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Outline

« Heterogeneous Computer Architecture
- CPU+GPU
- CPU+ASIC
« ML Compiler
> MLIR
- IREE
« MegaKernel + Mirage on GPU
- Domain-Specific Language
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What is heterogeneous SoC?

« Heterogenous computer architecture
A chip contains CPU and multiple specialized functional units
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Chip

Technology Node
CPU

GPU

NPU (AI
accelerator)

Memory (Cache)

Memory (RAM)

ISP (Image signal
processor)

Secure Processing

Unit

Tesla - FSD Chip

Samsung 14 nm process

3x (4-core) Cortex-A72

Custorn GPU, 0.6 TFLOPS @ 1 Ghz

2x Tesla NPU, each 37 TOPS (total 74
TOPS)

2x 32MB SRAM for NPUs

8GB LPDDR4X, 2x 64-bit, Bandwidth
111 GB/s

24-bit? 1 billion pixels per second

"Security system", verify code has
been signed by Tesla.

Qualcomm - Snapdragon 865 (Galaxy
520, March 6 2020)

TSMC's advanced 7nm (N7P)

4x Cortex-A77, 4x Cortex-A55 (4 high
power, 4 low power)

Adreno 650, 1.25 TFLOPS @ 700 MHz
-ish
Hexagon 698 @ 15 TOPS

1 MB L2, 4 MB L3, and 3 MB system
wide cache

16GB LPDDRS, 4x 16-bit , Bandwidth
71.30 GB/s

Spectra 480, dual 14-bit CV-ISP 2
Gpixel/s, H.265 (HEVC)

Qualcomm SPU230, EAL4+ certified
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Why heterogeneous computer architecture?

I Stuttering

[] Chipintroduction
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Sources: Intel; press reports; Bob Colwell; Linley Group; IB Consulting; The Economist *Maximum safe power consumption

General purpose
processor is not getting
faster and power-
efficient because of
Slowdown of Moore’s
Law and Dennard
Scaling
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Why heterogeneous computer architecture?

Scalar processors Vector-based SIMD Customized Customized
with vector extension with DL extensions micro-arch micro-arch

FLEXIBILITY EFFICIENCY

MS BrainWave Google TPU
Achronix Cerebras
Etc. Etc.
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Evolution of Computer Architecture

A

Performance

CPU+
GPU/NPU/DPU/
etc.
CPU+
- GPU/NPU/etc.
Multi-Core
CPU+GPU
Single-
u core CPU
=
First Second Third Fourth
Stage Stage Stage Stage
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Hetero Computer Architecture (CPU + GPU)

e Step 1: CPU sends data from its host memory to device memory
e Step 2: CPU asks GPU to begin the execution

e Step 3: GPU sends results back to the CPU

e What are advantages when using this hetero. architecture?

Sequential Execution Parallel Execution

s |

Step 4
Step 3

Multi-core GPU

Multi-core CPU

Step 2

CPU GPU
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Hetero Computer Architecture (CPU + ASIC)

e Two types of heterogeneous computer architecture
o Discreated CPU+ASIC (separated DRAM)
o Integrated CPU+ASIC (shared DRAM)

14 GiB/s

e = %53

8

= 1 @

|| 14GiB/s Es 14 GiB/s
£

=8

Interface

— 165 GiB/s
{ ] I A —
L ~— abie € INe e [JData Buffer {L
— i Sy EComputaﬁon
L i W R FEEERS T T [ R Control
.fm“l!’?ﬁr‘ m‘_ib;;-lb‘i-: b‘ bb“ :“’ui;;'u‘ : Not to Scale  SEEEND
~ —- ——— $ o A . . ok
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Hetero Computer Architecture (CPU+ASIC)

* Post-Moore era and dark silicon
A suite of accelerators on chip are rising
« Applications will only use a subset of processors/accelerators at a time
« Such a heterogeneous architecture is compatible with dark silicon

~ boR

e =

2019 Apple A12
7 nm TSMC 83 mm?

2010 Apple A4 2014 Apple A8
65 nm TSMC 53 mm? 20 nm TSMC 89 mm? 42 accelerators
4 accelerators 28 accelerators https://edge.seas.harvard.edu/files/edge/files/alp.pdf
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Hetero Computer Architecture (GPU)

e GPU includes FP, SFU (Special Functional Unit), Ray Tracing

(RT) Core, and Tensor Core

Streaming Multiprocessing-(SM)/ SIMT Core
Instruction Cache

Warp Scheduler

Warp Scheduler

Warp Scheduler

Warp Scheduler

1
SIMUD Dispatch
Unit

Unit

1
SIMD Dispatch l

i
v

Y
FP64/32 FP64/32
SP/SFU SP/SFU

Register

Files

Core
Tensor
Register
Files

1

Unit

SIMDD

v

L1 Data Cache/Shared memory

FP64/32
SP/SFU

SIMD Dispatch l

RT
Core
Tensor

Core v

Register
Files

spatch
Unit

FP64/32
SP/SFU

Core

Tensor
Core

Register
Files

Texture memory

TENSOR
CORES

TENSOR

corss | || | (2 EEERS

INT32 FP32

RT CORE

11
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Challenges of Hetero. Computer Architecture?

o Program Compilation

o Programming model?
o Data/Kernel mapping/partition?
o Concurrent execution?

Software Cross-compilation

Hardware ¢ <> oeru <> NPU <>  asic
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Challenges of Hetero. Computer Architecture?

o Program Compilation

Software Software Software Software

t i f |
| : : :

Hardware Hardware Hardware Hardware
Hardware defines Software defines
software hardware

Software Software Software
Hardware Hardware Hardware

Hardware-Software Co-
Design

13
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Challenges of Hetero. Computer Architecture?

o Hardware

o Packaging on Chiplet
o Network-on-Chip (NoC)
= Photonic Integrated Circuit

NVIDIA Grace Hopper Superchip
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Challenges of Hetero. Computer Architecture?

» Trade-off the performance and flexibility

Control
Memory Memory
DRAM Syiem DRAM Syiem
Case ALU ALU Case
ALU  ALU

CPU GPU

DRAM

Memory
System

Case

NPU
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Takeaway Questions

« How to improve the performance of processor?
o (A) Increase the size of cache
o (B) Add specialized engines in the processor
o (C) Utilize high bandwidth memory (HBM)

o What are benefits of heterogeneous computer

architecture?
o (A) Improve energy efficiency of the processor
- (B) Facilitate parallel computing
> (C) Reduce memory access latency
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High level languages —

Middle level languages

Low level languages

Computer Language Stacks

Python / JavaScript /
Ruby / VB / Perl / Shell

Java/ C#/VB/

VB / Swift / ObjectiveC

C/C++

Hardware Description
languages

N CPU

Assembly Language
Machine Code

System C

{ Verilog / VHDL

. Web Tech
** Engineers

", . Mobile App

Engineers

Firmware *  Compiler
* Engineers

Engineers

- ASIC
" Engineers

Software
Engineers

--------------

17
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Compiler Basics

Compiler

ML g Front-End Optimizer Back-End

Machine Code

18
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LLVM Compiler Architecture

Fortran ==

Haskell —»

Clang C/C++/0bjC
Frontend

llvm-gee Frontend

LLVM
X86 Backend

—- X86

LLYVM

GHC Frontend

Optimizer

LLVM
PowerPC Backend

LLVM IR

= PowerPC

LLVM

LIV IR ARM Backend

> ARM

19
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LLVM Compiler Architecture

LLVM Compiler

-— e e e e e e e e e e e e e e e e e e e e G G CEe G CEe CES CEe CEe G CEe GEe G GEe G G GEe G G = ey

Front-End '

Code Li,"MIR Object |y, machine
Optimizer Code

onuewas
y
dl
£
=

— || <
C/C++/0bjCHP{ M1 Pp{ = P
x =

_e_——_—_- - - - - —_- —_- —_- —_— —_- —_-—_—- —_— —_— —_—-—_- —_——_— —_ —_ —_— —_— —_— —_— —_ —_— —_— —_ —_— —_ —_— —_— —_ —_— —_— —_— —_——_— —
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What is Al Compiler?
o Translate the operators of ML models to hardware

Application(CV/NLP/Speech) DL Models

High—Level IR

Graph Layout Static memory Graph Level

Optimization transformation Allocation

Manual Kernel Level

Auto Kernel Optimized Labs

X86 CPU ARM CPU RISC GPGPU Hardware
21
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What is Al Compiler?

of oL models IF TensorFlow PYTORCH O Caffe2 @xnet S5ER € ONNX -

v Compiler frontend Hardvars specific Lovar- Lol . ¥
'} Optimizations Mm ;?ﬁc:l
] - 1. Intrinsic mapping
Transformation Computation graph 2. Memory allocation
Symbolic representation Optimizations 3. Memery latency hidin 1. Halide based
1. = relay (TVM) 1. Algebraic simpiification 4 Looporiented opt 2 Polyhedral
2 bridge (nGraph) 2. Operator fusion 5 Paralielization modal Eanad
3. = ATen (TC) 3. Operation sinking 6. Other unigue
4. = direct ranslation 4. CSE IRz ...
B 5. DCE
6 Static memory planning
g- T. Layoul transformation i- Auto-tuning ¢nﬂlm:llitlm
B .. 1.  Paramelerization eheme
High-level IR | Graph IR E E E 2 Cast model 1 . Justdn-Time
(Device independent) 3 EZ 3. Parameter ssarching 2. Ahead-OF-Time
1. Representation EL Methods Ei
DAG-based 1. Pattern maicher Code generation
Lat-binding-basad o 2. Graph rewriting o Using kernel livaries 1. LLvM
Tensor computation 1. Initel ONNL 2. CUDA
Larnbda | Einstein 2. NVcuDNN [TensorRT 3. OpenCL
1. AMD MIOpen 4, OpenGL
Detrug tools 4. Other customized libs ;
2 Implamantation (IRt dumngi 5 .
mping)
Data representation 1. Text form
Operalors supported 2' DAG form y
- Compiler backend
Target cPU GPU ASIC Dsp More and more
platforms (MBE, ARM, RISC-V)  [NVIDIA, AMD] (TPU, Inferentia, NNP, ... ) o Accelerators

22
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Al Compiler: Stage |

o« ML Model graph
o Static model graph
Python->0Onnx
o Graph rewrite/Optimizer
o Performance
o Op kernel libraries (cuDNN,
CMSIS-NN ..))
o More performance improve
using Op scheduling,
tiling, fusion

Python APL 7]

Python J

Graph Optimizer

Graph IR

Runtime v

CuDNN/MLK-DNN

:

CPU/GPU/NPU/TPU/DSP

23
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Al Compiler: Stage Il

o« ML Model graph
o Transforms PyTorch

expression into IR

o Optimizes Tensor IR

Performance
o Operator lowering
o Inter-op optimization
o Static/dynamic graphs
Not only rely on the
customized Op Lib

(@)

Front-end Python Analysis
Graph IR|y
Graph Optimizer
Tensor IR # L i
.. Runfi
Operator Optimizer snme
L CuDMMN/MLE-DMNM
Backend
CPU TPU GPU MNPU
LLWYM IR LLVM IR GE IR
L § l ¥ L §
CPU/GPU/NPU,/TPU/DSP
24
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Al Compiler Frontend
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e Front-end compilation
o Goal
= Parse model graphs from different Al system frameworks
= Transforms model graphs into IR
o Tasks
= Input format of ML models ((TensorFlow, PyTorch, ONNX...)
= Transformation: transform model into united expression
« TVM Relay, PyTorch Aten (TorchScript)
= High-level IR/Graph IR
o Hardware independent
o Operator/Tensor expression

25
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Al Compiler Frontend
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o Front-end compilation
o Tasks
= Computational Graph Optimizations

» Algebraic simplification
o Operator Fusion
o Operator Sinking
» Static memory planning
« Tensor Layout transformation

26
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AI Compiler High-Level IR

o Layer-level IR
Express ML model structure

as a calculation graph
High-level abstraction

(@)

(@)

Optimization

(@)

o Cross-platform

DSE, operator fusion..

Represent High level
Deep Learning Computations

Cdata D
attributes

(W"\)’ convad | =5

. relu |
mfl conv2d --------------------- :
operation
ue"u_ == |
' 3(__ ™) inputs :

dataflow

flatten |
| 77" dependency

27
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Al Compiler Graph IR

e GraphIR
Express ML model as

a computation graph
o Tensor
o Qperator
o Dependency

MaxPool

28



gi{j‘ National Yang Ming Chiao Tung University

a4 Computer Architecture & System Lab

Al Compiler Graph IR

e lensor
o Shape [2, 3, 4, 5]
N, C, H, W] [N, H, W, C]

O

o Type [int, float, string, .

o Operator
o Algebra operator

O

Pre-defined operators

3

| 20 | 21 | 2 | 23 | 24

1.0 20 3.0 | 10 [ 11 12 13 14 28
2 o1 f2]3 &)
4.0 5.0 6.0
- & T B a
a i o h h'a !
3 5
Add Log While
Sub MatMul Merge
Mul Conv BroadCast
Div BatchNorm Reduce
Relu Loss Map
Floor Sigmoid

29
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Al Compiler Graph IR
o Directed Acyclic Graph (DAG)

o Operator, Tensor, control flow (ForANhiIe) dependency
b

d input

Grad Conv ‘_‘ dw

Grad Relu

a4 Grad Loss >

momentum

arc

Backward 30
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Al Compiler Graph IR

o Static Computational Graph

o Al system framework (e.g. TensorFlow) parses API used to
describe ML model

o Fixed before execution
o Use static data structure to describe model graph topology

super().__init__()
self.flatten = Qp.Flatten() }l
self.dense_relu_sequential = np.SequentialCell(

-
nn.Dense(28x28, 512), }
nn.ReLU())
def construct(self, x): /

x = self.flatten(x) A

logits = self.dense_relu_sequential(x)

return logits

31
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Al Compiler Graph IR
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o Dynamic Computational Graph
o Built on-the-fly as operations are performed
o Define-by-run offers greater flexibility

= Good for handling complex and variable-structured data
« Time-series data: audio

» Graph data: social networks

o Multi-modal data: combinations of different variable-
structured data types

32
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o Operator fusion

l

A is called twice A is called once
Buffer A’s output %
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o Operator fusion

l

Three kernel calls
(A, B, C)

Reuse the intermediate
data buffer

34
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Al Compiler Graph IR

o Operator fusion

l

Input

O

T

Reduce memory RW of intermediate tensors

l

Il

‘/f"'

l
=

Convad Comv2d
3x3x256 1x1x256
Convad
Ixdx258

Comv2d Cormv2d
3x3x256 Ax3x256
Convd
IxdAn2568

Add

Aelu

Conv2d 3x3x512

¥
Split

Conv2d 3x3=256

=)

Al
-—r

Retlu

Fuse conv +

l

l

= Inpurt Ingaut
k J
Convid 3x3x512 Convad 3x3xhi2
! 7
Comv2d 3x3x256 Conv2d 3n3x256
Rizxlu
Relu

35
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Al Compiler Graph IR
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o How to fuse operators ?
o TVM dominator tree (In a DAG)

o Dominator
= Node X dominates node Y iff all

paths from the entry to Y go
through X.

= Node A dominates node C
(A dom C)

CFG (Control Flow Graph)

entry
def

36
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Al Compiler Graph IR

o How to fuse operators ?
o TVM dominator tree (In a DAG)

Dominator Tree:

|r entry ]

R

5] [%\
|

N

o ) L

m

{1 et
3
A
{entry} o
[
def | 0 (A}
(¢ d[:f dir )
| 1/
{A} de:/ def tcl
def | 0 {A}
L
wit | 1G}

37
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Al Compiler Graph IR

e The purpose of dominator tree
o Check the path of each node to
dominator node
o Fuses the node that does not
affect the rest of nodes
o How to create a dominate tree?
= Create DFS tree based on DAG
= Create DOM (dominator) tree
= Examine a group of nodes to
check if multiple nodes can be fused

38
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Al Compiler Graph IR

o Rule of operator fusion

(@)

(@)

(@)

Injective (one-to-one map) : Add, pointwise
Reduction: sum/max/min
Complex-out-fusable - Exarmple Applcation

- conv2D complex- —

out-fusable I:> Oi‘:_";uﬂ:;e | fused-conv2d-

O p aq ue (Can nOt be elemwise [:> bn-lrelu
e 5

fused): sort

v

mpactn.re
£ [Ciiecive ] :> S
|n]ectwe sqrt
injective +
= o) D st
sum
%
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o Data layout alignment
o Unaligned tensor data will increase the memory transactions

Load ngh 3 Bytes
Memory
- f
Shift
I.ncu:l Low Byte

Comhme

40
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Al Compiler Graph IR

o Data layout (N, C, H, W)
o N: batch; N: Height; W: width; C: Channels
o NCHW: arrange data in the same channel in the a
consecutive memory space
o Good for the computations of GPU (data parallel)

e
":

(R N R R > |+ o[ |

41



X ?I‘h National Yang Ming Chiao Tung University
~ Hyt# Computer Architecture & System Lab

Al Compiler Graph IR

o Data layout (N, H, W, C)
o NHWC: arrange the data having the same location in
different channels in a consecutive memory space e.qg.
Convilxl

Illllllllllllllllll

42
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Al Compiler Graph IR

o Data layout (N, C, H, W)
o PyTorch on NPU/GPU uses NCHW data layout
o TensorFlow use NHWC data layout

v [ HH RN
vwwe [N NN
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Al Compiler Graph IR

o« Memory optimization

o Attention memory usage for a deep Transformer (64 layer
and 4 heads), recomputed during the backward pass
o BERT (768 hidden layers) and needs 73GB memory when

the batch size is 64

Data type

1024 text tokens (several paragraphs)
32x32=3 pixels (CIFAR-10 image}
E4x64x=3 pixels (Imagenet 64 image)

24,000 samples (~2 seconds of 12 kHz audio)

Stored

1.0GB

9.6GB

154 GB

590 GB

Recomputed
16 MB
151 MB
24GE

9.2G8 44
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o« Memory optimization
o Static memory allocation
= Parameters, constant, output
= Allocate memory in the model initialization stage
o Dynamic memory allocation
= Output tensor, workspace tensor (intermediate tensor)
= Allocate memory (dynamic: varying batch size, static:
fixed batch size)

45
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Al Compiler Graph IR
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o« Memory optimization
o Inplace operation: overwrite when the next operator is

element-wise operator
o Memory sharing: the size of both operators is the same

and no data dependency in these two operators

Network Configuration Gradient Calculation Graph A Possible Allocation Plan
input input input-grad input input-grad memoary
|: inplace .
T operation S l;l s_tqung
fullc-forward fullc-forward fullc backward . fullc-forward i fullc-backward /
n - 1\ ‘ J.I
sigmoid-forward sigmoid-forward — sigmoid-backward sigmoid-forward . _,{:l sigmoid-backward |
;
fulle-forward fulle-forward \ri fulle-backward o torward [ “‘EI fulle-backward
softmax-forward softmax-forward & softmax-backward softmax-forward _.- softmax- backward
log-loss — |£ label log-l0ss [ Je———{ ] label
—— data dependency [1 Memory allocation for each output of op, same 46

color indicates shared memory.
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Al Compiler Low-Level IR

o Low-level IR
o Describes the computation of a ML model in a more fine-
grained representation than that in high-level IR

o Enable the target-dependent optimization
o Halide-based IR Algorithm

description

= Separation of comp.
and schedule

= Choose the best ‘ >
. Implementation
schedule to specific Schedule _|—>
(machine mapping)

target platform ———

tile output dims
vectorize y loop

47
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[

Al Compiler Backend

o Back-end compilation
- Goal
= Transform ML graph to specific hardware
= Code generation: LLVM/CUDA/OpenCL ...
o Tasks
= Hardware Specific Optimization
« Memory allocation
» Parallelization
= Scheduling
» Auto Scheduling: polyhedral, Halide
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Al Compiler Backend

o Hardware-specific

Hardware Intrinsic Mapping

-
1

1

1

1

- r 1
() operator ——p () Han i
- ope " intrinsic E
]

1

]

]

]

]

i

1

-

| fori=18
{ forj=18
for k=18
(i, )=k, i) *y (ki)

Memory Allocation & Fetching

~Transfer
s GPU Memo

LDIRAM

optimizations

Loop Oriented Optimization Techniques

Loop fusion Unrolling
U frtmin c: for =10 for f=1,4
Semtl (i) ™ for f=1.m Smel(d) |
{ fori=1n ) B e R :
S ‘ e — SR N - ......E S!ﬂil’: rIJ
for i=1.n for i=1.m i Stmil (2)
Semel (i) for f=ln | Semitl (3)

Srmit2 (i) Seeefi, ) Stini 1 (4)

Slide windows

1
for i=1.n for j=1.n i
for j=1,n for f=1,n/d i
Semt{if) for k=14 i
Stmt (i j*4+k) | H ot '
— Parallelizaiion /
: Vectorization
forjmln — ee——for femin,max
for j= 1,04 Parallelize ...} o
vee (Semififj) vec (Stmi(ifl) Nested Polyhedral

49
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Al Compiler Backend

o Hardware intrinsic mapping
o Transform a certain set of low-level IR to kernels
o TVM extensible tensorization
= Declare the behavior of hardware intrinsic and lowering
the rule for intrinsic mapping
= Enable compiler Hardware Intrinsic Mapping
backend apply optimized | . o~ Hardware

{“‘ operator

micro-kernelstoa | . 7 intrinsic
. g fori=f & i ...
specific pattern of for j=1,8 e
] for k=1,8 s
operations 2l )=tk *y k)

50
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Al Compiler Backend
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« Memory allocation and fetching

o E.g. GPU memory hierarchy requires efficient memory
allocation and fetching techniques for improving data locality
o TVM memory scope
= Tag acompute stage as
shared or thread-local

Memory Allocation & Fetching

Transfer
« Shared: generates DEA)  ESemgy “P”ﬁ““m
. - 1l el T Dam
code with shared Daia ' '
”OCa'“On Feotch o GPU Shared Memory
memory a s e T para

« Properly insert T
memory barrier

------ | Use

51
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Al Compiler Backend

o« Memory latency hiding
o Reordering the execution pipeline
o In TPU-Accel with decoupled access-execute (DAE)

= Backend needs to perform scheduling and fine-grained
sync to produce the correct and efficient code
o TVM virtual threading schedule primitive
= Virtually parallelized

threads Memory Latency Hiding

= Barriers + operations = | i ex |Id ... Id |ex S
a single instruction - o} 4d |l ex ex
stream 1 id ex Id ... Id ex

52
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Al Compiler Backend

o Loop oriented optimization
o Loop fusion
= fuse loops with the same boundaries for better data

reuse Loop Oriented Optimization Techniques
o Sl |d | ng Wl nd ow Loop fusion . Reordering Unmffmg Slide windows
. : I LTTT
for i=1.n W forf=ln | fori=14 e B
= Compute values Stl) o, B forjetm | sty o
for fm1,n St (i,f) =
St (i) TH
when needed . -
Stmtl (1) I
= Store them for data fori=1n for i=1m St 2
Simil (i) for f=1.n Semel (3) Fitin
Stmie2 (i) St (i, ) Simitl (4) Cache

reuse until they
no longer required
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Al Compiler Backend

o Parallelization

- Halide uses a schedule primitive called parallel

= Specify the parallelized dimension of the loops
o Nested polyhedral model — detect hierarchy parallelization
amongq levels of tiling and striding

Parallelization

Halide Polyhedral
Autotuner schedules S e

OO0 00 @
for i=1n . fori=In OO OO : @ @ (:;'J @
o i’}fﬁ Split.  forj i OO0 LOOOC

St i, for k=14 Doz
Semi (i j*4-+k) _IO O O(_:} GJ G] G} G .
e T 90gg  Panleliton/
for f=i,m EH Ii for f=min,max OO
for fed,n/4  PATALENZE 1 i g iy OO0
ver (Stmit(i,j)) vec (Stmt(ij)) OO Nested Polyhedral
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Al Compiler Backend

o Back-end compilation
o Tasks
= Auto-tuning
» Parameterization cost model
= Using kernel libraries
o NVIDIA cuDNN/TensorRT, AMD MIOpen
= Low-level IR/ Operator IR
» Halide IR
= Compilation scheme
o Just-In-Time (JIT), Ahead-Of-Time (AOT)
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Takeaway Questions

« What are jobs of Al compiler?
> (A) Handle tensor memory allocation
> (B) Reorder the execution of the DL operators
o (C) Generate assembly codes
« How does Al compiler improve the data reuse on the local

memory?
o (A) Use the NCHW data layout
o (B) Operator fusion
o (C) Operator lowering
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MLIR — Multi-Level Intermediate Representation

e Most high-level languages have their own AST

e ML graphs compilation process is fragmented

e MLIR allows developers to use a unified codebase/framework to do their
optimizations and develop some optimizations for multiple inputs

C, C++, Java & JVM ' '
ObjC, languages .ﬂ
CUDA,

OpenCL —— Clang AST
Swift | SwiftAST I~ SILIR
Rust —- Rust AST —- MIR IR
Julia Julia AST ——  Julia IR

— LLVM IR |

TensorFlow
Graph

—  XLAHLO

LM IR

—e TensorRT

—  TPUIR

nGraph

—e Core ML

—— TensorFlow Lite

N

—ﬁ Several others

. NNAPI

Many other
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MLIR — Multi-Level Intermediate Representation

« MLIR’s input
o applications, compilers, C program, etc.
o Within MLIR

o Implement multiple Dialects for distinct inputs
o Use Dialect to deal with tensors

Applications/ MLIR i Backends
Compilers | "Séﬂ?'éif
- ! LLVM IR
HLS/Chisel i
Dialect | CIRCT CPU GFU
ONNX | > —>| (FIRRTL) | > TPU
e — Shared | FPGA
Optmﬁ'nns ! SPIR-V XPU
TensorFlow [ el
affine | arith | scf i TPU IR
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MLIR — Multi-Level Intermediate Representation

;i? National Yang Ming Chiao Tung University

« Once we have an optimal IR
o MLIR can lower it onto the backends such as LLVM for CPU ...
o If the targeting hardware is FPGA, TPU, need vendor-tools for final

compilation
Applications/ MLIR | Backends
Compilers : H;;ﬂ;.'::;e
. : LLVM IR
HLS/Chisel ' :
Dialect | CIRCT CPU cPU
ONNX | > (FIRRTL) |I—> TPU
S — Shared : FPGA
Optimizations ! SPIR-V XPU
TensorFlow R
affine | arith | scf TPU IR 59
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MLIR — Multi-Level Intermediate Representation

o« MLIR Compiler Infrastructure

o A set of optimization/code conversion/code generation pipeline

MLIE

Optimization &
Conversion

Op definition Rewrite Generators

ML

Frameworks _
Type definition gy passes

E.g. TensorFlow

JAx P

Canonicalization

Legalization

Code
Generation

Target optimizations
Runtime
(IREE, TFlite,
TFRT ...}

Operator fusion

Kermal selection

Instruction selaction
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MLIR — Multi-Level Intermediate Representation

e MLIR Dialect

o One way to express IR from other specific IRs

o Every IR can be transformed in the corresponding MLIR dialect

o Each programming language’s dialect (Tensor dialect, HLO dialect,
LLM IR dialect) is inherent from mlir::Dialect

o AST (Abstract Syntax Tree)

Dialect } Define IR expression
Bind IR operations
Source MLIR MLIR .
Codes AST Representation Analyzer Sl
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MLIR — Multi-Level Intermediate Representation

e MLIR Dialect

o DRR(Dynamic Reconstructed Radiography) - transform different
dialect

o ODS(Operation Definition System) — define operation

| wonsiormation | _canonicaizarion |

DialectA
Interface « 'affine' Dialect

s 'acc' Dialect

Attribute obs . IamngUI Dialect

Type

s 'amx Dialect
» 'arith’ Dialect

DialectB « 'arm neon' Dialect

Interface

o 'arm_sve' Dialect
o 'ArmSME' Dialect 62

Attribute

Type
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MLIR — Multi-Level Intermediate Representation

« QOperations

» MLIR Operation e
- Output: %tensor v
o QOperation: toy.transpose ® gmiblock_dia (gu-BlockOInOp)
> Input: %tensor . f:::i:eid;ﬁiiej;:?fiuste.-a|ock|do@;]
o Transform tensor <2x3xf64> to tensor<3x2xf64>
o The location of transpose is in “example/file/path”, line 12, 1st word

%t_tensor = "toy.transpose”(%tensor) {inplace = true} : (tensor<2x3xf64>) ->
tensor<3x2xf64> loc("example/file/path™:12:1)
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MLIR — Multi-Level Intermediate Representation

[

o Simple Matmul Kernel

M= 2 # Rows in arg0
K = 2816 # Columns in arg0, Rows in argl
N = 1280 # Columns in argl

# Matrix multiplication with £f16 -> £32 promotion

for i in range (M) :

for j in range(N):
0.0 # float32 accumulator

acc =
for k in range (K):
a = float(arg0[i] [k]) # flé -> £32
b = float(argl([k][j]) # f16 -> £32
acc += a * b
# store result as float32

= acc

result[i] [j]
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MLIR — Multi-Level Intermediate Representation

matmul.mlir

#map = affine map<(d0, dl1, d42) -> (d0, d2)>

#mapl affine map<(d0, di, d2) -> (d2, dl)>

#map2 = affine map<(d0, d1, d42) -> (d0, dl)>

func. func @matmul (%arg0: tensor<2x2816xfl6>, %argl: tensor<2816x1280xfl6>) -> tensor<2x1280x£f32> {
$cst = arith.constant 0.000000e+00 : £32

%0 = tensor.empty () : tensor<2x1280xf32>
%1 = linalg.fill ins(%cst : £32) outs (%0 : tensor<2x1280x£f32>) -> tensor<2x1280xf32>
$2 = linalg.generic {indexing maps = [#map, #mapl, #map2], iterator types = ["parallel", "parallel”,

"reduction"]} ins(%arg0, %argl : tensor<2x2816xfl6>, tensor<2816x1280xfl6>) outs (%l : tensor<2x1280x£f32>)

“bb0 (%in: £16, %in_0: f16, %out: £32):
%3 = arith.extf %in : £f16 to £32
%4 = arith.extf %in 0 : f16 to £32
%5 = arith.mulf %3, %4 : £32
$6 = arith.addf %out, %5 : £32
linalg.yield %6 : £32

} -> tensor<2x1280x£f32>

return %2 : tensor<2x1280xf32>

}

{
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IREE — Intermediate Representation Execution Environment

e IREE

o A MLIR-based compiler for ML programs
o Takes ML workloads from various frontends (PyTorch ..) and execute
on different backends (x86, Arm, NVIDIA GPUs, AMD GPUs ..)

- : ~ /"_ _\
TensorFlow ) L HLO r Flatbuffer {.vmfb) "

JAX ’ ati ,
IREE compilation ! Device-side Code

| ( ) i - Objfile
TFLite ‘> | TOSA ) E:> Inputs dialects |:> - PTX
) | - SPIR-V

Linalg (99%)

( \ - LinalgExt (1% -~ -
PyTorch > Torch-MLIR gEXt (1%) | HostSide ﬂ
ONNX . S \ - VM Byte code

‘\‘:._______________________:-;{I,

- —

Host/Device model 66
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IREE — Intermediate Representation Execution Environment

o IREE Compiler Design

Global
Optimizations

Canonicalization
Basic Fusion
Transpose/Reshape
propagation

etc

3

Device

FIO".N Dialect Host/Device
Dispatch Split
Creation P

Host

Partition program into
dispatches

Expected to be executed
by many warkers
Workers for a dispatch
not expected to
synchronize
Scratchspace memaory
perf worker

Host side code captures
dependences between
dispatches

r

Stream Dialect
Scheduling
Optimizations

Device side
CodeGeneration

Most of
scheduling is
architecture
agnostic

L

HAL Dialect
Command Buffer
Generation

Architecture
dependent
phase

* vmfb
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Mega-Kernel on the GPU

o GPU includes multiple specialized
engines (CUDA core, Tensor core ..)

Streaming Multiprncessing-{srﬂ}f SIMT Core
Instruction Cache

Warp Scheduler | Warp Scheduler | Warp Scheduler ‘ ‘ Warp Scheduler

RT RT RT
FP64/32 FP64/32 | ol FP64/32 | Jofsl[= FPe4/32 | bl
SP/SFU SP/SFU SP/SFU | RO SP/SFU Ten*or
v Core Core IR/ Core W J Core

Register /5 Register LD/ST Register LD/ST Register
Files ' Files it Files Unit Files

L1 Data Cache/Shared memory Texture memory

SIMD Dispatch
Unit

SIMJDispatch
Unit

1

SIMD Dispatch SIMD Dispatch
Unit Unit

1

v L

RT CORE
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Existing Kernel-Per-Operator Approach

Computation Graph '

PyTorch
MatMul Attention MatMul AllReduce
Kernel Kernel Kernel Kernel

i
|Iii||
e
=
i
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Limitations

No Inter-Layer Pipelining
Kernel barriers prevent inter-
layer pipelining

Tensor Memory Pipeline

T:::'re;t;; SN bubbles TSN SN N
NUNG N Pipeline ™S NN

CUDA Cores bubbles

Fused Kernel

Tensor Memory

LSS

CUDA Cores
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Limitations

No Overlapping
Coarse-grained dependency
prevents comp. & comm. overlap

TFLOPs

100

MatMul Kernel AllGather Kernel

SM 0 | MatMul [l MatMul
SM 1 DEYT DEVE

w
=
[=]

AllGather

Matmul

Network Bandwidth (GB/s)
bt ... [ Y
[=] w [=] wn
e © © o

w
[=]

<

0 20 40 60 80 100

=

20 40

60 20 100

SMs SMs

Fused Kernel

SM 0 | MatMul | MatMul | MatMul |
SM 1
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Kernel-Per-Operator v.s. Mega-Kernel

SMO i

SM 1

SM2 :
SM 3 :

SMO :

SM 1

SM2 :
SM3 i

An LLM forward pass Iau/knches 100s-1000s kernels

'
Attention MatMul
Kernel Kernel Kernel

[
1
1
Attention :
[

Attention I
|

Attention I

|

Attention 1

Mega-Kernel

|
I
I
I
I
|
|
I
I
I
I
.

|ﬁ

Attention | Reduce ] MatMul ] AlReduce | Matiul | AllReduce

Attention
Attention
Attention

[ Mathtu | AlReduce | Matuiu  AlReduce

Caivu ] AlResce
Ve | AlReocce|

AllIReduce
Kernel
AllIReduce
AllIReduce

AllReduce @l AllIReduce
AllIReduce @ AllReduce

[

v No kernel barriers
v Operator reordering
v' Load balancing
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Key Challenges of Mega-Kernel

1. How to manage dependency?
—

No kernel barriers in mega-kernel

2. How to handle dynamism?
—

Continuous batching, prefill/decode,
paged/radix attention, speculative decoding

3. How to optimize performance?

——
Existing compilers target individual kernels

Task Graph

In-Kernel
Parallel Runtime

Mirage Superoptimizer*®
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Mirage: A SuperOptimizer for ML

o Can we represent FlashAttention as a graph optimization?

Is it possible to implement FlashAttention as a combination of matmul, exp, add,

mul, div, etc?
Outer Loop
K:dxN i i i
Copy Block to SRAM ]
Q:Nxd _Outwrieoh v

———————————

\

Compute Block
on SRAM

Inner Loop
doo s23nQ

_____

QOutput to HEM

sm(QK"V:Nxd

Inner Loop

FlashAttention
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Mirage: A SuperOptimizer for ML

o Key idea: automatically generate highly-optimized GPU
kernels for DNNs

PyTorch %

Program

» Less engineering effort: thousands lines of CUDA code — a few lines of
Python code in Mirage

» Better performance: outperform existing systems by 1.1-3.5x
 Faster adaptation: day-0 support for new models; no manual effort

Optimized GPU
Kernels
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Hierarchical Graph Representation

Kernel graph / Computation Graph Thread block graph Thread graph
GraphDe
Op > > >

Matmul I
lterator
lterator

Reshape

v

Tensor Memory Accel. “ RF

SMs CUDA Cores / Tensor Cores

Wi
&
.
I
#
ra

. Thread

GPU Device
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Example: RMSNorm & MatMul in LLMs

o Existing systems launch two kernels since Y does not fit in
shared memory

Kernel graph

_ %G
Yi Zi = Z Wi Vi

1
N 2 xfz .

¥

Performance issues:

1. No shared memory reuse
2. Kernel launch overhead
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uGraph for RMSNorm & MatMul

o Existing systems launch two kernels since Y does not fit in
shared memory

Kernel graph

GraphDef
Op 1

Input

mEnn-EH-a
Input

gn gz |91 Iterator di
Input

Win Viz lterator WEi

2.2x faster than existing systems i |
E' i /N J z
by simultaneously considering SN | 2XE/N

« Algebraic transformations
» Custom GPU kernels
« Schedule transformations

ZW}( iXidi

W

WiiXiGi ZWifixt'ffi'

n = e > wiiXigi/ |27 /N

-

Thread graph
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High-Performance uGraph

o Key Challenges to discover High-performance uGraph
- How to generate potential uGraph?
- How to verify their correctness?
- Mirage system

el
é uGraph B Equivalence "t uGraph =
md Generator jpud %/ Verifier |jpud / Optimizer [l E5

9

PyTorch Fast
Program uGraphs Verified GPU Kernels

uGraphs 79
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Hardware-Customized uGraphs

o Find pGraphs similar to expert-written implementations for
attention on NVIDIA A100 GPU

m _/
L]

! GPU-level SM-level Thread-level |

Exp Sum

Kernel graph [] 4
K GraphDef GraphDef 0
Op1 Op 2
4 I 5 I
I 1

Thread block graph 2

Thread block graph 1

Input Input
terato . terato
Input Input Output
terato terato Accu
— 4 Input
7
v terato

Thread graph 3

E > > > D
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Neural Processing Unit (NPU)

Intel NPU
Hardware Acceleration Blocks

= Handle GEMM,CONYV ...
o Streaming Hybrid Architecture Vector

Engines (SHAVE)
Perform parallel computing for

(@)

general needs
DMA Engines
= Moving data between DRAM and
software-managed cache

(@)

Global Control

Neural Compute

Neural Compute
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Heterogeneity on ASIC

o NPU
MAC engine + Specialized engines

7

Neural Compute
Engine

O

CPU on Al PC
o AMD Ryzen Al Pro 300 (CPU+NPU+GPU)

Inference Pipeline
MAC Array

AMDZD1 Next-Cen NPU
XONA 2

MAC

= %
INEX 21
P\ Next-Gen CPU
s
Activation Activation
Function Load / Function Load /
Data Store Data Store
Conversion

Conversion

Next-Gen GPU

AMDA
RONA 35
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Takeaway Questions

« What are jobs of MLIR?
o (A) Operator definition
> (B) Operator lowering
o (C) Instruction selection

o What are benefits of MegaKernel?
o (A) Overlapping GPU specialized engine execution
o (B) GPU register reuse
o (C) Decrease the kernel launch overhead
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Future of Al Compiler

o Future of Al compiler
o In model inference
= Ahead-of-Time (AoT) compilation
o In model training
= Just-in-Time (JIT) compilation
e The form of IR
o Need one IR that can support diverse programming
language and ML frameworks
o Good for cross-platform

84



X //" National Yang Ming Chiao Tung University
=347\
Hlat/ Computer Architecture & System Lab

Future of Al Compiler

o Auto-parallelization
o Automatic execute ML models through different
parallelization approaches
o Distributed computing (Model training)
o Parallel computing in one chip

o Auto Code/kernel generation
o Not only Domain-Specific Language (DSL)
o Match diverse hardware platforms
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