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Al TodayChatAssistant

What does SJTU stand for?

Write a C++ code of quick sort.

What Does SJTU Stand For?

SJTU stands for Shanghai Jiao Tong University (_5835@8K5F). Received. | am now generating the C++ code for quick sort.

Key Facts About Shanghai Jiao Tong University

I'll write a clean and efficient C++ quick sort implementation for you.

Location: Shanghai, China Quick Sort Implementation in C++

Type: Public research university Here's a complete, well-commented implementation of the quick sort algorithm:

Founded: 1896

Reputation: One of China's oldest and most prestigious universities, often ranked among the top universities #include <iostream>
#include <vector>
#include <cstdlib>
#include <ctime>

in China and Asia

Notable Features

. . . W . . . . . using namespace std;
1. Engineering Focus: The university is particularly renowned for its engineering and technical programs

2. History: It was originally named "Nanyang Public School" (E5;¥/A%) when founded in 1896
void swap(int& a, int& b) {
3. Campuses: Main campus is located in the Xuhui District of Shanghai int temp = a;

4. Ranking: Consistently ranks in the top 3-5 universities in China and among the top 100-200 worldwide =Lk

SJTU is also known for its strong programs in computer science, electrical engineering, mechanical engineering,
business administration, and medicine.

MiniMaxLargeLanguageModel
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yWideoGeneration

Al Toda

Kairos 3.0 World Model
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Al Today: Embodied Al
N, =W

The person is performing a Wushu Kungfu
sequence that may culminate in a backflip
Textto-locomotion

TP L L5 -

\ .

Music2Dance

== 1

Music-to-locomotion

cs3317 Video-to-locomotion



Self Introduction

APosition
¢ Tenure-Track Assistant Professor 202Bow

AEducation

¢ PhD in Computer Science, The University of Sydney
¢ Bachelor in Computer Science, Huazhong University of Science and Technolog

AResearch Interests
¢ Large Foundation Models

¢ Image / Video Generation
¢ Embodied Al

AOffice Hour: Mon. 47pm at 3 301b, ort.huang@sijtu.edu.cn
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Goal

AUnderstand what is Aland core Al principles

AMaster foundational MLand deep learning methods
AGaininsight into modern Al paradigms: generativemodels, RL,B
ADevelopthe ability to analyze,design, and evaluate Al systems
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Gradng

ANo exam

AAttendance and participance: 10%
AHomework (written & programming): 40%
AProject: 40%

APresentation: 10%
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CourseQutline

Introduction to Al
SearchAlgorithms

Machine LearningFoundations
DeepLearning

GenerativeAl
ReinforcementLearning

N o O A~ e

Frontier Al
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1. Whatis Al?
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WhyAreWeHere?

AAl is transforming science, industry, and society
AFrom ChatGPT to autonomous driving

Nessage ChatGPT

CS3317
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Whatis Al?

Alcan do alot of things today
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ThesearealsoAl

Traditional Applications of Al

Navigation d Search

B
; earc
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CanMachinesBelntelligent?

AWhat is intelligence?
¢ Isit Learning?
¢ Reasoning?
¢ Creativity?
¢ Decision-making?

Alntelligence = ability to perceive, learn, reason, adapt.

CS3317
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Whatis Artificiallntelligence?

ASomedefinitions that have been proposed:
Allis the science of making machines that

A. Thinklike humans C. Thinkrationally

B. Act like humans D. Act rationally

CS3317
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ThinkingdHumanly CognitiveScience

ARequiresknowledge of how humans think
AStUdy Motor Cortex Sensory Cortex

] ] Frontal Lobe A ""R\‘ .
¢ Phychological: observation of ¢ Parietal Lobe
human behaViOI’ {‘ ( Occipital Lobe

¢ Neurological: observation of
brain activity

Temporal Lobe '\\_——‘\_&9 Cerebellum

>

AToday:separate from mainstream Al

CS3317

17



ActingHumanly:TheTuringlestApproach

AlIn 1950s, Turingdefined TuringTest Turing Test
to checkifall ¢ # 6 Riltaligent N -
behavioris indistinguishable from a S
alcUKt IO

Human Computer

If a judge cannot distinguish machine from
6elcUWSWIcHSRUINWGEEt 4

CS3317 18



Limitsof the Turinglest

AHuman actions not always intelligent
AMimicking humans intelligence
AHard to reproduce

=>Not important in Al ¢ RUt ql 3¢ O

CS3317

TURING TEST EXTRA CREDIT:

CONVINCE THE EXAMINER
THAT HES A COMPUTER.

YOU KNOW, YOU MAKE
SOME REALLY GOOD POINTS.
/

I™M ... NOTEVEN SURE
WHO I AM ANYMORE.

/

|

I'm not a robot C

19
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ThinkindRationallylLawsof Thought

AThinkingrationally: find out how correct
thinking must proceed: the laws of thought.

AAristotle syllogism (P ):
¢ Socratesis a human.
¢ All humans are mortal.
¢ ThereforeSocratesis mortal.

AThe logicists hope to build on logic
systems to create intelligent systems.

20



CS3317

ThinkindRationallylLawsof Thought

Problem: it is not always possible to model thought asa
set of rules; sometimes there are imprecisions.

21



ActingRationallyDoingthe RightThing

ATheright thing: act as to achieve the best outcome
¢ Choose actions
¢ Maximize expected utility
¢ Focus on outcomes

Thisis how birds fly Humans tried to mimic birds Thisis how humans finally

for centuries achieved/sc | q RG RVE @ b
CS3317 22




Whatis Artificiallntelligence?

Alis the science of making machines that

A. Thinklike humans

B. Act like humans

CS3317

C. Thinkrationally

D. Act rationally

(the most common
viewtoday)

23



Whatis Artificiallntelligence?

ARational Agent Perspective:

AnAlsystemis:

An agent that perceives its environment and takes actions to maximize
expected utility.

CS3317
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TheAlTriad

Most Al systems combine: a
:arch ?

ASearchd exploring possibilities
ALearning3 improving from data
ADecision-making 8 choosing actions

Thiswill structure our entire course.

CS3317

Decision-Making

25



Alas Optimization

Most modern Al:

ADefine objective  L£(6)
AOptimize parameters 6
AGeneralizeto unseendata

min £(6)

v, \
\ objective (loss) function

parameters

CS3317
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CourseRoadmagPreview

SearchAlgorithms

Machine LearningFoundations
DeepLearning

GenerativeAl
ReinforcementLearning
Frontier Al

27
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CourseRoadmagPreview

Search Algorithms
Breadth-First Search
Depth-First Search
Ar Search

B

Predefined rules

Narrow

General

28



Intelligencdrom Search

ASearchAlgorithm
How can we solve problems if the rules are known?
Coreidea: solve problems by systematic exploration.

¥ ®

o ®

SCORE: 0

Breadth-First Search GreedySearch Pac-Man Game

CS3317
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CourseRoadmagPreview

Search Algorithms
Breadth-First Search
Depth-First Search
Ar Search

B

Predefined rules

Narrow
Statistical learning

Machine Learning
Linear Regression
Logistic Regression
Support Vector Machines
B

General

30



Intelligencdrom Data

AMachine Learning
Whatifwel Y ko the rules?
Coreldea: Learndecision functions from data.

Root Mode

¥i = bg + byx;

Estimator of the error (§;)

} &— Observed value (x)

9

Slope (b,)
Intercept (by)

UndeFS'tandimg the risks to
prevent a heart attack.

N
Leaf Nodes

LinearRegression Decision Trees

CS3317
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CourseRoadmagPreview

Search Algorithms Deep Learning
Breadth-First Search  Multi-LayerPerceptrons
Depth-First Search Backpropagation
Ar Search Transformers
B B

Predefined rules Representation

Narrow
Statistical learning

Machine Learning
Linear Regression
Logistic Regression
Support Vector Machines
B

General

32



Intelligencdrom Representation

ADeep Learning
How do we automatically learn features?

Core ldea: Learnhierarchical representation in multi-layer neural
networks.

Convolutional L.auyer‘ +
inputs Input ] Activation Function + | (Fully Comected Layer |

=0 E i Outputs Peoling Layer

Input Layer Hidden Layer Output Layer L | Classification Process
Convolutional Process

Output |

Multi-LayerPerception (MLP) Convolutional Neural Network (CNN)
CS3317
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CourseRoadmagPreview

Search Algorithms Deep Learning
Breadth-First Search  Multi-LayerPerceptrons
Depth-First Search Backpropagation
Ar Search Transformers
B B

Predefined rules Representation

Narrow
Statistical learning Modeling distributions

Machine Learning Generative Al

Linear Regression AutoregressiveModels

Logistic Regression VAE,GAN
Support Vector Machines Diffusion Models

B B

General
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Intelligenceas WorldModeling

AGenerativeAl

Canwe model the world and create new content?

Core ldea: Model data distributions and generate content.

—»
—>

Training set%ﬁ//
'

Generator

Fake image

Discriminator

O\

Real

B {Fa ke

GenerativeAdversarialNetwork (GAN)

CS3317

Training Data/Image Generated Data/New Image
fwt s
. | |
e :  Model :
% : :

A Fyd

Reverse Diffusion

Diffusion Models

35
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CourseRoadmagPreview

Search Algorithms Deep Learning Reinforcement Learning
Breadth-First Search  Multi-LayerPerceptrons MarkovDecision Process
Depth-First Search Backpropagation Q-Learning
Ar Search Transformers Deep Q Networks
B B B
Predefined rules Representation Interaction
Narrow General

Statistical learning  Modeling distributions
Machine Learning Generative Al

Linear Regression

AutoregressiveModels

Logistic Regression VAE,GAN

Support Vector Machines

B

Diffusion Models
B
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Intelligencahroughinteraction

AReinforcementLearning
How do agentsact and learn from feedback?

Coreldea: Learnto act by maximizingreward.

State & Reward

Deep Q-Learning
with Atari

Environment

Reinforcement LearningProcess Deep Q-Learningwith Atari

CS3317
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CourseRoadmagPreview

Search Algorithms Deep Learning Reinforcement Learning
Breadth-First Search  Multi-LayerPerceptrons MarkovDecision Process
Depth-First Search Backpropagation Q-Learning
Ar Search Transformers Deep Q Networks
B B B
Predefined rules Representation Interaction
Narrow General
Statistical learning Modeling distributions Scale Up
Machine Learning Generative Al Frontier Al
Linear Regression AutoregressiveModels Largemodels
Logistic Regression VAE,GAN Embodied Al
Support Vector Machines Diffusion Models Efficiency & safty
B B B
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Intelligenceat Scale

AFrontier Al
How do we build general Al systems?
Core ldea: Scale up data and models, build autonomous systems.

World Model - Genie3 by Google Embodied Al

CS3317
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Wrap-up

AWhat did we discuss?

¢ Whatis AI?
An agent that perceives its environment and takes actions to maximize
expected utility.

¢ What does an Al system consist of?
Search,learning, decision-making.

¢ Discussedthe course road map.
From narrow to general:
search=>ML=>DL=>GenerativeAl=>RL=>Frontier Al

CS3317
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2. ABriefHistoryof Al
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TheDartmouthConferenceAlis Born(1956)

AJohnMcCarthy proposed the term
w1 g RWKRHIK dtdRudify théfidld
AAI becomes academic field

42



Aperiod of rapid progressand high expectations in the dawn of Al.

EarlyOptimism(1956:1974)

Logic Theorist (1955)
Newell & Simon's theorem

prover, demonstrating
machine reasoning.

Microworlds

Al competence in

CS3317

simplified environments
like "blocks world".

General Problem
Solver (1957)

Universal Al attempt
solving diverse problems
via meansends analysis.

Optimistic Predictions

Simon predicted human
level Al soon, driving
significant funding.

ELIZA (1966)

Weizenbaum's chatbot
simulating Rogerian
psychotherapy.

Milestones

Early successes
established Al as a
promising field.

43



Chessasthe FirstKillerAppfor Al

AClaude Shannon proposed the first chess playing program in 1950
¢ It included adversarial search and minimax (later lecture)
¢ It also included many heuristics for faster searching

4 8 9 3 2 -2 9 1 8 4 3 6 5 7 A1

CS3317 44



FirstAlWinter(1974-1980)

Unrealistic Expectations Combinational Explosion

Early predictions about Al capabilities Many problems proved hard

failed, leading to disillusionment. #c_ombinat(_)rial explosion), and systems
ailed outside narrow "microworlds".

Hardware too Weak The Lighthill Report (1973)
Hardware was too slow and memory A critical UK report highlighted failures,
too limited for real-world problems. leading to funding cuts.

"A period of reduced funding and pessimism where the gap
between Al's promise and reality became apparent.”

CS3317 45



Story:TheFallof MachineTranslation

Q The Promise: Cold War Ambitions

Funded heavily by the U.S. government, early MT
aimed to automatically translate Russian scientific
papers. It was seen as a major Al goal.

B8 The Reality: Poor Translation Results

Simple word-for-word rules led to absurd outcomes.
A famous example: "The spirit is willing..." became
"The vodka is good..." in Russian.

Bl The ALPAC Report (1966)

This influential report deemed MT unfeasible, leading
to massive funding cuts and symbolizing the dashed IBM701 computer
hopes of the first Al winter.

CS3317



Riseof ExpertSystems1980-1987)

ACore concept & engineering:
¢ Narrow domains with expertrules. |

Qmwl
¢ KnowledgeEngineering:Extractingexpert 2 —2 v |

knOWIedge for AI ,., f‘«cchl nterface |
Patients |

. MYCIN |:

Expert

APioneeringSystems: SO ... S  Dicanes
¢ MYCIN(1972-1974).Diagnosedbacterial infections.
¢ DENDRAL(1965-1976): Determined organic molecule structures.

ACommercial Success:
¢ Almoved from academia to industry.
¢ Companies like Teknowledgeand IntelliCorp drove real-world apps.

CS3317 47



SymbolicAl

A Definition: Al systems that represent knowledge using explicit symbols
(words, numbers, logic) and manipulate them via formal rules.

A Also known as Good Old-Fashioned Al (GOFA)
A Characteristics: High interpretability via explicit rules, but brittle with

ambiguous realworld data.
ADominant in 1950sto 1980s

CS3317

Paul Klee

Person is a

is interested

Angelus Novus

Angelus Novus

Giulia

Example: IF (Temperature > 38 °C) AND (Cough

== True) THEN (Diagnosis = Flu)

48



SymbolicAl:Successes

ADeep Blue: Defeated World Champion Chess Player Garry
Kasparov in Chess (1997).

ITHE !lll'-" 3

» ACM Chess Challen re
Garry Kasparov

CS3317
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TheFailureof SymbolicAl

APolanyi's Paradox®i DLWt UYs WG Y JWaé¢ Ulls I WH

¢ Many human skills (like recognizing a face) are tacit and impossible to fully
describe in logic rules.

AScalability: Hand-coding rules for the messy, infinite complexity of
the real world is an impossible task.

ABrittleness: Symbolic systems often fail completely when inputs
deviate even slightly from their rigid rules.

AResult: The "Al Winter" (198090s) T withdrawal of funding and loss
of academic interest.

CS3317 50



SecondAIWinter(1987/-1993)

The expert systems bubble burst, leading to decline due to high
costs, technical limitations, and lost investor confidence.

AHigh costs & maintenance: Expensive to build and required
constant updates, making them unsustainable.

ATechnical limitations: Failed unexpectedly when faced with
unprogrammed problems, lacking adaptability.

AL oss of confidence: Overpromises led to loss of confidence from
Investors and governments.

CS3317
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Story:TheCollapseof LispMachines

i1l The Rise: Specialized Al Hardware
In the 1980s, companies like Symbolics built Lisp
machines, specialized workstations offering superior
performance for Al research and Lisp programming.

The Fall: Cost vs. General-Purpose Computing
Extremely high costs (tens of thousands) made them
inaccessible. Meanwhile, affordable workstations from
Sun Microsystems rapidly improved, running Lisp
efficiently for most applications.

® The Impact: Bankruptcy & The Al Winter
The market collapse led to Symbolics' bankruptcy. This
=3 commercial failure, combined with expert system
TheLISPmachine in MIMuseum Iimitations, significantly contributed to the second Al
winter.
CS3317 52




StatisticalLearning& Data-DrivenEra(1993-2010)

AParadigmshift:
¢ Fromrules to data
¢ Benchmark-driven

AKeymachine learningtechniques: SVMs,decision trees, etc.

Spam Filters

SVMs @

Decision Trees %

— Recommendation
Systems

OCR

CS3317
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StatisticalMachinelLearning

=

A1995: Support vector machines (SVMs)

A1985: Bayesiannetworks

A2001: Randomforest e J

Model | a n ® 9 Tees
 HOE0 FOEO ®Y®Y
A

Class ClassA Class B
Model Bagging (Voting Majority)
Testing |
Prediction Output
Class A

CS3317

54



CoreComparisornof Symbolicand StatisticalAl

Symbolic Al Statistical Al

Rules Data

Logic Optimization
Deduction Generalization
Human-coded Learned

AThe Old Way (Symbolic):

¢ Symbolic Altried to encode intelligence.
ccal0cUWRUGeqt Wl 203t WaW9YAGeqldl WG YHIJE T 13t WI ¢

AThe New Way (Machine Learning):
¢ Statistical Altries to learniit.
ccal0cUWRUGeqt Wl ¢cqecewlec Ut s 131+ W W9YHGGeqldl WiWe
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Alnternet -> massive data
AText,images, audios, videos

Thelnternet& BigData

AData fuels ML

AAlintegrated into search, social

CS3317

media, e-commerce.

2007 onALOG
19 exabytes

- Paper, film, audiotzape and vinyl: 6%

- Analog videotapes (VHS, etc): 94 % ANALOG

/| - Portable media, flash drives: 2 %

" /] - Portable hard disks: 2.4 % DIGITAL @
- CDsand minidisks 6.8 %

Global Information Storage Capacity
in optimally compressed bytes

- Computer servers and mainframes: 8.9 %

- Digitaltape: 11.8 %

1986 y

ANALOG /

2.6 exabytes - DVD/Blu-ray: 22.8% 9

‘ . = DIGITAL ‘v
DIGITAL akX ' STORAGE

0.02 exabytes

- PC hard disks: 44.5 % 2
123 billion gigabytes

“beginning
of the digital age”
50%
% digital: i apnont, s omieommanion e
1% 3% 25% 24 % DIGITAL
280 exabytes
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Thelncreasingscaleof BigDatafor ModernAl

AlmageNet(ImageClassification):
¢ 15million images

AGPT3 (LargeLanguageModel):
¢ 500billion tokens

A Stable Diffusion (Image Generation)
¢ 5 billion image-text pairs

The Game-Changer: More data + larger models 3 better performance.

CS3317
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TheDeepLearnindRevolution2010-present)

AResurgence of Neural NetworksDeep Learninguses multi-layered Neural
Networks to learn complex patterns from data.

AWhy it worked:
¢ Bigdata.
¢ Increasing GPUcomputation power
¢ Better training methods: RelLU,Dropout, BatchNorm, etc.

ARevolutionizedcore Alfields: /%
¢ Computer Vision 7

¢ Natural LanguageProcessing
¢ SpeechRecognition

oot

VGG16

CS3317 58



ComputerVision:imageNetAlexNet

AKeybreakthrough: AlexNet(2012)won the ImageNetChallenge with a
drastically lower error rate (36.7%),provingdeep d 1J ¢ | WehunAncé.

Convolutional Lm/er +
Input ) Activation Function + [ Fully Comected L_“?e,.]

I M A G E N E T www.image-net.org ”// ': Pooling Layer

22K categories and 15V images

* Animals * Plants * Structures * Person
* Bird * Tree * Artifact * Scenes
* Fish * Flower * Tools * Indoor 2
* Mammal * Food * Appliances * Geological Formations ] Classification Process
* Invertebrate * Materials » Structures * Sport Activities Convolutional Process

AlexNet

| s Ml 8 ¥ ELT R Ao UnteaiesY R g ATEE v O Rl PR g LA e
FROL QRN )3 Y D (Lo 2% i NL# STap 1 3
; g s e R 0. 'i‘j'n‘ R he7

eng, Dong, Socher, Li, Li, & Fei-Fei, 2009
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AlDevelopmeniTimeline

Optimism
(1956-1974)

First Al
Winter

(1974-1980)

Rise
of Expert
Systemes

(1980-1987)

Second
Al Winter

(1987-1993)

Statistical
Learning &
& Data-
Driven Era

(1993-2010)

Learning
Revolution

(2010-present) §
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ThreeWavesof Al

Symbolic (1950s-1980s):rule-based systems, logic, reasoning.

. Knowledge(1980s-1990s): expert systems, encoding human

expertise.

. DeeplLearning(2000s-present): data-driven learning, neural

networks.
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3. ModernAlLandscape
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TheTransformeRevolution2017)

AMechanism: "Attention Is All You Need" (Vaswani et al.)

Introduced the self-attention mechanism.

ABreakthrough:Parallel processing of sequences,
overcoming the sequential limitations of RNNSs.

AResult: Enabled efficient training on massive, internet
scale datasets.

Almpact: The architectural foundation for all modern
LLMs including GPT, BERT, and Llama.

CS3317

Inputs

Qutput
Probabilities
[ Linear |
[ Add & Norm |
Feed
Forwar d
[ Add & Norm ]
[ Add & Norm | .
S oy Multi-Head
Feed Attention
Forward D) Nx
|
s Add & Norm
Add & Norm Ve
Multi-Head Multi-Head
Attention Attention
\_ J . ")
Positional Positional
Encodi D ¢ i
ncoding Encoding
Input Output
Embedding Embedding

Outputs
(shifted right)

TransformerArchitecture
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LargeModels

Large Language Models
ABillions of parameters

ATrained on webscale text

AEmergent abilities:Capabilities that appear at scale, such as ircontext
learning, reasoning, and complex coding.

Multimodal Large Models

A Support text, image, audio, and video
AMoving towardsunderstanding the world like humans do

CS3317
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LargeModels
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GenerativéAl:BeyondText

Almage Generation:Diffusion models create highfidelity visuals.
AVideo Generation:Progressing towards world modeling.

AAudio/Speech: Highly realistic synthesis of human speech and
music.

CS3317
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ImageGeneration

2018 2019 | 2020 2021
7.5 yearsof GANprogresson face generation

Textto-image generation with Qwerlmage

U HOdidReMy ultra-detailed portrait of a

young woman from the Han Dynasty (),
standing gracefully in a classical Chinese

Ncl T JUKI 21 RUNKWJIcI dG! KOG Y

CS3317 67



Text/Imageto-VideoGeneration

2 B XA

b runningT VATC T [VldeoGeneratlve] —

Model

/b runningl Y D KOw
[ Model

Video Generative
/
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