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Abstract001

Large Language Model(LLM)-based agents002
have shown strong capabilities in web infor-003
mation seeking, with reinforcement learning004
(RL) becoming a key optimization paradigm.005
However, planning remains a bottleneck, as006
existing methods struggle with long-horizon007
strategies. Our analysis reveals a critical phe-008
nomenon—plan anchor—where the first rea-009
soning step disproportionately impacts down-010
stream behavior in long-horizon web reason-011
ing tasks. Current RL algorithms, fail to ac-012
count for this by uniformly distributing re-013
wards across the trajectory. To address this,014
we propose Anchor-GRPO, a two-stage RL015
framework that decouples planning and exe-016
cution. In Stage 1, the agent optimizes its first-017
step planning using fine-grained rubrics derived018
from self-play experiences and human calibra-019
tion. In Stage 2, execution is aligned with the020
initial plan through sparse rewards, ensuring021
stable and efficient tool usage. We evaluate022
Anchor-GRPO on four benchmarks: BrowseC-023
omp, BrowseComp-Zh, GAIA, and XBench-024
DeepSearch. Across models from 3B to 30B,025
Anchor-GRPO outperforms baseline GRPO026
and First-step GRPO, improving task success027
and tool efficiency. Notably, WebAnchor-30B028
achieves 46.0% pass@1 on BrowseComp and029
76.4% on GAIA. Anchor-GRPO also demon-030
strates strong scalability, getting higher accu-031
racy as model size and context length increase.032

1 Introduction033

Reinforcement Learning (RL) have signifi-034

cantly enhanced the capabilities of autonomous,035

tool-augmented agents built on large language036

models (LLMs) for web information seeking (Jin037

et al., 2025; Li et al., 2025a; Zhang et al.,038

2025a). These agents often referred to as deep039

research (OpenAI, 2025; Grok Team, 2025; Team040

et al., 2025), go beyond static retrieval and instead041

iteratively formulate queries, invoke external tools,042

Next goal is…
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(a) The plan anchor phenomenon, where the first-step decision
disproportionately affects the trajectory’s success.

(b) Impact of the first step on
downstream task accuracy.

(c) Plan rubrics visualized
through a radar chart.

Figure 1: Illustrating the plan anchor phenomenon, the
critical role of the first step in task accuracy, and the use
of plan rubrics to guide optimization.

and collect evidence from diverse online sources 043

to answer complex questions. 044

Despite recent advancements, deep research 045

agents still struggle with long-horizon planning 046

and maintaining strategy coherence (Erdogan et al., 047

2025; Qiao et al., 2025). Increasing tool usage or 048

managing context alone does not ensure consistent 049

multi-step reasoning; instead, accumulated errors 050

often lead to performance degradation (Liu et al., 051

2025). While existing reinforcement learning (RL) 052

methods—such as context management, reward 053

shaping, and entropy-based optimization—mitigate 054

certain aspects, there are still gaps to address 055

planning instability and the lack of a comprehen- 056

sive long-term strategy (Chung et al., 2025; Wu 057

et al., 2025; Zhao et al., 2025; Dong et al., 2025a). 058

1



A crucial insight is that the ability to maintain059

coherent long-horizon behavior hinges on early060

decisions (Su et al., 2025). Recent work high-061

lights that not all reasoning steps are equally im-062

portant (Bogdan et al., 2025). In particular, the063

first planning step often acts as a structural an-064

chor—shaping exploration, tool usage, and evi-065

dence integration (Dong et al., 2025b). Initial mis-066

steps can trigger cascading failures and destabilize067

the entire trajectory (Sui et al., 2025; Sinha et al.,068

2025). Motivated by this, we identify a critical069

phenomenon in long-horizon web agents, which070

we term the plan anchor, as shown in Fig. 1a. Our071

motivation experiments (Fig. 1b) demonstrate sub-072

stantial performance drops in Avg Pass@1 across073

BC-ZH, BC-EN, and GAIA benchmarks due to074

incorrect first steps—by 28.7%, 30.9%, and 23.6%,075

respectively. These results underscore the impor-076

tance of designing reward schemes that explicitly077

prioritize the impact of the first step.078

To address this, we introduce Anchor-GRPO, a079

two-stage RL framework that separates planning080

and execution. The first stage focuses on optimiz-081

ing the initial planning step. In this stage, we de-082

velop the Plan Rubrics Learner, by analyzing both083

successful and failed experiences, the learner adap-084

tively refines essential planning criteria, such as085

task decomposition, goal alignment, and tool se-086

lection. The final rubrics assign higher scores to087

correct plans, as shown in Figure 1c, confirming088

the learner’s ability to capture important planning089

capabilities. These refined rubrics are incorporated090

as reward signals in the RL process, guiding the091

agent to improve its planning capabilities. In Stage092

2, the focus shifts to execution. Sparse rewards093

align execution with the initial plan, ensuring sta-094

bility throughout the reasoning process and address-095

ing long-horizon credit assignment challenges. By096

combining the power of plan rubrics and execu-097

tion alignment, Anchor-GRPO enables agents to098

plan first, then act, resulting in a more reliable ap-099

proach which can maintain consistency over long100

reasoning trajectories.101

Our contributions are threefold:102

• Plan Anchor Phenomenon in Long-103

Horizon Web Reasoning: We identify104

the critical phenomenon of plan anchor,105

where a first-step decision disproportionately106

impacts the success of the entire trajectory,107

highlighting the importance of the initial108

planning step in long-horizon web reasoning.109

• Experience-based Plan Rubrics Learner: 110

We propose the Plan Rubrics Learner frame- 111

work, which adaptively learns key dimensions 112

of effective long-horizon plans from self-play 113

experiences. The learnt rubrics will guide the 114

agent in optimizing the first planning step for 115

improved reasoning and task success. 116

• Anchor-GRPO and Its Superior Perfor- 117

mance: We introduce Anchor-GRPO, a two- 118

stage RL framework that enhances task suc- 119

cess and long-horizon reasoning, outperform- 120

ing existing methods on several challenging 121

benchmarks. It also demonstrates scalability 122

across model sizes and context lengths, mak- 123

ing it suitable for more complex tasks. 124

2 Preliminary 125

Agentic Web Reasoning. We follow the standard 126

ReAct-style agentic workflow (Yao et al., 2023), 127

where an LLM-based agent interleaves Thought, 128

Action, and Observation. At step t, the agent reads 129

the trajectory historyHt−1 and produces a reason- 130

ing trace τt and an executable action at, after which 131

the environment returns an observation ot. A T - 132

step rollout is defined as: 133

HT = (q, τ1, a1, o1, . . . , τT , aT , oT , τT+1, aT+1), 134

where q is the task query and aT+1 denotes the final 135

answer. At each step, the policy model samples: 136

(τt, at) ∼ πθ(· | Ht−1). 137

Tool Design. Following standard web agent de- 138

signs (Li et al., 2025a; Gao et al., 2025), we define 139

the action space with two tools for web exploration: 140

• Search: This tool issues top-k web search 141

queries to retrieve relevant snippets and URLs. 142

It accepts natural language inputs and returns 143

structured results from the Google Search API, 144

including titles, snippets, and hyperlinks. 145

• Visit: Given a specific URL, the agent can 146

browse the full page content and extract fac- 147

tual evidence. We use a language model 148

browser to simulate document-level reading 149

and structured content extraction. 150

Each action at is thus instantiated as either 151

Search(query) or Visit(url). These tools en- 152

able multi-hop evidence gathering and decision- 153

making under long-horizon uncertainty. 154
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3 Methodology155

In this section, we introduce a two-stage train-156

ing framework Anchor-GRPO to optimize long-157

horizon reasoning in web agents. In the first stage,158

a Plan Rubrics Learner is used to derive effective159

planning criteria from past experiences, which are160

used to optimize the agent’s initial planning with161

a dense reward. In the second stage, the agent’s162

execution is optimized based on sparse rewards,163

with both stages jointly trained to align planning164

and execution.165

3.1 Anchor-GRPO Overview166

Anchor-GRPO is a two-stage reinforcement learn-167

ing framework that integrates planning and execu-168

tion within a single policy model. In the first stage,169

the model acts as a Planner (πplanner), generating170

an initial plan from the user query, optimized with171

dense rewards to improve task decomposition and172

planning quality. In the second stage, the model173

functions as an Executor (πexecutor), executing the174

plan via tool interactions and receiving sparse re-175

wards based on task success. Although both stages176

share the same model parameters, their training177

is decoupled through masked credit assignment:178

dense signals guide planning updates, while execu-179

tion is refined using sparse feedback. This phased180

optimization aligns planning and execution without181

requiring separate models. We detail the reward182

design and masking-based credit assignment mech-183

anism in the following sections.184

Figure 2: Anchor-GRPO framework. Stage 1 optimizes
the initial plan using the Rubrics Model, providing dense
rewards. Stage 2 refines the trajectory with sparse re-
wards, ensuring alignment with the plan.

3.2 Stage 1: Anchor Plan Optimization 185

The first stage improves the agent’s initial planning 186

by using Plan Rubrics learned from past experi- 187

ences to define and reward good plans. This ad- 188

dresses the challenge of optimizing the first step 189

in RL, ensuring each trajectory starts with a high- 190

quality strategy and enhancing long-horizon perfor- 191

mance. 192

3.2.1 Plan Rubrics Learner 193

The Plan Rubrics Learner (Figure 3) distills plan- 194

ning principles from a large corpus of agent tra- 195

jectories collected during web-agent training and 196

evaluation. Through iterative refinement which 197

guided by an LLM and human-in-the-loop feed- 198

back, it learns structured rubrics across key dimen- 199

sions, each with fine-grained criteria. The resulting 200

rubrics align with human judgments and reliably 201

distinguish between correct and incorrect plans, en- 202

abling effective reward shaping for downstream 203

planning. 204

Insight Extraction We extract planning insights 205

from a diverse set of task trajectories collected 206

during prior agent interactions, spanning both 207

successful executions and failure cases, using 208

three LLM-based functions: Fsuccess and Ffail an- 209

alyze correct and incorrect trajectories to iden- 210

tify effective heuristics and failure modes, while 211

Fpaired compares paired trajectories to infer deci- 212

sion boundaries. Each function outputs a tuple 213

si = (qi, pi, insighti), where qi is the task query, pi 214

the initial plan, and insighti the derived principle. 215

We get the set of insights S = {s1, s2, . . . , sn}, de- 216

fines a manifold of high-quality plans, separating 217

successful from flawed strategies, and drives rubric 218

refinement. 219

Rubrics Optimization We begin with an initial 220

set of heuristic rubrics defined over m planning di- 221

mensions {d1, . . . , dm} (e.g., task decomposition, 222

goal alignment, tool selection). These rubrics are 223

iteratively refined through alternating LLM-driven 224

updates and human feedback. 225

At each iteration t, we sample a balanced batch 226

Bt = {Bsuccess,Bfailure,Bpaired} from the insight set 227

S, and update the rubrics using an LLM-based 228

updater FUpdate: 229

Rt+1 = FUpdate(Rt,Bt), 230

where rt denotes the rubrics at step t. 231

After each epoch, we evaluate the rubrics on 232

two criteria: (1) alignment with human judgments, 233
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Figure 3: Overview of the Plan Rubrics Learner and verification process, illustrating how WebAnchor collects
experiences, extracts insights, iteratively optimizes rubrics, and verifies plan quality with human feedback.

and (2) ability to discriminate between correct and234

incorrect plans via learned decision boundaries.235

When needed, human annotators refine ambiguous236

or erroneous rubric items to guide the next update237

cycle. The process continues until convergence238

criteria are met, yielding a robust rubric set that239

effectively shapes planning rewards.240

3.2.2 Stage 1: Anchor Plan Optimization with241

Plan Rubrics242

Stage 1 optimizes the Anchor Plan, where the243

agent’s initial planning step decomposes the task,244

sets subtask goals, and selects tools. This stage245

uses a dense reward from the learned Plan Rubrics246

to improve first-step planning quality.247

To focus credit assignment on the initial deci-248

sion, we mask all actions after the first planning249

step during policy updates. Only the logits for the250

Anchor Plan are updated, while subsequent steps251

receive zero gradient.252

Plan Rubrics Reward Definition Let p denote253

the generated Anchor Plan for a given query. The254

Plan Rubrics define a normalized scoring function255

R(p) ∈ [0, 1], which evaluates p across m planning256

dimensions {d1, . . . , dm}:257

Rplan = R(p) = 1

Z

m∑
j=1

ϕj(p), (1)258

where:259

• ϕj(p) = JudgeLLM(p, dj) ∈ [0, smax
j ] is the 260

LLM-based score for dimension dj , 261

• smax
j is the maximum achievable score for dj , 262

• Z =
∑m

j=1 s
max
j is a normalization constant. 263

This reward is used as the immediate return for the 264

first planning step in Stage 1, providing a dense, in- 265

terpretable signal that aligns with experience-based 266

planning quality. 267

Objective Function for Plan Optimization We 268

optimize the Anchor Plan using a modified GRPO 269

objective that operates only on initial plans. We 270

sample a group of G candidate plans {pi}Gi=1 from 271

the old policy πθold(P | q) and maximize: 272

Jplan(θ) = E(q,a)∼D,{pi}Gi=1∼πθold (P|q)

[
1

G

G∑
i=1

1

|pi|

|pi|∑
j=1

min
(
ri,j(θ)Â

plan
i,j ,

clip(ri,j(θ), 1− ϵlow, 1 + ϵhigh)Â
plan
i,j

)]
,

(2) 273

where ri,j(θ) =
πθ(pi,j |q,pi,<j)
πθold (pi,j |q,pi,<j)

is the impor- 274

tance sampling ratio at token j of plan i, Âplan
i,j is the 275

advantage estimate derived from the rubric Rplan
i 276

via group normalization, and ϵlow, ϵhigh control the 277

clipping range to stabilize policy updates. 278
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LLM Masking for First-Step Update In this279

approach, the update for the planning policy πplan280

is confined to the first step of the trajectory. The281

LLM’s outputs for subsequent steps are masked,282

ensuring that only the first step’s plan influences283

the update. This isolates the planner’s optimization284

to the initial decision, preventing interference from285

later trajectory interactions or the executor policy.286

3.3 Stage 2: Trajectory Level Executor287

Optimization288

Executor Reward In the second stage, the ex-289

ecutor is trained to follow the optimized plan us-290

ing a sparse task-completion reward. The reward291

is assigned only at the end of the episode based292

on whether the final answer exactly matches the293

ground truth:294

Rexec =

{
1 if ExactMatch(Answer,GT),
0 otherwise.

(3)295

All intermediate steps receive zero reward (rexec
t =296

0 for t < T ), with the full reward rexec assigned297

only at termination (t = T ), encouraging the ex-298

ecutor to follow the plan and achieve task success.299

Objective for Execution In Stage 2, we optimize300

the executor policy at the trajectory level. We sam-301

ple a group of G rollouts {H(i)}Gi=1 from the old302

policy πθold(H | q) and maximize:303

Jexec(θ) = E(q,a)∼D,{H(i)}Gi=1∼πθold (H|q)

[
1

G

G∑
i=1

1

|H(i)|

|H(i)|∑
j=1

min
(
ri,j(θ)Â

exec
i,j ,

clip(ri,j(θ), 1− ϵlow, 1 + ϵhigh)Â
exec
i,j

)]
,

(4)304

where ri,j(θ), ϵlow, and ϵhigh are defined identi-305

cally to those in Equation (2), while Âexec
i,j is the ad-306

vantage estimate derived from the trajectory-level307

execution rewardRexec via group normalization.308

3.4 Plan Rubrics Evaluation and Validation309

Rubrics are validated at the end of each optimiza-310

tion cycle against manual plan outcomes using two311

metrics: AUC (measuring ranking quality) and Co-312

hen’s κ (measuring agreement). We require313

AUC ≥ 0.8, κ ≥ 0.75.314

If either threshold is not met, the rubrics will be 315

revised. This iterative validation–revision loop con- 316

tinues until convergence, ensuring the rubrics re- 317

main aligned with task success criteria. 318

4 Experiments 319

In this section, we present a series of experiments 320

designed to evaluate the effectiveness and scala- 321

bility of Anchor-GRPO, addressing three critical 322

questions: 323

1. Performance of Anchor-GRPO: Does 324

WebAnchor outperform strong external agents, 325

including proprietary models (e.g., OpenAI, 326

DeepSeek-V3.1) and open-source models (e.g., R1- 327

Searcher (Song et al., 2025), WebSailor), as well 328

as internal baselines such as GRPO and First-step 329

GRPO, across challenging agentic benchmarks? 330

2. Plan Quality and Downstream Impact: How 331

does Anchor-GRPO enhance the quality of initial 332

plans, particularly in terms of Subgoal Coverage, 333

Goal Alignment, and Tool Efficiency? More im- 334

portantly, how does this improvement in planning 335

quality translate to better downstream execution 336

and task success? 337

3. Scalability Potential: Is the two-stage design 338

of Anchor-GRPO well-suited for future scaling? 339

We examine whether performance consistently im- 340

proves as model sizes increase (ranging from 3B to 341

30B) and context lengths grow (from 16k to 64k), 342

suggesting strong potential for continued improve- 343

ment as model capacity and complexity advance. 344

Ablation Studies: We conduct ablation studies 345

that evaluate the necessity of core elements—such 346

as two-stage optimization, rubric-based reward 347

shaping, and first-step planning. Additionally, we 348

analyze how the quality of the Anchor Plan impacts 349

tool usage efficiency and overall task performance. 350

4.1 Experimental Setup 351

4.1.1 Benchmarks and Metrics 352

Benchmarks We evaluate our method on 353

four challenging benchmarks for web-based 354

information-seeking tasks: BrowseComp_en (Wei 355

et al., 2025), BrowseComp_zh (Zhou et al., 2025), 356

XBench-DeepSearch (Xbench Team, 2025), and 357

GAIA (Mialon et al., 2023). 358

Metrics We evaluate using Pass@1 and Pass@3, 359

which measure the success rates of finding the cor- 360

rect answer in the first and top-three rollouts, re- 361
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Model RL Algo
GAIA BrowseComp BrowseComp-ZH Xbench

Pass@1 Pass@3 Pass@1 Pass@3 Pass@1 Pass@3 Pass@1 Pass@3

Advanced Models
OpenAI-o3† - 70.5 - 50.9 - 58.1 - 66.7 -
Claude-4-Sonnet† - 68.3 - 12.2 - 29.1 - 64.6 -
Kimi-K2† - 57.7 - 14.1 - 28.8 - 50.0 -
DeepSeek-V3.1† - 63.1 - 30.0 - 49.2 - 71.0 -

Open-source Agents ≤ 32B
R1-Searcher-7B - 20.4 - 0.4 - 0.6 - 4.0 -
WebThinker-RL - 48.5 - 2.8 - 7.3 - 24.0 -
WebDancer-QwQ - 51.5 - 3.8 - 18.0 - 39.0 -
WebSailor-7B - 37.9 - 6.7 - 14.2 - 34.3 -
WebSailor-32B - 53.2 - 10.5 - 25.5 - 53.3 -

WebAnchor-3B
GRPO 27.2 43.6 5.1 8.7 12.3 19.2 31.6 55.0

First-step GRPO 30.1 44.6 6.9 10.2 12.9 21.5 34.7 55.0
Anchor-GRPO 28.3 43.5 7.1 11.5 13.1 25.0 37.7 56.0

WebAnchor-7B
GRPO 33.0 44.7 6.3 11.7 17.5 31.5 40.7 56.0

First-step GRPO 38.5 55.1 9.3 16.3 16.4 31.2 37.7 52.0
Anchor-GRPO 37.8 51.5 11.6 20.7 23.8 36.7 45.0 66.0

WebAnchor-30B
GRPO 75.8 87.6 44.0 65.0 46.2 61.4 71.0 84.0

First-step GRPO 74.8 87.4 43.3 66.0 47.9 63.2 72.0 88.0
Anchor-GRPO 76.4 86.4 46.0 67.5 48.8 65.1 75.1 85.0

Table 1: Performance comparison of the proposed Anchor-GRPO method across different model sizes and RL
algorithms, evaluated on multiple benchmarks (GAIA, BrowseComp, BrowseComp-ZH, Xbench).

spectively. Pass@1 is averaged over three runs for362

stability. We use Qwen-2.5-72B as scoring model.363

4.1.2 Baselines364

We conduct experiments on models ranging from365

3B to 30B: including WebSailor-3B 1 , WebSailor-366

7B 2 , and Tongyi-DR-30B 3 , which are fine-tuned367

on synthetic information-seeking data for multi-368

turn tool use and serve as the base policies. We369

compare three RL settings, including our method:370

1. GRPO, which applies GRPO over the entire tra-371

jectory using exact match reward for all planning372

and execution steps; and 2. First-step GRPO, a373

two-stage approach that first optimizes the initial374

planning step and then optimizes the entire trajec-375

tory. Both stages use sparse (0/1) rewards based on376

final answer exact match. Our method, 3. Anchor-377

GRPO, also uses a two-stage process but leverages378

Plan Rubrics–derived dense rewards for initial plan379

optimization, followed by sparse task-completion380

rewards during execution.381

Training Setup We use 1,000 high-quality ex-382

amples from an in-house wiki corpus, filtered by383

1 https://huggingface.co/Alibaba-NLP/
WebSailor-3B

2 https://huggingface.co/Alibaba-NLP/
WebSailor-7B

3 https://huggingface.co/Alibaba-NLP/
Tongyi-DeepResearch-30B-A3B

task difficulty. The training process takes place in 384

a virtual wiki environment, replaces the real web to 385

ensure faster request speeds and improved stability. 386

Our experiments are conducted on 64 GPUs, with 387

batch size of 32 and rollout num of 8. 388

4.2 Main Results 389

Anchor-GRPO Consistently Outperforms Base- 390

lines and Achieves SOTA Performance Across 391

Different Model Sizes Anchor-GRPO outper- 392

forms both baseline GRPO and other models, 393

achieving SOTA performance in Pass@1 and 394

Pass@3 across multiple benchmarks. For exam- 395

ple, WebAnchor-30B achieves 46.0% Pass@1 396

on BrowseComp, surpassing baseline GRPO 397

(42.0%) and First-step GRPO (41.3%). In GAIA, 398

WebAnchor-30B achieves 76.4% Pass@1, outper- 399

forming WebSailor-32B (53.2%) and OpenAI-o3 400

(70.5%). These results highlight Anchor-GRPO’s 401

ability to improve task completion rates and surpass 402

existing methods in long-horizon reasoning. 403

First-GRPO Demonstrates the Effectiveness 404

of Two-Stage Training, While Anchor-GRPO 405

Further Optimizes with Plan Rubrics Reward 406

First-step GRPO demonstrates the benefits of two- 407

stage training by optimizing the first step inde- 408

pendently. Anchor-GRPO further enhances per- 409

formance by integrating a Plan Rubrics Reward 410

6

https://huggingface.co/Alibaba-NLP/WebSailor-3B
https://huggingface.co/Alibaba-NLP/WebSailor-3B
https://huggingface.co/Alibaba-NLP/WebSailor-7B
https://huggingface.co/Alibaba-NLP/WebSailor-7B
https://huggingface.co/Alibaba-NLP/Tongyi-DeepResearch-30B-A3B
https://huggingface.co/Alibaba-NLP/Tongyi-DeepResearch-30B-A3B


(a) Training dynamics comparison across
GRPO, First GRPO, and Anchor-GRPO.

(b) Tool-call usage comparison across
GRPO, First GRPO, and Anchor-GRPO.

(c) Rubrics reward scaling of Anchor-
GRPO across model sizes (3B–30B).

Figure 4: Performance and behavior analysis of Anchor-GRPO versus baselines, including training convergence,
tool efficiency, and reward robustness across model scales.

in Stage 1. This reward significantly improves the411

first-step planning, as shown by the 2.7% improve-412

ment in Pass@1 for WebAnchor-30B over First-413

step GRPO at BC, underscoring the advantage of414

planning optimization through structured rubrics.415

Anchor-GRPO Exhibits Strong Scalability416

Across Different Model Sizes Anchor-GRPO417

shows excellent scalability, with performance im-418

proving from 3B to 30B models. WebAnchor-30B419

achieves 76.4% Pass@1 on GAIA, significantly420

outpacing WebAnchor-7B (37.8% Pass@1). In421

XBench, WebAnchor-30B reaches 75.1% Pass@1,422

showing robust performance as model size increase,423

proving its potential for complex tasks.424

4.3 Training Dynamics425

Reward Dynamics The WebAnchor-30B train-426

ing curve shows in 4a that Anchor-GRPO consis-427

tently outperforms both First-GRPO and GRPO,428

with a steady increase in rewards. This improve-429

ment is driven by Stage 1’s Plan optimization,430

which strengthens the agent’s first-step planning.431

By decoupling planning and execution, Anchor-432

GRPO provides a stable foundation for higher per-433

formance throughout training.434

Tool Calling Dynamics As shown in 4b,435

Anchor-GRPO exhibits more efficient and stable436

tool usage compared to both GRPO and First-437

GRPO. While First-GRPO reduces tool calls, it438

limits task success by restricting exploration. In439

contrast, Anchor-GRPO optimizes tool usage, bal-440

ancing efficiency with performance, resulting in441

better task completion.442

4.4 Ablation Studies443

Two-Stage Training Strategy We compare three444

settings: (i) standard GRPO (baseline), (ii) Stage-445

1-only, and (iii) full two-stage GRPO. While Stage-446

1-only yields the highest Alignment (67.2) and Effi- 447

ciency (65.4), its Pass@1 (42.0) lags behind the full 448

method. The two-stage approach achieves the best 449

task success (Pass@1: 46.0), demonstrating that 450

joint optimization enables the agent to adaptively 451

refine execution based on high-quality plans. 452

First-Step vs. Other-Step Update We ablate 453

which step is updated during GRPO: first, last, 454

or a random intermediate step. First-Step GRPO 455

achieves the highest Pass@1 (43.3) and Alignment 456

(58.2), significantly outperforming Random Step 457

(33.0) and Last Step (36.1). This confirms that op- 458

timizing the initial planning decision provides a 459

critical anchor for long-horizon task completion. 460

Reward Design for Planning We evaluate three 461

reward schemes for the planner: (i) sparse 0–1 ter- 462

minal reward, (ii) Naive Plan Reward, and (iii) our 463

dense rubric-based reward. The dense rubric re- 464

ward leads to the strongest performance (Pass@1: 465

46.0), substantially improving over Naive (44.2) 466

and terminal (43.3) rewards, highlighting the value 467

of structured, multi-dimensional feedback in shap- 468

ing effective plans. 469

4.5 Scaling of Anchor-GRPO 470

Context length scaling We evaluate Anchor- 471

GRPO on BrowseComp_EN with context lengths 472

of 32k, 48k, and 64k. Results shows in 5 consis- 473

tent performance gains as context length increases, 474

demonstrating effective scaling. This suggests that 475

Anchor-GRPO will further benefit from models 476

with larger context windows or greater capacity. 477

Plan rubrics reward scaling As shown in 4c, 478

WebAnchor models (3B, 7B, and 30B) all success- 479

fully converge on the plan rubrics reward, with re- 480

ward values increasing monotonically with model 481

size. This demonstrates strong scaling behavior of 482
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Ablation Settings Pass@1 Pass@3 Coverage Alignment Efficiency Avg. Tool Calls

Two-Stage Training Strategy
Full GRPO (baseline) 44.0 65.0 36.0 61.2 53.8 15.5
Only Planner Updated (Stage-1) 42.0 57.0 48.2 67.2 65.4 14.9
Two-Stage (Planner + Executor) 46.0 67.5 50.2 67.0 63.4 17.3

First-Step vs. Other-Step Update
Random Step GRPO 33.0 38.5 39.0 43.6 46.6 16.2
Last Step GRPO 36.1 40.8 33.4 41.4 42.8 13.0
First-Step GRPO 43.3 66.0 44.4 58.2 56.6 14.6

Reward Design
0-1 Terminal Reward 43.3 66.0 39.8 43.4 47.8 15.7
Naive Plan Reward 44.2 63.4 44.6 52.2 51.4 19.2
Planner Dense Reward 46.0 67.5 50.2 67.0 63.4 17.3

Table 2: Ablation studies on Browsecomp_en across three design dimensions. We compare how different settings
affect performance, plan quality and tool call efficiency.

the learned rubrics with respect to model capacity.483

Figure 5: Scaling of Anchor-GRPO

5 Related Work484

Long Horizon Web Reasoning Recent Deep Re-485

search (DR) agents tackle long-horizon web rea-486

soning through multi-step planning, iterative refine-487

ment, and web-scale evidence synthesis. Moving488

beyond standard RAG, works like WebThinker (Li489

et al., 2025b) and WebResearcher (Qiao et al.,490

2025) integrate Large Reasoning Models (LRMs)491

for deep thinking and self-correction. To manage492

unstructured evidence, structural frameworks such493

as WebWeaver (Li et al., 2025c) employ adaptive494

hierarchies to preserve coherence. These advances495

are benchmarked by DeepResearch Bench (Du496

et al., 2025) and extended to multimodal set-497

tings (Geng et al., 2025)), forming a robust founda-498

tion for autonomous scientific research.499

Agentic Reinforcement Learning Agentic RL500

has emerged as a key paradigm, transforming501

LLMs from passive sequence generators to au-502

tonomous agents capable of environmental inter-503

action and multi-step decision-making. Founda-504

tional surveys have formalized this transition, high- 505

lighting how RL optimizes both internal reason- 506

ing and external actions of agents (Zhang et al., 507

2025a). Multi-turn training frameworks like Agent- 508

R1 (Cheng et al., 2025) and AgentGym-RL (Xi 509

et al., 2025) enhance long-horizon performance 510

and tool-use capabilities. Researchers are also ad- 511

dressing challenges like sparse feedback and robust 512

tool integration through novel reward structures, 513

as seen in VerlTool (Jiang et al., 2025). These 514

advancements, supported by meta-thinking frame- 515

works such as ReMA (Wan et al., 2025) and verifi- 516

able reasoning models like RLVMR (Zhang et al., 517

2025b), create a comprehensive ecosystem where 518

RL powers tool-augmented AI systems. 519

6 Conclusion 520

We present Anchor-GRPO, a two-stage reinforce- 521

ment learning framework that decouples planning 522

and execution to address the unique challenges 523

of long-horizon web reasoning. By introducing 524

Plan Rubrics Learner, structured criteria distilled 525

from agent experiences, we enable dense and in- 526

terpretable reward shaping that significantly im- 527

proves plan quality. Our ablation studies confirm 528

that (1) optimizing the first planning step acts as 529

a critical anchor for downstream success, (2) joint 530

planner-executor training yields superior task accu- 531

racy over planner-only optimization, and (3) rubric- 532

based dense rewards are essential for effective pol- 533

icy learning. Evaluated on complex web research 534

tasks, Anchor-GRPO achieves state-of-the-art per- 535

formance, demonstrating that principled planning 536

grounded in explicit reasoning standards is key to 537

building stable agents. 538
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Limitations539

In this work, we have focused on applying the540

method to web agents and related tasks. However,541

we believe the plan anchor phenomenon may also542

be relevant in other domains, and we look forward543

to exploring the potential of this method in those544

areas. WebAnchor still has significant room for545

improvement in the proposed plan rubrics, which546

could potentially lead to further performance gains.547

We also hope that future research will continue to548

highlight the importance of first-step planning and549

introduce new optimization techniques to enhance550

its effectiveness.551
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A Appendix720

A.1 Motivation Experiment Details721

We use the Tongyi-deepresearch-A30 model to722

generate three rounds of rollouts for each dataset:723

Browsecomp-en, Browsecomp-zh, and GAIA. We724

select queries that are neither all wrong nor all cor-725

rect. We separately select the correct first step and726

the incorrect first step. Then, we fix the first step727

and generate 8 rollouts. We calculate the average728

Pass@8 for the correct first step and the incorrect729

first step. We found significant dropouts in BC-ZH,730

BC-EN, and GAIA, with drops of 28.76%, 30.89%,731

and 23.63%, respectively. These results highlight732

the significant effect of the first step anchoring.733

A.2 Detailed Prompts734

A.2.1 Insight Extraction Prompt735

Single Insight Extraction Prompt This prompt736

is used to extract insight from single successful or737

failed trajectory.738

You are an expert in evaluating reasoning
plans.
Query: question
Plan (known to be correctness): plan
Task: Analyze what makes this plan correct-
ness. Focus on: - Specific behaviors that
contribute to success (if correct) - Critical
flaws that cause failure (if incorrect) - Con-
crete dimensions of planning quality
Output only a concise bullet-point list of
insights.

739

Paired Insight Extraction Prompt This prompt740

is used to extract insight from single successful or741

failed trajectory.742

You are an expert in evaluating reasoning
plans for web-based information-seeking
tasks.
Below is a query and two plans: one that
leads to the correct answer, and one that
fails.
Query: question
Correct Plan: correct_plan
Incorrect Plan: incorrect_plan
Task: Analyze the key differences between
these two plans. Specifically: 1. What does
the correct plan do well that the incorrect
plan misses? 2. Which dimensions of plan-
ning quality are most discriminative here?
3. Avoid vague statements; be concrete and
grounded in the text.
Output only a concise bullet-point list of
insights (no intro/outro)

743

A.2.2 Plan Rubrics Prompt 744

You are tasked with evaluating the following
plan for a web information seeking task. Please
score the plan on the following dimensions using
a scale from 0 to 5:
- **0 = Very Poor**: Plan barely addresses the
criteria or is largely incorrect. - **1 = Poor**:
Plan meets only a small part of the criteria and is
mostly ineffective. - **2 = Fair**: Plan is some-
what effective and meets basic aspects, though
with flaws or inefficiencies. - **3 = Good**:
Plan is reasonably effective and meets many
of the criteria. - **4 = Very Good**: Plan is
mostly effective and meets most criteria with mi-
nor issues. - **5 = Excellent**: Plan is highly
effective, efficient, and well-structured.
Plan and Query:
- **Query**: <query> - **Plan**: <plan>
Please rate the plan on the following dimensions,
considering the **query** as the task goal and
evaluating how well the plan addresses the task:
1. Goal Alignment What to assess: Whether
the plan stays focused on what the user actu-
ally wants. Look for: A clear sense of the final
answer—what kind of thing it is (a name, a num-
ber, a date) and how the query’s details shape it.
The best plans show how each clue helps zero
in on that target. Ask yourself: Does this plan
really understand what needs to be found—and
why?

745
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2. Subgoal Coverage What to assess: How thor-
oughly the plan breaks down the problem. Look
for: All key constraints from the query (time,
place, people, numbers, relationships) turned
into concrete search or verification steps. Strong
plans don’t skip subtle but critical conditions.
Ask yourself: Has every meaningful restriction
been accounted for in a way that guides the
search?
3. Tool Appropriateness What to assess:
Whether the right sources are chosen for the
job. Look for: Use of authoritative, relevant re-
sources (e.g., official filings for financial data,
academic databases for research), with aware-
ness of how to access them. Bonus if it considers
alternatives when a source might fail. Ask your-
self: Are these the most trustworthy and efficient
places to get this information?
4. Logical Ordering What to assess: The flow
of reasoning from start to finish. Look for: A
natural progression—starting broad or with high-
signal clues, then narrowing down step by step.
Each action should set up the next, not repeat or
jump ahead. Ask yourself: Does the sequence
feel like a smart, efficient path to the answer?
5. Actionability What to assess: Whether the
plan can actually be carried out. Look for: Con-
crete, unambiguous instructions that a person
(or agent) could follow without guessing. Vague
phrases like “look it up” weaken this dimension.
Ask yourself: Could someone execute this as
written—or would they need to fill in gaps?
6. Clarity and Conciseness What to assess: How
easy the plan is to read and follow. Look for:
Clean structure, consistent language, and no un-
necessary repetition. Good plans are brief but
complete—nothing missing, nothing extra. Ask
yourself: Is this plan easy to understand at a
glance?
Output Format: Please output your evaluation in
**JSON format** with the following structure:
"Goal Alignment": "score": [SCORE], "com-
ment": "[COMMENT]" , "Subgoal Cover-
age": "score": [SCORE], "comment": "[COM-
MENT]" , "Tool Appropriateness": "score":
[SCORE], "comment": "[COMMENT]" , "Log-
ical Ordering": "score": [SCORE], "comment":
"[COMMENT]" , "Actionability": "score":
[SCORE], "comment": "[COMMENT]" , "Clar-
ity and Conciseness": "score": [SCORE], "com-
ment": "[COMMENT]" , "total_score": [TO-

746

TAL SCORE], "overall_comment": "[OVER-
ALL COMMENT]"
Where:
[SCORE] is a number from 0 to 5 based on the
evaluation criteria.
[COMMENT] provides an explanation of the
score.
[TOTAL SCORE] is the sum of the individual
scores.
[OVERALL COMMENT] is a brief comment
summarizing the overall quality of the plan.

747

A.3 Pseudo code of Plan rubrics optimization 748
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Algorithm 1 Stage 1: Anchor Plan Optimization via Rubric-Guided Learning

Require: Insight set S = {si = (qi, pi, insighti)}ni=1 from prior trajectories
Require: Initial rubricsR0 over planning dimensions {d1, . . . , dm}
Require: LLM-based updater FUpdate, convergence criterion

1: Initialize rubrics: R ← R0

2: repeat
3: Sample balanced batch Bt = {Bsuccess,Bfailure,Bpaired} ⊆ S
4: Update rubrics: R ← FUpdate(R,Bt)
5: EvaluateR on:
6: (i) alignment with human judgments
7: (ii) discriminative power between correct/incorrect plans
8: if human feedback needed then
9: Refine ambiguous/erroneous rubric items via annotators

10: end if
11: until convergence criteria met
Ensure: Final rubric setR
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