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What is machine learning?



Your Al pair programmer

ind entire functions in

Get Copilot for Business > Compare plans

I8 sentimentsts oo \rite

#! fusr/binfenv ts-node
i import { fetch } from "fetch-h2";

[/ Determine whether the sentiment of text is positive
6 // Use a web service
async function isPositive(text: string): Promise<boolean’> {
const response =
method: "POST",
18 body: ~text=${text}”,
i headers: {

await fetch( http://text-processing.com/api/sentiment/ , {

"Content-Type": "application/x-www-form-urlencoded”,

GitHub Copilot: Code Generation


演示者
演示文稿备注
https://copilot.github.com/


GPT-3.5 & GPT-4: ChatGPT

ChatGPT

Lorem ipsum dolo

.:O:.

Examples

"Explain quantum computing in
simple terms" -

"Got any creative ideas fora10
year old’s birthday?" >

"How do | make an HTTP request
in Javascript?" -

ChatGPT

4

Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-up
corrections

Trained to decline inappropriate
requests

A

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world and
events after 2021
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DeepSeek

A miEAhHENE

LITF2#eahiE

What is machine learning, explain it with Mandarin
£ DeepSeek-V2 %A%

HlE8%) (Machine Learing) SATHEES (A) 5%, BEEHAGHIBETSRETRN
HHERL, EEski, MR IMEINTENEFAEIRTZS, RS 5 BRI SR
m,

NEEFINEERTIEE:

1. \§E%23] (Supervised Learning) : EXFES A0, HEVIED EFRCZEERTSS, B
FMNSHABE N ERNEER (8) . fli0, B ASIPETENE R ISRER, (£HEE
HBFRREEEERE R

2 ZWEF3 (Unsupervised Learning) : TEXFZI 04, HENIMEFROIEEE, HEHK
HERPRIRESE, EAMN AR,

3.58{k% 3] (Reinforcement Learning) : TEXFMZS A4, HEHET SHENZERSS, &
H=EHARRTEIHRIBEE (ERhEEETT) RS, LIRS BRI Eir.
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SYSTEM LATENCY PIPELINE

INPUT CPU RENDER QUEUE GPU DISPLAY

—1© ©

—/
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DLSS 3 WITH NVIDIA REFLEX BOOSTS PERFORMANCE & RESPONSIVENESS

INPUT CPU RENDER QUEUE GPU DISPLAY
1 — 1L 1© O —
Reduces CPU Zeros Render Super Resolution &
Backpressure Queue Frame Generation

- -


演示者
演示文稿备注
https://www.nvidia.com/en-us/geforce/technologies/dlss


Al Art

e DALL-E 3 « Midjourney




Al Art

e Stable Diffusion + LoRA

CivIT

Images
MODERN ART



演示者
演示文稿备注
LoRA的工作原理是，冻结预训练模型的权重，并在每个Transformer块中注入可训练层，使得微调模型的计算量大大减少，而微调质量与全模型微调相当。LoRA通过在Stable Diffusion模型中添加可训练层来改进模型。这使得Stable Diffusion模型生成的图像更逼真。


Traditional programming (software 1.0)

(does not reguire 2.0)

VS.

Machine learning (software 2.0)

Andrei Karpathy post: Software 2.0

Ref: https://github.com/mrdbourke/machine-learning-roadmap



https://github.com/mrdbourke/machine-learning-roadmap#readme



演示者
演示文稿备注
Figure out the instructions

https://github.com/mrdbourke/machine-learning-roadmap#readme

Machine learning is turning things (data)
iInto numbers and finding patterns in

those numbers. \

The computer does this part.
How?

Math. ’
(we'Ll cover a little ow this Later)

Ref: https://github.com/mrdbourke/machine-learning-roadmap



演示者
演示文稿备注
本质上就是在一堆tensor中找到解决问题的pattern

https://github.com/mrdbourke/machine-learning-roadmap#readme

“Why use machine learning?”

Another curious (perhaps even more curious than before) internet dweller

Ref: https://github.com/mrdbourke/machine-learning-roadmap



https://github.com/mrdbourke/machine-learning-roadmap#readme

Good reason: Why-ret?

Better reason: Can you think of
all the rules?

(probably wot)

Ref: https://github.com/mrdbourke/machine-learning-roadmap



https://github.com/mrdbourke/machine-learning-roadmap#readme



演示者
演示文稿备注
我们以MNIST为例子


nozontal + NE-SW 4+ lines meet
ne diagona at upper rnght
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Traditional Approach vs Machine Learning

Traditional Machine Learning
e Hand-crafted rules / features e Automatically-learned rules /
features

e Explainable

e Less tested on data * Less explainable

e Insufficient capacity * Data-driven

* High capacity

Focus on formulating the problem, and
then derive the solution more
automatically



(magbe not very stmple...)
“If you can build a simple rule-based
system that doesn’t require machine
learning, do that.”

A wise software engineer... (actually rule 1 of Google’s Machine Learning Handbook)

Ref: https://github.com/mrdbourke/machine-learning-roadmap



https://github.com/mrdbourke/machine-learning-roadmap#readme

What machine learning is good for @.

* Problems with long lists of rules—when the traditional
approach fails, machine learning may help.

e Continually changing environments —machine learning can
adapt (‘learn’) to new scenarios.

* Discovering insights within large collections of data—can
you imagine trying to go through every transaction your (large)
company has ever had by hand?

Ref: https://github.com/mrdbourke/machine-learning-roadmap



https://github.com/mrdbourke/machine-learning-roadmap#readme

Why ML in an HPC course?

* ML (especially DL) is a special serious of application requiring large
computing power
 Just like other domain-specific applications
e Can use techniques in traditional optimization

* ML can be used to guide system optimization

 Emerging research topic: IMILSys
e Distributed Learning
* Inference Acceleration
e Domain-Specific Language & Architecture
* AutoSys



What does this lesson focusing on?
 (Very) Basic ML & DL (What to do)

e Model, Loss and Optimizer
* CNN (CV)
e Attention (NLP)

* MLSys
 Framework (e.g. PyTorch)
e Training/Inferencing Systems
e LLM

e Doesn’t
* Modern Deep Learning Technology (Many complex networks)
e Theory (Why do this? Why it works?)
e Application (How to use/depoly ChatGPT/Stable Diffusion?)


演示者
演示文稿备注
祛魅！


What is the difference between ML/DL/AI?

Ability of machine to imitate human

Artificial Intelligence ——— intelligence

Machine Learning —————————»  algorithms to incorporate intelligence into
machine by automatically learning from
data
Deep
]_eam]ng Algorithms that mimics human brain to

incorporate intelligence into machine



演示者
演示文稿备注
AI，ML和DL的区别是什么，AI的定义比较广泛，在这张图中，AI就是让机器来模仿人类的智能来解决一些问题。ML是AI的子集，他是通过一些机器学习的算法来让机器自动的从数据集中获取解决问题的方法，而DL又是ML的子集，通常情况下，我们认为DL就是通过很多层神经网络的训练来让机器模拟人类大脑解决问题的方式


Stay with the Times

wEy  REAK ¥ RN BEN BNEEEN

CS1006G  Pythonfa/¥ it 3 0.0-2. s (AR

CS1241G N TEReREARE (A) 32 —(HH)

WES AN SE S

211G0290 | 1HEANLEFEAE (A) ) — (Fk %)

211G0200 Python#%® ¥ %1t 3. 2.0-2. —(FE)


演示者
演示文稿备注
当你对ML和数学都有一定的了解后，你会发现 ML 中的很多数学其实更像是为了形式化而讲的一种语言，或者为了自圆其说而讲的一套故事


Does it require math?

Me in 2040 dying in the
operating table because my
Doctor used ChatGPT To Pass
medical school

~slt’s Al powered


演示者
演示文稿备注
当你对ML和数学都有一定的了解后，你会发现 ML 中的很多数学其实更像是为了形式化而讲的一种语言，或者为了自圆其说而讲的一套故事


Basic of machine learning



1. ® Machine Learning Problems

Ref: https://github.com/mrdbourke/machine-learning-roadmap



https://github.com/mrdbourke/machine-learning-roadmap#readme

1. ® Machine Learning Problems

(categovLes of Learning)

" | g @

T..T -

Supervised Unsupervised Transfer Reinforcement
Learning Learning Learning Learning

Ref: https://github.com/mrdbourke/machine-learning-roadmap



演示者
演示文稿备注
监督学习：可以使用一组输入数据和一组相应的已标记配对输出数据来训练模型。通常是手动完成标记
无监督学习：提供算法输入数据，而没有任何已标记的输出数据。然后，该算法自行识别数据内部和数据之间的模式与关系。比如常见的聚类和降维
迁移学习：针对一项任务预训练的模型进行微调以用于新的相关任务，需要的数据集小
强化学习：强化学习和监督学习、无监督学习 最大的不同就是不需要大量的“数据喂养”，而是通过自己不停的尝试来学会某些技能，通过与环境的直接互动，使用奖惩模式，这些算法从每个操作的反馈中学习，并自行发现实现最终结果的最佳处理路径，针对整个输出文本进行反馈


https://github.com/mrdbourke/machine-learning-roadmap#readme

1. ® Machine Learning Problems
(Prolol,e,

® @

® O @

® @®

® O ¢« &
4k A . .
P ® 0

Heart disease? P
Classification Regression Clustering

Ref: https://github.com/mrdbourke/machine-learning-roadmap

o Ao ains)

(dropped) (most important)

ID Weight |Heartrate| Age Diz::;te?
0 76 54 55 0
1 81 42 34 0
2 90 70 47 0
3 67 100 79 1

Dimensionality reduction



https://github.com/mrdbourke/machine-learning-roadmap#readme

Formulation of machine learning

*y=f(x)
e X:input numeric data
e y: expected result

 What to use for f?
Eg.y=wx+b

* How to solve paramsin f?
e Eg.w&D

* How to get x from real-world data?
e How to judge the quality of f?



Fasiest f : Linear Regression

A
(i)
y b
i)
7 y(
X

e1-D:y =wx+b>b
eN-D:9 = wix+b

* Analytic solution: least square
regression

e Fitting (training): a data-driven
learning process

e Cost function (loss): 1D (w, b) =
1/ A(i )2
- (y(l) _ y(l))


演示者
演示文稿备注
从我们最熟悉的线性回归出发
1d case / nd case
最小二乘
拟合 -> 训练 数据驱动的过程，和普通算法的区别
误差 -> 损失函数
x特征，y标签，x的一组数据：样本，有标签样本，无标签样本


How to solve params in f: Gradient Descent

. Gradlent:.the. direction in which 5. SingleModel o
the function increases most 04| Standard LR &:mwmﬁ% o
CIU|Ck|y 03] N A \



演示者
演示文稿备注
我们要让损失函数最小化
1dLR损失函数像山x -> w y -> b z->loss，我们处在半山腰要到山谷里
梯度指向向山顶最陡的方向，负梯度指向向山谷最陡的方向，沿负梯度方向一直走就能到山谷
LR Loss=−N1​∑i=1N​(yi​log(y^​i​)+(1−yi​)log(1−y^​i​))


Gradient Descent

- ) . _ '
\\/// LW b) =% 1Ow,b)
= i /f Cr:; e (W,b) « (w,b) —nVL(w, b)
\_,///
ﬁ 7 e Learning rate: 17, length of one
““,TJ step

 Hyper-parameter: parameters
whose values are used to control
the learning process.

: How to choose a learning
rate?



演示者
演示文稿备注
每次用负梯度乘以步长加到参数上
步长：学习率
超参数：控制学习过程，与普通参数区分开
步长太大太小会发生什么


Choose a Learning Rate

Too small Too big

> &



演示者
演示文稿备注
Too small: 收敛过慢，训练时间过长
Too big: 损失函数来回震荡，无法收敛或发散。


Learning Rate Scheduler

Linear Decay Linear Warmup

Learning rate

10 -

0.8 1

0.6 1

04

0.2 -

0.0 -

0 2 20 60 80 100
Epoch

LR can also be searched using AutolVIL

0.6

0.5 -

0.4 -

0.3 -

0.2 1

0.1 -

0.0 1

Learning rate

L]
100




Minibatch Stochastic Gradient Descent

 Randomly sample several points B to approximate the loss.
* L(W,b) = Yep 1Y (W, b)

e Batch size s = |B|, another important hyper-parameters.

e Too small: Workload is too small, hard to fully utilize computation resources;
bad approximation.

e Too big: high memory consumption. \

i

.
I&ﬁmﬁ« ‘LJ "‘\%[JJJ‘-._'HLME_



演示者
演示文稿备注
小批量随机梯度下降，随机选一部分数据来近似所有数据，用这部分样本的梯度来训练
批大小？


Overfitting and Underfitting

Degree 1 Degree 4 Degree 15
MSE = 4.08e-01(+/- 4.25e-01) MSE = 4.32e-02(+/- 7.08e-02) MSE = 1.81e+08(+/- 5.42e+08)
— Maodel — Maodel — Model
Tue function Tue function Tue function
e Samples e Samples e Samples

Underfitting Optimum Overfitting


演示者
演示文稿备注
https://datascience.foundation/sciencewhitepaper/underfitting-and-overfitting-in-machine-learning

How to judge the quality of 𝑓?



Training, validation, and test data sets

input data

4

i

i

training set

input data

/

I

test set

training set

validation set

test set


演示者
演示文稿备注
正是由于过拟合的存在……，将原始数据集分成三份，并且数据集划分应该是随机的，训练集用于训练模型的权重，验证集评估模型性能，以检测过拟合现象和选择最佳模型配置，在模型训练和验证完成后，使用测试集评估模型的泛化能力。


Training, validation, and test data sets

RV IR

Step 1 Step 2 Step 3 Step 4 Step 5 Step 6
INEREE  BUEESE  EEFRE 2R & SRR



演示者
演示文稿备注
正是由于过拟合的存在……，将原始数据集分成三份，并且数据集划分应该是随机的，训练集用于训练模型的权重，验证集评估模型性能，以检测过拟合现象和选择最佳模型配置，在模型训练和验证完成后，使用测试集评估模型的泛化能力。


Any Questions?



Basic of deep learning


演示者
演示文稿备注
深度学习的一些基本知识


Vultilayer Perceptrons

e Input: x € R"

e Hidden: h = c(W;x + by)
e W, € R™*" b, € R™, h € R™
e ¢ activation function

i OUtpUt: 0= WZ + bz
« W, € R¥*™ b, € R¥, 0 € R¥

° S\’ — 0-2 (O) Input layer

Output layer

Hidden layer



演示者
演示文稿备注
单层LR是线性的，没法拟合XOR函数，所以需要非线性因素
多层感知机
输入、隐藏、输出
激活函数、输出激活函数
向量的维度关系


Multiple Layers

= 0(Wyx + by)
*hy, = o(Wzh, +by)
* h; = c(W3h, + bj)
°0=W,h; +b,

How to calculate gradient as
network gets deeper?

Output layer

Hidden layer

Hidden layer



演示者
演示文稿备注
更多隐藏层一样的道理


Computation Graph: Forward Propagation

f=fxyz)=(x+y)z
cg=x+Yy
* f=9z

ceg.x=-2,y=52z=—4 @



Computation Graph: Back Propagation

cf=f(x,y,z2)=(x+y)z

cg=x+Yy
of:gz
ceg.x=-2,y=52z=-4 X I .
. cinq Of OF Of
Find dx’ 9y’ 9z y =y —4
of
.—:1
of s
e A z
09 T b =9=3
JOf _ 9709 _ 0 _9/09 _

dx  dg 0x 'dy  dgdy


演示者
演示文稿备注
Df/df就是1
F=gz,df/dg=z=-4,df/dz=g=3
到了g，我们知道dg/dx=1,dg/dy=1，df/dx? = df/dg*dg/dx，df/dg是上游传过来的-4，所以df/dx=-4*1=-4
Df/dy同理


Back Propagation: Chain Rule

X1
Local gradien
of df dg
X =
2 af axi ag 6xl- af
Y Upstream gradient —
dg
xn — 9


演示者
演示文稿备注
F是我们最终要优化的函数
对于每个计算节点，我们知道局部梯度：当前节点g对输入x的梯度
上游会传过来f对本节点g的倒数
那么我们传给下游的梯度应该是上游乘以本地，根据导数的链式法则


Another Example

w0 2.00
x0 -1.00
w1
x1

w2 -3.00




Another Example

y = sigmoid(wgxy + wix1 + wy)

1.00 /*‘1\ -1.00 @ 0.37 1.37 0.73
020 \__/ 020 Y/ 053 -0.53 1.00


演示者
演示文稿备注
激活函数sigmoid: 将输入映射到0和1之间，y=sigmoid(x)=1/(1+e^{-x})


Computation Graph

e 4 : calculate f(x) Y W X W

+ 3 calculate £'(x) %{N
e Usually, each node corresponds ~(g

to an in learning @ W W @
2 2

framework

prediction—— y

label — |

y



演示者
演示文稿备注
ReLU: OPT, max(0,x )
GeLU: GPT, x \times P(X<=x)(x – N(0,1))< 正态分布的CDF function
SwiGLU: Llama x * sigmoid(x)


Other components in DL

e Layers
e Activation Function
* Loss Function
e Regularization
* Dropout
e Normalization

* Optimizers


演示者
演示文稿备注
激活函数：增加非线性部分，增强模型拟合能力
损失函数：评估模型的拟合效果
正则化：为了解决machine learning的过拟合问题（即降低模型的复杂度，也可以说是降低多项式模型的幂指数），通常情况需要添加正则惩罚项(regularization penalty term)
Droupt:小批量随机梯度下降中，随机选一部分数据(即每次随机选中一些神经元并临时丢弃)来近似所有数据，用这部分样本的梯度来训练
归一化：BN(每个batch的每个特征), LN(一个样本的所有特征), 对输入的特征进行归一化，让输入拥有相同的均值和方差，训练容易收敛
优化器：SGD, Adam,优化器是一种用于调整模型权重和偏差的算法，学习率(有/无)，可以加速模型的训练过程并提高模型的准确性。Optimizer.step()根据计算出的梯度更新网络参数
，


Problems in DL

 Fitting Non-linear Functions
e Gradient Vanishment
e Overfitting


演示者
演示文稿备注
梯度消失：举例，对于 Sigmoid 激活函数，其导数最大值为 0.25. 神经网络在反向传播更新参数时，执行链式求导。假如网络有 n 层，那么第一层的梯度将会小于 （0.25 * 权重）的 n 次方，学习速率较慢


Activation Function

e Activation functions make MLP nonlinear

e w/o activation function:

e h=W;x+ b,

e o=W,h+b, =W, (W;x+b;)+b, =W,W,;x+ b’ ->linear...
e w/ activation function:

e h=c(W,x+by)

e What to use for g?


演示者
演示文稿备注
激活函数添加了非线性因素
如果没有的话…

Fitting Non-linear Functions


Sigmoid

1
1+exp(—x)

e sigmoid(x) =

. % sigmoid(x)

_ exp(—x)
(14 exp(—x))?
= sigmoid(x) (1 — sigmoid(x))



演示者
演示文稿备注
压到0-1，适合做概率
但是收敛不好


Rectified Linear Unit (RelLU)

ReLU(x) = max(x, 0)



演示者
演示文稿备注
线性整流
消灭负数
梯度怎么办？扔掉

梯度消失
祛魅！


Softmax

exp(0;)
e softmax(o); =
(0); >*_, exp(o))
e 1 =1... k Output Softmax
: S " layer activation function FIobaBIlites

°0=1(0q,..,0,) ER _ e -
1.3 0.02

5.1 e~ 0.90

2.2 | — ) | 0.05

S e
0.7 j=1 0.01
_1.1 _0.02_



演示者
演示文稿备注
输出激活函数，把多个数压到0-1范围内且加起来为1，适合分类问题，每个分类的概率，x相差小但是y相差大
常常与交叉熵配合


Loss Function

True probability distribution

/ (one-hot)
* Cross Entropy H(p,q) = — Z p(x)log q(x)
* Mean Square Error reclasses \

Your model’s predicted
probability distribution

Squared

MSE ={ -3 (Y, — P



演示者
演示文稿备注
交叉熵：one-hot编码(将离散的分类标签转换为二进制向量[0,1,0,0])，二分类问题
均方误差



Regularization

e Regularization term
o L'(W)=L(W)+ AR(W)
e L1 regularization: R(IW) = X1 2y Wil
* L2 regularization: R(W) = X, X, W,


演示者
演示文稿备注
正则，可行的网络不止一个，防止网络太复杂，防止过拟合
其它惩罚项也可以加到损失函数里

L1正则化可以产生稀疏模型（L1是怎么让系数等于零的）
L2正则化可以获得值很小的参数（避免过拟合）

不过现在正则化用的其实不多了


Dropout (Srivastava et al., 2014)

* In each forward pass, randomly set some neurons to zero

* Probability of dropping is a hyperparameter




Batch Normalization

e Motivation: input x can be bad in
distribution

* Not centered around O
e Different scaling at each element

* Input: x
1$N
* Mean: y; = — iz X;;
L2 _ 1N
Var: of* = S %Ly (%0 — 1)

N\ x -
Output: xi,j ———

any information loss?
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每根红线上的数据，方差为1，均值为0

问题：我们通过变换操作改变了原有数据的信息表达（representation ability of the network），使得底层网络学习到的参数信息丢失。另一方面，通过让每一层的输入分布均值为0，方差为1，会使得输入在经过sigmoid或tanh激活函数时，容易陷入非线性激活函数的线性区域。
0-1 分布不一定适合所有的数据

标准化

容易收敛

解决梯度消失问题：使得每一层的输入分布更加稳定，能够很好地控制权重值的更新幅度。(输入特征值的分布不同，较大的特征值在与权重矩阵相乘后，会产生较大的激活值，而较小的特征值则产生较小的激活值。这种差异会影响到后续层的输入，使得网络中各层的激活值分布不均)

也起到正则化的作用：BN 的使用使得一个 minibatch 中所有样本都被关联在了一起，因此网络不会从某一个具体的训练样本中生成确定的结果。也就是说，即使输入同一个训练样本，每次的输出都是不同的，而且每次网络都是随机取 batch，这样就会使得整个网络不会朝某一个方向使劲学习，一定程度上避免了过拟合。
��



Normalization Methods

ANV

NAVAVAVAVAN
AAANNNZ
AN

Group Norm

S S S S S S
[ L LSS

MH

ANV
NAVAVANAVAN
A ANANNZ
NAVANAVAVAN

Instance Norm

[ S S S S S
VAVAVAVAVAVAS
[ S LSS
VAV,

MH

ARV
NAVAVAVAVAN
A AANNNANZ
NAVANANAVA

Layer Norm

Batch Norm

[ S S S S
[ SO
[ S S S S S
[ L LSS

M'H



演示者
演示文稿备注
蓝色切片上的数据全部符合0-1分布


(Fancier) Optimizers

e SGD: W « W —nVL(W)

 SGD + Momentum (Sutskever et al., 2013)
v e pv+ VL(W)
e W« W —nv
* v: “velocity” as a running mean of gradients
e p: “friction”, typically p = 0.9 or p = 0.99

: Why momentum?


演示者
演示文稿备注
SGD: 容易卡在梯度较小点
SGDM:加入了动量机制,当前动量V由上一次迭代动量，和当前梯度决定，动量是前t-1次迭代的梯度的加权和。在SGDM中，当前迭代的梯度，和之前迭代的累积梯度，都会影响参数更新。
问题在于没有考虑对学习率进行自适应更新

Friction 摩擦力 Velocity 动量

避免局部最优可以画个图

momentum的引入解决了陷入局部最优解的问题；而AdaGrad有点模拟退火算法的感觉，RMSProp则通过引入腐蚀参数又解决了adagrad的“单调”（只增不减导致学习越来越慢）问题，而Adam则是将前面的两大主要策略进行了结合，从而达到了最好的效果





https://distill.pub/2017/momentum/

(Fancier) Optimizers

e SGD: W « W —nVL(W)
e AdaGrad (Duchi et al., 2011)
o s s+ (VLW))”

VL(W)
*WeW-=n Vs+e

e Intrinsic: n < 7 /ng_l(giz)
* Progress along “steep” directions is damped

e Progress along “flat” directions is accelerated
Step size decays to zero over long time =
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momentum的引入解决了陷入局部最优解的问题；而AdaGrad有点模拟退火算法的感觉，RMSProp则通过引入腐蚀参数又解决了adagrad的“单调”（只增不减导致学习越来越慢）问题，而Adam则是将前面的两大主要策略进行了结合，从而达到了最好的效果

AdaGrad:学习率除以 前t-1 迭代的梯度的平方和。故称为自适应梯度下降，问题在于没有考虑迭代衰减，导致学习越来越慢(极端情况，开始梯度特别大)
RMSProp: 加入了衰减因子a，与当前迭代越近的梯度，对当前影响应该越大




(Fancier) Optimizers

e SGD: W « W — nVL(W)

e %" Adam (Kingma et al., 2015)
e At each iterationi =1, ...,n:
* Ve v+ (1= B)VLW)
o5 fps+(1- ﬁz)(VL(W))

(% S
* Bias correction: v’ = :
1-B1’ 1-53

!

.W(_W_n\/?%

e AddamwithB; = 09,8, = 0.999,andn = 10 3 0or5 x 10™*is a great
starting point for many models! ®®
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momentum的引入解决了陷入局部最优解的问题；而AdaGrad有点模拟退火算法的感觉，而Adam则是将前面的两大主要策略进行了结合，从而达到了最好的效果




Optimizer Comparison

—— SGD with Momentum
~J AdaGrad

~— RMSprop

L = Adam




Any Questions?



CNN



Computer Vision Tasks

Semantic Object Instance
Segmentation Detection Segmentation

Classification

GRASS, CAT, DOG, DOG, CAT DOG DOG CAT

\ ',  TREE, SKY O .
Y Y A

No spatial extent No objects, just pixels Multiple Object Thisimae s G0 ubledori
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分类：语义分割(每个像素分配给特定的语义类)

物体检测：物体实例分割


Computer Vision Tasks

HOW T0 CONFUSE Media saying Al wil
 MACHINE lEnIIIIIIIl; take over theworld 'Y Neural Netwark

Al will take over soon



Computer Vision Tasks

Fus wnliol .l lE -

- |
A B

Mask R-CNN, He et al., 2017



Convolution

s (fx)@) = [__ [(Dg(t —1)dT

* Discrete: (f * g)[n] = Xm=—w fIm]gln —m]

| 1 | | I | I I I

T SRR TR — |:|.l'5'll'EE| under f(iit-o) A
1] SRR U T e fic)
: : : . -
1] T e T U ait-x)

; : ; ; (fegat)
|:|4_- .......... ., .................... .......... e =
n_z_é .......... e e[ S e A -

0 . I i I .

i 1.5 1 0.5 0 0.5 1 1.4 i




2D Discrete Convolution

(F =9 =D > flab)gli—aj—b)

Input Kernel Output

O1]2
0| 1 19 | 25

3|14|5| =*

2|3 37|43

6|7|8
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祛魅！
这个过程实际上是i+a, j+b
所以它和刚才提到的连续甚至离散卷积关系不大
这个东西还有一种叫法是滤波，filter


Padding

e Avoid losing pixels

e Padding with O
e Padding with nearest neighbor

Input
FE TS~ """ ("""
y0¢0:0:0°¢0!
ro{o|1[2]0
ro{3|4|5]0:
o{e6|7|8]o0:
102080450140
lacaalacaaldoeelacaldaaa:

(Padding = 1)

Kernel
01 1
213

Output

10

21|37 |43

16
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Padding with nearest neighbor: 
0 0 1 2 2
0 0 1 2 2
3 3 4 5 5
6 6 7 8 8
6 6 7 8 8


Stride

e Step length of movement of kernel

- w
q
q
004
q
O
--4
(]
q
(]
q
q
q
!

O
-aa

O
aa

o

)]
)
)

w | O
(O) N
)]

)

) O
) O ¢

6|78
£0$0!0¢

(Stride x, y = 2, 3)

!

!

!

o {
)

Kernel
011
21| 3

Output
0| 8
6| 8




Multiple Input Channels

* Input data may contain multiple
channels c;.

e Kernel contains a tensor of Red &
shape /¢, X for every input

channel.

Green [

e Concatenating these c; tensors
together yields a convolution
kernel of shape ¢; X /), X




Multiple Input Channels

Input Kernel Input Kernel Output
1121 3
112
4 | 5|6 | *
P 3|4
0]1]2 — 71819 |56 |72
31415 x 0] = + =
o | 3 ol 112 — 1041120
6|78 3 lals | % Input
2 X /X 2|3
6|78




Multiple Output Channels

* Use ¢, output different channels, each of shape ¢; X

e Resulting shape of kernel:
Co X Ci X X

Input Kernel Output
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多个conv kernel，输出多个通道


Pooling

e Again, a fixed-shape window
sliding over the input matrix.

* Padding and strides also apply.

* No learnable parameters.

e Determine a value for each
window.

e Max pooling: max value in the
window;

e Avg. pooling: avg. value of the
window.

Average Pooling

Max Pooling
29 | 15 | 28 | 184
0 100 | 70 | 38
12 | 12 | 2
12 | 12 [BESREE

dXd
pool size

100 | 184

12 | 45

31 15 | 28 | 184
0 100 | 70 38
12 | 12 fi 2
12 | 12 4SRN
2X2
pool size

36

80

12

15
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CNN 局部性 + 平移不变性(卷积+池化)

池化操作通过成倍的缩小feature maps的尺寸(高、宽)，使得一个特征可覆盖的原图的范围(感受野Receptive Field)成倍的增大，这样高层的特征可以更快地表征图片的宏观信息。
采样



LeNet (LeCun et al., 1998) i
FC (84)

t

FC (120)

ST | [eNet 5 |
answer: 0

5 x 5 Conv (16)

ot wt |

t

5x 5 Conv (6), pad 2

t

Image (28 x 28)

Al

TAT FEa B 2.

-
3
J
i}
=
ET -
.
'
=
-~
Y
J

J
0
5

<k &
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 In 1989, LeCun published the first study to successfully train CNNs via backpropagation.


FC (1000)

AlexNet (2012) FC (4096)
FC (4096)
3 x 3 MaxPool, stride 2
FC (10) 3 x 3 Conv (256), pad 1
FC (84) 3 x 3 Conv (384), pad 1
FC (120) 3 x 3 Conv (384), pad 1
2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
5x 5 Conv (16) 5 x 5 Conv (256), pad 2
2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
5x 5 Conv (6), pad 2 11 x 11 Conv (96), stride 4
Image (28 x 28) Image (3 x 224 x 224)
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AlexNet, which employed an 8-layer CNN, won the ImageNet Large Scale Visual Recognition Challenge 2012 by a phenomenally large margin. This network showed, for the first time, that the features obtained by learning can transcend manually-designed features, breaking the previous paradigm in computer vision.


VGGNet (Simonyan et al., 2014)

FC 4096

3x3 conv, 512

Pool 3x3 conv, 512

* Small filters, deeper networks

3x3 conv, 512

3x3 conv, 512

QA r B1D Ay Anry B0
3x3 conv, 512 3x3 conv, 512

e 8 layers->16 — 19 layers

3x3 conv, 512 Pool
o 3 X 3 CO nV Pool S 512
. Softmax 3x3 conv, 512 3%3 512
¢ 2 X 2 max pOOIIng FC 1000 3 3x3 conv, 512
FC 4096 x3 conv, 51 3%3 conv, 512

FC 4096 Pool Pool
Pool 3x3 conv, 256 3%3 CC 25¢

Input A1 A2 A3

3x3 conv, 256 3Ix3 conv, 256
hhhh
1 Pool Pool
— [
—_T"1 ] T Pool X3 conv, 12¢ I%3 CC 128
] ~ e
— - — — X3 con x3 conv, 1 3x3 conv, 128
#
— |
- | Pool Pool Pool
|
I 5x5 conv, 256 X3 conv, 64 3x3 con
= 11x11 conv, 96 X3 conv, 64 3x3 con

Input

Conv1 (3x3) Conv2 (3x3) Conv3 (3x3) AlexNet VGG16 VGG19
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Stack of three 3x3 conv (stride 1) layers 
has same effective receptive field as 
one 7x7 conv layer

注意这是当时的观点（X


GoogleNet (Szegedy et al., 2014)

* Inception Blocks

e 1x1conv+3x3conv+5x5convto extract information from

different spatial sizes.
e 1 x 1 convon the input to reduce the number of channels.

e Concatenation along the channel dimension.

|

»| Concatenation |

N

]

1 x 1 Conv

|

3 x 3 Conv, pad 1 5x 5 Conv, pad 2 1x 1 Conv
1x 1 Conv 1 x 1 Conv 3 x 3 MaxPool, pad 1

™~

e

Input

J

2 X

5 x

2 X

FC

$

Global AvgPool

( |—"|rh||4—|

L =—5=

$

3 x 3 MaxPool

[ =A==

\l_'__l‘_lru_l
$

3 x 3 MaxPool

( =Ac=c—

B
¢

3 x 3 MaxPool

$

3 x 3 Conv

}

1 x 1 Conv

$

3 x 3 MaxPool

$

7 x 7 Conv




ResNet (He et al., 2016)

e Class of function F = {f (x; w)},
specify a network architecture.

e e.g. F; = VGG16, F, = VGG19

e Assume that / " is the “truth”
function we want.

Non-nested function classes Nested function classes

* We expect F; = F;,q is getting
closerto f~.

o If F; £ F;,1 thereisno
guarantee that this should even
happen. 3 b




ResNet (He et al., 2016)

e Learn the residual mapping
e Ensure F; € F;, (let residual mapping = 0)

T

Activation function

Weight layer

$

Activation function

$

Weight layer

instead.

T

Activation function

FC

t

Global AvePool

f(x)Cg

Weight layer

)

Activation function

)

Weight layer

A

-—-d

3 x 3 MaxPool

A

Batch norm

A

7 x 7 Conv
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Residual connection


Models Comparison

Inception-v4
80 A 80 4 . : -
Inception-v3 . ResNet-152
RF—‘SNEt‘-”O. : VGG-16 VGG-19
751 75 1 ResNet-101
. ResNet-34
= )
£ 701 & 704 ﬂ ResNet-18
> >
® ® GoogLeNet
3 3 ENet
g 651 Q 65 1
— —
5 5 © BN-NIN
= 60 4 = 60 A 5M 35M 65M 95M 125M - 155M
BN-AlexNet
551 55 AlexNet
0T e e S A6 A0 ok <O .q> el > b >0 5 ' ' ' ' ' : '
e v N eb ev A0 _ A0 A '5 BN S N SN E RN 0 5 10 15 20 25 30 35 40
P‘\G*\Q & §\$ “: V\&a" © \166 \Qe 6\,\3" V\e&"\\;\e"c‘\',{’\o .(“\0(\ Operations [G-Ops]
N &0 ?@' QE° a%e0 PGS
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An Analysis of Deep Neural Network Models for Practical Applications
Alfredo Canziani, Adam Paszke, Eugenio Culurciello

Top-1 Accuracy: 模型是否能够将正确的标签排在预测结果的第一位。


Transfer Learning

1. Train on Imagenet

FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool

Conv-128

MaxPool
Conv-64
Conv-64

FC-C

FC-4096 \

MaxPool
Conv-512

MaxPool

Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128

MaxPool

i g

2. Small Dataset (C classes)

Reinitialize

this and train

> Freeze these

FC-C
FC-4096
FC-4096

MaxPool
Conv-512

MaxPool
Conv-512

MaxPool
Conv-256

MaxPool

Conv-128

MaxPool
Conv-64

3. Bigger dataset

_/

[*¥Clstom®
g..,.'aye_,rs -

4
-,

.Prétrained
» layers

o

Train these

With bigger
dataset, train
more layers

> Freeze these

Lower learning rate
when finetuning;
1/10 of original LR

—

is good starting
point



Any Questions?



RNN
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RNN: 一类用于处理序列数据的神经网络


Sequential Data

e Text
e Audio
e Stock quotes

temperature B ring width C i
magnitude

LA,

frequency

e VVideo frames

time ring number

* Motions and gestures
* Image as a sequence of pixels




Recurrent Neural Network

 Hidden state “remembers”
sequential input.

* For each step, update hidden
state and determine output
using recurrence formula:

he = f(heq,x5wp)
0r = g(he; wp)

0]

|

Hidden state
h

|

X

)



Unfolding Calculation Graph

01 ) 03
Hidden state : Hidden state : Hidden state
hy h, hs

| | |

X1 X2 X3

O4

|

| Hidden state

hy

|

X4




Input Output Relationship

one to one one to many many to one many to many many to many

Image Captioning Video Classification Video Captioning Frame-level
Video Classification
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一个预测输出要对应一个训练数据的label


Backpropagation Through Time

Ol(v:,0¢) 0g(111,Wo) 0O

60t

0

awh

* hy = f(ht—l:xt; W, ) V1 Y2
* 0y = g(he;wy)
01 02

o L(xq,...,XT, Wi, W,) = [
1 T
L Y L0000,
, oL _ lzT Al(vi,0r)

owp T t=1 owp, -



演示者
演示文稿备注
每个timestep都会预测一个结果，因此最终损失是所有时刻损失之和，以某一时刻为例，损失函数对权重W的梯度，将损失函数展开
https://zhuanlan.zhihu.com/p/101322965


Attention



Attention Cues

Output

Keys Values Y
(Nonvolitional cues) (Sensory inputs)

 —

Attention
pooling [

Query J

(Volitional cue)
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插值，QK的相似性，KV的相关性

https://zhuanlan.zhihu.com/p/636889198


Scaled Dot-Product Attention

T
o Attention(Q, K,V) = softmax (%> 14 1

dk
o [ Matvu |
I\
[ SoftMax ]
)
[ Mask (opt.) ]
)
[ Scale

| MatMul I

1
K

1
Q v
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Attention 本身是没有可以学习的参数的，但是Q和K的相似性，K和V的相关性

除了根号dk，让方差缩放为1


Multi-Head Attention

MultiHead(Q, K,V) =
Concat( head 4, ..., head 1, )W?

Where head; = Attention(QWiQ, KWiK, VWiV)

Linear projection for Q, K, V
e Add more expressivity

Different linear layer for different head
e Let heads care about different things

)

Linear

]

Concat ]

1t

Scaled Dot-Product

2

Attention
i i i
I - f [ -
Linear Linear]_] Linear _]
V K Q



Self-Attention

eV=K=Q=X
e Attention(X, X, X)
: meaning behind?
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将当前词作为搜索的query，去和句子中所有词（包含该词本身）的key去匹配，看看相似度有多高




Comparing CNNs, RNNs, and Self-Attention

RNN
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CNN: 从高层到底层，不断的提取特征，最终分为一类
RNN：不断更新权重W，RNN当结果要考虑比相对较远输入的位置时，比较难以考虑到
Attention：比较每个输入向量之间的相关性，每个KV之间都有一个分数


Visualize Self-Attention

Thuz Thiz
Law—-===::::::::Lﬂw
will _#’##,#ww

never never

be be
Wﬂmh—-==::::::::mﬁmn

application apalication

should - should

this this
is EEE EEEE
what what

opinion ~ opinion

cENS _,_,-.-:-:-—-:_--.-___"——\__{EGS}

<pia= <pad>

this this
is " is
wihal what
we Wi
are are
missing missing
n n
my my
opnan e DpINION
<EDS#{ <EQS>
<pad> <pad>




Permutation Equivariant Problem in Self-Attention

""1“3%;5'2! Y2 '—"1.5"01 _3’0‘.3’1‘.5"2.
h— SRR f , Yo Il ¥4 || ¥s
self-attention | | self-attention ‘ [self—attention ;
: ] | T _ y |
X |[ % || % % || % || % | x, | x, | x, self—attfentlon
e Solution: Add position actively Xo || X1 || X
 Position encoding Po || Py || P2
* SiN-COS — i .
* Learned encoding ciilien TenCOdmg
Xo || %4 || %o
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问题在于缺少了向量的位置关系


Tra nSfO FMeEr (vaswanietal., 2017)

e Encoder-Decoder
e Masked MHA

* Prevent vectors from looking at future
vectors when training

r

Output
Probabilities

1

| Softmax )

A

| Linear )

-

\

4 N\
| Add & Norm J<—~
Feed
Forward
|
N | Add & Norm Je=
—>{_Add & Norm Multi-Head
Feed Attention
Forward 7 7 7 N x
3
LAdd & Norm Je=
~—| Add &'Norm ] Macked
Multi-Head Multi-Head
Attention Attention
R J . —
Positional ®_@ ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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训练时需要模拟inference时看不到未来的情况，因此需要mask


Transformer (vaswaniet al., 2017)

Qutput
Probabilities
[__Softmax |
f )
Feed
Forward
- =)
[ Add & Norm | .
r—-_uu & Norm Mat-Head |
Feed Attention ™
Forward ) }
— ]
Add & Nomn -
Nx | —{CAdd&Nom ) : -""/
Multi-Head | | H mg—‘
Attention Attention
t _t
. — o h. e— v
Positional & & Pasitional
Encoding y Encoding
Input Cutput
Embedding Embedding
Inputs Outputs

t

Linear

-

Concat

¥

Scaled Dot-Product

Attention

u[
414

L

(shifted right)

r-‘—L] r-= ~
Linear P} Linear PH{ Linear
Y
V K Q

t

MatMul |

t

SoftMax

| Mask (opt.)

}

Scale

MatMul |

i

1

1

Q K

V
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训练时需要模拟inference时看不到未来的情况，因此需要mask


Tra nSfO FMeEr (vaswanietal., 2017)







Masked MHA

Input vectors

e

A

Yo

Y

Y2

I 3

A

A

mul(—») + add (T)

A J

Y

Y

0

I T t
softmax (1)
T ]
—>| €0 €o.1 €2
—> €1 €2
| - | ey,
A A A
Ao Il 94 || 95
f A A




G PT (Radford et al., 2018)

e Decoder only

* Generative Language Model

e Pretrain the model by learning to predict the next token

e Fine-tune for downstream tasks

Classification

Entailment

Similarity

Multiple Choice

Start Text Extract Transformer Linear

Start Premise Delim | Hypothesis | Extract | Transformer [ Linear
Start Text 1 Delim Text 2 Extract | | Transformer

- Linear

Start Text 2 Delim Text 1 Extract | - Transformer

Start Context Delim Answer 1 Extract | | Transformer — Linear
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演示者
演示文稿备注
此处指的是GPT-1
GPT里需要mask


B E RT (Devlin et al., 2018)

* Encoder only

* Masked Language Model
e Pretrain by predicting the masked token

* No need for mask in attention

BERT (Ours)

OpenAl GPT

Mask LM
. »

ﬁSP Mask LM
i . ®
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|
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*
Unlabeled Sentence A and B Pair



演示者
演示文稿备注
Masking: 在训练过程中，BERT会随机选择一部分输入单词，并用特殊的[MASK]标记替换它们
 
预测掩码单词：根据句子中的上下文来预测这些被掩码的单词。

双向上下文理解: BERT在预测某个单词时，可以同时利用它前后的单词信息


I_la M A (Hugo et al., 2023)

e Decoder only

* QK encoded with RoPE

* RMSNorm vs LayerNorm
* SwiGLU vs RelLU
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演示者
演示文稿备注
LayerNorm: 需要计算方差和均值
RMSNorm:  省去了减去均值以及加偏置的操作，分母从方差变为了root mean square（均方根）

SwiGLU: sigmoid(x) * x，平滑版的ReLU

RoPE: 形式上是绝对位置编码，计算速度块，但在计算Attention时可以转换成相对位置编码


Mamba (abert et al,, 2023)

* More Efficient Model Architecture

e Based on SSM: x(t) -> y(t) with h(t)

|/

- ———— — ———

Project

Selection Mechanism

Yt



演示者
演示文稿备注
2312.00752 (arxiv.org)
结构化状态空间模型（SSM）：该系统通过隐含的潜在状态 ℎ(𝑡)∈𝑅𝑁 ，映射一个一维函数或序列x(t)到y(t)，三个矩阵状态转移矩阵，输入到状态，状态到输出的映射


Any Questions?



Deep learning hardware



CPU vs GPU

Cores Clock Speed |Memory Price Compute Capability
CPU
: System
Intel® Xeon® Platinum 8558 48 2.1GHz RAM $4.,650 6.45TFlops(FP32)
Processor
GPU 16384 Cuda Cores
NVIDIA RTX 4090 512 Tensor Cores 2.2GHz 24GB GDDR6X|$1,600 82.5 TFlops(FP32)
GPU 14592 Cuda Cores
NVIDIA Hopper H100 PCle 456 Tensor Cores 1.6GHz 80GB HBM2e |$25,000 756TFlops(FP32 TensorCore)
TPU 4 Matrix
' ?
Google Cloud TPU v5e ggrltsg\rlxu) : 16 GBHBM2  |$1.2(per hour) [197TFlops(BF16)

CPU: Fewer cores,
but each core is
much faster and

much more

capable; great at
sequential tasks

GPU: More cores,
but each core is
much slower and
“dumber”; great for

parallel tasks

TPU: Specialized
hardware for deep

learning

(


演示者
演示文稿备注
CPU: Central Processing Unit (一个大学生)
GPU: Graphics Processing Unit (100个小学生) 
FPGA: Field Programable Gate Array (一个高职生) 
DL Accelerator: Deep Learning Accelerator (一个偏科生)

NPU/DPU/TPU

充分展现了

FPGA


GPU

(Hundreds of cores)

CPU vs GPU

CPU

(Multiple cores )
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CPU vs GPU

16 Forward + Backward time (ms)
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Figure from Stanford CS231n


Plain CUDA vs cuDNN

B intel E5-2620 v3 [ Pascal Titan X (no cuDNN) 0 Pascal Titan X (cuDNN 5.1)
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Programming GPUSs

* CUDA

e Covered in previous sessions

e Optimized APIs: cuBLAS, cuFFT, cuDNN, etc nVI DIA®
e OpenCL CUDA

e Similar to CUDA, but runs on almost anything

e Usually slower on NVIDIA hardware (30%
according to Fang et al.)

e AMD ROCm / HIP

7 A
OpenCL



https://github.com/jgbit/vuda

(TPU)

ing Uni

Tensor Process




Tensor Processing Unit (TPU

ResNet-50 Training Cost Comparison

$100.00
Cloud TPU v2 Cloud TPU v3
180 teraflops 420 teraflops
$75.00 64 GB High Bandwidth Memory (HBM) 128 GB HBM
8 V100 GPUs 27 times faster training
It at 38% lower cost with TPUs
$50.00 216 minutes for
90 epochs
1 full Cloud TPU v2
Pod training duration:
$25.00 7.9 minutes for
90 epochs . - == 5 o - o
Cloud TPU v2 Pod Cloud TPU v3 Pod
$0.00 11.5 petaflops 100+ petaflops TP U V4 POd
4TB HBM 32 TB HEM

Google Cloud VM with 8 V100 GPUs Full Cloud TPU v2 Pod 2-D toroidal mesh network 2-D toroidal mesh network



Field-programmable Gate Array (FPGA)
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A. FPGA fabric consists of mix set of \\
configurable resources, which offers extreme
degree of customizations

1000s of hard DSPs
(floating-point units)

1000s of Hard
“M20K” SRAMs
(2.5KBISRAM)
i : . Sea of
L1 7 %, Programmable
1 '\ Logicand
£ -.-j."‘ #: '- Routing
— H" | E ﬁ'rt’
& FPGA N” )

Field-programmable Gate Array (FPGA)

/'B. Customizability of FPGA allows \
efficientimplementation of low-
precision, sparse, irregular DNNs

288

Custom bitwidths, SRAM
compeositions (spad, fifo), etc.

Arbitrary
DNN
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Xilinx Vitis Al

User Application

Frameworks OPyTorch T TensorFlow  gv ONNX

Vitis Al Models Model Zoo

Al Compiler | Al Quantizer | Al Optimizer

Vitis Al Al Profiler | Al Library
Development Kit

Vitis Al Runtime (VART)

Overlay Deep Learning Processing Unit (DPU)




TVM VTA: Versatile Tensor Accelerator

INSTRUCTION FETCH MODULE
LOAD COMPUTE STORE
CMD Q CMD Q CMD Q

LD—-CMP Q CMP-ST Q

Q- [COMPUTE MODULE | T TTTTTIIIT

L 4

REGISTER
FILE

LOAD STORE
MODULE MODULE
CMP—-LD Q ST-CMP Q
A [ )

—>| INPUT BUFFER |———— —| OUTPUT BUFFER Qr

————| WEIGHT BUFFER |
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Versatile 多功能的 Apache 硬件加速器


Deep learning software



Deep Learning Frameworks

@AppFirmasReview

Best of Frameworks for Deep Learning



PyTorch 101: Tensors

Directly from data With random or constant values:
Tensors can be created directly from data. The data type is automatically shape is a tuple of tensor dimensions. In the functions below, it
inferred. determines the dimensionality of the output tensor.

data = [[1, 2],[3, 4]1] shape = (2,3,)

x_data = torch.tensor(data) rand_tensor = torch.rand(shape)

ones_tensor = torch.ones(shape)
zeros_tensor = torch.zeros(shape)

From a NumPy array print(£"Random Tensor: \n {rand_tensor} \n")
print(f"Ones Tensor: \n {ones_tensor} \n")

Tensors can be created from NumPy arrays (and vice versa - see Bridge print(f"Zeros Tensor: \n {zeros_tensor}")

with NumPy).

np_array = np.array(data) _ _
x_np = torch.from_numpy(np_array) # We move our tensor to the GPU if available

if torch.cuda.is_available():
tensor = tensor.to('cuda')



PyTorch 101: Tensors

Arithmetic operations In-place operations Operations that store the result into the operand
are called in-place. They are denoted by a _ suffix. For example:

x.copy_(y), x.t_() , will change x.
# This computes the matrix multiplication between

two tensors. y1, y2, y3 will have the same value

Y; = :ensor @ :eni?:.T N orint (tensor, "\n")
= tensor.matmul (tensor.
y tensor.add_(5)
rint(tensor

y3 = torxch.rand_like(tensor) P ( )
torch.matmul(tensor, tensor.T, out=y3)

. . h = np.ohes(5)
# This computes the element-wise product. z1, z2, z3

t = toxrch.fxom_numpy(n)

will have the same value

z1 = tensor * tensor
z2 = tensor.mul(tensor)
23 = torch.rand_like(tensor) t = torch.ones(5)

torch.mul (tensor, tensor, out=z3) print(£"t: {t:")
h = t.numpy()

print(f"n: {ni")



PyTorch 101: AutoGrad

import torch loss.backwazxd()
print(w.grad)
x = toxch.ones(5) # input tensor print(b.grad)
y = torch.zeros(3) # expected output
w = torch.randn(5, 3, requires_grad=True)
b = torch.randn(3, requires_grad=True) Out:
z = torch.matmul(x, w)+b
loss =
torch.nn.functional.binary_cross_entropy_with_logits tensor([[0.1496, 0.3099, 0.3019],
(z, y) [0.1496, 0.3099, 0.3019],

[0.1496, 0.3099, 0.3019],

[0:1496, B.3099, 0.3619].

[6.1496, 06.3099, 0.3019]])
tensor([0.1496, 0.3099, 0.3019])

with torch.no_grad():
z = torch.matmul(x, w)+b
print(z.requires_grad)

Parameters



PyTorch 101: nn.Module

class NeuralNetwork(nn.Module):

def

def

__init__(self):
super (NeuralNetwork, self).__init__()
self.flatten = nn.Flatten()
self.linear_relu_stack = nn.Sequential(

nn.Linear (2828, 512),

nn.ReLU(),

nn.Lineaxr (512, 512),

nn.ReLU(),

nn.Linear (512, 10),

nn.RelLU()

forward(self, x):

x = self.flatten(x)

logits = self.linear_relu_stack(x)
return logits

device = 'cuda' if torch.cuda.is_available() else

cpu
print('Using {} device'.format(device))

model = NeuralNetwork().to(device)
print(model)

X = torch.rand(1, 28, 28, device=device)
logits = model (X)

pred_probab = nn.Softmax(dim=1) (logits)
y_pred = pred_probab.argmax(1)
print(f"Predicted class: j{y_pred}")



PyTorch 101: Train

def train_loop(dataloader, model, loss_fn, def test_loop(dataloader, model, loss_fn):
optimizer): size = len(dataloader.dataset)
size = len(dataloader.dataset) num_batches = len(dataloader)
for batch, (X, y) in enumerate(dataloader): test_loss, correct = 0, ©
# Compute prediction and 1loss
pred = model(X) with torch.no_grad():
loss = loss_fn(pred, y) for X, y in dataloader:
pred = model(X)
# Backpropagation test_loss += loss_fn(pred, y).item()
optimizer.zero_grad() correct += (pred.argmax(l) ==
loss.backward() y) .type(toxch.float).sum().item()
optimizer.step()
test_loss /= num_batches
if batch % 100 == 0: correct /= size
loss, current = loss.item(), batch * print(f"Test Exror: \n Accuracy:
len(X) $ (100*%correct) :>0.1f1%, Avg loss: jtest_loss:>8f%
print(f"loss: {loss:>7ft% \n")

[{current:>5dt/isize:>5d]|")



PyTorch 101: Train

Epoch 1
loss_fn = nn.CrossEntropylLoss() @ moomosooooocosooooooooooooooos
optimizer = toxch.optim.SGD(model.parametexrs(), loss: 2.296610 | 0/60000]
lr=learning_rate) loss: 2.292522 [ 6400/60000]
loss: 2.286929 [12800/60000]
epochs = 10 loss: 2.288398 [19200/60000]
for t in range(epochs): loss: 2.276151 [25600/60000]
print(£f”Epoch loss: 2.263381 [32000/60000]
A ") loss: 2.276544 [38400/60000]
-tfain_loop(train_dataloader, model, loss_=£n, loss: 2.262336 [44800/60000]
optimizer) loss: 2.250045 [51200/60000]

test_loop(test_dataloader, model, loss_=£n)

SR e e T loss: 2.248366 [57600/60000]

Test Exxol:
Accuracy: 32.4%, Avg loss: 2.239535



¥ models
encoder = nn.Sequentialinn.Linear{28 = 28, 64), an.RelU(), an.Linear(64, 31)
decoder = nn.Sequential{nn.Linear{3, &4}, nn.Relt{}, nn.Linear(64, 2B = 28]}

encoder.cuda{@)
decoder.cudal@)

# download on rank @ only
1t global_rank == B:
mnist_train = MNIST(os.getowd(), train=True, download=True)

¥ split dataset
transform=transforms.Compose( [transforms. ToTensar(),
transforms.Mormalize(8.5, 0.5)1)
malst_train = MNIST(os.getowd(), train=True, download=True, transform=transform)

# train (55,880 images), val split {5,080 images)
mnist_train, mnist_val = random_split{mnist_train, [55800, Seed])

# The dataleaders handle shuffling, batching, etc...
mnist_train = Dataloader{mnist_train, batch_size=6d4)
mnist_wval = Dataloader{mnist_wval, batch_size=64)

# optimizer
params = [encoder.parameters(), decoder.parameters{}]

eptimizer = torch.optim.Adan(params, Lr=1e-3)

¥ TRAIN LOOP
model. train()
m.-_!pncha =]
for epoch in range(num_epochs):
For train_batch in mnist_train:
%, ¥ = train_batch
x.cuda(@)
u.wiew x.size(@), -1)
encoder(x)
x_hat = decoder(z)
logs = F.mee_loss({x_hat, x)
print{‘train loss: ', loss.item{)]

X
X
z

loss.backward()
optimizer.step()
optimizer.zero_grad{}

# EYAL LOOP
model.aval()
with torch.no_grad():
val_loss = |
for val_batch in maist_wal:
x, y = val_batch
X.cudal(d)
M. view(n.sizel(®), -1)
encoder(x)

x_hat = decoder( zi
[8ss = F.mse_loss{x_hat, x)

val_loss.append(loss]
val_ loss = torch.mean{ torch.tensor{val_loss))
model.train()

I
F 4

© PyTorch Lightning

Turn PyTorch into Lightning



Any Questions?



Accelerating Training Systems



GPT-2 Model

H=E+P
H! = Transformer_block (Hl_l), 1<KIKL
FFN(x) = max(O,xW1 + bl)WZ + b2
P(xg | X1,X9, ey Xp—1) = softmax(WvH,%)|
Xk
n

Loss = z —log P(Xk | X1, X9, cuo) Xp—1)
k=1

———

Feed Forward

1

Layer Norm

—.e_

Multi-Head
Attention

l

Layer Norm

Y

H-1




Target

e Faster X J
. b M _4
* Train the model in less time
* Forward and Backward time ) —4

e Larger 1

* Train larger model in limited memory =, /

e Where does my memory go?
* Parameter

e Gradient * v e Brv+ (1 —B)VLW)
* Optimizer State * 5« L5+ (1— 52)(VL(W))2

e Activation



How to enhance performance?

More efficient operator implementation

More efficient model design
e Sparsity
* PEFT

Scalability

e Parallelism
 ZeRO
* Heterogeneous training

More efficient training procedure
e Gradient Checkpointing
e Gradient Accumulation
e AMP
* New optimizer


演示者
演示文稿备注
Gradient Accumulation：在多个小批量上计算梯度，然后在累积了一定数量的小批量后才进行一次权重更新。
Gradient Checkpointing：在前向传播时只保存部分中间激活值（称为检查点），并在需要时重新计算未保存的部分，从而减少内存使用。
AMP：自动使用混合精度（即结合使用单精度浮点数（FP32）和半精度浮点数（FP16））来实现加速和内存优化。


More efficient operator implementation

* Operator Fusion

2N (cons
{ - HR&LU] —{ Froo o orT et ]

* More efficient operator
e FlashAttention

K:dxN

Attention on GPT-2

Copy Block to SRAM

Outer Loop ViNXd 15 ] Matmul
— : - =

‘A M-+ N K
SRAM:19TB/s (20 MB) | Dropout
————————————— T —
HBM:1.5TB/s (40 GB) 2 I 2 €101 T
8 Com pI:J-T\_E‘.-.?l-OCk I & > Softmax
6 on SRAM | g g 'g -
DRAM:12.8GB/s £ |2 s|F sl Fused
(>1TB) | g Mask Kernel
14e b
]Matmul

Memory Hierarchy with
Bandwidth & Memory Size sm(QK)V: Nxd

Output to HEM A
PyTorch FlashAttention

Inner Loop

FlashAttention



More efficient model design

e Sparsity
* LongFormer
e Sparse Transformer @ Pl aentn
* LongNet

(b) Sliding window attention (c) Dilated sliding window (d) Global+sliding window

FEEFEH ; =

1 R m

EREE, H L
mai i ol
EE [ !
B fe — T mm
_______ ISSEEs o1 i Bt R
Segment Length: 4 Segment Length: 8 Segment Length: 16 [ '
Dilated Rate: 1 Dilated Rate: 2 Dilated Rale: 4

(a) Transformer (b) Sparse Transformer (strided) (c) Sparse Transformer (fixed)




PEFT (Parameter-Efficient Fine-tuning)
* LoRA

h
ZERN,

Pretrained
Weights

W e Rdxd
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通过对模型的权重进行低秩近似，减少需要调整的参数数量。LoRA 通过引入低秩矩阵来调整模型的权重，从而减少微调的计算和存储成本。


More efficient training procedure

e Gradient Accumulation

* |Increase batch size
e Reduce relative GPU memory cost
* Reduce overall optimizer iteration steps

e Gradient Checkpointing
e Release activation records after forward
e Slow down 20~30%, but reduce memory footprints



Mixed Precision Training

* FP16/TF32/BF16 ign  Range Precision

N\
FP32 8 BITS

e——

et TENSOR FLOAT 32 (TF32)

FP64 Tensor Core 195 TFLOPS
TF32 Precision
FP32 195 TFLOPS 1
I |
Tensor Float 32 (TF32) 156 TFLOPS | 312 TFLOPS™
FP16 5 BITS
BFLOATI6 Tensor Core 312 TFLOPS | 624 TFLOPS*
FP16 Tensor Core 312 TFLOPS | 624 TFLOPS*
BFLOAT16 (BF16) 8 BITS
INT8 Tensor Core 624 TOPS | 1248 TOPS*
GPU Memory 80GB HBMZ2e BOGB HBEMZ2e
GPU Memory Bandwidth 1,935 GB/s 2,039 GB/s
Max Thermal Design Power (TDP) 300w 400W

Multi-Instance GPU Up to 7 MIGs @ 10GB Up to 7 MIGs @ 10GB


演示者
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浮点数


Typical training procedure (with fp16)

activation fp16 O_. EWD

activation fp16 <:>

2M
BWD -—(2M ) param fp16
2M 2M
grad fp16 ¢ float2half
4M
param fp32 O . haIfo:;t . é) saram fo32

momentum fp32 O - Param

- O momentum fp32

Update
variance fp32 O

O variance fp32

m



Parallelism

e Model Parallelism
* Tensor Parallel
e Pipeline Parallel

e Data Parallelism
« DP
e /eRO



Tensor Parallel

1D

e Proposed first in Megatron

P Ty s

Y = Self-Attention(X) B
/ w =
------------------------ - P e ™ k i 3 I. r'f = Y
Y = GeLU(X A) \ Z = Dropout(YB) > ! = % | 1 ! i DTopoTtE
1 f 4 | = —_— X
o) m ! B =X |~ 1 w
= | X = X4, n:rE ﬁ» Y B = 5 i , i _.:, E g : . 5
X|= Fr . i i =8 = | i W o fi I W
E | H = _qﬁ@ % g ol g
| : =|5 =8 (o=t = | YabBs -:-
=|X = XA, N ﬁ* Y2B; E*I':* i | =X |=[ Q2 |- g J ¥ —
) | | — | : b S 1“:
j I B i i —':*'}-F : 1 B lBl]
| 1 : I . =i
A= [A1, 49 ’ % B = [ BJ y | Q= @1, Q] - L B il ;
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Tensor Parallel

e 2D
 An Efficient 2D Method for Training Super-Large Deep Learning Models
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https://arxiv.org/pdf/2104.05343.pdf

Tensor Parallel

2.5D

e 2.5-dimensional distributed model training
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(b) Multi-head attention


https://arxiv.org/pdf/2105.14500.pdf

Tensor Parallel

* 3D

e Maximizing Parallelism in Distributed Training for Huge Neural Networks

All-gather
b
Bou

(a) The input and weight (b) All-gather A;; in the y Broadcast
submatrices on each pro-direction. /

CESs0r.

4118,
Ay, B,
B v
Boso inm y Cao

(c) All-gather By, in the x (d) Compute each C';;; and
direction. reduce-scatter them in the
z direction.



https://arxiv.org/pdf/2105.14450.pdf

Pipeline Parallel

* GPipe

Pipeline degree
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Pipeline Parallel

e 1F1B (one forward pass followed by one backward pass)

Device 1
Device 2
Device 3
Device 4
Time

! s 4

-5l K EN-E8-E KK K3
s 3 i : T

* Interleaved pipeline (backward execution of the microbatches is

prioritized whenever possible)
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Device 1
Device 2
Device 3
Device 4
Time

Forward Pass

Backward Pass

Num of chunks * Num of mB



Data Parallel

Gradients
Aggregation

Training Dataset

w; == w; —yYVL(w;) = w; —

1. Partition training data into batches 2. Compute the gradients of 3. Aggregate gradients
each batch on a GPU across GPUs


演示者
演示文稿备注
在每个计算设备（如GPU）都拿到各自的数据后，会在自己的数据上进行前向和反向传播，计算出梯度。然后，进行AllReduce所有设备的梯度会被平均（或进行其他规约运算），得到一个全局梯度。最后，利用这个全局梯度进行模型参数的更新同步，AllGather获得完整参数

冗余：模型参数、优化器状态等会在每个GPU各存一份。


/eRO

e Stage 1
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演示者
演示文稿备注
ZeRO是一种针对大规模分布式深度学习的新型内存优化技术。
Stage 1: 把 优化器状态(optimizer states) 分片到每个数据并行的工作进程(每个GPU)下，每个rank对需要获得所有的梯度来更新参数，并获得完整的参数
在每个计算设备（如GPU）都拿到各自的数据后，会在自己的数据上进行前向和反向传播，计算出梯度。然后，进行AllReduce所有设备的梯度会被平均（或进行其他规约运算），得到一个全局梯度。最后，利用这个全局梯度进行模型参数的更新同步，AllGather获得完整参数


�


/eRO

Loss Loss
Aclivations Aclivations I
Datan _____ Transformer stack|| | || | ':. Dﬂtﬂ-g _____ Transformer stack | = | | |]
EEEEEEEEEEEEENEEENEEEEEEENENEEEE EEEEEEEEEEEEEEEEENEENEEEEEEEEEEE |
GPU, GPRU,

* Run Forward across the transformer blocks

« Backward propagation to generate FP16 gradients and AllReduce to
average

« Update the FP32 weights with ADAM optimizer

« Update the FP16 weights

» All Gather the FP16 weights to complete the iteration



/eRO

e Stage 2
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演示者
演示文稿备注
Stage 2: 把 优化器状态(optimizer states) + 梯度(gradients) 分片到每个数据并行的工作进程(每个GPU)下

只需要自己部分参数的梯度进行规约

Optimizer Offload: 在Stage2的基础上，把梯度和优化器状态下沉到CPU内存或硬盘上



/eRO
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AllIReduce

+ Partitioning gradients across GPUs
dating parameters



/eRO

e Stage 3
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演示者
演示文稿备注
Stage 3: 把 优化器状态(optimizer states) + 梯度(gradients) + 模型参数(parameters) 分片到每个数据并行的工作进程(每个GPU)下

增加了对于参数的all-gather，梯度reduce-scatter, 参数all-gather, 用时即取

Param Offload: 在Stage3的基础上，把模型参数下沉到CPU内存或硬盘上



/eRO

* In ZeRO, model parameters are partitioned across GPUs
* GPUs broadcast their parameters again during backward
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Summary: Pros and Cons

-
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Training Dataset il
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Data Parallelism Model Parallelism Pipeline Parallelism

¥
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J=1

v Massively parallelizable v" Support training large models v" Support large-batch training
Pros v Require no communication during v Efficient for models with large v Efficient for deep models
forward/backward numbers of parameters
% Do not work for models that cannot < Limited parallelizability; cannot % Limited utilization: bubbles in
fit on a GPU scale to large numbers of GPUs forward/backward

Cons < Do not scale for models with large ~ + Need to transfer intermediate
numbers of parameters results in forward/backward


演示者
演示文稿备注
数据并行
张量并行：随着GPU数量增加，通信成为瓶颈
流水线并行


Automatic Parallelism

e Alpa: Jax
e Galvatron: Hetu
e Colossal-Auto: PyTorch



Heterogeneous training

e GPU + CPU: ZeRO-Offload
e GPU + NVME: ZeRO-Infinity

e GPU + CPU + NVME: PatrickStar/ColossalAl

data swapping

GPU Memory

D —

data swapping

CPU Memory




Inference vs Training

Al/ML Platform

Inference Output
i % i S -\
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Data Store


演示者
演示文稿备注
最后简单的提下推理和训练的差别，够多了。。。。


Lab5

e Attention
* Transformer
e Operator Acceleration



n CS231n: Convolutional Neural Networks (@
for Visual Recognition

Further Reading

e Stanford CS231n course, available .
Onhne DlVe iIltO ]).eep

* Dive into Deep Learning,
https://d2l.ai

e A series of ML courses by Hung-yi Lee,
available on YouTube

e Deep Learning by lan Goodfellow et
al.

T aspU .n uondi D Aieyrez Busyz uoisy
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Aston Zhang, Zachary C
Mu Li, and Alexander J


https://d2l.ai/
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