardware-aware Search Space

Compute Primitives Memory Subsystem

GPUs -

I
N

n
g
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EEEEEEEE EEEE EEEEEEEE EEEN
scalar vector

< |
SE

mixed

Shared memory among
compute cores

Use of Shared Thread
Memory Cooperation
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Hardware-aware Search Space

TPU-like SpeCi alized Compute Primitives Memory Subsystem

Accelerators EENNEEEN EEEN
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tensor

explicitly managed
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Hardware-aware Search Space

TPU-like SpeCi alized Compute Primitives Memory Subsystem
EEEEEEEE EEEE

Accelerators HHHHHH

tensor

explicitly managed
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Tensorization Challenge

C t EEEEEEEE EEEE EEEEEEEE EEEE EEEEEEEE EEEE
ompute EEEEEEEE  EEEE EEEEEEEE  EEEE EEEEENEE  EEEN

it EEEEEEEE * EEEE EEEEEEEE * EEEE EEEEEEEE * EEEE
primitives EEEEEEEE BEEEE EEEEEEEE BEEEE EEEEEEEE BEEE

scalar vector tensor

Hardware designer:
declare tensor instruction interface
with Tensor Expression

w, X = t.placeholder((8, 8)), t.placeholder((8, 8)) decl behavi
k = t.reduce_axis((0, 8)) eclare benavior

y = t.compute((8, 8), lambda i, j:
t.sum(wli, k] * x[j, k], axis=k))

def gemm_intrin_lower(inputs, outputs): Iowerlng W'e_to _generate
ww_ptr inputs[0].access_ptr(“r") hardware intrinsics to carry
xx_ptr = inputs[1l].access_ptr("r") <«— out the computation
zz_ptr = outputs[@].access_ptr("w")
compute = t.hardware_intrin("gemm8x8", ww_ptr, xx_ptr, zz_ptr)
reset = t.hardware_intrin("fill_zero", zz_ptr)
update = 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)

21



Tensorization Challenge

EEEEEEEE EEEE EEEEEEEE EEEE EEEEEEEE EEEE
EEEEEEEE EEEE EEEEEEEE EEEE ENEEEEEE EEEE
comute  NESSEENY NS  ENRRESER ENSR  NNENRRR DAES
primitives EEMEmmES EmmS ~ EmmmmEEE mEEE
EEEEEEEE EEEE EEEEEEEE EEEE
EEEEEEEE EEEE EEEEEEEE EEEE
scalar vector tensor
Hardware designer: Tensorize:
declare tensor instruction interface transform program
with Tensor Expression to use tensor instructions
\,IZ =x = ’édﬁlzc:?(cl);c(l?g((g))S)), t.placeholder((8, 8)) declare behavior
y = t.compute((8, 8), lambda i, j: _ EEEEEEEE EEEE HEEEEEEE NEEEN
t.sum(wl[i, k] * x[j, k], axis=k)) | ======== ==== ======== ====
def gemm_intrin_lower(inputs, outputs): lowering W'e_to _generate ======== ==== ======== ====
ww_ptr = inputs[0].access_ptr("r") hardware intrinsics to carry EEEEEEEE EEEE ENEEEEEE BEEN
S Tbtr - outputsl0] access ptr(mey <+ Cutthe computation SENNEEEE EEAS SEEEEEEE EEES

compute = t.hardware_intrin('"gemm8x8", ww_ptr, xx_ptr, zz_ptr)

reset = t.hardware_intrin("fill_zero", zz_ptr) scalar tensor
update = 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)

21



Hardware-aware Search Space

TPU-like SpeCi alized Compute Primitives Memory Subsystem

Accelerators EENNEEEN EEEN
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tensor

explicitly managed
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Hardware-aware Search Space

TPU-like SpeCi alized Compute Primitives Memory Subsystem
Accelerators EEEEEEEE EEES
EEEEEEEE EEEE
(g e o EEEEEEEE ° EEEE

tensor

explicitly managed
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Single Module
No Task-Pipelining

store store
outputs outputs



Software Support for Latency Hiding

N, i S e O
No Task-Pipelining outputs

Multiple-Module
Task-Level Pipelining
store
outputs




Software Support for Latency Hiding

No Task-Pipelining outputs

Multiple-Module
Task-Level Pipelining

Explicit dependency tracking - tputs
managed by software to hide memory latency




Hardware-aware Search Space

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

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

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

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

___________________________________

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

\

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

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

Loop Thread Cache
Transformations Bindings Locality
Negv prirtr)lliti\_/re:JolrkGPUs, ead Tensorization Latency
andenabie TlIKe Cooperation Hiding
Accelerators

I Hardware
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Primitives in prior work:
Halide, Loopy




Hardware-aware Search Space

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

___________________________________

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

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

___________________________________

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

Billions

of possible
optimization
choices

Hardware

Tensor Expression Language

C = tvm.compute((m, n),

___________________________________

Loop Thread Cache
Transformations Bindings Locality
AISas Tensorization Latency
Cooperation Hiding

__—_—__—_—_—_—_—_—_—_—_—_—_—_J
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| earning-based Program Optimizer

\
Program Optimizer
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| earning-based Program Optimizer

0-5-0-0

T~

o rogram LTI
Program Optimizer Code Generator 09" e

Runtime Measurements

High experiment cost,
each trial costs ~1second .
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| earning-based Program Optimizer
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| earning-based Program Optimizer

0-5-0-0

T~

o Program oot N
Program Optimizer Code Generator /,,f- /|

-
’
e

S

Cost Model

Need reliable cost model per hardware

29



| earning-based Program Optimizer

0-5-0-0

T~

- rogram
Program Optimizer Code Generator __ 9 , T

30



| earning-based Program Optimizer

0-8-0-0

~

= ;‘?"TJ;'}P -.- Rl
imi rogram TS
Program Optimizer Code Generator 09/ 4™ AR

~f
.\
- < yo o .
— . : |
. i : & s #
-- .
’ By 4
: —_
"]

D

B B

Training data

30



| earning-based Program Optimizer

0-5-0-0

T~

- rogram M SIS .
Program Optimizer Code Generator —,g RT RREY  y
Statistical Cost Model D

~—— e

Training data

30



| earning-based Program Optimizer

0-5-0-0

T~

D
Program Optimizer Code Generator rogram
Leaming /
Statistical Cost Model 7D, —

~—— I

Training data

Adapt to hardware type by learning
Make prediction in Tms level

30



Fffectiveness of ML based Model

1.50 -

1.25 -

T e e .

0.75 -

0.00 -

0.25 -

0.00 | | | | | | |
0 100 200 300 400 500 600 700 300



Fffectiveness of ML based Model

1.50 -
1.25 -
IV e e .
0.75 -

0.00 -

One Conv2D Layer of
0.20 - ResNet18 on Titan X

0.00 | | | | | | |
0 100 200 300 400 500 600 700 300

31



Fffectiveness of ML based Model

1.50 -
1.25 -
IV e e .
0.75 -

0.00 -

One Conv2D Layer of
0.20 - ResNet18 on Titan X

0.00 | | | | | | |
0 100 200 300 400 500 600 700 300

Number of Trials
37



Relative Speedup

Fffectiveness of ML based Model

1.50 -
1.25 -
IV e e .
0.75 - k\\\\\

0.00 -

0.25 -

0.00

One Conv2D Layer of
ResNet18 on Titan X

0

100

200

300 400 D00 600
Number of Trials
37

700

300

Baseline: CuDNN



Relative Speedup

Fffectiveness of ML based Model

1.50 -

1.25 -

1004 = e D

0.75 -

0.00 -

0.25 -

0.00

One Conv2D Layer of
ResNet18 on Titan X

0

100

200

300 400 D00 600
Number of Trials
32

700

300

\\TVM: Random Search

Baseline: CuDNN



Relative Speedup

Fffectiveness of ML based Model

1.50 - TVM: ML-based Model
1.25 -
e e e TVM: Random Search
0.75 - \
Baseline: CuDNN

0.50

One Conv2D Layer of
0.25 ResNet18 on Titan X
OOO | | | | | | |

0 100 200 300 400 500 600 700 300

Number of Trials
33



[Transter and Litelong Learning

Tensor Operator A
¢ Proposal

Exploration Module _—, Code Generator




[Transter and Litelong Learning

Tensor Operator A
¢ Proposal

Program C i P
Exploration Module _—, Code Generator ——————— <A C s



[Transter and Litelong Learning

Tensor Operator A
¢ Proposal

. Program C i P
Exploration Module _—, Code Generator ——————— <A C s

Collected data from Operator A

— — A&

D

~—— e




[Transter and Litelong Learning

Tensor Operator A
¢ Proposal

| Program e g
Exploration Module — 5 Code Generator —— ‘*—. P

Collected data from Operator A

— — 4
Tensor Operator B Cost Model

Exploration Module



[Transter and Litelong Learning

Tensor Operator A
¢ Proposal

. Program
Exploration Module __, Code Generator ——————————» 2

> = -"\».. 7:\\ :
9 .
Collected data from Operator A
— —

l

Tensor Operator B Cost Model

Exploration Module — Code Generator — '}"ﬁ-' &7




TFLOPS

impact of Iransfer Learning

— GBT-Transfer TreeGRU-Transfer — GBT — TreeGRU

Cl-Co6 -> C7 Cl-Co -> C8 Cl-Co -> C9 Cl1—-C6 -> Matmul-1024

1.0 ——r"""""""] '_,—:—' f
04 ' _ ——
. '—r‘ 1 ,-,J_r_d—’— .
' 0.2 -
OO | | OO | | O | | O | |
50 100 150 50 100 150 50 100 150 50 100 150

Number of Trials Number of Trials Number of Trials Number of Trials



impact of Iransfer Learning

— GBT-Transfer - TreeGRU-Transfer — GBT — TreeGRU

Cl-Co6 -> C7 Cl-Co6 -> C8 Cl-Co -> C9 Cl1-C6 -> Matmul-1024
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0.4 _
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OO | | OO | | O | | O | |
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Number of Trials Number of Trials Number of Trials Number of Trials

3x to 10x speedup over non-transfer case
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Developer Search Space Specification

normal schedule: single configuration template schedule: space of configs
def matmul(N, L, M, dtype): i @autotvm temp late
. A = tvm. placeholder((N L), name='A', dtype=dtype) : def matmul(N, L, M, dtype):
B = tvm.placeholder((L, M), name='B', dtype=dtype) ! A = tvm. placeholcer((N, L), name='A', dtype=dtype)
k = tvm.reduce_axis((0, L); name='Kk"') B = tvm.placeholder((L, M), name='B', dtype=dtype)
C = tvm.compute((N, M), lambda i, j: k = tvm.reduce axis((@, L), name='k")
tvm.sum(A[i, k] * B[k, jl, axis=k), name='C") C = tvm.compute((N, M), lambda i, j:

s = tvm.create_schedule(C.op) i i tvm.sum(A[i, k] * B[k, jl, axis=k), name='C")
’ ’ s = tvm.create_schedule(C.op)

# schedule : :

y, X = s[C]l.op.axis i i y, X = s[Cl.op.axis

k = s[C].op.reduce_axis[0] § § k = s[C].op.reduce_axis[0]

yo, yi = s[Cl.split(y, 8) E E cfg = autotvm.get_config()

x0, xi = s[C].split(x, 8) § i cfg.define_split("tile_y", y, num_outputs=2)

s[C].reorder(yo, xo, k, yi, xi) § § cfg.define_split("tile x", x, num outputs=2)

return s, [A, B, C]
# schedule according to config
yo, yi = cfgl["tile_y"].apply(s, C, vy)
X0, xi = cfg["tile_x"].apply(s, C, x)
s[C].reorder(yo, xo, k, yi, xi)
return s, [A, B, C]



Developer Search Space Specification

normal schedule: single configuration

def matmul(N L, M, dtype):

. = tvm. placeholder((N L), name='A', dtype=dtype)
tvm.placeholder((L, M), name='B', dtype=dtype)
tvm. reduce axis((@, L), name='k")
tvm.compute( (N, M), lambda i, j: ;
tvm.sum(A[i, k] %= B[k, jl, axis=k), name='C"')
tvm.create_schedule(C.op) '

O X 0>
]

S

# schedule

y, X = s[C].op.axis

k = s[C].op.reduce_axis[0]

yo, yi = s[C].split(y, 8)

xo0, x1i = s[C].split(x, 8)
s[C].reorder(yo, xo, k, yi, xi)
return s, [A, B, C]

Space of configurations

F___—

template schedule: space of configs

@autotvm template
def matmul(N L, M, dtype):
tvm. placeholcer((N, L), name='A', dtype=dtype)
tvm.placeholder((L, M), name='B', dtype=dtype)
tvm.reduce_axis((@, L), name='k")
tvm.compute( (N, M), lambda i, j:

tvm.sum(A[i, k] * B[k, jl, axis=k), name='C")
s = tvm.create_schedule(C.op)

O X 0>

# schedule according to config

yo, yi = cfgl["tile_y"]l.apply(s, C, vy)
X0, xi = cfg["tile_x"].apply(s, C, x)
s[C].reorder(yo, xo, k, yi, xi)
return s, [A, B, C]

y, X = s[C].op.axis |
k = s[C]l.op.reduce_axis[0] L
cfg = autotvm.get_config() il
cfg.define_split("tile_y", y, num_outputs=2) E
cfg.define_split("tile_x", x, num_outputs=2) |
________________________ -



1he Master lemplate

@autotvm.template -

def matmul(N, L, M, dtype): Remove the need of writing templates
tvm. placeholder((N L), name='A', dtype=dtype)

tvm.placeholder((L, M), name='B', dtype=dtype)

tvm. reduce_axis((0, L), name='k"')

tvm. compute( (N, M), lambda i, j: Analyze the axis relation

tvm.sum(A[i, k] %= B[k, j], axis=k), name='C")

O X 0>
[

s = autovm.master_schedule(C.op)

e s A B O] Enumerate all possible patterns
L eave the job to the optimizer
Promising results on CUDA

Active on-going research



1he Master lemplate

@autotvm.template -

def matmul(N, L, M, dtype): Remove the need of writing templates
tvm. placeholder((N L), name='A', dtype=dtype)

tvm.placeholder( (L, M), name='B', dtype=dtype)

tvm. reduce_axis((@, L), name='k")

tvm. compute( (N, M), lambda i, j: Analyze the axis relation

tvm.sum(A[i, k] %= B[k, j], axis=k), name='C")

O X 0>
[l

s = autovm.master_schedule(C.op)

return s, [A, B, C] <  Enumerate a” pOSSlb‘e paﬁems

L eave the job to the optimizer

Promising results on CUDA
Summarizes common

Optimization lessons Active on-going research
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Device Fleet: Scaling up AutoTVM

AutoTVM Operator
Configuration Space

AutoTVM Tuner
e.g, XGBoost-Reg +
MCMC + Simulated

Annealing

AutoTVM Operator
Template
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Device Fleet: Scaling up Auto

RPC

AutoTVM Operator Device

Configuration Space

Device Status

\ AutoTVM Tuner

e.g, XGBoost-Reg + Device Handle

MCMC + Simulated -

Annealing
Device Request

TVM Fleet
Tracker

AutoTVM Operator

Template




Device Fleet: Scaling up Auto

Fleet Dashboard

RPC
AutoTVM Operator Device

Configuration Space

Device Status

AutoTVM Tuner Device Handle
e.g, XGBoost-Reg +

MCMC + Simulated -

Annealing
Device Request

TVM Fleet
Tracker

AutoTVM Operator

Template




RPC + Tracker: develop /ocally, execute remotely

RPC Tracker

SN Seredey

TITAN X




Low Level: Portable RPC Tracker + Server

Resource Manager Red modules
(Tracker) .- RPC JIT || Hardware | can be
/ 5 Retscl)(urce | RT [ driver [] bitstream [T reconfigured
/ oken remotely in
Resource Allocation ’/ Y] [FIREN D0k each session
Al fepo|[wBRT  [reo |[moem |
1 RT [ | RT [] tasks /|7
— , RPC Session tasks ~
Optimization Service Data Path Nvidia GPU Server AMD GPU Servér
CFOS_? i F:.PC _ RPC | | OpenCL RPC ARM
SOIEL o] e 1 RT tasks 1 RT [ tasks |
Optimization Service Android Phone Raspberry Pi
______________ S o m e
i Workload 1 | Shared cluster of
' | ML-based | heterogeneous devices
' | cost model Prioritizer Workload 2 | |
i Workload 3 i

Running optimization services

42
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-leet Iracker Example

tracker = rpc.connect_tracker(tracker_host, tracker_port)

43



-leet Iracker Example

remote = tracker.request(key, priority=0, session_timeout=60)

43



-leet Iracker Example

context = remote.cl(0)



-leet Iracker Example

remote.upload('my_ library.so')



-leet Iracker Example

a = tvm.nd.array(a_numpy_array, context)



-leet Iracker Example

b = tvm.nd.array(b_numpy array, context)



-leet Iracker Example

func = remote.load_module('my library.so')



-leet Iracker Example

func_timer = func.time_evaluator(func.entry_name, context,
number=10)

43



-leet Iracker Example

cost = func timer(a, b).mean



-leet lracker Example
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End to End Inference Performance (Nvidia Titan X)

" Tensorflow Bl Apache MxNet [ TVM: without graph optimizations
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End to End Inference Performance (Nvidia Titan X)

ResNet-18 MobileNet
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End to End Inference Performance (Nvidia Titan X)

B Tensorflow-XLA

 Tensorflow B Apache MxXNet

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



End to End Performance(ARM Cortex-A53)

I Tensorflow Lite Z0 TVM w/o graph opt s TVM
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End to End Performance(ARM Cortex-A53)

Specially optimized for
/ Embedded system(ARM)

I Tensorflow Lite Z0 TVM w/o graph opt s TVM

800.0 12.0
700.0- 00.
600.0-

75000 8.0-

T 4000 6.0

= 300.0- 4.0-
200.0-

100.0- 2.0-
0.0- 0.0-

ResNet-18 MobileNet DQN

48



End to End Performance(ARM GPU)

ARMComputelLib S TVM w/o graph opt BN TVM

250.0 50
20001 404
‘é’ 15001 304
=
= 10004 504
50041 104

' ' 0.0 '
float32 floatl6 float32 float16 float32 float16
ResNet-18 MobileNet DQN
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Supporting New Spemahzed Accelerators

Hardware aware Search Space of Optimized Tensor Programs

Machine Learning based Program Optimizer
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Supporting New Spemahzed Accelerators

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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TVM/VTA: Full Stack Open Source System

O 9 F & @

Tensor Program Search Space

ML-based Optimizer

51
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TVM/VTA: Full Stack Open Source System

O O ¢ &

Tensor Program Search Space

ML-based Optimizer

VTA Runtime & JIT Compiler

VTA Hardware/Software Interface (ISA)

VTA MicroArchitecture VTA Simulator

N
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TVM/VTA: Full Stack Open Source System
@

>
High-level Optimizations ¢ JIT compile accelerator
micro code

Tensor Program Search Space

* Support heterogenous

devices, 10x better than

VTA Runtime & JIT Compiler
CPU on the same board.

VTA Hardware/Software Interface (ISA)
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TVM/VTA: Full Stack Open Source System

OO+ @ @

e JIT complile accelerator
MICro code

Tensor Program Search Space

ML-based Optimizer

® Support heterogenous
devices, 10x better than
CPU on the same board.

VTA Runtime & JIT Compiler

VTA Hardware/Software Interface (ISA)

VTA MicroArchitecture VTA Simulator

v o b ! A v . R4
£ v' ‘ o .; ’
BT e

_ NINg
wEramazon
I webservices

® \ove hardware complexity
to software

compiler, driver,
hardware design
~ full stack open source

5



VTA Hardware Architecture

Philosophy: simple hardware, provide software-defined flexibility



VTA Hardware Architecture

Philosophy: simple hardware, provide software-defined flexibility

INSTRUCTION FETCH MODULE
LOAD COMPUTE STORE
CMD Q CMD Q CMD Q
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REGISTER
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LOAD }
MODULE
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VTA Hardware Architecture

DRAM
l A
| INSTRUCTION FETCH MODULE |
| ; |
LOAD COMPUTE STORE
CMD Q CMD Q CMD Q
- ' LD—CMP Q ' CMP—ST Q Y
. . COMPUTE MODULE . .
y Y
REGISTER || MICRO-0OP
FILE BUFFER
LOAD 3 N STORE
MODULE MODULE
+—>| \ector ALU
CMP—LD Q Ll tensor core ST—CMP Q
<= <= J <= <=
A A
[ INPUT BUFFER — [ STORE BUFFER 41
[ WEIGHT BUFFER




Pipelining Tasks to Hide Memory Latency

LD: load

EX: compute
ST: store
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Pipelining Tasks to Hide Memory Latency

Monolithic Design

Load Stage

Execute Stage

G
latency savings

Store Stage

D: load low-level synchronization between tasks is explicitly managed by the software

EX: compute
ST: store
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Two-Level ISA Overview

Provides the right tradeoff between expressiveness and code compactness

 Use CISC instructions to perform multi-cycle tasks

* Use RISC micro-ops to perform single-cycle tensor operations

RO: RO + GEMM (A8, W3)
R2: MAX (RO, ZERO)
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CONV2D: layout=NCHW, chan=128, kernel=(3,3), padding=(1,1), strides=(1,1)
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VTA RISC Micro-Kernels

multiple RISC instructions define a micro-kernel,
which can be invoked by a CISC instruction

CONV2D: layout=NCHW, chan=128, kernel=(3,3), padding=(1,1), strides=(1,1)
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VTA RISC Micro-Kernels

multiple RISC instructions define a micro-kernel,
which can be invoked by a CISC instruction

CONV2D: layout=NCHW, chan=128, kernel=(3,3), padding=(1,1), strides=(1,1)

CONV2D: layout=NCHW, chan=256, kernel=(1,1), padding=(0,0), strides=(2,2)

CONV2D TRANSPOSE:




VTA RISC Micro-Kernels

micro-kernel programming gives us
software-defined flexibility

o X

.- th_'.a C R 5 e :

ResNet50
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High-Level Differentiable IR
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TVM Open Source Community

dmlc / tvm ® Unwatch~ = 283 % Unstar = 2,449 YFork 574
<> Code Issues 41 Pull requests 30 Projects 1 Wiki Insights Settings
Open deep learning compiler stack for cpu, gpu and specialized accelerators https://tvm.al Edit
compiler tensor deep-learning dsl gpu opencl metal performance javascript rocm tvm vulkan spirv Manage topics
v 1,968 commits ¥ 1 branch © 4 releases 42 166 contributors 5fs Apache-2.0



TVM Open Source Community

LI dmlc / tvm ® Unwatch~ 283 % Unstar = 2,449 YFork 574
<> Code Issues 41 Pull requests 30 Projects 1 Wiki Insights Settings
Open deep learning compiler stack for cpu, gpu and specialized accelerators https://tvm.al Edit
compiler tensor deep-learning dsl gpu opencl metal performance javascript rocm tvm vulkan spirv Manage topics
) 1,968 commits ¥ 1 branch © 4 releases 42 166 contributors 5fs Apache-2.0
]

Apache governance model: grant project ownership by merit.
11 committers, 29 reviewers, 166 contributors.

Contributed by the community, for the community.



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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TVM In Productions

o AWS: Deep Learning Compiler in SageMaker Neo.
e Huawel: Compiler support for Ascent Al ASIC Chip.

e FB: caffe2/pytorch automatic optimization on mobile
devices.

® https://sampl.cs.washington.edu/tvmcont/

VM.


https://sampl.cs.washington.edu/tvmconf/

TVM: Learning-based Deep Learning Compiler

O 9 & @




TVM: Learning-based Deep Learning Compiler

' Y
O & ¢ ® QA @

High-Level Differentiable IR




TVM: Learning-based Deep Learning Compiler

High-Level Differentiable IR

Tensor Expression IR



TVM: Learning-based Deep Learning Compiler




TVM: Learning-based Deep Learning Compiler

High-Level Differentiable IR

Tensor Expression IR
LLVM, CUDA, Metal VTA

Edge Cloud
FPGA FPGA

ASIC



TVM: Learning-based Deep Learning Compiler

Optimization

High-Level Differentiable IR

Tensor Expression IR
LLVM, CUDA, Metal VTA AutoVTA

Edge Cloud
FPGA FPGA

AutoTVM

ASIC Hardware Fleet




TVM: Learning-based Deep Learning Compiler

Optimization

High-Level Differentiable IR
AutoTVM

Tensor Expression IR

Edge Cloud

FEPGA  EPGA ASIC Hardware Fleet




TVM: Learning-based Deep Learning Compiler

Optimization

High-Level Differentiable IR
AutoTVM

Tensor Expression IR

Edge Cloud

FEPGA  EPGA ASIC Hardware Fleet




