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Abstract001

Multi-turn tool-integrated reasoning enables002
Large Language Models (LLMs) to solve com-003
plex tasks through iterative information re-004
trieval. However, current reinforcement learn-005
ing (RL) frameworks for search-augmented rea-006
soning predominantly rely on sparse outcome-007
level rewards, leading to a "Double Homoge-008
nization Dilemma." This manifests as (1) Pro-009
cess homogenization, where the thinking, rea-010
soning, and tooling involved in generation011
are ignored. (2) Intra-group homogenization,012
coarse-grained outcome rewards often lead to013
inefficiencies in intra-group advantage estima-014
tion with methods like Group Relative Policy015
Optimization (GRPO) during sampling. To ad-016
dress this, we propose Turn-level Stage-aware017
Policy Optimization (TSPO). TSPO introduces018
the First-Occurrence Latent Reward (FOLR)019
mechanism, allocating partial rewards to the020
step where the ground-truth answer first ap-021
pears, thereby preserving process-level sig-022
nals and increasing reward variance within023
groups without requiring external reward mod-024
els or any annotations. Extensive experiments025
demonstrate that TSPO significantly outper-026
forms state-of-the-art baselines, achieving av-027
erage performance gains of 24% and 13.6%028
on Qwen2.5-3B and 7B models, respectively.029
Code is available at https://anonymous.030
4open.science/r/TSPO .031

1 Introduction032

Large Language Models (LLMs) have recently033

shown strong abilities in complex reasoning034

through multi-turn interactions with external tools035

such as search engines, calculators, and code in-036

terpreters (Team et al., 2025; Jin et al., 2025; Chai037

et al., 2025). Unlike single-step decision-making,038

this multi-turn paradigm allows models to decom-039

pose complex tasks into a series of manageable sub-040

tasks. By iteratively retrieving and integrating infor-041

mation, LLMs have achieved remarkable success042

in challenging tasks like open-domain question an- 043

swering (QA) and mathematical reasoning (Zhang 044

et al., 2025b; DESIGN, 2025). 045

Despite their potential, current reinforcement 046

learning (RL) frameworks for multi-turn tool call- 047

ing predominantly rely on outcome-level reward 048

signals (Jin et al., 2025; Chen et al., 2025). In tasks 049

like QA, performance is typically measured by Ex- 050

act Match (EM) (Maalouly, 2022), where a binary 051

reward is assigned only at the final turn. While this 052

avoids potential reward hacking (Amodei et al., 053

2016), it compresses the entire multi-turn dy- 054

namic tooling and reasoning process into a sin- 055

gle scalar, obfuscating the quality of intermediate 056

steps. We identify that this reliance on sparse, out- 057

come rewards creates a systemic bottleneck, which 058

we term the Double Homogenization Dilemma. 059

The first facet is process-level reward homoge- 060

nization, where trajectories with diverse interme- 061

diate reasoning or retrieval quality receive identi- 062

cal outcome rewards. This phenomenon ignores 063

progress made before the final step and incorrectly 064

penalizes beneficial turn-level actions, such as suc- 065

cessful information acquisition. The second facet 066

is intra-group reward homogenization, which is 067

particularly problematic in Group Relative Policy 068

Optimization (GRPO) (Shao et al., 2024). Since the 069

binary nature of rewards often results in uniform- 070

reward trajectory groups, it eliminates variance and 071

causes vanishing advantages. This ultimately nulli- 072

fies policy gradients and discards potentially valu- 073

able reasoning trajectories. 074

Existing research attempts to mitigate these is- 075

sues via process-level supervision, such as LLM- 076

based reasoning scoring (Zhang et al., 2025c; Yuan 077

et al., 2025) or search-based strategies like MCTS 078

(Zhang et al., 2025a; Wang et al., 2025b). Although 079

providing finer-grained feedback, these methods 080

incur heavy overheads from expensive annotations, 081

reliance on proprietary models, and often suffer 082

from limited generalizability across tasks and tools. 083
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To address this dilemma without extra over-084

head, we propose Turn-level Stage-aware Policy085

Optimization (TSPO). TSPO adopts the First-086

Occurrence Latent Reward (FOLR) mechanism,087

which detects the earliest turn containing the088

ground-truth. For the first facet, TSPO grants par-089

tial reward to such turns even if the final answer is090

wrong, retaining useful process signals. For the sec-091

ond facet, this turn-level allocation increases vari-092

ance within trajectory groups, avoiding vanishing093

advantages in uniform-reward groups. Crucially,094

TSPO achieves this without requiring any external095

reward models, or additional human labels.096

Contributions. In summary, this paper makes the097

following contributions:098

• Our analysis and experiments confirm the “Dou-099

ble Homogenization Dilemma” (i.e., process and100

intra-group homogenization) in multi-turn RL101

and its negative impact.102

• We propose TSPO, which first locates the earli-103

est occurrence of the ground-truth via the FOLR104

mechanism, then allocates partial rewards to pre-105

serve process signals, and finally performs turn-106

level advantage estimation, without requiring any107

external judges or human annotation overhead.108

• Extensive experiments across 7 diverse QA109

datasets demonstrate that TSPO significantly110

outperforms state-of-the-art baselines, achieving111

substantial accuracy gains of 24% and 13.6% on112

Qwen2.5-3B and 7B models, respectively.113

2 Double Homogenization Dilemma114

The Double Homogenization Dilemma manifests115

through two coupled facets: process-level and intra-116

group homogenization. In this section, we analyze117

each phenomenon and their negative impact.118

2.1 Process-level Reward Homogenization119

Multi-turn QA task typically proceeds in two cou-120

pled stages: (1) iterative query reformulation and121

external information retrieval; and (2) final answer122

synthesis based on the accumulated evidence. For-123

mally, given an input query x ∼ D, the agent gen-124

erates a trajectory:125

y =

l1, f1, . . . , li, fi︸︷︷︸
i-th turn

, . . . , lk, fk, a

 (1)126

where li and fi represent the reasoning thoughts127

and environment feedback at turn i, and a is the128

Figure 1: Reasoning trajectory distribution (O vs. P )
for Qwen2.5-7B-Instruct: no retrieval-free successes
(O+/P−); near-miss (O−/P+) and total-failure cases
(O−/P− ) treated equally.

final model answer. Let agold be the ground-truth 129

answer for x. Outcome-level RL assigns a sparse 130

outcome reward: 131

routcome(x, y) = I[a = agold] ∈ {0, 1}, (2) 132

which compresses the entire multi-turn reasoning 133

process into a single binary scalar. 134

Empirical analysis reveals that agold often ap- 135

pears in retrieved feedback fi at some intermediate 136

turn, yet the model fails to synthesize it correctly, 137

yielding an incorrect final answer (details see Ap- 138

pendix F). Under outcome-level supervision, both 139

retrieval failures (agold /∈ {fi}ki=1) and synthesis 140

failures (agold ∈ {fi}ki=1 but a ̸= agold) receive 141

identical zero rewards, discarding partial successes 142

in information acquisition. 143

To quantify this issue, we evaluate trajectories 144

along two orthogonal dimensions: Outcome Ac- 145

curacy (O): whether a = agold; and Process In- 146

tegrity (P ): whether agold appears in any retrieved 147

feedback {fi}ki=1. This yields four categories: 148

• O−/P−: Complete failure where the model nei- 149

ther retrieves nor synthesizes the correct answer. 150

• O−/P+: Near-Miss where correct evidence re- 151

trieved but synthesis failed. 152

• O+/P+: Full success where both retrieval and 153

synthesis stages are correct. 154

• O+/P−: Retrieval-Free Success where the final 155

answer is correct without ever retrieving agold. 156

Figure 1 compares the prevalence of these cat- 157

egories across normal training stages. Two key 158

observations emerge: (1) Retrieval-Free Success 159

(O+/P−) remains absent, indicating that success- 160

ful retrieval is a prerequisite for correct synthesis. 161
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(2) Within failed attempts (O−), both Near-Miss162

(O−/P+) and Total Failure (O−/P−) occur but163

receive the same zero reward.164

This inability to distinguish retrieval success165

from failure exemplifies process-level reward ho-166

mogenization, where the convergence of hetero-167

geneous intermediate reasoning qualities results168

in indistinguishable reward signals, erasing fine-169

grained progress cues and hindering the optimiza-170

tion of tool calling and reasoning.171

2.2 Intra-Group Reward Homogenization172

Group Relative Policy Optimization (GRPO) (Shao173

et al., 2024) stabilizes training by normalizing re-174

wards within groups of trajectories sampled from175

the same question x. For a group of size G,176

let {yi}Gi=1 be the sampled trajectories, each as-177

signed a binary outcome reward routcome,i(x, yi) =178

I[ai = agold] ∈ {0, 1}. The per-trajectory advan-179

tage is computed as:180

Âi =
ri − µr

σr + ϵ
, (3)181

where µr and σr are the mean and standard de-182

viation of rewards in the group, and ϵ is a small183

constant for numerical stability. The policy gradi-184

ent is proportional to Âi.185

When σr = 0 (i.e., all trajectories in the group re-186

ceive identical rewards), advantages vanish (Âi ≡187

0), and the group contributes no gradient updates.188

Because process-level reward homogenization col-189

lapses many Near-Miss (O−/P+) trajectories into190

the same 0 reward as complete failures, the prob-191

ability of sampling uniform-reward groups ( i.e.,192

∀i, j ∈ {1, . . . , G}, ri = rj ∧ i ̸= j, ri ∈ {1, 0} )193

is greatly increased.194

To quantify this, we empirically quantify the195

composition of training groups (G = 5 rollouts) by196

counting the proportion of all-correct, all-wrong,197

and mixed groups across training steps’ rollouts198

(Figure 2). Two observations emerge:199

• High frequency of all-wrong groups: due to bi-200

nary rewards, the occurrence of uniform-reward201

groups is significant, with all-wrong groups main-202

taining a consistently high proportion (≥ 40%)203

throughout the normal training.204

• Stalled optimization from all-wrong groups:205

As training progresses, the increase in all-correct206

groups mainly comes from mixed groups that207

provide non-zero variance, whereas the propor-208

tion of all-wrong groups barely changes.209

Figure 2: Trajectory groups with rollout size G = 5,
composed by all-correct, mixed and all-wrong,
during training on Qwen2.5-7B-Instruct.

We term this phenomenon intra-group reward 210

homogenization: the disappearance of discrimina- 211

tive signals within sampling groups, which prevents 212

the optimizer from exploiting many trajectories and 213

constitutes the second stage of the Double Homog- 214

enization Dilemma. 215

3 Turn-level Stage-aware Policy 216

Optimization (TSPO) 217

To enable fine-grained reward assignment with- 218

out external supervision, we propose Turn-level 219

Stage-aware Policy Optimization (TSPO). Un- 220

like prior methods that rely on costly step-level an- 221

notations or external reward models (Zhang et al., 222

2025c; Yuan et al., 2025; Zhang et al., 2025a; Wang 223

et al., 2025b), TSPO operates solely on the standard 224

input–answer pairs (x, agold) and derives turn-level 225

rewards directly from the model’s retrieving/rea- 226

soning process, thereby addressing the Double Ho- 227

mogenization Dilemma while avoiding additional 228

computation overhead. 229

3.1 The First-Occurrence Hypothesis: 230

Identifying Latent Signals 231

First-Occurrence Hypothesis The presence of 232

agold in the intermediate retrieved feedback fi, can 233

serve as a latent signal of partial progress. Formally, 234

for any retrieval feedback fi ∈ y, if agold ∈ fi, then 235

the signal strongly foreshadows the success of the 236

final answer a. 237

Hypothesis Test To validate the above hypothe- 238

sis, we analyze the relationship between Evidence 239

Presence (P ) and Outcome Accuracy (O) as de- 240

fined in Section 2.1 on 51,713 test trajectories. We 241

construct a 2× 2 contingency table (Table 1) that 242

cross-tabulates outcomes along these two binary di- 243

mensions. To test whether O and P are statistically 244

independent, we perform Pearson’s chi-squared 245

test (Plackett, 1983). 246
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Figure 3: Overview of TSPO. Unlike outcome-level RL which assigns identical zero rewards to O2 (O−/P+,
middle) and OG (O−/P−, bottom), TSPO identifies the first occurrence (t∗, red key) of agold to assign turn-level
rewards and performs advantage estimation on a per-turn basis. This restores intra-group variance and provides
fine-grained signals. A detailed walkthrough of this example is provided in Section 3.2.

Table 1: Correlation analysis between outcome accuracy
(O) and evidence presence (P ) for Qwen2.5-7B-Instruct

O+ O− Total Num

P+ 10,092 25,645 35,737
P− 0 15,976 15,976
Total Num 10,092 41,621 51,713

Under the null hypothesis of independence, the247

expected frequency for cell (i, j) is:248

Ei,j =
(number of i-th row)× (number of j-th column)

total example number
(4)249

The chi-squared test statistic is then computed as:250

χ2 =
∑

i,j∈{1,2}

(Oi,j − Ei,j)
2

Ei,j
(5)251

where Oi,j denotes the observed count in cell (i, j)252

from Table 1. Substituting the observed and ex-253

pected frequencies yields χ2 = 5605.5, which cor-254

responds to a p-value less than 0.001, indicating255

a highly significant dependency between evidence256

presence and final correctness.257

Notably, all O+ cases (10,092/10,092) also sat-258

isfy P+, while P− cases never achieve O+, con-259

firming that retrieval of agold is a necessary condi-260

tion for success. Hence, we incorporate this val-261

idated signal, the first-occurrence of the ground-262

truth into TSPO’s reward allocation.263

3.2 The TSPO Framework: Reward 264

Assignment and Optimization 265

Building on the First-Occurrence hypothesis, 266

TSPO reformulates sparse outcome rewards into 267

dense, turn-level signals for policy optimization. 268

Turn-level MDP Formulation. We integrate 269

the validated First-Occurrence signal into a turn- 270

level Markov Decision Process (MDP) (Puterman, 271

1990), i.e., M = ⟨S,A, T ,R⟩, where the state 272

sk ∈ S encodes the dialogue history and retrieved 273

evidence up to turn k, the action ak ∈ A is ei- 274

ther a query to an external tool or a synthesis step, 275

t(sk+1 | sk, ak) ∈ T is the environment transition 276

updating the reasoning state given ak and feedback 277

fk, and r(sk, ak) ∈ R is the turn-level reward de- 278

fined by the FOLR mechanism. 279

Reward Assignment with FOLR. Formally, the 280

First-Occurrence Latent Reward (FOLR) assigns 281

turn-level reward based on the earliest occurrence 282

of the ground-truth answer in the reasoning trace. 283

Specifically, given the first-occurrence turn t∗ 284

where agold appears in trajectory i, the reward ri,k 285

for each turn k is defined as: 286

ri,k =


1 if ai = agold

α if ai ̸= agold and k ≤ t∗

0 otherwise

(6) 287

where α ∈ [0, 1] is a partial reward coefficient. 288
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Turn-level Advantage Estimation. TSPO re-289

places the trajectory-level scalar ri in vanilla GRPO290

with per-turn rewards ri,k. The advantage for tra-291

jectory i at turn k is computed via group-relative292

normalization:293

Âi,k =
ri,k −mean(r·,k)

std(r·,k) + ϵ
, (7)294

where ri,k denotes the set of rewards for all tra-295

jectories in the sampling group that contain turn296

k. This turn-level design ensures that Near-Miss297

(O2) trajectories remain distinguishable from Total298

Failures (OG), restoring the discriminative gradient299

signals within the group.300

Policy Optimization with TSPO. Replacing301

GRPO’s binary ri and trajectory-level advantage302

with the FOLR reward in Eq (6) and per-turn advan-303

tage Eq (7), the optimization objective becomes:304

JTSPO(θ) = E

[
1

G

G∑
i=1

k∑
j=1

Li,j − βDKL(πθ ∥πref)

]
.

(8)305

where x ∼ D, yi ∼ πθ and the per-turn loss Li,j306

is given by307

Li,j =
∑

min
(
wi,tÂi,j , clip (wi,t, 1± ϵ) Âi,j

)
. (9)308

wi,t =
πθ(ai,t|si,t)
πold(ai,t|si,t) is the importance coefficient309

for action ai,t at t-th token in turn k of trajectory i,310

and Âi,k is the normalized per-turn advantage from311

Eq (7). By computing advantages and updating312

policies at the turn level, TSPO preserves infor-313

mative process signals for Near-Miss (O−/P+)314

trajectories and introduces reward variance within315

groups, mitigating both process-level and intra-316

group reward homogenization.317

Example: Turn-level Reward and Advantage318

To illustrate how TSPO assigns rewards and com-319

putes advantages, consider a sampling group of320

G = 3 trajectories for the same question, as de-321

picted in Figure 3.322

As established in Section 2.1, the case O+/P−323

(producing the correct answer without retrieving324

the ground-truth) is empirically absent. We there-325

fore concentrate on three observed trajectory types:326

• Trajectory O1 (O+/P+): The model retrieves327

the ground-truth agold at turn t∗ and correctly328

synthesizes it in the final answer (a = agold).329

Table 2: Turn-level rewards assigned by TSPO (α = 1)
for three trajectory types.

Trajectory Turn 1 Turn 2 Turn 3 Turn 4

O1 (O+/P+) 1 1 1 1
O2 (O−/P+) 1 1 0 0
OG (O−/P−) 0 0 0 0

• Trajectory O2 (O−/P+): The model retrieves 330

agold at turn t∗ but fails to produce the correct 331

final answer (a ̸= agold). 332

• Trajectory OG (O−/P−): The model never re- 333

trieves agold and produces an incorrect answer. 334

Table 2 lists the turn-level rewards assigned by 335

TSPO under partial reward coefficient α = 1. Here, 336

“1” denotes full or partial reward based on Equa- 337

tion (6), while “0” signifies a zero reward value 338

assigned to that turn. 339

Turn-level advantages are computed via group 340

normalization. For Turn 1 (rewards = [1, 1, 0]), 341

mean µ ≈ 0.67 and σ ≈ 0.47, yielding: ÂO1,1 = 342

ÂO2,1 ≈ +0.71, ÂOG,1
≈ −1.41. For Turn 3 343

(rewards = [1, 0, 0]), ÂO1,3 ≈ +1.41, ÂO2,3 = 344

ÂOG,3
≈ −0.71. 345

This shows that TSPO distinguishes Near-Miss 346

(O2) from total failure (OG) by assigning positive 347

rewards up to t∗, restoring intra-group variance 348

even in all-wrong groups, while GRPO gives zero 349

advantage to both. 350

Discussion 1: Variable-length Trajectories. For 351

groups with variable numbers of turns, we pad 352

shorter trajectories to the group’s maximum turn us- 353

ing their final-turn reward. This allows mean(r·,k) 354

and std(r·,k) to be computed over all G trajectories 355

at each turn, ensuring consistent variance. Padded 356

turns are masked during optimization and thus do 357

not affect gradient updates. 358

Discussion 2: Group Types. Groups can be clas- 359

sified as all-correct, all-wrong, and mixed. All- 360

correct groups (O1 only) retain trajectory-level allo- 361

cation as in GRPO. All-wrong groups (O2 and OG 362

only) are the main target of TSPO; per-turn allo- 363

cation ensures O2 trajectories contribute gradients. 364

Mixed groups naturally contain reward variance, 365

and no special handling is applied. The focus on 366

all-wrong groups is motivated by their high preva- 367

lence, as shown in Section 2.2, and will be further 368

analyzed in our ablation Section 5.1. 369
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Table 3: Main results. The best performance is set in bold. †/⋆ represents in-domain/out-domain datasets.

Methods General QA Multi-Hop QA

NQ† TriviaQA⋆ PopQA⋆ HotpotQA† 2wiki⋆ Musique⋆ Bamboogle⋆ Avg.

Qwen2.5-7b-Instruct
Direct Inference 0.134 0.408 0.140 0.183 0.250 0.031 0.120 0.181
IRCoT 0.224 0.478 0.301 0.133 0.149 0.072 0.224 0.239
Search-o1 0.151 0.443 0.131 0.187 0.176 0.058 0.296 0.206
RAG 0.349 0.585 0.392 0.299 0.235 0.058 0.208 0.304
SFT 0.318 0.354 0.121 0.217 0.259 0.066 0.112 0.207
R1-instruct 0.270 0.537 0.199 0.237 0.292 0.072 0.293 0.271
Rejection Sampling 0.360 0.592 0.380 0.331 0.296 0.123 0.355 0.348
Search-R1 0.393 0.610 0.397 0.377 0.404 0.146 0.368 0.385
ZeroSearch 0.438 0.655 0.486 0.346 0.352 0.184 0.278 0.391
MT-PPO 0.498 0.649 0.459 0.428 0.404 0.215 - -
StepSearch - - - 0.386 0.366 0.226 0.400 -
ReasonRAG - - 0.415 0.384 0.436 0.128 0.360 -
TSPO 0.527 0.687 0.487 0.430 0.407 0.151 0.416 0.444

Qwen2.5-3b-Instruct
Direct Inference 0.106 0.288 0.108 0.149 0.244 0.020 0.024 0.134
IRCoT 0.111 0.312 0.200 0.164 0.171 0.067 0.240 0.181
Search-o1 0.238 0.472 0.262 0.221 0.218 0.054 0.320 0.255
RAG 0.348 0.544 0.387 0.255 0.226 0.047 0.080 0.270
SFT 0.249 0.292 0.104 0.186 0.248 0.044 0.112 0.176
R1-instruct 0.210 0.449 0.171 0.208 0.275 0.060 0.192 0.224
Rejection Sampling 0.294 0.488 0.332 0.240 0.233 0.059 0.210 0.265
Search-R1 0.341 0.545 0.378 0.324 0.319 0.103 0.264 0.325
ZeroSearch 0.414 0.574 0.448 0.274 0.300 0.098 0.111 0.317
StepSearch - - - 0.351 0.328 0.174 0.324 -
ReasonRAG - - 0.329 0.300 0.266 0.069 0.136 -
TSPO 0.490 0.655 0.472 0.384 0.364 0.126 0.328 0.403

4 Experiments370

4.1 Experimental Setup371

Datasets We evaluate TSPO on seven benchmark372

datasets, categorized as follows: (1) General Ques-373

tion Answering: NQ (Kwiatkowski et al., 2019),374

TriviaQA (Joshi et al., 2017), and PopQA (Mallen375

et al., 2022). (2) Multi-Hop Question Answering:376

HotpotQA (Yang et al., 2018), 2WikiMultiHopQA377

(Ho et al., 2020), Musique (Trivedi et al., 2022b),378

and Bamboogle (Press et al., 2022). These datasets379

provide a diverse range of search with reasoning380

challenges, enabling a comprehensive evaluation.381

Metric We report Exact Match score (Maalouly,382

2022), which is the standard metric for QA.383

Training Details We use Qwen2.5-3B-Instruct384

and Qwen2.5-7B-Instruct (Team et al., 2024) as the385

base models, E5 (Wang et al., 2022) for retrieval,386

and the 2018 Wikipedia dump (Karpukhin et al.,387

2020) as the corpus.388

Baselines To evaluate the effectiveness of TSPO,389

we compare it against the following baselines: (1)390

Inference without Retrieval: Direct inference391

and Chain-of-Thought (CoT) reasoning (Wei et al.,392

2022). (2) Inference with Retrieval: Retrieval-393

Augmented Generation (RAG) (Lewis et al., 2020),394

IRCoT (Trivedi et al., 2022a), and Search-o1 (Li395

et al., 2025). (3) Fine-Tuning-Based Methods: 396

Supervised fine-tuning (SFT) (Chung et al., 2024), 397

RL-based fine-tuning without a search engine (R1) 398

(Guo et al., 2025) and rejection sampling (Ahn 399

et al., 2024) with a search engine. (4) Agen- 400

tic RL: Search-R1 (Jin et al., 2025), ZeroSearch 401

(Sun et al., 2025), MT-PPO (DESIGN, 2025), 402

StepSearch (Wang et al., 2025b) and ReasonRAG 403

(Zhang et al., 2025a). 404

4.2 Main Results 405

Overall comparison. Table 3 summarizes results 406

on both general QA and multi-hop QA benchmarks. 407

Across all datasets, TSPO achieves the highest aver- 408

age performance on both Qwen2.5-7B-Instruct and 409

Qwen2.5-3B-Instruct. Compared to the strongest 410

baseline, TSPO delivers relative improvements of 411

+13.6% and +24.0% for the 7B and 3B models re- 412

spectively. The consistent gains across in-domain 413

(†) and out-of-domain (⋆) datasets verify the robust- 414

ness and general applicability of our method. 415

Compared with sparse outcome-level rewards. 416

Relative to outcome-level RL methods such as 417

Search-R1 and ZeroSearch, TSPO attains superior 418

accuracy. This benefit stems from alleviating the 419

Double Homogenization Dilemma, enabling the 420

model to leverage partial-success trajectories that 421
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Table 4: Ablation study on the Group Type. Adapt all-wrong groups yields better performance.

Method Group Type HotpotQA 2Wiki MuSiQue Bamboogle Avg.
TSPO None 0.370 0.338 0.100 0.208 0.254
TSPO All groups 0.388 0.363 0.125 0.304 0.295
TSPO All-wrong groups 0.384 0.364 0.126 0.328 0.300

would otherwise yield zero rewards. By converting422

these trajectories into informative gradient signals,423

TSPO facilitates more effective policy updates dur-424

ing training.425

Compared with dense intermediate rewards.426

Dense-reward methods such as StepSearch, MT-427

PPO, and ReasonRAG introduce more fine-grained428

reward assignment than sparse outcome-level RL.429

While these signals improve learning granularity,430

they typically require more complex infrastructure,431

curated resources, or heavy computation. As shown432

in Table 3, TSPO consistently outperforms all three433

methods despite using only (x, agold) supervision.434

This demonstrates that the First-Occurrence Latent435

Reward (FOLR) signal, although simple to obtain,436

is highly informative and sufficient to drive effec-437

tive reward assignment.438

5 Further Study439

5.1 Ablation Study on the Group Types440

We conduct an ablation study to examine the impact441

of applying TSPO’s turn-level advantage allocation442

to different Group Types within GRPO. Recall from443

Section 2.2 that groups can be classified as all-444

correct, all-wrong, or mixed. We compare three445

configurations:446

• None: TSPO reverts to GRPO’s trajectory-level447

advantage allocation, providing no mitigation for448

process or intra-group reward homogenization.449

• All groups: turn-level reward assignment is ap-450

plied to all categories of types.451

• All-wrong groups: turn-level reward assignment452

is restricted to all-wrong groups, while all-correct453

and mixed groups retain trajectory-level rewards.454

Analysis. The results are presented in Table 4.455

Compared to None, both All groups and All-wrong456

group achieve substantial gains. The drop in None457

is expected: maintaining GRPO’s trajectory-level458

advantage fails to address either process-level or459

intra-group reward homogenization, leaving partial-460

success trajectories unused.461

Interestingly, All-wrong group slightly outper- 462

forms All groups. We attribute this to three factors: 463

(1) All-correct groups already represent fully suc- 464

cessful trajectories and do not benefit from per-turn 465

reward assignment. (2) Mixed groups contain in- 466

trinsic reward variance, which GRPO can already 467

exploit without modification. (3) All-wrong groups 468

are both high in prevalence and homogeneous in 469

reward under GRPO, making them the primary 470

source of wasted samples. Thus, selectively en- 471

hancing signal in all-wrong groups is sufficient 472

and slightly more effective to unlock the full bene- 473

fit of FOLR, without unnecessary computation on 474

already-informative groups. 475

5.2 Analysis of Training Dynamics 476

To examine how TSPO mitigates the Double Ho- 477

mogenization Dilemma at the optimization level, 478

we track the training dynamics of the policy model 479

across three metrics: policy entropy, KL diver- 480

gence, and gradient norm. As shown by the logs 481

in Figure 4, we compare the baseline (GRPO) 482

with two TSPO variants: TSPO+All groups and 483

TSPO+All-wrong groups. 484

Policy Diversity and Entropy Collapse. In the 485

baseline, policy entropy decays rapidly to near zero, 486

indicating policy collapse: the model overfits to a 487

few trajectories that happen to pass final verifica- 488

tion, suppressing exploration of alternative reason- 489

ing paths. This behavior stems from the sparsity 490

and binarity of outcome-level rewards. In contrast, 491

both TSPO variants maintain a substantially higher 492

entropy, showing that turn-level stage-aware sig- 493

nals preserve diversity in tool-use and reasoning by 494

attaching value to informative intermediate steps. 495

Stability and KL Divergence. KL divergence 496

measures deviation from the base model’s distri- 497

bution. The baseline reaches a higher KL value 498

(∼0.02) with zero entropy, implying drift toward 499

a deterministic yet potentially suboptimal policy. 500

TSPO variants stably converge around 0.01, bene- 501

fiting from FOLR-based partial rewards that refine 502

search quality without discarding linguistic and rea- 503

7



Figure 4: Comparison of Training Dynamics. Left: Policy entropy collapses to near zero in GRPO but remains
stable under TSPO variants, preserving reasoning diversity. Middle: KL divergence from GRPO spikes in the
baseline, indicating unstable policy drift; TSPO maintains consistent alignment. Right: Gradient norms are large
and volatile in GRPO due to sparse rewards, while TSPO yields smoother, more consistent updates.

soning priors. This stabilizes optimization while504

avoiding sharp shifts away from the base model.505

Optimization Consistency via Gradient Norms.506

Gradient norm reflects the magnitude and steadi-507

ness of policy updates. The baseline’s higher value508

(∼0.5) and greater variance align with the intu-509

ition that sparse rewards yield vanishing advan-510

tages for most samples but cause abrupt updates511

for the few winners. TSPO reduces and smooths512

updates (∼0.25) by supplying dense turn-level re-513

ward, shaping a steadier optimization landscape.514

Table 5: The training time. We analyze the per-step
training time of different methods.

Method Group Type Time Cost per Step
Qwen2.5-3B-Instruct
Search-R1 - 243.9s

TSPO All groups 278.7s
TSPO All-wrong groups 268.6s

Qwen2.5-7B-Instruct
Search-R1 - 414.7s

TSPO All groups 446.0s
TSPO All-wrong groups 402.3s

5.3 Training Cost515

We compare the per-step training time of TSPO516

with Search-R1 under two group allocation strate-517

gies: All groups and All-wrong groups (Table 5).518

Experiments are conducted with a batch size of 512519

on 8 NVIDIA A100 GPUs, with additional training520

details provided in Appendix B.521

Overall, despite introducing turn-level advantage522

allocation, the training time of TSPO is comparable523

to that of Search-R1. This is because TSPO does524

not rely on any external judge or reward model; the525

proposed FOLR mechanism derives reward alloca- 526

tion directly from (x, agold) pairs available within 527

the model, without incurring additional inference 528

or annotation cost. The higher time for All groups 529

compared to All-wrong groups is due to the in- 530

creased number of finer-grained turn-level groups 531

that must be processed during advantage calcula- 532

tion. This leads to additional computation in the 533

grouping stage, slightly raising the training cost. 534

Notably, when using Qwen2.5-7B-Instruct, 535

TSPO on All-wrong groups achieves lower per- 536

step time than Search-R1. We attribute this to the 537

fact that Search-R1 assigns identical rewards to 538

all failed trajectories, failing to distinguish their 539

quality. This lack of discriminative feedback hin- 540

ders learning and results in redundant and repetitive 541

search actions during rollouts, thereby increasing 542

overall training time. 543

6 Conclusion 544

We identify and formalize the Double Homoge- 545

nization Dilemma in multi-turn tool-augmented 546

reasoning: (1) process homogenization, where 547

outcome-only rewards collapse behaviorally dis- 548

tinct trajectories into identical scalar signals; and 549

(2) intra-group homogenization, where uniform- 550

reward groups in GRPO yield vanishing gradients. 551

To address both issues, we propose TSPO, a turn- 552

level policy optimization framework centered on 553

the First-Occurrence Latent Reward (FOLR) 554

mechanism. FOLR allocates partial reward to the 555

earliest turn containing the ground truth, requiring 556

only (x, agold) supervision. Experiments across 557

seven QA benchmarks demonstrate that TSPO con- 558

sistently outperforms strong baselines, while main- 559

taining computational efficiency. 560
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7 Limitations561

TSPO shows strong empirical performance and562

favorable computational properties, but still has563

limitations:564

• Dependence on retrieval correctness. FOLR565

assumes that the correct answer must appear in566

retrieved evidence. Tasks solvable without direct567

retrieval may require modified reward definitions.568

• Domain extensibility. Our experiments focus on569

search-augmented reasoning. The applicability570

of TSPO and the Double Homogenization theory571

to other domains (e.g., code generation, multi-572

step tool use) remains open.573

Future work will explore adapting TSPO to broader574

task types, updating FOLR for settings where re-575

trieval is imperfect or absent.576
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A Related Work816

Tool-integrated Reasoning and Search. The817

integration of external tools, particularly search818

engines, has significantly enhanced the factuality819

and multi-hop reasoning capabilities of large lan-820

guage models (LLMs) (Schick et al., 2023). Early821

retrieval-augmented generation (RAG) methods fo-822

cused on single-turn retrieval to alleviate halluci-823

nations (Lewis et al., 2020; Xiong et al., 2025).824

Recent advancements have shifted toward agen-825

tic and iterative search, where models such as IR-826

CoT (Trivedi et al., 2022a) and Search-o1 (Li et al.,827

2025) reformulate queries and reason across mul-828

tiple turns. ReAct (Yao et al., 2022) demonstrates829

another effective direction by using prompting to830

guide iterative reasoning together with search en-831

gine calls, enabling models to interleave reason-832

ing steps and tool usage within a single trajectory.833

While these approaches improve information acqui-834

sition, most rely on fixed heuristics or supervised835

fine-tuning (SFT) (Ouyang et al., 2022), which may836

not fully exploit the model’s exploratory potential837

in complex environments.838

Reinforcement Learning for Reasoning. Rein-839

forcement Learning (RL) has emerged as a power-840

ful paradigm for optimizing reasoning paths (Kael-841

bling et al., 1996). Models like DeepSeek-R1 (Guo842

et al., 2025) and Search-R1 (Jin et al., 2025) uti-843

lize outcome-level rewards to reinforce success-844

ful trajectories. Specifically, the Group Relative845

Policy Optimization (GRPO) (Shao et al., 2024)846

algorithm has gained prominence for its stability847

and efficiency in group-based normalization. How-848

ever, relying solely on outcome rewards leads to849

sparse supervision in long-horizon tasks. Recent850

work such as DeepResearcher (Zheng et al., 2025;851

Dong et al., 2025b) integrates search agents with852

real-world web interactions, enriching training sig-853

nals with dynamic and diverse environments. In854

addition, other studies (Dong et al., 2025a) explore855

multi-agent collaboration, where different special-856

ized agents work together to achieve better rea-857

soning and search performance. Our work builds858

upon the GRPO framework but identifies a critical859

bottleneck, namely the homogenization of rewards860

within sampling groups, which hampers the opti-861

mization of near-successful attempts.862

Process Rewards Assignment. To address re-863

ward sparsity, researchers have explored process-864

level supervision (Zhou et al., 2025). Process Re-865

ward Models (PRMs) (Zhang et al., 2025c) and 866

step-wise verifiers provide feedback for individ- 867

ual reasoning steps, although they typically require 868

expensive human annotations or calls to superior 869

teacher models such as GPT-4. Other approaches, 870

such as ReasonRAG (Zhang et al., 2025a) and 871

StepSearch (Wang et al., 2025b), utilize Monte 872

Carlo Tree Search (MCTS) (Browne et al., 2012) 873

or information-gain metrics to generate dense re- 874

wards. Some models (Qian et al., 2025; Yang et al., 875

2025) design explicit process reward mechanisms 876

to evaluate intermediate reasoning steps and tool 877

usage, yet these designs are often tailored to spe- 878

cific tools or datasets, which limits their general 879

applicability. While effective, many of these meth- 880

ods incur significant computational overhead or 881

depend on pre-defined gold evidence (Wang et al., 882

2025a; Feng et al., 2025). TSPO diverges from 883

these works by extracting a latent "first-occurrence" 884

signal directly from the reasoning trace, enabling 885

fine-grained reward assignment without external 886

judges or additional simulation costs, and provid- 887

ing a lightweight solution for stage-aware policy 888

optimization. 889

B Experimental Setups 890

Our implementation is based on Search-R1 (Jin 891

et al., 2025), and all training procedures are con- 892

ducted using the Verl framework (Sheng et al., 893

2024). We perform experiments on two model 894

scales: Qwen-2.5-3B and Qwen-2.5-7B (Team 895

et al., 2024). We train each model for a total of 500 896

steps. For GRPO training, the group size (G) is set 897

to 5. The entropy coefficient is fixed at 0, and the 898

KL-loss coefficient is set to 1× 10−3. Training is 899

performed on 8 NVIDIA A100 GPUs. The total 900

batch size is 512, with a mini-batch size of 256 and 901

a micro-batch size of 8 per GPU. 902

C Resource Details 903

Table 6 summarizes all resources used in our exper- 904

iments, including datasets, models, and reference 905

codebases. For each dataset, we list the number 906

of examples and provide the corresponding URL 907

for public access. The seven QA datasets cover 908

both single-hop and multi-hop scenarios, as well 909

as in-domain and out-of-domain settings, enabling 910

a diverse evaluation of search-augmented reason- 911

ing. The model entries include the Qwen2.5-3B- 912

Instruct and Qwen2.5-7B-Instruct variants, which 913

serve as our base policy models during reinforce- 914
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ment learning. Reference libraries contain open-915

source implementations used in training, including916

Verl for RLHF infrastructure and Search-R1 as the917

baseline framework for our experiments. All listed918

resources are publicly available, ensuring that our919

setup can be reproduced without reliance on pro-920

prietary data or closed-source software.921

D Train Details922

D.1 Training Prompt923

Prompt 1: Training Prompt

Answer the given question. You must
conduct reasoning inside <think> and
</think> first every time you get new
information. After reasoning, if you
find you lack some knowledge, you can
call a search engine by <tool_call>
{"name": <function-name>, "arguments":
<args-json-object>} </tool_call>
and it will return the top searched re-
sults between <tool_response> and
</tool_response>. You can search as
many times as your want. If you find no
further external knowledge needed, you
can directly provide the answer inside
<answer> and </answer>, without detailed
illustrations. For example, <answer>
Beijing </answer>. Question:

924

D.2 Train Rewards925

Figure 5 shows the training reward curves of three926

methods: GRPO (outcome-level baseline), TSPO927

with turn-level rewards applied only to all-wrong928

groups, and TSPO applied to all groups across four929

multi-hop QA datasets: HotpotQA, 2WikiMulti-930

HopQA, MuSiQue, and Bamboogle.931

We observe that GRPO exhibits slow and unsta-932

ble reward growth across all datasets, often plateau-933

ing early. This reflects the Double Homogeniza-934

tion Dilemma: sparse binary rewards cause most935

trajectory groups (especially all-wrong ones) to936

yield zero advantages, severely limiting learning937

signal. In contrast, both TSPO variants achieve con-938

sistently faster and smoother reward convergence.939

Notably, even though TSPO+All-wrong modifies940

rewards only in homogeneous failure groups, it941

matches or nearly matches the performance of942

TSPO+All groups, which confirmes our analysis in943

Section 5.1 that all-wrong groups are the primary944

bottleneck in standard GRPO training. 945

The accelerated reward learning under TSPO 946

demonstrates that leveraging first-occurrence latent 947

signals effectively transforms previously wasted 948

near-miss trajectories into useful supervision, en- 949

abling more sample-efficient policy optimization. 950

D.3 Reasoning Efficiency and Response 951

Length 952

We monitor the average response length (in to- 953

kens) throughout training. All models begin with 954

verbose reasoning trajectories (over 2,100 tokens) 955

but gradually converge to more concise outputs 956

(1,700–1,900 tokens). Crucially, while outcome- 957

based RL baselines often resort to aggressive short- 958

ening that sacrifices necessary retrieval or rea- 959

soning steps, TSPO variants achieve compression 960

through improved reasoning efficiency. This indi- 961

cates that turn-level supervision guides the policy 962

to eliminate redundancy without discarding critical 963

intermediate actions. 964

D.4 Training Algorithm of TSPO 965

We present the complete training procedure of Turn- 966

level Stage-aware Policy Optimization (TSPO), 967

which integrates the First-Occurrence Latent Re- 968

ward (FOLR) mechanism into a group-based re- 969

inforcement learning framework. TSPO supports 970

two practical advantage allocation strategies: All 971

groups, which applies turn-level normalization 972

to all trajectory groups, and All-wrong groups, 973

which applies it only to homogeneous failure 974

groups. This selective design is motivated by our 975

analysis in Section 2.2, which shows that all-wrong 976

groups are the primary source of wasted samples 977

under standard GRPO. 978

As outlined in Algorithm 1, TSPO proceeds in 979

three stages per training batch. First, it performs 980

multi-turn rollouts to collect diverse reasoning tra- 981

jectories for each question. Second, it assigns turn- 982

level rewards using FOLR: unsuccessful trajecto- 983

ries receive partial reward (α) for all turns up to 984

and including the first appearance of agold, while 985

successful trajectories retain full outcome reward 986

across all turns. Third, it computes advantages ei- 987

ther at the turn level or the trajectory level, depend- 988

ing on the group composition and the chosen strat- 989

egy. This enables TSPO to preserve fine-grained 990

signals from near-miss attempts and mitigate both 991

process homogenization and intra-group homoge- 992

nization. 993
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Table 6: Overview of datasets, models, and reference libraries used in our experiments, including sizes and URLs.

Type Size/Params URL

Dataset
Natural Questions (NQ) (Kwiatkowski et al., 2019) 100,231 https://ai.google.com/research/NaturalQuestions

TriviaQA (Joshi et al., 2017) 847,579 https://huggingface.co/datasets/mandarjoshi/trivia_qa

PopQA (Mallen et al., 2022) 14,267 https://huggingface.co/datasets/akariasai/PopQA

HotpotQA (Yang et al., 2018) 203,109 https://hotpotqa.github.io/

2WikiMultiHopQA (Ho et al., 2020) 192,606 https://github.com/Alab-NII/2wikimultihop

Musique (Trivedi et al., 2022b) 22,355 https://github.com/stonybrooknlp/musique

Bamboogle (Press et al., 2022) 125 https://huggingface.co/datasets/cmriat/bamboogle

Model
Qwen2.5-3B-Instruct (Team et al., 2024) 3B https://huggingface.co/Qwen/Qwen2.5-3B-Instruct

Qwen2.5-7B-Instruct (Team et al., 2024) 7B https://huggingface.co/Qwen/Qwen2.5-7B-Instruct

Reference library
Verl (Sheng et al., 2024) - https://github.com/volcengine/verl

Search-R1 (Jin et al., 2025) - https://github.com/PeterGriffinJin/Search-R1

Figure 5: Training reward curves on four representative datasets. TSPO variants show consistently faster and more
stable reward convergence compared to the GRPO baseline.

Figure 6: Response length evolution during training.
TSPO variants reduce trajectory length steadily while
preserving reasoning integrity, avoiding the premature
truncation observed in outcome-only methods.

E Hyperparameter Analysis994

We evaluate the influence of the partial reward co-995

efficient α in the FOLR mechanism (Section 3.2),996

considering α ∈ {0, 0.5, 1}. The results are pre-997

sented in Figure 7.998

When α = 0, TSPO degenerates into standard999

GRPO since all incorrect trajectories are assigned1000

zero rewards across all turns. This leads to intra-1001

group homogenization in all-wrong groups, where1002

Near-Miss trajectories (O2) and complete failures 1003

(OG) become indistinguishable in terms of reward 1004

signals. Such homogenization erases potential 1005

process-level cues, causes vanishing advantages, 1006

and ultimately yields the lowest performance. 1007

For α = 0.5 and α = 1, intra-group variance is 1008

restored by assigning positive rewards to turns pre- 1009

ceding the first occurrence of agold in Near-Miss 1010

(O2) trajectories. The average performances are 1011

similar because group-wise normalization (Equa- 1012

tion 7) preserves the relative ordering of trajecto- 1013

ries, where O2 consistently obtains a normalized 1014

advantage around +1 whereas OG obtains approxi- 1015

mately −1. This indicates that any α > 0 is suffi- 1016

cient to mitigate intra-group reward homogeniza- 1017

tion, with the precise value having minimal effect 1018

on final performance. 1019

F Case Study: Partial Successes 1020

Penalized as Total Failures 1021

Under outcome-level supervision, any deviation 1022

from the exact ground-truth answer results in a zero 1023

reward, regardless of whether critical evidence was 1024

successfully retrieved. This collapses trajectories 1025

with meaningful partial progress into the same fail- 1026
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Algorithm 1 TSPO Training Stage

Require: Policy πθ, Reference πref, Dataset D,
Ground-truth agold, Group size G, Reward co-
eff. α, Strategy ∈ {All-groups, All-wrong}

Ensure: Optimized policy πθ
1: Rollout: Sample batch Db ⊂ D
2: for q ∈ Db do
3: Sample G trajectories {yi}Gi=1 ∼ πθ(q)
4: FOLR:
5: for yi do
6: rout

i ← I(EM(yi, agold))
7: t∗ ← first turn with agold ∈ Responsei,t
8: for t = 1 to Ti do

9: ri,t ←

{
α if t ≤ t∗ ∧ rout

i = 0

rout
i otherwise

10: end for
11: end for
12: Advantage Estimation:
13: r̄ ← 1

G

∑
rout
i

14: if Strategy = All-wrong and r̄ = 0 then
15: for t do
16: Ai,t ← ri,t−mean({rj,t})

std({rj,t})+ϵ

17: end for
18: else if Strategy = All-groups then
19: Compute turn-level Ai,t for all groups
20: else
21: Ai ←

rout
i −mean(rout)

std(rout)+ϵ
22: end if
23: end for
24: Policy Update: Optimize πθ w.r.t. advantages
{Ai,t}

25: return πθ

ure category as those with no progress at all.1027

We present two such failure cases from our train-1028

ing logs (Table 7). In the first, the model is asked1029

for the tissue type of the innermost layer of cells.1030

The correct answer is Epithelium. After one search1031

turn, multiple documents (Docs 1, 2, 4) explicitly1032

state that “Epithelium is one of the four basic types1033

of animal tissue”, directly providing agold. How-1034

ever, the model misinterprets biological context1035

and outputs Endoderm, confusing germ layers with1036

tissue types.1037

In the second case, the model searches for the1038

first Nobel Prize in Physics winner. The retrieved1039

results include both “Wilhelm Röntgen” (Doc 1)1040

and the full name “Wilhelm Conrad Röntgen” (Doc1041

3). Despite having access to the complete answer,1042

the model outputs only “Wilhelm Röntgen”, which1043

Figure 7: Hyperparameter analysis of α in FOLR.
Results show that any α > 0 effectively mitigates intra-
group homogenization, with negligible difference be-
tween α = 0.5 and α = 1.

fails under Exact Match evaluation. 1044

Critically, both trajectories successfully ac- 1045

quire the ground-truth information during retrieval, 1046

yet are penalized identically to trajectories that 1047

never retrieve relevant evidence. This exemplifies 1048

process-level reward homogenization: diverse in- 1049

termediate successes are erased by a single binary 1050

outcome signal. TSPO addresses this by assigning 1051

partial reward to the turn where agold first appears, 1052

preserving signals of effective search behavior even 1053

when final synthesis is imperfect. 1054
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Table 7: Two failure trajectories where the ground-truth answer appears in retrieved documents (highlighted in red),
but the final output is incorrect due to reasoning errors (top) or incomplete answer formatting (bottom). Both receive
zero reward under outcome-level supervision despite successful evidence retrieval.

Question: name the tissue type of the inner most layer of cells?
Answer: Epithelium
Qwen2.5-7b-ins:
<think> he question is asking about the tissue type of the innermost layer of cells. This typically refers to
the lining of an organ or a body cavity. However, without more context, it’s difficult to determine which
specific organ or body part is being referred to. I will conduct a search to find the most common innermost
tissue type. </think>
<tool_call> {"name": "search", "arguments": {"query_list": ["innermost layer of cells tissue type"]}}
</tool_call>
<tool_response> Doc 1 (Title: Epithelium)Epithelium Epithelium () is one of the four basic types of
animal tissue, along with connective tissue, muscle tissue and nervous tissue. Epithelial tissues line the
outer surfaces of organs and blood vessels throughout the body, as well as the inner surfaces of cavities in
many internal organs... Doc 2: (Title: Epithelium)form is epithelia... There are three principal shapes of
epithelial cell: squamous, columnar, and cuboidal. These can be arranged in a single layer of cells as simple
epithelium, either squamous, columnar, or cuboidal, or in layers of two or more cells..
Doc 3: (Title: Periosteum)Periosteum The periosteum is a membrane that covers the outer surface of all
bones, except at the joints of long bones... Doc 4: (Title: Anatomy)connective tissue in the extracellular
matrix secreted by the epithelial cells. There are many different types of epithelium, modified to suit a
particular function... Doc 5: (Title: Endoderm)Endoderm Endoderm is one of the three primary germ layers
in the very early embryo. The other two layers are the ectoderm (outside layer) and mesoderm (middle layer),
with the endoderm being the innermost layer... </tool_response>
<think> Based on the search results, the innermost layer of cells is typically referred to as the endoderm.
The endoderm is one of the three primary germ layers in the very early embryo, along with the ectoderm and
mesoderm. It forms the epithelial lining of multiple systems. Therefore, the tissue type of the innermost
layer of cells is:<answer> Endoderm </answer> </think>
<answer> Endoderm </answer>

Question: who got the first nobel prize in physics?
Answer: Wilhelm Conrad Röntgen
Qwen2.5-7b-ins:
<think> Let me search for the information about the first Nobel Prize in Physics winner. </think>
<tool_call> {"name": "search", "arguments": {"query_list": ["first Nobel Prize in Physics winner"]}}
</tool_call>
<tool_response> Doc 1 (Title: "Nobel Prize in Physics")The Nobel Prize in Physics () is a yearly award
given by the Royal Swedish Academy of Sciences for those who have made the most outstanding contributions
for mankind in the field of physics>... The first Nobel Prize in Physics was awarded to physicist Wilhelm Rönt-
gen in recognition of the extraordinary services... Doc 2: (Title: "Nobel Prize in Physics")receive a diploma,
a medal and a document confirming the prize amount... Doc 3: (Title: "Wilhelm Röntgen")...Wilhelm Conrad
Röntgen (; ; 27 March 1845 – 10 February 1923) was a German mechanical engineer and physicist ... earned
him the first Nobel Prize in Physics in 1901... </tool_response>
<think> Based on the search results, the first Nobel Prize in Physics was awarded to Wilhelm Röntgen in
recognition of the extraordinary services he rendered by his discovery of X-rays. Therefore, the answer is
<answer>Wilhelm Röntgen</answer>. </think>
<answer> Wilhelm Röntgen </answer>
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