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Abstract001

Reinforcement learning (RL) has become a key002
approach for training LLM agents, yet pop-003
ular methods such as GRPO/RLOO rely on004
multiple independently sampled complete tra-005
jectories for advantage estimation. In long-006
horizon agentic tasks, such a uniform rollout007
strategy can waste budget on uninformative008
dead-end attempts, while promising intermedi-009
ate states do not receive sufficient exploration.010
The multi-turn structure of agentic trajectories,011
with interleaved actions and observations, nat-012
urally supports organizing a trajectory group013
as a tree, where each turn serves as a deci-014
sion point for exploration. This perspective re-015
frames effective exploration as the problem of016
deciding where to branch. We propose Process-017
Scorer Guided Adaptive Tree Rollout (PATR),018
a quality-aware rollout framework for multi-019
turn agent RL. PATR uses task-appropriate pro-020
cess feedback to score partial trajectories, selec-021
tively branches from promising states, reuses022
shared prefixes, and conservatively stops de-023
generate paths to reduce wasted sampling. The024
resulting rollout groups remain compatible with025
standard policy optimization while providing026
more efficient exploration under the same train-027
ing budget. We evaluate PATR on Frozen-028
Lake and the challenging SWE-Bench, which029
is largely unexplored by prior tree-rollout agent030
RL methods. Experiments show that PATR im-031
proves performance by up to +5.0 points on032
SWE-Bench and +9.3 points on FrozenLake,033
highlighting process-guided tree rollouts as an034
effective strategy for scalable multi-turn RL.035

1 Introduction036

Large language models (LLMs) are increasingly037

trained as agents that solve tasks through multi-038

turn interactions with tools, feedback, and external039

observations (Yao et al., 2022; Schick et al., 2023;040

Shinn et al., 2023). Reinforcement learning (RL)041

such as GRPO (Shao et al., 2024) has become a042

standard approach for improving such agentic capa-043

bilities. However, most existing GRPO-style agent 044

training still relies on independently sampled com- 045

plete trajectories (Li et al., 2026a). This rollout 046

strategy allocates computation uniformly across 047

trajectories, regardless of their intermediate qual- 048

ity. For long-horizon agentic tasks, such uniform 049

allocation can waste budget on uninformative tra- 050

jectories, such as repeated tool-use loops, while 051

promising intermediate states receive insufficient 052

exploration. As a result, the rollout group may 053

contain redundant or low-value trajectories, lead- 054

ing to inefficient exploration and noisy advantage 055

estimation. 056

Recent work has begun to improve rollout gen- 057

eration through tree-structured sampling, dynamic 058

branching, and step-level feedback. In single-turn 059

reasoning, tree-based methods reuse shared pre- 060

fixes and explore multiple continuations from in- 061

termediate states, showing that rollout construction 062

itself can be an important component of RL train- 063

ing (Surana et al., 2026; Xing et al., 2025). This 064

idea is even more critical for multi-turn agents, 065

where each action changes the future context and fi- 066

nal rewards are often sparse or delayed (Feng et al., 067

2026; Djuhera et al., 2026). 068

Nevertheless, existing multi-turn tree rollout 069

methods exhibit key limitations in how they guide 070

exploration. One line of work branch around high- 071

entropy tool-use steps (Dong et al., 2025b,a) or al- 072

locate rollout budget using value-based uncertainty 073

estimates (Cao et al., 2026). While these signals en- 074

courage exploration, they do not directly measure 075

whether a partial trajectory is making meaningful 076

progress toward the task objective. Another line of 077

work applies per-turn search to select the highest- 078

scoring action at every step (Djuhera et al., 2026), 079

which can bias the rollout distribution away from 080

the current policy and discard informative nega- 081

tive examples. These limitations motivate a rollout 082

mechanism that allocates budget based on process- 083

level trajectory quality while preserving diverse 084
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Figure 1: Overview of PATR. Task-adaptive process scorer evaluates partial trajectories and guides adaptive rollout
through expansion, survival, and pruning. The rollout group is optimized with standard GRPO using task rewards.

outcomes, including failures, for policy learning.085

We propose Process-Scorer Guided Adaptive086

Tree Rollout (PATR), a cost-effective rollout gen-087

eration framework for multi-turn agent RL that088

allocates more rollout budget to promising partial089

trajectories while terminating unpromising ones090

early. For each training instance, PATR constructs091

a tree of partial trajectories instead of sampling in-092

dependent full trajectories from scratch. We period-093

ically evaluate active branches by a task-adaptive094

process scorer and route into one of three paths:095

high-scoring branches are expanded by sampling096

multiple child continuations from the same inter-097

mediate state, moderate-scoring branches survive098

into the next iteration, and low-scoring or degen-099

erate branches are pruned early. Pruned branches100

are retained rather than discarded, preserving roll-101

out diversity and serving as negative examples for102

policy optimization. Since child branches inherit103

their parent prefixes, PATR naturally reuses shared104

computation and produces more informative rollout105

trajectories under a comparable sampling budget.106

We then employ standard GRPO-style policy op-107

timization on the resulting rollout group with the108

same outcome rewards, avoiding direct optimiza-109

tion against the auxiliary process scorer.110

We evaluate PATR on both FrozenLake and the111

more challenging SWE-Bench. FrozenLake pro-112

vides a controlled testbed where process quality can113

be estimated with simple progress heuristics, while114

SWE-Bench evaluates whether process-guided tree115

rollouts can support realistic long-horizon coding-116

agent tasks. Experiments show that PATR im- 117

proves performance by up to +5.0 points on SWE- 118

Bench and +9.3 points on FrozenLake, highlight- 119

ing the value of process-guided rollout construction 120

for effective multi-turn RL. 121

Our contributions are summarized as follows: 122

• We propose PATR, a process-guided adaptive 123

tree rollout framework that expands promising 124

partial trajectories, preserves surviving branches, 125

and prunes degenerate paths. 126

• We keep PATR compatible with GRPO by us- 127

ing process feedback only for rollout allocation 128

while optimizing the policy with standard out- 129

come rewards. 130

• We validate PATR on FrozenLake and SWE- 131

Bench, showing consistent gains over GRPO and 132

other rollout-generation baselines. 133

2 Related Work 134

Adaptive Rollout Generation for Agent RL. 135

GRPO (Shao et al., 2024) and subsequent RL-based 136

reasoning and agent methods, such as DeepSeek- 137

R1 (Guo et al., 2025) and ARPO (Dong et al., 138

2025b), commonly sample multiple trajectories 139

per task and compute group-relative advantages 140

from outcome rewards. Recent work improves 141

this rollout process through structured or adap- 142

tive sampling. ARPO (Dong et al., 2025b) and 143

AEPO (Dong et al., 2025a) branch around high- 144

entropy tool-use steps, ATPO (Cao et al., 2026) 145
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allocates rollout budget using uncertainty estimates146

in medical dialogue, and TSR (Djuhera et al., 2026)147

applies tree-style search during training-time roll-148

out generation. Tree-based reasoning methods such149

as Tree of Thoughts (Yao et al., 2023), RAP (Hao150

et al., 2023), and tree-search agents (Koh et al.,151

2024) also explore multiple continuations, but152

mainly for inference-time solution selection. Our153

work follows the training-time rollout perspective,154

but uses process-level quality scores rather than155

entropy or uncertainty alone to guide branch expan-156

sion.157

Process Feedback and Step-Level Supervision.158

Process reward models, introduced in step-by-step159

verification work such as PRM (Lightman et al.,160

2024), Math-Shepherd (Wang et al., 2024), and161

Skywork PRM (He et al., 2025), provide intermedi-162

ate quality estimates for multi-step reasoning. Sev-163

eral methods incorporate such signals into train-164

ing objectives: PRIME (Cui et al., 2025) derives165

implicit process rewards, iStar (Liu et al., 2025)166

learns step-level rewards during agent training, WS-167

GRPO (Mundada et al., 2026) constructs weakly su-168

pervised prefix rewards, and Step-GRPO (Li et al.,169

2026b) modifies GRPO with structured process su-170

pervision. LLM-as-judge methods (Zheng et al.,171

2023) offer a flexible alternative when task-specific172

PRMs are unavailable, especially for open-ended173

agentic tasks where intermediate progress is diffi-174

cult to specify manually. In contrast, our method175

uses process feedback only to allocate rollout bud-176

get, leaving the policy objective and outcome re-177

ward unchanged.178

3 Preliminaries179

3.1 Multi-Turn Agentic Reinforcement180

Learning181

We consider reinforcement learning for language182

agents that solve tasks through multi-turn interac-183

tion with external systems. Given a task prompt184

x, after t turns the agent observes a history ht =185

(x, a1, o1, . . . , at, ot), where at is the agent action186

and ot is the corresponding observation. The pol-187

icy samples the next action as at+1 ∼ πθ(· | ht).188

A completed rollout τ = (x, a1, o1, . . . , aT , oT )189

receives an outcome reward rout(τ) upon termina-190

tion. In agentic tasks, this reward is often sparse or191

delayed, making rollout quality critical for policy192

optimization (Wang et al., 2025).193

3.2 Group-Relative Policy Optimization 194

GRPO (Shao et al., 2024) samples a group of G roll- 195

outs for each task and computes group-normalized 196

rewards, avoiding the need for a learned value func- 197

tion. For trajectory τi in the rollout group of task 198

x, the outcome advantage is, 199

Aout
i =

routi − µout(x)

σout(x) + ε
, (1) 200

where routi = rout(τi), and µout(x) and σout(x) 201

are the mean and standard deviation of outcome 202

rewards within the group. 203

The policy is optimized with the clipped 204

importance-weighted objective 205

L(θ) = Ex

 1

G

G∑
i=1

1

|τi|

|τi|∑
t=1

min
(
ρi,t(θ)A

out
i , 206

clip
(
ρi,t(θ), 1− ϵ, 1 + ϵ

)
Aout

i

)]
, (2) 207

where ρi,t(θ) =
πθ(ai,t|hi,t−1)

πθold
(ai,t|hi,t−1)

is the importance 208

ratio. Since advantages are computed relative to the 209

sampled group, policy learning depends directly on 210

rollout-group quality. However, standard GRPO 211

samples complete trajectories independently from 212

the initial task state, without considering interme- 213

diate trajectory quality. 214

4 PATR: Process-Scorer Guided Adaptive 215

Tree Rollout 216

We propose PATR(Process-scorer guided Adaptive 217

Tree Rollout), a cost-effective rollout generation 218

framework for multi-turn agent RL, that allocates 219

more rollout budget to promising partial trajecto- 220

ries and terminate unpromising ones early, pro- 221

ducing groups with diverse outcomes from shared 222

prefixes. Given a task prompt x, PATR constructs a 223

tree of partial trajectories and adaptively allocates 224

rollout budget using an intermediate process scorer. 225

The full procedure is summarized in Algorithm 1. 226

4.1 Adaptive Tree Construction 227

PATR initializes each task prompt x with B0 ac- 228

tive branches sampled from the current policy. Let 229

A and C denote the sets of active and completed 230

branches, respectively. At each iteration, every ac- 231

tive branch is advanced for up to K interaction 232

steps. Branches that terminate during this inter- 233

val, such as by successful completion or reaching 234

the maximum step budget, are moved from A to 235
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C. For each remaining active branch τ ti at step t236

(t ∈ {K, 2K, 3K, . . .}), a process scorer Sϕ pro-237

duces a scalar score238

sti = Sϕ(x, τ
t
i ) ∈ [0, 1], (3)239

where higher scores indicate more promising par-240

tial trajectories for further exploration.241

After scoring, each active branch is routed into242

one of three paths based on its process score: ex-243

pansion, survival, or pruning.244

Expansion. High-scoring branches are selected245

into an expansion set E ⊆ A. For each selected246

branch τ ti , PATR samples M child continuations247

from the same intermediate state:248

τ t,mi ∼ πθ(· | x, τ ti ), m = 1, . . . ,M. (4)249

These children share the parent prefix and explore250

different continuations, allowing PATR to allocate251

additional samples to promising intermediate states.252

The parent branch is then removed from A and253

replaced by its children.254

Survival. Branches with moderate scores remain255

active. They are advanced for another K steps in256

the next iteration and re-evaluated with updated257

process scores.258

Pruning. PATR terminates a branch τ ti when its259

process score is substantially lower than the current260

active set:261

sti < medianj∈A stj − α, (5)262

where α is a margin threshold. PATR also stops de-263

terministically degenerate branches, such as those264

repeating the same action for Θ consecutive turns.265

Early-stopped branches are moved to C rather than266

discarded, so they remain available as negative tra-267

jectories for policy optimization.268

The rollout process continues until no active269

branch remains. The final rollout group is con-270

structed from all completed trajectories.271

G(x) = C. (6)272

Importantly, process scores are used only to decide273

where to allocate additional rollout budget; they do274

not replace the task reward. The resulting group275

contains both successful and failed trajectories gen-276

erated from shared intermediate states, providing277

diverse samples for GRPO-style relative advantage278

estimation.279

Algorithm 1 PATR Rollout Generation
Require: Task prompt x; policy πθ; process scorer Sϕ; bud-

gets (B0,K,M); thresholds (α,Θ)
1: InitializeA with B0 branches from x under πθ; C ← ∅
2: while A ≠ ∅ do
3: Roll out each branch in A for up to K steps under πθ

4: Move terminated branches from A to C
5: if A ̸= ∅ then
6: Compute sti = Sϕ(x, τ

t
i ) for each τ t

i ∈ A Eq. 3
7: Select high-scoring expansion set E ⊆ A
8: Let L ⊆ A\E be branches satisfying the low-score

or Θ-repeat criterion Eq. 5
9: Sample child set B = {τ t,m

i : τ t
i ∈ E , m =

1, . . . ,M} Eq. 4
10: A ← (A \ (E ∪ L)) ∪ B; C ← C ∪ L
11: end if
12: end while
13: return G(x) = {τ ∈ C : |τ | > 0}

4.2 Task-Adaptive Process Scoring 280

PATR abstracts task-specific intermediate feedback 281

into a scalar process score as defined in Eq. 3, This 282

interface supports different scorer instantiations, 283

including domain-specific heuristics, pretrained 284

PRMs, and LLM judges, without changing the roll- 285

out algorithm or the GRPO objective. 286

Heuristic scorer. When intermediate progress 287

is directly observable, we instantiate Sϕ as a 288

lightweight heuristic over the current state and 289

accumulated step rewards. For example, in 290

navigation-style tasks, the scorer can combine 291

the reward accumulated so far with a normalized 292

progress measure such as distance to the goal. This 293

instantiation requires no learned model and pro- 294

vides a controlled setting for studying adaptive tree 295

rollout when reliable progress signals are available. 296

Pretrained PRM scorer. For tasks where a pre- 297

trained process reward model is available, we con- 298

vert each partial trajectory into a problem–response 299

format. The problem field contains the task prompt, 300

while the response field serializes recent interaction 301

steps, including agent actions, observations, and 302

available step rewards. The PRM produces step- 303

level scores {cℓ}Li
ℓ=1 at designated step boundaries, 304

which are aggregated into a branch score: 305

sti = fagg(c1, . . . , cLi), (7) 306

where fagg can be the last-step score, the mean 307

score, the maximum score, or a weighted com- 308

bination of the last and mean scores. For long 309

trajectories, we truncate the serialized input while 310

preserving the task prompt and recent interaction 311

steps, which are most relevant for deciding whether 312

to expand the current branch. 313
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LLM-as-judge scorer. For complex agentic314

tasks where no reliable hand-crafted signal or pre-315

trained PRM is sufficient, we instantiate Sϕ with an316

LLM judge. The judge receives the task prompt and317

a compact representation of the partial trajectory,318

including recent actions, observations, and auto-319

matically extracted trajectory signals. Specifically,320

to make scoring sensitive to different stages of321

SWE-style problem solving, we use phase-specific322

judge prompts for diagnosis, editing, and verifica-323

tion. The judge is instructed to output a normalized324

JSON score indicating whether continuing from325

the current state is likely to lead to a successful326

solution. We further blend the judge output with a327

lightweight heuristic based on trajectory features328

such as repeated actions, error or test signals in329

observations, evidence before editing, and targeted330

verification:331

sti = λsjudge(τ
t
i ) + (1− λ)sheur(τ

t
i ). (8)332

This design provides robust process scores for long-333

horizon tool-use tasks while keeping the interface334

to PATR identical to the heuristic and pretrained-335

PRM cases. Appendix B provides the full prompts336

and describes the heuristic scoring signals in detail.337

4.3 GRPO Training with Tree-Generated338

Rollout Groups339

After tree rollout construction, PATR uses G(x)340

from Eq. 6 as the rollout group for GRPO. For each341

trajectory τi ∈ G(x), we compute its outcome re-342

ward routi = rout(τi) and normalize rewards within343

the tree-generated group,344

Atree
i =

routi − µG(x)

σG(x) + ε
, (9)345

where µG(x) and σG(x) are computed over all valid346

trajectories in G(x). The policy is then updated347

with the same clipped GRPO objective in Eq. 2,348

replacing the independently sampled rollout group349

with the tree-generated group.350

Remark. PATR departs from the uniform indepen-351

dent sampling used in vanilla GRPO by adaptively352

allocating more continuations to selected partial353

histories. This introduces a controlled and local-354

ized bias in the rollout group. Importantly, the pro-355

cess scorer is used only for branch selection: it does356

not alter the policy model, task reward, advantage357

normalization, or optimization objective. After tree358

construction, completed, failed, and early-stopped359

branches are all retained as outcome-labeled tra-360

jectories, and the policy is updated using standard361

GRPO with task rewards. This idea coincides with 362

the efficiency-bias trade-off discussion in the litera- 363

ture of reinforcement learning, where non-uniform 364

allocation of computation or samples can improve 365

data efficiency by focusing efforts on more infor- 366

mative states or transitions (Kocsis and Szepesvári, 367

2006; Schaul et al., 2016; Espeholt et al., 2018). 368

In PATR, the induced mismatch is further limited 369

because actions are still generated by the current 370

rollout policy conditioned on realized histories, and 371

only the number of continuations allocated to each 372

partial history is adapted. Thus, PATR trades strict 373

uniform rollout sampling for more informative roll- 374

out groups while keeping the learning objective 375

unchanged. 376

5 Experiments 377

5.1 Experimental Setup 378

Tasks, datasets, and models. We evaluate PATR 379

on two settings with different levels of interac- 380

tion complexity. FrozenLake (Brockman et al., 381

2016) is a grid-world navigation task in which 382

an agent must reach a goal while avoiding holes, 383

providing a controlled testbed for multi-turn ex- 384

ploration. We use the rLLM FrozenLake environ- 385

ment (Tan et al., 2025) with procedurally generated 386

task prompts. SWE-agent training targets long- 387

horizon software-engineering tasks, where agents 388

must inspect repositories, edit code, and verify fixes 389

through tool interaction. For training, we use a 390

filtered subset of R2E-Gym-Lite-with-Difficulty, 391

which is derived from R2E-Gym (Jain et al., 2025) 392

by removing the most difficult instances. We evalu- 393

ate on SWE-Bench Verified (Jimenez et al., 2024), 394

a human-filtered set of 500 instances designed for 395

reliable evaluation of coding agents and language 396

models. For FrozenLake, we train Qwen2.5-0.5B- 397

Instruct and Qwen2.5-3B-Instruct (Yang et al., 398

2024); for SWE-agent training, we use Qwen3- 399

4B-Instruct-2507 (Yang et al., 2025). 400

Baselines. We compare against representative 401

GRPO-based and tree-style rollout strategies 402

under the same policy optimization objective. 403

GRPO (Shao et al., 2024) samples independent 404

complete trajectories for each task. DAPO (Yu 405

et al., 2026) strengthens GRPO with token-level 406

policy-gradient refinements, rejection sampling, 407

and asymmetric clipping. ARPO (Dong et al., 408

2025b) performs adaptive branching for agentic 409

rollouts based on uncertainty signals rather than 410

process-level trajectory quality. Tree-Random 411
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uses the same tree rollout structure as PATR but412

replaces process-guided selection with random413

branch allocation.414

Evaluation. For FrozenLake, we follow the stan-415

dard success-rate evaluation. Each test prompt is416

sampled four times, and we report the average417

fraction of successful task instances. For SWE-418

Bench evaluation, we use the SWE-agent scaffold419

with Docker-based execution environments. Each420

trained agent generates one trajectory per SWE-421

Bench Verified instance, and we report the resolved422

rate, following the standard SWE-Bench protocol.423

Implementation Details. All experiments are im-424

plemented with the rLLM framework (Tan et al.,425

2025). Across both tasks, PATR starts from four426

initial branches and samples two child continua-427

tions when expanding a branch. Branching is per-428

formed at fixed intervals, with K = 5 for Frozen-429

Lake and K = 13 for SWE-agent training. We430

set the maximum interaction length to 10 turns for431

FrozenLake and 50 turns for SWE-agent training,432

with maximum response lengths of 10K and 32K433

tokens, respectively. Early stopping uses the score-434

margin rule in Eq. 5 with α = 0.5, together with435

an action-loop criterion that terminates branches436

repeating the same action six times.437

The process scorer is instantiated according to438

the task. For FrozenLake, we use a lightweight439

progress heuristic based on accumulated rewards440

and shortest-path distance to the goal, treating holes441

as blocked cells. For SWE-agent training, we eval-442

uate two scorer variants: PATR-PRM, which uses443

Skywork-o1-Open-PRM-Qwen-2.5-7B (He et al.,444

2025), and PATR-Judge, which uses Qwen2.5-445

Coder-7B-Instruct (Hui et al., 2024) as an LLM446

judge with phase-specific prompts. Both scorers op-447

erate on recent trajectory context; additional scor-448

ing details are provided in Appendix A. To ensure449

a fair comparison, GRPO and DAPO use a roll-450

out group size of 8, while ARPO, Tree-Random,451

and PATR use the same number of initial branches.452

Detailed training hyperparameters and hardware453

settings are reported in Appendix A.454

5.2 Main Results455

FrozenLake. We report the final FrozenLake456

performance across two model scales in Ta-457

ble 1. PATR achieves the highest success rate458

and Pass@4 for both Qwen2.5-0.5B-Instruct and459

Qwen2.5-3B-Instruct. The gain is especially pro-460

nounced for the smaller model, where PATR im-461

Method Succ. Rate ↑ Pass@4 ↑ RLen ↓ Turns ↓

Qwen2.5-0.5B-Instruct
GRPO 66.5 67.0 513 3.4
DAPO 71.0 71.0 562 4.2
ARPO 69.7 72.0 377 3.3
Random 56.3 63.0 400 3.9
PATR (ours) 75.8 78.0 344 3.6

Qwen2.5-3B-Instruct
GRPO 66.8 71.0 367 2.6
DAPO 72.7 73.0 533 2.7
ARPO 68.7 72.0 497 3.5
Tree-Random 72.7 75.0 419 3.6
PATR (ours) 74.3 79.0 327 2.8

Table 1: FrozenLake results across two model scales.
We report success rate, Pass@4, and average response
length (RLen) for each rollout method.

Method Resolved Rate ↑ Env Done ↑ Turns ↓

GRPO 22.2 79.2 25.8
DAPO 24.6 71.4 31.6
ARPO 25.4 74.0 27.3
Tree-Random 24.8 84.4 30.1
PATR-Judge (ours) 26.0 90.8 24.1
PATR-PRM (ours) 27.2 92.2 24.4

Table 2: SWE-Bench results with Qwen3-4B-Instruct-
2507. We compare methods using resolved rate, envi-
ronment completion rate (Env Done), and average turns.

proves the success rate from 66.5% with GRPO to 462

75.8%, suggesting that process-guided rollout allo- 463

cation is particularly useful when the base policy 464

is less reliable. Beyond accuracy, PATR also pro- 465

duces the shortest average response length on both 466

model scales, indicating that the gains do not come 467

from simply exploring longer trajectories. The 468

comparison with Tree-Random further isolates the 469

effect of process guidance. Although Tree-Random 470

benefits from shared-prefix rollout construction and 471

is competitive in some settings, it remains below 472

PATR in both success rate and Pass@4. This shows 473

that PATR gains from combining tree-structured ex- 474

ploration with quality-aware expansion, rather than 475

from tree construction alone. DAPO also improves 476

over GRPO but often produces longer trajectories, 477

highlighting the difference between objective-level 478

improvements and rollout-level allocation. 479

SWE-Bench. We next evaluate the more chal- 480

lenging SWE-Bench Verified setting in Table 2. 481

Both PATR variants outperform all baselines in the 482

resolved rate. PATR-PRM achieves the best result, 483

improving over GRPO by +5.0 points and over the 484

strongest baseline ARPO by +1.8 points. PATR- 485

Judge also improves over all baselines, showing 486

that the framework can benefit from either pre- 487

trained PRM scoring or LLM-as-judge feedback. 488
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Figure 2: Training curves on FrozenLake and SWE-Bench across methods. PATR improves performance earlier in
training and maintains stronger trajectory-completion behavior throughout optimization.

Both PATR-PRM and PATR-Judge complete sub-489

stantially more task instances than the baselines490

while using fewer turns on average than DAPO,491

ARPO, and Tree-Random. This suggests that492

process-guided expansion helps the policy learn493

more directed interaction patterns that reach natu-494

ral task completion. Tree-Random achieves a high495

environment-done rate but lower resolved rate, in-496

dicating that tree rollouts alone can improve com-497

pletion behavior, while process-guided branch se-498

lection is needed to better align exploration with499

successful issue resolution. The stronger perfor-500

mance of PATR-PRM suggests that step-level PRM501

scores provide more stable branch-ranking signals502

for SWE-style code-editing tasks, while the judge503

variant remains a flexible alternative when task-504

specific PRMs are unavailable.505

5.3 Training Dynamics506

We further analyze training dynamics in Figure 2.507

PATR reaches higher success rates earlier than508

the baselines on FrozenLake, especially with the509

smaller Qwen2.5-0.5B model. This supports the510

hypothesis that process-guided branching improves511

sample efficiency by focusing exploration around512

partial trajectories that already show progress. The513

larger gap in the low-capacity setting further sug-514

gests that adaptive rollout construction can compen-515

sate for weaker initial policies by providing more516

informative training groups.517

On SWE-Bench, PATR-PRM and PATR-Judge518

maintain higher resolved rates and environment-519

done rates across training. In contrast, flat roll-520

out methods improve more slowly or plateau ear- 521

lier, while tree-based baselines without process- 522

guided selection show less consistent gains. The 523

training curves therefore reinforce the main results: 524

shared-prefix tree construction improves rollout di- 525

versity, but quality-aware expansion is important 526

for converting additional exploration into reliable 527

task progress. Overall, the dynamics indicate that 528

PATR improves not only final performance but also 529

the efficiency and stability of multi-turn agent RL. 530

6 Analysis 531

6.1 Effect of Tree Hyperparameters 532

We examine how tree construction choices affect 533

PATR-PRM on SWE-Bench Verified. As shown 534

in Table 3, the default setting, with branch fac- 535

tor M=2, scoring interval K=13, and top-k=2, 536

achieves the best resolved rate. Expanding more 537

branches at each checkpoint slightly reduces per- 538

formance, suggesting that overly broad expansion 539

weakens the process-score filter. Increasing the 540

branch factor to M=3 also hurts performance, es- 541

pecially when expansion is concentrated on a single 542

selected branch, indicating reduced rollout-group 543

diversity. Longer scoring intervals further degrade 544

performance, showing that delayed rescoring lim- 545

its the ability to redirect exploration during long- 546

horizon interaction. Overall, PATR benefits from a 547

moderate branching strategy that scores frequently 548

while keeping expansion selective. 549
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Figure 3: Training dynamics on SWE-Bench. PATR improves the balance between reward acquisition, interaction
length, and policy entropy compared with flat and unguided tree-rollout baselines.

Branch Factor (M ) Interval (K) Top-k Resolved Rate ↑

Varying Top-k
2 13 4 26.6

Varying Branch Factor
3 13 2 25.8
3 13 1 22.0

Varying Branch Interval
2 15 2 23.4
2 20 2 24.6

PATR-PRM (default)
2 13 2 27.2

Table 3: Ablation of tree rollout hyperparameters on
SWE-Bench Verified. We vary the branch factor M ,
scoring interval K, and number of expanded branches
k per checkpoint.

6.2 Effect of Rollout Group Construction550

We study whether pruned trajectories should be551

retained in the rollout group for GRPO training.552

Table 4 compares Best_n, which excludes pruned553

trajectories, with Keep All, which retains them to-554

gether with completed branches. Keeping all trajec-555

tories consistently improves both PATR-PRM and556

PATR-Judge, with a larger gain for PATR-Judge557

from 23.4% to 26.0% resolved rate. This supports558

our design choice of preserving the full tree output559

for GRPO. Because GRPO computes advantages560

relative to trajectories from the same task, failed561

and early-pruned branches can provide useful re-562

ward contrast rather than being discarded. The563

lower average turns under Keep All further sug-564

gests that pruned trajectories serve as informative565

negative examples without requiring full interac-566

tion budgets.567

6.3 Training Signal and Policy Dynamics568

Figure 3 compares training reward, interaction569

length, and policy entropy on SWE-Bench. Both570

PATR variants obtain competitive training rewards571

while avoiding the excessive interaction length572

Method Rollout Group Resolved Rate ↑ Turns ↓

PATR-PRM
Best_n 25.8 26.4
Keep All 27.2 24.4

PATR-Judge
Best_n 23.4 31.2
Keep All 26.0 24.1

Table 4: Effect of rollout group construction on SWE-
Bench Verified. Keep All retains pruned trajectories in
the GRPO group, while Best_n excludes them.

observed in some baselines. PATR-PRM main- 573

tains strong reward trends with relatively short 574

episodes, consistent with its higher resolved rate 575

in Table 2. The entropy curves show different ex- 576

ploration patterns: flat GRPO rapidly loses entropy, 577

while PATR-Judge maintains higher entropy for 578

longer and PATR-PRM follows a more conserva- 579

tive profile. These dynamics suggest that process- 580

guided tree rollout improves the balance between 581

exploration, trajectory length, and reward acquisi- 582

tion during training. 583

7 Conclusion 584

We introduced PATR, a process-guided adaptive 585

tree rollout framework for multi-turn agent RL. In- 586

stead of sampling complete trajectories indepen- 587

dently, PATR organizes rollout groups as trees 588

and uses task-adaptive process feedback to decide 589

where to expand, preserve, or prune partial trajec- 590

tories. The resulting rollout groups remain com- 591

patible with standard GRPO, since process scores 592

guide rollout construction while policy optimiza- 593

tion still relies on task outcome rewards. Experi- 594

ments on FrozenLake and SWE-Bench show con- 595

sistent gains over independent-rollout and other 596

rollout-generation baselines, with improvements of 597

up to +5.0 points on SWE-Bench and +9.3 points 598

on FrozenLake. These results highlight process- 599

guided tree rollouts as a promising direction for 600

effective and scalable multi-turn agent learning. 601
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Limitations602

This work has several limitations. First, PATR603

relies on the quality of the process scorer used604

to rank partial trajectories. Although we instan-605

tiate the scorer with heuristics, pretrained PRMs,606

and LLM-as-judge feedback, inaccurate process607

scores may lead the tree rollout to expand subop-608

timal branches or prune useful ones. In particular,609

the pretrained PRM used in our SWE-Bench ex-610

periments, Skywork-o1-Open-PRM-Qwen-2.5-7B,611

may favor actions that generate longer responses,612

which can affect branch ranking and rollout allo-613

cation. Second, our experiments focus on Frozen-614

Lake and SWE-Bench. While these benchmarks615

cover both controlled navigation and realistic long-616

horizon coding-agent tasks, further evaluation is617

needed on broader multi-turn agent domains, such618

as web navigation, embodied interaction, and open-619

ended tool use.620

LLM Usage Disclosure LLMs were used only621

for grammar correction and writing polishing.622
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rollout sampling temperature is 1.0. FrozenLake816

is trained with batch size 64 for 400 steps, while817

SWE-agent training uses batch size 8 for 300 steps.818

FrozenLake experiments are run on one A100 node,819

and SWE-agent experiments are run on one H200820

node.821

Process scoring details. For FrozenLake, the822

process scorer combines accumulated step rewards823

with a normalized BFS shortest-path distance to the824

goal, where holes are treated as blocked cells. For825

SWE-agent training, both PATR-PRM and PATR-826

Judge score each branch using recent trajectory827

context. PATR-PRM serializes the most recent 10828

interaction steps and feeds them to Skywork-o1-829

Open-PRM-Qwen-2.5-7B, which returns step-level830

process scores; we use the score of the most recent831

step as the branch score. PATR-Judge provides832

Qwen2.5-Coder-7B-Instruct with the task context833

and a compact representation of recent actions, ob-834

servations, tool types, and extracted trajectory sig-835

nals. The judge outputs a trajectory-level score,836

which is blended with a lightweight heuristic that837

rewards useful signals such as targeted testing and838

evidence-based editing while penalizing repeated839

actions and premature termination. We describe840

the heuristic and provide all judge prompts in Ap-841

pendix B.842

Scoring infrastructure. For SWE-bench experi-843

ments, the PRM and LLM-judge models are hosted844

on separate vLLM inference servers and queried845

during expansion checkpoints. This separates pol-846

icy rollout generation from process scoring and847

avoids GPU contention during training.848

B LLM-as-Judge Scoring Details849

This section provides additional details about the850

LLM-as-judge scorer used in PATR-Judge for851

SWE-Bench. At each scoring checkpoint, the judge852

receives the task description and a compact repre-853

sentation of the current partial trajectory, including854

recent agent actions, environment observations, in-855

ferred tool types, and automatically extracted tra-856

jectory signals. The judge outputs a scalar score in857

[0, 1] indicating how promising the current branch858

is for further expansion. To make the evaluation859

more stage-aware, we use different prompts for860

diagnosis, editing, and verification phases.861

Phase selection. The prompt is selected automat-862

ically from recent interaction patterns. If the recent863

trajectory contains test-related actions or observa- 864

tions, such as running pytest, unittest, or ob- 865

serving pass/fail messages, we use the verification 866

prompt. If the recent trajectory contains file modi- 867

fication actions, such as patching, insertion, or re- 868

placement, we use the editing prompt. If the recent 869

trajectory mainly contains repository exploration, 870

such as search, file inspection, traceback analy- 871

sis, or command-line reading, we use the diagnosis 872

prompt. When no specific phase is detected, we use 873

the default prompt. This design allows the judge to 874

evaluate the type of progress that is most relevant 875

to the current stage of problem solving. 876

Heuristic score. In addition to the LLM score, 877

we compute a lightweight heuristic score from re- 878

cent trajectory signals. The heuristic starts from 879

a neutral value and adjusts the score according to 880

observable behaviors. It penalizes repeated iden- 881

tical actions, premature finish actions, command 882

failures, and edits made without prior evidence 883

from search, file inspection, or testing. It rewards 884

signals associated with useful progress, including 885

targeted test execution, passing tests, informative 886

tracebacks, code or file information discovered dur- 887

ing exploration, and edits made after relevant evi- 888

dence has been collected. The final branch score 889

is a weighted combination of the LLM judgment 890

and the heuristic score, with the LLM judgment 891

receiving the larger weight. The heuristic acts as a 892

stabilizing signal, especially when the LLM judge 893

assigns overly optimistic scores to repetitive or 894

weakly grounded trajectories. 895

Judge prompts. We list the system prompt 896

and all phase-specific scoring prompts below 1, 897

2, 3, 4, and 5. The placeholders {task} and 898

{trajectory} are filled with the task description 899

and the compact trajectory representation at each 900

scoring checkpoint. 901
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You evaluate partial SWE-agent trajectories for tree-search expansion.
Output ONLY valid JSON: {"score": <0.0 to 1.0>}. Nothing else.

Code 1: System prompt for the LLM-as-judge scorer.

Score this partial SWE-agent trajectory for tree-search branching.

Consider:
- Is the agent making measurable progress toward solving the issue?
- Are its actions grounded in evidence from the code or observations?
- Is it avoiding repetitive or aimless commands?
- If we continue from this state, how likely will this branch lead to a correct fix?

0.0 = stuck, looping, or wrong direction
0.5 = some relevant work but unclear progress
1.0 = clearly on track, strong evidence of progress

Task:
{task}

Trajectory:
{trajectory}

Output ONLY: {"score": <0.0 to 1.0>}

Code 2: Default judge prompt.

Score this partial trajectory during EXPLORATION / DIAGNOSIS.

Consider:
- Is the agent searching in the right files and directories?
- Is it narrowing down the bug location with each step?
- Is it gathering evidence (reading code, reproducing the bug) rather than guessing?
- Is it avoiding repeated searches that yield no new information?

0.0 = aimless browsing, wrong files, repetitive commands
0.5 = relevant exploration but slow progress
1.0 = efficiently locating the root cause

Task:
{task}

Trajectory:
{trajectory}

Output ONLY: {"score": <0.0 to 1.0>}

Code 3: Judge prompt for the diagnosis phase.
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Score this partial trajectory during EDITING.

Consider:
- Is the agent editing the file that evidence pointed to?
- Is the change minimal and tied to the diagnosed root cause?
- Did the agent collect enough evidence before editing, or is it guessing?
- Could this edit introduce new bugs or break other functionality?

0.0 = editing blind, wrong file, speculative changes
0.5 = reasonable edit but unclear if it addresses root cause
1.0 = precise, evidence-based fix in the right location

Task:
{task}

Trajectory:
{trajectory}

Output ONLY: {"score": <0.0 to 1.0>}

Code 4: Judge prompt for the editing phase.

Score this partial trajectory during TESTING / VERIFICATION.

Consider:
- Is the agent running tests relevant to the issue (not random test suites)?
- If tests fail, does the agent appear to understand the failure?
- If tests pass, do they actually cover the bug that was fixed?
- Is the agent verifying the fix rather than declaring premature success?

0.0 = irrelevant tests, ignoring failures, false success
0.5 = running some tests but coverage of the fix is unclear
1.0 = targeted verification that confirms the fix works

Task:
{task}

Trajectory:
{trajectory}

Output ONLY: {"score": <0.0 to 1.0>}

Code 5: Judge prompt for the verification phase.
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