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LRiE AR - EhLAEIR

iIRE  HXEW &Jit

1 IRTES M8 Overview and system/Al basics

5 AT EgERFHHA System for Al: a historic view; Fundamentals of neural networks;
System perspective of System for Al Fundamentals of System for Al

3 IRE R 1T EHEZE SN Backprop and AD, Tensor, DAG, Execution graph
Computation frameworks for DNN Papers and systems: PyTorch, TensorFlow

4 B8 ST EIIRR S Matrix computation, CPU/SIMD, GPGPU, ASIC/TPU
Computer architecture for Matrix computation Papers and systems: Blas, TPU

5 SaIVIEEE Data parallelism, model parallelism, distributed SGD
Distributed training algorithms Papers and systems:

6 PHNIERR MPI, parameter servers, all-reduce, RDMA
Distributed training systems Papers and systems: Horovod

7 T EEAESRREER R Running DNN job on cluster: container, resource allocation, scheduling
Scheduling and resource management system Papers and systems: KubeFlow, OpenPAl, Gandiva, HiveD

REFIHES RS

Inference systems Efficiency, latency, throughput, and deployment
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iRiE  HXEBIR &t
SRR, IR, s‘ut?-gr'aph pattern match, Matrix multiplication and memory
2 Computation graph compilation and optimization optimization
P grap P P Papers and systems: XLA, MLIR, TVM, NNFusion
10 ERS RN N e Al Model compression, Sparsity
Efficiency via compression and sparsity Pruning
= . Hyper parameter tuning, NAS
S FE yperp uning,
11 Eimcl'f%%?gﬁ Papers and systems: Hyperband, SMAC, ENAS,
UIOME systems AutoKeras, NNI
12 BUFEIRG Theory of RL, systems for RL
Reinforcement learning systems Papers and systems: AC3, RLIib, AlphaZero
13 1R e SIRFRARF Federated learning, security, privacy
Security and Privacy Papers and systems: DeepFake
14 FIABARATTRINE SR Al for traditional systems problems, for system algorithms

Al for systems

Papers and systems: Learned Indexes, Learned query path
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| Lab 1 (for week 1,2)

HEZRR TEN )3
A simple throughout end-to-end Al example, from a
system perspective

Understand the systems from debugger info and
system logs

Lab 2 (for week 3)

EH— T FHEKEIZRE
Customize operators

Design and implement a customized operator (both
forward and backward): in python

Lab 3 (for week 4)

CUDASCIIFIfLAL
CUDA implementation

Add a CUDA implementation for the customized
operator

Lab 4 (for week 5,6)

AllIReduceSCIRFN{LAL,
AllReduce

Improve one of AllReduce operators’
implementation on Horovod

Lab 5 (for week 7, 8)

Fe& Containerskit 7= LR EEIR/ESR

Configure containers for customized training and inference

Configure containers

Lab 6 FI)(FEREEEERRS Get familiar with OpenPAl or KubeFlow
Scheduling and resource management system

Lab 7 DI ESES Try different kinds of all reduce implementations
Distributed training

Lab 8 o2 FI R RS Search for a new neural networkNN structuree for
AutoML Image/NLP tasks

Lab 9 B FEI R R 5] Configure and get familiar with one of the following

RL Systems

RL Systems: RLIib, ...
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- IREEML . https://github.com/microsoft/ai-system
- FEKNR : https://github.com/microsoft/ai-edu
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System perspective of System for Al
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System for Al: a historic view
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REF 5% Deep Learning Approach

Raccoon

|
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derror derror derror  derror derror
dW1 sz dw dW4. dWS

Errors



HEMENEPMRCEREFINECEPETE

(Pretraining)
Multi-layered m N

XOR Perceptron A
ADALINE (Backpropagation)
A A
A

Perceptron
Golden Age Dark Age (“Al Winter”)

Electronic Brain

£S5/ \

G. Hinton - S. Ruslan

D. Rumelhart - G. Hinton - R. Wiliams V. Vapnik - C. Cortes

S. McCulloch - W. Pitts M. Minsky - S. Papert
X AND Y XORY NOT X ; . & FERATN, x4 ] ‘ r .‘ 3 -
5 ] O . @ .. s ot - 5 . .| I -
° ‘o } O e s e e e
-, 8 - o : P o ‘ i ‘ -
1+ 2 #1741 ) 1 °® ‘ PS o ‘ . " : ;
/ l +1 x/ \Ir \+ | <@—— Backward Error .
« Solution to nonlinearly separable problems « Limitations of learning prior knowledge * Hierarchical feature Learning

« Adjustable Weights * Learnable Weights and Threshold » XOR Problem ; ) 2 A - :
» Big computation, local optima and overfitting * Kernel function: Human Intervention

* Weights are not Learned
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- ¥8Z5|2 (Search Engine)

- Image search: ImageNet, Coco
- Text search: Wikipedia, Natural language datasets

- Mk e

Y
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L AR SR T KBS

- Amazon, Taobao: recommendation data sets, ads data sets

- H{BBEXMARSS: Internet services

- Conversational services: Xiaolce, Siri, Cortana

MNIST
60K samples

g., image classification problem
ImageNet Web Images
16M samples Billions of Images

10 categories

1000 categories Opened categories




AEFIEERHEE - e.g., MNIST
TEST ERROR RATE (%)
- THE MNIST DATABASE of
handwritten digits

12

- A simple convolutional NN

N~
N~
approach can equal the best o .
SVM approach (1998) | A -

- A deep convolutional NN I I
approach can reduce the (Sg--' & & T &
error rate to 0.23% (2012), 5)\ QY\%O < S & ,b,»v &
which is compare to humans OGRS eoe C)\@ %«%‘0«\0 (/Oe

t 0.2% FS& L TS E P
al U.£70 Qe \§§</ QO ¥ QQY\/ @ 2
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NEF IRERHE - e.g., IMAGENET
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EfficientNet,
3.1%
Res!\let,3.57% NAS
Residual way,
" Inception,6.7% 2015 2019
Batch
AlexNet, 16.4% normalization,

RelLU, Dropout, 2015 L N
2012 - BIFRURGERREFILSHS): RelU, BN, ...

- BEZRIMETNEZSE
% 753%: regularization,

LeNet,
convolution,
max-pooling,
softmax, 1998 - BRIl

initialization, learning methods
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Image recognition

f &

- 2015, ImageNet,

MSRA, Resnet

- 2016, NIST 2000,

~ MSR, Combined

Speech recognition

model

Reinforcement learning

— Hfth{mld, (human parity or +)

- 2019, CoQA,

SQUAD, MSRA,
Multistage
Multitask Learning

- 2016, Go Game,

DeepMind

- 2019, Dota?,

OpenAl
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IIHOAR 360 Tops
VALOOAm 125 Tops

AN Performance
TPUvV1 90 T
(Op/Seq) Uv ops
TPU

GPU
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Dedicated
Hardware
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1960 1970 1980 1990 2000 2010 2019

Moore's law
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Gen 1 pre-2010 Gen 2 2070-present

Custom purpose Deep learning frameworks

machine learning
%’ algorithms p r\ 3__] Language Frontend
Q — Swift for TensorFlow
= —
“E’ MxNet
o Theano TensorFlow Compiler Backend
o DisBelief CNTK °

Caffe PyTorch TVM
TensorFlow XLA

v :
S Algebra & Dense matmul engine Special Al accelerators
= linear libs * GPU « TPU
o « CPU * FPGA « GraphCore
© « GPU  Other ASICs
L
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Frameworks

Hardware

Gen 1 pre-2010

Custom purpose
machine learning
algorithms

Theano
DisBelief
Caffe

Algebra &
linear libs
 CPU
« GPU

Gen 2 2070-present

Deep learning
frameworks
provide easier
ways to leverage
various libraries

= 5

Al framework
Dense matmul
engine

Gen 3 present-

Machine Learning Language and Compiler

4

1111

1111

TT 11

LI

A Full-Featured Programming Language for
ML: Expressive and flexible
Control flow, recursion, sparsity

Powerful Compiler Infrastructure:
Code optimization, sparsity optimization,
hardware targeting

SIMD - MIMD

Sparsity Support

Control Flow and Dynamicity
Associated Memory
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FEZIEFRIIATUAR (Deep Learning System Stack)

___________________________________________________________________________________________

End-to-End Al User Experiences

Experience
Model Algorithm, Pipeline, Experiment, Tool, Life Cycle Management
"""""""""""" Programming Interfaces | class 3
Frameworks Computation graph, (auto) Gradient calculation
IR, Compiler infrastructure 5 class 4
) Deep Learning Runtime: |
Runtime Optimizer, Planner, Executor | class 5
5 Hardware APIs (GPU, CPU, FPGA, ASIC) § class 6
Architecture : Resource Management/Scheduler class 7
(single node and Cloud) : ; -
| Scalable Network Stack (RDMA, IB, NVLink)
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Fundamentals of deep neural networks
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Deep Neural Network

- Depends on lots of data and mostly supervised
- End-to-End learning
- Learns a deep hierarchy of abstract features with some general neural

networks, such as full connected, convolutional, Recurrent, and
transformer

KE G2z IR R P28 e
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Math

iJIIéE%&EE/M%;ﬁ N

A EiR: 6* = arg;ninZ[Loss(fg (x), V]

ENMEATIERL: 07 = argmin: YL, Loss(f (v, )

- BIRITE— " mini-batch: 1NELE S MMEAR
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Math (2)

-

24

- WEIEHEZEMZZHIweights, biasEE

- BUlE

- i

A :

EHE

PR

Vi = f(w,xy),

Jw 3ZE7~: 0 means a collection of w

L(w) = Xiz1 Loss(Fi, y) + Allwl|?

/'

Loss function

w e« w—nV,L(w)

/
Learning rate

\
Gradients

\

Regularization
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LeNet: PyTorch Example (1) P

class LeNet(nn.Module):

def _init_ (self):
super(LeNet, self). init ()
nn.Conv2d(3, 6, 5)
nn.Conv2d(6, 16, 5)

self.convl

self.conv2

self.fcl = nn.Linear(16*5*5, 120)
self.fc2 = nn.Linear(120, 84)
Convolutions(+Relu) pooling convolutions(+Relu) pooling self.fc3 — nn.Linea r\( 84 1@)
. = . 3

A\
(2) J:HZI:'.L“ éﬁ\ def forward(self, x):
88: mlnl-batchﬁb_ﬂ‘iﬂ.( out = F.relu(self.convi(x))

89: iﬁ%i.l.%})\;‘)ﬁ out = F.max_pool2d(out, 2)
SN out = F.relu(self.conv2(out))
on: HUFE‘I]’-l_% out = F.max_pool2d(out, 2)
92: 'L'l_%_LOSS out = out.view(out.size(®), -1)
for batch_idx, (inputs, targets) in enumerate(trainloader): out = F.relu(self.fcl(out))

inputs, targets = inputs.to(device), targets.to(device) out = F.relu(self.fc2(out))
optimizer.zero_grad() out = self.fc3(out)
outputs = net(inputs) return out

loss = criterion(outputs, targets)
loss.backward()

optimizer.step()
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HERERITRILMESIRA LR AKEIEE (Tensor)

\nputChanneI 3
QOutputFeatureMap=2
[ Weights=(2x3)x(5x5)

Input
Channel-1
(32x32)

Input
Channel-2
(32X32)

Input
Channel-3
(32x32)

Feature
Channel-1
(28x28)

Feature
Channel-2
(28x28)

Feature
Channel-3
(28x28)

Feature
Channel-1
(28x28)

Feature
Channel-2
(28x28)

Feature
Channel-3
(28x28)

Feature
Map-1
(28x28)

Feature
Map-2
(28x28)

(o) IV B VN B S A

self; col x
self.col w

self.col b

outl
out?2

return

img2col(x,

O 00N OV WN R

N R R R R R R R R R R
@ VNV DA WNEREO®

self.FH,

self.WB.W.reshape(self.OutC,
self.WB.B.reshape(-1,

def conv_4d(x, weights, bias, out_h, out_w, stride=1):
batch_size = x.shape[@]

input_channel =
output_channel

x.shape[1]
= weights.shape[9]

filter_height = weights.shape[2]
filter_width = weights.shape[3]
rs = np.zeros((batch_size, num_output_channel, out_h, out_w))

for bs in range(batch_size):
for oc in range(output_channel):
rs[bs,oc] += bias[oc]
for ic in range(input_channel):
for i in range(out_h):
for j in range(out_w):

HiE, WA
QUE

U=
& Channel,
B, 2455650

ii = i * stride
ij =3
for fh in range(filter_height):
for fw in range(filter_width):
rs[bs,oc,i,j] +=
x[bs,ic,fh+ii,fw+jj] * weights[oc,ic,fh,fw]

TR, N EERAVEMFEE

* stride

W EE

np.dot(self.col x, self.col w) + self.col b

outl.reshape(batch_size, self.OutH,
np.transpose(out2,

axes=(0,

self.FW, self.stride, self.padding)
-1).T
self.outC)
self.OutW, -1)
3, 1, 2))
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B HRREBSIMLARERLE

# A recursive TreeBank model in a dozen lines of JPL code

function sentiment(weights, tree:: Tree{Word}) A
# Walk the tree, accumulating embedding vecs :“-\
function embedding(weights, tree) N A

if isleaf(tree) /_',,.-'\

token = tree.value

# Word embedding model is used at the leaf node to map word D E 1::-.._______.-.5
# index into high-dimensional semantic word representation. j N
return weights.embedding[token] : : .

else A
# Get semantic representations for left and right children. : D :

sr = embedding(weights, tree.r)
# A composition function is used to learn semantic

p
sl = embedding(weights, tree.l) ; S \""\-..__‘_
N P

D

# representation for phrase at the internal node.
return tanh.(weights.WI*sl + weights.Wr*sr)

ond . ESEHUIE 1.
# Map tree embedding to sentiment . EE@KB’J@E‘@‘@]

return softmax(weights.dense * embedding(weights, treg)) EE%’.&E{J{K%&?&,Z{;

e - BRI EE

house at the end of the street 15 red.
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Fundamentals of System for Al
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FEZIZESHE (Deep Learning System Stack)

Front-end
N Language Binding: Python, Lua, R, C++
&
b &
Tensor Graph definition (IR)
QOB EINDD)
B® Microsoft @ @

CNTK h

Optimization

+ Batching, Cache, Overlap
—_— )
Caffe2

Execution Runtime
CPU, GPU, RDMA devices
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A= FJIERIRTR

Data-Flow Graph (DFG)
as
Intermediate Representation

TensorFlow

f.placeholder (tf.£float32)
f.placeholder (tf.float32)
f.placeholder (tf.float32)

N KM
nmmn
t ot

*
+ z

a=x
b=a
c = tf.reduce_sum(b)



41

RMAIKE (Automatic Differentiation)

TensorFlo
Add gradient back rriow

propagation to Data-Flow
Graph (DFG)

tf.placeholder (tf.float32)
tf.placeholder (tf.float32)
tf.placeholder (tf.float32)

@
<

a=x%*y
b=a+z
@ c = tf.reduce sum(b)
rad x,gra ,grad z = .gradients(c, [x,y,z
+g grad_x,grad y,grad_ tf.gradients(c, [x,y,z])
@ops.RegisterGradient("Mul") ‘ with tf.Session() as sess:
def _MulGrad(op, grad): sess.run([grad z], feed dict=values)
"""The gradient of scalar multiplication.""" t) - -
y = op.inputs[1]

X = op.inputs[9]
if (isinstance(grad, ops.Tensor) and
_ShapesFullySpecifiedAndEqual(x, y, grad) and }E }Egg
grad.dtype in (dtypes.int32, dtypes.float32)):
return gen_math_ops.mul(grad, y), gen_math_ops.mul(grad, x)

C



42

FEIETTRES

O 00 NN Oyl B W N

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24

kemplate <typename Device, typename OUT_T, typename IN_T,
typename ReductionAxes, typename Scalar>
struct ReduceEigenImpl<Device, OUT_T, IN_T, ReductionAxes,
functor::MeanReducer<Scalar>> {
void operator()(const Device& d, OUT_T out, IN_T in,
const ReductionAxes& reduction_axes,
const functor::MeanReducer<Scalar>& reducer) {

static_assert(std::is_same<Scalar, typename OUT_T::Scalar>::value, "");

Eigen::internal: :SumReducer<Scalar> sum_reducer;

out.device(d) = in.reduce(reduction_axes, sum_reducer) /CPU COde

static_cast<Scalar>(in.size() / out.size());

}
};

// T: the data type

// REDUCER: the reducer functor

// NUM_AXES: the number of axes to reduce

// IN_DIMS: the number of dimensions of the input tensor
#tdefine DEFINE(T, REDUCER, IN_DIMS, NUM_AXES)

\
template void ReduceFunctor<GPUDevice, REDUCER>::Reduce( GPU Cod‘e

OpKernelContext* ctx, TTypes<T, IN_DIMS - NUM_AXES>::Tensor out, \

TTypes<T, IN_DIMS>::ConstTensor in,
const Eigen::array<Index, NUM_AXES>& reduction_axes,
const REDUCER& reducer);

\
\

SIS
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IREREER, KRBT 7y
1. Multiply(x, y) -> a o @
2. Add(z,a)-> Db
3. ReduceSum(b) -> ¢ » @
4. ReduceSum_grad(c, b) -> b_delta
5. Sum_grad(b_delta, a) -> a_delta @
6. Add_grad(a_delta, z) -> z_delta Y| |Zg
7. Multiply(a_delta, x, y) -> x_delta, y_delta ;
~~~~~~ . eeeee 1] 1

Operators
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REZIZRFIFE (Deep Learning System Stack)

. IDE Programming with: VS Code, Jupiter Notebook
Experience
Language Integrated with mainstream PL: PyTorch and TensorFlow inside Python
Intermediate representation Compilation Optimization
Frameworks Basic data structure: Tensor  Lexical analysis: Token User controlled: mini-batch
Basic computation: DAG Parsing: AST Data parallelism and model parallelism
. , Semantic analysis:  Loop nets analysis: pipeline parallelism,
Compiler Advance features: control flow Symbolic AD control flow
General IRs: MLIR Code optimization Data flow analysis: CSP, Arithmetic, Fusion
: Hardware dependent optimizations:
Code generation . :
matrix computation, layout
Resource allocation and scheduler:
memory, recomputation,
Single node: CuDNN Multimode: Parameter servers, All reducer
. Runtimes
Architecture Computation cluster resource management and job scheduler
Hardware Hardware accelerators: Network accelerators: RDMA/IB/NVLink

CPU/GPU/ASIC/FPGA
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FFEZRSIR (Intermediate representation)

- FRIFEZR N B MR R B URSAN R AR HR A S
- BHTHESR: LLVM
- NREFIIRITAVHEZE: TensorFlow Graph, TVM
- BIIS—CHIEZE:MLIR

- Intermediate representation (IR)

- The data structure or code used internally by a compiler or virtual machine to represent
source code

- Accurate and capable to representing the source code without loss of information
- Independent of any particular source or target lanugage
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Gen 2 2070-present
Tensor -> Operators -> Graph

Deep learning frameworks S0 Trainer
o omm R @
%’ p r\ d I Language Frontend [””-;*“vl f”*;“-;.[”“-'-_f*--l.\”M-'-*:-:
g Swift for TensorFlow S A cratents
EiBo @
“E’ MxNet o— @D ot
G TensorFlow Compiler Backend L
=2 ¥ =
i CNTK ° ¢
PyTorch TVM A
TensorFlow XLA +
Relu Layer (EE:J;EE:}
_____ W | G
q) o
< Al Framework Dense Special Al accelerators IIH @D —0
= matmul engine - TPU QD
© * GPU * GraphCore
T FPGA P import "tensorflow/core/framework/graph.proto";
S . » Other ASICs , , |
T import "tensorflow/core/framework/op_def.proto";

import "tensorflow/core/framework/tensor_shape.protc
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Frameworks

Hardware

Gen 3 present-

Machine Learning Language and Compiler

4

A Full-Featured Programming Language
for ML: Expressive and flexible
Control flow, recursion, sparsity

Powerful Compiler Infrastructure:
Code optimization, sparsity optimization,
hardware targeting

SIMD - MIMD

Sparsity Support

Control Flow and Dynamicity
Associated Memory

An example: MLIR

Optimization Code
& Conversion Generation

Rewrite Target
Generators optimizations

Op definition

Lowering passes Operator fusion
Runtime

Canonicalization Kernel selection

Instruction

Legalization ’
selection

// Syntactically similar to LLVM:
func @testFunction(%arg0:i32) {
%x = call @thingToCall(%arg0) : (i32) ->i32
br Abb1
bb1l:
%y = addi %x, %x : 132
return %y :i32}
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HiIRAKXSRHA

- RENEEFEITBRIEREEISE
- S EEEIRESHAE, BR

- B&OperatorsHAETESHY, LARelU, FEARME—MITLIRET
- B&O0perators ARTLAZG H— 1B {ORUAUSCIR, Eban
- B%OperatorsBaIkEHAREMN, LAIEZAIMEEZEXY, convolutional, Recurrent

- K EB D 1ESR BRI IR -

- 1. BalkEERER, FIXIENRERIES
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RS F A RGIEREMR

8 layers Image1 52 layers
R B R R A AT e B
- Arule of thumb: larger data and model bring better accuracy e 2015 ]
- RRH RS T AR IALIER) 4 -
80 GFLOP Pee 465 GFLOP
7.000 hrs of Data 12,000 hrs of Data
- RS IGER I LIMRREZE IR B ARE > e

. FRAREERENNER SRR TSRS S IERS decp Specch 1 Deep Speech 2
+ Training ResNet-50 on ImageNet dataset with single GPU takes more than one week.
+ Training GNMT on WMT'14 En->Fr takes a week on 96 GPUs

- KRB REF IR AEFEEE R ES A EER
- Inference performance - Serving latency
- Many large-scale models have to be deployed with hand-coded optimizations.
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Different architectures: CNN, « High computation resource  Different goals: latency,
RNN, Transformer, ... requirements: model size, ... throughput, accuracy, ...

Be transparent to various user requirements

Huge optimization space at
different assumptions

Transparently apply over heterogeneous hardware environment

Scale-out Local Efficiency Memory Effectiveness

o W s
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- IREFHTHEENE BITE R R ER
D ORI EIRAE
- BICSPEERERD IRITE, MBI FusionFERANHITER T
- IR RESEFIEERISER
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- Rz, EANE G /tERSES:
- EiZEmE: RSN, 2BYES. OEEL, batchlU X/, EIEE
- RBEEE: f8NERFITW, X8, overlap, BAESEESE, WHHSEM
- B EE: ARSEARIMSERIEF, Cache, Pre-fetch

A model to train Parallelism Data Mogel Pipeline
parallelism parallelism parallelism

- J
(. J

( )
overlapping precision

(. J

Hardware CPU/GPU/FGPA InfiniBand/NVLink
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- 1=z8: SIMD based hardware: GPU, ASIC, FPGA

- 1B(5: B aKiERT: RDMA, IB
- ZiE: (KER

- [BERY, R EER AR

- IFEEIE: JBfFEEE>Tensonz& = Neural networkiz&

- 1B(5/51E: Aggregate and distributed gradient and weight = Parameter server, All reducer
- TFHERIE: 1hinEUEEE: Cache, Pre-fetch, Pre-process

- JRIFERE ﬂﬁﬁ?ﬂﬁﬁLﬁmw

. BEHBEEIR: memory, GPU threads, .
- BaEERERIESEL TVM with ML
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- TR ARFBEREITAENIIZMES
- BEERRRHIESE D%
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- REHHRARFEREITHI T

BRI AR T | S R T | BSOS
+ AETFHPC: BEHHCANTERES
- ARITREUERSE: MYFEELYE, MEFTEREANTERIR
- AETFESCloud laaS: FEE S —IMLILILENTEIRSS
- A RIRITHETRY D o TUAR SRk IFTHYP A
- Microsoft: Azure ML, OpenPAl

- Google: Cloud TPU
- Community: KubeFlow
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y ?Eﬂ%i’&EI*I]IEH%FHF‘FB‘EUII*@E%

& - R EE RGBS EAL:

Web

\— ’—

S (Code) Portal DL Jobs Bi? gata AlthbML - B L‘[J'Wiﬁ{n':rameworkslﬁlﬂ
oDs oDs

Jupyter REST .
Notebook, <> B L SR GPU/FPGA/ASIC

e + WUEREHR: B/RDMA
Kubernetes Cluster Management :__?_11%*"\: HDFS/NFS
- EESRAESEE
R
- EIRRENS *“"’EE
- BF. HEESERS

- BP. T2EHE

https://github.com/Microsoft/pai
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Lab 1 (for week 1, 2)

- Purpose

- A simple throughout end-to-end Al example, from a system perspective
- Understand the systems from debugger info and system logs

- Get ready

- https://github.com/microsoft/ai-edu/ai-system/labs/1



Backups
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Piling up hardware is not sustainable:
energy-efficiency wall
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