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Abstract001

Compact open-source language models lag be-002
hind their larger counterparts in agentic tool-003
use reliability, yet standard remedies face fun-004
damental obstacles: supervised fine-tuning suf-005
fers from exposure bias, while reinforcement006
learning is hampered by sparse credit assign-007
ment over long tool-interaction trajectories. We008
introduce Skill-CDPO, a progressive frame-009
work that first acquires tool-use skills at in-010
ference time through static tool analysis and011
dynamic strategy refinement, then distills the012
resulting error-correction signals into parame-013
ter updates via Critical Step DPO (CDPO).014
CDPO identifies the specific trajectory steps015
where model capability is the bottleneck—016
through rollout divergence between a local pol-017
icy and an expert model—and constructs distri-018
butional preference pairs from all cross-group019
rollouts at those steps, weighted by both step-020
level criticality and pair-level score gaps. This021
provides dense, fine-grained supervision with-022
out requiring a process reward model. We023
evaluate Skill-CDPO on three medical agent024
benchmarks—PubMed Search (a new PubMed-025
based deep research benchmark we contribute),026
CureBench, and MedBrowseComp—using an027
8B-parameter deep research model. Skill-028
CDPO substantially outperforms SFT and029
trajectory-level DPO baselines and achieves030
competitive or superior performance com-031
pared to GPT-5.2 on retrieval-intensive tasks.032
Our code and data are available at https:033
//github.com/Adam135792468/CDPO.034

1 Introduction035

Large Language Models (LLMs) are undergoing036

a paradigm shift from passive chatbots to au-037

tonomous agents capable of interacting with exter-038

nal environments to solve complex problems (Yao039

et al., 2023; Schick et al., 2023; Qin et al., 2024).040

As highlighted by recent advancements (Anthropic,041

2024), the core competency of these agents lies in042

their Skills—the ability to robustly select, config- 043

ure, and execute external tools. While large-scale 044

models (e.g., >70B parameters) have demonstrated 045

remarkable proficiency, their compact, deployable 046

counterparts continue to struggle with reliability, 047

particularly in specialized domains such as medical 048

research where precision is paramount. Closing 049

this gap through standard training approaches faces 050

fundamental obstacles: Supervised Fine-Tuning 051

(SFT) suffers from the exposure bias problem (Ran- 052

zato et al., 2016; Ouyang et al., 2022)—it teaches 053

the model what to do without explicitly teaching 054

what not to do, leaving agents vulnerable to error 055

propagation in multi-step reasoning. Reinforce- 056

ment Learning (RL) methods (Schulman et al., 057

2017; Shao et al., 2024) are hampered by the credit 058

assignment problem (Minsky, 1961): in a long 059

chain of tool interactions, a final failure reward 060

provides sparse supervision, making it difficult to 061

identify which specific step caused the error. Nei- 062

ther approach can effectively enable compact mod- 063

els to match their larger counterparts. 064

In this work, we present two complementary 065

findings that together address this challenge. First, 066

we observe that compact models can substantially 067

improve tool-use reliability through inference- 068

time skill synthesis. By analyzing tool implemen- 069

tations to build accurate mental models of tool ca- 070

pabilities (static optimization) and by learning re- 071

fined usage strategies from runtime execution logs 072

(dynamic optimization), an 8B-parameter model 073

achieves significant performance gains without any 074

parameter updates. This training-free skill acquisi- 075

tion alone closes a notable portion of the gap, yet 076

deeper deficiencies in the model’s decision-making 077

persist and cannot be resolved without parameter 078

updates. 079

Furthermore, we discover that a lightweight 080

preference optimization approach can further un- 081

lock the potential of newly acquired skills, en- 082

abling the compact model to surpass even larger 083
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closed-source systems. We propose Critical Step084

DPO (CDPO), which identifies the specific tra-085

jectory steps where model capability remains the086

bottleneck—through rollout divergence between087

the local policy and an expert model—and con-088

structs distributional preference pairs from all089

n×m cross-group rollouts at those steps, weighted090

by both step-level criticality and pair-level score091

gaps. This provides dense, fine-grained supervi-092

sion without requiring a process reward model, re-093

solving the credit assignment problem that plagues094

trajectory-level methods.095

Together, these two insights form Skill-CDPO,096

a progressive framework that first acquires tool-097

use skills at inference time, then distills the re-098

sulting error-correction signals into parameter up-099

dates via CDPO. We evaluate Skill-CDPO on three100

medical agent benchmarks—PubMed Search (a101

new PubMed-based deep research benchmark we102

contribute), CureBench, and MedBrowseComp—103

using an 8B-parameter deep research model. Our104

results reveal a clear progression: skill acquisition105

provides a strong foundation, but standard training106

methods (SFT, trajectory-level DPO) yield limited107

additional gains on top of it; CDPO, by contrast,108

fully unleashes the potential of skill-augmented109

agents, substantially outperforming all training110

baselines and achieving competitive or superior111

performance compared to GPT-5.2 on retrieval-112

intensive tasks.113

Our contributions are: (1) Skill-CDPO, a pro-114

gressive framework that bridges inference-time115

skill acquisition with critical step preference op-116

timization for tool-use agents; (2) Critical Step117

DPO (CDPO), which resolves the credit as-118

signment problem through distributional prefer-119

ence pairs at rollout-divergence-verified bottle-120

neck steps, offering an efficient alternative to RL;121

and (3) PubMed Search, a new PubMed-based122

deep research benchmark, on which our 8B model123

achieves state-of-the-art open-source performance124

across all three medical agent tasks.125

2 Related Work126

LLM Agents and Tool-Use Training. Re-127

Act (Yao et al., 2023) and Toolformer (Schick et al.,128

2023) establish foundational paradigms for inter-129

leaving reasoning with tool invocations. On the130

training side, ETO (Song et al., 2024) constructs131

trajectory-level preference pairs from exploration132

rollouts, while Agent Q (Putta et al., 2024) inte-133

grates tree search with offline preference learning. 134

In biomedical applications, retrieval-augmented 135

agents must chain multiple search, reading, and 136

synthesis steps (Singhal et al., 2023), where a sin- 137

gle poorly formulated query can derail downstream 138

reasoning. Our work targets this setting with a two- 139

stage pipeline tailored to the compounding-error 140

dynamics of retrieval-intensive agent tasks. 141

Preference Optimization at Different Granu- 142

larities. DPO (Rafailov et al., 2023) casts pref- 143

erence alignment as a binary classification prob- 144

lem, spawning variants that modify the loss ge- 145

ometry (Azar et al., 2024), relax paired data re- 146

quirements (Ethayarajh et al., 2024), or drop the 147

reference model (Meng et al., 2024)—all oper- 148

ating at the response level with uniform token 149

weighting. Token-level DPO (Zeng et al., 2024) 150

reweights tokens by marginal contribution, and 151

Step-DPO (Lai et al., 2024) segments proofs into 152

discrete steps. For agent trajectories, CSO (Li et al., 153

2026) trains a process reward model to score candi- 154

date steps, while IPR (Xiong et al., 2025) estimates 155

per-step value through Monte Carlo rollouts at ev- 156

ery position—yielding unbiased signals but scal- 157

ing poorly with trajectory length. CDPO departs 158

from both in three ways: it requires no process re- 159

ward model, it leverages the full nm rollout cross- 160

product rather than isolated pairs, and it weights 161

steps by a normalized criticality score with prov- 162

able variance reduction. 163

3 Method 164

In this section, we present Skill-CDPO, a progres- 165

sive framework for evolving agent tool-use skills. 166

As illustrated in Figure 1, our approach consists 167

of two stages: (1) a training-free skill acquisi- 168

tion phase (§3.1), where the agent refines its tool- 169

use behavior through static and dynamic optimiza- 170

tion without parameter updates; and (2) a training- 171

based preference optimization phase (§3.2), where 172

critical step preference pairs are constructed from 173

error correction logs and used for direct preference 174

optimization. 175

3.1 Training-Free Skill Acquisition 176

Before any parameter optimization, the agent first 177

acquires tool-use skills through two complemen- 178

tary mechanisms that operate at inference time: 179

static optimization, which deepens the agent’s un- 180

derstanding of tool specifications, and dynamic op- 181

timization, which refines tool-use strategies based 182
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Figure 1: Overview of the Skill-CDPO framework. Phase 1 (left): Training-free skill acquisition refines tool-use
behavior through static tool analysis, dynamic strategy learning from invocation logs, and automated error pattern
detection. Phase 2 (right): Critical Step DPO identifies bottleneck steps via rollout divergence between expert and
local policies, constructs distributional preference pairs from all n×m cross-group rollouts, and trains the local
model with criticality-weighted, pair-weighted DPO.

on runtime feedback.183

Static Optimization. When invoking external184

tools via the Model Context Protocol (MCP), mod-185

els are typically provided with tool descriptions186

that specify function signatures and usage guide-187

lines. However, such descriptions are often overly188

brief and may omit edge-case behaviors, undocu-189

mented parameters, or input formatting constraints.190

To address this, we enable the agent to construct191

tool-specific skills by examining the concrete im-192

plementation of each MCP tool, building a more193

accurate mental model of tool capabilities, input194

requirements, and expected outputs.195

Dynamic Optimization. Static analysis alone196

cannot capture tool-specific usage strategies—for197

instance, Google benefits from verbose queries198

while PubMed requires concise, keyword-focused199

terms. Through learning from historical invocation200

logs, the model acquires fine-grained strategies for201

each tool and identifies recurring failure patterns,202

enabling programmatic guardrails that proactively203

intercept known error modes (e.g., deduplication204

checks to block redundant API calls). The training-205

free phase produces refined tool-use behavior and,206

critically, generates the error correction logs that207

serve as the foundation for the subsequent training- 208

based optimization stage. 209

3.2 Critical Step Direct Preference 210

Optimization 211

While the training-free phase effectively addresses 212

surface-level issues such as malformed tool calls 213

and incorrect API parameters, deeper deficiencies— 214

such as suboptimal query formulation, ineffi- 215

cient search-retrieval loops, or poor information 216

synthesis—persist. These deficiencies are rooted in 217

the model’s decision-making at specific trajectory 218

steps, and cannot be resolved without parameter 219

updates. 220

A natural approach is trajectory-level 221

DPO (Rafailov et al., 2023), which treats 222

entire trajectories as preference pairs. However, 223

trajectory-level methods distribute a single binary 224

outcome reward uniformly across dozens of 225

steps, most of which the model already handles 226

correctly. The result is noisy, slow training that 227

wastes both data and compute. We instead propose 228

Critical Step DPO (CDPO), an offline preference 229

optimization approach that identifies the specific 230

steps where model capability is the bottleneck and 231

provides fine-grained, distributional supervision at 232
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those steps, without the high cost and instability of233

online RL methods.234

3.2.1 Notation and Problem Setup235

We consider an agent operating over a task with236

query q. Following the ReAct paradigm (Yao et al.,237

2023), the agent produces a trajectory:238

τ = (s1, a1, o1, s2, a2, o2, . . . , sT , aT , oT ) (1)239

where st = (q, a1, o1, . . . , at−1, ot−1) is the full240

history up to step t, at ∼ πθ(· | st) is the policy241

action, and ot is the environment observation. The242

trajectory terminates with an outcome score r ∈243

[0, A] assigned by a task-specific evaluation rubric244

(with A being the maximum score).245

We maintain two models throughout:246

• πθ: the local policy being trained (e.g., an 8B247

open-source model);248

• πexp: a fixed expert model used only for gen-249

erating positive alternatives (e.g., a frontier250

closed-source model).251

The central insight of CDPO is that a step t is252

critical if and only if model capability is the bottle-253

neck at that point: the expert model succeeds from254

state st where the local model fails. Steps that are255

easy for both models, or hard for both, carry no dis-256

criminative learning signal and should be excluded257

from training.258

3.2.2 Critical Step Identification259

We adopt a two-stage pipeline to identify critical260

steps: a cheap candidate detection stage followed261

by a rigorous rollout-based verification stage.262

Stage 1: Candidate Detection. To avoid the pro-263

hibitive cost of running rollouts at every step of264

every trajectory, we first apply lightweight filters to265

identify candidate critical steps. Identifying critical266

steps typically relies on a Process Reward Model267

(PRM) to judge step quality (Lightman et al., 2024).268

However, training a dedicated PRM for agentic269

tool-use trajectories is costly, and directly using an270

LLM as a PRM judge suffers from instability, as271

current LLMs have limited exposure to multi-step272

tool-use evaluation during training. We instead273

combine two complementary signals:274

1. Rule-based filtering. Observable features275

such as tool call failures, empty search re-276

sults, repeated queries, and timeout errors277

serve as high-recall indicators of potential crit- 278

ical steps. For tasks with definitive answers, 279

we additionally apply term-frequency analy- 280

sis over rollout outputs to pinpoint the step at 281

which an incorrect answer is first introduced 282

or where the frequency of incorrect answers 283

begins to exceed that of the correct one. The 284

detailed algorithm is provided in Appendix A. 285

2. Multi-LLM voting. Candidate steps from the 286

rule-based filter are further assessed by multi- 287

ple LLMs that independently evaluate whether 288

the step represents a genuine capability bottle- 289

neck. This ensemble-based approach provides 290

precision without requiring a dedicated PRM. 291

Stage 1 only needs to function as a rough filter: 292

false negatives are acceptable since they merely 293

reduce the training set, while false positives are 294

caught by the subsequent verification stage. 295

Stage 2: Rollout Divergence Verification. At 296

each candidate step t identified by Stage 1, we 297

verify its criticality through rollout divergence— 298

a direct, outcome-based measure that requires no 299

learned reward model. From state st, we gener- 300

ate n expert rollouts and m local rollouts, each 301

continuing to task completion: 302

{a+t,1, . . . , a
+
t,n} ∼ πexp(· | st) (2) 303

{a−t,1, . . . , a
−
t,m} ∼ πθ(· | st) (3) 304

Each rollout yields an outcome score r+t,i or r−t,j 305

from the task evaluation rubric. We define the em- 306

pirical value estimates as: 307

V̂exp(st) =
1

n

n∑
i=1

r+t,i, V̂local(st) =
1

m

m∑
j=1

r−t,j

(4) 308

These are unbiased Monte Carlo estimates of the 309

true state values Vπexp(st) and Vπθ
(st). 310

Definition 1 (Criticality Score). The criticality 311

score of step t is the empirical advantage of the 312

expert policy over the local policy from state st: 313

∆t = V̂exp(st)− V̂local(st) ∈ [−A,+A] (5) 314

This score has a natural interpretation: ∆t ≈ 0 315

indicates both models handle this step similarly 316

(not critical); ∆t ≫ 0 indicates the expert consis- 317

tently outperforms the local model (highly critical); 318

∆t < 0 indicates the local model happens to per- 319

form better (rare, ignored). 320
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Definition 2 (Verified Critical Step). Step t is a321

verified critical step if ∆t > ϵ for a threshold ϵ > 0.322

The set of critical steps in trajectory τ is:323

Cτ = {t ∈ [T ] : ∆t > ϵ} (6)324

Crucially, ∆t is computed entirely from ob-325

served task outcomes with no reliance on a process326

reward model. This eliminates PRM approximation327

error as a noise source and ensures that criticality328

estimates converge to the true advantage gap as the329

number of rollouts increases.330

Dual-Context Rollout Construction. Follow-331

ing a proactive prevention and post-hoc remedy332

paradigm, we construct two rollout contexts for333

each critical step: (1) a context truncated before334

the critical tool call, allowing the model to learn335

to avoid the error proactively by choosing a better336

action; and (2) a context that includes the critical337

tool call and its observation, allowing the model to338

learn corrective alternatives after encountering the339

error. Both the local and expert models generate340

rollouts from these contexts, yielding preference341

pairs that capture complementary aspects of the342

error—prevention and recovery.343

3.2.3 From Standard DPO to Distributional344

CDPO345

Standard DPO (Rafailov et al., 2023) operates on a346

single preference pair (s, a+, a−) and maximizes:347

LDPO(θ)=− log σ

(
β log

πθ(a
+ |s)

πref(a+ |s) − β log
πθ(a

− |s)
πref(a− |s)

)
(7)348

This uses exactly one bit of preference information349

per step. However, at each critical step our rollout350

procedure yields n × m cross-group preference351

observations. We leverage all of these observations352

through a distributional formulation.353

All-Pairs Preference Aggregation. At each veri-354

fied critical step t, the n expert and m local rollouts355

provide n×m pairwise comparisons. Rather than356

selecting a single “best” pair, we aggregate over all357

pairs to form a distributional training signal.358

For rubric-scored tasks, each pair (i, j) carries359

a continuous score gap r+t,i − r−t,j that naturally en-360

codes preference strength: a pair where the expert361

scores 38 and the local model scores 12 provides a362

much stronger signal than a pair with scores 32 and363

29. We normalize this gap by the rubric maximum364

to obtain a dimensionless pair-level weight:365

r̃t,ij =
r+t,i − r−t,j

A
∈ [−1,+1] (8)366

The sign of r̃t,ij naturally handles all cases: pos- 367

itive weights push the preferred action above the 368

dispreferred one, zero weights contribute no gradi- 369

ent, and negative weights (when the local rollout 370

outscores the expert) flip the preference direction. 371

All nm pairs contribute without binary filtering 372

(see Appendix D.4 for a detailed example). 373

Criticality-Weighted Step Importance. Not all 374

critical steps are equally informative. A step where 375

the expert scores 30 points higher on average than 376

the local model should receive more gradient up- 377

date than one with only a 5-point gap. We encode 378

this through a criticality weight w(∆t). 379

The most obvious choice, using |∆t| directly 380

as the weight, fails for two reasons. First, |∆t| 381

is measured in rubric points and is therefore not 382

dimensionless—multiplying a log-probability loss 383

by a rubric-point value creates a unit mismatch 384

that the optimizer simply absorbs via the learning 385

rate, rendering the weighting ineffective. Second, 386

without knowing what a typical divergence looks 387

like across the dataset, the raw value provides no 388

way to rank steps relative to each other. 389

We resolve both issues through a normalization 390

constant Ẑ, computed once before training over all 391

candidate steps in the dataset D: 392

Ẑ =
1

|D|
∑
t∈D

|∆t|α (9) 393

The normalized step weight is then: 394

w(∆t) =
|∆t|α

Ẑ
(10) 395

By construction, the weights satisfy a mean-1 396

property: ED[w(∆t)] = 1. Since standard DPO 397

implicitly assigns weight 1 to every step, CDPO 398

with mean-1 normalization preserves the same to- 399

tal gradient budget but redistributes it—steps with 400

|∆t|α > Ẑ are upweighted (more critical than aver- 401

age), steps with |∆t|α < Ẑ are downweighted, and 402

steps with |∆t| ≈ 0 receive weight ≈ 0 (effectively 403

skipped). Crucially, existing hyperparameters β 404

and learning rate transfer directly because the av- 405

erage loss magnitude is unchanged. The normal- 406

ization also provides scale invariance—changing 407

the rubric scale leaves w(∆t) unchanged (see Ap- 408

pendix D.2)—and the exponent α controls how 409

aggressively near-zero divergences are suppressed 410

(α = 1 linear is our default; see Appendix D.3 for 411

design choices). 412
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The Complete CDPO Loss. Combining the step-413

level criticality weight, pair-level score gap, and414

standard DPO log-likelihood, we arrive at the full415

CDPO objective:416

LCDPO(θ) = −E{t: |∆t|>ϵ}

[
|∆t|α

Ẑ︸ ︷︷ ︸
step weight

· 1

nm

n∑
i=1

m∑
j=1

417

r+t,i−r−t,j
A︸ ︷︷ ︸

pair weight

·log σ
(
β log

πθ(a
+
t,i |st)

πref(a
+
t,i |st)

418

− β log
πθ(a

−
t,j |st)

πref(a
−
t,j |st)

)]
(11)419

The loss decomposes into three cleanly sepa-420

rated, dimensionless components: (1) |∆t|α/Ẑ—421

the step-level importance weight that is mean-1422

normalized and scale-invariant, concentrating learn-423

ing on steps where model capability is the bottle-424

neck; (2) (r+t,i − r−t,j)/A—the pair-level score gap425

that always lies in [−1,+1], handles partial credit426

naturally, and replaces the binary valid-pair filter427

from standard formulations; and (3) log σ(·)—the428

standard DPO log-likelihood, unchanged from the429

original objective so that all existing convergence430

theory applies.431

Under the Bradley-Terry preference model, the432

inner log-sigmoid term corresponds to the proba-433

bility that the expert action is preferred over the434

local action. The pair-averaged sum therefore max-435

imizes the expected log-likelihood of all nm ob-436

served preference events, making CDPO a maxi-437

mum likelihood estimator over the full set of rollout438

comparisons.439

3.2.4 Theoretical Properties440

We establish three theoretical properties of CDPO441

that justify its design choices. All proofs are pro-442

vided in Appendix B.2.443

Proposition 1 (Gradient Variance Reduction). Let444

g1 denote the gradient of standard DPO using a445

single preference pair, and let ĝn,m denote the gra-446

dient of the normalized all-pairs average with n447

expert and m local rollouts. Then Var[ĝn,m] =448
1

nm Var[g1], assuming preference pairs are drawn449

i.i.d. from the rollout distribution.450

Proposition 2 (Unbiased Criticality Estimation).451

The empirical criticality score ∆̂t is an unbi-452

ased estimator of the true advantage gap ∆∗
t =453

Vπexp(st)−Vπθ
(st), with standard error SE(∆̂t) =454 √

Var[r+t ]/n+Var[r−t ]/m.455

Proposition 3 (Sample Efficiency). Let ρ ∈ (0, 1) 456

be the fraction of steps that are truly critical (∆∗
t > 457

ϵ), and let K be the number of preference pairs 458

needed for standard DPO to reach expected loss 459

L∗. Then CDPO reaches the same loss using at 460

most KCDPO ≤ ρ
nm · K preference pairs—a nm

ρ - 461

fold reduction. 462

Together, these results show that CDPO achieves 463

nm-fold variance reduction per step (e.g., 16× 464

with n =m = 4), unbiased criticality estimation 465

that converges to the true advantage gap, and nm
ρ - 466

fold sample efficiency gains over standard DPO. 467

4 Experiments 468

4.1 Experimental Setup 469

Policy Model and Tools. We adopt DR-Tulu- 470

8B (Shao et al., 2025) as the local policy model 471

πθ, an open-source deep research model built on 472

Qwen3-8B that has been trained for multi-step in- 473

formation retrieval and long-form answer synthesis. 474

The model interacts with external tools through 475

the MCP-based agent infrastructure provided by 476

DR-Tulu, which includes a suite of search and 477

web-reading tools (e.g., web search, PubMed API 478

search, page reading, and content extraction) imple- 479

mented via FastMCP. We use the default dr-agent 480

tool configuration throughout all experiments. 481

Benchmarks. We evaluate on three medical 482

benchmarks: CureBench, a multiple-choice bench- 483

mark evaluated by exact string matching with LLM 484

judge fallback; MedBrowseComp, a closed-form 485

QA benchmark with the same evaluation proto- 486

col; and PubMed Search, a new PubMed-based 487

deep research benchmark we introduce for biomed- 488

ical literature retrieval and open-ended QA, evalu- 489

ated via rubric-based scoring on factual accuracy, 490

completeness, and attribution. All benchmarks use 491

GPT-4.1-mini as the judge model. 492

Training Data. We construct task-specific data 493

synthesis pipelines for each benchmark, generat- 494

ing training trajectories that capture the diversity 495

of tool-use patterns and failure modes encountered 496

in medical research tasks. The resulting dataset 497

contains 16,951 trajectory samples: 5,672 from 498

CureBench, 3,124 from MedBrowseComp, and 499

8,155 from PubMed Search. Critical step iden- 500

tification and preference pair construction follow 501

the pipeline described in §3.2.2, with n = m = 4 502

rollouts per group and criticality threshold ϵ = 0.3. 503
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Table 1: Main results on three medical benchmarks.
PubMed Search reports rubric-based scores; CureBench
and MedBrowseComp report accuracy (%). Best results
are bolded; second best are underlined. †Closed-source
model with equivalent tool access.

Method PubMed Cure MedBrowse
Search ↑ Bench ↑ Comp ↑

GPT-5.2† 19.08 71.05 27.93

DR-Tulu-8B 15.48 59.30 25.12
+ Skill 17.75 62.41 26.61
+ SFT 17.93 63.42 27.44
+ Traj. DPO 18.47 63.05 27.19
+ Step DPO 18.83 64.25 28.06

Skill-CDPO 19.58 66.63 29.09

Training Details. For DPO training, we set the504

KL penalty coefficient β = 0.5 and use the α = 1505

(linear) weighting scheme as default. We train for506

3 epochs with a learning rate of 5×10−6 and batch507

size of 32. The reference model πref is initialized as508

the base DR-Tulu-8B checkpoint. All experiments509

are conducted on 8 NVIDIA A100 80GB GPUs.510

Baselines. We compare against: DR-Tulu-8B511

(base model), + Skill (training-free skill acquisi-512

tion only), + SFT (behavioral cloning on expert513

trajectories), + Trajectory DPO (trajectory-level514

preference pairs), and + Step DPO (step-level DPO515

with uniform weighting and single pairs). All516

training-based methods include the Skill phase for517

fair comparison. We additionally report GPT-5.2518

with equivalent tool access as a closed-source ref-519

erence.520

4.2 Main Results521

Table 1 presents the main results. We highlight the522

following findings.523

Skill synthesis is necessary and provides an es-524

sential foundation. The training-free Skill phase525

alone yields substantial gains over the base model526

(+2.27 on PubMed Search, +3.11% on CureBench,527

+1.49% on MedBrowseComp) without any param-528

eter updates, confirming that inference-time skill529

synthesis provides a necessary foundation for sub-530

sequent optimization.531

Standard training methods cannot fully exploit532

skill-augmented agents. On top of the Skill533

phase, SFT provides only marginal additional im-534

provement (+0.18 on PubMed Search, +1.01% on535

CureBench, +0.83% on MedBrowseComp), con-536

firming that behavioral cloning fails to teach the537

Table 2: Ablation study. Each row removes one compo-
nent from the full Skill-CDPO model.

Variant PubMed Cure MedBrowse

Skill-CDPO (Full) 19.58 66.63 29.09

− Training-free Skill 18.36 64.71 27.68
− Critical step select. 18.41 64.15 27.53
− Criticality weight 19.14 65.89 28.51
− Pair-level weight 18.71 66.25 28.82
− All-pairs (single pair) 19.07 65.62 28.38

model when and how to avoid errors. Trajectory 538

DPO shows similarly limited gains, as it distributes 539

outcome rewards uniformly across all steps rather 540

than targeting specific capability bottlenecks. Even 541

Step DPO, which operates at the step level with uni- 542

form weighting and single pairs, offers only modest 543

improvements over Trajectory DPO. 544

CDPO fully unlocks the potential of skill- 545

augmented agents. Skill-CDPO achieves sub- 546

stantial improvements over all training baselines 547

(+0.75 over Step DPO on PubMed Search, +2.38% 548

on CureBench, +1.03% on MedBrowseComp), con- 549

firming that criticality-weighted distributional su- 550

pervision captures learning signals that other meth- 551

ods miss. Crucially, Skill-CDPO outperforms GPT- 552

5.2 on PubMed Search (+0.50) and MedBrowseC- 553

omp (+1.16%), demonstrating that targeted critical 554

step optimization enables a compact 8B-parameter 555

model to surpass a larger closed-source system on 556

retrieval-intensive tasks. On CureBench, GPT-5.2 557

retains a lead (71.05% vs. 66.63%), likely due to 558

broader parametric knowledge, but Skill-CDPO 559

closes the gap from 11.75% to 4.42%. 560

4.3 Analysis 561

Ablation Study. To understand the contribution 562

of each component, we remove one at a time from 563

the full model. Results in Table 2 yield the follow- 564

ing observations. 565

(1) Critical step selection is the most impact- 566

ful component. Removing the criticality thresh- 567

old and training on all steps produces the largest 568

average degradation (−1.17 on PubMed Search, 569

−2.48% on CureBench, −1.56% on MedBrowseC- 570

omp), confirming that including non-critical steps 571

dilutes the gradient with noise. 572

(2) Training-free skill acquisition provides an 573

essential foundation. Removing the Skill phase 574

leads to substantial drops, indicating that it not 575

only improves inference-time behavior but also pro- 576

duces higher-quality trajectories for preference pair 577

7



Table 3: Sensitivity to the weighting exponent α. De-
fault setting (α = 1.0) shown in bold.

PubMed Cure MedBrowse

α = 0.5 19.32 65.91 28.87
α = 1.0 19.58 66.63 29.09
α = 2.0 19.41 65.38 28.64

construction.578

(3) Pair-level score weighting disproportion-579

ately affects rubric-scored tasks. Reverting to580

binary preference pairs causes the largest drop on581

PubMed Search (−0.87), where continuous score582

gaps are most informative, while the effect is mini-583

mal on binary-outcome CureBench (−0.38%).584

(4) The all-pairs formulation provides consis-585

tent variance reduction. Using a single randomly586

sampled pair instead of all nm pairs degrades per-587

formance across all benchmarks (−0.51, −1.01%,588

−0.71%), empirically confirming Proposition 1.589

(5) Criticality weighting offers a moderate590

but consistent benefit, indicating that the degree591

of criticality carries useful signal beyond the binary592

selection decision.593

Critical Step Statistics. Only 14.3% of steps594

are verified critical (∆t > ϵ), confirming the spar-595

sity assumption in Proposition 3. For CureBench596

and MedBrowseComp training sets—which have597

definitive answers—we further classify wrong-598

answer errors via the algorithm in Appendix A:599

misled by evidence (39.3%, correct reasoning de-600

railed by a tool failure), final reasoning error601

(36.9%, correct reasoning but wrong extracted let-602

ter; 42% of these have the correct answer stated603

verbatim in the reasoning text), evidence ignored604

(13.1%, correct evidence retrieved but dismissed),605

and insufficient search (10.7%, correct evidence606

never retrieved). The dominant failure mode is evi-607

dence integration under uncertainty—abandoning608

correct conclusions after tool failures or failing609

to act on retrieved evidence—accounting for over610

half of all errors and explaining CDPO’s largest611

gains at these steps. Representative cases are in612

Appendix H.613

Sensitivity to α. Table 3 reports the sensitivity614

of CDPO to the weighting exponent α. The linear615

weighting (α = 1) performs best on average across616

all three benchmarks. The concave choice α = 0.5617

is competitive, particularly on MedBrowseComp618

where noisier rollout estimates benefit from not619

over-emphasizing steps with large but potentially620

noisy ∆̂t values. The convex choice α = 2 con- 621

centrates too aggressively on a few extreme steps, 622

leading to slight underfitting on the remaining criti- 623

cal steps. 624

5 Conclusion 625

We presented Skill-CDPO, a progressive frame- 626

work for evolving the tool-use capabilities of com- 627

pact language models. Our experiments reveal two 628

key findings. First, inference-time skill synthesis— 629

through static tool analysis and dynamic strategy 630

refinement—provides a necessary foundation that 631

substantially narrows the gap between compact 632

and large-scale models without any parameter up- 633

dates. Second, and more importantly, Critical 634

Step DPO (CDPO) further unlocks the potential of 635

these newly acquired skills by concentrating prefer- 636

ence learning on the specific trajectory steps where 637

model capability is the bottleneck. Through rollout- 638

divergence-based step identification, all-pairs distri- 639

butional supervision, and criticality-weighted train- 640

ing, CDPO resolves the credit assignment prob- 641

lem without a process reward model or online 642

RL. On three medical agent benchmarks, an 8B- 643

parameter Skill-CDPO model not only substan- 644

tially outperforms SFT and trajectory-level DPO 645

baselines, but also surpasses GPT-5.2 on retrieval- 646

intensive tasks—demonstrating that targeted crit- 647

ical step optimization can compensate for orders- 648

of-magnitude fewer parameters. We additionally 649

contribute PubMed Search, a new PubMed-based 650

deep research benchmark for biomedical literature 651

retrieval. 652

Limitations 653

Dependence on an expert model. CDPO re- 654

quires access to a frontier closed-source model 655

πexp for generating positive rollouts at critical steps. 656

This introduces both a cost overhead and a capa- 657

bility ceiling: the local model can only learn to 658

match behaviors that the expert can demonstrate. 659

In settings where no substantially stronger model 660

is available, the rollout divergence signal may be 661

weak or absent. 662

Domain and model coverage. Our experiments 663

are conducted exclusively on medical benchmarks 664

with a single 8B-parameter base model (DR-Tulu- 665

8B). While the method is domain-agnostic in de- 666

sign, we have not verified its effectiveness on other 667

specialized domains (e.g., legal, financial) or on 668

models of different scales and architectures. 669
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Data synthesis cost. Although CDPO achieves670

higher data utilization efficiency than trajectory-671

level DPO by concentrating learning on critical672

steps, the upstream cost of synthesizing the prefer-673

ence data is substantial: each candidate critical step674

requires n+m complete trajectory rollouts from675

both the expert and local models, and the two-stage676

identification pipeline itself involves multi-LLM677

voting and rule-based filtering over the full tra-678

jectory set. These costs are incurred once offline679

before training, but may be prohibitive when the680

tool-interaction environment is slow or expensive681

to query.682

Single-round training. Although we discuss iter-683

ative refinement in Appendix E, all reported results684

are from a single round of CDPO training. The685

benefits and potential instabilities of multi-round686

iterative CDPO remain empirically unvalidated.687

Ethics Statement688

All benchmarks used in this work are constructed689

from publicly available biomedical literature and690

do not involve private patient data or protected691

health information. PubMed Search, the bench-692

mark we introduce, consists of open-ended re-693

search questions paired with information retriev-694

able through the public PubMed API; no human695

subjects are involved in its construction or evalua-696

tion. Our framework is designed to improve tool-697

use reliability of language model agents and does698

not generate medical advice intended for clinical699

decision-making. We caution that outputs from any700

agent system—including those trained with Skill-701

CDPO—should not be used as a substitute for pro-702

fessional medical judgment. The expert model used703

for rollout generation is accessed through standard704

commercial APIs in compliance with the provider’s705

terms of service.706
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A Discriminative Critical Turn821

Localization Algorithm822

For benchmarks with definitive ground-truth an-823

swers (CureBench and MedBrowseComp), we sup-824

plement the observable-feature heuristics with a825

discriminative critical turn localization procedure826

that identifies the specific reasoning turn where the 827

agent’s trajectory diverges from the correct answer, 828

and classifies the error into one of four mechanistic 829

subtypes. The entire pipeline is rule-based with no 830

LLM calls. 831

Stage 1: Discriminative Keyword Extraction 832

Given the option set O = {o1, . . . , oK} for a 833

multiple-choice question, we extract a weighted 834

keyword set for each option. For option oi with 835

text ti, we tokenize ti into lowercase alphanumeric 836

tokens and remove a standard English stopword list. 837

Crucially, we impose no minimum token length, 838

since short but highly discriminative medical ab- 839

breviations (e.g., “HIV”, “CT”, “CRP”) would oth- 840

erwise be discarded. 841

We then partition each option’s keyword set Ki 842

into: 843

Ui = Ki \
⋃
j ̸=i

Kj (unique keywords) (12) 844

Si = Ki \ Ui (shared keywords) (13) 845

Unique keywords appear only in option oi and carry 846

high discriminative value; shared keywords appear 847

in multiple options and are down-weighted. Each 848

keyword k is assigned weight w(k) = 1.0 if k ∈ Ui 849

and w(k) = 0.3 if k ∈ Si. 850

Stage 2: Per-Turn Option Tendency Scoring 851

The agent trajectory is parsed into a sequence of 852

turns T = [t1, . . . , tN ], where each turn contains a 853

reasoning segment thinkj (content within <think> 854

tags), a tool call, and a tool output. For each turn 855

tj and option oi, we compute a tendency score: 856

score(tj , oi) =
∑
k∈Ui

count(k, thinkj) 857

+ 0.3
∑
k∈Si

count(k, thinkj)

(14)

858

where count(k, ·) counts case-insensitive occur- 859

rences of keyword k. 860

Stage 3: Trajectory-Based Critical Turn 861

Localization 862

Rather than simply finding the first turn where the 863

wrong option dominates, we analyze the full score 864

trajectory via a tendency gap: 865

gap[j] = score(tj , owrong)− score(tj , ocorrect)
(15) 866
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where owrong is the model’s (incorrect) answer and 867

ocorrect is the ground truth. A negative gap indi-868

cates the model leans toward the correct answer at869

turn j; a positive gap indicates a lean toward the870

wrong answer.871

We compute two key trajectory anchors:872

• Last Correct Turn (LCT): the last index j873

where gap[j] < 0, i.e., the correct answer was874

still favored. If no such turn exists, LCT = ∅.875

• Maximum Shift Turn (MST): the index876

j ≥ 1 maximizing the positive delta gap[j]−877

gap[j−1], i.e., the turn where the model’s ten-878

dency shifted most sharply toward the wrong879

answer. If all deltas ≤ 0, MST = ∅.880

The critical turn interval is then:881

• LCT ̸= ∅ and MST ̸= ∅: interval882

[LCT, MST] (the full transition zone).883

• Only MST ̸= ∅: interval [MST− 1, MST].884

• Only LCT ̸= ∅: interval [LCT, LCT + 1].885

• Neither: last 2 turns (fallback).886

Stage 4: Error Sub-Classification887

We additionally detect tool-output evidence signals:888

for each turn tj , let cev[j] = 1[∃ k ∈ Ucorrect :889

k ∈ tool_outputj ] indicate whether the tool out-890

put contains a unique keyword of the correct op-891

tion. Define AnyCorrectEv =
∨

j cev[j] and892

CorrectEverFavored = (LCT ̸= ∅).893

The four subtypes are determined by the follow-894

ing decision rule:895

896
Correct Ever Favored MST Correct Ev. Subtype

True ̸= ∅ — MISLED-BY-EVIDENCE

True = ∅ — FINAL-REASONING-ERROR

False — True EVIDENCE-IGNORED

False — False INSUFFICIENT-SEARCH

897

MISLED-BY-EVIDENCE: the model initially fa-898

vored the correct answer but was derailed at MST,899

typically by a failed or misleading tool call. Critical900

turns: [LCT,MST].901

FINAL-REASONING-ERROR: the model consis-902

tently favored the correct answer (no sharp shift)903

but output the wrong letter. Critical turns: last 2904

turns.905

EVIDENCE-IGNORED: correct-answer evidence906

appeared in tool outputs but was never incorporated907

into reasoning. Critical turns: the turn(s) where908

cev[j] = 1 and the immediately following turn.909

INSUFFICIENT-SEARCH: no correct-answer ev-910

idence was retrieved at any point. Critical turns: 911

first turn and the turn with the highest wrong-option 912

evidence signal. 913

B Additional Theoretical Analysis 914

B.1 False Positive Bound for Critical Step 915

Selection 916

A natural concern is whether the thresholding pro- 917

cedure ∆t > ϵ may incorrectly flag non-critical 918

steps. We provide a formal bound on this false 919

positive rate. 920

Proposition 4 (False Positive Bound). Suppose the 921

true criticality gap is ∆∗
t = 0 (step t is not critical). 922

With n = m = k rollouts per group, the probability 923

of a false positive detection ∆̂t > ϵ is bounded by: 924

P (∆̂t > ϵ | ∆∗
t = 0) ≤ exp

(
− kϵ2

2A2

)
(16) 925

Proof. Under ∆∗
t = 0, we have E[∆̂t] = 0. Define 926

paired differences Di = r+t,i − r−t,i ∈ [−A,+A], so 927

that ∆̂t =
1
k

∑k
i=1Di. By Hoeffding’s inequality: 928

P (∆̂t > ϵ) ≤ exp

(
− 2k2ϵ2

k · (A− (−A))2

)
929

= exp

(
− kϵ2

2A2

)
□ (17) 930

Corollary 1. For binary-outcome tasks (A = 1) 931

with k = 4 rollouts per group and threshold ϵ = 932

0.5: false positive rate ≤ e−0.5 ≈ 0.61. With k = 933

8: ≤ e−1.0 ≈ 0.37. With k = 16: ≤ e−2.0 ≈ 0.14. 934

This bound confirms that increasing the num- 935

ber of rollouts k exponentially suppresses the false 936

positive rate, and that even moderate values of k 937

combined with a reasonable threshold ϵ provide 938

meaningful control over spurious critical step de- 939

tections. 940

B.2 Full Proofs 941

Proof of Proposition 1 (Gradient Variance Re- 942

duction). Let ℓij denote the loss contribution of 943

the (i, j) preference pair. The normalized all-pairs 944

loss is L̂ = 1
nm

∑n
i=1

∑m
j=1 ℓij . Taking the gradi- 945

ent: 946

∇θL̂ =
1

nm

n∑
i=1

m∑
j=1

∇θℓij (18) 947

Since the rollouts are i.i.d., the gradients ∇θℓij are 948

pairwise independent with the same distribution as 949
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g1 = ∇θℓ11. By independence: 950

Var[∇θL̂] =
1

(nm)2

∑
i,j

Var[∇θℓij ]951

=
nm

(nm)2
Var[g1] =

1

nm
Var[g1] □

(19)

952

Proof of Proposition 2 (Unbiased Criticality Es-953

timation). Since r+t,i are i.i.d. draws from the ex-954

pert rollout distribution with mean Vπexp(st), the955

sample mean V̂exp(st) = 1
n

∑n
i=1 r

+
t,i is unbiased956

by linearity of expectation. The same holds for957

V̂local(st). Since the two groups of rollouts are in-958

dependent:959

E[∆̂t] = E[V̂exp(st)]− E[V̂local(st)]960

= Vπexp(st)− Vπθ
(st) = ∆∗

t (20)961

The variance formula follows from independence962

and the standard variance of a sample mean:963

Var[∆̂t] = Var[r+t ]/n+Var[r−t ]/m. □964

Proof of Proposition 3 (Sample Efficiency).965

Standard DPO requires K gradient steps, each966

using one preference pair with gradient variance967

Var[g1]. The total “variance budget” consumed is968

K · Var[g1]. CDPO operates only on the fraction969

ρ of steps that are truly critical. At each critical970

step, it uses nm pairs with normalized variance971

Var[g1]/(nm) (Proposition 1). To match the same972

total variance reduction:973

KCDPO · Var[g1]
nm

= ρ ·K ·Var[g1]974

=⇒ KCDPO =
ρ

nm
·K (21)975

Simplifying: KCDPO ≤ ρ
nm ·K, yielding a nm

ρ -fold976

reduction. □977

C Comparison with Step-Level978

Preference Methods979

Table 4 provides a systematic comparison of CDPO980

with existing step-level preference optimization981

methods.982

Key advantages of CDPO over prior step-level983

methods:984

1. No PRM required. Criticality is measured985

directly from task outcomes via rollout diver-986

gence, eliminating the need to train or main-987

tain a separate process reward model.988

2. Distributional supervision. All nm roll-989

out outcomes contribute to the training signal 990

through the all-pairs formulation, rather than 991

using a single “best” pair. 992

3. Continuous weighting. The criticality weight 993

w(∆t) encodes the degree of criticality, unlike 994

binary select/reject schemes. 995

4. Formal guarantees. Propositions 1–3 pro- 996

vide theoretical backing for variance reduc- 997

tion, unbiasedness, and sample efficiency. 998

D CDPO Weight Design: Detailed 999

Examples 1000

D.1 Step-Level Weight Allocation Example 1001

To illustrate how the normalized step weight 1002

w(∆t) = |∆t|α/Ẑ redistributes gradient budget, 1003

consider a concrete example with α = 1 and rubric 1004

maximum A = 40. Suppose Stage 1 identifies 5 1005

candidate steps with the following empirical criti- 1006

cality scores: 1007

The sum of weights is 0.25 + 1.00 + 1.875 + 1008

0.375 + 1.50 = 5.0, confirming the mean-1 1009

property (5.0/5 = 1.0). Step 3 has the largest 1010

divergence—the local model fails badly while the 1011

expert succeeds—and receives the strongest gra- 1012

dient update (1.875× standard DPO). Step 1 has 1013

nearly no divergence between models and is effec- 1014

tively downweighted (0.25×). 1015

Figure 2 visualizes this redistribution. The left 1016

panel shows raw criticality scores with the Ẑ = 8.0 1017

threshold, while the right panel shows the resulting 1018

normalized weights centered around the mean-1 1019

baseline. 1020
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Figure 2: Step-level weight allocation. (a) Raw critical-
ity scores |∆t| with the normalization constant Ẑ = 8.0
(dashed). (b) Normalized weights w(∆t) = |∆t|/Ẑ,
averaging to 1 (dashed). Red bars indicate upweighted
steps; blue bars indicate downweighted steps.

D.2 Scale Invariance of Normalized Weights 1021

A key property of the Ẑ-normalized weights is that 1022

they are completely unaffected by the rubric scale 1023
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Table 4: Comparison of step-level preference learning methods. CDPO is the only method that combines outcome-
verified step selection (no PRM), distributional supervision from multiple rollouts, and continuous criticality
weighting.

Method Step Selection Signal Source Training Signal Reward Model

Trajectory DPO (ETO) None (full trajectory) Outcome Coarse, uniform Not required
Step-DPO PRM score PRM estimate Dense, noisy Required
IPR Outcome-verified MC rollout Step-level, binary Not required
CSO PRM + verification Outcome Binary weight Required
CDPO (Ours) Rollout divergence Outcome (verified) Distributional, weighted Not required

Table 5: Step-level weight allocation example (α =
1, A = 40). The normalization constant Ẑ = (2 +
8 + 15 + 3 + 12)/5 = 8.0 ensures weights average to
1. Steps with larger divergence receive proportionally
more gradient update.

Step |∆t| (pts) Ẑ w(∆t) Verdict

Step 1 2 8.0 0.25× Downweighted ↓
Step 2 8 8.0 1.00× Average
Step 3 15 8.0 1.875× Upweighted ↑↑
Step 4 3 8.0 0.375× Downweighted ↓
Step 5 12 8.0 1.50× Upweighted ↑

A. If the same task used A′ = 2A instead of A, 1024

every criticality score doubles, but so does Ẑ:1025

∆t → 2∆t, Ẑ → 2αẐ1026

=⇒ w(∆t) =
|∆t|α

Ẑ
unchanged (22)1027

This means one can switch rubrics (e.g., from 40-1028

point to 100-point grading) without retuning any1029

hyperparameters. Ẑ acts as an automatic unit con-1030

verter, absorbing the rubric scale.1031

Figure 3 illustrates this property. Although the1032

raw scores double when switching from A = 40 to1033

A = 80, the normalized weights remain identical.1034
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Figure 3: Scale invariance of Ẑ-normalized weights.
(a) Raw criticality scores under A = 40 and A = 80:
all values double, as do Ẑ. (b) Normalized weights are
identical regardless of rubric scale, confirming that Ẑ
absorbs A automatically.

D.3 Weighting Exponent α: Design Choices1035

The exponent α in |∆t|α controls how aggressively1036

the weight function discriminates between steps of1037

different criticality. Table 6 summarizes the design1038

space. 1039

Table 6: Design choices for the weighting exponent α.
All choices satisfy the mean-1 property; they differ only
in how sharply they discriminate between steps.

α Shape Effect When to use

0.5 Concave Small divergences Noisy estimates;
get significant weight avoid missing signals

1 Linear Proportional to Default — simple
normalized gap and interpretable

2 Convex Near-zero gaps High-quality rollouts;
strongly suppressed sharp focus

We recommend starting with α = 1. If rollout 1040

estimates are noisy (small n,m), α = 0.5 avoids 1041

over-emphasizing steps with accidentally large ∆̂t. 1042

If rollouts are plentiful and reliable, α = 2 con- 1043

centrates learning most aggressively on the hardest 1044

bottlenecks. 1045

Figure 4 plots the weight function w(|∆t|/Ẑ) 1046

for each α, showing the concave, linear, and convex 1047

shapes respectively. 1048
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(b) α= 1 (Linear)
mean = 1
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Figure 4: Weight function shapes for different α values.
(a) α = 0.5: concave—small divergences still receive
significant weight. (b) α = 1: linear—weight propor-
tional to normalized gap. (c) α = 2: convex—near-zero
gaps are strongly suppressed. The dashed line marks
w = 1 (average weight).

D.4 Pair-Level Score Weight Example 1049

Within each critical step, individual rollout pairs 1050

also differ in informativeness. The pair-level 1051

weight r̃t,ij = (r+t,i − r−t,j)/A handles three cases 1052

naturally, as shown in Table 7. 1053

Table 8 shows a concrete 4×4 pair weight matrix 1054

for a critical step with A = 40. 1055
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Table 7: Three cases handled by the pair-level score
weight r̃t,ij . The sign of the weight determines the
direction and magnitude of the preference gradient.

Condition r̃t,ij Effect

r+t,i > r−t,j Positive Push a+ over a−

r+t,i = r−t,j Zero No gradient
r+t,i < r−t,j Negative Flip preference

Table 8: Pair-level score weights for n = m = 4 roll-
outs (A = 40). Expert scores: 38, 32, 35, 29. Local
scores: 18, 25, 12, 22. Larger score gaps (higher values)
push harder on the preference objective. All 16 pairs
contribute with no binary filtering.

Local 1 Local 2 Local 3 Local 4
(18) (25) (12) (22)

Expert 1 (38) 0.50 0.33 0.65 0.40
Expert 2 (32) 0.35 0.17 0.50 0.25
Expert 3 (35) 0.42 0.25 0.57 0.33
Expert 4 (29) 0.28 0.10 0.42 0.17

Pairs with larger score gaps (e.g., Expert 1 vs. 1056

Local 3: r̃ = 0.65) provide stronger supervision,1057

while near-tied pairs (e.g., Expert 4 vs. Local 2:1058

r̃ = 0.10) contribute minimally. This continuous1059

weighting replaces the binary valid-pair filter of the1060

standard formulation, where pairs are either fully1061

included or fully excluded.1062

Figure 5 visualizes the full 4 × 4 pair weight1063

matrix as a heatmap, where darker cells correspond1064

to more informative pairs.1065
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(22)

Expert i=1 (38)

Expert i=2 (32)

Expert i=3 (35)

Expert i=4 (29)
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Figure 5: Pair-level score weight heatmap for n = m =
4 rollouts (A = 40). Each cell shows r̃t,ij = (r+t,i −
r−t,j)/A. Darker green indicates larger score gaps and
stronger preference supervision. All 16 pairs contribute
with no binary filtering.

D.5 Binary QA vs. Rubric CDPO:1066

Component-Level Comparison 1067

Table 9 summarizes the component-level differ- 1068

ences between the binary QA version of CDPO 1069

and the rubric-based extension presented in this 1070

work. 1071

The rubric loss is strictly cleaner than the bi- 1072

nary version: Ẑ makes step weights scale-free and 1073

mean-1; replacing |Pt| with 1/nm removes the 1074

correlation between the normalizer and the pair 1075

count; and the pair-level score gap provides con- 1076

tinuous, partial-credit supervision across all nm 1077

rollout combinations with no edge cases. 1078

E Iterative Refinement 1079

The CDPO framework naturally supports iterative 1080

refinement. After each training round, the updated 1081

policy πθi can be deployed to collect fresh trajec- 1082

tories, and the full critical step identification and 1083

preference construction pipeline is repeated: 1084

πθ0
D(0)

pref−−−→ πθ1
D(1)

pref−−−→ πθ2
···−−→ (23) 1085

At iteration i, the reference model is set to πref = 1086

πθi−1
for stable KL penalization. As the policy 1087

improves, previously critical steps become non- 1088

critical (the local model has learned to handle 1089

them), and new, harder decision points emerge as 1090

critical. This induces a natural curriculum learn- 1091

ing effect: early iterations address frequent, basic 1092

errors (e.g., malformed queries), while later itera- 1093

tions target subtler deficiencies (e.g., suboptimal 1094

information synthesis strategies). We leave empir- 1095

ical validation of multi-round iterative CDPO to 1096

future work. 1097

F Discussion on Weight Design Choices 1098

Split Estimation for Selection and Weighting. 1099

The linear weighting w(∆t) = ∆t/Ẑ is theoreti- 1100

cally motivated by advantage-weighted regression, 1101

but introduces a subtle correlation: the same roll- 1102

outs are used both to select critical steps (∆t > ϵ) 1103

and to weight them (w(∆t)). This can create a pos- 1104

itive bias—steps selected because of a lucky high 1105

∆̂t also receive inflated weight. A principled solu- 1106

tion is split estimation: partition the rollout budget 1107

into two independent batches, using one for selec- 1108

tion and the other for weighting. This eliminates 1109

the correlation at the cost of doubling the rollout 1110

budget per candidate step. In practice, we find that 1111

the bias is small relative to other sources of noise, 1112

and the simpler single-batch approach suffices. 1113

14



Table 9: Component-level comparison between binary QA CDPO and rubric-based CDPO. The rubric formulation
replaces discrete components with continuous alternatives, eliminating edge cases and providing richer supervision.

Component Binary QA Rubric (this work)

Criticality score ∆t V̂exp − V̂local ∈ [0, 1] r̄+t − r̄−t ∈ [−A,+A]

Step weight w(∆t) raw or binary |∆t|α/Ẑ (mean-1, scale-free)
Pair selection |Pt| pairs where y+ = 1, y− = 0 All nm pairs
Pair normalizer 1/|Pt| (variable, correlated with ∆t) 1/nm (constant)
Pair weight 1 (binary) (r+t,i − r−t,j)/A ∈ [−1,+1]
Division-by-zero risk Yes (when |Pt| = 0) No

Optimal Rollout Budget Allocation. Proposi- 1114

tion 4 and Proposition 3 suggest a tradeoff: larger1115

n,m reduces false positives and gradient variance,1116

but increases compute per candidate step. An adap-1117

tive allocation strategy—running more rollouts at1118

high-uncertainty candidates (where ∆̂t is close to ϵ)1119

and fewer at clearly critical or clearly non-critical1120

steps—could optimize this tradeoff automatically.1121

We leave the exploration of such adaptive schemes1122

to future work.1123

G PubMed Search Benchmark1124

Construction1125

Existing PubMed-oriented benchmarks, such as1126

PubMedQA (Jin et al., 2019), were developed un-1127

der a closed-form question-answering paradigm:1128

each instance has a definitive answer, and evalu-1129

ation reduces to binary or categorical matching.1130

While useful for measuring factual recall, this1131

format cannot assess a model’s ability to formu-1132

late effective search strategies, iteratively refine1133

queries, synthesize information from multiple re-1134

trieved articles, and produce well-attributed, com-1135

prehensive responses—capabilities that are central1136

to real-world biomedical literature research. To fill1137

this gap, we introduce PubMed Search, a deep1138

research benchmark built around the PubMed API1139

that evaluates open-ended, multi-step retrieval and1140

synthesis.1141

Question Generation. We sample seed topics1142

from the Medical Subject Headings (MeSH) the-1143

saurus to ensure broad coverage of biomedical1144

sub-disciplines. For each seed topic, GPT-5.2 is1145

prompted to generate an open-ended, complex re-1146

search question that requires consulting multiple1147

primary sources and synthesizing evidence across1148

studies—for example, comparing treatment effi-1149

cacy across populations, summarizing mechanistic1150

controversies, or identifying gaps in the current1151

literature.1152

Multi-Model Rollout. To avoid the systematic1153

biases inherent in single-model data construction, 1154

we employ three heterogeneous frontier models— 1155

GPT-5.2, Gemini 2.5 Pro, and Qwen3-235B- 1156

A22B—each equipped with the same MCP tool 1157

suite. Every model independently performs two 1158

complete rollouts per question, yielding six trajec- 1159

tories that include the full sequence of tool invo- 1160

cations, intermediate reasoning, and a final synthe- 1161

sized answer. 1162

Cross-Model Rubric Construction. A multi- 1163

agent deliberation is then conducted among the 1164

same three models. Each model reviews all six 1165

rollout answers, and the models engage in a struc- 1166

tured discussion to (i) identify the factual claims 1167

and evidence threads that should be included in a 1168

reference answer, and (ii) construct a rubric con- 1169

sisting of weighted content criteria derived from 1170

these claims. This cross-model consensus proce- 1171

dure mitigates the risk that the rubric reflects the 1172

idiosyncratic strengths or blind spots of any single 1173

model. 1174

Format Rubrics. In addition to the content- 1175

based rubric items, the evaluation protocol includes 1176

four format rubrics that assess process quality: 1177

(1) tool utilization breadth, requiring the model to 1178

make substantive use of the available search tools 1179

rather than relying on parametric knowledge alone; 1180

(2) citation presence, requiring the final answer to 1181

include specific literature references; (3) citation 1182

format compliance, requiring citations to follow a 1183

prescribed format (e.g., PMID-based references); 1184

and (4) citation faithfulness, penalizing fabricated 1185

or hallucinated references that do not correspond to 1186

real PubMed articles. These format criteria ensure 1187

that high scores reflect not only factual correctness 1188

but also methodological rigor in evidence retrieval 1189

and attribution. 1190
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H Representative Error Cases by Subtype 1191

The following cases are drawn from real model1192

trajectories on CureBench. Each illustrates one1193

of the four error subtypes identified by the algo-1194

rithm in Appendix A. Gap trajectory values are per-1195

turn tendency gaps: gap[j] = score(tj , owrong)−1196

score(tj , ocorrect); negative values indicate the1197

model leaning toward the correct answer.1198

MISLED-BY-EVIDENCE. Question: “Which re-1199

quirement is part of the THALOMID REMS pro-1200

gram to ensure safe prescribing and dispensing?”1201

Correct: A (Prescribers must be certified with the1202

THALOMID REMS program). Model chose: C1203

(Dispensing by any licensed community pharma-1204

cist). Turns: 10. LCT = T9, MST = T4 (δ = +3.0).1205

Gap trajectory:1206

[+2.0,+2.0,+2.0,−2.0,+1.0,1207

−4.0,−1.0,−3.0,−3.0,−1.0]1208

The model correctly shifted toward option A at1209

T3 (gap =−2.0) after retrieving relevant REMS1210

information. However, the T3 FDA search re-1211

turned an error (No FDA data found for drug:1212

Thalidomide THALOMID REMS), causing the model1213

to discard its intermediate conclusion and restart1214

reasoning at T4, erasing the correct lean. Despite1215

recovering and favoring A in T5–T9, the model ulti-1216

mately selected C. Takeaway: a tool failure caused1217

the model to abandon a correct intermediate conclu-1218

sion and re-open all options as equally plausible.1219

FINAL-REASONING-ERROR. Question: “What1220

are the approved indications for Dexmedetomi-1221

dine Injection and Dexmedetomidine in 5% Dex-1222

trose Injection?” Correct: C (Sedation of intu-1223

bated/mechanically ventilated adult ICU patients1224

≤24h and sedation of non-intubated adult patients1225

prior/during procedures). Model chose: A (Seda-1226

tion of pediatric patients undergoing diagnostic1227

procedures and treatment of acute pain). Turns: 4.1228

Gap trajectory: [−2.0,−2.7,−4.7,−5.7] (mono-1229

tonically decreasing, consistently favoring C).1230

The model’s answer text reads: “The FDA-1231

labeled indications . . . are sedation of initially in-1232

tubated, mechanically ventilated adult ICU pa-1233

tients (continuous infusion, not to exceed 24 hours)1234

and sedation of non-intubated adult patients prior1235

to/during procedures”—a verbatim description of1236

option C. Yet the extracted answer letter is A. Take-1237

away: the reasoning trajectory is entirely correct;1238

the error is a failure to map the described content to1239

the correct option letter during answer extraction. 1240

EVIDENCE-IGNORED. Question: “Which drug 1241

was shown to block the tumorigenic effect of al- 1242

buterol sulfate in Sprague-Dawley rats?” Cor- 1243

rect: A (Propranolol). Model chose: C (Atenolol). 1244

Turns: 2. Gap trajectory: [0.0, 0.0]. The keyword 1245

propranolol appeared in both tool outputs: T0 re- 1246

turned a PubMed result contrasting propranolol 1247

(non-selective) with atenolol and metoprolol (selec- 1248

tive β1-blockers); T1 returned a Sprague-Dawley 1249

rat study involving propranolol. The model dis- 1250

missed both as “general beta-blocker pharmacol- 1251

ogy” and continued searching for a more specific 1252

study, never connecting the retrieved evidence to 1253

the question. Takeaway: an overly strict relevance 1254

threshold caused the model to discard evidence that 1255

was in fact sufficient to answer the question. 1256

INSUFFICIENT-SEARCH. Question: “For which 1257

type of transplant is Everolimus indicated, with the 1258

specification that it should be administered no ear- 1259

lier than 30 days posttransplant?” Correct: A (Liver 1260

transplant in adult patients). Model chose: D 1261

(Kidney transplant in patients at high immunologic 1262

risk). Turns: 2. Gap trajectory: [+3.0,+3.0]. The 1263

model confused everolimus with sirolimus from 1264

the first turn and issued 584 total queries (only 9 1265

unique), all variants of “sirolimus extended-release 1266

capsules indication renal transplant”. The correct 1267

answer required searching for “everolimus liver 1268

transplant”, but no such query was ever issued. All 1269

retrieved evidence pointed to renal transplant indi- 1270

cations for sirolimus, reinforcing the wrong answer 1271

throughout. Takeaway: an early drug-name confu- 1272

sion led to a misdirected query loop; the correct 1273

answer’s key concept (liver) was never queried. 1274

I Tool Suite Description 1275

Our agent interacts with the environment through 1276

a suite of MCP (Model Context Protocol) tools. 1277

These tools are shared across all experimental con- 1278

ditions (base model, Skill, SFT, DPO variants, and 1279

CDPO) to ensure fair comparison. Table 10 sum- 1280

marizes the tool availability per benchmark, and 1281

the following paragraphs describe each tool. 1282

General-Purpose Tools. Two tools are shared 1283

across all three benchmarks. browse_webpage 1284

fetches the content of a given URL and returns it 1285

in Markdown format, serving as a general-purpose 1286

reader for FDA drug label pages, PubMed articles, 1287
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and clinical trial registries. google_search per- 1288

forms web search via the Serper API and returns a1289

ranked list of results (title, snippet, URL), primarily1290

used as a fallback when specialized tools cannot1291

satisfy the information need.1292

CureBench Tools. In addition to the general-1293

purpose tools, CureBench uses fda_drug_search,1294

which queries the FDA drug label database given a1295

drug name and an aspect of interest (e.g., adverse1296

reactions, indications, dosage, contraindications,1297

drug interactions, pregnancy safety). It leverages1298

LLM-assisted extraction to return the relevant sec-1299

tion from the drug’s prescribing information.1300

MedBrowseComp Tools. MedBrowseComp em-1301

ploys five specialized tools. medbrowsec-1302

omp_search is a unified medical information1303

search tool with automatic routing: it dispatches1304

NCT identifier queries to the clinical trial API and1305

drug ingredient queries to the appropriate Orange1306

Book endpoint based on the reason parameter1307

(patent, approval, or exclusivity). get_trial_info1308

queries ClinicalTrials.gov by NCT number and1309

returns sponsor, recruitment status, intervention1310

ingredients, and source links. get_drug_patents1311

queries the FDA Orange Book for patent numbers,1312

jurisdictions, and expiration dates of a given drug.1313

get_drug_approvals returns product name, ap-1314

proval date, marketing authorization holder, and1315

approval status (restricted to post-2000 records,1316

sorted by date). get_drug_exclusivities returns ex-1317

clusivity type (e.g., NCE, orphan drug, pediatric),1318

start date, and end date (sorted by expiration).1319

PubMed Search Tools. The PubMed Search1320

benchmark uses pubmed_search, which queries1321

the PubMed database with medical or scientific1322

keywords (recommended 3–6 terms) and returns1323

matching articles with title, authors, abstract,1324

PMID, publication year, and journal name. Pagina-1325

tion is supported via limit and offset parameters.1326

This tool provides peer-reviewed biomedical litera-1327

ture as the primary evidence source for open-ended1328

question answering.1329

Table 10: Tool availability across benchmarks. ✓ indi-
cates the tool is available for the corresponding bench-
mark.

Tool Cure MedBrowse PubMed

fda_drug_search ✓
pubmed_search ✓
medbrowsecomp_search ✓
get_trial_info ✓
get_drug_patents ✓
get_drug_approvals ✓
get_drug_exclusivities ✓
browse_webpage ✓ ✓ ✓
google_search ✓ ✓ ✓
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