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Abstract001

Long-form deep research requires multi-002
faceted investigations over extended horizons003
to get a comprehensive report. When handling004
such complex tasks, existing agents manage005
context at the subtask level to overcome lin-006
ear context accumulation and information loss.007
However, they still adhere to a single context008
window and sequential execution paradigm,009
which results in mutual interference and block-010
ing behavior, restricting scalability and adapt-011
ability. To address this issue, this paper in-012
troduces Self-Manager, a parallel agent loop013
that enables asynchronous and concurrent ex-014
ecution. The main thread can create multiple015
subthreads, each with its own isolated context,016
and manage them iteratively through Thread017
Control Blocks, allowing for more focused and018
flexible parallel agent execution. To assess its019
effectiveness, we benchmark Self-Manager on020
DeepResearch Bench, where it consistently out-021
performs existing single-agent loop baselines022
across all metrics. Furthermore, we conduct ex-023
tensive analytical experiments to demonstrate024
the necessity of Self-Manager’s design choices,025
as well as its advantages in contextual capacity,026
efficiency, and generalization.027

1 Introduction028

Language agents (Su et al., 2024) are directing AI029

skills toward tasks that are substantially more chal-030

lenging for humans, such as Deep Research (Du031

et al., 2025; Wei et al., 2025). Current solutions032

for such complicated workloads generally rely on033

multi-agent systems constructed with predefined034

workflows. However, these systems suffer from035

limited generalization across scenarios and high036

deployment overhead. In contrast, the single-agent037

paradigm (Jin et al., 2025; Nguyen et al., 2025),038

which is free from predetermined workflows and ca-039

pable of adaptive iteration via a basic and generic040

loop, provides a more flexible, robust, and ulti-041

mately promising agent architecture.042

Existing single-agent loops mostly employ Re- 043

Act’s "Think–Act–Observe" pattern (Yao et al., 044

2022). However, this classical design is bound by 045

linearly accumulated context, causing salient infor- 046

mation to be readily diluted and incapable of sus- 047

taining long-horizon execution (Gao et al., 2025). 048

To solve this issue, several approaches allow the 049

agent to summarize the prefix context during the 050

act phase (Wu et al., 2025b; Nguyen et al., 2025). 051

Although this design reduces the rigidity of linear 052

context growth, improper condensation timing may 053

result in severe information loss. At a fundamental 054

level, the above paradigms are constrained, as they 055

neglect the critical feature of context management 056

granularity when dealing with complex tasks. 057

Heuristically, a subtask can be treated as a natu- 058

ral unit for agentic context management, as decom- 059

posing complex tasks into subtasks often yields 060

more effective solutions. Schroeder et al. (2025); 061

Ye et al. (2025); Sun et al. (2025) adopt the idea 062

of branching subtasks, compressing each subtask’s 063

working memory through mechanisms such as fold- 064

ing. However, these methods share a common lim- 065

itation: subtasks are executed sequentially within 066

a shared context window. This causes two issues: 067

(1) contexts of different task levels interfere with 068

each other, and (2) the global task remains blocked 069

until the currently running subtask is completed. 070

Both limit the scalability and flexibility of tackling 071

complicated problems at the subtask granularity. 072

In this paper, we propose Self-Manager, which 073

is a parallel single-agent loop architecture. Specifi- 074

cally, we introduce the concept of threads, where 075

the main thread directly handles the user task and 076

can spawn subthreads. This allows for the decom- 077

position of complex tasks and the distribution of 078

subtasks to subthreads. Notably, Self-Manager ex- 079

hibits the following features: 080

• Asynchrony. Self-Manager executes in paral- 081

lel, and the main thread is not blocked by the 082
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Figure 1: Overview of our proposed Self-Manager. Compared to classical agent loops, Self-Manager spawns
subthreads asynchronously and concurrently, with contexts isolated between threads. Upon completion, each
subthread returns its result to the main thread’s most recent observation. During execution, the main thread can
operate on subthreads and monitor their latest states via the TCB list, thereby enabling autonomous management.

execution of subthreads.083

• Concurrency. Self-Manager can initialize084

multiple subthreads simultaneously at any it-085

eration turn, enabling parallel exploration of086

different perspectives of a task.087

• Context Isolation. In Self-Manager, each088

thread has its own context window, ensuring089

that subtasks do not interfere with one another.090

To enable these capabilities in the parallel agent091

loop, we introduce the Thread Control Block092

(TCB), a structured object encapsulating each sub-093

thread’s information. The main threads can monitor094

all subthreads by observing the TCB list, thereby095

enabling self-managed multi-threaded execution.096

We conduct experiments on DeepResearch097

Bench (Du et al., 2025), a challenging benchmark098

for long-form deep research. The results show that099

Self-Manager achieves the best performance com-100

pared with other single-agent loop paradigms, and101

narrows the performance gap with proprietary deep102

research systems such as Gemini Deep Research103

(Google, 2025). Furthermore, we examine the com-104

ponent necessity, contextual capabilities, efficiency,105

and generalizability of Self-Manager, providing a106

multi-dimensional analysis of the improvements107

offered by Self-Manager as a parallel agent loop.108

Our main contributions are as follows: (1) We109

propose a novel parallel agent loop, Self-Manager,110

capable of asynchronously and concurrently con- 111

ducting tool-integrated inference to handle com- 112

plex tasks. (2) We design the Thread Control Block 113

and incorporate it into the agent loop to enable 114

self-management of the parallel execution in Self- 115

Manager, hence ensuring flexibility. (3) Our pro- 116

posed Self-Manager outperforms single-agent base- 117

lines on DeepResearch Bench benchmark. 118

2 Methodology 119

In this section, we provide a detailed description of 120

the modeling of Self-Manager. 121

2.1 Background 122

We consider an agent following the ReAct 123

paradigm (Yao et al., 2022), which interleaves rea- 124

soning and environment interaction through a se- 125

quence of actions and observations. A standard 126

ReAct agent loop trajectory of length T is: 127

τ = {a1, o1, a2, o2, . . . , aT , oT ,A} , (1) 128

where the observation of environment ot is from 129

the action at sampled from the agent’s policy 130

at ∼ πθ (· | ht−1), with ht−1 denoting the histor- 131

ical context accumulated so far. In practice, each 132

step’s action can decompose into a thinking and 133

an acting component: at −→
{
athinkt , aactt

}
. This 134

generic loop is, in principle, applicable to a wide 135

range of tasks. However, the linear context growth 136

prevents it from supporting long-horizon execution. 137
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Although some prior work compresses historical138

context when approaching the context limit, such139

compression can easily lead to the loss of critical140

information. Thus, methods such as FoldAgent141

(Sun et al., 2025) manage context at the granularity142

of subtasks. While this design better accommo-143

dates complex tasks, it is constrained by the shared144

context window and blocking subtask execution,145

limiting both scalability and adaptability.146

2.2 Parallel Agent Loop147

We first introduce the concept of threads in a single148

agent. The original "Think-Act-Observe" trajectory149

that aims to solve the global task can be viewed as150

the main thread, denoted τmain, with context hmain.151

In contrast to classical agent loops, Self-Manager152

is no longer confined to a single thread, and enables153

the main thread to dynamically spawn subthreads.154

Each subthread executes an independent loop, with155

objectives decoupled from the global task and re-156

stricted to the subtask delegated by the main thread,157

enabling focused tool-integrated reasoning without158

interference from non-critical information. Upon159

completion, each subthread returns its subtask re-160

sult to the main thread, thereby contributing to the161

global task. The execution flow of Self-Manager is162

shown in Algorithm 1.163

Concretely, the key design components of Self-164

Manager’s parallel loop include the following:165

• Main thread action space: During the act166

phase, the main thread may invoke a tool, such167

as web retrieval, or manipulate subthreads.168

Operations on subthreads mainly include cre-169

ation, termination, and deletion.170

• Main thread observations: During the ob-171

serve phase, besides tool feedback or results172

of thread operation (success/failure), the agent173

also receives meta information of all exist-174

ing subthreads. These observations allow the175

main thread to holistically analyze subthread176

states and global task progress, thereby deter-177

mining the action in the next turn. Details of178

this mechanism are presented in §2.3.179

• Subthreads: For simplicity, subthreads are180

not allowed to create nested subthreads. Each181

subthread executes a standard ReAct loop, as182

shown in Algorithm 2.183

Based on the above design, Self-Manager en-184

ables several key features of a parallel agent loop:185

Algorithm 1 Self-Manager Agent Execution

Require: Task x, agent’s policy πθ, environment
E , maximum turns Tmax, tools T

Ensure: Final report A
1: Initialize: hmain ← ∅, TCB list B0 ← ∅
2: for t = 1 to Tmax do
3: at ∼ πθ (· | x, hmain) ▷ act
4: if at is "Finish" then
5: A ← πθ (· | x, hmain); break
6: if at ∈ T then ot ← E (at) ▷ tool observe
7: if at is "Create Threads" then
8: for thread ς ∼ at do
9: create_async_task(ς)

10: Bt−1 ← Bt−1 ∪ {ς}
11: if at is "Kill" then stop ς ∼ at
12: if at is "Del" then Bt ← Bt−1 \ {ς ∼ at}
13: ot ← ot ⊕ Bt, hmain ← (at, ot) ▷ TCB
14: end for
15: return A

Algorithm 2 create_async_task(ς)

Require: Goal x′, available tools T ′, prefix con-
text h′

Ensure: Answer A′

1: Initialize subthread: hsub ← {h′}
2: for t = 1 to Tmax do
3: a′t ∼ πθ (· | x′, hsub) ▷ act
4: if a′t is "Finish" then
5: A′ ← πθ (· | x′, hsub);break
6: if a′t ∈ T ′ then
7: o′t ← E (a′t) ▷ observe
8: hsub ← (a′t, o

′
t)

9: end for
10: return A′

• Asynchrony. Once a subthread is created, 186

the main thread is not blocked. Instead, all 187

threads run asynchronously in parallel. Simi- 188

lar to thread switching in operating systems, 189

a thread only needs to await when its loop 190

requests the base model to generate an ac- 191

tion, which constitutes the sole blocking event. 192

During this time, context switching between 193

threads occurs naturally. 194

• Concurrency. The main thread can cre- 195

ate multiple subthreads that execute asyn- 196

chronously, allowing different aspects of a 197

complex task to be explored in parallel. 198

• Context Isolation. Each thread maintains 199
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Figure 2: An illustration of how Self-Manager manages
subthreads via TCBs. In each iteration, the environment
response in the Observe phase includes both the feed-
back from the tool call and the TCB list.

its own dedicated context window, prevent-200

ing interference between concurrently execut-201

ing tasks. During initialization, a subthread202

receives information such as the subtask de-203

scription provided by the main thread. Upon204

completion, it returns the subtask execution205

results to the main thread’s context.206

Thus, the trajectories and contexts encompassed207

by Self-Manager can be summarized as follows:208 (
τmain =

(
(at, ot)

T
t=1, A

)
, hmain

)
, (2)209 {

τ
(i)
sub =

(
(a

(i)
t , o

(i)
t )T

(i)

t=1 , A(i)
)
, h

(i)
sub

}N

i=1
. (3)210

2.3 Agent-as-TCB-Manager211

As described in §2.2, the main thread of Self-212

Manager achieves self-management of subthreads213

by presenting the state information of all threads214

during the Observe phase. This design preserves215

the generalizable Think–Act–Observe loop struc-216

ture. Specifically, we draw inspiration from oper-217

ating systems: each subthread is associated with218

a Thread Control Block (TCB), which is a data219

structure that contains the thread-specific informa-220

tion required for its management. Replacing raw221

contextual information with TCBs can significantly222

improve the efficiency of subthread management.223

As shown in Figure 2, the TCB defines, from the224

perspective of a thread, the fields that are most criti-225

cal to the agent loop. First, there is the basic thread226

metadata, which includes the thread ID, task de-227

scription, as well as a result field used to present the228

execution outcome upon completion. In addition to229

the fields shown in Figure 2, the TCB also contains230

resource-related information, such as the prefix 231

context inherited from the main thread and the tools 232

assigned to the subthread. Furthermore, it main- 233

tains thread state information, such as whether the 234

thread is currently running and the elapsed execu- 235

tion time. Except for the state information, all other 236

fields are specified by the main thread, thereby en- 237

suring flexibility in self-management. More details 238

of the TCB definition and implementation can be 239

found in Appendix B. 240

As depicted in Algorithm 1 and Figure 2, dur- 241

ing each observe phase of the main thread in 242

Self-Manager, the latest information from all sub- 243

threads’s TCBs is accessible. Based on these obser- 244

vations, the main thread can assess the state of each 245

subthread and determine actions in the next turn, 246

such as spawning new threads to handle uncovered 247

subtasks, terminating subthreads that have run ex- 248

cessively long with little benefit, or deleting TCBs 249

that contain no critical information. By integrating 250

the TCB into the agent loop, the main thread can ef- 251

fectively manage threads, thereby continuously ad- 252

vancing the resolution of complex tasks. Compared 253

to parallel execution without autonomous manage- 254

ment (Schroeder et al., 2025; Lian et al., 2025), the 255

self-managed approach provides enhanced flexibil- 256

ity and task concentration. 257

Since the states of subthreads evolve in real time, 258

we further reduce context overhead by retaining 259

only the most recent turn of the TCB list within the 260

loop for immediate action decision-making in the 261

next turn. After the next turn of action generation is 262

completed, the previous TCB list is cleared to elim- 263

inate interference from outdated state information 264

and to avoid redundancy. 265

3 Experiments 266

In this section, we conduct experiments centered on 267

Self-Manager to investigate the following research 268

questions: (1) How well does Self-Manager per- 269

form on complex tasks? (2) How do the individual 270

components of Self-Manager affect its overall per- 271

formance? (3) How effectively does Self-Manager 272

perform in terms of contextual capabilities? (4) 273

What are the efficiency and computational cost of 274

Self-Manager? (5) How well does Self-Manager 275

generalize across different tasks? 276

3.1 RQ1: Performance on Complex Tasks 277

This section investigates the performance of our 278

proposed Self-Manager on complex tasks, particu- 279
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Table 1: Results on DeepResearch Bench. The best-performing approaches among single-agent baselines and
among other baseline categories are highlighted in boldface. Green and red numbers denote the performance gains
and drops when using alternative base models compared to Qwen3-30B-A3B, respectively.

Model
RACE FACT

Overall Comp. Insight Inst. Read. C.acc. Eff.c.

LLMs w/ Search
Qwen3-30B-A3B 41.83 39.85 40.27 44.74 44.44 60.63 8.30
Claude-3.7-Sonnet 42.29 41.45 43.78 44.53 42.23 89.51 10.39
Multi-Agent Workflow
Langchain-open-DeepResearch 43.89 43.61 42.19 47.30 45.07 53.52 31.17
AI-Q NVIDIA Research Assistant 43.69 42.07 42.76 46.15 45.14 - -
Proprietary Agents
Gemini-2.5-Pro Deep Research 48.24 48.24 47.62 48.74 48.97 85.71 27.0
OpenAI-DeepResearch 47.20 47.07 45.84 48.98 47.64 65.30 34.15

Single Agent
ReAct (Qwen3-30B-A3B) 40.51 39.15 37.71 43.98 43.40 21.69 1.36
ReSum (Qwen3-30B-A3B) 42.77 41.34 40.09 46.82 45.15 32.72 2.33
FoldAgent (Qwen3-30B-A3B) 41.79 40.04 38.95 46.22 43.97 19.61 1.56
Self-Manager (Qwen3-30B-A3B) 44.33 43.14 42.28 47.61 45.97 25.49 2.19
Self-Manager (Qwen3-8B) 43.88↓0.45 42.30↓0.84 42.00↓0.28 47.35↓0.26 45.78↓0.19 17.80 1.86
Self-Manager (Qwen3-30B-A3B-2507) 45.47↑1.14 43.50↑0.36 44.07↑1.79 48.21↑0.60 48.08↑2.11 24.80 2.51
Self-Manager (Qwen3-Next-80B-A3B) 45.63↑1.30 43.53↑0.39 44.32↑2.04 48.17↑0.56 48.14↑2.17 35.90 6.69

larly those that require subtask decomposition for280

effective problem solving.281

Setup. We evaluate our method on DeepResearch282

Bench (Du et al., 2025), which consists of 100283

complex long-form deep research tasks. We use284

Gemini-2.5-Flash (Gemini, 2025) as the LLM-as-285

Judge in evaluation. We compare Self-Manager286

against several categories of baselines: (1) search-287

augmented LLMs; (2) single agent, referring to288

agent loops such as ReAct (Yao et al., 2022), Re-289

Sum (Wu et al., 2025b), and FoldAgent (Sun et al.,290

2025). Single agents are configured with a maxi-291

mum context window of 128k tokens, using Ser-292

per1 as the search tool and Jina Reader2 as the293

browsing tool; (3) multi-agent workflows, which294

consist of fixed, predefined pipelines of multiple295

agents, including LangChain-Open-DeepResearch296

(LangChain, 2025) and AI-Q Research Assistant297

(NVIDIA, 2025); (4) proprietary deep research298

agents, namely state-of-the-art deep research sys-299

tems, including Gemini Deep Research (Google,300

2025) and OpenAI DeepResearch (OpenAI, 2025).301

Results. As shown in Table 1, Self-Manager out-302

performs all single-agent architectures and sur-303

passes workflow-based multi-agent systems, while304

further narrowing the performance gap with pro-305

1https://serper.dev/
2https://jina.ai/reader/

prietary deep research agents. These findings high- 306

light the advantage of Self-Manager’s parallel agent 307

loop in handling difficult long-form deep research 308

tasks. In addition, we assess Self-Manager with 309

base models of varying sizes and training strate- 310

gies. We observe that stronger model capabilities 311

correspond to better performance, implying that 312

Self-Manager does not limit the expressive power 313

of the base model and adheres to scaling rules. 314

3.2 RQ2: Ablation Studies 315

This section presents a series of ablation studies 316

centered on the design of Self-Manager, with the 317

goal of validating the necessity and effectiveness 318

of its core components. 319

Setup. We conduct ablations at two levels. The 320

first level targets the agent loop design of Self- 321

Manager, with the following baselines: (1) without 322

asynchrony, where the main thread becomes fully 323

blocked whenever subthreads are running, and the 324

agent loop resumes only after all subthreads have 325

completed; (2) without concurrency, where at most 326

one thread is allowed to run and only one subthread 327

can be created at any time. The second level fo- 328

cuses on the design of the TCB, with the following 329

baselines: (1) without assigned_tool, where the 330

TCB does not specify the set of tools available to 331

the current thread, and the thread is instead allowed 332

to access all tools available to the main thread; (2) 333
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Figure 3: Ablation results on the
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performance degradation.
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Figure 4: A Case in Asynchronous Parallelism of Self-Manager. It shows that
the main thread determines that a running subthread is no longer necessary
for the overall task and then terminates it. This self-management mechanism
enables early stopping, making execution more adaptive and efficient.

without extra_info, where the main thread does not334

provide any additional information to subthreads;335

(3) prefix_context variants, which have four de-336

signs: providing the main thread’s full, no, or sum-337

marized prefix context, or allowing the main thread338

to freely select one of the three choices listed above.339

Results. The results in Figures 3 and 5 show that340

Self-Manager consistently outperforms all abla-341

tion baselines across multiple metrics on DeepRe-342

search Bench, demonstrating the effectiveness of343

its asynchronous execution, concurrency, and TCB-344

based management design. While some variants345

achieve performance close to that of the original346

Self-Manager, this does not imply design redun-347

dancy, which can be verified by the following cases.348

Overall Comp. Insight Inst. Read.
40

41

42

43

44

45

46

47

48

S
co

re

Self-Manager

w/o assigned tool

w/o extra info

TCB full prefix

TCB no prefix

TCB summarized prefix

TCB auto prefix

Figure 5: Ablation study on the design of the Thread
Control Block (TCB).

Case Study. As illustrated by the case in Figure349

4, when subthreads are running, the asynchronous350

main thread continues to perform work that makes351

tangible contributions to the overall task. Specif-352

ically, the main thread identifies that the subtask353

being executed by a running subthread is unneces-354

sary and thus performs an early stop, preventing355

wasted computational resources. Moreover, the356

extra_info field can occasionally encode note-like357

hints that better guide subthreads in completing 358

their assigned subtasks. Therefore, although no 359

absolute performance gain, we retain these design 360

choices in order to improve the adaptiveness. 361

3.3 RQ3: Contextual Capabilities 362

Information Retention. For loops in which the 363

context may undergo changes, it is necessary to 364

consider the information loss rate at each context 365

transition. To quantify information loss, we adopt 366

the LLM-as-Judge to dynamically maintain a list 367

of valid information units. At each context change, 368

we compare the information sets before and after 369

the transition as follows: 370

Linfo = 1−

∣∣∣I| ∩ Ĩ|∣∣∣∣∣I|∣∣ , (4) 371

where I| and Ĩ| denote the sets of information units 372

before and after the j-th context change, respec- 373

tively. More details are provided in Appendix C. 374

Experimental results in Table 2 show that Self- 375

Manager achieves a lower loss rate through context 376

isolation, while the main thread maintains a consis- 377

tently smaller accumulated context length. 378

Table 2: Context capability assessment. C.C. denotes
the count of context changes, including summarization,
context folding, and subthread creation. Avg. PL refers
to the average peak context length, and Avg. L denotes
the average context length after execution.

Model Linfo ↓ C.C. Avg. PL Avg. L

ReAct - - 13.1k 13.1k
ReSum 25.23% 2.7 14.2k 15.7k
FoldAgent 19.24% 5.6 9.5k 9.5k
Self-Manager 11.53% 7.0 10.2k 10.2k
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Long-Horizon. We measure the average count379

of execution turns under different context window380

length constraints to assess how well the agent loop381

supports long-horizon execution. The results in Fig-382

ure 6 show that the main thread of Self-Manager383

consistently runs for more rounds, which can stem384

from its subtask delegation mechanism and design385

that allows the main thread to focus solely on the386

overall task, resulting in slower context accumula-387

tion and more long-horizon planning.388
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Context Length Limits (k)
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A
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u
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ReAct ReSum FoldAgent Self-Manager

Figure 6: Comparison of the average turns across agent
loops under varying context window length limits.

Case Study. Figure 7 illustrates an example of389

how the context length evolves over time. Vanilla390

ReAct exhibits linear growth and is prone to ex-391

ceeding the limit. ReSum and FoldAgent achieve392

non-monotonic accumulation through compression393

and folding. In contrast, Self-Manager leverages394

concurrent subthreads and context isolation, lead-395

ing to a reduced context accumulation rate in the396

main thread and exhibiting long-horizon capacity.397

3.4 RQ4: Efficiency and Cost398

This section examines the runtime efficiency and399

cost of Self-Manager.400

Setup. To fairly measure execution time and401

costs, we adopt a trajectory-based accounting402

method that abstracts away external factors such as403

network fluctuations. Specifically, each agent’s404

think and act steps are quantified based on the405

lengths of prefix tokens, generated tokens, and the406

number of tool invocations, as formalized below:407

Ttotal =
∑

Tpre +
∑

Tgen +
∑

tooli∈T

∑
Ttooli

(5)

408

Ctotal =
∑

Cpre +
∑

Cgen +
∑

tooli∈T

∑
Ctooli

(6)

409

Calculating details are provided in Appendix C.410
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Figure 7: Examples of context accumulation across
agent loops. The x-axis denotes the turns, while the
y-axis denotes the context length. In Self-Manager,
"Main" represents the main thread’s context, whereas
"C" entries correspond to the slots of subthreads. In this
example, up to four subthreads run concurrently.

Results. As indicated in Table 3, relative to 411

FoldAgent, Self-Manager achieves better task per- 412

formance while demonstrating controllable runtime 413

and cost. Although the overall overhead of Self- 414

Manager is higher, superior performance on long- 415

form deep research tasks generally comes at the 416

expense of increased tool invocations, which we 417

consider acceptable. 418

Table 3: Comparison of efficiency and cost between
Self-Manager and FoldAgent. RN denotes the number
of subtask result returns.

Model Time (s) Cost ($) Tool Calls RN

FoldAgent 117.27 0.05 18.25 5.6
Self-Manager 129.62 0.09 20.30 7.0

w/o Async 193.08 0.07 21.63 7.2
w/o Conc 144.55 0.07 19.37 6.6

3.5 RQ5: Generalization Ability 419

This section investigates the generalization of Self- 420

Manager across other types of tasks. 421

Setup. Although Self-Manager is inherently de- 422

signed for complex tasks requiring subtask decom- 423

position, its general architecture can be applied to 424

a wide range of scenarios. To evaluate this, we 425

select BrowseComp-Plus (Chen et al., 2025c), a 426

benchmark requiring multi-hop deep search. 427
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Table 4: Results on BrowseComp-Plus.

Model Acc. (Pass@1) Recall Tool Calls

LLMs w/ Search
Qwen3-30B-A3B 5.32% 6.70% 1.00
Single Agent (Qwen3-30B-A3B)
ReAct 28.47% 37.33% 5.79
ReSum 31.24% 38.90% 6.32
FoldAgent 35.65% 43.04% 12.15
Self-Manager 36.17% 45.39% 18.45

Results. The experiments show that Self-428

Manager achieves the best performance among429

single agents on this benchmark. This can be at-430

tributed to the parallel agent loop, which not only431

allows fine-grained management of context to re-432

duce the difficulty of complex tasks but also adapts433

to the task complexity by controlling whether sub-434

threads are created or if the main thread alone suf-435

fices. These findings indicate that Self-Manager436

exhibits generalization and adaptability across com-437

plex deep research tasks.438

4 Related Work439

Web Agents. While Retrieval-Augmented Gen-440

eration (RAG; Lewis et al., 2021; Gao et al., 2024;441

Xu et al., 2025a) improves the factuality of Large442

Language Models (LLMs; Naveed et al., 2025), its443

fixed and passive retrieval paradigms remain lim-444

ited. In contrast, web agents (Wu et al., 2025a; Li445

et al., 2025a) adopt an agent-centric architecture to446

perform autonomous and adaptive multi-turn infor-447

mation seeking and synthesis. Li et al. (2025b,c)448

integrate reasoning with web tool invocation, lead-449

ing to notable performance improvements. Jin et al.450

(2025); Song et al. (2025); Gao et al. (2025) fur-451

ther enhance web agents through reinforcement452

learning. Zhang et al. (2025c,a) investigate process-453

level rewards to increase reward density, thereby454

providing more fine-grained guidance. Currently,455

most web agents primarily address multi-hop QA456

tasks, such as HotpotQA (Yang et al., 2018) and457

MuSiQue (Trivedi et al., 2022).458

Deep Research. Compared to traditional QA,459

deep research is more complex and must contend460

with information at web scale. Zheng et al. (2025);461

Mialon et al. (2023) trains and evaluates deep re-462

search agents on real-world web corpora. Existing463

deep research tasks can be broadly categorized into464

two types. The first type is short-form, where the465

target answer is typically a short entity, in order466

to assess the information-seeking capacity by issu- 467

ing queries with numerous constraints (Wei et al., 468

2025; Chen et al., 2025c,b). The second type is 469

long-form, where the desired output is usually a re- 470

port (Du et al., 2025; Xu et al., 2025b; Wang et al., 471

2025). Deep research tasks generally require ded- 472

icated multi-agent workflows to be effectively ad- 473

dressed (Prabhakar et al., 2025; Hong et al., 2025). 474

Context Management. As agents handle increas- 475

ingly complex tasks, the accumulated context 476

becomes increasingly lengthy, which can dilute 477

salient information and hinder effective decision- 478

making (Liu et al., 2024; Zhang et al., 2025b). Con- 479

sequently, context management has become a criti- 480

cal challenge (Mei et al., 2025). Wu et al. (2025b); 481

Nguyen et al. (2025) adopt summary-based com- 482

pression strategies to mitigate linear context growth. 483

Ye et al. (2025); Sun et al. (2025) perform con- 484

text folding at the granularity of subtasks. Zhang 485

et al. (2025b); Chen et al. (2025a) replace con- 486

versational histories with structured context repre- 487

sentations that explicitly preserve key information. 488

Another line of work treats memory as an exten- 489

sion of context (Li et al., 2025d; Chhikara et al., 490

2025; Hu et al., 2025), enabling long-term mem- 491

ory retrieval and management. Our proposed Self- 492

Manager aims to further optimize single agents 493

through parallelized execution, addressing limita- 494

tions of prior solutions such as context interference, 495

information loss, and synchronous execution. 496

5 Conclusion 497

This work proposes Self-Manager, a novel parallel 498

agent loop architecture based on a thread-oriented 499

design. The main thread decomposes a complex 500

task into multiple subtasks and dispatches them to 501

subthreads for execution, thereby addressing key 502

limitations of prior approaches, including context 503

accumulation explosion, information loss, inter- 504

task interference, and blocking execution. More 505

importantly, Self-Manager introduces a Thread 506

Control Block (TCB) mechanism to enable self- 507

management of subthreads, resulting in more effi- 508

cient and adaptive asynchronous parallel execution. 509

We evaluate the effectiveness of Self-Manager on 510

the DeepResearch Bench, and further investigate 511

the necessity of its modular design, as well as its ad- 512

vantages in terms of contextual capacity, efficiency, 513

and generalization. We hope that Self-Manager can 514

serve as an insightful agent architecture for future 515

research on parallel agents. 516
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Limitations517

Although extensive experiments were conducted518

to validate the effectiveness of the proposed Self-519

Manager, the evaluation protocols of the adopted520

benchmarks rely heavily on LLM-as-Judge. This521

reliance may introduce judgment bias and also in-522

cur substantial computational cost and time over-523

head. In addition, our experiments are primarily524

conducted on queries and web corpora in Chinese525

and English, without evaluating performance in en-526

vironments involving a broader range of languages.527

Furthermore, this study primarily focuses on long-528

form deep research tasks. Extending the evaluation529

to a broader range of tasks is a promising direction530

for future research.531

Ethics Statement532

All models tested or used in this work are either533

publicly accessible open-source models or commer-534

cially available models. All prompt templates used535

in the research are safe, and all data produced meets536

ethical standards. Furthermore, all datasets and cor-537

pora employed in this study are publicly available,538

and we ensure that all data is used in compliance539

with the original authors’ usage and privacy rules.540

Additionally, all invoked tool APIs are publicly ac-541

cessible and explicitly support academic use. More-542

over, these APIs incorporate robust safety mecha-543

nisms, ensuring that returned content is filtered to544

remove non-compliant or unethical material.545
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A Introduction of Classical Agent Loops789

Some prior work allows the agent to summarize the context either during the act step or when approaching790

the context-window limit (Wu et al., 2025b), leading to the modified trajectory:791

(. . . , oi−1, ai = sum)→
(
h′i−1, ai+1, oi+1, . . .

)
, (7)792

where h′i−1 represents the compressed historical context before turn i. Yet this introduces a fundamental793

difficulty: summarization performs lossy compression, and selecting which information to preserve is794

inherently challenging.795

To alleviate this, FoldAgent (Sun et al., 2025) proposes to fold the context along subtask boundaries,796

thereby reducing linear context growth at the granularity of clearly useful information. Formally:797

(ai, oi, . . . , aj︸ ︷︷ ︸
subtask

, oj)
Folding−−−−→ (ai, oj , aj+1, oj+1 . . . ). (8)798

However, as the subtask and the global trajectory still share the same context window, information799

interference persists, and subtask execution remains synchronous and blocking, which limits efficiency.800

To address the above limitations, we present Self-Manager, a novel parallel agent loop.801

B Implementation Details802

In this section, we provide additional details on the Self-Manager method and its implementation.803

B.1 Prompt Templates804

First, the main thread uses a system prompt template that supports not only basic tool invocation but also805

actions such as thread creation and management, as seen below. Note that the tool definition section of the806

following prompt template has been relocated to Table 5.807

Prompt Template for Main Thread

You are an advanced agent capable of creating subthreads, specifically designed to perform deep
research tasks. As the main thread, you operate based on the standard ReAct Loop: Think-Act-
Observe. During the Act phase, you may call tools or create subthreads to complete the subtasks
you assign. You excel at constructing and managing subthreads, enabling them to focus on re-
searching specific subtopics or to carry out detailed writing for particular sections of the final report.

Task Description:
Given a user’s question, your task is to think iteratively based on the question, search for
and integrate external web information, and ultimately produce a comprehensive, in-depth,
and well-structured long-form report. When you have gathered sufficient information and are
ready to provide the definitive long-form report, you must enclose the entire report within
<answer></answer> tags.

Available Tools:
You may call a tool function in each turn to assist with the user query. You are provided with
function signatures within <tools></tools> XML tags:
<tools>...</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>

808
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Observe:
- After you invoke a tool, the Observe phase will provide you with the tool-invocation
details, including the returned result and any potential errors, which are enclosed within the
<tool_response></tool_response> XML tags.
- In addition, you can also see the list of TCBs (Thread Control Blocks), each corresponding to the
current state of a subthread created by the main thread. Each TCB includes: Thread ID, Target,
Status (Running, Success, Failed, Killed), Allowed Tools, Assigned Context, Runtime, and Result
(available only after the thread has completed execution).
- With the observation information, you can continue to determine your next Action in the loop.

Report Requirements:
1. Your report must be in Markdown format, well-structured, and fluent.
2. Your report must align with the intent of the user’s question, and can comprehensively address
the question.
3. Your report should not simply be a list of arguments. For each point of your report, it’s not
enough to just state the argument — you need to provide in-depth analysis, causal reasoning,
impacts and trends analysis, solutions, and so on. In short, make the description more detailed and
substantial.
4. Your report should include Markdown-formatted citations for all referenced web sources. For
example: ([title](url)).
5. The language of your report should be consistent with the language of the user’s questions.
6. You must enclose the entire report within <answer></answer> tags.

User’s task: {user_task}.
809

Specifically, the definitions of all actions allowed in the main thread loop are provided in Table 5, 810

including the basic retrieval tools used for deep research as well as operations for managing subthreads. 811

In contrast, the system prompt template for subthreads does not need to consider thread-related actions. 812

Instead, it focuses on implementing a basic loop that integrates tool-integrated reasoning and ReAct’s 813

"Think–Act-Observe" paradigm. 814

Prompt Template for Subthread

You are a deep research assistant. You can operate based on the standard ReAct Loop:
Think-Act-Observe. You are responsible for completing the task assigned to you. This task is
typically part of a deep-research task, but you should remain fully focused on the specific task
given to you and disregard anything outside its scope. You must ensure that your output strictly
satisfies all requirements of the task.

Requirements:
1. You are allowed to call tools, but only the tools explicitly specified by the user. You must not
call any tools outside of the ones provided.
2. You may perform multiple iterations to pursue deeper investigation and achieve higher-quality
results.
3. Your submitted results are recommended to be in Markdown format. When referencing web
information, include Markdown-formatted citations for all sources. For example: ([title](url)).
4. When you determine that the task can be considered complete, you must enclose the entire
submission within <answer></answer> tags.
5. The language of your submission text should be consistent with the language of the task.
6. Your report should not simply be a list of items; it should provide analysis and causal support
for each point or information, and offer solutions when necessary.

815
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Available Tools:
You may call a tool function in each turn to assist with the user query. You are provided with
function signatures within <tools></tools> XML tags: <tools>...</tools>
Note that the tools listed above are the complete set; you can only call the tools explicitly specified
by the user. 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>

Your task: {goal}.
Your allowed tools: {allowed_tools}.
Your assigned context: {assigned_context}.
Extra info: {extra_info}.

816

In addition, we incorporate runtime error protection into the implementation of Self-Manager. Specif-817

ically, when the execution is about to exceed the context window limit, we invoke an external LLM to818

compress the existing contextual content and replace the original context history with the compressed819

version. We use Gemini-2.5-Flash as the summarization model, with the prompt shown below.820

Prompt Template for Context Compression

You are an expert at analyzing conversation history and extracting relevant information. Your task
is to thoroughly evaluate the conversation history and current question to provide a comprehensive
summary that will help answer the question.

Task Guidelines
1. Information Analysis:
- Carefully analyze the conversation history to identify truly useful information.
- Focus on information that directly contributes to answering the question.
- Do NOT make assumptions, guesses, or inferences beyond what is explicitly stated in the
conversation.
- If information is missing or unclear, do NOT include it in your summary.

2. Summary Requirements:
- Extract only the most relevant information that is explicitly present in the conversation.
- Synthesize information from multiple exchanges when relevant.
- Only include information that is certain and clearly stated in the conversation.
- Do NOT output or mention any information that is uncertain, insufficient, or cannot be confirmed
from the conversation.
3. Output Format: Your response should be structured as follows:

<summary>
- Essential Information: [Organize the relevant and certain information from the conversation
history that helps address the question.]
</summary>

Strictly avoid fabricating, inferring, or exaggerating any information not present in the
conversation. Only output information that is certain and explicitly stated.

821
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Question: {question}
Conversation History: {recent_history_messages}
Please generate a comprehensive and useful summary. Note that you are not permitted to invoke
tools during this process. Use the language of the question to generate the summary.

822

Table 5: The action list of the main thread in Self-Manager. It encompasses tools for deep research tasks as well as
operations for subthread management.

Action Definition

search

{"type": "function", "function": {"name": "search", "description": "Perform
Google web searches then returns a string of the top search results. Accepts
multiple queries.", "parameters": {"type": "object", "properties": {"query":
{"type": "array", "items": {"type": "string", "description": "The search query."},
"minItems": 1, "description": "The list of search queries."}}, "required":
["query"]}}}

visit

{"type": "function", "function": {"name": "visit", "description": "Visit
webpage(s) and return the summary of the content.", "parameters": {"type":
"object", "properties": {"url": {"type": "array", "items": {"type": "string"},
"description": "The URL(s) of the webpage(s) to visit. Can be a single URL or an
array of URLs."}, "goal": {"type": "string", "description": "The specific
information goal for visiting webpage(s)."}}, "required": ["url", "goal"]}}}

branch

{"type": "function", "function": {"name": "branch", "description": "Create a
subthread to perform a specific task.", "parameters": {"type": "object",
"properties": {"id": {"type": "string", "description": "The ID of the subthread.
You can generate it freely according to your own habits."}, "target": {"type":
"string", "description": "The target of the subthread. It must be specific and
useful to the user’s task."}, "allowed_tools": {"type": "array", "items":
{"type": "string", "description": "The name of an allowed tool for the
subthread."}, "minItems": 1, "description": "The list of allowed tools for the
subthread."}, "assigned_context": {"type": "string", "description": "The history
context assigned by main thread for the subthread."}, "extra_info": {"type":
"string", "description": "Any extra information that the main thread wants to
provide to the child thread."}}, "required": ["id", "target", "allowed_tools",
"assigned_context"]}}}

sleep

{"type": "function", "function": {"name": "sleep", "description": "Sleep for a
specified duration when you think the only thing to do is wait for the subthread
to complete its task.", "parameters": {"type": "object", "properties":
{"sleep_duration": {"type": "number", "description": "The duration in seconds to
sleep. Maximum 60 seconds"}}, "required": ["sleep_duration"]}}}

kill

{"type": "function", "function": {"name": "kill", "description": "Kill a running
subthread from the TCB list when you think it is no longer needed.", "parameters":
{"type": "object", "properties": {"id": {"type": "string", "description": "The ID
of the subthread to kill."}}, "required": ["id"]}}}

delete

{"type": "function", "function": {"name": "delete", "description": "Delete the
information of a finished subthread from the TCB list when you think it is no
longer needed.", "parameters": {"type": "object", "properties": {"id": {"type":
"string", "description": "The ID of the subthread to delete."}}, "required":
["id"]}}}

B.2 Definition of TCB 823

The design of the Thread Control Block (TCB) is inspired by the TCB in operating systems, which 824

serves as a core data structure for managing threads. In Self-Manager, the TCB functions as a metadata 825

encapsulation structure, providing the main thread with real-time information about subthreads to facilitate 826

their management. Unlike in operating systems, where TCBs need to handle low-level resources such 827

as pointers, TCBs in Self-Manager retain only the most essential fields for simplicity and efficiency, 828

including: 829

15



• id: A unique identifier for a subthread, such as "Thread_01" or "Thread_US".830

• goal: The subtask execution target assigned to a subthread by the main thread.831

• state: Indicator of the current execution status of the thread, including "running," "successful,"832

"failed," or "killed."833

• allowed_tools: The list of tools that the subthread is permitted to use.834

• prefix_context: The prefix context assigned to the subthread by the main thread, with its content and835

format determined entirely by the main thread.836

• extra_info: Any additional remarks specified by the main thread, and this field is optional.837

• start_time: The timestamp when the subthread is created and starts running, used to calculate and838

display its elapsed runtime.839

• result: The result returned by the subthread upon completion, corresponding to the task described in840

the goal field. This field is populated only after the subthread’s status is no longer "running."841

B.3 Inference842

All reasoning processes of the Self-Manager and the agent LLMs used in all baselines are implemented843

based on the SGLang framework (Zheng et al., 2024). All experiments are conducted on NVIDIA844

H100 GPUs. Both the tensor parallelism size and the expert parallelism size are set to 8. We use845

torch.bfloat16 as the numerical precision for model weights, activations, and the KV cache during846

inference.847

C Details of Experiment848

In this section, we present the implementation details of selected experiments and discuss other related849

experiments.850

C.1 Details of RQ3851

In RQ3, we investigate the issue of information retention. In context management modeling that supports852

long-horizon execution, any form of context transformation—such as summarization, folding, or the853

return of subthreads in a self-manager—may lead to the loss of critical information, which in turn degrades854

system performance. Therefore, it is necessary to design targeted experiments focusing on information855

retention to systematically examine this problem.856

Specifically, based on the above problem formulation, we quantitatively evaluate information retention857

by invoking an LLM-as-Judge, as formalized in Equation 4. For a single execution trajectory, we focus on858

the positions where context transitions occur. At each such position, we prompt the LLM-as-Judge—using859

the template shown below—to extract a list of useful information units from the contexts before and after860

the transition, where usefulness is defined with respect to the task being solved in the current execution.861

We then invoke the LLM-as-Judge again to determine which information units from the pre-transition862

list are covered (matched) by the post-transition information units. A higher number of matched units863

indicates stronger information retention capability. Since ReAct does not involve any context transitions, it864

is excluded from this analysis. For ReSum, we compute information retention by comparing the contexts865

immediately before and after the agent loop invokes the summarization tool. For FoldAgent, we compare866

the branch execution context with the branch’s final answer, treating them as the pre- and post-transition867

contexts, respectively. For Self-Manager, we compare the context of a subthread during execution with868

the returned result after the subthread completes, which serve as the pre- and post-transition contexts.869
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Prompt Template for Information Extraction

You are a highly professional information extractor, skilled at identifying information points that
are useful for a given task from long texts.

What Your Need to Do:
Given a task description and the contextual information produced by an Agent while completing
that task, extract the information points from the context that are useful for the task.

Definition of an information point:
An information point should be a complete and unique statement of a fact (a sentence of about
10-20 words), and should include a clear subject, verb, and object, and, if necessary, constraint
information such as time, location, topic, etc.

Definition of "useful":
If an information point is at least semantically relevant to the task description, it is considered
useful.

Output Format:
- Output one plain-text nugget per line, with no other content.
- If no complete statement that is valuable to the task can be found in the passage, do not generate
any low-quality nuggets, and simply return [None].
- Do not provide explanations, and ensure there is no redundant information.

Task Description: {task_description}
Context Information: {context_info}

870

Prompt Template for Information Union

Task Description:
Given two Information Point Lists, A and B, you need to produce the union of the two Information
Point Lists.

Definition of Information Point Lists:
- Each information point list contains multiple information points. Each information point is
typically a complete and unique statement of a fact (a sentence of about 10-20 words).
- The number of information points in each list may vary.

Procedure:
1. Considering information points in List A, examine each information point one by one to
determine whether it exists in List B. An information point is considered to exist as long as the fact
it refers to is semantically supported by one or more information points in List B.
2. Output all information points from List A that are determined to exist in List B.

Output Format:
- One information point per line, in plain text. The output must correspond exactly to the
information points in List A and remain completely unchanged.
- If none of the information points in List A are found to exist in List B, simply return [None].
- Do not provide explanations, and ensure there is no redundant information.

Information Point List A:
871
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{info_list_a}

Information Point List B:
{info_list_b}

872

C.2 Details of RQ4873

For the computation of efficiency and cost, to ensure a fair comparison—by eliminating the influence of874

network APIs or local environment variability—we adopt a trajectory-based accounting approach, where875

all metrics are computed directly from the execution traces.876

Time. The agent runtime primarily consists of the time spent on base model invocations and tool calls.877

In FoldAgent, we assume that the folding operation—i.e., discarding a branch’s execution trace after the878

branch returns its result—does not incur significant overhead. Consequently, the runtime is dominated879

by base model calls and tool invocations. In Self-Manager, although multiple threads may execute in880

parallel, under the constraints of the framework, the start and end times of the main thread correspond to881

the earliest start and the latest completion among all threads. Therefore, we use the main-thread trajectory882

as the basis for runtime computation. For tool calls, we consider the time for thread creation, termination,883

and deletion to be negligible. However, when the main thread explicitly invokes a sleep operation to block884

itself, the specified sleep duration is counted toward the total runtime. Specifically, the unit-time costs of885

the operations considered in the runtime calculation are summarized in Table 6. The token generation886

time can be calculated based on the processing speed, as follows:887

Speed =
tokensprompt + tokensgeneration

time
(9)888

Table 6: Unit runtime of agent execution, which is referenced from SGLang (https://qwen.readthedocs.io/
en/latest/getting_started/speed_benchmark.html#qwen3-30b-a3b-sglang). The context length limit is
128k. The quantization type is torch.bfloat16.

Item Speed (tokens/s) toolsearch (s) toolvisit (s)

Time 1385.65 1.0 2.0

Cost. The agent execution cost is likewise dominated by base model invocations and tool calls. Although889

Self-Manager supports concurrency and asynchronous execution, it essentially renders base model calls890

asynchronous and parallel; as a result, the overall cost still primarily depends on the deployment cost of891

the base model. Specifically, the unit costs of the operations considered in the execution cost calculation892

are summarized in Table 7.893

C.3 Discussion894

Subtask. In Self-Manager, subtasks constitute a critical unit of processing. The main thread decomposes895

a complex task into multiple subtasks and can continuously discover new subtasks during execution. To896

enable independent execution, the main thread spawns child processes and dispatches subtasks to them.897

Accordingly, we investigate the behavior of the main thread when creating subtasks via spawning child898

threads. As illustrated in Figures 8 and 9, across a wide range of long-form deep research tasks, the types899

of subtasks assigned by the main thread span a diverse spectrum, including information gathering, problem900

analysis, material organization, and writing. Among these, research subtasks focused on information901

acquisition and analysis subtasks aimed at reasoning about and solving specific subproblems account902

for the majority. This observation is expected, as such subtasks are fundamental to long-form deep903

research: nearly any complex problem can be decomposed into research- and analysis-oriented subtasks.904

Meanwhile, we argue that models not explicitly trained to operate within a parallel agent loop are still905

limited in their ability to effectively leverage the highly flexible action of spawning child threads. A906
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Table 7: Base pricing of agent runtime overhead. Token prices are based on Together.ai (https://www.together.
ai/pricing), and search tool costs are based on Serper (https://serper.dev/).

Item tokenprompt ($/1M) tokengeneration ($/1M) toolsearch ($/Call) toolvisit ($/Call)

Price 0.80 0.80 0.001 0

promising direction for future work is to train models to generate a broader and more diverse set of 907

subtasks, thereby improving the utility and effectiveness of child threads. 908

Figure 8: Word cloud of subthreads’ subtasks assigned
by the main thread in Self-Manager.
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Figure 9: Frequency distribution of subtask types assigned
to subthreads in Self-Manager.

Comparison with multi-agent systems. Self-Manager falls within the category of single-agent 909

systems. One of its core motivations is to address the generalization limitations inherent in workflow- 910

based multi-agent systems. Generalization is precisely where single-agent approaches excel: under a 911

universal design paradigm, a single agent can, in principle, execute any type of task in any scenario. 912

Theoretically, an iteratively composable atomic loop is sufficient to construct the graph structure required 913

to complete arbitrary tasks. In this work, Self-Manager extends the classical single-threaded agent loop 914

by introducing concurrent and asynchronous subthreads. However, it does not cross into the multi- 915

agent regime for the following reasons. (1) The system relies on a single agentic LLM. Although 916

multiple threads execute different tasks concurrently, they all share the same policy. (2) The loop 917

design remains universally applicable and can generalize to arbitrary tasks across diverse scenarios. 918

Furthermore, inference frameworks such as SGLang can efficiently support concurrent multi-threaded 919

requests to deployed models without introducing additional inference overhead. Consequently, by enabling 920

self-management on subthreads, Self-Manager preserves the generalization advantages of single-agent 921

inference while further mitigating issues present in existing agent loops. 922

19

https://www.together.ai/pricing
https://www.together.ai/pricing
https://serper.dev/

	Introduction
	Methodology
	Background
	Parallel Agent Loop
	Agent-as-TCB-Manager

	Experiments
	RQ1: Performance on Complex Tasks
	RQ2: Ablation Studies
	RQ3: Contextual Capabilities
	RQ4: Efficiency and Cost
	RQ5: Generalization Ability

	Related Work
	Conclusion
	Introduction of Classical Agent Loops
	Implementation Details
	Prompt Templates
	Definition of TCB
	Inference

	Details of Experiment
	Details of RQ3
	Details of RQ4
	Discussion


