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National Taipei University

Week Date Subject/Topics

1 2025/09/09 Introduction to Artificial Intelligence

2 2025/09/16 Artificial Intelligence and Intelligent Agents;
Problem Solving

3 2025/09/23 Knowledge, Reasoning and Knowledge Representation;
Uncertain Knowledge and Reasoning

4 2025/09/30 Case Study on Artificial Intelligence |

52025/10/07 Machine Learning: Supervised and Unsupervised Learning;
The Theory of Learning and Ensemble Learning



Syllabus e

Week Date Subject/Topics

6 2025/10/14 NVIDIA Fundamentals of Deep Learning I:
Deep Learning; Neural Networks

7 2025/10/21 NVIDIA Fundamentals of Deep Learning Il:
Convolutional Neural Networks;
Data Augmentation and Deployment

8 2025/10/28 Self-Learning
9 2025/11/04 Midterm Project Report

10 2025/11/11 NVIDIA Fundamentals of Deep Learning lll:
Pre-trained Models; Natural Language Processing



Syllabus G

National Taipei University

Week Date Subject/Topics

11 2025/11/18 Case Study on Artificial Intelligence Il

12 2025/11/25 Computer Vision and Robotics

13 2025/12/02 Generative Al, Agentic Al, and Physical Al

14 2025/12/09 Philosophy and Ethics of Al and the Future of Al
15 2025/12/16 Final Project Report |

16 2025/12/23 Final Project Report I



Generative Al,
Agentic Al,
and Physical Al




Outline

*Generative Al
* Agentic Al
* Physical Al (Robotics)



Generative Al, Agentic Al, Physical Al

Perception Al

Speech recognition

Deep recommender systems
2012 AlexNet === Medical imaging

Deep learning breakthrough

Generative Al

Digital marketing
Content creation

/

f

Physical Al

Self-driving cars
General robotics

Agentic Al

Coding assistants
Customer service
Patient care

d

y 4



Generative Al, Agentic Al, Physical Al

New Economic

Paradigm Shift:
From Creation
to Execution

Physical Al

(Actuation)
Real-world
Interaction & Execution

Autonomous
Synergy

Agentic Al
(Orchestration)
Workflow &
Decision
Automatio

Generative Al

(Creation)
Content & Idea
Synthesis




Stuart Russell and Peter Norvig (2020),
Artificial Intelligence: A Modern Approach,

4th Edition, Pearson

Russell EAFTicIal Intelligence
Norvig A Modern Approach

P Fourth Edition

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
https://www.amazon.com/Artificial-Intelligence-A-Modern-Approach/dp/0134610997/
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Artificial Intelligence:
A Modern Approach

. Artificial Intelligence

. Problem Solving

. Knowledge and Reasoning

. Uncertain Knowledge and Reasoning

. Machine Learning

. Communicating, Perceiving, and Acting
. Philosophy and Ethics of Al
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Artificial Intelligence:
Communicating,
perceiving,
and acting

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson



Artificial Intelligence:
6. Communicating, Perceiving, and Acting

* Natural Language Processing
* Deep Learning for Natural Language Processing
* Computer Vision

* Robotics
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Reinforcement Learning (DL)

Agent

{ EnvironmentJ




Reinforcement Learning (DL)

1 observation 2 action
Agent

3 reward T

Environment
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Reinforcement Learning (DL)

Agent

0,
3 reward TRt

Environment

1 observation 2 action
A

t
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Agents interact with environments
through sensors and actuators

/Px gent Sensors s

' Percepts

?

' Actions

\ Actuators -

JUSWIUOITAUH




Al Acting Humanly:

The Turing Test Approach
(Alan Turing, 1950)

* Knowledge Representation
* Automated Reasoning
* Machine Learning (ML)
* Deep Learning (DL)
 Computer Vision (Image, Video)
* Natural Language Processing (NLP)
* Robotics

SSSSSS : Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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4 Approaches of Al

3.
2. N .
Thinking Humanly: Thinking Rationally:
.. The “Laws of Thought”
The Cognitive Approach
Modeling Approach
1. A,
Acting Humanly: Acting Rationally:
The Turing Test The Rational Agent
Approach us Approach

SSSSSS : Stuart Russell and Peter Norvig (2020), Artificia

IIIIIII igence: A Modern Approach, 4th Edition, Pearson
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Thomas R. Caldwell (2025),
The Agentic Al Bible:

The Complete and Up-to-Date Guide to Design, Build, and Scale Goal-Driven,
LLM-Powered Agents that Think, Execute and Evolve,
Independently published

%

THE AGENTIC

A BIBLE

6%

ENVIRONMENT I PLANNING

v
B - ) - B
f Al AGENT N @OOLS
® ! &)
GOALS OTHER Al AGENTS

MEMORY

STAY AHEAD, BECOME IRREPLACEABLE.

Thomas R, Caldwell
https://www.amazon.com/Agentic-Bible-Up-Date-Goal-Driven/dp/BOFL21R86Q
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xxxxxxx

Generative Al-Driven
ESG Report
Generation Technology

Industrial Technology Research Institute (ITRI),
Fintech and Green Finance Center (FGFC, NTPU),
NTPU-113A513E01, 2024/03/01~2024/12/31



Innovative Agentic Al
Technology for
Autonomous ESG Report
Generation

Industrial Technology Research Institute (ITRI),
Fintech and Green Finance Center (FGFC, NTPU),
NTPU-114A513E01, 2025/03/01~2025/12/31
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Al, ML, DL, Generative Al

ML

DL

Al

GAl

ASR/
NLP

Artificial Intelligence

Machine Learning

Automatic Speech Recognition,

Natural Language Processing

Generative Al
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Generative Al

Computing

Generative Al

Data Algorithms



From Generative Al to Agentic Al

Generative Al
Prompt
ee 9 e /
QO XXX X o’@
90 CX o ® 6 /’é p %
> €85 (o) Reinforcement Learnin
P S5 &
" 1 Output Input
romp Promp‘t Tools’ Memory State Reward
Reasoning ° ’ ’ e X X N J 512512 =
(Planning, WS X EE X XXX : §[_h= T
Reflection) é : : : : > é : :: : > ﬂﬁ An
® e o 2 %
e.g. ain-of-thought oS -
Stflf‘-l(‘{::ﬁne T, Action
Output Outp ut e.g., Toolformer, RAG
Agentic Al
Input
@ Tools, Memory State, Reward
(¥ Reasoning 2229 sizz| [=
o (Planning, XXX = |§= i
Definition Reflection) o (=D B
(Profile, Goals, — 6o '
Constraints) “ETonTe - -
Action
Output
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Generative Al

Text, Image, Video, Audio
Applications



Generative Al (Gen Al)
Al Generated Content (AIGC)

Unimodal
( Data J
i Pre-train .
\/ \ Once upon a time,
Please write a Prompt . Decode there was a cat
Jessy....
Multimodal
D.escribe this ( Instruction I, [ Data J Result R, ] This is a cat.
v picture. %o I
% i Pre-train -
Draw a picture . . Prompt _ ,[
of a cat. (Unstruction I, } Generative Al Models Ll
|\
Q@&Q 4

write a song ( Instruction I, Result R, ) '|II||'|'

about a cat.
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Generative Al (Gen Al)
Al Generated Content (AIGC)

Unimodal
( Data J
i Pre-train .
\/ \ Once upon a time,
Please write a Prompt . Decode there was a cat
Jessy....
Multimodal
D.escribe this ( Instruction I, [ Data J Result R, ] This is a cat.
v picture. %o I
% i Pre-train -
Draw a picture . . Prompt _ ,[
of a cat. (Unstruction I, } Generative Al Models Ll
|\
Q@&Q 4

write a song ( Instruction I, Result R, ) '|II||'|'

about a cat.
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Modular Modalities

Where Can The Transformer it?

ANIMATION

MOLECULE

PROTEIN

PROTEIN

MOLECULE

ANIMATION
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The history of Generative Al

Unimodal- CV & NLP

in CV, NLP and VL

CV cv
LE BiGAN
VAE RevNet
Flow ENNG NLP
I I
ELMO
NLP NLP I NLP I =
N-Gram LSTM/GRU | Transformer : GPT-2
| | : i |
| | I
ot+o—o0—b—1F00—90 |
2014I 2016 | 2018
I I |
I I |
Show-Tell ) StyleNet CAVP
StackGAN DMGAN
VL VQ-VAE
VL
VL

Multimodal - Vision Language

Cv

StyleGAN
BigBiGAN

Visual BERT
VILBERT
UNITER

VL

CvV
DDPM
ViT
NLP MoCo
GPT-3 NLP
OPT |
BART I Sparrow
I [
I I I
I
I
I
DALL-E
BLIP2
DALL-E 2
VL
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Categories of Vision Generative Models

Real Data N
Space AN Real
Discriminator
D(x) NEqk
Generator 2| A s
Z > G(2) P X
(1) Generative adversarial networks
Flow Inverse
X > Z —> _ o
f(x) (2

(3) Normalizing flows

o Encoder = Decoder
qq (z|x) pe(x|2)

(2) Variational autoencoders

Forward: q(x;|x;-1)

"
> > > B> > >
Xo X1 © X1 X z
oo ¢ <o & < &
S

Reverse: p(x¢—1|x¢)

(4) Diffusion models
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The General Structure of i
Generative Vision Language

-----------------

Encoder-
Decoder

— [ Encoder J—’ :_

> ‘ VL Pre-trained
To-text 3 Encoders

“Generate a [ VL Pre-trained

To-image cartoon cat.” Encoders

Representation

Representation

—_—

Representation

—_—

—|

.....................

Output

— [ Decoder ] —

Transformer —+ “This is a cat.”
Decoders

p—q
Vision Decoders e N
(GANSs, Diffusions)

31



Transformer Models
Transformer

Encoder Decoder

|

DistilBERT TS5
|

BART
|

M2M-100
I

ALBERT BigBird GPT-Neo

|
ELECTRA mTO

21 ANE

BLOOMZ

DeBERTa ChatGPT
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Large Language Models (LLMs)

Orca MAELULW Vicuna

LLaMA Falcon Guerilla Jurassic-2 Claude Red Pajama

GPT-4

ChatGPT  ___[FlanPalM]) [OPT-ML] Anthropic  BLOOMZ
Lidinerva Gallactica
(PalM |1 GPT-NeoX s BLOOM
InstructGPT [ | aMDA - ' Chinchilla alm
Google
CodeX GLaM | MT-NLG ePT-J = . AnthropicLM M
GPT-Neo Jurassic-1 OpenAl
ElutherAl
Anthropic
GPT-3 w2
DeepMind
BigScience
GPT-2 XLNet Microsoft-
NVIDIA
YCombinator
GPT-1 Startups

Universities



Four Paradigms in NLP (LM)

Paradigm Engineering Task Relation
CLS TAG
a. Fully Supervised Learning ieatli;zr didentitv. part-of-soeech H
(Non-Neural Network) & P P ’
sentence length)
| |GEN
CLS TAG
b. Fully Supervised Learning Architecture , 0 w [
N | Network (e.g. convolutional, recurrent,
(Neural Network) sell-allenlional)
| |GEN
Transfer Learning: Pre-training, Fine-Tuning (FT) CLS TAG
Objective . .M &
c. Pre-train, Fine-tune (e.g. masked language modeling, next N1
sentence prediction) l
-1 GEN
GAI: Pre-train, Prompt, and Predict (Prompting) CLS TAG
S
N

d. Pre-train, Prompt, Predict

Prompt (e.g. cloze, prefix)

1

— ~GEN
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Comparison of Generative Al and Traditional Al
Feature Generative Al Traditional Al

Output type New content Classification/Prediction
Creativity  High Low

Interactivity Usually more natural Limited

35



Generative Al

Text, Image, Video, Audio
Applications



The Development of LM-based Dialogue Systems

1) Early Stage (1966 - 2015)
2) The Independent Development of TOD and ODD (2015 - 2019)
3) Fusions of Dialogue Systems (2019 - 2022)
4) LLM-based DS (2022 - Now)

______________________

( : [ ! A A T5 / LaMDA A -
. ALICE ! I | €2 Xiao Mi G riaN &) eLM
. ASK | * | o9
T - | ’ | | Duer BLOOM o~ PalLM / UL2 / Flan-
I'lil Eliza: ALICE | (U siri” | Seq2Seq | @ O 7 T5/ Flan-PaLM
N e et e e ’ NS T ’ ' Di D
[ TRE0Ne 2ane  CPM-2 (0X) OPT / Galatica @ —
2016 | - 2019 2020 | - | e

2015 12016-2018 2021 2022 2023
A\ | Anthropic L 5

________________ " o el Chinchill =+ ChatGLM
 Prm— ' WATSON Xiaoice G Google Assistant G BERT G Meena / S:acrrlov:

¢ %’.'.Ei":u:.ﬂf.wmwu ! ====7E mm Microsoft a Alexa Price @ GPT (X) Blender W InstructGPT s

! e P -a / ChatGPT
| GUuUS : * @ GPTog | #owe =208 a <7 Bard
STt S | Y £2 PLUG v * v 0Q LLaMA
- — P —————————— e P ———————————————— — >
Early Stage: TOD Seq2Seq TOD and ODD PLM Different Fusions LLM LLM-based DS

Task-oriented DS (TOD), Open-domain DS (ODD)
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Multimodal Large Language Models (MLLM)

________________ et
Image Text
: A [\
. Text é — > —>
Audio I
"”'""i L LLM -|||||-|-
. Video : E :.i
@ —> ZA::;:Z): Connector . Generator @
Aol . o
: 1] .
4 - 1 ~
. || i o
Multimodall LLM | HE NN | L
Three types of connectors: | ' — @il | « 4 | MH-Attn
. : — A | AQ AK AV
1. projection-based | 1 HE Q-Former | A—“
B MLP o | | | >
2. query-based o 1 I v X B
3. fusion-based connectors [ ) (Ml E s L ) :
| S C
I Learnable queries | o .
. I I J
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COICTEN]

buipugjsiapun

gleq

Multimodal Large Language Model (MLLM) G

CE T

for Vision Question Answering

-@' Conventional Deep Learning Q‘?’ Multimodal Large Language Model

[ [

: : [ 1
g ! . . 1

: Conventional One-hop Multi-hop 1 : Chain-of-thought LLM-aided & Multi-agent 1
1 1

: I : [ Action ] [ Memory ] :
1 [ SPARQL queries SPARQL, Memory, P Think Step by step i
: Dense Passage Graph, 1 : Step 1: Think xxxx : 1
. - 1

I [ e Retrieval (DPR), Implicit, ... : I Step 2: Consider LLM Control Center -
: ...... il XXXXX 1
[ 1

I : B ([ a s I
I ) " i Step n: Check xxxx A I
: Entlty-based Extraction Feature—based Extraction |,: Agent Agent Bent !
1 1

Q Conventional Deep Learning @M ultimodal Large Language Model

- 1, 1
I L 1
1 1 1
: Deep learning GNN-based Transformer : : Instruction p In-context :
. . rompt > ;
: Concat ] ( Add & Norm | . tuning Learning |
* 1, ¢ 1
: T T [ Feed Forward ] 1, ¢ 1
] t 1 1 1
LSTM H LSTM i & ) -
' f (_addanom J—ii @ uM & gl . | [
1 1 1 = 1
I [ Concat [ Multi-head self-att ] : 1 :
[ | 1
! ! EE—— A 3 - : Image-Text Alignment :
i o i = e e " 1y 1
. 1 1
; 1, 1
I I 1

Image Encoder Text Query

What is the person doing? " -l||||-l-

A. Eating. B. Sleeping.

C. Dancing. D. Singing. Video Rudic
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Large Language Models (LLM) G

° ° ° CE T
Three typical learning paradigms
4 p 4 h
A) Pretrain-finetune
(A) > Flntetu:; on I Infetrer:(c: on
« Typically requires many s as
task-specific examples \_ ) \_ Y,
* One specialized model
for each task
N\ 4 )
Pretrained | (B) Prompting ,| Inference on
LM Few-shot prompting / prompt engineering L
/ o J
4 N )
(C) Instruction tuning Instruction-tune on > Inference on
Model learns to perform many tasks: B, C, D, ... unseen task A

many tasks via natural \_ J L )
language instructions
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Conversational Al

to deliver contextual and personal experience to users

Automated Speech
Recognition
: 1 Sure, | need your
Hi, | need :0 | ID to check the
access a_wr ua » acCcess
meeting. DlalOg Natual L?nguage permission?
P Management _, Generation
s Forming Response  Offering response

Natual Language
Understanding J

; ; ; t ;

Machine Learning and Deep Neural Networks

41



Technological Integration for Multimodal Al

Video content analysis
Video captioning

Video indexing @ cG»)){_:]
—[Ed
]

Video Audio
Multimodal
Al
LO®
@ Human
computer Image

interactions
(@7

Facial expression

=
Touch sensing N

Biometric recognition

Speech recognition
Audio captioning

Content-based audio retrieval

Al

Visual recognition
Image captioning
Image based search
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AutoDev: Automated Al-Driven Development

Rules & Actions O
Tools Library User N
Objective
File Editing % Conversation Manager

Multi-Agents

Eval Environment

Retrieval Q Conversation @ —

Agent i
o 1 Scheduler ,:',_é_é,
State O/ g Build & {0}
S Execution

b

Repository @ Testing gg § §
-*docker

SECURITY rganizer
%

(ANl
xx<<

Source: Tufano, Michele, Anisha Agarwal, Jinu Jang, Roshanak Zilouchian Moghaddam, and Neel Sundaresan. (2024) "AutoDev: Automated Al-Driven Development." arXiv preprint arXiv:2403.08299 (2024). 43



Framework for Implementing Generative Al
Services using RAG Model

Orchestration Framework

s W 4’ LangChain ~

. chroma Predefined 4 \
PDF O System Prompt ©openAr
TXT, 5
WebURL, Vector | . ,l 5—_" B P o LLM
Youtube Database =
Relevant
N /2 T R S SR v S N O chunks \ GPT4All
Source Data GPT4AIl Search
Smaller chunks T —— R OIS :
. 5 . u |
. CMbeddings' s “Answer
@ 0openAl T

Data Data Splitting . Vector Prompt & .
Gathering > Extraction > e >Embeddlngs > Stors >Search >Generatlor>
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Agentic Al



Al Agents
Al Agents

2 X

Autonomy  Task-Specificity = Reactivity

Minimal human Narrow, well- Responding
intervention defined tasks to changes



Latest Al news?

L_,

Al Agents

é Al Agent

( Al news B

Tech company
unveils...

~

WWW

NEWS

ications and challenges." arXiv preprint arXiv:2505.10468 (2025
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Comparison of Generative Al
and Traditional Al

Feature Generative Al Traditional Al

Output type New content Classification/Prediction
Creativity  High Low

Interactivity Usually more natural Limited
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Al Agent / Agentic Al, Generative Al, Traditional Al

m Al Agent / Agentic Al Generative Al Traditional Al

Core Concept

Primary Function

Key Characteristic

To autonomously perceive its

environment, make decisions, and

take actions to achieve specific
goals.

Action & Goal Achievement.
Executes a series of tasks to

complete an objective (e.g., "Book
me a flight to Taipei next Tuesday.").

Based on a continuous loop:

Perceive -> Plan -> Act. It reasons
about its goal, breaks it down, and

executes steps.

Autonomous & Goal-Oriented.
Proactively takes steps and can
adapt its plan based on new
information.

To create new, original content
(text, images, code, etc.) that
resembles its training data.

Creation & Synthesis. Creates
novel outputs in response to a
prompt (e.g., "Write a poem
about rain.").

Based on probabilistic patterns
learned from massive,
unstructured datasets. It
predicts the next most likely
word, pixel, or note.

Creative & Probabilistic. Can
produce a wide variety of
unique outputs from the same
prompt.

To execute specific tasks
based on pre-programmed
rules or statistical patterns.

Classification & Prediction.
Answers questions with a
known range of outcomes
(e.g., "Is this spam?").

Based on explicitly
programmed logic (if-then
rules) or learned patterns
from structured data.

Deterministic & Logic-Based.
Given the same input, it will
almost always produce the
same output.

49



Al Agent / Agentic Al, Generative Al, Traditional Al
Feature | AlAgent/AgenticAl | GenerativeAl | Traditional Al

Proactive & Interactive. Actively = Responsive. Engagesin a
observes its environment (digital dialogue or responds to a
or physical) and takes actionsto  user's prompt to generate

Reactive. Responds to a
direct input or query. It
doesn't act on its own.

change it. content.

Architectural frameworks like Large Language Models (LLMs) Expert systems, decision
ReAct (Reason + Act), and systems like GPT-4, Diffusion Models trees, linear regression,
that combine LLMs with tools and (for images), Generative traditional machine learning
memory. Adversarial Networks (GANs). (ML) models.

Self-driving cars, autonomous ChatGPT, Google Gemini, Spam filters, chess engines,
trading bots, smart assistants that Midjourney (image recommendation systems
manage calendars, customer generation), Copilot (code (e.g., Netflix), credit scoring,
service agents that process generation), music medical diagnosis from
refunds. composition. scans.

An architecture or system that L The foundation for modern

reasoning engine for an Al
Agent, enabling it to
understand, plan, and
generate actions.

often uses Generative Al to reason
and Traditional Al for specific sub-
tasks to accomplish a goal.

Al. Its techniques can be
components within larger Al
systems.




Al Agents vs Agentic Al

Feature

Definition

Autonomy Level

Task Complexity
Collaboration

Learning and Adaptation

Applications

Al Agents Agentic Al

Autonomous software programs that Systems of multiple Al agents
perform specific tasks. collaborating to achieve complex goals.

Broad level of autonomy with the ability to
High autonomy within specific tasks. manage multi-step, complex tasks and
systems.

Handle complex, multi-step tasks requiring

Typically handle singl ifi ks. L
ypically handle single, specific tasks coordination.

Involve multi-agent information sharing,

Operate independently. . .
P P Y collaboration and cooperation.

Learn and adapt within their specific Learn and adapt across a wider range of
domain. tasks and environments.

Supply chain management, business
process optimization, virtual project
managers.

Customer service chatbots, virtual
assistants, automated workflows.



Al Agents vs Agentic Al

Al Agents

©,

Perception

)

7

)

Reasoning
\

7

€3

Action

N

Architectural

Evolution

.

”

Agentic Al

oL o
;TS 4

Specialized Advanced
Agents Reasoning &
Multi-Agent Planning

Collaboration

=

Persistent
Memory
Shared Context

Task-Decomposition

Orchestration
System Coordination
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Al Agents and

Large Multimodal Agents
(LMAS)




2017

2018

2019

2020

2021

2022

2023

2024

2025

Generative Al LLMs (2017-2025)

Key Organizations

.Transformer (Google)
"Attention Is All You Need"

GPT-1 (OpenAl)
"Improving Language Understanding by Generative Pre-Training"

BERT (Google)

"Pre-training of Deep Bidirectional Transformers"

GPT-2 (OpenAl)
"Language Models are Unsupervised Mul%ammlLM (NVIDIA)

"Training Multi-Billion Parameter Models"

® T5 (Google)
"Unified Text-to-Text Transformer"

GPT-3 (OpenAl)
"Language models are few-shot learners"

LaMDA (Google)
"Language Models for Dialog Applications" FLAN (Google)
"Finetuned Language Models are Zero-Shot Learners"

PaLM (Google)

‘"Scaling Language Modeling with Pathways" . .
® InstructGPT (OpenAl) BLOOM (BigScience)
"Training language models to follow instrai'mB-Parameter Open-Access Multilingual Model"
.OPT (Meta)
’LLaMA (Meta) "Open Pre-trained Transformer Language Models"
SPPoaOpERRT) "oundation Language Mpigfia 2 (Meta)
"'GPT-4 Technical Report" "Open Foundation and Fine-Tuned Chat Models"
.Mlstral 7B (Mistral Al)
® LLaMA 3 (Meta) .OidadEGMropid)ts model"
"The Llama 3 Herd of Models" "Opus, Sonnet, and Haiku models"
.Gemma (Google) .Gemml (Google)
"Open-weights, state-of-the-art models" "Google's largest and most capable Al model"
Qwen2.5 (Alibaba)
DeepSeek-R1 (DeepSeek) ‘Grok 3 (xAl)
"Incentivizing Reasoning Capability" "Advanced reasoning and multimodal capabilities"
Claude 3.7 (Anthropic) .Gemma 3 (Google)
"Claude 3.7 Sonnet and Claude Code" "The most capable lightweight open model"

@® Google @ XxAl

@® OpenAl @ Anthropic
® Meta @ NVIDIA

@® Mistral Al @® BigScience
D Alibaba

Key Milestones

2017:

2018:
2020:
2022:
2023:
2024:

2025:

Transformer architecture

First-gen GPT, BERT

GPT-3 (175B parameters)

Emergent abilities, instruction tuning
GPT-4, multimodal models
Open-weights race, Mamba2
DeepSeek-R1, Grok 3

Claude 3.7, Gemma 3
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LLM-powered Multimodal Agents
Large Multimodal Agents (LMAs)

Nov Mar May Jun Sep Oct Nov Jan
| | 5 | | | i ‘, . wmps |
| AudioGPT | M3 ControlLLM | —_ Dri'iyer MemoD:r0|d
| | MM-REACT | AutoDroid MusicAgenq  Chameleon | ; DroidBot-GPT
| | ChatVideo | | | AVIS ‘Openagents | : | MLLM:-Tool

Visual{Programming :GPT4Tools | i i i LLaVAtPlus :EMMA DLAH

: ; 'HuggingGPT i Octopus| ‘ MM-Navigator |STEVE !
| | ; | : DEPS | WebWISE : | | Mulan
' : ViperGPT i i AssistGPT i GRID | DDCoT Role of ECOT | AppAgent : :
: 'Visual ChatGPT ; Auto+Ul | Cola LLaVAtInteractive{ JARVIS-1 | Mobile-Agent
| | | | DiscussNav | i : | 0OS-Copilo
, 12 | : : ! : ' LA ' B
- (@ Ko ® o A ¢ R N :

QoY © we' N\"N W ik e® ot o oV WO \o©
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Large Language Model (LLM) based Agents

[ Perception }

[ Environment J

Look at the sky,
do you think it
will rain tomorrow?

=
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- .

If so, give the
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)
i

Reasoning from
the current weather
conditions and the

eather reports on

Action |

the internet, it is -ent
likely to rain Ag
tomorrow. Here is 2 |
your umbrella. \

()6

M| 5E

—~

Calling API ...

{ Embodiment |

Lo¥ -

Brain
Storage
Memory ! Knpwledge
1

e 1 —
G SO =
g *
[_‘ A A
_gCSummary Recall Learn| |Retrieve
— A4 v
§ Decision Making
L .
&) Planning

=)
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LLM-based Agents

* Definition: Al agents that use Large Language Models as their
core decision-making mechanism

* Key Features:
* Natural language interface
* Vast knowledge base
* Ability to understand context and nuance

* Generalize to new tasks with minimal additional training
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LLM-based Agents

Agents

Memory

> @[ &
Feed back

Short-term  Long-term ) )
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Q Environment
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2
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%
>
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On)
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Large Multimodal Agents (LMA)
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Large Multimodal Agents (LMA)
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Agentic Al Cloud Architecture

Microservices and Serverless Architecture

Containers (Docker, Kubernetes)
Serverless platforms (AWS Lambda, Google Cloud Functions)

APIs and Tooling Integration via MCP

Agents access tools (e.g., databases, APls, CRMs, payment gateways)
using Model Context Protocol (MCP)
Enhances tool-using behavior of LLM agents

Tools and Frameworks
LangChain, AutoGen, CrewAl: for orchestrating LLM agents
Anthropic’s MCP, Google’s A2A: communication protocols
Vector DBs (Pinecone, Weaviate): for agent memory
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Agent2Agent Protocol (A2A)

An open protocol enabling Agent-to-Agent interoperability,
bridging the gap between opaque agentic systems

Remote Agent

End-User Client

https://google.github.io/A2A/
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https://google.github.io/A2A/

User

Web
Browser

A2A Demo Web App
Agents talking to other agents over A2A

Remote 2>
Agent 3 ®

i Front- Host Remote Q» |

i end Agent Agent 3 »

i Remote 2> |
Agent 3> |

i Demo App (mesop, Google ADK)

https://github.com/google/A2A/blob/main/demo/README.md

x |

< g LangGraph E

< 0 Agent |

s |

N emeeee————— |
| < & Google i
#»ﬁ 2 ADK !
5 »  Agent 5
o Crew Al :
[ rew ]
! 25 Agent E
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https://github.com/google/A2A/blob/main/demo/README.md

AZA {g? Agent

(Agent2Agent

Protocol)
for agent-agent Local Agents
collaboration

,‘g, Agent

Local Agents

PR e

[ LLM

[ Vertex Al (Gemini API, 3P) }

Agent Development Kit Agent Framework

sallepunoq [eoibojouyoa) Jo jeuoneziuebiQ

(ADK)

MCP * *
(Model Context __Mcp - Mer.
Protocol) - \ : v
for tools and APIs & Enterprise APls & Enterprise

Applications Applications

resources

https://google.github.io/A2A/



https://google.github.io/A2A/

Google A2A (Agent2Agent Protocol)

Seamless Agent
Collaboration

Simplifies Enterprise
Agent Integration

Supports Key
Enterprise Requirements

Google
Agent
o =o -3}
Other
Agent
A
\\§_° | © =o
-
Secure Task and ux Capability
collaboration state mgmt negotiation discovery

https://google.github.io/A2A/



https://google.github.io/A2A/

MCP (Model Context Protocol)

.

MCP is a open
protocol that
standardizes how
applications
provide context to
LLMs.

MCP: USB-C port

for Al applications.

Your Computer

MCP Protocol—» MCP Server A

J Local

~

Host with MCP Client

<«—MCP Protocol—»| MCP Server B
(Claude, IDEs, Tools)

<% »

Data Source A

Local
Data Source B

A

>

S

MCP Protocol—» MCP Server C

https://modelcontextprotocol.io/introduction

<+—\\eb APIs

Internet

Remote
Service C
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https://modelcontextprotocol.io/introduction

MCP and A2A

* MCP (Model Context Protocol) for tools and resources

* Connect agents to tools, APIs, and resources with structured
inputs/outputs.

* Google ADK supports MCP tools. Enabling wide range of MCP
servers to be used with agents.

* A2A (Agent2Agent Protocol) for agent-agent collaboration

* Dynamic, multimodal communication between different
agents without sharing memory, resources, and tools

* Open standard driven by community.
* Samples available using Google ADK, LangGraph, Crew.Al

https://google.github.io/A2A/



https://google.github.io/A2A/

Agentic
applications
require both

A2A and MCP

A2A allows agents to
connect with other agents
and collaborate in teams.

MCP provides agents with
access to tools

£ N
Agent2Agent Protocol layaet Baant
r D
Agent2Agent ‘:
Source Agent Protocol b >
r w . \ 4@»
S| - O -
€ - — — o < - — — 5
— == @
- J
< J
(" )
Model Context Protocol Tools
e N
Model context e
Source Agent Protocol (MCP) o
@ N s \ P
1 — e AR @VtDG
Q_J ector
u_ e
Jjoin.DailyDoseofDS.com Wl o)

https://blog.dailydoseofds.com/p/a-visual-guide-to-agent2agent-a2a
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MCP and A2A Protocol for Al Agents

MCP Host

Prompts

R _ _Discovery via
esources Agent Cards
1

Tools

https://blog.dailydoseofds.com/p/a-visual-guide-to-agent2agent-a2a
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Agentic Al System with Microservices Architecture

Client Applications

Key Components: (Web, Mobile, Enterprise Systems) Microservices Benefits:
+ MCP: Model Context Protocol * Independent Scaling
« A2A: Agent-to-Agent Communication » Technology Flexibility
* RAG: Retrieval-Augmented Generation « Fault Isolation
LLM: L L. ; Model APl Gateway Conti Depl t
. . Large Language iode! « Continuous Deploymen
ge -anguag (RESTful APIs, Load Balancing, Authentication) ploy

Service Mesh

Orchestration Layer
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S
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: I
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| \ 4 :
) | e ) l )
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m
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[ Deployment Infrastructure: Kubernetes, Docker, Service Mesh, CI/CD Pipeline J




MCP (Model Context Protocol)

( v [
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e o) . {  MceClent o= [ qtslack
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® ? Approval ' ’f
ffO?::‘;OB MCP
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User ~ foem] Search
MCP Host =
’ : @

Source : Houssem Eddine Lassoue d (2025), How MCP and A2A Protocols Are Revolutionizing Al Agent Development, https://medium.com/@houssemeddinelassoued/



A2A (Agent2Agent Protocol)
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Query -(_'D—.—)-

Result ¢(6)—
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Al Agent |
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Framework

Google ADK
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4 Gemini2.5Pro
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Source: Houssem Eddine Lassoued (2025), How MCP and A2A Protocols Are Revolutionizing Al Agent Development, https://medium.com/@houssemeddinelassoued/
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Agentic Al and World Model for
Edge General Intelligence

A. Edge General Intelligence C. World Model
Smart home Smart traff ic Smart industry Visual Inspection Brain
@ \Devioe coordination L Memory Knowledge
o &i\ Video analytics Robotic manipulation
. “ O {_ Environment oontrol Production optimization
Recall VA f rLeam
Imagination
B. Workflow of agentic Al What Happens Next? Dynamic modeling
Environment 5 ﬁ% E> I:> @ ﬁ
D @ 2 (oo P prodic
Spvle b Perception
oo congested. W
route should | ake? P = Agentic Al
B N L :
Toxt Image ﬁ 3 Pbnroutes (Cross Domain) ( Planning
' Multimodality . J
1. Multimodality Q ‘ Cognition (Domal G neral)
2. Comprehension |® _ = J @ * Gem|n| ) Generating
Agent Foundallon Model
@ - /Ii (Task-Specmc)
A —a ~,  Decision General
N .Y oot l@ i N ( Reasoning
Q/‘: ’ Icrw-congestion, traffic- <<‘A@ \_Tools: map, internet, cloud data, etc. ) =
i e Comprehension =

| Development |

Capabilities
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Physical Al
(Robotics)




Framework of the Embodied Agent
based on MLMs and WMs
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Embodied Al

Embodied AI: Aligning Cyber Space with Physical World

— /___4___’,4\\ .

Embodied Robots Simulators Embodied Perception Embodied Interaction Embodied Agent
l ! | } 1

Fixed-base Robots, S .
Wheeled &Tracked Robots,  General Simulator, A“;g ‘;,Y‘s“:"GE"P"’;?“"“’ Embodied Queston ~ Embodied Multi-modal

Quadruped Robots Real-Scene based . isual Lroun }ng,. Answering, Foundation Model,

H id Rob ’ Simulator. VESEIR B EINE RO Embodied Grasping Embodied Task Planning

MO, ’ Non-Visual Perception, ’ g
Blomlmetlc Robots,
Sim-to-Real Adaptation
}
Embodied World Model, Data Collection and Training, Embodied Control

Applications Robotics Autonomous Driving Healthcare Domestic Assistance Industrial Automation Search and Rescue
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Embodied Agents

i g (LLM-Planner) | (‘sayPran ) (Roborlamings) (1EO |
LLM+VLM |: (Code as policieSJ [ChatGPT for Robotics) [ RoboGPT j
LLM | a !
Other E[ProgPromptj ( ReAct j E PaLM-E j [ConceptGraph.a [VoxPoserj E % RoboMamba J
[F lLM) é[lnner-Monologue) DEPSJ (SayCanJ (EmbodnedGPTj [RT 2] [ Read ][ RT. H)
'(Translated LM)( RT-1 ] Socratic Models)( RT-X ] [Voyagerj% Socratic Planmngj
Before 2022 2022 | 2023 | 2024 "

MLM: Multimodal Language Model, which directly perceive the world and control the embodiment
VLM: Visual-Language Model with the outer policy models
LLM + VLM: LLM-based agent that perceives the world utilizing the VLM, and LLM

means the Large-Language Model with visual context and outer policy models.
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Boston Dynamics: Spot

Automate sensing and inspection, capture limitless data, and explore
without boundaries.

https://www.bostondynamics.com/spot
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https://www.bostondynamics.com/spot

Boston Dynamics: Atlas
The world’s most dynamic humanoid robot

Atlas is a research
platform designed to
push the limits of
whole-body mobility

https://www.bostondynamics.com/atlas
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Boston Dynamics: Atlas Goes
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Boston Dynamics: Atlas

Y |
S,

> »l o) 022/0:54

#13 ON TRENDING
What's new, Atlas?

https://www.youtube.com/watch?v=fRj3404hN4|
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Humanoid Robot: Sophia

INVEST'.ENT‘ W
INITIATIMERF® v R
‘f\ ‘

Y u r STAENT
i  INITIATIVE

INVESTHAENT

24 b e FUTURE / BT Csaa
INVESTMENT T

bbb oA i\ /i

> Pl o) 1:29/504

https://www.youtube.com/watch?v=S5t6K9iwcdw
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>

Can a robot pass a university entrance exam?
Noriko Arai at TED2017

|deas worth spreading WATCH  DISCOVER

¢ B O

https://www.ted.com/talks/noriko arai can a robot pass a university entrance exam
https://www.youtube.com/watch?v=XQZzZjkPyJ8KU

ATT
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Embodied Robots

(a) Fixed-base Robots (b) Wheeled Robots (c) Tracked Robots
(Franka Emika Panda) (Jackal robot) (iIRobot PackBot)

(d) Quadruped Robots (€) Humanoid Robots
(Boston Dynamics Spot) (Tesla Optimus)

-

-
1

-0
f

(f) Biomimetic Robots 4
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Gemini Robotics:
Bringing Al into the Physical World

Dexterous, general & instructable Vision-Language-Action model Complex dexterous tasks

Open the bottom drawer of the Take out the bottle from the right Put the brown bar in the top
jewelry box. side pocket of the bag. pocket of the lunch bag.

Wrap the wire around the
headphone.

Robotics specific training Adaptation & specialization

[(2] Embodied reasoning [:2] Diverse robot actions ) Dexterous tasks

<4 Gemini 20— — L
Gemini Robotics-ER - [}  Newembodiments

[(3] Advanced reasoning

Advanced embodied reasoning for robotics

3D object detection. 2D object detection.

B i PP A

2D pointing. Grasp point and angle prediction.
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Gemini Robotics Models:
Architecture, Input and Output

Multimodal prompt Gemini Robotics
Given

Environment

O

| =
Cloud B Local action ﬁ
backbone decoder

.
=\
_&. J

and proprioception {proprio}.
Q: What action should the
robot take to {task e.g. close
the laptop}?

S Robot images & state
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World Foundation Model Platform for Physical Al

&

AN
v4

Custom
Dataset

Post-trained
WFM

Pre-trained
WFM

Post-trained
WFM

Post-trained
WFM

Post-trained
WFM
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NVIDIA Cosmos
World Foundation Model Platform for Physical Al

Ground Truth

I

172N
MORE VIDEOS Lh )

P
<

f>» RobotAl

https://research.nvidia.com/labs/dir/cosmos-predictl/
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{Foundation Models in Robotics]

Robotics

w
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Foundation Models in Robotics

—(Robot Policy Learning

—[Robot Transformers

~
Language-Image
Goal-Conditioned

Value Learning
s

j_

b
Language-Conditioned
Imitation Learning

&

e.g., CLIPort (Shridhar et al. 2022), Play-LMP (Lynch et al. 2020),
PerAct (Shridhar et al. 2023), Multi-Context Imitation (Lynch and Sermanet 2021),
=, CACTI (Mandi et al. 2022), Voltron (Karamcheti et al. 2023)

P
Language-Assisted

Reinforcement Learning
N F,

~

—-[e.g., Adaptive Agent (AdA) (Team et al. 2023), Palo et al. (2023)

—
e.g., RT-1 (Brohan et al. 2023a), RT-2 (Zitkovich et al. 2023), RT-X (Padalkar et al. 2023),
PACT (Bonatti et al. 2023), Xiao et al. (2022), Radosavovic et al. (2023),

LATTE (Bucker et al. 2023)

) <

L

~
High-Level

Task Planning
e,

-
LI.M-Based

Code Generation
B

VoxPoser (Huang et al.
LIV (Ma et al. 2023a),
.

—
e.g., R3M (Nair et al. 2022b), SayCan (Brohan et al. 2023b), Inner Monologue (Huang et al. 2022b),

2023c¢c), Mahmoudieh et al. (2022), VIP (Ma et al. 2023b),
LOREL (Nair et al. 2022a)

—(e.g., NL2TL (Chen et al. 2023e), Chen et al. (2023d)

—@erception

-

—
e.g., ProgPrompt (Singh et al. 2023), Code-as-Policy (Liang et al. 2023),
ChatGPT-Robotics (Vemprala et al. 2023)

~
Open-Vocabulary

— Object Detection

and 3D classification
N\

- &
e.g., OWL-ViT (Minderer et al. 2022), GLIP (Li et al. 2022d),

Grounding DINO (Liu et al. 2023c¢), PointCLIP (Zhang et al. 2022a),
PointBERT (Yu et al. 2022), ULIP (Xue et al. 2022, 2023)
-

—
Open-Vocabulary
Semantic Segmentation

3

~
) e.g., LSeg (Li et al. 2022a), Segment Anything (Kirillov et al. 2023),
FastSAM (Zhao et al. 2023), MobileSAM (Zhang et al. 2023a),
Track Anything Model (TAM) (Yang et al. 2023a)

-

~
Open-Vocabulary 3D
Scene Representation
3

~
e.g., CLIP-NERF (Wang et al. 2022), LERF (Kerr et al. 2023),
DFF (Kobayashi et al. 2022)

&

—(Affordances

J—[e.g., Affordance Diffusion (Ye et al. 2023b), VRB (Bahl et al. 2023)

e.g., Huang et al. (2022a), Statler (Yoneda et al. 2023), EmbodiedGPT (Mu et al. 2023),
MineDojo (Fan et al. 2022), VPT (Baker et al. 2022), Kwon et al. (2023),
Voyager (Wang et al. 2023b), ELLM (Du et al. 2023b)
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Vision-Language-Action (VLA) Models for Robotics
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Large VLM-based Vision-Language-Action Models

for Robotic Manipulation
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Large VLM-based Vision-Language-Action Models
for Robotic Manlpulatlon
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Large VLM-based Vision-Language-Action Models
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Large VLM-based Vision-Language-Action Models

for Robotic Manipulation (Timeline)
Monolithic models and Hierarchical Models
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Vision Language Action Models in Robotic Manipulation

Vision Language Action Model

4. VLA Models

4.1. VLA Architecture
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VLA Models

Datasets

—

Vision Language Action (VLA) Models, Datasets
Contributing institutions: Academic (e.g., CMU, CNRS, UC, Peking Uni)

Industrial Labs (e.g., Google, NVIDIA, Microsoft)
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VLA Models and Foundational VLA Datasets
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Timeline of Vision-Language-Action (VLA) Models
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VLA Model Components and Training Paradigms
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Architecture of Sensorimotor Models for VLA
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Transformer Architecture:
Encoder-decoder structure and the internal mechanism of multi-head attention

Multi—-head attention
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Architecture of the ViT
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Architecture of VLM
for Image Captioning and Semantic Understanding
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Architecture of a VLA System for Robotic Manipulation
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Source: Muhayy Ud Din, Waseem Akram, Lyes Saad Saoud, Jan Rosell, and Irfan Hussain. (2025) "Vision language action models in robotic manipulation: A systematic review." arXiv preprint arXiv:2507.10672 (2025). 105



Design Patterns for Incorporating
World Models in VLA

World Model Inverse Dynamic |
World Model

o |
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t t+H

World Model
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(1) Action generation (2) Latent action generation (3) Sensorimotor models with
in world models via world models implicit world models
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Design Patterns for Incorporating
Affordance-based Models in VLA

DDD%

Existing VLMs Human Demonstration Transformer
| |
(1) Affordance prediction and (2) Affordance extraction (3) Integration of sensorimotor models

action generation using VLMs from human datasets and affordance-based models
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Integrating RL with VLA Models

ENV

(2) Using VLAs as high-level policies

(1) Improving VLA using RL and RL for low-level control



Robots Used in VLA Research
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Vision Language Action (VLA) Components
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Large VLM-based Vision-Language-Action Models
Monolithic VLA Models

> )

Monolithic VLA Models
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Large VLM-based Vision-Language-Action Models
Hierarchical VLA Models

Hierarchical VLA Models
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Large VLM-based Vision-Language-Action Models
Paradigms in Monolithic Single-system Models

3.1.1 Classic Paradigm: Autoregressive Decoding 3.1.3 Paradigm Derivations: Inference Efficiency Optimization
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Large VLM-based Vision-Language-Action Models
Paradigms in Monolithic Dual-system Models
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Large VLM-based Vision-Language-Action Models
Hierarchical Models

5.1.1 Program-Based Planner Only
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5.2.1 Keypoint-Based Planner+Policy

5.2.2 Subtask-Based Planner+Policy
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Xy VLM : / i ‘ ‘ can you 1. M:k up plastic . ..-:u:;.--v:'\w’. o skt Hold e i el o Sesiet 60 he P, £|m|~m
s def path_stage2_f1(k): e clean up container : ot fram right o / L """'-
: z_diff = k[1][2])-k[2](2] o o S O : o’ = | F = |
H return abs(z_diff) f 1 Lkl H 3 | [ !
(e.25,%.1, @) E def subgoal_stage2_f1(k): trash;but 5 a
(0.29, 0.3, @) H k[3](2]) += 0.10 not 2. put container in trash | & ! |
0.31, 0.4, 1 e, -~ -k 3. pick up foil tray . PR 1 Pk v the Pk that T up the bay b that Tk e foy bus AW+ Pick Ut e by That
(0.3, 0.5 1 - I —0 L S| Tty | TRRaA | sEemiv | seseebi | cheteir
S, X .‘/ [ P E8 r e ek top right of bo et of b e of bow ! bon
e NG s N i
Instruct2Act (P) HAMSTER (K) : ReKep (K+P) Hi Robot (S) : DexVLA (S)

__2-Relational Keypoint Constraints (ReKep) |

115



Schematic of the Unified VLA Training Data Format
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Benchmarking VLA Datasets
bv Task Complexity and Modality Richness
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Real-World Robot Datasets for VLA Research
| Name | Episodes | Skill | Task | Modality |Embodiment|  Collection |
NA RGB

QT-Opt 580K 1 (Pick) KUKA LBR iiwa Learned

. aropt |

800K 2 12 RGB, L 7 robots Scripted, Learned
162K NA NA RGB 7 robots Scripted
7.2K 4 71 RGB,L  WidowX 250 Teleop
60.1K 13 NA RGB-D,L  WidowX 250 Teleop
26.0K 3 100 RGB,L  Google EDR Teleop
413K 1 (Push) NA RGB, L XArm Teleop
110K 42 147 RGB-D,L,F,A  4robots Teleop
130K 12 700+ RGB,L  Google EDR Teleop
. Ooxe  EEEwY 527 160,266 RGB-D,L 22 robots Mixed
76K 86 NA RGB-D, L Franka Teleop
. Fuse [PV 2 3 RGB, L, T,A  WidowX 250 Teleop
107K 38 479 RGB-D, L 4 robots Teleop
94K 87 217 RGB-D,L  AgiBot G1 Teleop
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Benchmarks for Vision-Language-Action Evaluation

Simulation Environments: Navigation (Nav), Manipulation (Manip), and Whole-Body Control (WBC)

___Name | Task Scenes/Objects Observation| _Physics | Built Upon | _Description |

Manip NA /10

LIBERO Manip  NA/NA

Meta-World Manip 1/80

VSR 4 Nay, WBC 4 / NA

RGB-D, S

RGB

RGB

RGB

Pose

RGB

MuloCo

MuloCo

MuloCo

MuloCo

MuloCo

PhysX

NA

robosuite

robosuite

robosuite

NA

Isaac Sim

Modular
framework, 11
tasks

Offline learning, 8
tasks

100 kitchen tasks,
photorealistic

130 tasks in 4 task
suites

50 Manip tasks for
Meta-RL
Humanoid control
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Benchmarks for Vision-Language-Action Evaluation

Simulation Environments: Navigation (Nav), Manipulation (Manip), and Whole-Body Control (WBC)

___Name | Task __IScenes/Objects| Observation | _Physics | Built Upon | Description _

Manip

Manip

Nav, Manip,
WBC

ManiSkill-HAB Manip

oboTwin

Manip
Manip

IMA-BENCH Manip

LoHoRavens Manip

Manip

NA /162

NA /2.1K

NA / NA

105/ 92

NA /731
NA / NA

NA /29

1/3

4/7

RGB-D, PC, S

RGB-D, PC

RGB-D, PC, S

RGB-D

RGB-D
RGB-D

RGB, S

RGB-D

RGB-D

PhysX

PhysX

PhysX

PhysX

PhysX
PyBullet

PyBullet

PyBullet

PyBullet

SAPIEN

ManiSkill

ManiSkill 2

ManiSkill 3, Habitat
2.0

SAPIEN

NA

Ravens

Ravens

NA

4 tasks, 36K
demos
Extended task
diversity
GPU-parallelized
simulation

HAB tasks from
Habitat 2.0
Dual-arm tasks
10 tabletop tasks
17 multimodal
prompt tasks
Long-horizon
planning
Long-horizon
lang-cond tasks
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Benchmarks for Vision-Language-Action Evaluation

Simulation Environments: Navigation (Nav), Manipulation (Manip), and Whole-Body Control (WBC)

____ Name | Task__|Scenes / Objects | Observation | Physics | Built Upon |  Description |
Habitat  |[\E 185 / NA RGB-D, S Bullet NA Fast, Nav only

Mobile manipulation

Habitat 2.0 Nav, Manip 105 /92 RGB-D Bullet Habitat

(HAB)
Habitat 3.0 Nav, Manip 211/ 18K RGB-D Bullet Habitat 2.0 Human avatars support
RLBench Manip 1/28 RGB-D, S PyBullet V-REP Tiered task difficulty
. 20 tasks, 14 env
HE COLOSSEUM  [\YEIalf¢) 1/107 RGB-D PyBullet RLBench .
variations
, , Object states, task
AI2-THOR Nav, Manip NA /118 RGB-D, S Unity NA ,
planning
HORES Nav 191K / 40K RGB Unity Al2-THOR Shortest-path planning
. SAPIEN, Isaac ) .
SIMPLER Manip 4 /17 RGB PhysX Sim Real-to-sim evaluation
, Distributed real-world
RoboArena Manip NA / NA RGB Real NA

evaluation
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Summary
*Generative Al
* Agentic Al
* Physical Al (Robotics)
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