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Abstract001

Academic paper search is a fundamental task002
in scientific research, yet most existing ap-003
proaches rely on predefined workflows, which004
limits their flexibility when handling com-005
plex queries. We propose PaperScout, an au-006
tonomous agent that formulates paper search007
as a sequential decision-making process, en-008
abling the agent to dynamically decide when009
and how to invoke search and reference ex-010
pansion actions over multiple turns. To train011
such an agent stably, we introduce Proximal Se-012
quence Policy Optimization (PSPO), a process-013
aware, sequence-level policy optimization014
method that aligns optimization with agent–015
environment interaction. Comprehensive ex-016
periments show that PaperScout trained with017
PSPO achieves superior retrieval performance018
compared to existing methods. Our code019
is publicly available at https://anonymous.020
4open.science/r/PaperScout-4BC6.021

1 Introduction022

Academic paper search is a fundamental task in023

scientific research that underpins effective knowl-024

edge discovery (Timmins andMcCabe, 2005; Mar-025

chionini, 2006). Most traditional approaches rely026

on lexical or semantic matching, representing arti-027

cles with sparse keyword-based features or dense028

semantic embeddings over largely static corpora029

(Vine, 2006; Zhu et al., 2023). When a search030

query is issued, relevant papers are retrieved031

through nearest-neighbor match in the resulting032

representation space. Such approaches are gener-033

ally effective when queries are well-formed and rel-034

atively simple (Shi et al., 2025).035

However, as scholarly publications continue to036

grow rapidly and originate from increasingly het-037

erogeneous sources, maintaining static academic038

databases becomes increasingly costly (Manghi,039

2024). Meanwhile, traditional methods exhibit040

limited capability when faced with fine-grained041
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Figure 1: Comparison of different academic search
paradigms: Semantic Match, Fixed Workflow, and
Agentic Search.

and conditional queries (Gusenbauer and Had- 042

daway, 2020). For instance, a researcher may seek 043

studies such as ”Apply reinforcement learning to 044

protein folding while excluding Transformer-based 045

architectures”, which requires cross-domain rea- 046

soning and constraint-aware filtering. Existing 047

semantic retrieval approaches often return the- 048

matically related papers but fail to satisfy such 049

conditions, forcing repeated query reformulation 050

and manual screening, and substantially increasing 051

search cost (Gusenbauer and Haddaway, 2021). 052

Recent advances in large language models 053

(LLM) have introduced new opportunities for aca- 054

demic paper search. Going beyond single-round 055

querying and static ranking, LLMs leverage accu- 056

mulated context to guide subsequent steps and pro- 057

duce structured outputs, such as rewritten queries, 058

candidate inspection criteria, and citation cues 059

(Zhu et al., 2023), thereby enabling fine-grained 060

control over the retrieval process. Unlike tradi- 061

tional semantic matching, this interaction-driven 062

retrieval better reflects practical search processes, 063

effectively handling complex queries and gradually 064

narrowing the search space (Shi et al., 2025). 065
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Despite the increased expressive capacity of066

LLM-based approaches for academic paper search,067

most existing methods remain fundamentally068

workflow-driven. These approaches decompose re-069

trieval into predefined stages, such as query rewrit-070

ing, search, and reference expansion, and rely on071

fixed execution logic to determine when and how072

each stage is applied. As a result, retrieval deci-073

sions are implicitly encoded in workflow design074

rather than being made autonomously based on the075

evolving search context. This design assumes that076

a single retrieval paradigm can accommodate di-077

verse and evolving queries, limiting the system’s078

ability to adapt its retrieval behavior as new infor-079

mation is accumulated over time.080

To address the above limitations, we propose081

PaperScout, an autonomous paper search agent082

that reframes retrieval as a sequential decision-083

making process rather than predifined workflow084

execution. Instead of following a fixed search–085

expand pipeline, PaperScout explicitly decides at086

each step whether, when, and how to invoke search087

and reference expansion actions based on the pa-088

pers accumulated so far. By granting the agent089

direct control over retrieval decisions, PaperScout090

enables flexible, context-dependent exploration of091

paper, allowing search strategies to evolve dynam-092

ically as the retrieval process unfolds.093

However, training such an autonomous multi-094

turn retrieval agent poses a fundamental optimiza-095

tion challenge. The mismatch between interac-096

tion granularity and token-level optimization as-097

sumptions dilutes learning signals during propaga-098

tion, thereby increasing credit assignment uncer-099

tainty and making value function estimation more100

difficult to stabilize. To address this granularity101

mismatch, we propose Proximal Sequence Policy102

Optimization (PSPO), a process-aware, sequence-103

level policy optimization method that performs ad-104

vantage estimation at the sequence level while ex-105

plicitly leveraging process feedback, enabling sta-106

ble and efficient training of multi-turn retrieval107

agents. Our main contributions are as follows:108

• We formulate academic paper search as109

a partially observable sequential decision-110

making problem and propose PaperScout, an111

autonomous agent that adaptively controls112

search and reference expansion based on ac-113

cumulated retrieval context.114

• We introduce Proximal Sequence Policy115

Optimization (PSPO), a process-aware,116

sequence-level policy optimization method 117

that aligns optimization granularity with 118

multi-turn agent interactions. 119

• Extensive experiments and behavioral anal- 120

yses demonstrate more efficient multi-turn 121

retrieval and improved optimization stability 122

over existing methods. 123

2 Related Work 124

2.1 Query-Centric Academic Search 125

Traditional academic paper search methods pre- 126

dominantly follow a query-centric retrieval setting, 127

in which retrieval is driven by a single user query 128

and focuses on single-round query–document rel- 129

evance modeling (Schütze et al., 2008; Guo et al., 130

2020). Early approaches retrieval papers by mea- 131

suring term-level similarity between the query 132

and documents (Qaiser and Ali, 2018). To mit- 133

igate the limitations of semantic mismatch, later 134

work moves toward dense retrieval, which improve 135

query–document matching by encoding queries 136

and documents into semantic vector representa- 137

tions (Jiang et al., 2019; Reimers and Gurevych, 138

2019). More recently, LLMs have been employed 139

to rewrite or expand queries prior to retrieval in or- 140

der to better capture user intent (Ma et al., 2023; 141

Gusenbauer and Haddaway, 2020). Despite these 142

advances, such methods still treat paper search as 143

a single-round query–document matching, which 144

limits their ability to handle complex and diverse 145

search queries (Gusenbauer and Haddaway, 2020). 146

2.2 Multi-Turn Academic Paper Search 147

To move beyond the query-centric, single-round 148

retrieval paradigm, recent studies have explored 149

multi-turn approaches for academic paper search 150

(Cheng and Suo, 2025; Aytar et al., 2025; Park 151

et al., 2025). These methods typically formulate 152

retrieval as a sequence of operations, enabling sys- 153

tems to iteratively search, inspect candidate papers, 154

and expand along citation links to progressively 155

collect relevant papers. Representative work such 156

as PaSa (He et al., 2025) applies reinforcement 157

learning to optimize specific search and expand be- 158

haviors, while SPAR (Shi et al., 2025) adopts a 159

modular framework that integrates query rewriting, 160

reference exploration, and result re-ranking to im- 161

prove retrieval performance for complex queries. 162

Despite their effectiveness, these approaches gen- 163

erally use predefined retrieval workflows, offering 164
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limited flexibility in adapting retrieval strategies to165

different queries or evolving search contexts.166

2.3 Reinforcement Learning for LLM167

Most reinforcement learning methods for LLMs168

are originally developed for single-turn genera-169

tion. Proximal Policy Optimization (PPO) (Schul-170

man et al., 2017) is a widely used baseline, but171

its reliance on a learned value function makes172

performance sensitive to critic accuracy, partic-173

ularly under long-horizon and sparse-feedback174

settings (Yuan et al., 2025). To mitigate175

this issue, Group Relative Policy Optimization176

(GRPO) (Shao et al., 2024) replaces critic-177

based advantages with group-wise reward com-178

parisons, while Group Sequence Policy Optimiza-179

tion (GSPO) (Zheng et al., 2025) further extends180

this idea to sequence-level optimization through181

importance weighting and clipping over complete182

responses. Despite these advances, multi-turn183

agents pose an additional granularity mismatch:184

agent–environment interaction occurs at the level185

of full responses, while feedback may include both186

outcome-level and intermediate process signals.187

Group-based trajectory methods mainly empha-188

size final outcome comparisons, whereas token-189

level PPO updates are misaligned with sequence-190

level interaction and feedback. This gap moti-191

vates policy optimization methods that operate at192

the same granularity as agent–environment inter-193

action while effectively incorporating intermediate194

process-level rewards.195

3 Methodology196

In this section, we present PaperScout, an au-197

tonomous LLM-based agent for academic paper198

search. An overview of the framework is shown199

in Figure 2. We first formalize paper search as200

a Partially Observable Markov Decision Process201

(POMDP) in Section 3.1. Building on this formula-202

tion, Section 3.2 instantiates each POMDP compo-203

nent in a concrete multi-tool agent system. To opti-204

mize the agent policy under sequence-level feed-205

back, Section 3.3 introduces Proximal Sequence206

Policy Optimization (PSPO).207

3.1 Problem Definition208

We formalize academic paper search as a Partially209

Observable Markov Decision Process (POMDP)210

⟨S,A,P,R,Ω,O, γ⟩. The state st ∈ S represents211

a latent paper pool that contains all papers accu-212

mulated up to step t. Due to limited context, the213

Tool Description
Search(query) Calls scholarly search APIs to re-

trieve new papers.
Expand(paper) Retrieves reference papers cited by

the input paper.

Table 1: Tools available to the agent.

agent cannot access st directly and instead receives 214

an observation ot = O(st) ∈ Ω, which provides 215

a partial view of the pool (e.g., a small subset of 216

highly relevant papers). Based on ot, the agent 217

chooses an action at ∈ A to acquire new infor- 218

mation. In our setting, an action is instantiated by 219

invoking one or more external retrieval tools (such 220

as web search or reference expansion), whose ex- 221

ecution returns additional candidate papers. The 222

transition P(st+1 | st, at) updates the paper pool 223

by incorporating newly retrieved papers, and the re- 224

ward rt = R(st, at) measures the marginal utility 225

of this acquisition with respect to the user query. 226

This formulation casts paper search as an iterative 227

decision-making problem rather than a one-shot 228

ranking task. 229

3.2 PaperScout 230

PaperScout instantiates the POMDP in a modular 231

agentic system (Figure 2, left). While Section 3.1 232

provides an abstract formulation, we now describe 233

the concrete design for state tracking, observation 234

construction, and policy execution. 235

State and Observation Space. We implement 236

the latent state st as a paper pool Bt. Each paper 237

in Bt stores (i) its content and metadata, (ii) a rele- 238

vance score ρ(·)with respect to the user query, and 239

(iii) an expansion flag indicating whether its refer- 240

ences have been explored. Together, Bt maintains 241

the agent’s current search frontier. 242

The observation ot summarizes Bt under the 243

agent’s limited context budget. We use a dual-list 244

view that partitions top-ranked papers into (a) ex- 245

panded papers, which provide stable context from 246

previously explored nodes, and (b) unexpanded pa- 247

pers, which are candidates for further exploration. 248

We further augment ot with the interaction history 249

Ht−1 to reduce redundant exploration, including 250

past queries and previously expanded papers. 251

Policy and Execution Mechanism. The envi- 252

ronment provides a structured observation ot, 253

which we serialize into the LLM input sequence 254

xt using a fixed prompt template together with the 255
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Figure 2: Overview of PaperScout and the motivation for PSPO. Left: PaperScout models multi-turn paper
search as a POMDP by maintaining a paper pool as the latent state; at each step, the agent observes a summarized
view of the pool and issues Search or Expand tool calls to retrieve new papers, which are then merged to update
the pool. Right: Granularity mismatch in credit assignment: PPO attributes a single step reward to many tokens in
the response, leading to diluted learning signals, whereas PSPO treats each complete response as the atomic action
and performs advantage estimation and policy updates at the sequence level.

user query and tool description. The LLM then256

samples an output sequence yt ∼ πθ(· | xt). We257

parse yt into yt = (zt, Ct), where zt is a brief rea-258

soning trace and Ct is a set of tool invocations de-259

fined in Table 1. The environment executes Ct and260

returns raw results D(Ct). We then filter these re-261

sults to obtain the accepted candidate set Vt:262

Vt = { p ∈ D(Ct) | ρ(p) ≥ τ ∧ p /∈ Bt}, (1)263

where τ is a minimum relevance threshold. Only264

papers in Vt are merged into the pool, yielding the265

state transition st → st+1.266

3.3 Proximal Sequence Policy Optimization267

To effectively train the agent within the POMDP268

framework, we introduce Proximal Sequence Pol-269

icy Optimization (PSPO). This section details the270

reward formulation and the core optimization al-271

gorithm designed to bridge the gap between token-272

level generation and sequence-level utility.273

Reward Formulation. PaperScout aims to max-274

imize the recall of relevant papers. We design the275

reward so that the expected return matches the ex-276

pected amount of relevant papers acquired over the277

search process. Let Vt denote the set of novel pa-278

pers accepted into the pool at step t. To reduce vari-279

ance, we compute the gain on the top-k papers inVt280

ranked by relevance (using all papers if |Vt| < k).281

The step reward is: 282

rt =
∑

p∈top-k(Vt)

ρ(p)

︸ ︷︷ ︸
relevance gain

− η
∑
c∈Ct

I(c ∈ Ht−1)︸ ︷︷ ︸
repetition penalty

, (2) 283

where ρ(p) ∈ [0, 1] is the relevance score of paper 284

p, interpreted as the probability that p is relevant to 285

the user query. With this interpretation, the cumu- 286

lative relevance gain corresponds to the expected 287

number of relevant papers retrieved, while the rep- 288

etition term discourages redundant tool usage. 289

Algorithm Implementation. In our setting, the 290

agent interacts with the environment at the se- 291

quence level: each step corresponds to generating a 292

complete response that triggers tool executions and 293

yields a single step reward. This induces a gran- 294

ularity mismatch for token-level optimization, as 295

illustrated in Figure 2: sparse sequence-level feed- 296

back must be attributed to tokens, leading to noisy 297

credit assignment and unstable value learning. 298

PSPO resolves this mismatch by optimizing poli- 299

cies at the sequence level. Let xt be the prompt 300

obtained by serializing the observation ot, and yt 301

be the complete response at step t. For a trajec- 302

tory T = ⟨x0, y0, . . . , xT−1, yT−1⟩ of length T , 303

we define rt = r(xt, yt) and learn a value function 304

Vϕ(xt). We estimate advantages with GAE: 305

Ât =

T−t−1∑
l=0

(γλ)l δt+l, (3) 306
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where δt = r(xt, yt)+γVϕ(xt+1)−Vϕ(xt) denotes307

the temporal-difference (TD) error.308

The actor is trained with a clipped surrogate ob-309

jective:310

Lactor(θ) = ET ∼πθold

[
min

(
wt(θ)Ât,

clip(wt(θ), 1− εlow, 1 + εhigh)Ât

)]
,

(4)311

where the sequence-level importance ratio is312

wt(θ) =
πθ(yt | xt)
πθold(yt | xt)

=

Lt∏
i=1

πθ(yt,i | xt, yt,<i)

πθold(yt,i | xt, yt,<i)
.

(5)313

The critic minimizes E
[
(Vϕ(xt)−Rt)

2
]
with314

Rt =
T−t−1∑
k=0

γkrt+k. (6)315

Optimization Strategies. Training the critic is316

particularly challenging because reward distribu-317

tions vary widely across queries. Although the re-318

ward design already controls variance via filtering319

and top-k aggregation, the return scale can still320

differ substantially across samples, which slows321

value learning and destabilizes advantage estima-322

tion. To address this, two stabilizers are intro-323

duced primarily for the critic: value pre-training324

and return normalization. Specifically, we initial-325

ize the value function with value pre-training as in326

VAPO (Yue et al., 2025), training the critic offline327

under a fixed policy to reduce initialization bias.328

We further apply running mean–variance normal-329

ization to the discounted returns Rt, making value330

regression and subsequent policy updates less sen-331

sitive to reward magnitude. Finally, to encourage332

exploration, we adopt asymmetric clipping as in333

DAPO (Yu et al., 2025), using separate lower and334

upper bounds εlow and εhigh.335

4 Experiments336

4.1 Experiment Setup337

We conduct experiments on two benchmarks: Au-338

toScholarQuery and RealScholarQuery. For rein-339

forcement learning, the agent is trained on the Au-340

toScholarQuery training split and validated on the341

development split. We evaluate on two test sets: (i)342

a filtered subset of the AutoScholarQuery test split343

containing 112 queries with at least five ground-344

truth relevant papers, and (ii) RealScholarQuery,345

which comprises 50 real-world scholarly queries 346

with corresponding reference papers. 347

Retrieval Backends. To enable stable RL train- 348

ing under high concurrency, we build a fully lo- 349

cal retrieval environment for training. Specifically, 350

we deploy Milvus1 over millions of paper meta- 351

data to emulate a scholarly search service, and pre- 352

cache millions of papers from ar5iv2 to support 353

reference-based expansion. If a requested paper is 354

missing from the local cache, it would be down- 355

loaded on demand from ar5iv or arXiv3. During 356

evaluation, we standardize the search backend by 357

issuing search calls through Google Search for fair 358

comparison across methods. 359

Baselines. We compare against a diverse set of 360

baselines spanning traditional academic search en- 361

gines, LLM-enhanced retrieval workflows, and re- 362

cent multi-turn paper search systems: 363

• Google Search 4. Standard Google Search us- 364

ing the original query. 365

• Google Search + LLM. Google Search with 366

a refined query generated by LLM. 367

• Google Scholar. Direct retrieval from 368

Google Scholar without LLM intervention. 369

• PaSa (He et al., 2025). A reinforcement 370

learning–based paper search system that op- 371

timizes query rewriting and reference expan- 372

sion under a fixed workflow . 373

• SPAR (Shi et al., 2025). A multi-turn aca- 374

demic search framework that integrates mul- 375

tiple retrieval components within a predefined 376

structured workflow. 377

Our variants. We evaluate three variants of our 378

approach to disentangle the effects of RL fine- 379

tuning and model scale: (i) PaperScout (Qwen3- 380

4B fine-tuned with PSPO), (ii) PaperScout-Qwen3- 381

4B (the same backbone without RL fine-tuning), 382

and (iii) PaperScout-Qwen3-Max (a larger back- 383

bone, Qwen3-Max, without RL fine-tuning). 384

Evaluation Protocol. For Google Search, 385

Google Search + LLM, and Google Scholar, we 386

evaluate the top 100 retrieved papers. For other 387

1https://milvus.io
2https://ar5iv.labs.arxiv.org
3https://arxiv.org
4https://serper.dev
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Table 2: Performance comparison on the RealScholarQuery and AutoScholarQuery benchmarks. Best results are
highlighted in bold and second-best results are underlined. Note that PaperScout develops based on Qwen3-4B.

RealScholarQuery AutoScholarQuery
Model Precision F1 Recall LLM-score Precision F1 Recall LLM-score

Google Search 0.059 0.074 0.304 1.116 0.009 0.017 0.127 1.263
Google Search + LLM 0.067 0.077 0.254 1.237 0.010 0.019 0.138 1.322
Google Scholar 0.045 0.064 0.247 1.251 0.006 0.011 0.081 1.212
PaSa 0.415 0.417 0.541 2.111 0.095 0.129 0.442 2.186
SPAR 0.412 0.408 0.496 2.415 0.091 0.131 0.386 2.295

PaperScout-Qwen3-4B 0.404 0.411 0.497 2.261 0.092 0.128 0.382 2.202
PaperScout-Qwen3-Max 0.435 0.427 0.562 2.483 0.102 0.115 0.427 2.368
PaperScout 0.442 0.441 0.574 2.576 0.115 0.134 0.459 2.467

multi-turn methods, we use each system’s final388

reranked and filtered outputs. For PaperScout,389

candidate papers are ranked by the relevance score390

ρ(·), and we retain papers with ρ(p) ≥ 0.5 as the391

final results.392

Metrics. We report Precision, Recall, F1-score,393

and an LLM-based relevance score. Precision, Re-394

call, and F1-score are computed by exact matches395

between retrieved papers and ground-truth relevant396

papers. To mitigate evaluation bias caused by in-397

complete annotations, we additionally report an398

LLM-based score: three LLMs (DeepSeek-V3.2399

(Liu et al., 2024), Qwen3-Max (Yang et al., 2025),400

and GPT-5.1) independently judge the relevance401

between each retrieved paper and the user query.402

Relevance is rated on a four-level scale (0–3), and403

we average the three ratings to obtain a final score404

in [0, 3]. Details of the scoring protocol and relia-405

bility analysis are provided in Appendix A.2.406

4.2 Main Results407

Table 2 summarizes the performance onRealSchol-408

arQuery and AutoScholarQuery. Across both409

benchmarks, multi-turn retrieval methods substan-410

tially outperform single-shot baselines, highlight-411

ing the importance of iterative tool use for aca-412

demic paper search under complex query settings.413

Among all multi-turn systems, PaperScout con-414

sistently achieves the strongest performance. On415

RealScholarQuery, PaperScout attains the highest416

Recall of 0.574 (vs. 0.541 for the best baseline) to-417

gether with the best LLM-score of 2.576, and im-418

proves the best baseline F1-score from 0.417 to419

0.441 (+5.8% relative). On AutoScholarQuery,420

PaperScout again ranks first, yielding the highest421

Recall of 0.459 and highest LLM-score of 2.467,422

while also achieving the best F1-score (0.134).423

R
ec

al
l

R
ec

al
l

Tool-Call Count

Figure 3: Average recall as tool calls accumulate on Re-
alScholarQuery (top) and AutoScholarQuery (bottom).
PSPO consistently yields higher recall with the same
number of tool calls.

Notably, the RL-trained 4B PaperScout even 424

matches or surpasses a larger untrained back- 425

bone (PaperScout-Qwen3-Max), motivating fur- 426

ther analysis of its tool-call efficiency and opti- 427

mization behavior in the following sections. 428

4.3 Analysis of PaperScout 429

To analyze the strong retrieval performance of Pa- 430

perScout, we examine its behavior from the per- 431

spectives of tool-call efficiency and flexibility in 432

multi-turn retrieval. 433

Tool-Call Efficiency. Figure 3 illustrates how 434

recall evolves as tool calls accumulate on both 435

benchmarks. Overall, PaperScout achieves con- 436

sistently higher recall than all baselines under the 437

same number of tool calls, indicating a larger re- 438
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Figure 4: Training dynamics and optimization statistics for different policy optimization methods. (a) Trajectory
returns during training. PSPO converges faster and reaches a higher return plateau than PPO and GSPO. (b) Actor
gradient norm during policy updates. PSPO maintains a smaller gradient norm with a clearer downward trend than
PPO. (c) Critic loss during training. PSPO is consistently lower than PPO, especially in early training.
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Figure 5: Search–Expand call distribution across
queries for different models. The trained PaperScout
(Qwen3-4B-PSPO) exhibits a broader and more bal-
anced allocation of search and expansion actions com-
pared with the untrained Qwen3-4B and Qwen3-Max,
indicating more flexible multi-turn retrieval behavior.

trieval gain per invocation. In the low-call regime,439

the trained PaperScout agent exhibits a steeper in-440

crease in recall compared with PaSa and the un-441

trained 4B variant, suggesting more effective early-442

stage multi-turn retrieval. As tool calls increase,443

the untrained 4B agent quickly saturates, whereas444

PaperScout continues to accumulate relevant pa-445

pers and maintains a clear advantage throughout446

the trajectory. Notably, PaperScout matches or447

surpasses the much larger Qwen3-Max backbone448

across a wide range of tool-call counts on both449

datasets, demonstrating that efficient multi-turn re-450

trieval behavior can compensate for model scale451

through more informative tool usage.452

Analysis of Tool Distribution. Figure 5 further453

analyzes how PaperScout allocates search and ex-454

pansion actions across queries. The untrained455

Qwen3-4B agent concentrates near the origin, in-456

dicating that it issues few tool calls of either type457

and thus performs limited multi-turn exploration.458

Table 3: Performance comparison of PaperScout opti-
mized by PPO, GSPO and PSPO on RealScholarQuery.

Model Precision F1 Recall LLM-score

PPO 0.405 0.408 0.537 2.417
GSPO 0.433 0.439 0.557 2.510
PSPO 0.442 0.441 0.574 2.576

In contrast, Qwen3-Max exhibits a pronounced 459

skew toward expansion, with many trajectories 460

dominated by expansion-heavy behaviors and rel- 461

atively few search calls, which can restrict the in- 462

troduction of new retrieval directions. By com- 463

parison, PaperScout occupies a broader region of 464

the search–expand space and distributes calls more 465

evenly between the two actions, reflecting a more 466

balanced trade-off between retrieval breadth and 467

depth. Overall, these patterns indicate that Paper- 468

Scout supports flexible and adaptive multi-turn re- 469

trieval strategies, rather than following fixed or bi- 470

ased tool-use behaviors across queries. 471

4.4 Effectiveness of PSPO 472

To evaluate the effectiveness of PSPO as a policy 473

optimization method for multi-turn retrieval, we 474

analyze its impact from two complementary per- 475

spectives: final retrieval quality and optimization 476

stability, in comparison with PPO and GSPO. 477

Superior Retrieval Performance. Table 3 re- 478

ports the retrieval performance on RealScholar- 479

Query. PSPO achieves the best results across all 480

metrics, improving Recall to 0.574 (vs. 0.557 with 481

GSPO and 0.537 with PPO) and yielding the high- 482

est LLM-score of 2.576. These gains are consistent 483

with the training dynamics shown in Figure 4(a), 484

where PSPO converges faster and reaches a higher 485

return plateau than both PPO and GSPO. 486
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Figure 6: Case study of PaperScout. The agent alternates between search and reference expansion based on accu-
mulated retrieval context, re-issuing search when expansion yields diminishing returns to introduce new directions.

The slower improvement of PPO can be at-487

tributed to the token–sequence granularity mis-488

match in multi-turn retrieval: optimizing policies489

at the token level under sparse sequence-level feed-490

back amplifies credit assignment noise and makes491

value fitting more difficult, thereby reducing sam-492

ple efficiency despite relatively smooth learning493

curves. GSPO, by contrast, performs sequence-494

level optimization and thus achieves rapid early495

gains; however, it exhibits larger return oscilla-496

tions and an earlier performance ceiling, suggest-497

ing limited stability when intermediate process re-498

wards need to be incorporated. PSPO bridges these499

behaviors by aligning policy optimization with500

the sequence-level interaction granularity while501

explicitly leveraging process rewards through the502

critic, leading to both fast convergence and stable503

performance improvements.504

Stable Model Optimization. Figure 4(b)505

presents the actor gradient norm during training.506

Compared with PPO, PSPO maintains a smaller507

gradient norm with a clear downward trend, indi-508

cating more controlled and stable policy updates509

under sequence-level optimization. Figure 4(c)510

further shows that PSPO consistently achieves511

a lower critic loss than PPO, particularly in the512

early training stage, suggesting that its advantage513

estimation provides more reliable learning targets514

for value regression under sparse sequence-level515

feedback. Taken together, these observations516

indicate that PSPO improves optimization stabil-517

ity for both the actor and critic, which in turn518

contributes to stronger and more reliable final519

retrieval performance.520

4.5 Case Study521

Figure 6 presents a representative case illustrat-522

ing PaperScout’s multi-turn retrieval behavior on523

a complex query involving CLIP, ViLD, and Re-524

gionCLIP. At the initial stage, the agent decom- 525

poses the query into multiple semantic facets and 526

issues parallel search actions targeting different as- 527

pects of vision–language models. Based on the 528

retrieved seed papers, the agent performs several 529

rounds of expand actions, progressively exploring 530

region-level and fine-grained vision–language pre- 531

training methods with strong semantic coherence. 532

Notably, after expansion along existing direc- 533

tions becomes saturated, the agent initiates a new 534

search call in a later turn, opening a previously un- 535

explored research direction, fine-grained region un- 536

derstanding. This re-search step moves the agent 537

beyond local expansion by introducing fresh can- 538

didate papers, which are further refined through 539

subsequent expand actions. Such behavior demon- 540

strates that PaperScout does not follow a fixed 541

search–then–expand pipeline, but instead automat- 542

ically alternates between search and expand based 543

on accumulated context, constructing a structured 544

and evolving paper exploration trajectory. 545

5 Conclusion 546

In this paper, we present PaperScout, an au- 547

tonomous agent that formulates academic paper 548

search as a sequential decision-making process. 549

By explicitly deciding when and how to invoke 550

search and citation expansion based on accu- 551

mulated retrieval context, PaperScout moves be- 552

yond fixed retrieval workflows and enables flexible 553

multi-turn paper exploration. We further introduce 554

Proximal Sequence Policy Optimization (PSPO), 555

a process-aware, sequence-level policy optimiza- 556

tion method that aligns optimization with agent– 557

environment interaction and enables stable training 558

of multi-turn retrieval agents. Experiments on two 559

benchmarks demonstrate that PaperScout trained 560

with PSPO achieves superior retrieval performance 561

compared to existing methods. 562
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Limitations563

Despite the effectiveness of our approach in multi-564

turn paper search, several limitations remain. First,565

our current evaluation primarily focuses on the566

computer science domain, and extending the study567

to broader research areas would further validate the568

generality of the proposed framework. Second, Pa-569

perScout relies on papers that are publicly accessi-570

ble through online search engines and open repos-571

itories; retrieving papers from restricted or pay-572

walled sources remains challenging and may limit573

coverage in certain domains. Third, our current574

implementation adopts a relatively limited search575

backend, and incorporating multi-source retrieval576

from heterogeneous scholarly databases could fur-577

ther improve robustness and recall. Finally, cita-578

tion expansion currently considers only outgoing579

references, while leveraging incoming citations580

and richer citation graph signals may provide ad-581

ditional retrieval cues. We leave these directions582

for future work.583
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A Experimental Details698

A.1 Dataset Description699

Our experiments are conducted on two bench-700

marks, AutoScholarQuery and RealScholarQuery701

(He et al., 2025), which represent synthetic and702

expert-curated scholarly search scenarios. Au-703

toScholarQuery is a large-scale synthetic bench-704

mark constructed from recent top-tier confer-705

ence papers, including ICLR, ICML, NeurIPS,706

and ACL, while RealScholarQuery is a human-707

annotated benchmark designed to evaluate realistic708

and challenging scholarly search settings. Detailed709

statistics of the datasets are summarized in Table 4.710

Dataset #Train #Dev #Test
AutoScholarQuery 33551 1000 1000
RealScholarQuery – – 50

Table 4: Details of the datasets

A.2 Implementation of PaperScout 711

We conduct reinforcement learning for PaperScout 712

on four NVIDIA A800 GPUs, using Qwen3-4B- 713

Instruct-25075 as the backbone model. We set the 714

actor and critic learning rates to 1 × 10−6 and 715

1 × 10−5, respectively, with a per-gpu batch size 716

of 4. For reward computation, we set the top-k 717

to 3 to reduce reward variance across queries with 718

varying difficulty. We further set the score thresh- 719

old δ = 0.01 and repeated penalty η = 0.5. To 720

improve training stability, we first freeze the actor 721

and pre-train the critic for 100 steps, followed by 722

joint optimization of both components. The agent 723

receives up to 10 unexpanded and 10 expanded pa- 724

pers at each turn. If the paper pool remains un- 725

changed for three turns, the retrieval terminates. 726

Scorer. Given a user query together with the ti- 727

tle and abstract of a paper, the scorer evaluates 728

their semantic relevance and produces a continu- 729

ous score that guides the retrieval decision of Pa- 730

perScout. Specifically, the scorer prompts a lan- 731

guage model to perform a relevance judgment, and 732

defines the relevance score as the probability of 733

generating the ”True” token in the model output, 734

yielding a value in [0, 1]. We implement the scorer 735

using a qwen2.5-7B-based model 6 that is specifi- 736

cally trained for this relevance assessment task, and 737

detailed prompt is shown on Appendix C. 738

B Details about LLM-score 739

Evaluation Protocol We employ an LLM-as- 740

a-Judge to assess the relevance between a user 741

query and a candidate paper based on its title 742

and abstract, using three independent evaluators— 743

DeepSeek-V3.2, Qwen3-max, and GPT-5.1. To en- 744

sure reliable and unbiased judgments, the evalua- 745

tors are explicitly instructed to focus solely on se- 746

mantic relevance, while ignoring factors such as 747

writing quality, length, style, or popularity. Rele- 748

vance is rated on a discrete four-level scale from 749

0 to 3, with clearly defined semantic criteria for 750

each level, which helps constrain the models’ de- 751

cision boundaries and reduce ambiguity in scor- 752

ing. The evaluators are further required to out- 753

put results in a strict JSON format, ensuring con- 754

sistent, structured, and easily parsable relevance 755

5https://www.modelscope.cn/models/Qwen/Qwen3-4B-
Instruct-2507

6https://www.modelscope.cn/models/bytedance-
research/pasa-7b-selector
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scores for downstream analysis. The detailed eval-756

uation prompt is provided in Appendix C757

Consistency Analysis. We randomly sample758

500 query–paper pairs from each method’s test re-759

sults, yielding a total of 3,000 samples, and analyze760

the consistency of the three LLM-based relevance761

scores for each sample. For each query–paper pair,762

we compute the standard deviation (STD) of the763

three scores as well as their maximum score gap764

(Max-Gap) to quantify inter-model agreement. As765

shown in Table 5, most samples exhibit strong con-766

sistency: 2,629 cases receive identical scores from767

all three models. The remaining discrepancies are768

predominantly minor, with only small score differ-769

ences, while larger disagreements are rare and no770

samples exhibit extreme conflicts. These results in-771

dicate that the LLM-based scoring provides a sta-772

ble and reliable signal for relevance evaluation.773

STD 0.00 0.22 0.66 0.88 > 0.88
Max-Gap 0 1 2 2 3

Count 2629 336 25 10 0

Table 5: Consistency analysis of LLM-based relevance
scores across three evaluators.

11



C Full Prompt set774

Paper Search Agent Prompt

System
You are a research agent. Your goal is to find papers relevant to the User Query.
User Query
(...Detailed User Query...)
History Actions
(...Detailed History Actions...)
Paper List
(...Detailed Paper List...)
Instructions

• Analyze the Paper List and History Actions to determine the next set of actions. Enclose your analysis of the state and
decision logic within <analysis>...</analysis> tags.

• You support parallel tool calling. You should output multiple tool calls in a single step if several independent actions
are valuable at the current state.

• Attend to the history actions and avoid expanding the same papers.

Output Format

<analysis>
[Your analysis of the current state and decision logic...]
</analysis>
<tool_call>
[Tool call 1]
</tool_call>
<tool_call>
[Tool call 2]
</tool_call>
...

Tool Schema

SEARCH_TOOL_SCHEMA = {
"type": "function",
"function": {

"name": "search",
"description": (

"Search for relevant papers in the arXiv repository."
),
"parameters": {

"type": "object",
"properties": {

"query": {
"type": "string",
"description": (

"A single search query (natural language or keywords). "
"No field scopes (ti:/abs:) or boolean ops. Must differ from all
history queries."

),
}

},
"required": ["query"],

},
},

}

EXPAND_TOOL_SCHEMA = {
"type": "function",
"function": {

"name": "expand",
"description": (

"Expand from an existing paper by following its references to surface additional
relevant works. "
"Use this when search is saturated and you want to broaden coverage around a known
paper."

),
"parameters": {

"type": "object",
"properties": {

775
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"arxiv_id": {
"type": "string",
"description": (

"The arXiv identifier (e.g., '1706.03762') of a paper already in the
current paper list."

),
}

},
"required": ["arxiv_id"],

},
},

}

PAPERSEARCH_TOOL_SCHEMAS = [SEARCH_TOOL_SCHEMA, EXPAND_TOOL_SCHEMA]
776

Scorer Prompt

System
You are an elite researcher in the field of AI, conducting research on
(...Detailed User Query...)
Evaluate whether the following paper fully satisfies the detailed requirements of the user query and provide your reasoning.
Ensure that your decision and reasoning are consistent.
Searched Paper

• Title: (...Detailed Title...)

• Abstract: (...Detailed Abstract...)

• User Query: (...Detailed User Query...)

Output format

• Decision: True / False

• Reason: ...

• Decision:
777

LLM Judge Prompt

System
You are an expert LLM-as-a-Judge for academic paper search. Your task is to evaluate how relevant a candidate paper is to
a given research query. You must strictly follow the scoring rubric and output only the required JSON. You should ignore
writing quality, length, style, or popularity. Only evaluate semantic relevance between the query and the paper content.
Query
(...Detailed User Query...)
Paper Candidate

• Title:

• Abstract:

Scoring Rubric (relevance_level)

• - 3 = Highly relevant — Directly addresses the core research question or problem expressed in the query.

• - 2 = Moderately relevant — About a closely related topic, but only partially matches the intent or focuses on a sub-
aspect.

• - 1 = Weakly relevant — Belongs to the broader area but only tangentially connected to the query.

• - 0 = Irrelevant — Not relevant to the query in any meaningful way.

Output Format (must be valid JSON)

{
"relevance_level": 0/1/2/3,
"confidence": "low/medium/high",
"reason_short": "A brief one-sentence justification"

}

You MUST output valid JSON and nothing else.
778
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D An Example for PaperScout779

Query

Could you provide some studies that have worked on leveraging the capability of CLIP and proposed
models like ViLD and RegionCLIP?

780

Step 1

Paper List:
Empty list
Analysis:
The initial paper list is empty, and there are no history actions to avoid. The user is interested in studies that leverage CLIP’s
capabilities, specifically referencing models like ViLD and RegionCLIP. Since there are no existing papers in the pool, we
must first search for relevant papers that discuss CLIP-based models or specifically mention ViLD and RegionCLIP. To
ensure comprehensive coverage, we should perform a broad search query with keywords such as “CLIP”, “ViLD”, and “Re-
gionCLIP” to identify foundational and related works. Given that the user is interested in the application and development of
CLIP-based models like ViLD and RegionCLIP, initiating multiple search queries with slightly different but complementary
keywords (e.g., “CLIP-based visual localization”, “ViLD model”, “RegionCLIP model”) will help capture a diverse range of
relevant papers. This ensures that we cover both general CLIP applications and the specific models mentioned in the query.
We will perform three initial search queries: “CLIP visual localization” “ViLD model” “RegionCLIP model” These queries
will yield a set of foundational and relevant papers directly matching the user’s interests, enabling us to form a robust initial
pool to proceed with further expansion or refinement.
Tool Call:

{"name": "search", "arguments": {"query": "CLIP visual localization"}}
{"name": "search", "arguments": {"query": "ViLD model"}}
{"name": "search", "arguments": {"query": "RegionCLIP model"}}

781

Step 2

Paper List:
Paper Pool Status:
[EXP]: Paper has been expanded (already used as a seed for more papers).
[NEW]: New paper found via search or expansion, candidate for further exploration.
Format: [arxiv_id] (score) [STATUS] Title
[2112.09106] (1.00) [NEW] RegionCLIP: Region-based Language-Image Pretraining
Abstract: Contrastive language-image pretraining (CLIP) performs poorly on region-level recognition due to a domain
shift between whole-image and region-text alignment. We propose RegionCLIP to learn region-level visual representations
aligned with textual concepts, significantly improving open-vocabulary object detection performance. ...
[2104.13921] (0.99) [NEW] Open-vocabulary Object Detection via Vision and Language Knowledge Distillation
Abstract: We propose ViLD, a vision-language knowledge distillation framework that transfers open-vocabulary knowledge
from a pretrained image-text model to a two-stage detector. ViLD achieves state-of-the-art performance on LVIS and gener-
alizes well to COCO, PASCAL VOC, and Objects365 without finetuning. ...
[2302.00275] (0.40) [NEW] Learning Generalized Zero-Shot Learners for Open-Domain Image Geolocalization
Abstract: We introduce StreetCLIP, a foundation model that achieves state-of-the-art zero-shot performance for open-domain
image geolocalization. By meta-learning with synthetic captions, our method effectively transfers CLIP’s generalized zero-
shot capability to the geolocalization domain. ...
(...More Papers...)
[2305.05095] (0.12) [NEW] Less is More: Removing Text-regions Improves CLIP Training Efficiency and Robustness
Abstract: We show that removing images with text regions improves both the efficiency and robustness of CLIP training. The
proposed filtering strategy boosts classification and retrieval accuracy and defends against typographic adversarial attacks.
...
Analysis:
The user query includes the topic about ‘RegionCLIP model” and already performed a search for related topics, including
‘CLIP visual localization”, ‘ViLD model”, and ‘RegionCLIP model”. The current paper list includes several relevant works,
with the most directly relevant being [2112.09106] (RegionCLIP: Region-based Language-Image Pretraining), which is the
primary paper matching the exact query.
From the list: [2112.09106] is the core paper on RegionCLIP and directly addresses the user’s initial interest. [2104.13921]
(ViLD) is closely related, as it deals with open-vocabulary object detection via vision and language distillation—
complementary to RegionCLIP’s goal of fine-grained region understanding. [2308.02299] (RegionBLIP) is also rele-
vant as it extends multimodal models to regional comprehension, implying a similar focus on region-level understanding.

782
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[2310.18340] (UrbanCLIP) is less directly relevant, as it applies CLIP to urban region profiling rather than object detection
or region alignment. [2302.00275] and [2309.16020] focus on geolocation, which is tangentially related via vision-language
alignment but not directly on region-level features.
We should expand beyond the initial RegionCLIP paper to explore related works that enhance region-level understanding,
especially those that build upon or extend CLIP for regional visual representations. Given that [2112.09106] is the primary
paper, we should expand it to surface more foundational or downstream works that might be relevant.
Moreover, [2104.13921] and [2308.02299] are strong secondary candidates because they also involve region-image-text
alignment in a multimodal setting. However, they were not previously expanded, so expanding these papers would provide
a more robust understanding of the ecosystem.
Therefore, the next actions should be: Expand the primary paper [2112.09106] to uncover related foundational or downstream
works. Expand [2104.13921] (ViLD) to explore its references, as it shares a similar vision (open-vocabulary detection via
language vision alignment). Expand [2308.02299] (RegionBLIP) to discover related works on regional comprehension in
multimodal models.
These expansions will enrich the paper pool without repeating prior searches or expanding redundant papers (e.g., earlier
ones not in the current list).
Tool Call:

{"name": "expand", "arguments": {"arxiv_id": "2112.09106"}}
{"name": "expand", "arguments": {"arxiv_id": "2104.13921"}}
{"name": "expand", "arguments": {"arxiv_id": "2308.02299"}}

783

Step 3
...

784

Step 4

Paper List:
[2112.09106] (1.00) [EXP] RegionCLIP: Region-based Language-Image Pretraining
Abstract: CLIP is ineffective for region-level object detection due to the domain shift between whole-image–text alignment
and region–text alignment. RegionCLIP extends CLIP to learn region-level visual representations, significantly improving
open-vocabulary and zero-shot object detection performance. ...
[2104.13921] (0.99) [EXP] Open-vocabulary Object Detection via Vision and Language Knowledge Distillation
Abstract: We propose ViLD, a vision-language knowledge distillation framework that transfers open-vocabulary knowledge
from a pretrained image-text model to a two-stage detector. ViLD achieves strong generalization on multiple detection
benchmarks and outperforms prior methods on novel categories without additional finetuning. ...
[1908.02265] (0.54) [NEW] ViLBERT: Pretraining Task-Agnostic Visiolinguistic Representations for Vision-and-Language
Tasks
Abstract: We propose ViLBERT, a task-agnostic vision-and-language pretraining model with a two-stream architecture
and co-attentional transformers. Pretrained on large-scale image-text data, ViLBERT achieves state-of-the-art performance
across multiple vision-language tasks with minimal task-specific modification. ...
(...More Papers...)
[2301.12597] (0.05) [NEW] BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large
Language Models
Abstract: We propose BLIP-2, an efficient vision-language pretraining framework that leverages frozen image encoders and
frozen large language models. With a lightweight querying transformer, BLIP-2 achieves state-of-the-art performance and
strong zero-shot capabilities with significantly fewer trainable parameters. ...
Analysis:
The user cares about the studies that leverage CLIP’s capabilities, and we have already identified the primary paper on
RegionCLIP (arXiv:2112.09106), which is now marked as [EXP] (expanded). This paper is the central focus and has been
used as a seed for expansion via the expand tool (e.g., expanded papers like 2104.13921, 2308.02299, etc.).
Currently, the paper list includes several relevant papers on vision-language pre-training and region-based models, such as:
RegionBLIP (2308.02299): focuses on regional comprehension in multi-modal models. UrbanCLIP (2310.18340): uses
text-enhanced urban region profiling with CLIP-like training. Oscar (2004.06165): object-semantic alignment pre-training.
FILIP (2111.07783): fine-grained language-image pre-training with token-wise alignment. STAIR (2301.13081): sparse
text and image representation.
These papers are closely related in theme, focusing on regional or fine-grained visual understanding in vision-language
settings, which supports the broader context of RegionCLIP as a foundation. However, many of these have been already
expanded (marked [EXP]), so further expansion may not yield new relevant papers.
To deepen the exploration, we should: Identify missing papers from the primary RegionCLIP literature by searching on
related keywords to complement what we already found. Expand on other key papers that are relevant but not yet expanded,
such as: STAIR (2301.13081): sparse representations, strong performance in retrieval. FILIP (2111.07783): fine-grained
alignment, strong localization. BLIP-2 (2301.12597): foundational MLLM, influential in regional vision-language tasks.
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Avoid expanding on already expanded papers (e.g., 2112.09106, 2104.13921, 2308.02299, 2310.18340, 2305.05095) to avoid
redundancy.
Therefore, the next actionable steps should include: Searching for papers related to ‘fine-grained region understanding in
vision-languagemodels” to complement existing ones. Expanding on key under-explored candidates like FILIP (2111.07783)
and BLIP-2 (2301.12597), as they offer strong theoretical or practical advancements in regional language-image alignment.
This will ensure we cover both complementary and emerging directions in the region-based vision-language pre-training
space.
Tool Call:

{"name": "search", "arguments": {"query": "fine-grained region understanding in
vision-language models"}}
{"name": "expand", "arguments": {"arxiv_id": "2111.07783"}}
{"name": "expand", "arguments": {"arxiv_id": "2301.12597"}}
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More Steps
...
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Final Result
Paper ID: 2112.09106

• Title: RegionCLIP: Region-based Language-Image Pretraining

• Abstract: ...

• Score: 0.9957

Paper ID: 2104.13921

• Title: Open-vocabulary Object Detection via Vision and Language Knowledge Distillatio

• Abstract: ...

• Score: 0.9949

(...More Papers...)
Paper ID: 2203.16513

• Title: PromptDet: Towards Open-vocabulary Detection using Uncurated Images

• Abstract: ...

• Score: 0.5027
788
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