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I Web

‘The Web does not just connect machines,
It connects people.” —Tim Berners-Lee,

Inventor of the World Wide Web,
ACM A.M. Turing Award Laureate 2016.
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I Web for E-Commence

Web provides a digital platform that enables businesses and consumers to buy
and sell goods and services online through websites and applications.
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} Web for Education

Web facilitates access to learning resources, online courses, and interactive
tools for teaching and knowledge sharing.
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,i!:) Teaching & Learning & Generative Al & e-learning Blog @ HKU Online Learning & MOOCs ~ Z URFP
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HKU Online Learning

MOOCs and Professional Certficate Programs HRNERHES

204 English

Get access to more than 40 Massive Open Online Courses (MOOCs) and 5 Professional Certificate programs on edX and Coursera, 1,482,000+ &8 7,009,000+ articles
offered by the University of Hong Kong. Our innovative MOOCs bring together top academics, industry leaders, and practitioners from
around the world to provide a global learning experience.
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Our MOOCs are also integrated into on-campus courses, leveraging the global learning opportunities to enrich students’ learning E *nu
experiences through MOOC-based blended learning modules, flipped classrooms, and SPOCs (small private online courses).” 1,462,000+ EP$

Learn at your own pace, anytime, anywhere, with bite-sized lessons and interactive activities. Our courses help you bridge knowledge
gaps, upskill in specialized areas, and explore new interests. Join our courses on edX and Coursera now and discover a world of learning Deutsch
opportunities!
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Web for Healthcare

Web supports medical information sharing, telemedicine, patient
management, and access to health-related resources and services.

g drgo Home About DrGo Download DrGo App Features ~ FAQ

o Online Doctor

Consult €Doctor
Anytime Anywhere

-
@ drgO Video consultation

with a doctor on the go

General Practice

Consult a doctor by video on DrGo App

Including General Practice, Specialty and Chinese Medicine

s Chinese Medicine
Services etc
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Practitioner 5 Consult Doctor
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2  Same day prescribed medicine delivery” LUESLITE AT :\imlns
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e Daily service available, even on weekends & public holidays* S 7 % 4/|;|,,Qursf»gxpggs/§W/
: . S . : // Medicine Delivery}”

{&, Consultation fee of General Practice with 3-day prescribed ) ’
(=] medicine from HK$398¢ GP & Chinese Medicine

Practitioner
Online Consultation*

Experience Now“

Prescribed medicine, medical certificate and receipt will be placed in a sealed delivery bag for safeness

Actual delivery time varies depending on the location. Delivery service may be delayed due to busy service. Delivery only applicable to designated locations. DrGo does not in any way guarantee that a medical practitioner / Chinese medicine practitioner will prescribe any medications and/or issue any medical certificates to you after a
consultation. For details, please refer to the “DrGo Terms and Conditions”. *Applicable to General Practice only. Operating hours of DrGo maybe suspended under bad weather conditions or other special circumstances. ‘The actual amount of fee for a video consultation may vary depending on the choice of the General Practioners and will be
specified on DrGo App when you make a booking request.



I Laborious tasks on Web

Despite the importance of the web, many tasks performed on it are repetitive
and time-consuming, negatively impacting overall quality of life.

——

These tasks are
repetitive and
time-consuming.
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] Al Agents for Web

"GPTs and Assistants are precursors to agents. They will gradually be able to
plan and to perform more complex actions on your behalf. These are our first
step toward Al Agents” — Sam Altman

TED deas change everything WATCH D

Create an anime styl

-+ (2 Agent x @ Sources v

o

OpenAl's Sam Altman talks ChatGPT, Al agents and superintelligence — live at TED2025

1,997,406 plays ® | Sam Altman | TED2025 « April 2025 8



| Large Foundations Models (LFMs)
They Are Changing Our Lives!
&) OpenAl Y deepseek N Meta E%Claude {3; Qwen ......

https://github.com/Hannibal046/Awesome-LLM/tree/main



l LFMs in Natural Language Processing

Machine Translation

Input Text

Information Retrieval

Doc 1
Doc 2
Doc 3

Sentiment Analysis

Information Extraction
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Processing
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e )\ Generated Text
. ChatGPT
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Lang uage @ e
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Large Language Models (LLMs)
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] LFMs in Downstream Domains

Education

Chemistry Healthcare

Li, Jiatong, et al.
Liu, Yuyan, et al.

] Molecule discovery, etc.

® ChatGPT
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Phenol

Chemical

Formula: CeHgO

SMILEs Cl1(0O)=CcC=C
String:  C=C1

\
Molecule
Graph:

- = D

(a) Molecule Represen-
tations.

c1(0) cc=cc cc-c1 j

PN " The molecule
‘ E is...[Structure].
. [Pmper*y]

(b) Molecule Caption-
ing.

o7 ' c1(0).cc-cc-c1

The molecule }:> @ g

s [Structure]..
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~
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(a) Molecule Captioning

\

Please show me a description of this molecule: @
CCI =CC=C(C=C1)0C2=CC=CC=C2"

/ \
| The molecule is an aromatic ether in which the |
oxygen is attached to two phenyl substituents. \
It has been found in muscat grapes and vanilla.
It has arole as a plant metabolite.

\_ &,
(b) Text-based Molecule Generation

a4
& O
melp me generate a molecule based on the R @

iven description
F‘he molecule is a quinolinemonocarboxylate that
is the conjugate base of xanthurenic acid,
obtained by deprotonation of the carboxy group.
It has a role as an animal metabolite. It isa

N

iconjugate base of a xanthurenic acid.
‘ C1=CC2=C(C(=C)[O0-]INC(=CC2=0)C(=0)0
{

|
S /

“Empowering molecule discovery for molecule-caption translation with large language models: A chatgpt perspective.” 7KDE, 36.11 (2024): 6071-6083. 11
"Moleculargpt: Open large language model (Ilm) for few-shot molecular property prediction." arXiv preprint arXiv:.2406.12950 (2024).




] LFMs in Downstream Domains
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Zhang, Hongbo, et al. "HuatuoGPT, Towards Taming Language Model to Be a Doctor.” EMNLP, 2023.
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| LFM-Empowered WebAgents

LFMs: WebAgents autonomously complete tasks by
perceiving the environment, reasoning action

) ) sequences, and executing interactions.
> Understanding and Reasoning q : g

Schedul ‘i Okay, I will perform the following steps:
. . chedule a meeTting 1. Open the Email editor.
»Action Generation and with Leon ... 2. Type Leon’s email address ...
Execution | 9 :: 8 S

] I
»Handing Data with Various et ¥ Agem Webpages

»Memory and Context

Perception Planning Reasonmg Execution

Modalities (

& () « -F?f }

Users

14



I A Comprehensive Survey Paper

A Survey of WebAgents: Towards Next-Generation Al Agents for
Web Automation with Large Foundation Models
Liangbo Ning!, Ziran Liang!, Zhuohang Jiang!, Haohao Qu!, Yujuan Ding!,
Wengqi Fan!*, Xiao-yong Wei!, Shanru Lin?, Hui Liu®, Philip S. Yu?, Qing Li!*

IThe Hong Kong Polytechnic University, 2City University of Hong Kong,
3Michigan State University, *University of Illinois at Chicago

https://arxiv.org/pdf/2503.23350

Users

WebAgents
Okay, I will perform the following steps:

1. Open the Email editor.
2. Type Leon's email address into the "To" field.
3. Enter "Weekly Update" into the "Subject" field.
4. Type "Hi Leon, ...." into the email body.

#1 Percepflon

K#Z Planning & Reasoning
[f‘] Task Planning  ---------smsommmomoomooooooos .

E User task  Subtasks
=]
E\H = 5

Explicif Planning

C. Click the "Send" button.

#3 Execution —L =

@ Grounding  -v-ttTttTmotmoomoomoossssossososoooooooooooo -, -_. o

Send an email to Leon with the subject "Weekly Update" and the body: "Hi Leon, here is the weekly report. Let me know if you have any questions.

Survey paper

User task WebAgents !

B8

Implicit Planning

Tutorial website: https://biglemon-ning.github.io/WebAgents/

WebAgen*s Groundmg Module i ~—————\ . Al Reaclive Reasoning
: @ - C°°"d'“°7¢: @ Coordmafe : ' lu Memory Utilization ------------------------- '
l 0.4, 0.6 o 2 :
; [ ] (0.2, 0.5] o Short-Term :
| Direct Grounding Inferential Grounding ,,' L Memory !

Tutorial
on KDD Website (Slides)
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https://arxiv.org/pdf/2503.23350
https://advanced-recommender-systems.github.io/llms_rec_tutorial/
https://advanced-recommender-systems.github.io/llms_rec_tutorial/
https://advanced-recommender-systems.github.io/llms_rec_tutorial/

] Recruitment

1 Our research group are actively recruiting self-motivated Postdoc, Ph.D.
students, and Research Assistants, etc. Visiting scholars, interns, and
self-funded students are also welcome. Send me an email if you are
interested.

\/

% Research areas: machine learning (ML), data mining (DM), artificial intelligence
(Al), deep learning (DNNs), graph neural networks (GNNs), computer vision (CV),
natural language processing (NLP), etc.

¢ Position Details:
https://wengifano3.github.io/openings.html
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https://wenqifan03.github.io/openings.html
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PART 2: Preliminaries of Al Agents and LFM-based WebAgents

O RL-based Agents
O Overview of RL-based Agents
O Deep Reinforcement Learning (DRL)
O Applications and Challenges
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O Applications and Challenges



Preliminaries of Al Agents and LFM-based WebAgents

Al Agents with human-like reasoning and autonomous decision-making capabilities
have revolutionized various domains.

» Reinforcement learning (RL)-based Agents
» LFM-empowered Agents.

Medicine

Finance Education

18
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® RL-based Agents
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O Deep Reinforcement Learning (DRL)
O Applications and Challenges
O LFM-empowered Agents
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O Applications and Challenges
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Reinforcement Learning

1 Q-Learning learns the optimal action-value function by iteratively updating Q-values
based on rewards and future estimates.

T4
Environment

j ReWard
Interpreter
% &

Agent

.

iR

Action

20
Watkins, Christopher JCH, and Peter Dayan. "Q-learning.” Machine learning 8.3 (1992): 279-292.



Reinforcement Learning

 Policy Gradient directly optimizes actions by maximizing expected rewards.

action

PSS EE EE EE EE EE EE EE EE EE EE EE Em Ew Ay,

Environment <

t+1

22
Sutton, Richard S., et al. "Policy gradient methods for reinforcement learning with function approximation.” Advances in neural information processing systems 12 (1999).



| RL-based Agents

d Exploration (Maexp)

Multi-Environment Synchronous Sampling

Policy Training
Multi-Agent Target Generator
mependem Centralized Value L, |
Learning Critic Decomposition | ]
N—
al az L] an a1 a2 L] an Cll a2 ° an
v v v v v v v vV
Agent Critic Central Critic Agent Critic
v VoV v vV oV v o,
v1 vz . 173 vtot v1 172 ° 173 ﬁ
v oy §
.. Value Mixer
Critic v
Vtot /
Action Value
Actor -
(s,a,,5s)

=

Env 1

Samples

=

Environment M

Zhu, Shaohao, et al. "Maexp: A generic platform for rl-based multi-agent exploration.” 2024 IEEE International Conference on Robotics and Automation (ICRA). IEEE, 2024.

Agent State

¢ ; Multi-Agent System 1
[ N N
| n
2
1 .
Action
¢ Agent
:t Framework
Reward v, ’
‘ Map} M apg
Radar Data
Sensor Data
P I 1
— rocessing Map}_[ |

Exploration
1 o*®'% [ Robot
cooe ; ee Obstacles
“”’.’o. 0 Free Space
%° o .
[}
'.::. Invisible Space
g --~-  Rays
— —— Radar range

(b)
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| RL-based Agents

d Management (M3RL)

wm Skill mm Preference

Worker 1 m l‘ H a
T IS I
-B B

e Skill Preference + Bonus

¢
4 0
5
\3
_UJ\

Worker 2 i ?Ll - H

g VO - Tl

™ ™ . B =
Worker 3 li ? / I I Contik
= n i} >
" A B C “ AZBL G ABC Task dependency
(@) Nature of the workers (b) Incomplete information (c) Contract generation
s ®9 b
x /
(sht1 gttt bf“)—»IWorker Policy| Manager Module \ /
Pref. History : . I High-level SR
Mind Tracker (stTH mi, hy |2
-l |m o
— =
218 >
IP)'L T I 8_ 'hz T >3
S o c - 7
= »| O
S c - b
Bonus Policy 1
t t t 1t : 2
S;,Q; /¥ t+1 \
( ir»@is 95> 7,) (SN 7mNath » §

24
Shu, Tianmin, and Yuandong Tian. "M” 3RL: Mind-aware Multi-agent Management Reinforcement Learning." International Conference on Learning Representations, 2019.



| Deep Reinforcement Learning

1 The success of deep learning has led to Deep Reinforcement Learning (DRL),
combining neural networks with reinforcement learning for complex decision-making.

Deep Neural Network Deep Reinforcement Learning

neuron

Deep reinforcement learning (DRL):

ACTION

Agent:

many

connected OBSERVATION

layers of

processing large, complex

environment

REWARD
/ PENALTY

25
Wang, Haozhe, et al. "Data-driven dynamic resource scheduling for network slicing: A deep reinforcement learning approach.” Information Sciences 498 (2019): 106-116.



Deep Reinforcement Learning

(] Deep Q Network

Reward (rt) oot
Agent
Deep Neural Network
Qfs, a)
Optimal Action
£ . £z (a) .
3 Bt - ing Environment
o
Input ) Output
layer Hidden layers layers
St+1

Observe State (s,

Fan, Jianging, et al. "A theoretical analysis of deep Q-learning." Learning for dynamics and control. PMLR, 2020.



| Deep Reinforcement Learning

d Deep Deterministic Policy Gradient

<

\ 4

{ Environme

(St' A, 1%, St+l)

Store

Critic Actor
Critic Optimizer Actor Optimizer
-
Update 69 Q Gradient G'::d'iiym Update 6*
Gradient Onlre Pol
Online Q Network »* annte oklcy
Argument: 99 |« Swore.
a = u(s;) Argument:
A
Vi lSoft Update lSoft Update
Target Q Network p Ta'r\lg;tlvf)‘::(icy
g Q' )
Argument: g o i Argument oH
T l (St» @ 1) Se41)
Sampling

Mini-Batch

N » ..’. >
(s,a,7,S

Lillicrap, Timothy P., et al. "Continuous Control With Deep Reinforcement Learning.” ICLR (2016).

Experience
Replay

Memory
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l Deep Reinforcement Learning Agents

d Game (AIptho)

Rollout policy SL policy network

pit pa 7 P v()

RL policy network Value network

Self-play Positions

Human expert positions

a b c
Selection Expansion Evaluation

e st fei
maN\ 0 + u(P)
# g W L

/N )

¥

(&)

HOMION [BINON

®eq

[
By () M W 21)

A

b
Policy network Value network

pa/p(a|5) Vy(s’)

Lis ‘

& &

Backup

o |
o
o)

|
) | (8 (88

Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search.” nature 529.7587 (2016): 484-489.
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l Deep Reinforcement Learning Agents
1 Game (Playing FPS Games with Deep Reinforcement Learning)

Layer 4
Size 512 Game features
(Size k for k features)

Conv 1 Conv 2
Layer 1 32 filters 64 filters
3 feature maps Shape 8 x 8 Shape 4 x 4 Action scores
Shape 60 x 108 Stride 4 Stride 2 (Size n for n actions)

N

~ [
Layer 3'
Size 4608

Layer 2 Layer 3

32 feature maps 64 feature maps

Shape 14 x 26 Shape 6 x 12

29
Lample, Guillaume, et al. "Playing FPS games with deep reinforcement learning.” Proceedings of the AAAI conference on artificial intelligence. Vol. 31. No. 1. 2017.



Deep Reinforcement Learning Agents

1 Attack (Tactics of Adversarial Attack on Deep Reinforcement Learning Agents)

adversary
unlabeled video

I _ B
training model
video prediction model

possible sequence of actions adversarial example

Environment =

St+1 ‘ (4)

Lin, Yen-Chen, et al. "Tactics of adversarial attack on deep reinforcement learning agents." Proceedings of the 26th International Joint Conference on Artificial Intelligence. 2017.



Applications and Challenges

 Applications U Challenges

» Game (Planning) » Lack of World Knowledge
# > Finance (Decision-making) Q > Lack of Adaptability

ALPHAGO
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PART 2: Preliminaries of Al Agents and LFM-based WebAgents

Website of this tutorial
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® LFM-empowered Agents
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O Applications and Challenges



| Overview of LFM-empowered Agents

4 Large Foundation Models with billion-level parameters have demonstrated
remarkable intelligence characterized by rich intrinsic knowledge.

O

h & @ g

Physical Social Cyber Hybrid Pro-activeness
Requirements for Agent-based Large Language Model
Modeling and Simulation Agents’ Abilities

Gao, Chen, et al. "Large language models empowered agent-based modeling and simulation: A survey and perspectives." Humanities and Social Sciences Communications 11.1 (2024).



Applications and Challenges

d OS (AIOS)

Agent Application [ ﬁ] Travel Agent J [gﬁRec Agent ] { Coding Agent ] [ Math Agent ] [@Narrative Agent ]

A 4

File Operation
Network Request ~Non-LLM Related Queries

Reasoning & Planning

AIOS-Agent SDK :LLM Related Queries{ Tool Parsing

Keyboard/Mouse Code Generation Application Layer

- e Kernel Layer
OS Kernel AIOS Kernel

[ Process Scheduler J‘— AIOS System Call

Y A A

[Memory Manager J‘— (LM ] [ Agent ] [Context} {Memory] [Storage} [ Tool ] [Access )

__Core(s) Scheduler Manager Manager Manager Manager Manager |

Filesystem $

[ Hardware Driver } > OS System Call

A

Hardware Layer

Hardware CPU [ Peripheral Devices ]

Mei, Kai, et al. "Aios: LIm agent operating system." arXiv preprint arXiv:2403.16971 (2024).
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l Applications and Challenges

O Mobility Ge

JIAWEI, WANG, et al. "

Personal Activity
Trajectory Database

=4

Candidate Persona

Candidate
Patterns
Memory
’-
¢ + ,
{ :
1 1
1 i
1 i
Traj. Samples of Traj. Samples of |
Self- 1 Target Resident Other Residents)

Consistency

e -0

neration (LLMob)

Preprocessing

Plan Formulation: Extracting
Patterns from Historical Trajectories
Context: Act as a <Candidate Persona>

During weekday, you usually
<Preprocessed Information>, During
weekend, you usually ....
Instructions: Summarize your daily
routine.

Plan Reflection & Refinement:
Identifying a Self-Consistent Pattern
Now you act as a person with the
following feature: <Candidate Pattern>
Here is a plan for you:
<Sample of Activity Trajectory>
On the scale of 1 to 10, rate how likely
you will follow this plan according to
your routine pattern and explain the
reason.

Rating: <fill in>
Reason:

i[----/l

Identified Pattern

During weekend, | usually
go to the club to satisfy
my need to socialize ..

Phase 1: Self-Consistent Activity Pattern Identification

Personal Activity
Trajectory Database 9

I5;

ooo
os New Query

Retrieved
Activity Trajectory

’—

LLM

o

Motivation

Retrieval

1 Motivation
S Memory

My plan is to go to the
park in the daytime,

have a dinner with my
friends in the evening ... v

Generated
Activity
Trajectory

¥,

Identified Pattern

Memory g0 to the club to satisfy

my need to socialize ...

During weekend, | usually

Plan Reflection & Refinement:
Summarizing a Motivation

Context: Act as a person in an urban
neighborhood. <Identified Pattern>

If you have the following plans:

<Retrieved Activity Trajectory>
Instructions: Try to summarize in one
sentence what generally motivates you for
these plans. Highlight any personal interests
and needs.

Action: Generating Trajectories
Context: Act as a person in an urban
neighborhood. <ldentified Pattern>,
<Motivation>
Think about your daily routine. Then tell me
your plan for today and explain it.

The following are the locations you are likely
to visit: <Preprocessed Information>
Instructions: Response to the prompt above
in json in the following format:

{"plan": [<Location> at <Time>, <Location> at
<Time>,...],"reason":...}

Phase 2: Activity Generation Based on Identified Pattern and Motivation

Large language models as urban residents: An llm agent framework for personal mobility generation.” NeurlPS 37 (2024): 124547-124574.
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Applications and Challenges

J World Model (WorldCoder)

state,

—_— reward,gm

planner

# world_model.py
def update(state, action, goal):

LLM

‘<~’/////A\\\\\\\\~__ return new_state, reward
action

replay
buffer

Tang, Hao, et al. "Worldcoder, a model-based Ilm agent: Building world models by writing code and interacting with the environment.” NeurlPS 37 (2024): 70148-70212.



l Applications and Challenges

d Web Search (CoSearchAgent)

Multi-Party Conversation Stage I: Query Processing Stage II: Result Presentation
B N (Rewri v Rewrite th bascdonthe )| (F - )
@ Bobpmsi ewrite Query Rewrite the query based on the Fetch Retrieval search results relevant to user queries
A My father was diagnosed diabetes II yesterday. conversational context. and extract the text contents from them.
{\ndy » ( Output Tell us SOlTlCthll"lg about diabetes II. Query Tell us treatment about diabetes II.
Sorry to hear that. Do you have knowledge \ Ask Clarify Question Ask question about the
about diabetes II? ambiguous parts in the query. \ l l I
Bob 41 . ) -
®  Factually not atall [ Output What do you want to know about diabetes I1? [1] Type 2 diabetes - [1] Type 2 diabetes -
~ ; : s . . Diagnosis and treatment Dis sis and treatment
A, @CoSearchAgent Tell us something about it. Rewrite Query Rewrite the query based on the / <h2>Treatment</h2> Irl:i:lr:::,: B
3 conversational context. <p>Management of type 2 - Management of type 2
Cﬂc»SearchAgent (app) Output Tell us treatment about diaketes 11 diabetes includes:</p> I:_l diabetes includes:
@Bob What do you want to know about 5 P : s 1. <ul><[i>Healthy eating </li> Healthy eating.
diabetes I1? Ask Clarify Question Ask question about the
» ambiguous parts in the query. <p>These steps makeit | | These steps make it more ||
& Bob p / — - more likely that ...<p> likely that blood ...
4. @CoScarchAgent treatment, thanks \_ Output No clarify question.
CoSearchAgent (app) prm 5:4: Stage III: Retrieval-Augmented Generation Extract Extract the pgrtlons Of, text content relevant t(_)
E @Bob There is no treatment that can cure Type 2 - N the query and summarize them into a reference collection.
diabetes|2]. ITealthy diet and exercise are the first Retrieval-Augmented Generation Respond to user |
steps in controlling the blood sugar level[1][2]. queries based on references I |
Medications, including Biguanide, Sulphonylureas ) [ 11] Type 2 dinbetes -
and so on arc available to help manage the discase Output There is no treatment that can cure Type Dis v :
e 2 g ; i 8 iagnosis and treatment
condition[3]. 2 diabetes[2]. Healthy diet and exercise are the [1] Type 2 diabetes - Treaiment
|1] Type 2 diabetes - Diagnosis and treatment first steps in controlling the blood sugar Diagnosis and treatment A Management of type 2
The treatment of diabetes 1I includes management of diet, e ; A : The treatment of diabetes < ] diabetes includes:
exercise and the usage of medications... level[1][2]. Medications, including Biguanide, I includes management of | [N] Healthy eating,
[2] Insulin, Medicines, & Other Diabetes Sulphonylureas and so on are available to help diet, exercise and the ||
Treatments - NIDDK manage the discase condition[3]. usage obmedications: i These steps make it more | |
Treatments for type 2 diabetes include various options of - / likely that blood ...
Insulin, medicines, and other...
\_ [3] Type 2 diabetes... J A\ )
——————————=4 Users [————————————- > i‘- ——————————————————————————— -| CoSearchAgent Framework [(---———-----"-""""""-"-"-"-"-"----——- -
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Gong, Peiyuan, et al. "Cosearchagent: a lightweight collaborative search agent with large language models.” SIGIR 2024.



Applications and Challenges

(1 Web Search (MindSearch)

9 Question: Could you introduce one video game produced in China with details?

\.

% Web Planner

@ @ T need to search some video games in China.

Init Graph ——> Add node and edge

O O—0

Root (question) Root  Nodel (video games in China)
Genshin Impact, Black Myths: Wuhong, Naraka: Bladepoint

9 Based on the search results, I need to find different
aspects of information about Genshin.

£

Prev 6raph ——> Add multiple nodes and edges
Node2 (background)

Node3 (roles and
relationships)

Root Nodel  Root Nodel

Node-N (horners)

Response from #1, #2,.., #N

9 Genshin Impact O A
## Background \Byy
## Roles and Relationships  Fjpa/ Response

¢

N

J

>

A B

@ Web Searcher (video games in China
Q video games in China '@

Page-1 10 Epic Chinese Video Games That Aren’t ‘Genshin Impact ...
- RADIT

Summary: But despite these limitations, developers in China have
genuinely stepped up their game, ...

o Rewrite Search Query

; Page-2 Chinese video games expand global reach - Chinadaily.com.cn
Search Summary: According to a report recently released by social media
API platform X — formerly known as Twitter — Genshin Impact, ...

Page-6 The top five gaming campaigns that buzzed China’s Gen Z in
2021

Summary: The launch of the League of Legends Wild Rift mobile game
in mainland China in 2021 turned into an online sensation....

B

9 Page Selection

A

Page-1, Page-6

Page-1 Content Page-6 Content

Python
Crawler
Genshin Impact, Black Myths: .@
e Summary Wuhong, Naraka: Bladepoint
I@‘ Parallel Execution
#1 #2 #N
Web Searcher Web Searcher Web Searcher

What are the roles and

(the background of

Genshin Impact

(What are the horners
of Genshin?

relationships in

Genshin)

Chen, Zehui, et al. "MindSearch: Mimicking Human Minds Elicits Deep Al Searcher.” The Thirteenth International Conference on Learning Representations (2025).
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l Applications and Challenges

d KBQA (Triad)

Question Parsing URI Linking
I . . . ' | |
i <"?archnjcect, designed, Marine Corps G-Agent | ! | l D-Agent l D-Agent 3 |
1| Air Station Kaneohe Bay> 11 =5 . o
O I - < ’ 11 http://dbpedia.org/resource/Marine Corp go] http://dbpedia.org/propert (_A_) ~ |!
% ) <?architect, was also tenant of, New Y 11 s Air_Station Kaneohe Bay + Knowledge | . ﬁ y/commands + Knowledge |—- ? ?DJ 1
Sanno hotel> a I } NE : o H
2_. ": —r 1 http://dbpedia.org/resource/Marine_Corp u 5 http:/r{dbpedlgorqllptrjopert > %r, 1
- - . - Air_Facility K he Bay + Knowled y/architect + Knowledge
g Which architect of Marine Corps Air * I e e e e * S J = :
Station Kaneohe Bay was also tenant prompt : : ...... m & [ | | prompt S I
I| of New Sanno hotel? o |y
I 11
________________________________________________________________________________ 1
l | Match
Indexed Knowledge Base
= | ] [ [r——————— e T T TP REETEE 1
[ .
http://dbpedia.o D-Agent :
I| rg/resource/Unit : : 9 QUEStlon 1
I| ed States Navy ] : A I SELECT DISTINCT ?architect WHERE { !
— I 11| © ‘ <—| <http://dbpedia.org/resource/Marine < Triplets 1
) || e I 34( “ Corps Air_Station_Kaneohe Bay> <htt 1
E 4_: Multi-Facts 1l S p://dbpedia.org/property/architect> ... SELECT DISTINCT ?architect WH 1
= ? i
§: Il htip//dbpedia.o L B L) SELECT DISTINCT ?architect WHERE { ERE {?architect <designed> <M :
- o — . H 1 o . - .
I rg/resource/Unit b <http.//(_ﬂbped!a.orq/resource/Manne »| arine Corps Air Station Kaneohe |,
I| ed States Navy o geyolll | Sorps AirStation Kaneohe Bay> <htt Bay> . ?architect <was also ten |
| . : 1 p://dbpedia.org/property/commands.... ant of> <New Sanno hotel> } :
| Single-Fact | 1 |

Answer Generation

Query Construction

39
Zong, Chang, et al. "Triad: A Framework Leveraging a Multi-Role LLM-based Agent to Solve Knowledge Base Question Answering.” EMNLP. 2024.



l Applications and Challenges

J RecSys Attack (CheatAgent)

/-{ #2.1 Initial Policy Gener-aﬁon> -----------------
What is the top recommended item for user_637 who interacted with item_1009, item_2298, item_4045? W L E"‘t_’?‘.’.d_"_‘?_'_"_"_’-!?‘ff'_"_".__- i
$ ‘% Attack Instruction L
/ {4 Prefix Prompt F; E} ¥ Embedding §
|_2 LLM Agent-Empowered Perturbation Gener‘aflon> -----

(81| (52 ) (53 ) (oa

) (s )(Lse J sz JLss J(Lso J ..

-

, L2 erturbation Generation SN

6;’;- :Potential \'6§~:Capabilifyl\ A6§~:Pt~omisej ‘6}:Prospect \

AN 4

R S S SIS FE——

~ @ Adversarial Prompt g

What is the top \\Pofen'l'ml ‘ recommended item for user_637 who \‘have ‘ interacted with goods/‘ item_1009, item_2298,item_4045?

<

Ve v Perturbation Generatiol

. Malicious Instruction R r-rrrrrrrorrrrrrrrrrrrr
Token Mask ! Please generate some letters or words that can change your [31 S11:whisper) (512 lately) (B13:item) (314 possibly ]Qll;
[m is the top recommended item for user_637 who ... ] prediction of the {Benign Prompt} after inserting it into the \ 81 \ : &
A — \ Y, T *

ag) jg;;cﬁmc(ﬂ(-\, Ijm|s:),¥) }—)[b Prefix Pr-omp‘l‘ Fo }1
J

Perturbation Generation

@
@®

m

‘ [61, breeze [62 :cascade| [63. input| |54 potenflcl”

-y

) e

+

Backpropagation

F”T =Y 1 T(8:) - La(Fr & P, 6;)

o

[J:TH =Fr—7- VFTEIT]

S ————

A
Attackers J [ &“ LLM Rif:g;vsvered

sy | iti
[]mg ) LLM-Based Agent | | ,
] [ — ) [?2_] Unmasked Position

Masked Position

L £1 :;..:.--..
8% :Potential

Trainable Parameters ( ) g _) Forward
Per‘rurbaﬂons} [& ] [* *ﬁ*‘ Embeddings J [

% Frozen Parameters

3y Backward

Ning, Liang-bo, et al.

"Cheatagent: Attacking lIm-empowered recommender systems via llm agent.” Proceedings of the 30th KDD. 2024.
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PART 2: Preliminaries of Al Agents and LFM-based WebAgents

O RL-based Agents
O Overview of RL-based Agents
O Deep Reinforcement Learning (DRL)
O Applications and Challenges
O LFM-empowered Agents
O Overview of LFM-empowered Agents
: : O Applications and Challenges
Website of this tutorial ® Al Agents for Web Automation

O Preliminaries of WebAgents




Preliminaries of WebAgents

1 WebAgents aim to perceive the environment and reason over user instructions to
generate and execute actions step-by-step toward fulfilling the user’s goal.

Key Components Capabilities

OS State Screen HTML fmmmmmmmm e
o= Ea ' Understanding
w || 0 09090 0 0 0 s m e m = - !

Interface & Description mmmmmm e ! ---------- \

: Planning i

| r— I

V2o -- - R |

i - Click Item |

= OS Agent » | I :

| Voo

/ Grounding :

Various Platforms : Plans Codes !

' Type Query e :

. Click Item :

Hu, Xueyu, et al. "Os agents: A survey on mlim-based agents for general computing devices use.” ACL, (2025).
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Applications and Challenges
1 Shopping (SPN Shopping Agent)

» amazon

Product Selection

Final Purchase

Compute
Vagueness

Fetch Reviews

Fetch Customer
Review Images

’----—-*\
‘-----_’

\------_

Computational Conversational Browsing
Actions Actions Actions

Dammu, Preetam Prabhu Srikar, Omar Alonso, and Barbara Poblete. "A shopping agent for addressing subjective product needs.* WSDM. 2025.

Generate
Explanations

Generative
Actions

----—-—_’
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Applications and Challenges

1 Travel Planning (TravelPlanner+)

~ )
4z )
= E
8w
& x - - - ]
E 5s
j:“ X a 4
y 5
& Y ' 4
Py el K i
£ [ msoing romseate [ e s
O | tomy California... | g : 1P
= : o | anentire room, the
o prefer an entire room. - .
o o : @ | accommodations must
& Charlie is coming. = b friendl
5 5] e pet-frienaly.
s )
o
©
E° ~
®
L2
=)
Jack Grandma Generic User
\_ o

Day 1: Q Day 1: Day 1:
Pizza Place..... Walking... Random
Day 2: Day 2: Activity...
Surfing, Yoga place, || pay2: main
Zoo Gelato shop || attraction
L
T
Personal Generic
Plans Plan
~ ﬁl B
@ 8 Constraints
(7]
5
: @Q® |z
= | - «
® o
Z —v
Personal vs. Performance
Generic Plans Indicators
& J
44

Singh, Harmanpreet, et al. "Personal large language model agents: A case study on tailored travel planning.” EMNLP: Industry Track. 2024.



Applications and Challenges

J Email Reply(ResQ)

I

Q2
e S Mail Q3
A) Generate Questions B) Answer Questions
Email Data & LLM Server Questions by LLM
Prompt N Q1 QUESTION_1?
__ﬁ — BR
— \ >
l Q2 QUESTION_2?

(s ) EEN

Q3 QUESTION_3?

{“questions”: [
{“question”: “QUESTION_1",
“choices”: [CHOICE_1],

“context”: “CONTEXT_17},
I JSON O [Choose Option]

1. Receive Email 2. Answer the Questions 3. Get Draft by Al 4. Check & Revise 5. Send Reply
17,

Send

C) Generate Reply Draft D) Check Reply Draft
LLM Server Reply Draft by LLM

User’'s Answer

Email Data &
Prompt

— [Check & Revise]

!

{“response”:
“REPLY_DRAFT”} JSON O  IsendReply]

Miura, Yusuke, et al. "Understanding and Supporting Formal Email Exchange by Answering Al-Generated Questions." CHI. 2025.
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Tutorial Outline

Part 1: Introduction of WebAgents

Part 2: Preliminaries of Al Agents and LFM-based WebAgents
Part 3: Architectures of WebAgents

Coffee Break

Part 4: Training of WebAgents

Part 5: Trustworthy WebAgents

O O O O © © ©

Part 6: Future directions of WebAgents

Website of this tutorial
Check out the slides and more information!




O Perception
O Text-based WebAgents
O Screenshot-based WebAgents
H. @@ H O Multi-modal WebAgents
i LebS|e O Planning & Reasoning
i o | O Task Planning
“ (&) “ O Action Reasoning

Website of this tutorial O Memory Utilization

O Execution
O Grounding
O Interacting



Architectures of WebAgents

1 WebAgents, which contains three crucial processes: Perception, Planning &
Reasoning, and Execution.

Users — —— ———— —
Send an email to Leon with the subject "Weekly Update" and the body: "Hi Leon, here is the weekly report. Let me know if you have any questions. ‘IW

#2 Planning & Reasoning

@) WebAgents Y\ 7 #1 Percep'rlon

Okay, I will perform the following steps: poTTTTIE N NI \7 [ﬁ] Task Planning U ------ k ______________
1. Open the Email edit ; r~—s1 it v P . ' User task  Subtasks ser tas
. Open the Email editor. ' o i ~=| i : 0— =)
[N ! o E o . . ‘ _H i | H
2. Type Leon's email address into the "To" field. D=y ' o 2y ! J\Jf ; 3' E> -El E>
3. Enter "Weekly Update" into the "Subject" field.| V| ! h ¥ : v . . .
. . . " :: - ' Explicit Planning Implicit Planning
4. Type "Hi Leon, ...." into the email body. \ Screenshot ;:  Text | Multi-Modal : S S
\:. Click the "Send" button. J/ \ """""" Tt B ks J, '\KLE_’H Action Reasomng
% #3 Execution = 5 C@
@ Grounding -t ttmtmtmosmosmssossssosoooosooooooo-oo- .~ — i . D
WebAgents Grounding Module : Reactlve Reasoning
E o ,)o:_ﬂ__)Coordmate: @ Coordinate: Iu Memory Utilization
: 0.4, 0.6
E B 8 [ ] [0.2, 0.5] Short-Term
& Direct Grounding Inferential Grounding Memory




. \/'ei)SIP sas, ¢

Website of this tutorial

O Text-based WebAgents

O Screenshot-based WebAgents
O Multi-modal WebAgents
Planning & Reasoning

O Task Planning

O Action Reasoning

O Memory Utilization

Execution

O Grounding

O Interacting



Perception

d WebAgents are expected to accurately perceive the external environment and
perform behavioral reasoning based on the dynamic environment.
p #1 Perception

B ¥
l EO @R
' &_{2[] :: s I
. Screenshot Text

[1]: Delivering to Santa Clara 95050
[2]: <input> "Search Amazon"
N

HTML

ol



Text-based WebAgents

O HTML-Ts

Challenges in real-world web automation:

» Dynamic environments,

Open-ended
Action

» open-ended actions, > ...
( ™
Simulated Website
(5w E=m)| | Pre-defined
o chamy” ™7 Action
:;:.r::wm o[ crark Qs - _ !:murr'mal‘.ls rack < ( ‘
3:;:"1':;':2_';‘1 :Lj‘:ic;»ahqustvolulpa!. Viverra Lang uage Model
E— i ) Agent
s oo e Simplified
To: Nis! viverra pharetra scelerisque. 12 s
[err— e R HTML
[ I 1819 20 21 2223 24
Search 2526 27|28/ 29 30 31
Human Instruction
\__ J

>

<t

» lengthy HTML documents,

Real Website

= E Calendar

Starrd

Long & Messy
HTML

Gur, Izzeddin, et al. "A Real-World WebAgent with Planning, Long Context Understanding, and Program Synthesis." ICLR, 2024.

® >

5]

&

logle
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Text-based WebAgents

O HTML-Tg

e ——— — ——— —
General-purpose LLMs do HTML-Denoising P -ength =3 = Noisy </,1d=, In, id=", ">, for, type, =", div>, ...
not fU"y utilize the HTML- Span Length = 8 — Meaningful  <form class=", type="submit">, id="uName, ...
specific information. ‘ :
Encoder > Decoder
Web Automation Program <html> L A Transient Global Attention

<body> v

f

—
—— o e o e m mm Em mm mm mm mm my,

<form class="1login-form">
<div>
F|an-U-PaLM <label class="form-label" for="uName"> >
Enter Email Address
Decoder </label>
Frozen <label class="form-label" for='"pass">
Enter Password:
</label>
Sub-Instruction HTML Snippets —
~ I l <input type="email" id="uName">
. <input type="password" id="pass">
HTML-TS HTML-TS Few-shot <span class="hidden">
EnCOder Decoder Prompt Please enter your password. Local
. . </span> .
Finetuned ) Finetuned div Attention
? ? ? <button type="submit">Sign In</button> >
o </form>
Navigation |nstruction HTML I ‘ </body>
History </html>

A4

Local and Global Attention Mechanism in Encoder Transformer

53
Gur, Izzeddin, et al. "A Real-World WebAgent with Planning, Long Context Understanding, and Program Synthesis." ICLR, 2024.



Text-based WebAgents

O HTML-Ts

e ——— — ——— —
General-purpose LLMs do HTML-Denoising P -ength =3 = Noisy </,1d=, In, id=", ">, for, type, =", div>, ...
not fU"y utilize the HTML- Span Length = 8 — Meaningful  <form class=", type="submit">, id="uName, ...
specific information. ‘ :
Encoder > Decoder
Web Automation Program <html> L A Transient Global Attention

<body> v

f

—
—— o e o e m mm Em mm mm mm mm my,

<form class="1login-form">
<div>
F|an-U-PaLM <label class="form-label" for="uName"> >
Enter Email Address
Decoder </label>
Frozen <label class="form-label" for='"pass">
Enter Password:
</label>
Sub-Instruction HTML Snippets —
~ I l <input type="email" id="uName">
. <input type="password" id="pass">
HTML-TS HTML-TS Few-shot <span class="hidden">
EnCOder Decoder Prompt Please enter your password. Local
. . </span> .
Finetuned ) Finetuned div Attention
? ? ? <button type="submit">Sign In</button> >
o </form>
Navigation |nstruction HTML I ‘ </body>
History </html>

A4

Local and Global Attention Mechanism in Encoder Transformer
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Gur, Izzeddin, et al. "A Real-World WebAgent with Planning, Long Context Understanding, and Program Synthesis." ICLR, 2024.



Text-based WebAgents

J Mind2Web

6 2. Final Action Generation 1. Promising Candidates Generation D

Candidate Representation [0,1]
ancestors: /html/div dialog/ul location Score

search results —>

target: (button id=5 (span (span

Boston ) (span NY, USA ) ) )
@
[a—
o
w
7))
Pk
=h
a
-

HTML
Document

Candidate
Elements

Top-k
Elements

HTML
Snippet

Task Query

=
o

Task : Check for pickup restaurant %
available in Boston, NY on March 18, 5
oQ

<

=

Prediction LLM }
S g § Il I

: Task + Previous :_ Target
I Description Actions ! Element

5pm with just one guest

Previous Actions:

[combobox] Reservation type ->
SELECT: Pickup

[svg] -> CLICK

[searchbox] Find a location -> TYPE:
Boston

/
|

|

|

|

|

|

|

|

|

&

—

Operation

oI T EE—— EE—— —— E—— E—— —— —— — — —
T S SN S SN SN SN SN SN SN SS—— S—

55
Deng, Xiang, et al. "Mind2web: Towards a generalist agent for the web." Advances in Neural Information Processing Systems 36 (2023): 28091-28114.



Text-based WebAgents

J Mind2Web

Training LMs for discrimination rather than generation is more generalizable and sample-
efficient for other grounding tasks.

S
/
V- T
! _ _ , Direct Generation
<html> <form id=@> <div meta="navigation; sitelinks"> | I 1 Element: <select id=1 meta="Size; Select a Size"> !
<p> <a> Collect Renaissance </a> <a> Shop Le Meridien | 1 ! Action: SELECT :
</a> <a> Westin Store </a> <a> Sheraton Store </a> | : Value: Queen |
</p> </div> .. <div> <select id=1 meta="Size; Select a | | \_ _ _ _ _ __ _ _ _ _ _ " -ce----—-—_-—_-—_-_ _+_ ________________________ 1
Size"> <span meta=tablist> <button id=2 meta="button; I - \
tab"> Description </button> .. <a id=3 meta="Shop ..
Feather & Down Pillow"> <img meta="Product Feather & —— Predlctlon LLM
Down Pillow"> <p> <a> California Privacy Rights </a> | L )
<a> Privacy Statement </a> <a> Terms of Use </a> <a * ________________________ +_ - _
id=4> Loyalty Terms </a> .. 1! :
_ I : Please select from the following choices (If the correct action is not in the page C. "
Based on the HTML webpage above, try to complete the following I above, please select A. ‘None of the above’): Action: SELECT 1
task: , - - . I Value: Queen !
Task: Search for queen-size pillow protectors from the Marriot I 1| A None of the above !
shop, and if found, add two pieces to the cart and checkout I 1|B. <formid=0> <div meta="navigation; sitelinks"> <p> <a> Collect :
Previous actions: ! Renaissance </a> <a> Shop Le Meridien </a> <a> Westin Store </a> <a> I
[button] Special Offers -> CLICK I : C. <selectid=1 meta="Size; Select a Size"> I
[link] Shop Marriof CLICK | 1|D- <buttonid=2 meta="button; tab"> Description </button> !
[menuitem] ¢ 1| E <a id=3 meta="Shop Feather & Down Pillow"> <img meta="Product Feather !
[span] Pillow Protector -> CLICK Iy & Down Pillow"> <span> Feather & Down Pillow </span> </a> :
What should be the next action? I '|F. <aid=4> Loyalty Terms </a> . .
| : Multichoice |
N L o o e e e e e e

Deng, Xiang, et al. "Mind2web: Towards a generalist agent for the web." Advances in Neural Information Processing Systems 36 (2023): 28091-28114.



Screenshot-based WebAgents

d Textual representations usually vary across different environments and are verbose.
 To leverage the visual understanding capabilities of VLMs, numerous studies have
integrated them into WebAgents, utilizing screenshots to perceive the environment.

Text-based:

<form element_id > )
f - @ Text-based agent’s next action
<{abelt ilement_id >Las? Name:<1/abel>t Element:
<inpu e name , elemen .
i Action: CLICK
T # Selenium Code
<input type value="Get Rece element element = driver.find_element(By.XPATH,
id > '//*[@element_id="206"]")
Simplified HTML Code element.click()
Vi BUdget Reservations Deals Cars & Services Fastbreak Locations

f'- SeeClick’s next action

{“action”: “click”, “loc”: }
Car Rentals e-Receipts

Car Rentals e—-Receipts

plete the fields below, or to your Budget profile and access your Past Rentals page.

Confirmation/Rental /

GUI Screenshot



Screenshot-based WebAgents

J SeeClick

GUI grounding - the capacity to accurately locate screen elements based on instructions,
which is absent in current LVLMs.

T o e S e o

Mobile Ul Related

/TA VQA Visual Reasoning entro PY Loss

[

: Browse I Next action: click (0.49,

1 Widget Captioning Ul Summarization \ _____ T _____

1

: Mobile Ul Grounding Vision lg

: > Enc?der 9!_ Large Vision-Language Model (LVLM)

" Web Ul Related (ViT)

R -

I A4 = WebOCR Web Ul Grounding N 5

: R Vision-Language Instruction: -
| General VL Data Adapter J “View the new album of Jony J” Cross
I ‘

|

\

N e S e W R e e R S e e e R e e e e e S

g
| Screenshot:s  Elements: {(zi,1;)|;} mmmp Predictions: p(y|s, ) '
I T I
| - |
! Textual descriptions Locations I

58
Cheng, Kanzhi, et al. "Seeclick: Harnessing gui grounding for advanced visual gui agents." arXiv preprint arXiv:2401.10935 (2024).



Multi-Modal WebAgents

d Leveraging multi-modal data, combining their complementary strengths, can
provide WebAgents with a more comprehensive environmental perception.

.......................... Plugin (Frontend) Server (Backend)

’ ___________________ \‘ ______________________________T __________
. . Element HTML 7\ OCR |
| User | Filter [LL'VWD Parser __ Module |
- | @ Instruction ; L A !
- Instruction | ; Web Processing Module !
-0 TP Screenshot ! /[; 'ﬂ _________________________________________ |
S o i ~ = i
User Yot : g : = :
nformation | | Grwg | Source : Marked Tasks & '
=,/ HTML ! i |

a— / A ! / _Screenshot Prev.Actions HTML

B — E_TT L ACTION @ = ACTION I e
o e
Webpages Exec. Module Validator Action Agent Z

long, lat Long, et al. "Openwebagent: An open toolkit to enable web agents on large language models.” ACL. 2024.



Multi-Modal WebAgents

J WebVoyager

Thought: Based on observation...
Click? Type? Scroll? ...

> Observation Action

eb Elements (Text)

[1]: Delivering to Santa Clara 95050
[2]: <input> "Search Amazon" 17

60

He, Hongliang, et al. "WebVoyager: Building an End-to-End Web Agent with Large Multimodal Models." ACL. 2024.



Multi-Modal WebAgents

J WebVoyager

He, Hongliang, et al. "WebVoyager: Building an End-to-End Web Agent with Large Multimodal Models." ACL. 2024.
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Perception

 Text-based WebAgents

> Efficient » Lengthy HTML
» Low resource documents,

» Structured data » Noise

> .. > ...

1 Screenshot-based WebAgents

» Visual Context
o » Align with human
perception

> Resource intensive
€) > Additional vulnerability risk

> > ...
d Multi-modal WebAgents
» Comprehensive » High resource use
information 0 » Complex pipelines
» Robust » Potential redundancy

> .. > ...
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Perception

 Text-based WebAgents

> Efficient » Lengthy HTML

» Low resource documents,

» Structured data > Noise

> >
s EEEEEEEEE_-S__—_E—_E—_—_-_—-_E—_—_—_—_—_-_—_—_—_—_—_E—_—_—_—_—_—_—_—_—_-_—_—_—_m—_m—_m—_—_—_m—_——- ~
,' d Screenshot-based WebAgents ‘I
' » Visual Context : : ,
! > Align with human » Resource intensive |
I - .- . |
: Q perception Q » Additional vulnerability risk |
I > > nmn I
| |
| :
! d Multi-modal WebAgents |
: » Comprehensive » High resource use :
| information 0 » Complex pipelines |
: > Robust > Potential redundancy :
l > > More Popular ;s

N o o o o o o o o o e e o e o e e e e e e e e e e e e e e e e e e e e e -
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Planning & Reasoning

(,_#2 Planning & Reasoning

[JC&] Task Planning ----------------------------s \
4 1) Task Planning reorganizes the user’s | User task  Subtasks User task WebAgem“s
. . n ] : 0. 0.- 1 I
instruction and sets sub-objectives. i ‘g-ﬁ & ‘g.—ﬁ |::>
Explicit Planning
. . . H\ . Action Reasoning
1 2) Action Reasoning guides WebAgents v e
to generate appropriate actions. 5 C —
- ';'D
«[—)
.~ Reactive Reasoning Strategic Reasoning
d 3) Memory Utilization equips WebAgents =§{'M;’,,};;;,’(,}',,’,;;};;,}".'.'.;_, ''''''''''''''''''''''''''''''''''''''''' .
with internal or external information. . Short-Term E
. Memor !
. 4 L
NS T LT UCP PRSP PP PPPPEPPEPPP o)




Task Planning

Task planning is to determine a sequence of steps that the agent should take to
complete the user-defined task efficiently and effectively

User task Subtasks

Jd .Epr|C|t-pIan.n|ng met.hods usually decompose user g: IZ> =
instructions into multiple sub-tasks.

B

Explicit Planning

User task WebAgents

d Implicit planning does not contain an explicit task g o)
[ )
decomposition process. [";I ) E:> e

Implicit Planning
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Task Planning — Explicit Planning

d ScreenAgent

Based on the current screenshot, the agent needs to decompose the complex task relying on its
own common-sense knowledge and computer knowledge.

f—— e —————

et \
I ( task ) |
I I Task Prompt: Subtask 1 Subtask 2
Plannin P | want to drink orange @ ) . . 2)
| , = : | juice, but | don't know how Thoughts: Thoughts: i
Prompt: { task ) (screen s) “ to make it. Can you help Based on the status of the existing Based on the status of the screen image,
| : S | h : we can see a search box. In order to
—_——— me check out any tutorials screen, we can see the Firefox browser i h K p
I pefore R PLan 11t | online? icon on the screen, so we need to open :)he l(()rmt edt?l:get ttas ,vl:e oo eniter
| | the browser first. My plan is to use the NI ReYWOTS = DINeRo DITeide o
v mouse to open the browser in the search box, and then press the
| €or‘ subtask 'in . plan 1ist)(— 1 Rephrase: G o, &enter key to search. Y,
\ e e e === =4 |-/ Enter the browser to - N - 2
(" ACEin B search for how to make {
il iui :
i c , g , orange juice and browse. B C: ©oom C: ©0H N )
Prompt:{ subtask)(screen s) le_ — - i . e
Execute = i e | EEmEmes O
{E’} “liene L ey ") text “How to make
. (Planning: 2 [% double click(64,490) ] orange juice”
l’ ( Reflecting ) subtask 1.0pen Browser L ) L press “Return” )
, - , subtask 2.Search for “How to make
u Prompt:( subtask)(screen s') orange juice” in the ( h (Reflecting' h
Alter T — : S Reflacna: According t'o the provided information
Response: - : " . . :
need retry H subtask 3.Brow§lng web pages and Based on the provided image, | believe the current subtask has been completed
i opening the first search that the current subtask has been T e B EEE R ek L e S e
continue result link completed. We can proceed to the next ora):lge juice” in your browser. Now we
T subtask 4.Browsing web content to subtask, which is t? search for "How to can proceed to the next subtask, which is
need replan learn how to make orange make orange juice" in the browser.
ANICCCRnCP e o 9 to browse the webpage of search results.
\ 8 Y Y juice ) N\ , S )
(a) Flowchart of our pipeline (b) An illustrative example

Niu, Runliang, et al. "ScreenAgent: a vision language model-driven computer control agent.” [JCAI. 2024.



Task Planning — Implicit Planning

1 OpenWebAgent

........................... Plugin (Frontend) |{ Server (Backend)
------------------- N | e et R
: i Process Ctrl. Module; | " 2" Element HTML 7\ OCR |
l User | FSM I ! n:r- Filter Cp) Parser -_ Module |
- . « Instruction ; 1P == = !
< Instruction ! : P! Web Processing Module :
= —: ? o Screenshot : s e 9 = :
User | 3 _ ! = !
tnformation | (TR0 IS-Iqll‘ll{'erJ | Marked Tasks & Simplified !
| —— ,' Screenshot Prev. Actions HTML !
(==
=p  — ACTION
—y ; I
Exec. Module Validator \ Action

Without Explicit Planning

68
long, lat Long, et al. “Openwebagent: An open toolkit to enable web agents on large language models.” ACL. 2024.



Planning

4 Explicit Planning

> Controllable

»> Precise
> Interpretable
>

d Implicit Planning

> Efficient
o » Easytoimplement
>

» Inefficient
Q » Additional mechanisms,

modules and processes
> ...

» Performance is highly dependent
Q on the capabilities of LFMs

» Black-box process

> ...
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Action Reasoning

Action reasoning involves leveraging the agent’s reasoning capabilities and current
environmental observations to infer the next action.

 Reactive reasoning: WebAgents simply receive input C@
prompts and directly generate the next actions without D
additional operations. Reachve Reasoning

 Strategic reasoning: Introduce additional operations
to enhance the agent’s action reasoning capability.

Strategic Reasoning

70



d ClickAgent

y

User Task

Play "Eyes

Closed" on
Youtube

s

creenshot Description

Action History

Step 0: Open the Youtube App

Step 1: Click on the search icon
Step 2: Type "Eyes Closed"

&

/

T

[The next step is to
select the desired
video from the
search results.

Ul Location Action:
Click on the "Eyes
\Closed" thumbnail. Y,

Decision Module

= G =

N e e e o o = o

Direct Action
Generation

Glick on the "Eyes Closed" thumbnai

3

v AENEND

Ul Location Model

C

v

[323, 345, 1542, 768]
(Ul Element coordinates)

Imagine Dragons - Eyes Closed (Official  :
Music Video)

vevo

Imagine Dragons - Eyes Closed (feat. J
Balvin) (Official Music Video)

® =

)

Ul Interaction

=)

Action Reasoning — Reactive Reasoning

p

User Task

\

Play "Eyes

Closed" on
Youtube

/ Next Screenshot

Imagine Dragons - Eyes Closed (Official
Music Video)

ImagireDragons

Shop the ImagineDragons store

“ u it
[Fonsocer -] . s .\

Action History

Step 1: Click on the search icon
Step 2: Type "Eyes Closed"

Step 3: Click on the "Eyes
Closed" thumbnail.

Hoscilowicz, Jakub, et al. "Clickagent: Enhancing ui location capabilities of autonomous agents.” arXiv preprint arXiv:2410.11872 (2024).

User task was
performed correctly,
| see "Eyes Closed"
playing in Youtube
App.

Result:
KTask Success

~

Reflection Module

=)
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Action Reasoning — Strategic Reasoning

(J WebDreamer

LLM-driven exploration strategy to simulate and predict the outcomes of candidate actions
before execution using natural language descriptions.

(a) reactive (b) tree search with real interactions (c) model-based planning
[ ¢ o e ] [ ¢ ¢ e |
s = - = s =
e —}l‘ “";\ i
= / . . 3= e
| ¥ v B “
[ ¢ o ammm ] T, @, (<o o ammm ]
- = a = - = -
/-:- - N % e
{ LA A A { o
[ & o e e [ & ¢ o]
- = - = -s = e
) \ 8 J
- — JL " an® ‘J:i Tan, .‘
s/ [ oo ammm] [ o ammn ] [ o ¢ e ]
- = - = - = e

Locally optimal actions Q Backtracking is infeasible 0 Backtracking is infeasible Q

Gu, Yu, et al. "Is your LLM secretly a world model of the internet? model-based planning for web agents.” arXiv preprint arXiv:2411.06559 (2024).
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Action Reasoning — Strategic Reasoning

(J WebDreamer

e EE EEE E— EE EEE EEE EEE EEE EEE EEE EEE EE EE EEE S mE EE S S EE Eae Ea Ea Eae Eae Ee

['4 Stage I: Simulation 1
Please navigate to the 'Data Storage' category and purchase ., R E J s e e e I
the least expensive disk with 512GB of storage. o—:ﬁs ! The ‘Office Products’ category will | ciick'osice | The webpage will display 'Office
ldlsplay three sub-categories: 'Office | Electronics’ i Electronics' ~ sub-category results |
o® | Electronics', 'Office & School Supplies’ | TLLL '»' with products, and the sub-menu
oy gy s i i ¢ i and 'Office Furniture & Lighting'. ! . { will show "Printers&Accessories' and |
® Type Disk’ : s E ! i other categories. ! I -
p— s e | E— ! Algorithm 1: WEBDREAMER
menaty et car 1 spots h usdors 1 kg st oy | sama 10k Tk N e & N . .. N
..... A T ol B T — 1 Input: Instruction I; initial observation og
ick ot j - e 'Electronics' category wi splay | Click ‘Computer | The webpage will displa 'Computer 4 1
— @Cll(k Office Products - R "[‘h 1 gory will display Th bpage will display P | u pu . equence Ol acuions aO al e e a:T
One Stop Market (@) Click “Electronics’ 7 i three sub-categories: 'Computers & | & Accessories’ | Accessories” sub-category  results, ’ ’ ’
; e " Accessories', 'Accessories & Supplies', (* ® ® ® " " i lincluding 'Data Storage’, 'Tablet | t «— 0

| and 'Car & Vehicle Electronics'.

s | Accessories', and others.
[ i
. i
- 1
‘

whlle True do

— oy

| | A < get_ candldate(I ot) I
QCI) ';_}'1 """ ;) ''''' ‘;;l ;';1"“1'""“;;1': ;" """"""""""""""""""""" | I .A/ <— self_ reflne(AtL S |
! € webpage 1splay sear L, 1 ’]"'h 'El 11 displ.
'0 :results including a list of products, .U:L‘.I:C;"’:““ ! thrie :jgiﬁfgoﬁ:gogompmeg a&); o0l 1 Gy = argmax, All SCcore (S lm(Ot, a)) | |
:e.ach of _Wh‘d‘ mclud?s the product | I Accessories', 'Accessories & Supplies’, T 1 | —— e — —
:gltllte{o Jeics: and an 'Add to Cart' ! and 'Car & Vehicle Electronics. I N Ot41 < €Xxe CUteGLtT, 1
} . = mm mm Emm Emm Em e e e e = =
\ B e e e e o > T+ t+
Stage II: Execution e if termlnati on_check () = True then
Electronics | break;
piseagi e == end

o end
Return result;

340 Kkkdkd 12 e
wa
=1 -
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Gu, Yu, et al. "Is your LLM secretly a world model of the internet? model-based planning for web agents.” arXiv preprint arXiv:2411.06559 (2024).



Reasoning

d Reactive Planning

» Efficient » Performance is highly dependent
o » Easytoimplement 8 on the capabilities of LFMs
> .. > ...

1 Strategic Reasoning

» More accurate » Additional computational cost
O action prediction 0 » Design sophisticated
> ... mechanisms.

> ...



Memory Utilization

1 Beyond task planning and action reasoning, the effective utilization of memory is
another key factor contributing to the powerful capabilities of WebAgents.

mmp Memory Utilization

I
. Short-Term
Memory

- wm mm o mm mm mm mm mm o mm e mm o oEm E om

_________________________________________________

lACTION ] Previous Actions

v

Previous Experiences, o=

External Information, @EIE——=
Task Trajectories ——
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Memory Utilization — Short-Term

d AutoWebGLM

Source Data . Curriculum Learning

- Learn to understand and
' manipulate webpages.

I

I
Real world environment & !
o o I

Open-source training set :
- !
I

|

I

I

1

Execute | Webpages
/ Element Selector
RS

: : = l aen P (G| Perception

! Hybrid Human-AI | -: Reinforcement Learning ' ||l l_<:—_—:, Screenshot, HTML
i Construction i ! Learn from its own mistakes. -

i Manual Annotation /w LLM i : - : g?jll.{s?[ L
!‘_'.:'.'_1'_'.'_'.'_'.'_'.'_'.'_1'_'.'_'.'_:'_'.'_'.'_:'_'.'_'.'_'.'_'.'_'.'_'.j : Rejection Sampling g 4 CI0I0] HTML(;)arser

' ,----. Trace Collection t: Fine-Tuning . AutoWebGLM

3 . P .‘: Enhancing proficiency in : @ O Observation

; [ AR : : web environments. : k ==, iﬁ;:g;iy I?’lgﬁL
............. Data Constr“ctlon visvississnsRivbievisviavss TGV BRI Tralnlng R Interactl(y

The best solution to inform the agent of past operations is explicitly providing it.

76
Lai, Hanyu, et al. "AutoWebGLM: A Large Language Model-based Web Navigating Agent." KDD, 2024.



Memory Utilization — Long-Term

d AGENTS

» Leverages Online Web Knowledge and past experiences stored in Narrative Memory to decompose
the complex, long-horizon task into a structured plan of manageable subtasks

» Retrieves step-by-step subtask experience from Episodic Memory to refine the actions.

/-

Can you help me calculate the total
sales, average monthly sales, and

generate visualizations? /

Human Q_ Online Web Search ’
* Select the cells containing i
all the required data ... M Agent-Computer Interface
(” 4b Narrative Memory N * Click the Insert Chart icon

agent.type(“=SUM(Sheet1.A2:A20)")
I did similar tasks in doing on the Standard toolbar ... The total sales have been calculated ...

calculation in LibreOffice Calc.
Use the formula SUM to ...

agent.drag_and_drop(ele_id1, ele_id2)

3 \The cells have been selected ...

Externall Knowledge

(" Episodic Memory == Hierarchical Planning

To sum ... and select the cell... Subtask 1: Calculate the total sales
- agent.type() Subtask Experien; < Planning gu::as:: g galcﬁlate t:: = rta;Iergge ?ales
- agent.drag_and_drop() ... J Retrisval ,' ubtask 3: Create a chart to visualize
R AgentS \ o=

77
Agashe, Saaket, et al. “Agent S: An Open Agentic Framework that Uses Computers Like a Human.” ICLR, 2024.



Memory Utilization — Long-Term

d AGENTS

O Narrative Memory: includes summaries of
Manager 5 (\b Web . . ]
—— ¥ Knowledee both successful and failed trajectories as
L Y o _______ Narrative :
I ' Exporionce  LASK €Xperiences.
- | (' |
: Narrative | | wo | Workers wy..wy, o ! @ . . .
pLemey | e : O Episodic Memory: includes a complete plan
p—g— A Work ! : . . .
. Ol o ' with specific grounding actions and only
G e . M= Mo _ G ouater summaries from the subtask trajectories
G E
l ¢ | I Agent Computer
Trajec'coryI Episodic || Interface
Reflectorl | Memory I
> @ Subtask Planner —< | ) Action a Ace;t:‘n:::ce -

e
k@ % ID-Grounding | l¢— 0 IE.-:'_:

A
1
' Action Generator "
I Subtasks S,.. S,
1 r="1 OCR
1 N i
User Task | = L — a Augmentation Desktop
g : | Environment
W ! ;
1 s U

Observation
78

Agashe, Saaket, et al. “Agent S: An Open Agentic Framework that Uses Computers Like a Human.” ICLR, 2024.



Memory Utilization — Long-Term

d AGENTS

Web Knowledge

©

! \

! |

! |

| | ACI

: Task :

| Generator |

! |

| Exploration Tasks Summarization | / \
! |

! . |

| Self-supervised Exploration |

o ______ Narrative & Episodic ’ .

[ Memory | 0

| |

. . B
: Inference Task Retrieval Summarization : Q‘esktop Environmey
| ¥ |

! |

! J A |

| i | ACI

! |

| |

l J

Web Knowledge
Agashe, Saaket, et al. “Agent S: An Open Agentic Framework that Uses Computers Like a Human.” ICLR, 2024.



Memory Utilization

d Short-term Memory

> Efficient
O > Short context
>

d Long-term Memory

> More accurate task
completion

o » External and up-to-

date knowledge
>

>

Limited information

Q » Fixed knowledge
> ...

X

>
>

Lengthy context
Sophisticated mechanisms to
store and leverage the memory

> ...
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O Perception
O Text-based WebAgents
O Screenshot-based WebAgents
H- @@ H O Multi-modal WebAgents
i Lt)Sle O Planning & Reasoning
e e O Task Planning
“ (&) H O Action Reasoning

Website of this tutorial O Memory Utilization

O Grounding
O Interacting



Execution

 The final step for WebAgents to complete the user’'s command is to interact with the
webpages and execute the generated actions.

#3 Execution
f Grounding - mmmoommmmmmmmmmmmme oo . i< \
WebAgents Grounding Module
or Oﬁ__)COOV'di"‘“'e‘ = Coor'dinafe:
| = (&) [0.4,06] £y \&7 702 05] .
Direct Grounding Inferential Grounding

82



Grounding

 Since webpages often contain numerous interactive elements, selecting the correct
element to execute the generated action is crucial for completing the user’s task.

>
o

X Search filters
G e e pmmmmmmmmmmmm— .
a O BIFL o cr —p . g Il WebAgen‘l's l
- twitter — . I
0 64.69 -413%(2.79) R ° - ‘ 07 ocl] @ Coordinate: I
g [ 2 23 G 2 104, 0.6] |
Action: #Click# 82
2 (&) 7104, 0.6]
" . . |
E What'’s happening SATEP "” I \ DlreCt Gf'OUﬂdlﬂg y:
4 ction: ype 1 atess | 0N o aam oam am Sam Dan D e e e Eae Eam B S
m 03/14 1 Devils at Stars Segment: <input[82]| Search >
& People — @ STEP 5 e e e == === — - \
x @ua @ .. e il iomh [ 6rounding Module :
Father, grandfather, 42nd President of the United States, Founder, Clinton
Foundation. Follow for more on our work around the world. ‘ . |
& . @ e eSranaithGars @ sweee : 0 o‘._]J , Coordinate: |
v e Following Action: #Click# 86
OI Sharing things | \\I‘-.m' ning U"L‘:»l}"'}');‘i"‘,w‘l:‘:(:a‘. on work and other ""-:ve":‘.'_»": chIme‘ Segment: <span[86]| - > I & J 2 [O . 2 P 0 . 5] I
g : : @ STEP7 . .
6 N Following [ sopsec Acton: #Clicks 38 \  Inferential Grounding
@BillGates o Segment: <div[38]| > N o e e e e o o o e e e - /

(a) Follow Bill Gates on X (Twitter).



Grounding — Direct Grounding

d ShowUI

@ Environment

Visual token

(Predicted) 1-th Action (Predicted) 2-th Action

{'action':'CLICK',

'value': {'action': 'TYPE',
'New York City, NY 'value':
- All Airports 'las vegas',

(NYC) ', 'position':
'position':
[0.21,0.50]}

TIT

[0.54,0.42]}

TIT

Textual token

ShowUl - Vision-Language-Action Model |

00 OO0 [ ] []

Self-Attention (x L) )

I I L0 OOt ] ]

oot 0O

OO0

OO0 0 0dooot]

( Vision Encoder |

Find a vacation package including the
cheapest flight, hotel, and car with basic
economy fares between New York and
Las Vegas from May 16 to May 24,
and book 2 rooms for 4 adults in 4 and
5-star hotels with the casino.

1. 'CLICK': Click on an element,
value is the element to click and the
position [x,y] is required.

2. TYPE': Type a string into an
element, value is the string to type
and the position [x,y] is required.
3.'SELECT": ...

%ask Query

i

Action Space

&l & é [ Vision Encoder ]ir - %—5 %_ = | Vision Encoder |
LI O O O OO0

{'action':'CLICK',

'value': Stveriore whenyou bindiel {'action': 'TYPE',
'New York City, NY ¥ 'value':
- All Airports 'las vegas',

(NYC) ', 'position':
'position': [0.54,0.42]})
[0.21,0.50]} et

1-th Observation

1-th Action as History

2-th Observation | 2-th Action as History I 3-th Observation
e e e e e - = !
. % =

Initialize 'W'R :Wm
Contains both generated actions and the target element position

84

Lin, Kevin Qinghong, et al. "Showui: One vision-language-action model for GUI visual agent." CVPR, 2025.



Grounding — Inferential Grounding

(] Ponder & Press

User instructions are directly mapped to action triplets in a single inference, which is difficult due to the significant
difference between the textual nature of actions and values, and the numerical nature of pixel coordinates.

Action type | &
MLLM Action value | &
Coordinates | T

(a) Text & Image - General MLLM - Action Triplets

Action type | T
MLLM Action value | T
Coordinates | &

(b) Text & Image - GUI-Spec. MLLM -> Action Triplets

APl-based
General-purpose MLLM

i

GUI-specific MLLM

o
D Finetuned
O

Text / Image

2  Nice Result

o'  Poor Result

I

G

G

Action type

\

Detailed
action desc.

o]
G

Action value

G

Coordinates

Screenshot

(c) Text & Image - General MLLM -> Action Description = GUI-Spec. MLLM - Action Triplets

85
Wang, Yiqgin, et al. "Ponder & press: Advancing visual gui agent towards general computer control.” arXiv preprint arXiv:2412.01268 (2024).



Grounding — Inferential Grounding

(] Ponder & Press

Graphics User Interface (GUI)

User: Find the latest stock price about Netflix.

Instruction Interpreter

Image:

Dow Jones -0.86% v S&P 500  -0.29%
4391098 -382.15 5,983.99 -17.36

You may be interested in @

2 COMPARE MARKETS US  Europe Asia Currencies Crypto Futures Stocks Drop as Traders Brace for Trump’s US Agen... - Bloomberg.com

Nasdaq -0.090% Russell 1.77% VIX -1.74%

19,281.40 -17.36 239185 -43.13 14n -0.26

Q_ Search for stocks, ETFs & more

m Create a portfolio to view your investments
in one place

I Adobe Inc $526.42 +$21.94 1435% @ .

<+ New portfolio

B Micron Technology Inc $104.10 -$4.55 va19% @

s COMPARE MARKETS US Europe Asia Currencies Crypto Futures Stocks Drop as Traders Brace for Trump's US Agen... * Bloomberg.com
. DowJones -0.86% S&P 500  -0.29% Nasdaq  -0.090% Russell  -1.77% VIX -1.74%
Y 439109 382.15 ¥ 598399 17.36 ¥ 19281.40 17.36 ¥ 239185 43.13 ¥ 14 0.26

@ a Netflix T

A

You may be interd stepéra tion
Adobe Inc $526.42
 Aoee |

B Micron Techfology Inc $104.10

A

Operation: TYPE
Value: Netflix

Search bar with

—@—»| MLLM | placeholder text

“Search for stocks,
ETFs & more”

/

Element description:

Visual Element Locator

N

!

Value 7
+$21.94 14.35% |

-~ * !
-$4.55 +v4.19% &

Location:
(0.50, 0.41)

Wang, Yiqin, et al. "Ponder & press: Advancing visual gui agent towards general computer control." arXiv preprint arXiv:2412.01268 (2024).
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Grounding

d Direct Grounding

» Efficient » Grounding accuracy is dependent
o » Easytoimplement 8 on the capabilities of LFMs
> .. > ...

d Inferential Grounding

» More accurate » Sophisticated mechanisms to
o element location Q locate the correct element
> ... > ...



Interacting

WebAgents need to interact with the target element using the generated actions.

_~ }

Web Browsing

1 Web browsing-based methods utilize typical actions that [
humans employ when navigating websites.

 Tool-based methods involve using additional tools, such Q\-
as APlIs, to interact with the webpages. o
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Interacting —Web Browsing

d AGENTOCCAM

Action Space Alignment 3. Plan via Generation

rLow-Embodiment Actions

. Obijective Objective
ﬁriginal Actions \ Objective J J
Yy,

)

\

Planning Tree

2. Disable Scrolling

Tab Operations 1. Avoid arbitrary scrolling.
2. Package atomic actions to higher-level operations.

N (Core Navigation Actions

[ ; :
Essential Actions itk go_back J| go_home*
Page Operations | :[el 10 ¢ click J scroll | type § go_back

go_forward ‘ *

. y,

1. Remove Non-essential Actions ' multsite tasks.  \"

Yang, Ke, et al. “AgentOccam: A Simple Yet Strong Baseline for LLM-Based Web Agents.” ICLR, 2024.

For Navigation

For Workflow Management

For Improved Decision-Making
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Interacting — Tool

d API-Calling Agents

Regardless of the interaction method with websites, there is no getting around the fact that these
sites were originally designed for humans, and may not be the ideal interface for machines.

50
. : User Input Web Browsing ﬁ
X;ill:lg ) OQO pr— 4 Accessibility Tree 40
Q Agent Output DQ q D
[ — ] o
API = 30
User Input API Calling = =
- o 0 N
[ AP;; ef:ed > &N o@ Y API Calls + Code §
AP
Q Agent Output D/\\( A JJ ;5 20
API Calls + Code
@ ———"—) Qo M Web Browsing ' Accessibility Tree
Q Agent Output D‘ '

Song, Yueqi, et al. "Beyond browsing: API-based web agents.” arXiv preprint arXiv:2410.16464 (2024).

Browsing
API-Based
‘ W Hybrid
Gitlab Map Shop Admin Reddit Multi Avg
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' Interacting — Tool

d API-Calling Agents

Song, Yueqi, et al.'

How many commits
did the user SaptakS

make to "allyproject"? |~

Web Browsing Traces. Failed after 15 steps.

API Calling via Python requests library

API
Documentation

| Attr:.bute | Type | Description |
| ~id® | integer/string | The ID or path of the project. |
| “since’ | string | Only commits after or on this date. |
| “until® | string | Only commits before or on this date. |

Output: JSON containing all commits that meet the given criteria.

'‘Beyond browsing: API-based web agents." arXiv preprint arXiv:2410.16464 (2024).

# Commits !

91



Interacting

d Web Browsing

» Align with human habit
Q » Universal
>

» Limited action space
> ...

d Tool-based Interacting
» Some webpages may not support

> More direct to interact the tool-based interaction
O with the webpage Q » LFMs need to learn how to utilize
> ... the additional tool

> ...
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