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Overall

* Training Stage
- Less Parameter: LoORA
- Less Data: Active Learning (SATR)
User Profiling (PROPER)
* Inference Stage
- Less Time: Speculative Decoding (SEED)
- Less Memory: KV-Cache Compression (SCOPE)
* Agent-Driven Autonomous Task Execution
- Less Human Intervention:
- WebWalker
- WebDancer



Training Stage

h | - Finetuning Large Language Models (LLM)
2 == AN from scratch 1s quite resource-intensive, given
the large number of parameters these models
Pretrained contain.
Weights - Parameter efficient fine tuning is introduced.

- However, task-specific/user-specific fine-
tuning also demands high-quality data.
- We propose parameter and data efficient fine
tuning:
- Active learning for task annotation
Figure 1: Low-rank adaptation. - Progressive learning for personalized LLM
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Training Stage

Model Training

Labeled Unlabeled
Dataset Dataset

Active learning for task annotation

Data Selection

« Expensive, time-
consuming, and
labor-intensive

Figure 2: Active Learning.
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Figure 3: Personalized LLM Training.



Training Stage

STAR: Constraint LORA with Dynamic Active Learning for Data-Efficient Fine-
Tuning of Large Language Models

Probe experiments reveals:

P
- A clear gap between the Unlabeled
Dataset
base model and LoRA
model ;
- Model calibration issue e el ]
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Figure 4: Overall of SATR.



Motivation: PROPER

* Current Large Language Models primarily offer a one-size-fits-all service.

* Personalized LLMs, tailoring the outputs to user-specific preferences, became a hot research

topic.

* Two types of LLM personalization methods: (1) prompt-based, (2) fine-tuning-based.

User profile User profile PEFT module

®{@@@ ®{l@@ 4

. Languag Lanuag
OclmS(Ee-0 oM
ode Model Model
Input Output Input Output

Fig. 1 (a) prompt-based personalized LLM, Fig. 1 (b) fine-tuning-based personalized LLM.




Fine-Tuning-based Personalized LL.Ms

* Pros: (1) data privacy, (2) better user behavior pattern generalization.

* Cons: (1) data scarcity for most of users (# avg tokens for task training 1s 20x of # avg tokens
for individual users).

* Solutions: introduce meso-level LLMs (group-level LLMs) to bridge the macro-level LLMs
(general LLMs) and micro-level LLMs (personalized LLMs).
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: ignoring meso-level
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Method

* A progressive learning framework, PROPER, consists of three stages: (1) population-level
adaptation, (2) group-level adaptation, (3) user-level adaptation.
* Enable automatic user grouping via LORAMOE and user-aware routers, while effectively

integrating user and group-level knowledge through a LoRA-aware router.
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Fig 3. Overview of the training process of PROPER.



Method

Stage 1 (Population-Level Adaptation):
* The update process of the feed-forward network (FFN) block in a Transformer can

L
be expressed as: P
o=Wzx=W,+ AWz vy
B®
* In the population-level adaptation stage, parameter updates are formulated as: W
b
0= Wy + & M) AP, /*\'
r A(p)\
* The population-level LoRA is trained via fine-tuning using the cross-entropy loss:
L, =)  CE{LLM(q],),r;} ,
 With the loss, Stage 1 parametersZ are learned and merged into the backbone \ 284 - ]

parameters for the next training stage: Stage 1:

Population-level adaptation

B®) AP — ar¢ nglzin L,

W, = W + B® 4@



Method

Stage 2 (Group-Level Adaptation):

Employing LORAMOE, represent each group with a LoRA experts:

|
O—WT—I—ZCUZB(Q)A( ) E ( ) {(1] o )
] &ng)’ ng) B;(g)

=1
Assign users to groups dynamically through a user-aware router: i/

| w y o T
; @& ﬁg)i ﬁ}nx DDD
w(x) = softmax(h), L ! 2 - R, &

h = softmax(zM,) + softmax(uM,,) L |

Constraint loss to encourage the router to assign distinct expert weights to [ ] l |
. Y] (N (.)

different users:

user embeddings

p— T pr— . . .
S(i,j) = Wu;Wu; Le= Z ‘S(Z,j)| Stage 2:

i2j Group-level adaptation

Learn Stage 2 parameters and merge into the backbone parameters with
similar process in Stage 1:

k
= ZCE{LLM(qﬂQg),m} j( 9) A( 9) _ = arg rrglzin Ly Wy=W,+ g ijBJ(.g)A;g)
- 9 7j=1



Method

Stage 3 (User-Level Adaptation): Lu
» Assign a unique LoRA to each user: | T |
0 = Wyz+ B A, 52 é T
5 . . B§"() 11
* A new LoRA-aware router that dynamically integrates group-level : — i
LoRAs and user-level LoRAs: b

|
—
-
O

Bu(x) = softmax(W;h,,) : R, gyl A0\l

hy, = LoRA, (), : N
* Learn Stage 3 parameters and merge into the backbone parameters I
with similar process in Stage 1&2: @ |

£ =" CE{LLM(¢”|29)), "},
i Stage 3:
B,(-’u): Ag'U) = arg n1(i1)1 L',/(j), User-level adaptation
' oy
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Experiments

Evaluation Dataset:
* LaMP benchmark
Baselines:
* Prompt-based
e In-Context-Learning (ICL)
* Retrieval-Augmented Generation
(RAG)
* Profile-Augmented Generation (PAG)
* Fine-tuning-based
* OPPU (kv, mlp)
« PROPER (Stage 1, 2, 3)

Input Output Profile
LaMP-1: Personalized Citation Identification
For an author who has written the paper with the title ( \ (T N
“ D ot . -
[TITLE] twhlch referer?ce is related? ' [ 1] title: [TITLE)
Just answer with [1] or [2] without explanation. abstract: [ABSTRACT]
L [1]: “[REF1]” [2]: “[REF2]" L )\ )
LaMP-2: Personalized Movie Tagging
( Which tag does this movie relate to among the following tags? ( B (rr —\
Just answer with the tag name without further explanation. L
tags: [sci-fi, based on a book, comedy, action, twist ending, comedy dacnpt»f)n. Lt
dystopia, dark comedy, classic, ...] description: [MOVIE] L )\ 15g: [TAG]
\
N N g J
LaMP-3: Personalized Product Rating
. e A (7 -\
What is the score of the following review on a scale of 1 to 57
Just answer with 1, 2, 3, 4, or 5 without further explanation. 4 text: [REVIEW]
review: [REVIEW] score: [SCORE]
\_ o _J “k¥ )
LaMP-4: Personalized News Headline Generation
. (" N\ (7 N
The Best Cheap ' )
Generate a headiine for the following article: [ARTICLE] "C"r']“eiljmﬁuc" title: (TITLE]
ines text: [ARTICLE]
L \ : J 3
LaMP-5: Personalized Scholarly Title Generation
s ( \ (7 S
Generate a title for the following abstract of a paper: [ABSTRACT] AWIONL;S(‘A" title: [TITLE]
abstract: [ABSTRACT]
- o J \\ J
LaMP-7: Personalized Tweet Paraphrasing
. e N\ (7 N
| hope so! what s )
Paraphrase the following tweet without any explanation before or time do you get
after it: [TWEET] out? | get out at text: [TWEET]
\ \ N | )

Fig 5. LaMP input & output examples.



Inference Stage

o e 1o ot 11 14 The token-by-token inference of large models
¢ A& Layeom I results in slower processing speeds, as each
= rem— B Gem— step of generation requires the use of the K'V-
e e — cache.
—— - Multi-output: ToT require independently
e °““ ) N MHSAA“‘J”“ (), traversing?r eqch brangh. This leads to an
St eoRle | s eecer eXponential increase in inference time due to
T 7 ’ the autoregressive nature of the model.
Lo 1w | w, | e L] Long-output: Long-form text leverage the
Input: [T 'like!, 'natural’, 'language’] Input: | "Processing] KV-cache to accelerate attention computationS,
(a) The prefilling stage (b) The decoding stage

results in a sharp increase in memory usage.

Figure 6: Autoregressive token-by-token generation
leveraging the key-value (KV) cache.



Inference Stage

Multi output

Long output

Thought Generator

State Evaluator

Figure 7: Tree of thoughts.

# K questions in order

Input:

Question 1: A basket contains 25 oranges among which 1 is bad, 20%
are unripe, 2 are sour and the rest are good. How many oranges are
good?

Question 2: A raspberry bush has 6 clusters of 20 fruit each and 67
individual fruit scattered across the bush. How many raspberries are
there total?

Question 3: Lloyd has an egg farm. His chickens produce 252 eggs
per day and he sells them for $2 per dozen. How much does Lloyd
make on eggs per week?

Question K:John buys twice as many red ties as blue ties. The red
ties cost 50% more than blue ties. He spent $200 on blue ties that
cost $40 each. How much did he spend on ties?

# K answers in order
Output:

25 is 25 x 0.20 = 5 unripe. --- The answer is 17.

= 120 raspberries --- The answer is 187.

dozen is 12 eggs, - - - The answer is $294.

Answer K: He spent $200 on blue ties that cost $40
each.- - - The answer is $800. &

Answer 1: There are 25 oranges in total. 1 is bad. 20% of

Answer 2: There are 6 clusters of 20 fruit each. So 6 x 20

Answer 3: Lloyd's chickens produce 252 eggs per day. A

Q

Approaching max
output length

Figure 9: Long-context Generation.
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Inference Stage

SEED: Accelerating Reasoning Tree Construction via Scheduled

GPU HEM @Target’ | Draft
1
7
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mo=gro-aricn pgo-w=-4
\
\
\
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(a) Serial (b) Serial SD (c) Scheduled SD  (d) Parallel

Figure 11: Illustration of four LLM execution
strategies for generating 3 sequences in
Reasoning Tree construction.
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Figure 12: Overall scheduling diagram of SEED.



Motivation

* When Large Language Models infer on long-context tasks, the Key-Value (KV) cache occupies

a larger amount of GPU memory and becomes a substantial bottleneck.

* Previous methods fall into two categories:
(1) The Prefill-Only compression method & memory pressure for long outputs

(2) The Unified compression method > fine-grained content eviction

Previous-Evicted (_]Current-Query [[ITT]sparse Info

0 1 Attention Weight
=@ 000 @ prefi-only =00 0070 ® unified
=@ @0 0-08 4 =@
=@ 08 8/-00-0008 =10

Cache Budget at t=T | I |2K+4aK Cache Budget at t=T ;EZK+O.5K
P D

Fig. I (a) The Prefill-Only Compression method, Fig. 1 (b) The Unified Compression method



Separating the Prefill and Decoding Phases

* Prefill Phase: Efficiently preserves essential information in the KV cache during the prefill.
* Decoding Phase: Enables optimized allocation of KV cache generated during decoding.

* Solutions: SCOPE, a simple yet efficient framework that Separately performs KV Cache
Optimization during the Prefill and dEcoding phases.

(JPrevious-Selected | i Current-Evicted [ JDense Info

Previous-Evicted [ _]Current-Query [[ILT]Sparse Info
0 1 Attention Weight

J

Fig. 1 (c) Separating the prefill and decoding phases

Cache Budget at t=T E;l 2K+0.5K

P D



Pilot Observation: KV Cache 1n Inference Perspective

Prefill Stage
The 20% compression rate during the prefill phase resulted in nearly 95% degradation in

accuracy on the GSM8k+ task within LONGGENBENCH.

Observations (i): For tasks that require specific
fine-grained context, such as reasoning tasks, ex-
cessive compression during the prefill phase sig-
nificantly compromises performance.

0 - VY SSRGS ST Ivn | B —

1.00 0.80 0.60 0.40 0.20 0.01
Prefill Cache Compression Ratio
Fig. 2 (a) Performances across various compression ratios during the prefill phase
on three tasks under the full decoding cache condition.



Pilot Observation: KV Cache 1n Inference Perspective

Decoding Stage

Across all three layers, the retained heavy hitters predominantly originate from the KV cache

generated during the decoding phase.

Laver O

Observations (ii): During the decoding phase of
long text generation, the use of the greedy algo-
rithm may lead to a deviation in heavy hitters.

WSemImMO @ O®OW CEE 000 ®  COOKD MINED SESNEDNOD WO SN

Fig. 2 (a) Position distribution of the heavy hitters, selected by top 15% attention
scores, at decoding steps 1, 300, and 500 across layers 0, 13, and 31.



Pilot Observation: KV Cache Budget Reallocation

Observations (i): For tasks that require specific
fine-grained context, such as reasoning tasks, ex-
cessive compression during the prefill phase sig-
nificantly compromises performance.

Observations (ii): During the decoding phase of
long text generation, the use of the greedy algo-
rithm may lead to a deviation in heavy hitters.




Pilot Observation: KV Cache Budget Reallocation
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:Answer_4: 1 Answer_11:
1Janet lays 16 eggs per day. : Carla downloads 200 GB.

1 She eats 3 for breakfast and bakes 4.for muffins, ! ' She downloads 2 GB/minute.

1 1

1 '

1 '

' L
1S0 she has 16 - 3 - 4 = 9 eggs left. : :So she downloads 200 / 2 = 100 minutes. : high
:She sells 9 eggs for $2 each. ' 140% of the way through, she has downloaded 40% of 200 GB. :
19x2 =18, - 1 40% of 200 is 80 GB.\nSo she has 200 - 80 = 120 GB left. '
'The answer is 18 . 11 It takes 20 minutes to download 80 GB. 1
:Answer_S: : :So it takes 120 / 2 = 60 minutes to download the rest. :

1 1+ 1 In total, it takes 100 + 20 + 60 = 180 minutes. 1
| mEm ' 1 low
1 1

1 The answer is

Fig. 2 (c) Attention heatmaps for layer 13 of a GSM8k+ sample in LONGGENBENCH and
details of the correspondence between attention scores and generated token positions.



Agent

Short-term memory

Long-term memory

Calendar ()

Calculator()

CodeInterpreter ()
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3
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Search ()

...more

Tools |e—

Agent > Planning

Action

Reflection

Self-critics

Chain of thoughts

Y

Subgoal decomposition




Agent

Agents: An Open-source Framework for Autonomous Language Agents

* Long-short Term Memory: Long-term memory implemented via
VectorDB + Semantic Search and short-term memory (working memory)

Planning Planning : maintained and updated by an LLM.
Web Web . . .
Navigation Navigation * Tool Usage: Use any external tools via function-calling.
9 Multi-Agent -2 * Web Navigation: Use search engines to navigate the web and get

7 o P ——— (a5 et Tool Use”  useful information.
ks 4 * Multi-agent Communication

e : * Human-Agent interaction

' :

* Symbolic Control: SOP (Standard Operation Process) that defines
subgoals/subtasks for the overall task to customize fine-grained

Human-Agent workflows for the language agents.

Interaction

Figure 16: Components in agents framework.


https://platform.openai.com/docs/guides/gpt/function-calling
https://platform.openai.com/docs/guides/gpt/function-calling
https://platform.openai.com/docs/guides/gpt/function-calling

Agent

Brief History of Web Agents

Book the cheapest one-way flight
from: NLG to: Brownsville, TX on
12/10/2016.

Book Your One-Way Flight

B s o e
S
Departure Date
Search
= 5 # Mind2Web #~ SeeAct
i @ MiniWoB(++) “H@ME [LLM, generalist, real websites] HH@TE [multimodal LLM, online eval]
O P Bl VisualWebArena
SeeClick
2017-2018 o 06/2023 el WebVoyger
WebShop Slﬁl?fngw Webfrena vaz':kLII\T;(na
[richer env] University [sandbox w/ real websites] Mind2Web-Live
Self-hosted fully functional web applicati

{or e, rod coor women i i it ket cou, d pece e
ot st ~ - .0
\5 vt
0% » ¢
Fjackets Real Lambskin Sherpa | S [ ]

Jacke(-x:a‘?:LeathevJacket ”ﬂﬁsfllﬂs]lﬂﬂ cMsS reddit GitLab

NP D2

Toolbox Knowledge resources

WebArena




Agent

Brief History of Web Agents

from: NLG to: Brownsville, TXon | | [EEESE R ca———— .
12/10/2016.
Book Your One-Way Flight
T
je———r
Departure Date
|
Search
v @~ Mind2Web "~ SeeAct
s @ MiniWoB(++) ﬂH@mf [LLM, generalist, real websites] HH@HTE [multimodal LLM, online eval]
0 07/2022 = 07/2023 s VisualWebArena
SeeClick
2017-2018 - o 06/2023 o 01/2024 WebVoyger
WebSho Carnegie  \ebArena WebLINX
ich - I{Tlr(:!ig?sitv [sandbox w/ real websites] WorkArena
fdle day 2 Mind2Web-Live
1f-hosted fully fi web application: o
e e C’: ‘.i;°
T s (. (" 7 “
See Also: Flackets Real Lambkin Sherpa Baten S '. @
Pix2Act i OneStopStop  cms  reddit  GitLab
AgentBench 2l
CogAgent ‘ . @ N @ < QP 2
RCI-Agent 3 - dedac oo —
Dual-VCR Environment: Increasingly broad, complex, and realistic

WebAgent



Agent

(NeurlPS’23) (ICML24

Generalist Web Agents: Mind2Web & SeeAc)t

n deno_

: Website: https://apple.com
iPhone 15 Pro Task: Compare iPhone 15 Pro Max with iPhone
Titanium. So strong. So light. So Pro. 13 Pro Max

iPhone 15

New camera. New design. Newphoria.




()

Does gpt-3.5-turbo support structured
outputs, like response_format: {type:
"lson_schemad", ...}?

...Yes, GPT-3.5-turbo supports
structured outputs.

X

We recommend always using Structured Outputs instead of JSON mode when possible.

However, Structured Outputs with response_format: {type: "json_schema", ...} isonly
supported with the gpt-4o-mini , gpt-40-mini-2024-07-18 ,and gpt-40-2024-08-06 model
snapshots and later.

STRUCTURED OUTPUTS JSON MODE

Outputsvalid  Yes
JSON

Adheres to Yes (see )
schema

gpt-40-mini, gpt-40-2024-08-06, and later

What is the latest publication written
by openai?

...OpenAl’ slatestresearch paperis
titted “PaperBench: Evaluating Al’ s
Ability to Replicate Al Research,”
published on April 2, 2025.

S

Research

Publication

OpenAl 03 and 04-mini System Card

OpenAl 03 and OpenA

Our updated Preparedness Framework

Sharing our updated framework for measuring and protecting against severe harm from frontier
Al capabilities.

Can not find information hidden

within deep webpages or the latest

updates.




Agent

How can an agent navigate across web pages to seek deep,

non-obvious information?

* Unlock the capability of persistent, multi-hop web
exploration

Q

WebWalker



Motivation

Key challenge in RAG:
Traditional online search may not trace the
Deeper content embedded within website.

When is the paper submission
) deadline for the ACL 2025
J Industry Track, and what is
the

4

— https://2025.aclweb.org/

N
https://2025.aciweb.org/ \

Click "Calls" / \ Click
7\

-
000|[. in_conference_papers/|

- N\
©® © @ [ nttps://2025.aclweb.org/venue/

EL cois  Pogam  Committees  Venue  Blog

CALL FOR

Main Conference Papers
Student Research Workshop
System Demonstration
Tutorials

Industry Track Papers

\ J

EL cais  Pogram  Committees  Venue  Blog

Venue

Conference Venue
The Conference itself will be held at the Austria Center \

* Address: Bruno-Kreisky-Platz 1, 1220 Wien, Austria

Click "Industry
P Track Papers" ¥ 8
[ (@] .../calls/industry _track/

EL cais  Pogam  Committees  Venue  Blog

IMPORTANT DATES

IPaper submission deadline: 21 March 2025I

Notification of acceptance: 07 May 2025

WebWalkerQA

Difficulty level: medium

\ J

-

Domain: conference

J




Motivation

How to solve it:

Interacting with the web pages and digging through
them can effectively address deep information
seeking.

.
We constrain actions to cli - to evaluate
the agent’s navigation and information-seeking
capabilities.

 We propose Web Traversal task.

* We construct a challenging benchmark,
WebWalkerQA.

 To tackle the challenge of web-navigation
tasks requiring long context, we propose
WebWalker.

Click "Calls” /\ Click
) P

N

~
© [ ] |__,.. i ._conference_papers/l
EL cois  Pogam  Committees  Venue B log =4 o
Venue
CALL FOR
Main Conference Papers Confer Ve
Student Research Workshop Conft stri
System Demonstration Wier
Tutorials
Industry Track Papers
\ \ J
Click "Industry
Track Papers" ¥
e B
] @] ../calls/industry _track/
EL cais  Pogam  Committees  Venue  Blog we bwa I ke rQ A
IMPORTANT DATES
IPaper submission deadline: 21 March 2025]
Notification of acceptance: 07 May 2025 D |fﬁcu|ty |eVe| . med,'um
Domain: conference




Datasets WebWalkerQA

Language Format | Depth | Width | Hop | # Pages
Mind2Web (Deng et al., 2023) En Multi-choice X X X 100
WebArena (Zhou et al., 2024a) En Action X X X 6
AssistantBench (Yoran et al., 2024) En QA X v v 525
MMInA (Zhang et al., 2024c) En Action X v v 100
GAIA (Mialon et al., 2024) En QA X v v -
WebWalkerQA | En&Zh | QA Ba e ek

Comparison between WebWalkerQA and other
benchmarks.



Datasets WebWalkerQA

0 0
Q__ s
Singl ORoot ——o @ }
— 1Single- source! oot page
Traverse 1 1 Querv Manua
SN ‘_Q ______ 1 Oz3n: :e"e: Page| Generation @ @ Annotation
URL Tree s e

4th level page
\ J

(a) Root Official Website (b) Sublinks and Subpages (c) Synthetic QA-Pairs (d) Verified QA-Pairs

Data Generation Pipeline for WebWalkerQA.



Datasets WebWalkerQA

Single-source QAs Multi-source QAs Language Distribution Domain Distribution
Domains
% dﬁ\o % Languages 24.0%  21.9% Conference

g gp O/% i English G Education

. o 60.5% i o %

Easy | Medium | Hard | Easy | Medium | Hard Chinese . Organization
i Game

80 | 140 | 120 | 80 | 140 | 120

Dataset statistics on difficulty level. Language and domain distribution.



Datasets

Web Traversal Task:

When is the paper submission
) deadline for the ACL 2025

Given an initial website URL and a query Q, which needs to be =" Industry Track, and what is
answered by exploring the website. The goal of this task is to ?
gather enough information through page traversal to ultimately = https://2025.aclweb.org/

answer the query Q.

Evaluation:

The paper submission deadline for
the ACL 2025 Industry Track is

M h 21, 2025 and th
Correctness -> acc. Evaluated by GPT-40 T TN e
Efficiency -> Action count of successful agentic executions




Methods

WebWalker: a multi-agent framework

Explorer
Agent

Action |

Observation |

Think then Explore
ReAct format

g+g

Explorer Critic
Agent Agent

WebWaIker@

Critic
Agent

Think then Critique

Motivated by pair programming



Methods

@
@_®
ghe
WebWaIker@

Explorer
Agent

~

(..&Thought

Action
@) 9 =
Robservation]

Critic
Agent

o

i

o0 Thought

"e"o“
{!/’ Memory

E

When is the paper submission deadline for the ACL 2025
' Industry Track, and what is the ?

= https://2025.aclweb.org,

Step1l .

Sy

%?L»

I need to first know the ....)
DDL information, it should
be in the "calls".

Click "Calls"====+=»

200°
=598

. &
_® E = .(“2/ {")Nu useful information on this_ {
g No memory updates. """ page the button “Industry

Track Papers” may be useful.

@sressn

Step2

»
I'need check information about Click "Industry ...
DDL through click “Industry  ****>  Track Papers™ " Y

Track Papers”.

=598
® ® <_u/. E;)The details about the Industry
susx @ | nOWknow that the DDL f°’< ... Track Papers provided on this <
industry track is March 21, page help in answering the
. 2025 question.
Step3
S
CJ
Ineed to locate the venue . 'Click >"

address, which should be
found under "venue."

& )

& &
_® E en-n !MOW know that the DDL for >
g industry track is March 21, 2025

I

" address: Bruno-Kreisky-Platz 1.
o Itis now clear to me that the
address is Bruno-Kreisky-Platz 1

v

The paper submission deadline for the ACL 2025 Industry Track is March
21, 2025 and the conference will be held in 4

® © @ [.Lcalis/main_conference_papers/

A4 y

e
® © @ [_https://2025.aclweb.org/

CALL FOR

Main Conference Papers
Student Research Workshop
System Demonstration
Tutorials

Industry Track Papers

000 Jeallsfindustry_track/

EL oo poown Comitess i o0

IMPORTANT DATES

Paper submission deadiine: 21 March 2025

Notification of acceptance: 07 May 2025

® © @ |_nitps:/12025 aciweb orglvenue/

The page includes the specific .}«

VB et fooen Conntim e B

Venue

Conference Venue
The Conferance self i be heid s the Austra Center .

« Address: Bruno-Keisky-Patz 1, 1220 Wien, Austia

%’O

Explorer Critic
Agent Agent

WebWaIker@

&

The explorer agent traverses the web
pages in Thought-Action-Observation
(T, A, O) paradigms.

@

=)

The critic agent updates the memory
until sufficient information is
accumulated to effectively address the

query.



Methods g‘ ®
.|.

Explorer Critic
Agent Agent

WebWalker @
“wWebWalker

& Memory

No Memory

Website

https://2025.aclweb.org/

2Query

When is the Industry Track paper submission deadline for ACL 2025, and what is the venue address?

Start!!!!



Agent

February 2, 2025

Introducing deep research

Try on ChatGPT 2




@® @ ChatGPT4o -
Supply chain challenges
logies (Al, ion, etc.)

Impact of i ion and

Sustainability and ethical retailing Also, do you need a global perspective, or should the focus
be on a specific region?

All, global perspective

[©) I'll compile a detailed research report on how the retail industry has transformed over the past
three years on a global scale. This will cover:

The rise of e-commerce and shifts in brick-and-mortar retail

Changes in ior and exp

Supply chain disruptions and adaptations
The role of Al, automation, and emerging technologies

The impact of i ion and jic fl ions

Sustainability and ethical retailing trends

I'll structure the report with bullet points and tables where necessary to enhance clarity. I'll let you
know once it's ready for review.

Searched for retail foot traffic 2022 ... 3 sources
C—

Message ChatGPT
0 Attach @) Search P Deep research

ChatGPT can make mistakes. Check important info.

Activity 3 Sources X
global retail sales, which is projected to
increase to 22.6% by 2027.

Considering potential access issues.

Q Searched for Statista e-commerce share
data

@ | reviewed e-commerce share data for the
US from 2019 to 2023, noting a peak around
2020 and stabilization in subsequent years.
Also, | looked into global e-commerce
trends, particularly China's significant
influence.

© Read oberlo.com
@ OpenAl i { holds a dedication to

ethical research and the well-being of all
individuals.

Q hed for global share 2019
vs 2020

@ Checking for trends in e-commerce share
growth from 2019 to 2020.

@ Read trade.gov

@ I'm thinking through the impact of global e-
commerce growth on brick-and-mortar
stores, noting trends like store closures and
shifts ich | i
experiential retail, and smaller stores.

Q Searched for retail foot traffic 2022 rebound

@

Deep Research is currently in Alpha.




Agent

How to build a web agent like Deep Research from scratch?
* unlock the autonomous multi-turn information seeking
agency

WebDancer



Pipelines

Step I: Construct diverse and challenging deep information seeking QA pairs
based on the real-world web environment;

Step II: Sample high-quality trajectories from QA pairs using both LLMs and
LRMs to guide the agency learning process;

Step III: Perform fine-tuning to adapt the format instruction following to
agentic tasks and environments;

Step IV: Apply RL to optimize the agent’s decision-making and generalization
capabilities in real-world web environments



Datasets

Previous training datasets are relatively simple and do not capture the
real-world challenges.

/  CRAWLQA h
I — Which game ranked fourth in the Godot XR
: st = Q Game Jam February 2025 but was not featured

in the 2024 Godot Games showreel?
- S - -
| = | 00080 —s @
1
i AA\A
1
1
1
1

E E ﬁ A Keziah’s House

Source Page Exploration Synthesis
e |
1 EZHQA In 2010, who received an esteemed award named after :
I a technology pioneer, honoring their significant |
| . In 2010, an acc?lade . contributions to fuzzy logic, particularly in the
: Who received the namgd‘after.a pioneer in realm of intelligent digital technologies and 1
i IEEE Frank artificial intelligence industrial processes, utilizing a system noted for |
i Rosenblatt Award was awarded .. Who was the complex reasoning as opposed to traditional binary !
| in 2010? recipient of this award? —> logic, and different from the Mamdani approach? :
I

1
1
| 3 5 N !
! Q1 Q2 Qn Qn+1 ,
1
. y V \v y \v !
|
: @ @ R !
4 4 4 1
: a-IJ —_ @ _, @ oes —_— @ Michio Sugeno |
1
\
!
\ S(C) S SC) ’
\ ’
~



Datasets

CRAWLQA

Which game ranked fourth in the Godot XR
:}_ Q Game Jam February 2025 but was not featured

QEJ in the 2024 Godot Games showreel?
B\ R | [ [ N ),
E ﬁ‘% A Keziah’s House

Source Page Exploration Synthesis

Mimic human behavior by systematically clicking and collecting
subpages accessible through sublinks.



Datasets

EZHQA In 2010, who received an esteemed award named after
a technology pioneer, honoring their significant
In 2010, an accolade contributions to fuzzy logic, particularly in the
Who received the named after a pioneer in realm of intelligent digital technologies and
IEEE Frank artificial intelligence industrial processes, utilizing a system noted for
Rosenblatt Award was awarded .. Who was the complex reasoning as opposed to traditional binary
in 2010? recipient of this award? —> logic, and different from the Mamdani approach?

01 o) Qnis

relyge
._, ._,. _, ) Michio Sugeno

\ S(C) S() SC)

Rewrite simple questions into more complex, challenging ones
systematically .



Methods

(I)SFT (II)RL
KL
. V2 Model r 4,
CRAWLQA LLM Policy o 2 Group .
E2HQA & )} : | : Computation :
y Reward AV, A
Tool Call & Calculation G G
Rollout Reward Advantage

Task input

<tool_response>

A Google search for 'Godot XR...

</tool_response>

@ short coT
thought Ao
3% Long CoT

<think>thought</think>
<tool_call>action</tool_call> *K
<tool_response>obs</tool_response>

<think>thought</think>
<answer>answer</answer>

Question 8

Which game ranked
fourth in the

Godot XR Game Jam
February 2025...?

Q

LLM Policy

b &

Tool Call

<think>To answer...</think>
<tool_call>

{"name": "search", "arguments"...
</tool_call>

—_

<think>Emm...</think>

<tool_call>

"name": "search", "arguments"...
</tool_call>
<tool_response>...</tool_response>
<think>The first search...</think>
<tool_call>

"name": "visit", "arguments"...
</tool_call>
<tool_response>...</tool_response>

<answer>The game that...</answer>
= Output Rollout



Demos

& Chatbot Agents
WRE—1 Agent

Agent@SEARCH

-
Agent@SEARCH
REMMBERAR FIEIES (SEARCH), 8
BERIBE, RLRAY

i

& search & visit

= WA

ST EREHE S
MMM EE B AE

3 = RERA2026 5 M U FNHIRE

HIETRFIRTENRIREESE, WEREREN
LSRG TMERAER, HEBMHNNHES

BAHREENA IS RN
ATERCBMIRNSRER
EZRCHENSEFESERRO KT
SREFFIBT THERARNEES
ERSRIEE R RRE

On June 6, 2023, an article by Carolyn Collins Petersen was published in Universe Today. This article mentions a team that produced a paper about their observations, linked at the bottom of the article. Find this paper.
Under what NASA award number was the work performed by R. G. Arendt supported by? AERAE (ARE) NERZRIMENEN

& R EE

Wi API{EF & - {£F Gradio i € - Settings &




WebAgent

WebAgent for Information Seeking built by Tongyi Lab, Alibaba Group @

§ GITHUB TRENDING
%, & #1 Repository Of The Day

& WebSailor-3B | % ModelScope WebSailor-3B |

& WebDancer-QwQ-32B | % ModelScope WebDancer-QwQ-32B | & WebWalkerQA

@ WebAgent

RWV)={ulav ey,
(u,v)€ Ror
(v.u) € R}

e o o

WebWalker ‘WebDancer WebSailor WebShaper genemf‘Resea’rcﬁ Agone
202501 202505 202507 202507
You can check the paper of WebDancer and WebWalker and WebSailor and WebShaper.
1 GITHUB TRENDING . .
%, -« #1 Repository Of The Day https://github.com/Alibaba-NLP/WebAgent

If you like our project, feel free to give us a »< on GitHub!



Thanks for watching!
QA



