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Course logistics

We are going to learn important branches of Al techniques and their application in science, both
the fundamentals and the frontiers:

Al techniques:

« Deep Learning

» Generative models

« Foundation models

* Reinforcement learning

» Robotics

« Computer vision and autonomous driving

« Graph Neural Network

» Evolutionary Machine Learning and Multi-objective Optimization

Al for Science:

« Al + PDEs/scientific computing
« Al + life science

* Al + materials science



Course timeline

o 0o~ WO N =

12
13
14

All teachers are Pls in the Al direction in Westlake University

4 oo Tbate |Teacher

Course introduction

Frontiers in Deep Learning

Frontiers in Generative Modeling

Frontiers in Graph Neural Networks

Introduction to Reinforcement Learning

Reinforcement Learning: Advanced techniques and applications
Computer Vision and Autonomous Driving

Foundation models

Al + Life Sciences

Evolutionary Machine Learning and Multi-objective optimization
Al + PDE/Scientific computing

Thur, 2/20
Thur, 2/27
Thur, 3/6

Thur, 3/13
Thur, 3/20
Thur, 3/27
Thur, 4/03
Thur, 4/24
Thur, 5/08
Thur, 5/15
Thur, 5/22

Tailin Wu
Tailin Wu
Tailin Wu
Tailin Wu
Tailin Wu
Tailin Wu
Kaicheng Yu
Zhengzhong Lan
Ziqing Li
Yaochu Jin
Tailin Wu

*For project timeline see the slides later.



Course arrangement

Time: Every Thursday 15:10pm — 16:55pm
Typical time split:
15:10 — 15:55pm (45min): First part
15:55 — 16:00pm (5min): Discussion
16:00 — 16:45pm (45min): Second part
16:45 — 16:55pm (10min): Discussion
No prerequisite for the course

But would be good to have a basic understanding of neural network, its training, and write
basic neural network with PyTorch

If you don’t have any of the above background, that is fine. You only need half a day to master
them, using the materials provided in this lecture.



Project guidance

Choose a problem related to your research, and use Al to solve it.
Team size: 1-3 people, encouraging interdisciplinary collaboration

Course project design @ midterm:
» Give a presentation (10min) that formulates the problem for the 5 questions, each with one slide:
1. What is the problem?
2. Why is it important
3. Why is it hard?
4. What is the limitation of the prior method?
5. What is the main component of the proposed method?

Then detail the proposed method (3-4 slides) that uses an Al technique to solve the problem

¥ Topie " Toate | Teacher

8 Course project design (1) Thur, 4/10 Tailin Wu
9 Course project design (2) Thur, 4/17 Tailin Wu



Project guidance

Course project report and discussion @ final:

Give a presentation (15min) that
« Formulates the problem in terms of the 5 questions before, each with one slide.

« Then detail the proposed method (3-4 slides) that uses an Al technique to solve the problem.
« Then report the main experiment results (3-4 slides)

Submit a project report that summarize the project.

# ltopic " lbate _|Teacher _

15 Course Project Reporting and Discussion (1) Thur, 5/29 Tailin Wu
16 Course Project Reporting and Discussion (2) Thur, 6/05 Tailin Wu



Course grading

Assessment Criteria ' Grade | Assessment Standard

Attendance 5% A 90-100 points
Project proposal and discussion 30% B 80-89 points
Project conclusion presentation 30% C 70-79 points
Project conclusion report 35% D 60-69 points

F Below 60 points

The grading will be generous. The important thing is that you learn useful Al techniques
that you can use for your own research.



Other logistics

Office hour: Wed 2:30-4:30pm, E2-203, Tailin Wu

Email: wutailin@westlake.edu.cn

Website: https://ai4s.lab.westlake.edu.cn/course

Join the Feishu group: For announcements, group collaboration, course materials
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Your research interest

Self-introduction:

Department & lab

Research interest

Familiarity (1-10)
with deep learning
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Why study this course?

If you are from science/engineering background, not so familiar with Al,

you will:
« Know major Al techniques, their application areas, and limitations
« Able to use state-of-the-art Al techniques for your own research

If you are from Al background, you will:

« Learn state-of-the-art Al techniques in different subfields
« Know the open research problems for each subfield

« Collaborate and explore interdisciplinary research

12
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Course introduction

Tasks Neural architecture Learning paradigm
/- Classification/ \ / Multilayer perceptron\ / Supervised learning \
regression . Graph Neural « Generative modeling
« Simulation v Networks v « Foundation models
* Inverse design/ « Convolutional Neural . Reinforcement learning
iInverse problem Networks . Evolutionary and multi-

K. Control/planning / \ Transformers / \ objective optimization /

Application (Al & Science)

* Robotics * Autonomous Driving - Life science
 Games (e.g., Go, atari) « PDEs * Materials science




Course introduction: tasks

Tasks Neural architecture Learning paradigm
/- Multilayer perceptron\ / Supervised learning \
 Graph Neural « Generative modeling
X Networks x | * Foundation models
 Convolutional Neural « Reinforcement learning
Networks « Evolutionary and multi-
« Transformers

K / \ objective optimization /

Application (Al & Science)




Task 1: Classification & regression

* image classification
* video Y t
?

* graph _ fo ]
- time series Input X > targetY ) Isacbaelgﬁgfncsr(e):e)
* natural ) :

language % (contln‘uous)

regression

Given many examples of (X, Y) pairs, learn a neural network (NN) f, that minimizes
the prediction loss:

0" = argming Ex yy-px,yv) [£(fo(X),Y)]

fo: neural network to be learned
£ loss function

16



Task 2: (Learning) simulation

Goal: learn the mapping fy from ut to ut+!:

m® a,0X mta,dX m?a,dX mT~=1 q, 0X
uO L ul L u2 L L
2 fo fo fo fo_ 1 loss = E[MSE(fy(ut), ut*1)]

ut: original state (}R7) of the system. Can be a graph (e.g., mesh, particle-based systems,
molecules), a tensor, or an infinite-dimensional function u(t, x) as solution to a PDE

fo: neural surrogate models (fRE2MIZR(LIRFERY)

mt: external control (5}5Ri=#l)

a: static parameters (§2522{) of the system that does not change with time
(e.g. parameters of PDE, spatially varying diffusion coefficient)

0X: boundary condition (IZ5%&f4) of the system PDE: partial differential equation

ODE: ordinary differential equation 17



Tasks 3 & 4: Inverse design, inverse problem, and control

Optimize the control and design variables Objelctive[u[O’T] mlo.]]

u': original state of the system. Can be an infinite-dimensional function u(t, x)
as solution to a PDE, or a graph (e.g., mesh, particle-based systems, molecules)

fo: neural surrogate models

mt: external control (4p53232%1)

a: static parameters (g2755#() of the system that does not change with time

(e.g. parameters of PDE, spatially varying diffusion coefficient)
O0X: boundary condition (i15i414) of the system

- control (F=5l)

_inverse design

(R

18



Tasks 3 & 4: Inverse design, inverse problem, and control

- Inverse design: boundary 0X, initial condition u°, parameter a to optimize design objective:
plane design, rocket shape, underwater robot shape

- Inverse problem : infer initial condition u° or parameter a to match prediction with observation

observation

« Control:



Tasks 2 & 3: Steady-state simulation and inverse design

Simulation:
fo?
a, 0X | >l u ‘
Aerodynamics simulation
parameter and steady state of
boundary the system
Inverse design/inverse problem: -
f Materials design
[’7 a, 0X J' > L
parameter and steady state of ﬂf
boundary the system 5 (

Protein design



Course introduction: Neural architecture

-

N

Neural architecture

A

Multilayer perceptro

Graph Neural
Networks

 (Convolutional Neural

Networks

\- Transformers

~

n

/
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Neural architecture: overview

The choice of neural architecture depend on the data structure:

Data structure m Suitable neural architecture

Vector simple vectors Multilayer Perceptron (MLP)
Graph molecules, irregular mesh Graph Neural Network (GNN)
Grid image, videos Convolutional Neural Network (CNN)

Sequence time series, natural language Transformer

22



Neural architecture 1: Multilayer Perceptron (MLP)

fo

Outputs

input x € R¢ prediction 9

(vector)

Output

Input Hidden Layer

Layer Layer

An MLP f, with n layers: ¥ = W,,a(...c(Woo(W;x + by) + by) + by,

W;: weight matrix to be learned
b;: bias vector to be learned
o: (nonlinear) activation function, e.g., ReLU, softplus, ELU

23



Activation function

ative_slope=0.1

3 3
2 2
1 1.
> 0 > 0
-1 -1 \
~2 -2 ey
-3 . : ; ; ; : — ; ; ; ; ; ;
-3 -2 -1 0 1 2 3 -3 -2 -1 O 1 2 £
X X
ReLU (Rectified Linear Unit) LeakyRelLU
ReLU(x) = max(0,x) LeakyReLU(z) = {az,

ifz >0

negative_slope X z, otherwise

24



Activation function

-3 -2 -1 0 1 2 3
X
ELU (Exponential Linear Unit)

X, x>0
ELU(x):{ex—leO

EEE=a

-3 -2 -1 0 1 2 3
X

Sigmoid

1

Sigmoid(x) = P —

25



Activation function

-3 -2 -1 0 1 2 3
X

SiLU (Sigmoid Linear Unit)

SiLU(x) = x - Sigmoid(x)

—31 ' . ‘ ' . ‘
-3 ~2 -1 ©O 1 2 3
X

GELU (Gaussian Error Linear Unit)

SiLU(x) = x - &(x)

®(x) is the cumulative distribution
function for Gaussian distribution

26



Activation function

Activation function Advantages

RelLU Simple, suitable for classification Can have some “dead neurons”
The network is piecewise linear

LeakyRelLU Does not have dead neurons The network is piecewise linear

ELU Typically useful for regression

Sigmoid Output contrained to [0,1] If input is far from 0, then have
saturation (vanishing gradient)

SiLU Typically useful for regression

GELU Typically useful for regression

Typically try ReLU, LeakyRelLU, ELU, and SiLU in hyperparameter search

27



MLP: universal approximation theorem
fo

iInput target
Outputs
F - T y inputs
g ‘ 0 “Cat”

Output

Input Hidden Layer

Layer Layer

An MLP fy that has 1 hidden layer (with arbitrary width) and a nonlinear activation function can
approximate any function to arbitrary precision [1][2].

Here fo(x) = Woo(W;ix + by)

« With one hidden layer, may need exponential number of neurons w.r.t. input size
« With more layers, the neurons needed may be polynomial [3]

[1] Funahashi, Ken-Ichi. "On the approximate realization of continuous mappings by neural networks."
Neural networks 2.3 (1989): 183-192.

[2] Hornik, Kurt, Maxwell Stinchcombe, and Halbert White. "Multilayer feedforward networks are universal
approximators." Neural networks 2.5 (1989): 359-366.

[3] Rolnick, David, and Max Tegmark. "The power of deeper networks for expressing natural

functions." ICLR 2018

28



Learning with gradient descent

%,

CZA)
SRIREIAL
‘s‘oo; \0" '
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==

fo(x) =oW,o(...c(Wo,o(Wyx + by) + b,) ...+ b,,)

L(0)

To fit dataset {(x;,y;)},i = 1,2, ... N, we can use Mean
Squared Error (MSE):
N
1 2
L(B) = Nz(yi — fo(x)
i=1

How can we optimize the parameter 8 = (W;,, ...W,, b4, ... b,)?

0 (typically high dimensional)

oL

Answer: compute Z—g, then we can perform gradient descent :
(k) k=1) _ "~
O\ « 6 n 39G—D
n: learning rate

29



Backpropagation

Consider:
z=f),y=fx),x=f(w)
z=f(F(Fw))

Chain rule:
dz 0z 0dy 0x

ow 0y 0x Ow

=W f' (w)

Observation:

1. We need to store intermediate result x, y to
avoid recomputing them.

2. Goes layer-by-layer from output to input.

f')

f'(x)

f'w)

30



Objective

z: intermediate
results

Backpropagation

ol

Let’s take a two layer MLP fy(x) = Woo(W;x + by)
as an example:

Objective: I = (y — f (x))2

0l 0l 623 522

GWZ 623 . 622 . 6W2

ol | a1 0z | 0z, 092P| 9z¥

db, | 0z; 0z (02 0:P| ob,

ol _| 0l 0zs| |9z, 02| 8z oz

oW, 0z3 02z 62&3) azf) azgl) oWy

shared, no need to recompute



Neural architecture 2: Graph Neural Networks (GNN)

Predictions on the node/edge with
updated features

GNN f,

)

input graph G = (V,E) V:setofnodes w!th node features
E: set of edges with edge features

AV VAVAVAYAVAVAVAVAVAYA
%

XA VAVAVAVAVAVAVAVAV
R O
L N AVA &Av” "g

Fluid dynamics, Mesh-based Dislocation in Proteins and small
computer graphics simulation for PDEs materials molecules

32



Neural architecture 3: Convolutional Neural Networks (CNN)

CNN f,

input tensor X € R41%dzxxdn output tensor ¥ € Rd1xdzxxdp

image video PDE discretized on a

regular grid 33



Neural architecture 4: Transformer

Transformer fy

C—0—0—0 N

input sequence X output sequence ¥

because

it

street

* GTGCATCTGACTCCTGAGGAGAAG ***
«  CACGTAGACTGAGGACTCCTCTTC s e+ Y——t—F & &K

The
didn't
Cross
the
was
too
tired

Natural language DNA sequence Protein sequence

34



Neural architecture: Summary

Data structure Suitable neural architecture

Vector Multilayer Perceptron (MLP) 2 (Tailin Wu & Tao Lin)
Graph Graph Neural Network (GNN) 10 (Tailin Wu)

Grid Convolutional Neural Network (CNN) 7 (Kaicheng Yu)
Sequence Transformer 4 (Zhenzhong Lan)

For each neural architecture (same goes for topics in the course), we will introduce its:
* Motivation

* Architecture

« Typical tasks

* Research frontiers

35



Course introduction: Learning paradigm

-

N

~

~

Learning paradigm

/- Supervised learning \

« Generative modeling
Foundation models
Reinforcement learning
Evolutionary and multi-

\ objective optimization /

36



Learning paradigm 1: Supervised learning

* image classification
* video Y t
?

* graph _ fo ]
- time series Input X > targetY ) Isacbaelgﬁgfncsr(e):e)
* natural ) :

language % (contln‘uous)

regression

Given many examples of (X,Y) = {(x;, y;)}-, pairs, learn a neural network (NN) f5
that minimizes the prediction loss:

0" = argming Ex yy-px,yv) [£(fo(X),Y)]

fo: neural network to be learned
£: loss function

37



Learning paradigm 2: Generative modeling

153

Images and shapes generated by diffusion models:

By DallE 2 By MeshDiffusion [1]

[1] Liu, Zhen, et al. "Meshdiffusion: Score-based generative 3d mesh modeling." ICLR 2023 38



Learning paradigm 2: Generative modeling

Robotic policy by diffusion models [1] Text to video generation by Sora [2]

Cook Shrimp

(autonomous)

6x speed

[1] Fu, Zipeng, Tony Z. Zhao, and Chelsea Finn. "Mobile ALOHA: Learning Bimanual Mobile
Manipulation with Low-Cost Whole-Body Teleoperation." arXiv preprint arXiv:2401.02117 (2024).
[2] OpenAl team. “Video generation models as world simulators”, 2024

39



Learning paradigm 2: Generative modeling

* image
* video

* graph _
- time series Input X = pg(X)?

e natural N
language Probability model

Given many examples of the input X, learn a probability model py (X) that can
sample new instances of X that conform to the data distribution

Major generative models:

Diffusion models

* Flow

Generative adversarial network (GAN)
Variational autoencoder (VAE)



Learning paradigm 3: Foundation models

R
\{\ /77

)44
ChatGPT

chatGPT

[1] OpenAl team. “Video generation models as world simulators”, 2024
[2] Zhou, Gengmo, et al. "Uni-Mol: a universal 3D molecular representation learning framework." ICLR 2023

uniMol [2]

41



Learning paradigm 3: Foundation models

C )

Task 1: input X( | _ _ | target YD
\§ )
4 )

Task 2: input X (@ fo ? target Y@
N o >

Task n: [inputx("ﬂ} _ target Y(®)

Given many diverse tasks, each consists of its massive number of examples

N

(X, y®) = {(xi("),yi("))} , learn a single foundation model f, that can faithfully
=1

predict the target from the input.



Learning paradigm 4: Reinforcement learning

/‘\ Human pilot o
_$~._ Autonomous drone (ours) -

AlphaGo [1] Controlled nuclear fusion [2] Drone racing [3]

[1] Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search." Nature 529.7587 (2016): 484-489.
[2] Degrave, Jonas, et al. "Magnetic control of tokamak plasmas through deep reinforcement learning." Nature 602.7897
(2022): 414-419.

[3] Kaufmann, Elia, et al. "Champion-level drone racing using deep reinforcement learning." Nature 620.7976 (2023):

982-987.
43



Learning paradigm 4: Reinforcement learning

action

Goal: maximize the long-term expected reward w.r.t. to the policy mw(A;|S;)

max IE:|R
T (Ac|Sp) (Rl

44



Learning paradigm 5: Evolutionary and multi-objective learning

(o

Detected Invariance:

.5:: 3 :"/ ‘ /i: !
ANy v agm L X(m+m)w?+m]L >+
¥iXY /Y m,L L o w,cos(d —0)—
Y ¢ 19.6L (m +m,)cos 6, —

i o i v 7 19.6m,L cos 0,
o 25 v
% 34 345 35 355 36 365 37
Time (s)

Discovering equations from data [1]

Optimization in engineering

[1] Schmidt, Michael, and Hod Lipson. "Distilling free-form natural laws from experimental data." science 324.5923 (2009): 81-85.

45



Learning paradigm 5: Evolutionary and multi-objective learning

Initialization

Fitness assessment

Selection

Crossover

Mutation

Stopping criteria == False
Stopping criteria == True

&0 .




Learning paradigm: Summary

Learning paradigm Suitable scenarios

Supervised learning
Generative modeling

Foundation models
Reinforcement learning

Evolutionary and multi-
objective learning

Most standard

High-dimensional data, can also be
used in any tasks in regression

Large diverse tasks

Agent interacting with environment,
cannot pass gradient through

Gradient-free, discrete optimization

2 (Tailin Wu)
3 (Tailin Wu)

10 (Zhenzhong Lan)
5 (Tailin Wu)

13 (Yaochu Jin)
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Course introduction: Application in Al and Science

-

A

N

4

Application (Al & Science)

~

~

/

-~

\

|

* Robotics
« Games (e.g., Go, atari)

* Autonomous Driving
« PDEs

* Life science
 Materials science

48



Application in Al

C..Q. @ ..Q «

self-driving

games

robotics

49
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Application in Al for Science: from microscopic to macroscopic

¢+ temporal scale

/
e

particle physics

e
astronomy

e

energy, environment

e

mechanical engineering, plasma physics

e

materials, cell biology

e

molecular dynamics

quantum computing

pm nm
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Al for Science: from microscopic to macroscopic

' temporal scale

e

materials, cell biology

e

molecular dynamics

d

energy, environment

e

mechanical engineering, plasma physics

el —
astronomy ——

e

quantum computing

d

particle physics

Discovering new physics

pm nm um mm

light year spatial scale
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Al for Science: from microscopic to macroscopic |

e

' temporal scale

mechanical engineering, plasma p

e

materials, cell biology

d

Pl
astronom

e

energy, environment

e

molecular dynamics

d

quantum computing

particle physics

hysics |

q
» Bl £

y

Al for genomics

Material simulation & design

Small molecules & protein simulation

pm
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light year spatial scale o2
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Al for Science: from microscopic to macroscopic

' temporal scale

materials, cell biology

e

molecular dynamics

d

quantum computing

e

particle physics

e
astronomy

e

energy, environment

e

mechanical engineering, plasma physics

e

Underwater robots

pm nm
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Al for Science: from microscopic to macroscopic -

e
astronomy

S

' temporal scale

energy, environment

e

mechanical engineering, plasma physics

e

materials, cell biology

e

molecular dynamics

d

quantum computing

e

particle physics

I

pm nm um mm m

_,  Weather forecasting
light year spatial scale
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¢+ temporal scale

quantum

e

d

particle physics

n in Al for Science: from microscopic to macroscopic

e
astronomy

e

energy, environment

e

mechanical engineering, plasma physics

e

materials, cell biology

e

molecular dynamics

} Materials

. . — PDEs
- Life science

computing

=

pm

nm um mm light year spatial scale



Al for Science: universal tasks

1. Discovery
(structures, laws)

Representation /
P Model

3. Control/design

2. Simulation

These three tasks are fundamental in science and engineering

These three tasks are equally fundamental in machine learning

56



Application: Summary

Applicatior Arca  lcouse#

Robotics Al 6 (Tailin)
Self-driving Al 7 (Kaicheng Yu)
Al + PDEs/scientific Al for science 14 (Tailin Wu)
computing

Al + Life sciences Al for science 12 (Ziqing Li)



Trend 1: Integration of technologies

* Aerospace + Controlled nuclear fusion: a spacecraft could theoretically
reach 1/10 the speed of light (30,000 km/s) [1], which is 1,700 times the
current maximum spacecraft speed of 17 km/s.

RocketStar is developing the FireStar Drive thruster based on controlled nuclear
fusion technology.

[11 =ME, KETHEHRE FRAIGE, FEVIEFSEITIM .


https://rocketstar.nyc/

Trend 1: Integration of technologies

« Aerospace + GPU + Embodied Al: Build GPU cluster in space

Lumen Orbit is planning to build the first GPU cluster in space [1].

[1] Lumen Orbit et al., Why we should train Al in space, 2024

59



Trend 1: Integration of technologies

- Aerospace + Mechanical engineering: Gravity Jet Suit by gravity
iIndustries

.

60



Trend 1: Integration of technologies

« Controlled nuclear fusion + materials: The realization of high-
temperature superconductors or room-temperature superconductors could
significantly reduce the size of tokamaks.

'.

(image from Science) 61



China’s National policy [EZRIES

AT

(ExRZ=ERFPREARML) PERMZER BXRNKE FEBRARKIEDNE

B_RrEe, 2028—20355F, BUFE—MERESEEEEMEHEHRRFINREIKR. iZ5FE
Z[EJuh, ICUESCRER AR BRI, BAIkE G, KERBRRL, BETERSGHRN. X
SRFREIFEZFES.

F=ME, 2036—2050F, KE=ERIFEEMEIARIHFR M /K, 1BIUESLEAR(ES
5~6IN, LARZ2S5INAAF/NEFONIERUES,

(BRI =RB O ASEEG R (2024—20304F) ) (TUWAERIER. RIERAEE. TEER,
HERAMEEEL) | RHEI20305F, HEMREEFAADIZRHImRITE



Trend 2: Improvement of measurement technology

- Better science needs better measurement
« Astronomy observation: New satellites and more accurate telescopes
 Life science observation: Better single cell measurements

 Particle collision measurement: Higher energy and better reconstruction

e

CENET T

N o
SR

o

New télescopes Single cell measurement Large Hadron Collider (LHC)
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Trend 3: Foundation models

« Al Scientist for automatic and high-throughput experiments

« Foundation model for solving diverse problems with a single model

Background Knowledge
Human curated and/or Al generated

Hypothesis Class

Invariants, symmetry, grammar,
operators set, dimensionality, constraints

Image-to-Text

!

Symbolic Regression Reasoning System

Modeler Preferences

Experimental Design Is more data needed to support a New formula
derivable hypothesis considering the )
alternatives? discovered!

t

Al-Descartes pipeline [1] Foundation models
64



Course introduction: Summary

Tasks Neural architecture Learning paradigm
/- Classification/ \ / Multilayer perceptron\ / Supervised learning \
regression . Graph Neural « Generative modeling
« Simulation v Networks v « Foundation models
* Inverse design/ « Convolutional Neural . Reinforcement learning
iInverse problem Networks . Evolutionary and multi-

K. Control/planning / \ Transformers / \ objective optimization /

Application (Al & Science)

* Robotics * Autonomous Driving - Life science
 Games (e.g., Go, atari) « PDEs * Materials science




Useful materials to get started in deep learning

* Learn PyTorch in 1h: https://pytorch.org/tutorials/beginner/introyt/introyt1 tutorial.ntml

« Book: Deep Learning book (https://www.deeplearningbook.org/)

66


https://pytorch.org/tutorials/beginner/introyt/introyt1_tutorial.html
https://www.deeplearningbook.org/

Fio)DeepSeek: RKF50F, ARZABW=EHA?

DeepSeek: REATF, ARERAIWSETHRARARZGSEFRIME, RFIEMRRNFEE
SRERRAEGY: B rZRE. SRERei I BERERMWESIEERER, FIRKIRR
REVIETS, EEIEATRESALTERNRE, KGR, MRREFINANILR, SE5ERR
1B, RZOSNREZABWAZEDES, EFHERATZTIHCSIMTER R AR, 8%
1TEEFRE]. X—RIIRBRIREETIIRFEEEZ, BEERA. EEEA,. EYRAR,. =
[EHARERS, ERIECIEESR FSEIIRA TR —IXAMYERNERNE, BERASRN"Ho0E

R EA"R" £t R RSEINER., BEEAREFIRRARS, METEMSZUAHISI
BIRAR, BRRAZENIINRIATEE, 1IBAREIFRASERARHNHEETIS.




Hope you all learn useful techniques to help your research!

Questions?

68



