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Abstract001

Information-seeking (IS) agents have achieved002
strong performance across a range of wide003
and deep search tasks, yet their tool use re-004
mains largely restricted to API-level snippet005
retrieval and URL-based page fetching, limit-006
ing access to the richer information available007
through real browsing. While full browser008
interaction could unlock deeper capabilities,009
its fine-grained control and verbose page con-010
tent returns introduce substantial complexity011
for ReAct-style function-calling agents. To012
bridge this gap, we propose Nested Browser-013
Use Learning (NestBrowse), which introduces014
a minimal and complete browser-action frame-015
work that decouples interaction control from016
page exploration through a nested structure.017
This design simplifies agentic reasoning while018
enabling effective deep-web information acqui-019
sition. Empirical results on challenging deep IS020
benchmarks demonstrate that NestBrowse of-021
fers clear benefits in practice. Further in-depth022
analyses underscore its efficiency.023

1 Introduction024

Information-seeking (IS) agents (Team, 2025c;025

x.ai, 2025; AI, 2025; Team, 2025a; Gemini, 2025),026

powered by large language models (LLMs) have027

achieved strong performance on a variety of chal-028

lenging wide and deep search tasks (Mialon et al.,029

2023; Wei et al., 2025; Zhou et al., 2025; Xbench-030

Team, 2025; Wong et al., 2025). These agents031

typically follow a ReAct-style function-calling032

paradigm (Yao et al., 2023), interleaving reasoning033

with tool invocation to incrementally gather and034

process evidence. While IS agents can, in princi-035

ple, leverage a wide range of external information036

sources, most existing systems primarily rely on037

the web, which remains the most comprehensive038

repository of publicly accessible knowledge1.039

1Unless otherwise specified, IS agents in this work refer to
text-only, ReAct-style LLM-driven systems that use the web
as their information source to gather evidence.
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Figure 1: Performance of the proposed NestBrowse on
the challenging deep IS benchmark BrowseComp.

Most existing IS agents (Wu et al., 2025a; Li 040

et al., 2025c; Tao et al., 2025b; Zhao et al., 2025; 041

Tao et al., 2025a; Li et al., 2025a) model IS with 042

two tools: search, which retrieves query-related 043

URLs, titles, and snippets, and a goal-conditioned 044

visit, which fetches the Markdown content of a 045

given URL. While effective for shallow IS, this ab- 046

straction provides only partial access to the web. In 047

practice, substantial information and functionality 048

are exposed only through browser-level interac- 049

tions or state changes, including client-side render- 050

ing, dynamic content loading, form-mediated work- 051

flows, multi-step navigation, and page-internal on- 052

line functionalities that go beyond static content 053

retrieval. Such content is neither reliably surfaced 054

by search engines nor recoverable via a single static 055

URL fetch, rendering IS formulations based solely 056

on search and visit inherently incomplete. 057

Recent work (OpenAI, 2025a; Team, 2025a; 058

Wang et al., 2025) has explored equipping IS agents 059

with real browser interactions. However, there is no 060

widely adopted standard for modeling browser ac- 061

tions, and the inherent complexity of browser-use 062

makes it challenging to abstract diverse interac- 063

tion patterns into a tool interface suitable for IS 064
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agents (Yu et al., 2025; Hu et al., 2025). Moreover,065

browser pages often contain large amounts of raw066

and highly redundant information. For ReAct-style067

IS agents, naively injecting all browser outputs into068

the context is suboptimal due to excessive redun-069

dancy (Kerboua et al., 2025; Wu et al., 2025c; Fang070

et al., 2025), and can be impractical when indi-071

vidual pages exceed feasible context limits. Con-072

sequently, how to design a simple yet complete073

browser toolkit, together with an effective interac-074

tion paradigm that enables IS agents to use such075

tools efficiently, remains an open challenge.076

To address this challenge, we propose Nested077

Browser-Use Learning (NestBrowse), which con-078

sists of three key components. (i) We design a079

minimal yet functionally complete browser toolkit080

that provides four core actions, search, visit,081

click, and fill, enabling comprehensive web in-082

formation access with low tool complexity. (ii)083

Building on this toolkit, we introduce the Nested084

Browser-Use Framework that decouples browser085

interaction into an outer loop of tool-integrated rea-086

soning and an inner loop of intra-page exploration,087

enabling controlled and incremental information088

flow into the agent’s context under practical con-089

text constraints. (iii) Finally, we develop a multi-090

task imitation learning formulation that internalizes091

these nested browser-use capabilities into a single092

IS agent model by jointly training outer-loop rea-093

soning and inner-loop evidence extraction.094

Building on the proposed NestBrowse, we095

train two IS agent models at different scales,096

namely NestBrowse-4B and NestBrowse-30B-097

A3B. Across four highly challenging deep IS098

benchmarks in both English and Chinese, both099

models exhibit consistently strong performance.100

These results support a key insight for IS tasks:101

with appropriate browser tool abstractions and in-102

teraction strategies, small-scale agent models can103

acquire effective browser-use capabilities and suc-104

cessfully solve complex deep IS problems.105

2 Related Work106

Tool-Integrated Reasoning. Tool-integrated rea-107

soning (TIR) equips models with external tools and108

enables them to interleave reasoning with tool in-109

vocation to solve complex tasks (Lin and Xu, 2025;110

Xue et al., 2025). By extending capabilities beyond111

parametric knowledge, this paradigm supports ef-112

fective problem solving in settings that require in-113

formation access, or external computation.114

Prior work has identified several common prin- 115

ciples for effective TIR (Shen, 2024; Liu et al., 116

2024b), with tool interface design playing a cen- 117

tral role (Patil et al., 2024). In particular, toolkits 118

are typically kept minimal and low in complexity 119

to reduce decision burden (Shen et al., 2023; Qin 120

et al., 2024), avoid confusion during reasoning, and 121

maintain efficiency and smooth information flow 122

between tool execution and subsequent reasoning 123

(Deng et al., 2023; Liu et al., 2023). 124

Motivated by these principles, we note that the 125

diversity of low-level browser operations makes 126

naive action aggregation impractical. We there- 127

fore propose a minimal yet functionally complete 128

browser toolkit and the Nested Browser-Use Frame- 129

work to enable effective and efficient agentic rea- 130

soning over compact, goal-aligned page content. 131

Deep Information Seeking. Deep information- 132

seeking (IS) tasks (Wu et al., 2025b; Wei et al., 133

2025; Zhou et al., 2025; Xbench-Team, 2025) re- 134

quire agents to acquire and integrate hard-to-find 135

information from external sources through iterative 136

reasoning and exploration. Unlike conventional 137

multi-hop QA (Yang et al., 2018; Ho et al., 2020), 138

where explicit entities and intermediate clues are 139

provided, deep IS tasks begin from vague or under- 140

specified prompts and demand that agents actively 141

infer latent clues, entities, and relations. This pro- 142

cess can be viewed as the incremental construction 143

of an implicit entity-relation graph (Li et al., 2025c; 144

Tao et al., 2025b; Li et al., 2025a), driven by hy- 145

pothesis generation, evidence gathering, and veri- 146

fication. Such a detective-style reasoning process 147

poses substantial challenges, even for humans. 148

Accordingly, IS agents interleave reasoning with 149

information acquisition to gather task-relevant evi- 150

dence. Prior work largely focuses on web-based IS 151

agents using ReAct-style tool invocation (Wu et al., 152

2025b,a; Qiao et al., 2025; Team, 2025c), where 153

a key challenge remains the design of effective 154

interaction abstractions and tool-use strategies. 155

In this work, we address these challenges by 156

introducing a practical methodology that enables 157

IS agents to leverage more realistic browser-based 158

interactions, allowing them to acquire more com- 159

prehensive and better-structured web information 160

for solving complex deep IS tasks. 161

3 Nested Browser-Use Learning 162

In this section, we first present a minimally com- 163

plete browser toolkit (§3.1), followed by the nested 164
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browser-use framework that enables IS agents to165

efficiently leverage this toolkit for web information166

acquisition (§3.2). We then introduce a multi-task167

imitation learning paradigm to internalize IS and168

browser-use capabilities into a base model (§3.3).169

3.1 Minimally Complete Browser Toolkit170

We model a headless browser backend2 using Play-171

wright to enable programmatic interaction with172

real web pages. Each webpage is parsed from raw173

HTML into a semantic DOM snapshot, which pre-174

serves identifiers of interactive elements for subse-175

quent actions while presenting page content in a176

structured, LLM-readable form.177

To abstract browser interactions into tools usable178

by IS agents, we partition web information into two179

categories, I = Istatic ∪Idynamic: (i) static informa-180

tion Istatic, accessible through a single page load181

without in-page interaction; and (ii) dynamic in-182

formation Idynamic, exposed only via browser-level183

interactions such as client-side rendering, incre-184

mental loading, or user-triggered actions. Main-185

stream IS tool abstractions focus on query-based186

retrieval (search) and page-level fetching (visit),187

which suffice for Istatic but provide limited access188

to Idynamic. At the same time, overly fine-grained189

browser tool formulations are undesirable, as in-190

creased action-space complexity substantially am-191

plifies the decision burden for IS agents (Xu et al.,192

2025), hindering efficient information acquisition.193

Accordingly, we balance functional complete-194

ness for web information access with minimal195

tool complexity, and propose a minimally complete196

browser toolkit consisting of four tools:197

• search: Performs batched Google queries198

and returns the top-10 ranked results for each.199

• visit: Fetches webpage from a URL and200

extracts information relevant to the given goal.201

• click: Interacts with a clickable element, po-202

tentially triggers a page transition, and ex-203

tracts content relevant to the given goal.204

• fill: Types text into form fields or other ed-205

itable elements within the current page.206

The search and visit tools follow the standard207

tool configurations adopted by most existing IS208

agents and serve as the primary means for access-209

ing static information Istatic. To cover the full spec-210

trum of dynamic information Idynamic, we intro-211

duce two additional browser actions, click and212

2Notably, our setup considers only textual page content
and does not incorporate any visual information.

fill. Together, these four tools complete the in- 213

formation access pathway for web-based IS agents, 214

ensuring functional completeness while introduc- 215

ing only two additional actions and keeping tool 216

complexity within a highly usable range. 217

It is worth noting that operations such as 218

scrolling and in-page search, which are commonly 219

included in existing browser toolkits, are omitted 220

in our design; the rationale is discussed in §3.2. 221

3.2 Nested Browser-Use Framework 222

Why Nested Browser-Use Matters. Although 223

the proposed browser toolkit enables functionally 224

complete access to web information, raw page con- 225

tent is often highly redundant. A single page can 226

easily exceed 64K tokens and may even surpass 227

1M tokens, rendering it infeasible for IS agents 228

operating under typical context limits of 128K or 229

256K (Liu et al., 2024a; Yang et al., 2025). Trun- 230

cating overlong pages is a common workaround 231

(Wu et al., 2025a; Li et al., 2025c), but inevitably 232

risks discarding relevant information. 233

From a goal-driven perspective, the objective of 234

an IS agent is to acquire only the subset of page 235

information necessary to resolve a task goal g. For 236

a visited page with content P , only a small subset 237

Pg ⊂ P is goal-relevant, while most contentP\Pg 238

is extraneous. Injecting full page content into the 239

agent’s context wastes token budget and impairs 240

subsequent reasoning. Accordingly, we exclude 241

scrolling and in-page search, as they merely limit 242

content exposure per page read without improving 243

goal-directed information acquisition, resulting in 244

inefficient browser-use for IS tasks. 245

How Nested Browser-Use Works. To bridge 246

the gap between browser-use and IS tasks, we de- 247

couple browser interaction into an outer loop of 248

tool-integrated reasoning and an inner loop of goal- 249

driven page exploration. This framework is termed 250

nested since the inner loop is fully contained within 251

specific outer-loop tool invocation (Figure 2). 252

The outer loop follows a standard ReAct-style 253

function-calling paradigm. Let the agent context 254

at outer-loop step t be ct, and let T denote the 255

browser toolkit. The agent operates by 256

(at, ηt) ∼ pθ(· | ct), at ∈ T , (1) 257

where pθ denotes the parameterized IS agent model, 258

at is the selected tool at step t, and ηt includes tool 259

arguments. Executing the tool produces a response 260

rt = Exec(at, ηt), (2) 261
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Outer-Loop Agentic Reasoning
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search

Assistant

... Assistant call visit ...

... Assistant Think ...

Visit URL: “https://openreview.net”
Visit Goal: “Find the NeurIPS Venue”

visit
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[“Openreview”] 
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click ← id, goal
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Inner-Loop Page Exploration
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Think ...

... Useful Info

Workspace ...

Browser Toolkit

... Assistant 

Think ...

... Useful Info

Workspace ...
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Top-10

According to Openreview.net, 

at the NeurIPS 2022 Venue, 

how many papers by an author 

named Yuri were accepted with 

a “certain” recommendation?

Task Initialization

Figure 2: Overview of the Nested Browser-Use Framework. The outer loop interleaves reasoning and tool calls to
solve the user task. Page-transition actions (visit or click) trigger an inner loop for intra-page exploration, which
extracts and returns goal-relevant content to the outer loop, forming a nested interaction structure.

which is appended to the agent’s context to form262

the agent state for the next reasoning step,263

ct+1 = Update(ct, at, ηt, rt). (3)264

The outer loop repeats until a task-level termina-265

tion condition is satisfied, including successful task266

completion or predefined resource constraints (e.g.,267

sequence length or the number of tool calls).268

When the invoked tool transitions the agent into269

a new page, an inner loop is instantiated for intra-270

page exploration. Let gt denote the goal passed271

from the outer loop, and let P denote the raw tex-272

tual content of the visited page. We partition P into273

a sequence of segments {Pi}Ni=1 and explore them274

incrementally under a goal-driven procedure. Con-275

cretely, the agent maintains a temporary workspace276

W initialized as ∅ and iteratively updates it as277

W ←W ∪ f(Pi, gt), (4)278

where f(Pi, gt) extracts information from segment279

Pi that is relevant to the goal gt. Only goal-relevant280

content is accumulated inW , while irrelevant seg-281

ments are discarded. The inner loop terminates282

once the exploration of all the segmented page con-283

tent is complete. The interaction between the outer284

and inner loops is formalized by defining tool exe-285

cution via inner-loop aggregation. Specifically,286

Exec(at, ηt) =

{
W⋆(gt,P), if at ∈ Tpage,

Execbase(at, ηt), otherwise,
(5)287

whereW⋆(gt,P) denotes the workspace produced 288

upon termination of the inner loop under goal gt 289

on page P , and Execbase corresponds to standard 290

execution for tools that do not induce page tran- 291

sitions. Here, at denotes the tool selected by the 292

agent at outer-loop step t, and Tpage denotes the sub- 293

set of tools that initiate a transition into a new page, 294

which in our design includes visit and click. 295

As a result, the outer loop receives a compact 296

and goal-aligned3 response rt =W⋆ instead of the 297

raw page content P , reflecting the core design of 298

the Nested Browser-Use Framework and enabling 299

controlled information injection for subsequent rea- 300

soning and action. During execution, the agent’s 301

outer-loop is serialized in a structured format: 302

free-form reasoning is enclosed within <think> 303

and </think> tags, tool invocations are wrapped 304

by <tool_call> and </tool_call>, and tool re- 305

sponses are encapsulated using <tool_response> 306

and </tool_response>. For the inner loop, 307

the temporary workspace is enclosed within 308

<useful_info> and </useful_info> tags and re- 309

turned as the interface to the outer loop. 310

3.3 Multi-Task Imitation Learning 311

Task and Supervision Sources. Comprehensive 312

browser-use capabilities are best elicited under 313

challenging IS tasks. Simple single-hop or multi- 314

hop QA training sets (Yang et al., 2018; Ho et al., 315

3For this reason, our browser tools that introduce new
pages explicitly take the goal as an input parameter.
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2020; Hendrycks et al., 2021) are insufficient for316

this purpose, as they can often be solved with only317

one or a few search queries, without requiring sub-318

stantive browsing or reasoning. Accordingly, we319

adopt SailorFog-QA-V2 (Li et al., 2025b) as our320

primary training task. SailorFog-QA-V2 is a high-321

quality QA set specifically designed to induce com-322

plex browsing behaviors, requiring both effective323

tool use and multi-step reasoning from IS agents.324

Quality Filtering via Rejection Sampling. We325

construct trajectories following the procedure de-326

scribed in §3.2. Because interleaving reasoning327

with browser interaction constitutes a challenging328

agentic capability, and model rollouts do not al-329

ways exhibit the desired behavior. To encourage330

correct agentic browsing, we apply rejection sam-331

pling (Wu et al., 2025a) to the generated trajecto-332

ries, retaining only high-quality trajectories that333

satisfy predefined criteria while discarding those334

that exhibit incorrect or undesirable patterns. This335

filtering biases supervision toward effective brows-336

ing and reasoning behaviors, avoiding the internal-337

ization of spurious patterns. Specifically, we apply338

rejection based on the following three criteria:339

◦ Format violations. Trajectories that do not ad-340

here to the required output format are discarded,341

such as failing to enclose reasoning content within342

<think> and </think> tags.343

◦ Tool-call hallucinations. We reject trajectories344

that contain invalid tool names or tool arguments345

that cannot be correctly executed.346

◦ Incorrect final answers. We assume that only347

trajectories leading to a correct final answer pro-348

vide meaningful supervision for learning agentic349

browsing and reasoning behaviors, and thus discard350

trajectories with incorrect outcomes.351

Notably, we do not apply additional rejection352

criteria to intermediate reasoning or browsing steps.353

This choice preserves diversity in the supervision354

signal and avoids over-constraining agent behavior355

with brittle, manually specified rules.356

Multi-Task Imitation Learning Objective. Be-357

cause the proposed Nested Browser-Use Frame-358

work naturally induces multiple learning objectives,359

training an IS agent requires a multi-task learning360

formulation. Specifically, the outer loop aims to361

derive the final answer through interleaved reason-362

ing and tool use, while the inner loop focuses on363

extracting goal-relevant evidence from pages and364

incrementally maintaining a temporary workspace.365

We first define an outer-loop imitation objective 366

over accepted agent trajectories constructed follow- 367

ing §3.2. Each trajectory consists of a sequence 368

of outer-loop steps indexed by t, where the agent 369

observes a context ct and produces a serialized con- 370

tinuation that includes reasoning, tool invocations, 371

and tool responses. We optimize a token-level neg- 372

ative log-likelihood objective: 373

Lout(θ) = E

[∑
t

∑
j

− log pθ(yt,j | ct, yt,<j)

]
,

(6) 374

where pθ denotes the parameterized IS agent model 375

and yt,j denotes the j-th token in the target serial- 376

ized IS agent output at step t (Chen et al., 2023). 377

For the inner loop, we supervise the agent model 378

to generate goal-relevant evidence extracted from 379

each page segment and written into the temporary 380

workspace. Let Pi denote the i-th segment of a 381

page and gt the goal passed from the outer loop. 382

The inner-loop objective is defined as 383

Lin(θ) = E

[∑
t,i

∑
j

− log pθ(ut,i,j | ht,i,j)

]
,

(7) 384

where ht,i,j denotes the context consisting of the 385

goal gt, page segment Pi, and previously generated 386

tokens ut,i,<j , and ut,i,j denotes the j-th token of 387

the extracted goal-relevant content for segment Pi. 388

We jointly optimize the two objectives using a 389

weighted multi-task loss: 390

LMT(θ) = λout Lout(θ) + λin Lin(θ), (8) 391

where λout and λin balance trajectory-level super- 392

vision between outer-loop agentic reasoning with 393

tool use and inner-loop goal-driven page explo- 394

ration and evidence extraction4. Through this multi- 395

task objective, nested browser-use capabilities are 396

jointly trained within a single IS agent model. 397

4 Experiments 398

4.1 Setup 399

Benchmarks. We evaluate NestBrowse on a set 400

of widely recognized and highly challenging deep 401

IS benchmarks. Specifically, we consider English 402

benchmarks including BrowseComp (Wei et al., 403

2025) and GAIA (Mialon et al., 2023), as well 404

as Chinese benchmarks including BrowseComp- 405

zh (Zhou et al., 2025) and XBench-DeepSearch 406

4By default, we use equal weighting with λout = λin = 1.
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Model / Framework Web Toolkit BrowseComp BrowseComp-zh GAIA XBench

Closed-Source Information-Seeking Agents

Claude-4-Sonnet (Anthropic, 2025) not reported 12.2 29.1 68.3 64.6
Claude-4-Opus (Anthropic, 2025) not reported 18.8 37.4 – –
Kimi Researcher (Team, 2025a) browser (text) – – – 69.0
OpenAI-o4-mini (OpenAI, 2025d) browser (text) 28.3 44.3 – –
OpenAI-o3 (OpenAI, 2025d) browser 49.7 58.1 70.5 66.7
OpenAI DeepResearch (OpenAI, 2025a) browser 51.5 42.9 67.4 –
UI-TARS-2 (Wang et al., 2025) browser 29.6 50.5 – –

Open-Source Information-Seeking Agents

ASearcher-Web-32B (Gao et al., 2025) search, visit 5.2 15.6 52.8 42.1
DeepDive-32B (Lu et al., 2025) search, visit 14.8 25.6 – 50.5
DeepDiver-V2-38B (Team, 2025b) search 13.4 34.6 – 53.0
Kimi-K2-Instruct-1T (Team et al., 2025a) search, visit 14.1 28.8 57.7 50.0
GLM-4.5-355B (Zeng et al., 2025) not reported 26.4 37.5 66.0 70.0
WebExplorer-8B (Liu et al., 2025) search, visit 15.7 32.0 50.0 53.7
WebDancer-QwQ-32B (Wu et al., 2025a) search, visit 3.8 18.0 51.5 38.3
WebSailor-32B (Li et al., 2025c) search, visit 10.5 25.5 53.2 53.3
WebSailor-72B (Li et al., 2025c) search, visit 12.0 30.1 55.4 55.0
WebShaper-QwQ-32B (Tao et al., 2025b) search, visit – – 53.3 35.0
MiroThinker-32B-DPO-V0.2 (Team et al., 2025b) search, visit 13.0 17.0 64.1 –
WebSailor-V2-30B-A3B-SFT (Li et al., 2025b) search, visit 24.4 28.3 66.0 61.7
WebLeaper-30B-A3B-RU (Tao et al., 2025a) search, visit 23.0 – 67.0 66.0

NestBrowse-4B browser (text) 22.4 28.4 68.9 74.0
NestBrowse-30B-A3B browser (text) 31.6 42.6 75.7 75.0

Table 1: Main results on four challenging IS benchmarks. In the Web Toolkit column, browser (text) indicates
that only textual elements returned by the browser are used. All results are reported using the pass@1 metric.

(XBench) (Xbench-Team, 2025). All benchmarks407

are web-based QA tasks that require strong agentic408

reasoning with tool use to locate, navigate, and409

synthesize hard-to-find web information that is not410

directly retrievable via simple search queries.411

Following prior work (Li et al., 2025d), we use412

the 103-question text-only subset of GAIA, while413

employing the full datasets for the remaining bench-414

marks. Performance is measured by final answer415

accuracy. For answer verification, we adopt an416

LLM-as-a-Judge protocol (Gu et al., 2024) using417

GPT-4.1 (OpenAI, 2025c), following the official418

evaluation prompts provided by each benchmark.419

Baselines. We compare NestBrowse with open-420

source IS agents and additionally include several421

proprietary IS agents for reference. Baseline details422

are provided in Table 1, with some results taken423

from prior work or official leaderboards.424

NestBrowse Implementation. We select two425

open-source models as base models for training426

our browser-use IS agents: Qwen3-4B-Thinking-427

2507 and Qwen3-30B-A3B-Thinking-2507 (Yang428

et al., 2025). For both models, we set the maxi-429

mum context length to 128K tokens and cap the430

number of tool invocations at 100. If an agent fails431

to produce a final answer upon reaching this limit, 432

the episode is forcibly terminated. Following the 433

proposed multi-task training procedure (§3.3), we 434

train the 4B model for approximately 1,344 GPU 435

hours and the 30B-A3B model for approximately 436

4,096 GPU hours on an NVIDIA H20 GPU cluster. 437

This implementation results in our final models, 438

NestBrowse-4B and NestBrowse-30B-A3B. 439

4.2 Overall Performance 440

We evaluate NestBrowse against a broad set of 441

widely adopted IS agent baselines across four chal- 442

lenging deep IS benchmarks. As shown in Ta- 443

ble 1, NestBrowse-30B-A3B consistently delivers 444

strong performance, exceeding that of leading open- 445

source IS agents and remaining competitive with, 446

or outperforming, several proprietary systems. Al- 447

though NestBrowse is trained solely on English 448

data, its browser-use and IS capabilities generalize 449

well to out-of-distribution Chinese benchmarks. 450

Notably, even NestBrowse-4B achieves competi- 451

tive performance, exceeding many IS agents with 452

substantially larger parameter counts. This observa- 453

tion underscores a key insight for IS tasks: perfor- 454

mance is not solely determined by model scale, but 455

is critically influenced by how agents are designed 456
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to access, organize, and interact with external in-457

formation sources. From this perspective, we argue458

that training agentic capabilities on relatively small459

models is highly valuable (Team, 2025c; Belcak460

et al., 2025). With appropriate tool abstractions461

and interaction strategies, small agent models can462

achieve performance comparable to, or even ex-463

ceeding, that of substantially larger systems.464

4.3 Analysis of Browser-Use Strategies465

To validate the design choices of NestBrowse, we466

conduct an ablation study (Table 2) comparing467

three browser-use strategies. Naive uses a stan-468

dard browser-use setup without tool simplification469

or page-level information extraction; Simplified470

adopts the four-action toolkit of NestBrowse with-471

out goal-conditioned extraction; and Compressed472

applies goal-relevant page content extraction while473

retaining the original toolkit.474

Setting Simp. Extr. GAIA XBench

Naive ✗ ✗ 46.6 40.0
Simplified ✓ ✗ 55.3 40.0
Compressed ✗ ✓ 60.2 61.0

NestBrowse ✓ ✓ 73.8 71.0

Table 2: Ablation study on browser-use settings. Simp.
indicates whether the browser toolkit is simplified, and
Extr. indicates whether goal-relevant content extraction
is applied to page responses upon page transitions.

To isolate the impact of strategy design, all vari-475

ants are executed using the same strong agent476

model, GPT-OSS-120B (OpenAI, 2025b). Both477

toolkit simplification and goal-relevant page con-478

tent extraction independently improve performance,479

with extraction yielding larger gains by reducing480

redundancy and focusing agent reasoning on rel-481

evant information. Combining both components,482

NestBrowse achieves the strongest performance,483

exhibiting a clear additive effect.484

4.4 Context Efficiency of NestBrowse485

We analyze the context efficiency of NestBrowse486

to assess its ability to maintain controlled informa-487

tion flow during browser-use. As shown in Fig-488

ure 3, Whole Information Processed denotes the489

total page content handled jointly by the outer and490

inner loops, while the other curve shows the con-491

text length maintained in the outer (agentic reason-492

ing) loop. After approximately 20 tool-call turns,493

the total processed information already exceeds494
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Figure 3: Average context length over tool-call turns
for NestBrowse-30B-A3B on the BrowseComp subset,
computed over active trajectories at each turn. Gray
bars denote the number of remaining active trajectories.

the agent’s maximum context limit (128K tokens). 495

Without NestBrowse, execution would terminate at 496

this point, even though about 85% of tasks remain 497

unfinished. By injecting only goal-relevant content 498

into the outer loop, NestBrowse keeps the agent 499

context within feasible limits throughout execution, 500

substantially improving the practicality and effec- 501

tiveness of browser-based information seeking. 502

Figure 4: Intra-page exploration performance over inner-
loop instances from 100 trajectories per benchmark.

4.5 Analysis of Intra-Page Exploration 503

We further analyze the effectiveness of intra-page 504

exploration in the NestBrowse inner loop, and eval- 505

uate the model along two dimensions using GPT- 506

4.1 as the judge model: raw snapshot retention, 507

which measures how well the agent preserves orig- 508

inal page snapshot to support subsequent interac- 509

tions, and goal-relevant extraction accuracy, which 510

assesses whether the extracted content aligns with 511

the given goal. As shown in Figure 4, compared 512

to the base agent model, NestBrowse achieves sub- 513

stantial improvements on both metrics. These re- 514
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Question: Given 𝑥0 = −5 and 𝑓 𝑥 =  𝑥3 +  4𝑥2 −  3𝑥 +  8, 

what is the smallest 𝑛 where using Newton's Method 𝑛 =  𝑛 +
1 after rounding to four decimal places?

Assistant: <think> The planetcalc page seems to have a default 

function 𝑥3 + 3𝑥2 + 12𝑥 + 8, not our function. We need to 

change the function to 𝑓 𝑥 = 𝑥3 + 4𝑥2 − 3𝑥 + 8.

... [intermediate thoughts] ...

We’ll fill function: “ 𝑥3 + 4𝑥2 − 3𝑥 + 8”. Fill initial value: “-5”. 

Then click calculate button [ref=e105].

Let’s attempt. </think> <tool_call> ... [call fill] ... </tool_call>

... Search for Newton’s method and get the relevant URL ...

... Visit an online calculator (https://planetcalc.com/7748/) ...

... Fill the function and initial value into the input fields ...

... Click the “Calculate” button to submit the computation ...

... Continue reasoning based on the page content ...

1 2

3

Figure 5: A case study from GAIA where an online browser-based calculator is used for numerical computation.

sults validate the effectiveness of our multi-task515

training scheme, which simultaneously strengthens516

outer-loop agentic reasoning and inner-loop intra-517

page exploration, integrating complex browser-use518

capabilities into a single IS agent model.519

Outer-Loop Model Inner-Loop Model BrowseComp

NestBrowse-30B-A3B
NestBrowse-4B 24.0
NestBrowse-30B-A3B 35.0
GPT-OSS-120B 36.0

Table 3: Deep IS performance with different inner-loop
models on the BrowseComp subset (100 examples).

We also analyze the impact of inner-loop intra-520

page exploration quality on outer-loop agentic rea-521

soning. As shown in Table 3, weaker inner-loop522

models degrade outer-loop performance, while523

stronger ones yield corresponding improvements,524

indicating a clear positive relationship between the525

two. This finding underscores intra-page explo-526

ration as a critical component of information acqui-527

sition in IS tasks and provides empirical justifica-528

tion for jointly training the outer and inner loops529

under a unified multi-task objective.530

4.6 Case Study: Beyond Static Web Access531

We further analyze NestBrowse through a repre-532

sentative case study, shown in Figure 5. When533

solving a GAIA task involving numerical compu-534

tation, NestBrowse-30B-A3B adopts a browser-535

based strategy by invoking an online calculator to536

perform the required computation. For a small-537

scale model, such numerical reasoning would be538

difficult to handle reliably through internal reason- 539

ing alone. By leveraging browser-use to exploit 540

a computational utility embedded within the web- 541

page, the agent substantially reduces its reasoning 542

burden and successfully completes the task. 543

This case highlights a key advantage of browser- 544

use beyond retrieving static page content. Rather 545

than serving solely as a medium for information 546

access, browser-use enables agents to exploit the 547

rich functional ecosystem of the web, including 548

interactive utilities that are inaccessible through 549

static page fetching alone. From this perspective, 550

browser-use can be viewed as a form of meta tool- 551

use, where the effective toolkit available to an agent 552

encompasses the broad collection of tools implic- 553

itly embedded within the web itself. NestBrowse 554

further facilitates the acquisition of such meta tool- 555

use capabilities, enabling agents to solve complex 556

IS tasks in a more flexible and effective manner. 557

5 Conclusion 558

We present NestBrowse, a learning framework 559

that equips IS agents with a minimal yet complete 560

browser toolkit and a nested interaction paradigm 561

for efficient deep web information access. By de- 562

coupling agentic reasoning from intra-page explo- 563

ration and training these capabilities jointly, Nest- 564

Browse enables strong deep IS performance across 565

relatively small model scales. Our results suggest 566

that principled browser-use abstraction and interac- 567

tion strategies are key to solving complex IS tasks, 568

even without relying on large-scale agent models. 569
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Limitations and Future Work570

While our proposed NestBrowse successfully en-571

ables small models to acquire complex browser-572

use capabilities and interact with real browsers to573

collect information for downstream reasoning, we574

intentionally restrict our browser modeling to tex-575

tual content. This design choice is motivated by the576

need to isolate the effects of tool abstraction and577

interaction paradigms, and to maintain a controlled578

and interpretable experimental setting. Incorporat-579

ing additional modalities such as vision or audio580

would introduce substantial modeling and system581

complexity, making it difficult to disentangle the582

contributions of browser-use learning from those of583

multimodal perception. Nevertheless, non-textual584

modalities often convey important information in585

real-world browsing scenarios. Extending the pro-586

posed NestBrowse to support multimodal informa-587

tion acquisition and reasoning therefore represents588

a promising direction for future work.589

Ethical Considerations590

The proposed IS agents interact with web-based in-591

formation sources, which may contain inaccurate,592

biased, harmful, or otherwise inappropriate content.593

We emphasize that this work is conducted solely594

for academic research purposes, with the goal of595

advancing the understanding of tool-integrated rea-596

soning and deep information seeking. While de-597

ploying IS agents in real-world settings may raise598

additional ethical concerns, addressing these risks599

requires complementary safeguards including con-600

tent filtering, verification mechanisms, and respon-601

sible deployment practices, which are beyond the602

scope of this work and left for future investigation.603
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A Appendix861

A.1 Implementation Details: Prompts862

We report all prompts used in the NestBrowse.863

We begin with the prompts for outer-loop agen-864

tic reasoning. Following the standard ReAct-865

style function-calling format, we adopt the system866

prompt shown below. The user prompt in the outer867

loop corresponds directly to the user query, without868

any additional instructional or guiding content.869

SYSTEM PROMPT (OUTER LOOP)

You are a browser-use agent. Your core
function is to conduct thorough, multi-
source investigations into any topic. You
must handle both broad, open-domain
inquiries and queries within specialized
academic fields. For every request,
synthesize information from credible,
diverse sources to deliver a comprehensive,
accurate, and objective response. When
you have gathered sufficient information
and are ready to provide the definitive
response, you must enclose the entire fi-
nal answer within <answer></answer> tags.

# Tools

You may call one or more functions
to assist with the user query.

You are provided with function signa-
tures within <tools></tools> XML tags:
<tools>
{BROSWER_TOOLS_SCHEMA}
</tools>

For each function call, return a json
object with function name and arguments
within <tool_call></tool_call> XML tags:
<tool_call>
{"name": <function-name>, "arguments":
<args-json-object>}
</tool_call>

870

We then present the prompts used for inner-871

loop page exploration. This component is respon-872

sible for extracting goal-relevant content from a873

webpage given a specified goal, and producing874

outputs in a predefined JSON format. The cor-875

responding system prompt is shown below. The876

content enclosed within the <useful_info> and 877

</useful_info> tags corresponds to the tempo- 878

rary workspace described in §3.2, which incremen- 879

tally maintains the extracted goal-relevant informa- 880

tion during intra-page exploration. 881

SYSTEM PROMPT (INNER LOOP)

You must answer only by outputting a
single valid JSON object, with no extra text
before or after it.

Your task: given webpage content
and a user goal, extract and organize
the useful information according to the
following schema: {"rational": "string",
"evidence": "string", "summary": "string"}.

Follow these rules for each field:
1) rational: Locate the **specific section-
s/data** directly related to the user’s goal
within the webpage content.
2) evidence: Identify and extract the **most
relevant information** from the content,
never miss any important information,
output the **full original context** of the
content as far as possible, it can be more
than three paragraphs.
3) summary: Organize into a concise
paragraph with logical flow, prioritizing
clarity and judge the contribution of the
information to the goal.

Formatting requirements: Output only
one valid JSON object wrapped inside
<useful_info> and </useful_info> tags: use
double quotes (") for all keys and string val-
ues, no trailing commas, and the top-level
structure must be exactly: {"rational": "...",
"evidence": "...", "summary": "..."}.

882

For the inner loop, the user prompt combines the 883

given webpage content with the specified goal, in- 884

structing the model to extract relevant information 885

and produce outputs in the required format. 886

USER PROMPR (INNER LOOP)

Please process the following webpage
content and user goal to extract relevant
information:

887
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## **Webpage Content**
{raw_response}

## **User Goal**
{goal}

## **Task Guidelines**
1. **Content Scanning for Rational**:
Locate the **specific sections/data**
directly related to the user’s goal within the
webpage content.
2. **Key Extraction for Evidence**:
Identify and extract the **most relevant
information** from the content, you never
miss any important information, output the
**full original context** of the content as
far as possible, it can be more than three
paragraphs.
3. **Summary Output for Summary**:
Organize into a concise paragraph with
logical flow, prioritizing clarity and judge
the contribution of the information to the
goal.

**Final Output Format using JSON
format has "rational", "evidence", "sum-
mary" feilds**

888

When a webpage is partitioned into multi-889

ple segments, the inner loop iteratively updates890

the workspace. Specifically, the evidence and891

summary fields from the workspace produced in the892

previous iteration are extracted and appended to the893

current user prompt (incremental). This provides894

the model with the information already collected,895

preventing redundant extraction and enabling incre-896

mental workspace maintenance. Upon completion897

of the inner loop, the final workspace is returned to898

the outer loop for subsequent reasoning.899

USER PROMPR INCREMENTAL
(INNER LOOP)

Please process the following webpage
content and user goal to increamentally
extract relevant information:

## **Webpage Content**
{raw_response}

## **User Goal**
900

{goal}

## **Task Guidelines**
1. **Content Scanning for Rational**:
Locate the **specific sections/data**
directly related to the user’s goal within the
webpage content
2. **Key Extraction for Evidence**:
Identify and extract the **most relevant
information** from the content, you never
miss any important information, output the
**full original context** of the content as
far as possible, it can be more than three
paragraphs.
3. **Summary Output for Summary**:
Organize into a concise paragraph with
logical flow, prioritizing clarity and judge
the contribution of the information to the
goal.

## **Existing Evidence**
{existing_evidence}
## **Existing Summary**
{existing_summary}

Note: Existing extracted evidence
and summaries are already provided. You
must build upon and integrate these existing
pieces of information to perform incremen-
tal processing. Produce a consolidated final
result that incorporates both the provided
and newly added information, without in-
dicating which parts are new or incremental.

**Final Output Format using JSON
format has "rational", "evidence", "sum-
mary" feilds**

901
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