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AI Today: ChatAssistant

MiniMaxLargeLanguageModel
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AI Today: VideoGeneration

Kairos 3.0 World Model
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AI Today: Embodied AI

Text-to-locomotion

Video-to-locomotion

Music-to-locomotion
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Self Introduction

ÅPosition
ςTenure-Track Assistant Professor    2025-now

ÅEducation
ςPhD in Computer Science, The University of Sydney
ςBachelor in Computer Science, Huazhong University of Science and Technology

ÅResearch Interests
ςLarge Foundation Models
ςImage / Video Generation
ςEmbodied AI

ÅOffice Hour: Mon. 4-7pm at 3 301b, or t.huang@sjtu.edu.cn

mailto:t.huang@sjtu.edu.cn
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Goal

ÅUnderstandwhat is AIand core AIprinciples

ÅMaster foundational MLand deep learningmethods

ÅGain insight into modern AIparadigms:generativemodels, RL,в

ÅDevelopthe ability to analyze,design,and evaluateAIsystems
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Grading

ÅNo exam
ÅAttendance and participance: 10%

ÅHomework (written & programming):40%

ÅProject: 40%

ÅPresentation:10%
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CourseOutline

1. Introduction to AI

2. SearchAlgorithms

3. MachineLearningFoundations

4. DeepLearning

5. GenerativeAI

6. ReinforcementLearning

7. Frontier AI
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Lecture1: Introductionto
ArtificialIntelligence

TaoHuang
JohnHopcroft Center, School of Computer Science,ShanghaiJiaoTongUniversity

https://taohuang.info/cs3317
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1.Whatis AI?
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WhyAreWeHere?

ÅAI is transforming science, industry, and society

ÅFrom ChatGPT to autonomous driving

ÅFrom protein folding to robotics

Å7ƨƣвШƽőċƣШĲǂċĦƣũǃШŔƚШ fе
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WhatisAI?

AIcan do a lot of things today
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ThesearealsoAI
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CanMachinesBeIntelligent?

ÅWhat is intelligence?
ςIs it Learning?
ςReasoning?
ςCreativity?
ςDecision-making?

ÅIntelligence = ability to perceive, learn, reason, adapt.
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WhatisArtificialIntelligence?
ÅSomedefinitions that havebeenproposed:

AI is the science of makingmachines that

A. Thinklike humans

B. Act like humans

C. Thinkrationally

D. Act rationally
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ThinkingHumanly:CognitiveScience

ÅRequiresknowledgeof how humans think

ÅStudy:
ςPhychological:observation of

human behavior
ςNeurological: observation of

brain activity

ÅToday:separate from mainstream AI
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ActingHumanly:TheTuringTestApproach

ÅIn 1950s,Turingdefined TuringTest
to check if aůċĦőŔŰĲќƚintelligent
behavior is indistinguishable from a
őƨůċŰќƚЮ

Alan Turing(1912-1954)

If a judge cannot distinguish machine from 
őƨůċŰШӛШůċĦőŔŰĲШƓċƚƚĲƚЮ

HUMAN COMPUTER
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Limitsof theTuringTest

ÅHuman actions not always intelligent

ÅMimicking humans intelligence

ÅHard to reproduce

=>Not important in AIљůċŔŰƚƣƖĲċůњ
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ThinkingRationally:Lawsof Thought

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

ÅAristotle syllogism (Ҏ ):
ςSocratesis a human.
ςAll humans are mortal.
ςThereforeSocratesis mortal.

ÅThe logicists hope to build on logic
systems to create intelligent systems.
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ThinkingRationally:Lawsof Thought

Problem: it is not alwayspossible to model thought as a
set of rules; sometimes there are imprecisions.
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ActingRationally:DoingtheRightThing

ÅTheright thing: act as to achievethe best outcome
ςChoose actions
ςMaximize expected utility
ςFocus on outcomes

Thisis how birds fly Humans tried to mimic birds
for centuries

Thisis how humans finally
achievedљċƖƣŔŉŔĦŔċũŉũŔŊőƣњ
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WhatisArtificialIntelligence?
AI is the science of makingmachines that

A. Thinklike humans

B. Act like humans

C. Thinkrationally

D. Act rationally

(the most common
view today)
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WhatisArtificialIntelligence?

ÅRational Agent Perspective:

AnAIsystem is:

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

Most AIsystems combine:

ÅSearchӛexploringpossibilities

ÅLearningӛimproving from data

ÅDecision-makingӛchoosing actions

Thiswill structure our entire course.
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AIasOptimization

Most modern AI:

ÅDefine objective

ÅOptimize parameters

ÅGeneralizeto unseendata

parameters
objective (loss) function
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CourseRoadmapPreview

1. SearchAlgorithms

2. MachineLearningFoundations

3. DeepLearning

4. GenerativeAI

5. ReinforcementLearning

6. Frontier AI
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CourseRoadmapPreview

Predefined rules

Narrow General

Search Algorithms
Breadth-First Search
Depth-First Search

A* Search
в
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IntelligencefromSearch

ÅSearchAlgorithm

How can we solve problems if the rules are known?

Core idea: solveproblems by systematic exploration.

Pac-ManGameBreadth-First Search GreedySearch
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CourseRoadmapPreview

Predefined rules

Narrow General

Search Algorithms
Breadth-First Search
Depth-First Search

A* Search
в

Statistical learning
Machine Learning
LinearRegression

Logistic Regression
Support Vector Machines

в
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IntelligencefromData

ÅMachineLearning

What if weĬŸŰѢƣknow the rules?

Core Idea: Learndecision functions from data.

LinearRegression Decision Trees
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CourseRoadmapPreview

Predefined rules

Narrow General

Search Algorithms
Breadth-First Search
Depth-First Search

A* Search
в

Statistical learning
Machine Learning
LinearRegression

Logistic Regression
Support Vector Machines

в

Representation

Deep Learning
Multi-LayerPerceptrons

Backpropagation
Transformers

в
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IntelligencefromRepresentation

ÅDeepLearning

How do we automatically learn features?

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

Multi-LayerPerception (MLP) Convolutional Neural Network (CNN)
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CourseRoadmapPreview

Predefined rules

Narrow General

Search Algorithms
Breadth-First Search
Depth-First Search

A* Search
в

Statistical learning
Machine Learning
LinearRegression

Logistic Regression
Support Vector Machines

в

Representation

Deep Learning
Multi-LayerPerceptrons

Backpropagation
Transformers

в

Modeling distributions
Generative AI

AutoregressiveModels
VAE,GAN

Diffusion Models
в
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IntelligenceasWorldModeling

ÅGenerativeAI

Can we model the world and create new content?

Core Idea: Model data distributions and generatecontent.

GenerativeAdversarialNetwork (GAN) Diffusion Models
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CourseRoadmapPreview

Predefined rules

Narrow General

Search Algorithms
Breadth-First Search
Depth-First Search

A* Search
в

Statistical learning
Machine Learning
LinearRegression

Logistic Regression
Support Vector Machines

в

Representation

Deep Learning
Multi-LayerPerceptrons

Backpropagation
Transformers

в

Modeling distributions
Generative AI

AutoregressiveModels
VAE,GAN

Diffusion Models
в

Interaction

Reinforcement Learning
MarkovDecision Process

Q-Learning
DeepQ Networks

в
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IntelligencethroughInteraction

ÅReinforcementLearning

How do agentsact and learn from feedback?

Core Idea: Learnto act by maximizingreward.

ReinforcementLearningProcess DeepQ-Learningwith Atari

Deep Q-Learning with Space Invaders

https://huggingface.co/blog/deep-rl-dqn
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CourseRoadmapPreview

Predefined rules

Narrow General

Search Algorithms
Breadth-First Search
Depth-First Search

A* Search
в

Statistical learning
Machine Learning
LinearRegression

Logistic Regression
Support Vector Machines

в

Representation

Deep Learning
Multi-LayerPerceptrons

Backpropagation
Transformers

в

Modeling distributions
Generative AI

AutoregressiveModels
VAE,GAN

Diffusion Models
в

Interaction

Reinforcement Learning
MarkovDecision Process

Q-Learning
DeepQ Networks

в

Scale Up
Frontier AI

Largemodels
EmbodiedAI

Efficiency & safty
в
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Intelligenceat Scale

ÅFrontier AI

How do we build generalAIsystems?

Core Idea: Scaleup data and models, build autonomous systems.

World Model - Genie3 by Google EmbodiedAI
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Wrap-up

ÅWhat did we discuss?
ςWhat is AI?

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

ςWhat does an AIsystem consist of?
Search,learning,decision-making.

ςDiscussed the course road map.
From narrow to general:
search =>ML=>DL=>GenerativeAI=>RL=>Frontier AI
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2.ABriefHistoryof AI
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TheDartmouthConference:AIisBorn(1956)

ÅJohnMcCarthyproposed the term
љ ƖƣŔŉŔĦŔċũfŰƣĲũũŔŊĲŰĦĲњto unify the field

ÅAI becomes academic field
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EarlyOptimism(1956-1974)
Aperiod of rapid progressand high expectations in the dawn of AI.

Logic Theorist (1955)

Newell & Simon's theorem-
prover, demonstrating 
machine reasoning.

General Problem 
Solver (1957)

Universal AI attempt 
solving diverse problems 
via means-ends analysis.

ELIZA (1966)

Weizenbaum's chatbot 
simulating Rogerian 
psychotherapy.

Microworlds

AI competence in 
simplified environments 
like "blocks world".

Optimistic Predictions

Simon predicted human-
level AI soon, driving 
significant funding.

Milestones

Early successes 
established AI as a 
promising field.
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ChessastheFirstKillerAppforAI

ÅClaude Shannon proposed the first chess playing program in 1950
ςIt included adversarial search and minimax (later lecture)
ςIt also included many heuristics for faster searching
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FirstAIWinter(1974-1980)

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

Unrealistic Expectations
Early predictions about AI capabilities 
failed, leading to disillusionment.

Hardware too Weak
Hardware was too slow and memory 
too limited for real-world problems.

Combinational Explosion
Many problems proved hard 
(combinatorial explosion), and systems 
failed outside narrow "microworlds".

The Lighthill Report (1973)
A critical UK report highlighted failures, 
leading to funding cuts.
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Story:TheFallof MachineTranslation

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 AI goal.

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.

The ALPAC Report (1966)

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

IBM701computer
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Riseof ExpertSystems(1980-1987)

ÅCoreconcept & engineering:
ςNarrow domains with expert rules.
ςKnowledgeEngineering:Extractingexpert

knowledgefor AI

ÅPioneeringSystems:
ςMYCIN(1972-1974):Diagnosedbacterial infections.
ςDENDRAL(1965-1976):Determined organic molecule structures.

ÅCommercial Success:
ςAImoved from academia to industry.
ςCompanies like Teknowledgeand IntelliCorp drove real-world apps.
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SymbolicAI
ÅDefinition: AI systems that represent knowledge using explicit symbols 

(words, numbers, logic) and manipulate them via formal rules.
ÅAlso known as Good Old-FashionedAI(GOFAI)
ÅCharacteristics: High interpretability via explicit rules, but brittle with 

ambiguous real-world data.
ÅDominant in 1950sto 1980s

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

== True) THEN (Diagnosis = Flu)
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SymbolicAI:Successes

ÅDeep Blue: DefeatedWorld Champion ChessPlayer Garry 
Kasparov in Chess (1997).



50CS3317

TheFailureof SymbolicAI

ÅPolanyi's Paradox: ѢìĲШťŰŸƽШůŸƖĲШƣőċŰШƽĲШĦċŰШƣĲũũЮњ
ςMany human skills (like recognizing a face) are tacit and impossible to fully 

describe in logic rules.

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

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

ÅResult: The "AI Winter" (1980s-90s) т withdrawal of funding and loss 
of academic interest.
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SecondAIWinter(1987-1993)

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

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

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

ÅLossof confidence: Overpromises led to loss of confidence from 
investors and governments.
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Story:TheCollapseof LispMachines

The Rise: Specialized AI Hardware
In the 1980s, companies like Symbolics built Lisp 
machines, specialized workstations offering superior 
performance for AI 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 AI Winter
The market collapse led to Symbolics' bankruptcy. This 
commercial failure, combined with expert system 
limitations, significantly contributed to the second AI 
winter.

TheLISPmachine in MITMuseum
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StatisticalLearning& Data-DrivenEra(1993-2010)

ÅParadigmshift:
ςFrom rules to data
ςBenchmark-driven

ÅKeymachine learning techniques: SVMs,decision trees, etc.
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StatisticalMachineLearning

Å1985:Bayesiannetworks

Å1995:Support vector machines (SVMs)

Å2001: Randomforest
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CoreComparisonof SymbolicandStatisticalAI

ÅThe Old Way (Symbolic):
ςSymbolic AI tried to encode intelligence.
ςcƨůċŰШŔŰƓƨƣƚШƖƨũĲƚШӛШ9ŸůƓƨƣĲƖШƓƖŸĦĲƚƚĲƚШĬċƣċШӛШ§ƨƣƓƨƣЮ

ÅThe New Way (Machine Learning):
ςStatistical AI tries to learn it.
ςcƨůċŰШŔŰƓƨƣƚШĬċƣċШҼШċŰƚƽĲƖƚШӛШ9ŸůƓƨƣĲƖШũĲċƖŰƚШƖƨũĲƚШӛШ§ƨƣƓƨƣЮ

Symbolic AI Statistical AI

Rules Data

Logic Optimization

Deduction Generalization

Human-coded Learned



56CS3317

TheInternet& BigData

ÅInternet -> massivedata

ÅText,images,audios, videos

ÅData fuels ML

ÅAIintegrated into search, social
media, e-commerce.
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TheIncreasingScaleof BigDataforModernAI
ÅImageNet(ImageClassification):
ς15 million images

ÅGPT-3 (LargeLanguageModel):
ς500billion tokens

ÅStableDiffusion (ImageGeneration)
ς5 billion image-text pairs

The Game-Changer: More data + largermodelsӛbetter performance.
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TheDeepLearningRevolution(2010-present)
ÅResurgence of Neural Networks: Deep Learninguses multi-layered Neural 

Networks to learn complex patterns from data.

ÅWhyit worked:
ςBig data .
ςIncreasing GPUcomputation power
ςBetter training methods: ReLU,Dropout, BatchNorm, etc.

ÅRevolutionizedcore AIfields:
ςComputer Vision
ςNatural LanguageProcessing
ςSpeechRecognition

VGG-16
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ComputerVision:ImageNet,AlexNet
ÅKeybreakthrough:AlexNet(2012)won the ImageNetChallengewith a

drastically lower error rate (36.7%),provingdeepũĲċƖŰŔŰŊќƚdominance.

AlexNet
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AIDevelopmentTimeline
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ThreeWavesof AI

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

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

3. DeepLearning(2000s-present): data-driven learning,neural
networks.
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3.ModernAILandscape
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TheTransformerRevolution(2017)
ÅMechanism: "Attention Is All You Need" (Vaswani et al.) 

introduced the self-attention mechanism.

ÅBreakthrough: Parallel processing of sequences, 
overcoming the sequential limitations of RNNs.

ÅResult: Enabled efficient training on massive, internet-
scale datasets.

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

TransformerArchitecture
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LargeModels
Large Language Models

ÅBillions of parameters

ÅTrained on web-scale text

ÅEmergent abilities: Capabilities that appear at scale, such as in-context 
learning, reasoning, and complex coding.

Multimodal Large Models

ÅSupport text, image, audio, and video

ÅMoving towards understanding the world like humans do
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LargeModels
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GenerativeAI:BeyondText

ÅImage Generation: Diffusion models create high-fidelity visuals.

ÅVideo Generation: Progressing towards world modeling.

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

7.5 yearsof GANprogresson face generation Text-to-image generation with Qwen-Image

џ ЮőŔŊő-fidelity, ultra-detailed portrait of a 
young woman from the Han Dynasty ( ), 
standing gracefully in a classical Chinese 
ŊċƖĬĲŰЮĬƨƖŔŰŊЮĲċƖũǃЮůŸƖŰŔŰŊдѠ
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Text/Image-to-VideoGeneration

љ runningĬŸŊЮњ VideoGenerative
Model

љ runningĬŸŊЮњ
VideoGenerative

Model


