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Abstract

As large language model agents tackle increas-001
ingly complex long-horizon tasks, effective002
post-training becomes critical. Prior work faces003
fundamental challenges: outcome-only rewards004
fail to precisely attribute credit to intermedi-005
ate steps, estimated step-level rewards intro-006
duce systematic noise, and Monte Carlo sam-007
pling approaches for step reward estimation008
incur prohibitive computational cost. Inspired009
by findings that only a small fraction of high-010
entropy tokens drive effective RL for reason-011
ing, we propose Critical Step Optimization012
(CSO), which focuses preference learning on013
verified critical steps, decision points where014
alternate actions demonstrably flip task out-015
comes from failure to success. Crucially, our016
method starts from failed policy trajectories017
rather than expert demonstrations, directly tar-018
geting the policy model’s weaknesses. We use019
a process reward model (PRM) to identify can-020
didate critical steps, leverage expert models021
to propose high-quality alternatives, then con-022
tinue execution from these alternatives using023
the policy model itself until task completion.024
Only alternatives that the policy successfully025
executes to correct outcomes are verified and026
used as DPO training data, ensuring both qual-027
ity and policy reachability. This yields fine-028
grained, verifiable supervision at critical deci-029
sions while avoiding trajectory-level coarseness030
and step-level noise. Experiments on GAIA-031
Text-103 and XBench-DeepSearch show that032
CSO achieves 37% and 26% relative improve-033
ment over the SFT baseline and substantially034
outperforms other post-training methods, while035
requiring supervision at only 16% of trajectory036
steps. This demonstrates the effectiveness of037
selective verification-based learning for agent038
post-training.039

1 Introduction040

The rapid advancement of large language models041

(LLMs), especially those tailored for multi-step rea-042

soning and decision-making, such as GPT-5 (Ope-043
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Figure 1: Comparing post-training paradigms for
LLM agents. (a) Trajectory-level optimization assigns
coarse outcome rewards to entire trajectories, while (b)
step-level process optimization relies on intermediate
rewards which could be inaccurate. (c) Verified Critical
Step Optimization (CSO) focuses learning on verified
critical steps where alternative actions demonstrably flip
task outcomes, providing precise credit assignment with
minimal supervision.

nAI, 2024), Claude 4.5 (Anthropic, 2025), Kimi- 044

K2 (Kimi-Team, 2025), DeepSeek-R1 (DeepSeek- 045

AI, 2025) and DeepSeek-V3.2 (dee, 2025), has 046

laid the foundation for increasingly capable agen- 047

tic systems that solve complex tasks through itera- 048

tive tool use and environment interaction. As these 049

LLM-based agents tackle more long-horizon, multi- 050

stage problems, effective post-training techniques 051

become critical for translating general model ca- 052

pabilities into robust and aligned behavior in de- 053

ployment scenarios. Recent pipelines of agent post- 054

training (Li et al., 2025a; Wu et al., 2025a) adopt a 055

two-stage paradigm: supervised fine-tuning (SFT) 056
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followed by reinforcement learning (RL). How-057

ever, SFT often suffers from off-policy distribution058

shift (Tao et al., 2025; Wang et al., 2025b). While059

on-policy RL mitigates this, it requires high com-060

putational cost from full rollouts and suffers from061

sparse and delayed reward signals that hinder credit062

assignment (Wu et al., 2025a; Wei et al., 2025).063

Recent work jumping out of the scope of SFT064

and online RL has explored offline or semi-online065

post-training approaches that balance efficiency066

and performance. As shown in Figure 1, one line067

focuses on outcome-based trajectory optimization.068

Methods like ETO (Song et al., 2024) and Miro-069

Thinker (MiroMind, 2025) build preference pairs070

from successful and failed trajectories, offering071

scalability but suffering from imprecise credit as-072

signment in which reasonable actions in failed tra-073

jectories are penalized uniformly, while suboptimal074

decisions in successful ones are reinforced. An-075

other line pursues step-level process optimization.076

AgentRPM (Choudhury, 2025) trains process re-077

ward models for intermediate assessments, while078

Co-Evolving Agents (Jung et al., 2025) uses fail-079

ure agents to generate hard negatives. Though080

finer-grained, these methods rely on estimated081

process rewards that introduce noise and system-082

atic biases. Hybrid approaches like IPR (Xiong083

et al., 2024) attempt to combine both paradigms084

but face significant practical challenges. IPR de-085

rives step-level rewards through Monte Carlo sam-086

pling from each step forward, which becomes pro-087

hibitively expensive on complex tasks. From an-088

other perspective, existing methods overlook that089

not all steps are equally important, as many in-090

volve trivial actions or few alternatives. Recent091

work on RLVR, particularly entropy-oriented al-092

gorithms (Wang et al., 2025c), shows that only a093

small fraction of high-entropy tokens drive effec-094

tive RL for reasoning. This suggests focusing on095

critical branching points where alternate actions096

drastically change outcomes, rather than uniform097

or dense supervision.098

We propose Critical Step Optimization (CSO),099

which focuses preference learning on verified crit-100

ical steps where alternate actions change the task101

outcome from failure to success. Unlike trajectory-102

level methods that apply coarse rewards uniformly,103

CSO provides fine-grained, step-specific super-104

vision. Unlike step-level methods relying on105

estimated rewards, CSO grounds supervision in106

verified outcomes, eliminating process reward107

noise. Inspired by the high-entropy token principle 108

in Wang et al. (2025c), we identify critical steps as 109

pivotal decisions (e.g., tool selection, query formu- 110

lation) that determine trajectory success. Starting 111

from failed policy trajectories, we use a PRM to 112

efficiently identify candidate critical steps where 113

the policy errs but expert alternatives show promise. 114

We verify these candidates through branch rollouts: 115

replacing the policy’s action with an expert alter- 116

native and continuing with the policy itself until 117

completion. Only verified successful branches be- 118

come preference pairs, contrasting the successful 119

alternative against the original failed action. This 120

yields verifiable, fine-grained preference data that 121

achieves semi-on-policy coverage, offline training 122

efficiency, and outcome-verified supervision. 123

We evaluate on GAIA (Mialon et al., 2023) and 124

XBench-DeepSearch (Chen et al., 2025) using CK- 125

Pro-8B (Fang et al., 2025). Our contributions are 126

threefold: (1) We identify limitations of existing ap- 127

proaches and propose CSO, which focuses on veri- 128

fied critical steps where alternative actions demon- 129

strably flip task outcomes. (2) CSO achieves 37% 130

and 26% relative gains over SFT baseline on GAIA- 131

Text-103 and XBench-DeepSearch, enabling an 8B 132

model to match GPT-4.1, while requiring supervi- 133

sion at only 16% of trajectory steps and outperform- 134

ing all baseline methods. (3) We demonstrate that 135

combining PRM identification with outcome verifi- 136

cation effectively pinpoints critical decision steps 137

in agent execution, achieving superior performance 138

by focusing learning on these pivotal branches that 139

determine task success. 140

2 Related Work 141

2.1 Preference-based Post-training of Agentic 142

Models 143

Building on base LLMs, recent research has ex- 144

plored various strategies to bolster agentic capa- 145

bilities. For instance, Li et al. (2025b) integrate a 146

Deep Web Explorer into a think-search-draft loop, 147

utilizing DPO with human feedback for complex 148

report generation. Similarly, Wu et al. (2025b) con- 149

struct localized preference pairs from debugging 150

traces to apply targeted preference optimization. 151

Our approach is most closely related to Goldie et al. 152

(2025), which synthesizes step-wise reasoning data 153

and employs preference-based RL to fine-tune the 154

model. We extend this framework to agent domains 155

by introducing a method to identify critical steps, 156

thereby improving computational efficiency and 157
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reducing complexity.158

2.2 Entropy-enhanced Algorithms for RL159

Recent findings in RLVR, particularly Wang et al.160

(2025c), demonstrate that only a small fraction of161

high-entropy tokens fundamentally drive effective162

reinforcement learning for reasoning tasks. Simi-163

larly, Cheng et al. (2025) also found that assigning164

advantages in accordance with entropy leads to bet-165

ter reasoning performances. In terms of the long-166

horizon agent domain, Wang et al. (2025a); Xu et al.167

(2025) further proposed entropy-based algorithms168

to enhance agents’ training. This suggests that se-169

lective supervision on entropy, which corresponds170

to critical decision points, may be more effective171

than uniform or dense supervision. Inspired by172

this principle, our work identifies critical branch-173

ing points in agent trajectories and applies verified,174

fine-grained supervision selectively at these pivotal175

decisions, combining the reliability of outcome-176

based verification with the precision of step-level177

supervision.178

3 Methodology179

We formalize the agentic decision-making process180

as ReAct trajectories (§3.1) and introduce our Criti-181

cal Step Optimization (CSO) framework. Our key182

idea is to identify verified critical steps in failed183

policy trajectories where alternative actions can184

flip task outcomes, and construct fine-grained pref-185

erence pairs from these verified critical steps for186

targeted DPO training (§3.2). This process can be187

applied iteratively to progressively refine the pol-188

icy (§3.3). Figure 2 illustrates the complete CSO189

pipeline.190

3.1 Preliminary191

Problem Formulation We consider an agent op-192

erating in an interactive environment E to solve a193

task specified by query q. Following the ReAct194

paradigm (Yao et al., 2023), the agent generates a195

trajectory196

τ = (s1, a1, o1, s2, a2, o2, . . . , sT , aT , oT ),197

where at each step t: st represents the state, con-198

sisting of the task query and interaction history199

st = (q, a1, o1, . . . , at−1, ot−1); at ∼ πθ(·|st) de-200

notes the action sampled from the policy, which201

may include both reasoning and tool invocation;202

ot = E(st, at) is the observation returned by the203

environment. The trajectory terminates at step T204

with outcome y ∈ {0, 1}, where y = 1 indicates 205

success. 206

Supervised Fine-Tuning. We assume access to a 207

base language model fine-tuned on high-quality 208

agent trajectories. Given a dataset DSFT = 209

{(q(i), τ (i))} of successful trajectories: 210

LSFT(θ) = −E(q,τ)∼DSFT

[
T∑
t=1

log πθ(at|st)

]
(1) 211

This produces a policy πθ that can execute agent 212

tasks but may exhibit systematic failures at criti- 213

cal decision points. We refine this policy through 214

preference learning targeting these critical steps. 215

3.2 Verified Critical Step Collection 216

Unlike trajectory-level DPO that contrasts entire 217

successful and failed trajectories, or step-level 218

methods that provide estimated but often inaccu- 219

rate rewards at every step, our approach focuses on 220

verified critical steps, meaning steps where taking 221

an alternative action can demonstrably flip the task 222

outcome from failure to success. 223

Collecting Failed Policy Trajectories. We de- 224

ploy the current policy πθ on tasks {q(i)} and retain 225

only failed trajectories Tfail = {τ (i) : y(i) = 0}. 226

By starting from the policy’s own failures rather 227

than expert demonstrations, we ensure training data 228

remains within the policy’s reachable distribution 229

and directly addresses its weaknesses. 230

Selecting Candidate Critical Steps with PRM 231

Scoring For each failed trajectory τ ∈ Tfail, we 232

identify critical steps through a combined process 233

of expert exploration and PRM evaluation. At each 234

step t of the failed policy trajectory: 235

1. Expert Alternative Generation: Sample 236

k alternative actions {a′t,1, . . . , a′t,k} from a 237

stronger expert model πexpert conditioned on 238

state st. 239

2. PRM Scoring: Use a Process Reward Model 240

(PRM) to score both the policy’s original action 241

at and each expert alternative a′t,j , obtaining 242

scores r
policy
t and {rexpert

t,j }kj=1. The PRM pro- 243

duces scores in the range of [0, 1]. In practice, 244

we implement PRM by prompting strong closed- 245

source models such as Claude 3.7 Sonnet with 246

rubric-based evaluation (see Appendix A for 247

details). 248

3. Candidate Critical Step Selection: Step t is 249

identified as a candidate critical step if the policy 250
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Figure 2: Overview of Critical Step Optimization. (1) The policy model generates trajectories on training queries
and we collect failed trajectories; (2) an expert teacher model generates alternative actions at each step; (3) a Process
Reward Model identifies candidate critical steps where policy actions have low quality but expert alternatives have
high quality; (4) we perform branch rollouts with the policy model and verify task outcomes; (5) we construct
preference pairs from verified critical steps and the original failed policy steps; (6) we train the policy via DPO on
the verified critical step preference data.

action has low quality while at least one expert251

alternative has high quality:252

t ∈ Cτ ⇐⇒ r
policy
t < γlow and

max
j

r
expert
t,j > γhigh

(2)253

where γlow and γhigh are quality thresholds.254

This PRM scoring mechanism efficiently identi-255

fies potential critical steps where the policy makes256

errors that expert alternatives can correct, without257

requiring exhaustive Monte Carlo rollouts as in258

IPR (Xiong et al., 2024). To avoid noise arising259

from potentially inaccurate PRM estimates, we fur-260

ther verify each identified candidate critical step by261

checking whether expert alternatives at these steps262

actually result in successful task completion.263

Branch Rollout and Verification. For each can-264

didate critical step t ∈ Cτ , we verify which expert265

alternatives lead to successful outcomes:266

1. Policy Rollout from Alternative Branch: For267

each high-scoring expert alternative a′t,j (where268

r
expert
t,j > γhigh), we construct a new trajectory269

τ ′j by replacing the original action at with the270

expert alternative a′t,j , then continuing rollout271

with the policy model πθ until termination. Cru-272

cially, all subsequent steps a′ℓ ∼ πθ(·|s′ℓ) for273

ℓ > t are executed by the policy itself, ensuring274

successful branches remain within its capability.275

2. Outcome Verification: Evaluate each branched 276

trajectory τ ′j using ground-truth outcome y′j . 277

Each successful branched trajectory where y′j = 278

1 corresponds to a verified critical step at t, with 279

its alternative action a′t,j as the successful alter- 280

native. 281

This ensures preference data is grounded in ac- 282

tual task success rather than noisy reward estimates. 283

By validating through the policy’s own execution, 284

we avoid distribution mismatch where training tar- 285

gets are unreachable by the current policy. 286

Preference Dataset Construction. For each ver- 287

ified critical step at t, we construct a preference 288

pair (st, a+t , a
−
t ) where a+t is the successful alter- 289

native action, a−t is the original failed action, and 290

st is the shared state context. The final dataset is 291

Dpref = {(st, a+t , a
−
t )}. 292

3.3 CSO Training 293

CSO Training Objective We train the policy us- 294

ing Direct Preference Optimization (Rafailov et al., 295

2023): 296

LCSO(θ) = −E(st,a
+
t ,a−t )∼Dpref

[
log σ

(
β log

πθ(a
+
t |st)

πref(a
+
t |st)

− β log
πθ(a

−
t |st)

πref(a
−
t |st)

)] (3) 297

where πref is the reference policy, β is the KL 298

penalty coefficient, and σ is the logistic function. 299
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Unlike trajectory-level DPO that applies signals300

uniformly across all steps, CSO concentrates learn-301

ing on verified critical decision points. Unlike step-302

level methods relying on estimated rewards, CSO’s303

supervision is grounded in verified outcomes, elim-304

inating reward noise.305

Iterative Online Refinement. Our framework306

extends to iterative online training. After each307

round, we deploy πθnew to collect fresh failed trajec-308

tories and repeat the process:309

πθ0
D(0)

pref−−−→ πθ1
D(1)

pref−−−→ πθ2
D(2)

pref−−−→ · · · (4)310

At iteration i, we set πref = πθi−1
for stable train-311

ing. As the policy improves, critical steps may shift312

toward harder decision points, enabling progressive313

refinement. This combines offline DPO stability314

with online policy adaptivity, avoiding full RL over-315

head while maintaining semi-on-policy coverage.316

4 Experiments317

4.1 Experimental Settings318

Policy Model and Framework. We use CK-Pro-319

8B (Fang et al., 2025) as our policy model, an 8B-320

parameter agent model obtained by supervised fine-321

tuning (SFT) on Qwen3-8B (Yang et al., 2025) base322

model. All agent interactions are executed through323

the Cognitive Kernel Pro framework, which is324

a fully open-source and free multi-module agent325

framework. It features a main agent responsible for326

orchestrating specialized sub-agents dedicated to327

web navigation, file handling, and tool invocation,328

providing a standardized and extensible environ-329

ment for agent usage. We extend the Cognitive330

Kernel Pro framework to support two critical fea-331

tures for our experiments: (1) execution of Pro-332

cess Reward Model (PRM) scoring directly within333

agent steps, and (2) seamless continuation of agent334

rollouts from any given intermediate state. We335

leverage the LlamaFactory (Zheng et al., 2024)336

framework for all post-training.337

Training Data and Expert Model. Our DPO338

preference data is constructed starting from the SFT339

training data of CK-Pro-8B, which contains 47K340

task-trajectory pairs covering diverse reasoning and341

tool-use scenarios. We deploy the policy model on342

these tasks to collect failed trajectories, then use343

Claude-3.7-Sonnet as the expert model to generate344

high-quality alternative actions.345

Hyperparameters. For DPO training, we set 346

the KL penalty coefficient β = 0.5. For criti- 347

cal step identification, we sample K = 5 alter- 348

native candidates at each potential branching point. 349

We conduct iterative training for up to 2 rounds, 350

where each round collects fresh failed trajecto- 351

ries from the updated policy. PRM scoring uses 352

Claude-3.7-Sonnet with rubric-based evaluation 353

(see Appendix A). For PRM thresholds, we set 354

γhigh = 0.65 and γlow = 0.45 to identify candidate 355

critical steps. All experimental results are reported 356

based on three independent runs to mitigate vari- 357

ability due to network conditions and external fac- 358

tors. As web search is involved in several tasks, 359

some results may exhibit minor differences from 360

the original papers. 361

4.2 Benchmarks and Baselines 362

Benchmarks. We evaluate on two challenging 363

agent benchmarks: GAIA-Text-103 (Mialon et al., 364

2023): As our model is text-only, we follow Web- 365

Thinker (Li et al., 2025b) and report the text-only 366

subset of the GAIA benchmark. This subset con- 367

tains 103 questions spanning three difficulty lev- 368

els (L1, L2, L3) requiring multi-step reasoning 369

and tool orchestration. We report this subset as 370

our models are pure text-based agents. XBench- 371

DeepSearch (Chen et al., 2025): A complex infor- 372

mation retrieval and reasoning benchmark requir- 373

ing deep search strategies and evidence synthesis 374

across multiple web sources. We choose 2505 ver- 375

sion which contains 100 complex tasks. For all 376

benchmarks, we follow the evaluation protocol of 377

WebThinker and CK-Pro-8B, using an LLM to de- 378

termine whether each output is correct, referencing 379

the gold answer as ground truth. 380

Baselines We compare against several categories 381

of methods: Proprietary Models: GPT-4.1 and 382

Claude-3.7-Sonnet as strong closed-source base- 383

lines. Open-Source Models: Qwen3-8B (base 384

model) and CK-Pro-8B (SFT baseline). Post- 385

Training Methods: We implement several post- 386

training baselines within the Cognitive Kernel Pro 387

framework to ensure fair comparison. Exploration- 388

based Trajectory Optimization (ETO) (Song 389

et al., 2024) constructs preference pairs by using 390

expert-generated successful trajectories as posi- 391

tive examples and policy-generated failed trajec- 392

tories as negative examples, applying trajectory- 393

level DPO. Rejection Sampling Fine-Tuning 394

(RFT) (Zhang et al., 2025) collects successful tra- 395
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Model / Method GAIA-Text-103 XBench-DeepSearch2505

L1 (%) L2 (%) L3 (%) All (%) Score

Proprietary Models
GPT-4.1 56.4 44.2 16.7 45.6 27.0
Claude-3.7-Sonnet 76.9 57.7 33.3 62.1 41.0

Open-Source Baselines
Qwen3-8B 35.9 13.5 0.0 20.4 7.0
CK-Pro-8B (SFT) 46.2 34.6 8.3 35.9 23.0

Post-Training Methods on CK-Pro-8B
+ ETO 51.2 36.5 8.3 38.9 22.0
+ RFT 51.2 28.8 8.3 34.9 20.0
+ Step-DPO 53.3 34.6 8.3 38.9 25.0
+ IPR 56.4 42.3 16.7 44.6 24.0
+ CSO (Ours) 61.5 48.1 16.7 49.5 29.0

Table 1: Performance comparison on GAIA-Text-103 and XBench-DeepSearch benchmarks. Our Critical Step
Optimization achieves the best performance among all post-training methods applied to CK-Pro-8B, demonstrating
the effectiveness of selective supervision at verified critical steps.

jectories generated by the policy model itself and396

performs supervised fine-tuning on these success-397

ful cases. Step-wise DPO (Choudhury, 2025) ap-398

plies dense step-level preference learning at every399

step in trajectories using PRM scoring; notably,400

we use the same PRM implementation (Claude-3.7-401

Sonnet with rubric-based evaluation) as our method402

to control for PRM quality. Iterative Process Re-403

finement (IPR) (Xiong et al., 2024) constructs404

step-level rewards by identifying steps in outcome-405

verified successful trajectories as positive examples406

and corresponding steps in failed policy trajecto-407

ries as negative examples, applying step-level DPO408

with these outcome-grounded signals.409

4.3 Main Results410

CSO achieves strong performance matching pro-411

prietary models. Table 1 presents the perfor-412

mance comparison across all methods. Our Critical413

Step Optimization achieves 49.5% overall accuracy414

on GAIA-Text-103, a 37% relative improvement415

over the SFT baseline. Notably, CSO enables the416

open-source 8B model CK-Pro-8B to match the417

performance of GPT-4.1. CSO achieves consis-418

tent gains across all difficulty levels and substan-419

tially outperforms all post-training baselines by420

at least +5.0 points on both GAIA and XBench-421

DeepSearch.422

Trajectory-level methods show limited effective-423

ness. RFT shows no significant change (34.9%)424

by training on the policy’s own successful trajec- 425

tories. ETO performs better (38.9%, +3.0 points) 426

by contrasting expert successes against policy fail- 427

ures. Both methods suffer from coarse credit as- 428

signment by applying outcome-based rewards uni- 429

formly across all steps. 430

Step-level and hybrid methods face accuracy 431

and noise issues. Step-DPO achieves strong per- 432

formance on simple L1 tasks (+7.1 points) but 433

shows no improvement on harder L2/L3 tasks, re- 434

vealing PRM accuracy degradation on complex 435

reasoning. IPR improves through outcome verifica- 436

tion (44.6% overall) but still suffers from outcome 437

reward contamination. In contrast, CSO achieves 438

+5.0 points over IPR by focusing exclusively on ver- 439

ified critical steps with precise credit assignment. 440

5 Analysis 441

5.1 CSO Ablations 442

Expert Positive Examples with Policy Negative 443

Examples Achieve Best Performance. To un- 444

derstand what types of preference pairs contribute 445

most to learning, we systematically compare three 446

data source configurations: (1) expert successes 447

with expert failures, (2) policy successes with pol- 448

icy failures, and (3) expert successes with policy 449

failures. All configurations start from the same 450

failed policy trajectories and identify the same crit- 451

ical steps, differing only in the source of positive 452
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and negative actions. As shown in Table 2, combin-453

ing expert successes with policy failures achieves454

the best performance, substantially outperforming455

both expert-only and policy-only pairs. This sug-456

gests that the most effective learning signal comes457

from contrasting expert demonstrations with the458

policy’s own failure modes at critical junctures,459

enabling the model to learn from high-quality be-460

haviors while recognizing its specific weaknesses.461

Table 2: Comparison of preference data sources for
CSO.

Data Source GAIA-Text

Expert Success + Expert Failure 46.6
Policy Success + Policy Failure 42.7
Expert Success + Policy Failure 49.5

Combining PRM Selection and Outcome Verifi-462

cation Ensures Both Performance and Efficiency.463

We investigate the effectiveness of combining PRM464

selection with outcome verification. As shown465

in Table 3, we compare three strategies: (1) out-466

come verification only, (2) PRM selection only, and467

(3) combining both. The results demonstrate two468

key findings. First, outcome verification is critical:469

methods with verification substantially outperform470

PRM-only selection and cost only 16% steps. Sec-471

ond, while skipping PRM selection achieves com-472

parable performance, it requires nearly 3× more473

preference pairs. This validates our design: PRM474

selection efficiently narrows candidate critical steps475

while outcome verification ensures final quality,476

achieving both high performance and sample effi-477

ciency.478

Table 3: Ablation on PRM selection and outcome ver-
ification strategies. #Samples indicates the number of
preference pairs constructed.

Strategy GAIA-Text (%) #Samples

PRM + Verification 49.5 671
w/o PRM 48.5 1,967
w/o Verification 43.6 4,126

Number of Branch Candidates. We investigate479

the impact of the number of sampled candidates480

k at each critical step. As shown in Table 4, ap-481

propriately increasing k enhances the diversity and482

representativeness of candidate samples, improv-483

ing performance from 46.6% at k = 3 to 49.6%484

at k = 5 on GAIA-Text. However, increasing k 485

beyond 5 does not lead to further improvement in 486

performance, but substantially increases the verifi- 487

cation cost; thus, larger k offers limited practical 488

benefit given the rising computational overhead. 489

These results suggest that k = 5 strikes an optimal 490

balance between exploration quality and efficiency. 491

Table 4: Impact of the number of branch candidates k
at each critical step.

k (Branches) GAIA-Text (%) XBench (%)

k = 3 46.6 26.0
k = 5 49.6 29.0
k = 7 49.6 28.0

5.2 Impact of PRM Quality and Usage 492

We analyze how PRM quality and usage affect fi- 493

nal performance. Specifically, we compare two 494

PRM sources (Claude-3.7-Sonnet and GPT-4.1) 495

and two usage paradigms: (1) CSO, which lever- 496

ages the PRM for candidate selection combined 497

with outcome verification, and (2) step-level Best- 498

of-N (BoN), which uses PRM to directly select ac- 499

tions from sampled candidates. All experiments are 500

conducted on CK-Pro-8B and evaluated on GAIA- 501

Text-103-L1. In both settings, the number of candi- 502

dates k per step is fixed at 5 to ensure a controlled 503

comparison.

Table 5: Impact of PRM quality and usage on perfor-
mance. CSO uses PRM for candidate selection with
outcome verification, while BoN uses PRM to guide
search by selecting from policy candidates.

PRM Source CSO Step-level BoN

Claude-3.7-Sonnet 61.5 56.2
GPT-4.1 53.3 48.7

504
The results indicate two key observations. First, 505

the strength of the underlying foundation model is 506

critical for PRM quality: Claude-3.7-Sonnet consis- 507

tently yields higher performance than GPT-4.1 as a 508

PRM, suggesting that models with stronger down- 509

stream task performance produce more reliable pro- 510

cess rewards. Second, the CSO paradigm integrat- 511

ing PRM selection with explicit outcome verifi- 512

cation achieves superior results relative to PRM- 513

guided search alone. Notably, for the same PRM, 514

CSO markedly outperforms step-BoN, highlight- 515

ing CSO’s ability to mitigate PRM noise through 516
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outcome-based validation, whereas BoN is fully517

dependent on potentially noisy PRM-driven judg-518

ments. These findings validate our approach of519

using the PRM primarily for efficient candidate520

identification, subsequently filtered by robust out-521

come verification, rather than as a direct arbiter for522

action selection.523

5.3 Analysis On Iterative Online Refinement524

We compare CSO against ETO (Song et al., 2024)525

and IPR (Xiong et al., 2024) across four online526

training rounds on CK-Pro-8B, evaluated on GAIA-527

Text-103-L1. As shown in Figure 3, the three meth-528

ods exhibit distinctly different behaviors. ETO529

initially improves but then degrades significantly,530

falling below the SFT baseline by Round 3 due to531

trajectory-level supervision uniformly penalizing532

all steps in failed trajectories, causing the policy533

to unlearn correct behaviors. IPR achieves more534

stable improvement, reaching 56.4% at Round 2-535

3, benefiting from Monte Carlo step-level rewards.536

However, IPR still propagates trajectory-level out-537

come signals to all steps, limiting further gains.538

In contrast, CSO achieves 61.5% by Round 2 and539

maintains this through Round 3, consistently out-540

performing both baselines. By focusing exclusively541

on verified critical steps, CSO avoids credit assign-542

ment noise and enables more effective online im-543

provement.544

R0 R1 R2 R3
Training Round

40

45

50

55

60

65

Ac
cu

ra
cy

 (\
%

)

CSO
ETO
IPR

Figure 3: Performance across online training iterations.
All methods trained on CK-Pro-8B, evaluated on GAIA-
Text-103-L1.

5.4 Categorizing Critical Steps545

We manually analyze a subset of PRM-identified546

critical steps and categorize them by error type.547

As shown in Figure 4, the identified critical steps548

distribute across several categories: Tool Invoca-549

tion errors (26.1%) represent the largest category,550

including incorrect tool selection or suboptimal551

query formulation for search and retrieval opera- 552

tions. Reasoning Errors (25.1%) involve logical 553

mistakes or incorrect calculations during task ex- 554

ecution. Other Errors (24.1%) include miscella- 555

neous issues such as parsing errors or edge case 556

handling. Task Understanding errors (13.0%) stem 557

from misinterpreting task requirements, while In- 558

formation Extraction errors (11.7%) occur when 559

the agent locates relevant information but fails to 560

extract it correctly. This distribution demonstrates 561

that CSO effectively identifies diverse types of crit- 562

ical decision points where the policy makes pivotal 563

errors, validating that our method targets semanti- 564

cally meaningful steps rather than arbitrary posi- 565

tions in trajectories. 566

Tool Invocation
(26.1%)
Reasoning Error
(25.1%)
Task Understanding
(13.0%)
Information Extraction
(11.7%)
Other Errors
(24.1%)

Figure 4: Distribution of critical step error types iden-
tified by CSO. Tool invocation and reasoning errors
constitute the majority of critical decision points.

6 Conclusion 567

We introduced Critical Step Optimization (CSO), 568

a post-training approach that focuses preference 569

learning on verified critical steps where alternative 570

actions demonstrably flip task outcomes. Inspired 571

by findings that only high-entropy tokens drive 572

effective RL for reasoning, we demonstrate that 573

agent trajectories similarly contain a sparse sub- 574

set of critical steps that determine success. Our 575

method combines PRM selection with outcome 576

verification to construct fine-grained preference 577

data without trajectory-level coarseness or step- 578

level estimation noise. Experiments show that CSO 579

achieves 37% and 26% relative improvements over 580

SFT on GAIA-Text-103 and XBench-DeepSearch, 581

enabling an open-source 8B model to match GPT- 582

4.1 while requiring supervision at only 16% of 583

steps. CSO substantially outperforms trajectory- 584

level, dense step-level, and hybrid methods, demon- 585

strating that selective verified supervision provides 586

an efficient framework for agent post-training. 587
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Limitations588

Our approach has two main limitations that present589

opportunities for future work. First, outcome veri-590

fication requires executing trajectories to comple-591

tion to confirm correctness, which can be time-592

consuming on complex tasks. While this ensures593

high-quality supervision in offline settings, apply-594

ing CSO to online RL scenarios would require ad-595

dressing this efficiency bottleneck. Potential so-596

lutions such as early stopping heuristics or paral-597

lelized execution could make CSO more practi-598

cal for online learning, likely yielding strong per-599

formance gains. Second, our current implementa-600

tion relies on closed-source models (Claude-3.7-601

Sonnet) as the PRM, which cannot be jointly op-602

timized with the policy model. As open-source603

models continue to improve and approach the qual-604

ity of top commercial systems, jointly training the605

PRM alongside the policy could further enhance606

performance. We leave these directions to future607

work.608

Ethics Statement609

This work adheres to ethical research practices and610

open science principles. All data, models, and611

frameworks used in our experiments are sourced612

from the open-source community and comply with613

their respective licenses. The only paid service em-614

ployed is the Google Search API for web search615

functionality, which is used in accordance with616

its terms of service. Importantly, our data anno-617

tation pipeline relies entirely on automated PRM618

scoring and outcome verification, which requiring619

no human labor for preference data construction.620

This eliminates concerns related to annotator ex-621

ploitation or bias injection through human judg-622

ment. Our work aims to democratize access to623

high-quality agent systems by demonstrating ef-624

fective post-training techniques for open-source625

models. We used ChatGPT to assist with grammar626

checking in this manuscript.627
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A PRM Prompt784

As described in Section 3.2, we use a Process Re-785

ward Model (PRM) to evaluate the quality of both786

policy actions and expert alternatives at each step787

of failed trajectories. In our implementation, we788

employ strong closed-source models (specifically789

Claude 3.7 Sonnet) with carefully designed rubric-790

based evaluation prompts to serve as the PRM. The791

prompt instructs the model to assess action quality792

across multiple dimensions including code correct-793

ness, task relevance, logical progression, informa-794

tion utilization, and thought quality. The PRM795

produces scores in the range [0, 1], which are used796

to identify candidate critical steps where policy ac-797

tions have low quality (rpolicy
t < γlow) but expert al-798

ternatives have high quality (maxj r
expert
t,j > γhigh).799

Figure 5 shows the complete prompt used for PRM800

evaluation.801

11



Execution Process Reward Model (PRM) Prompt
You are a Process Reward Model (PRM) responsible for critically evaluating the quality of agent actions during task
execution. Your role is to rigorously assess whether a proposed action is likely to make meaningful progress toward
completing the given task.
IMPORTANT: You are a STRICT evaluator. Most actions should score between 0.4-0.8. Only truly exceptional actions deserve
scores above 0.85. Be critical and look for flaws.
CRITICAL CAUTION ON DATA RELIABILITY: Answers or fields retrieved from Hugging Face GAIA datasets (e.g., dataset-provided
“answer”/metadata fields) are OFTEN WRONG and MUST NOT be treated as ground truth. Penalize any action that blindly
copies, trusts, or cites GAIA dataset fields without independent verification from reliable sources or prior validated
state/history. Actions should explicitly verify claims and cross-check sources; lack of verification is a scoring
liability.
Evaluation Rubric:
1. Code Correctness & Detail (35%) - CRITICAL: 1.0: Code is flawless with perfect syntax, logic, edge case handling,
and data type management. 0.85: Code is correct but could be more robust (missing 1-2 minor edge cases). 0.7: Code is
mostly correct but has 2-3 potential issues (type mismatches, off-by-one errors, missing error handling). 0.5: Code has
notable bugs that will likely cause partial failures. 0.3: Code has major logical errors or will fail in most cases. 0.0:
Code is fundamentally broken or will definitely fail. Critical checks for complex code: Variable initialization and scope,
loop boundaries and termination conditions, list/array indexing (off-by-one errors are common!), type compatibility (string
vs int, list vs dict), error handling and edge cases, function call signatures and return values, import statements and
dependencies.
2. Task Relevance (25%): 1.0: Action perfectly addresses the exact task requirement with optimal approach. 0.75:
Action addresses the task well but approach is not optimal. 0.5: Action is relevant but takes an indirect or inefficient
path. 0.25: Action has minimal relevance or addresses the wrong aspect. 0.0: Action is completely irrelevant or
counterproductive.
3. Logical Progression (20%): 1.0: Action perfectly builds on previous steps, avoiding redundancy and utilizing all
prior results. 0.75: Action follows logically but may repeat some work unnecessarily. 0.5: Action makes sense but
shows gaps in utilizing previous progress. 0.25: Action shows weak logical connection to previous steps. 0.0: Action
contradicts or ignores previous progress.
4. Information Utilization (15%): 1.0: Leverages ALL relevant information from state, history, and task description.
0.75: Uses most key information effectively. 0.5: Uses some information but misses important details from state
or history. 0.25: Mostly ignores available information. 0.0: Completely fails to utilize or actively misuses
available information. NOTE: Reliance on unverified dataset-provided answers (e.g., GAIA fields) counts as misuse unless
independently verified.
5. Thought Quality & Planning (5%): 1.0: Thought shows deep understanding with clear, detailed reasoning. 0.75:
Thought is clear and logical. 0.5: Thought is vague or shows partial understanding. 0.25: Thought is unclear or shows
misunderstanding. 0.0: Thought is missing or completely wrong.
Strict Scoring Guidelines: 0.9-1.0 (Exceptional - RARE): Near-perfect code with excellent thought, optimal approach,
perfect logic. 0.8-0.89 (Excellent): Very good code with minor room for improvement, strong thought and logic. 0.7-0.79
(Good): Solid code with 1-2 fixable issues, reasonable approach. 0.6-0.69 (Acceptable): Code works but has several issues
or suboptimal approach. 0.5-0.59 (Mediocre): Code has notable problems, weak logic or poor information use. 0.4-0.49
(Poor): Significant code issues or wrong approach, likely to fail partially. 0.3-0.39 (Bad): Major flaws in code or
logic, will likely fail. 0.0-0.29 (Failure): Fundamentally broken or irrelevant.
Common Code Pitfalls to Penalize: (1) Off-by-one errors in loops and indexing (reduce by 0.15-0.25). (2) Type mismatches
(string concatenation with ints, etc.) (-0.1-0.2). (3) Missing imports for used libraries (-0.1-0.15). (4) Variable name
typos or inconsistent naming (-0.05-0.15). (5) Edge case failures (empty list, None values, zero division) (-0.1-0.2).
(6) Incorrect function signatures for tools/sub-agents (-0.2-0.3). (7) Missing error handling in critical sections
(-0.05-0.15). (8) Inefficient algorithms when better approaches exist (-0.05-0.15). (9) Redundant work that ignores
previous results (-0.1-0.2). (10) Poor data structure choice (-0.05-0.1). (11) Unverified or incorrect source usage
(-0.2-0.4): blindly trusting dataset-provided fields without verification; fabricating or misattributing sources; failing
to cross-check with retrieved content or authoritative references. (12) Failure to identify the error source when a
mistake occurs (-0.1-0.2): reasoning should pinpoint whether the issue came from dataset fields, parsing, tool output,
stale state, or coding logic.
Response Format: Provide reasoning (3-4 sentences providing specific, detailed assessment. Mention specific code issues
if any, explain scoring decisions, reference rubric criteria. If a mistake exists, explicitly identify the ERROR SOURCE,
e.g., “relied on GAIA dataset field likely incorrect”, “misparsed web content”, “stale state variable”, “wrong tool
signature”) and a score (single decimal 0.0-1.0).

Prompt 5: Process Reward Model prompt for evaluating the quality of agent actions (code) during task execution.
The PRM critically assesses code correctness, task relevance, logical progression, information utilization, and
thought quality, with special attention to data reliability issues.
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