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TVM Intro

TVM optimizations
ulVM - TVM for microcontrollers

Demo (|5mins)



Introducing [ VM

é Caffe? I TensorFlow @ ONNX 1E§

TensorFlow Lite

The open-source optimization framework for machine learning
* Ingests models from Pytorch, Tensorflow, ONNX, MxNet, etc.
e Targets x86,ARM, NVIDIA GPU,AMD GPU, MIPS, RISC-V, etc.
e Linux, Mac, iOS, Android, Zephyr OS,Windows, WebGPU etc.




What problems does TVM address!?

Portability:
* When there are limited hardware options to deploy your model

Efficiency & Productivity:

* When you need to squeeze as much efficiency out of your target platform
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Depthwise Batch Norm Pointwise Batch Norm
~ Conv  +RelU ~  Conv = +RelU

Keyword spotting DS-CNN model architecture from TF

limited SRAM, bare bones
operating system, no C++
support, no dynamic linking ...

AzureSphere: Microsoft’s
secure edge loT device

Deploying deep learning on AzureSphere using TVM, Hessar et al,, Blog post



TVM for Portability

 Use case #|: ML Engineer

* “I'm generally very happy with Tensorflow/Pytorch, but | was asked to deploy a model
on a platform that is not/poorly supported by these frameworks.”

e Challenge: non x86 ISAs, unsupported GPU/DSP/Accelerator, non-
mainstream Operating System

TVM provides the ability to deploy ML on platforms where

deployment would be painstakingly difficult otherwise




TVM for Efficiency + Productivity!

Workload:WaveRNN style model architecture Facebook Al/Systems
Engineer

e Compute dominated by GRU and FC layers

e 24kHz sampling frequency requires 40us inference net runtime

e |nitial model runs in PT with 3,400us inference net runtime

e 85x slower than target
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TVM @ Facebook,Tulloch et al.,TVM Conf 2019



TVM for Efficiency + Productivity

 Use case #2: ML-Sys Engineer

* “l am targeting a pretty mainstream system (e.g. x86, GPU) but | want to get the
most performance out of my model. Every millisecond | shave off results in $$$
savings for your service that you've deployed in the cloud.”

 Challenge: most frameworks rely on libraries that are optimized for the
common workload. Framework have inefficient interpreters (1-2us per op.
overhead on PT)

TVM provides model optimization capabilities to produce a library that

is fined tune for your one model to run fast on your one platform



TVM Impact on Industry

aWS Every “Alexa” wake-up today across all devices uses a model

optimized with TVM

. . - Bing query understanding: 112ms (Tensorflow) -> 34ms (TVM). QnA bot:
m Microsoft 537 ogme (CPU). 10.1ms-5.5ms (GPU) - TMeonf 2019.

“ITVM enabled] real-time on mobile CPUs for free...We are excited about the

OUALCONM-‘" “TVM is key to ML Access on Hexagon” - Jeft Gehlhaar, VP Technology

q r' m Unified ML stack for CPU, GPU, NPU built on TVM. TVMconf 2020.
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Cross-product of {Models} x {Hardware} is large.
Strong community support makes diversity manageable
and ensures future-proofness.

performance TVM achieves.” More than 85x speed-up for speech recognition model.
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Overview of this talk

AUTOMATIC OPTIMIZATION
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Learning-based AutoScheduling

MODELS FROM FRAMEWORKS
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(1) TVM Operator-level

IRModule (High-Level Differentiable Functions) ‘

Optimizations

IRModule (TensorIR Functions)
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CUDA, Metal, OpenCL,
Vulkan, ROCm

Minimal Portable Run Times
(C,Java, Rust, o, IS, C++)
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Dissecting the black box

the model

layer, a.k.a. operator
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xample of a operator implementation

Naive Approach Optimized Approach (snippet from 1000s lines of code)

pretetchtd PRCSIZLC * SIZL(%ebx, %kedx, 2)
FLD @ * SIZE(%ebx) # at = *(a offset + o ™ 1lda)
tmul 7%5t(1),%kst # atl *- bt1
void multlply(i:: ::E;HEE%: prefetchth PRFST7F * ST7F(%ecx)
int r.es[] [N]) faddp  Zst,%st(2) fr ¢tl +- at1l
{ FID 0 ¥ ST7F(%ecx) k at1 = *(a oflset? + 0 * 1da)
int 1; Js K
. : : prefetchte PRESIZE * SIZE(%ecx, %edx, 2)
for (1 = 0; 1 < N; 1++) ,
fmul %5t (1),4st # atl *= bt1l
{ . . . faddp  %sL,%sL(3) £ cl2 += al1
for (J = 0; J < N; J++)
{ Io- I oox faSter prefelchld PRESIZE * SIZE(X%ebx)
res[1][]] = @; r.p * SIZL(%ebx, %edx, 2) # at = *(a_oftset + 2 * lda)
for (k = @; k < N; k++) foul  %st(l),%st
res[i][j] += matl[i][k] *
mat2[k][J]; faddp  %st,%st(4)
} FIn 0 * ST7F(%ecx, Y%edx, ?) # at1 - *(a_offset? + 2 * 1da)
} fmulp  %st, %st(1)
} faddp  Zst,%st(4)
FLD 1 * SIZE(%esi)
FLD 1 * SIZE(Xcbx) # at = *(a_offset 1 0 * lda)
fmul 7%5t(1),%st # atl *= bt1
faddp  Z%sU,%s0(2) F cll += al1
r.p 1 * SIZLC(%ecx) # atl = *(a_offset2 + © * lda)



Halide programming model

Functional definition: what should this function do?

// The algorithm - no storage or order

blur x(x, y) = (input(x-1, y) + input(x, y) + input(x+1, y))/3;

blur y(x, y) = (blur x(x, y-1) + blur x(x, y) + blur x(x, y+1))/3;

Schedule definitions: how should the function do it?

// The schedule - defines order, locality; implies storage
blur y.tile(x, Vv, X1, Vi, < )

.vectorize(xi, 2).parallel(y);
blur x.compute at(blur y, x).vectorize(x, 2);




TVM schedule: Matrix Multiplication

Tensor-Expression DSL defines the algorithm and the schedule

Algorithm

te.reduce_axis((@, K), "k")

te.placeholder((M, K), name="A")

te.placeholder((K, N), name="B")

te.compute((M, N), lambda x, y: te.sum(A[x, k]l % B[k, y], axis=k), name="C(C")

N P X &
n u u nu

# Default schedule

vanilla schedule s = te.create_schedule(C.op)

Tensor-Level IR (TIR) program defines the low-level implementation (can be compiled down to LLVM IR, CUDA, OpenCL et.)

prinfn(A 1. handle, B 1. handle, C 1: handle) -> ()
attr = {"global _synbol": "main", "tir.noalias": True}
buffers = {B: Buffer(B 2: Pointer(float32), float32, [1024, 1024], []),
C. Buffer(C 2: Pointer(float32), float32, [1024, 1024], []),
A. Buffer(A 2: Pointer(float32), float32, [1024, 1024], [])}
buffer mp = {A 1. A B1l. B C1. C {

for (x: 1int32, 0, 1024) {
3 nested for (y: int32, 0, 1024) {
C 2[((x*1024) + y)] = 0f32
loops for (k: int32, 0, 1024) {
L C2[((x*1024) + vy)] = ((float32*)C 2[ ((x*1024) + y)] + ((float32*)A 2[((x*1024) + k)]*(float32*)B 2[((k*1024) + y)]))
}
}
}

}



TVM schedule: Tiling and Reordering

6 nested
loops

split reduction axis

bn = 32

vanilla schedule s = te.create_schedule(C.op)

# Blocking by loop tiling

compute tiling X0, yo, xi, yi = s[C].tile(C.op.axis[@], C.op.axis[1], bn, bn)

(k,) = s[C].op.reduce_axis
ko, ki = s[C].split(k, factor=4)

# Hoist reduction domain outside the blocking loop
s[C].reorder(xo, yo, ko, ki, xi, yi)

prinfn(A 1. handle, B 1: handle, C 1. handle) -> ()

attr = {"gl obal _synbol": "main", "tir.noalias": True}
buffers = {C Buffer(C 2: Pointer(float32), float32, [1024, 1024],
B: Buffer(B 2: Pointer(float32), float32, [1024, 1024],
A. Buffer(A 2. Pointer(float32), float32, [1024, 1024],
buffer mmp = {A 1. A B1. B, C1. C {
for (x.outer: int32, 0, 32) {
for (y.outer: int32, 0, 32) {
for (x.inner.init: int32, 0, 32) {
for (y.inner.init: int32, 0, 32) {
C2[((((x.outer*32768) + (x.inner.init*1024)) + (y.outer*32)) + y.inner.init)] = 0f32

}

}
for (k.outer: int32, 0, 256) {

for (k.inner: int32, 0, 4) {
for (x.inner: int32, 0, 32) {

for (y.inner: int32, 0, 32) {
C2[((((x.outer*32768) + (x.inner*1024)) + (y.outer*32)) + y.inner)] = ((float32*)C 2[((((x.outer*32768) + (x.inner*1024)) + (y.outer*32)) + y.inner)] +

((float32*)A 2[ ((((x.outer*32768) + (x.inner*1024)) + (k.outer*4)) + k.inner)]*(float32*)B 2[((((k.outer*4096) + (k.inner*1024)) + (y.outer*32)) + y.inner)]))
}

—1 r——
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schedule:Vectorization

vanilla schedule s = te.create_schedule(C.op)

X0, yo, xi, yi = s[C].tile(C.op.axis[@], C.op.axis[1], bn, bn)
(k,) = s[C]l.op.reduce_axis

compute tiling ko, ki = s[C].split(k, factor=4)

ol [y Ye[Ileldle) -V [J> S[C].reorder(xo, yo, ko, ki, xi, yi)

# Vectorization
vectorize s[C].vectorize(yi)

prinfn(A 1. handle, B 1: handle, C 1. handle) -> ()
attr = {"gl obal _synbol": "main", "tir.noalias": True}
buffers = {C Buffer(C 2: Pointer(float32), float32, [1024, 1024], []),
B: Buffer(B 2: Pointer(float32), float32, [1024, 1024], []),
A. Buffer(A 2. Pointer(float32), float32, [1024, 1024], [])}
buffer mmp = {A 1. A B1. B, C1. C {
for (x.outer: int32, 0, 32) {
for (y.outer: int32, 0, 32) {
for (x.inner.init: int32, 0, 32) {
5 nested C 2[ramp((((x.outer*32768) + (x.inner.init*1024)) + (y.outer*32)), 1, 32)] = broadcast(0f32, 32)
}
loops for (k.outer: int32, 0, 256) {
for (k.inner: int32, 0, 4) {
for (x.inner: int32, 0, 32) {
. . C2[ramp((((x.outer*32768) + (x.inner*1024)) + (y.outer*32)), 1, 32)] = ((float32x32*)C 2[ramp((((x.outer*32768) + (x.inner*1024)) + (y.outer*32)), 1, 32)] +
vectorization (broadcast ((float32*)A 2[ ((((x.outer*32768) + (x.inner*1024)) + (k.outer*4)) + k.inner)], 32)*(float32x32*)B 2[ramp((((k.outer*4096) + (k.inner*1024)) + (y.outer*32)), 1, 32)]))




Before

: 200x faster

After

TVM Schedule: After Several Steps

imMfn(A 1. handle, B 1. handle, C 1. handle) -> ()
attr = {"gl obal _synbol": "nmain", "tir.noalias": True}
buffers = {B: Buffer(B_2: Pointer(float32), float32, [1024, 1024],

s = te.create_schedule(C.op)

pr

}

for (x:

(1),
C. Buffer(C 2: Pointer(float32), float32, [1024, 1024], []).,
A: Buffer(A 2: Pointer(float32), float32, [1024, 1024], [])

buffer map = {A 1. A

}
B1. B, C1. C {

int32, 0, 1024) {

for (y: int32, 0, 1024) {
C 2[((x*1024) + y)] = 0f32

for (k: int32, O,

1024) {

C 2[ ((x*1024) + y)] = ((float32*)C 2[ ((x*1024) + y)] + ((float32*)A 2[((x*1024) + k)]*(float32*)B_2[ ((k*1024) + y)]))

}
}

}

v
s = te.create_schedule(C.op)

CC = s.cache_write(C, "global")

x0, yo, xi, yi = s[C].tile(C.op.axis[@], C.op.axis[1], bn, bn)

s [CC].compute_at(s[C], yo)
xc, yc = s[CC].op.axis

(k,) = s[CC].op.reduce_axis

ko, ki = s[CC].split(k, factor=4)
s[CC].reorder(ko, xc, ki, yc)

s [CCl.unroll(ki)

s [CC].vectarize(yc)

# parallel
s[C].parallel(xo)

X, Y, 2 = s[packedB].op.axis
s [packedB] .vectorize(z)
s [packedB].parallel(x)

pr

(x.
(x.
(x.

(x.

l

imMfn(A 1. handle, B 1. handle, C 1. handle) -> ()
attr = {"gl obal _synbol": "nmin", "tir.noalias": True}
buffers = {C. Buffer(C 2: Pointer(float32), float32, [1024, 1024],

(1),
B: Buffer(B 2: Pointer(float32), float32, [1024, 1024], []),
A: Buffer(A 2: Pointer(float32), float32, [1024, 1024], [])

buffer map = {A 1: A

}
B1:. B, C1. C {

attr [packedB: Pointer(float32)] "storage scope" = "gl obal"
al | ocat e( packedB, float32x32, [32768]) {
for (x: int32, 0, 32) "parallel" {

for (y: int32, O,

}
}

packedB[ ranp( ((x*32768) + (y*32)), 1, 32)]

1024) {

(float32x32*)B 2[ranp(((y*1024) +

for (x.outer: int32, 0, 32) "parallel" {
attr [C. global: Pointer(float32)] "storage scope" = "global"

al | ocat e(C. gl oba

, float32, [1024]);

for (y.outer: int32, 0, 32) {

for (x.c.init:

int32, 0, 32) {

C.global[ramp((x.c.init*32), 1, 32)] = broadcast (0f32, 32)

}

for (k.outer: i

nt32, 0, 256) {

for (x.c: int32, 0, 32) {
C.global [ramp((x.c*32), 1, 32)] = ((float32x32*)C. gl obal [ ranp((x.c*32), 1,

c*1024)) + (k.outer*4))],

C.global [ramp((x.c*32), 1, 32)] = ((float32x32*)C. gl obal [ ranp((x.c*32), 1,

c*1024)) + (k.outer*4)) + 1)], 32)*(fl oat32x32*) packedB[ranp((((y.outer*32768) + (k.

C.global [ramp((x.c*32), 1, 32)] = ((float32x32*)C. gl obal [ ranp((x.c*32), 1,

c*1024)) + (k.outer*4)) + 2)], 32)*(fl oat32x32*) packedB[ranp((((y.outer*32768) + (k.

C.global [ramp((x.c*32), 1, 32)] = ((float32x32*)C. gl obal [ ranp((x.c*32), 1,

}
}

for (x.inner: i
for (y.inner:

c*1024)) + (k.outer*4)) + 3)], 32)*(fl oat32x32*) packedB[ranp((((y.outer*32768) + (k.

nt32, 0, 32) {
int32, 0, 32) {

(x*32)), 1, 32)]

32)] + (broadcast((float32*)A 2[(((x.outer*32768) +

32) *(fl oat 32x32*) packedB[ ranp(((y. outer*32768) + (k.outer*128)), 1, 32)]))

32)] + (broadcast ((float32*)A 2[ ((((x.outer*32768) +
outer*128)) + 32), 1, 32)]))
32)] + (broadcast ((float32*)A 2[ ((((x.outer*32768) +
outer*128)) + 64), 1, 32)]))
32)] + (broadcast ((float32*)A 2[((((x.outer*32768) +
outer*128)) + 96), 1, 32)]))

C2[((((x.outer*32768) + (x.inner*1024)) + (y.outer*32)) + y.inner)] = (float32*)C. global [((x.inner*32) + y.inner)]
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Taking optimization to the next level

* |n the prior example we can quickly attain ~60% of MLK (hand tuned library)
performance in a few lines code

* How to we take the performance a notch further with less “human in the loop™?




Problem Formalization

Optimization
Confi guration

€ Expression ;:m —> Code Generator —» S % 5
Se Search Space T — g e, C f(;p)

Cost: Execute Time

Program

Objective argmin.cs. f(g(e,c))

Learning to Optimize Tensor Programs. Chen et al. NeurlPS 18




ML based Models

Use machine learning to learn a statistical cost model

Se Search Space A
learning =
Statistical Cost Model E D o

Training data

L

P
L e e .
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Benefit: Automatically adapt to hardware type

Learning to Optimize Tensor Programs. Chen et al. NeurlPS |8




AutoTVM: ML for ML
ML-based tuning 1.50

+transferred model

1.0 e o o o o o s s
Baseline (cuDNN)/V_

0.76 1+
0.50 -

Black-box 0.25 -

autotuning "

0 100 200 300 400 500 600 700 800
Number of Trials

Automated solution outperforms vendor deep learning libraries!
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Optimizations




High-Level Data Flow Graph

* TVM uses Relay, a functional and statically typed IR to

describe ML computation

 Relay implements common features in ML

frameworks like quantization, and shape inference as

standard compiler optimization passes

Relay: A High-Level Compiler for Deep Learning. Roesch et al. ArXiv |9




Graph-Level Optimization Passes

 Relay lets us compose a optimization passes to improve performance of DL
workloads

2927 229 2.29
2.0 1.87 1.87
Pass Combo

15 A0 === No Opts

1.31 1.31 :

1.20 1.20 1,48 1.20 mam Op Fusion
1.00 el === .. + Constant Folding
1.0 " mmm .+ Op Layout Alter
s ...+ Common Subexpr Elim

0.5
0.0

ResNet-18 MobileNet V2 VGG-16

Relay: A High-Level Compiler for Deep Learning. Roesch et al. ArXiv |9




Graph-Level Optimization: Quantization

input layer
hidden layer 1 hidden layer 2

Relay: Differentiable
Programming IR

Gain Compression & Acceleration:
- Less storage space
- Faster arithmetic operation ‘D il
- Friendly to accelerator and ultra
low-power embedded devices

PR AL L R R R L L L I R i O R I R L R I I

Credit: Ziheng Jiang, TVM Conference 2019
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uController challenges

© Operating Systems

- no files, DLLs, .so, memory mapping, kernels

© Virtual Memory

- No malloc, C++ RAIl, exceptions, ...

© Advanced Programming Languages

- No Rust or Python required... P
. Ge®

(But we like those and you could use them!

Really stringent memory and compute budgets!



uTVM: TVM for yControllers

* uTVM can be used with only the standard C library

TVM Compiler Qutput

e C/LLVM IR code-generator for GCC / LLVM

 This lets us target ARM, MIPS, RISC-V etc. architectures | |Simplified Parameters

(FLASH)

Inputs (RAM)

 Highly transparent/auditable output Gompiled

Operators

e uTVM leverages RTOS platforms for portability Graph Executor

Graph JSON




ulVM |5 min lTutorial

o Carefully prepared by my colleague Andrew Reusch!

e Great way to recap everything we’ve gone through so far
into a single demo

e Reproduce it here: https://github.com/areusch/microtvm-
blogpost-eval



https://github.com/areusch/microtvm-blogpost-eval
https://github.com/areusch/microtvm-blogpost-eval




ulVM - Things to look forward to

Heterogeneous execution to accelerators (e.g. Ethos U-55)

More flexible memory planner

Multi-ISA support (e.g. RISC-V)

Increased model coverage

Improve developer experience (generate Arduino, Zephyr projects)

> For more details, see the MicroTVM Roadmap



https://discuss.tvm.apache.org/t/tvm-microtvm-m2-roadmap/8821
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A lot of topics not covered here...

RPC communication mechanism for programming edge devices
GPU, tensor core support

Support for hardware accelerators, FPGAs

Sparse operator support

Int 4 quantization, ultra low bit width quantization

Training, auto differentiation



Where to learn more about TVM!?

* TVM Website is a good starting point: https://tvm.apache.org/

* Documentation, tutorials, very active discuss forums
* We have hosted 3 yearly TVM conferences!
* Great resource for past talks and presentations from academia/industry

e |ots of very encouraging success stories


https://tvm.apache.org/

OctoML: taking automation to the next level

Accelerate time-to-market of ML
models while reducing R&D costs

Automate benchmarking, optimization,
and packaging

Eliminate time spent conforming to
vendor specific software stacks

Build your mode|
once, run anywhere

Cross platform portability

One platform for all your
cloud, mobile and

embedded platforms

e

Cut operational ML costs

Find the right platform to optimize
$/inference

Better utilize your existing hardware
by applying ML to your ML

Enable previously infeasible ML
applications



Applying VM optimizations

B Private model @ Publicly available model

34x for Yolo-V3 on a MIPS based camera platform

-

3
VM log, folf 5.3x: video analysis model on Nvidia T4 against TensorRT
L?;Fs);ﬁ;:zmen v . 4x: random forest on Nvidia 1070 against XGBoost

2.5x: MobilenetV3 on ARM A72 CPU

Model x hardware comparison points



ing!

18

re h

’

... and we

al/careers

/loctoml

)
d
d
O

You?



https://octoml.ai/careers

Resources

e Good reads on TVM

* TVM Paper, Chen et al.,, OSDI 2018: https://arxiv.org/abs/1802.04799

* AutoTVM Paper, Chen et al., NeurlPS 2018: https://arxiv.org/abs/1805.08 | 66

* Relay Paper, Roesch et al.,, ArXiv 2019: https://arxiv.org/abs/1904.08368

* VTA Paper, Moreau et al,, I[EEE Micro 2019: https://arxiv.org/abs/1807.04 |88

* Ansor Paper, Zheng et al., OSDI 2020: https://arxiv.org/abs/2006.06762

 Quantization Paper, Jain et al., ArXiv 2020: https://arxiv.org/pdf/2006.10226.pdf



https://arxiv.org/abs/1802.04799
https://arxiv.org/abs/1805.08166
https://arxiv.org/abs/1904.08368
https://arxiv.org/abs/1807.04188
https://arxiv.org/abs/2006.06762
https://arxiv.org/pdf/2006.10226.pdf

Resources

e TJutorials:

e Optimize GEMM on CPU to get 200x speedup

 Automatically optimize a network on ARM CPU

e AutoQuantize a neural network in TVM

e Micro ITVM tutorial

 Azuresphere Demo Blogpost



https://tvm.apache.org/docs/tutorials/optimize/opt_gemm.html#sphx-glr-tutorials-optimize-opt-gemm-py
https://tvm.apache.org/docs/tutorials/autotvm/tune_relay_arm.html#sphx-glr-tutorials-autotvm-tune-relay-arm-py
https://tvm.apache.org/docs/tutorials/frontend/deploy_quantized.html#sphx-glr-tutorials-frontend-deploy-quantized-py
https://tvm.apache.org/docs/tutorials/micro/micro_reference_vm.html
https://medium.com/octoml/bringing-tiny-ml-to-the-cloud-connected-iot-with-tvm-2ab800b065b7

Questions or interest?

Reach out to tmoreau@octoml.ai

TVM is a community effort, and much of this work credit goes to Tiangi Chen, Jared Roesch,

Andrew Reusch and many amazing TVM contributors and collaborators at the University of
Washington, OctoML,ARM (Ramana Radhakrishnan & team), AWS, Berkeley etc.


mailto:tmoreau@octoml.ai

