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Abstract001

Current web agents lack the ability to anticipate002
action outcomes, leading to inefficient plans003
that fail to account for the structure and dynam-004
ics of unfamiliar environments. We introduce005
WebATLAS (Actor-Critic Task-completion006
with Look-ahead Action Simulation for Web007
Applications), a memory-augmented web agent008
that grounds its planning in environment reality009
by simulating action consequences in cognitive010
space before execution. WebATLAS first con-011
structs a multi-layered agentic memory, com-012
prising a cognitive map that encodes action013
transition dynamics, and an episodic memory014
that captures procedural experience, through015
lightweight curiosity-driven exploration. Dur-016
ing execution, Look-Ahead Action Simulation017
(LAS) leverages this memory to simulate action018
outcomes over candidate actions using real, pre-019
viously observed transitions rather than LLM-020
hallucinated outcomes. A critic evaluates the021
resulting trajectories, selects the most promis-022
ing action sequence, and triggers dynamic re-023
planning when observed states diverge from024
predictions. WebATLAS achieves state-of-the-025
art results on three web agent benchmarks026
(WebArena-Lite, WebChoreArena, WebVoy-027
ager) without any website-specific LLM fine-028
tuning. Ablations confirm that multi-layered029
memory, look-ahead simulation, and replan-030
ning serve complementary roles.031

1 Introduction032

Autonomous web agents that navigate sites and exe-033

cute complex tasks on behalf of users—information034

gathering, transactions, configuration—remain035

far from human-level reliability on long-horizon036

benchmarks (Yao et al., 2022; Sodhi et al., 2023;037

Koh et al., 2024). The difficulty is multifold: par-038

tial observability over sprawling page structures,039

vast action spaces requiring multi-step planning,040

and the risk of irreversible mistakes (e.g., placing041

an unintended order or deleting data).042

Current LLM-based web agents are largely re- 043

active. They lack structured knowledge of the en- 044

vironment and have limited ability to anticipate 045

action outcomes before execution (Erdogan et al., 046

2025). Existing methods employ a general-purpose 047

LLM to predict outcomes, but such predictions are 048

ungrounded in the actual environment and prone 049

to hallucination. Alternatively, methods that per- 050

form tree search by executing candidate actions in 051

the real environment risk triggering irrecoverable 052

states and incur prohibitive time costs. 053

To bridge these gaps, we introduce WebATLAS, 054

a web agent framework that simulates before acting, 055

with two major novel mechanisms: 056

1. Multi-Layered Agentic Memory, containing 057

a cognitive map of state transitions and an 058

episodic memory of environment-specific con- 059

straints (formats, irrecoverable states, etc.), con- 060

structed via curiosity-driven exploration; 061

2. Look-Ahead Action Simulation (LAS), sim- 062

ulating multi-step action outcomes in concep- 063

tual space with retrieved memory, and enabling 064

foresight without blind or greedy execution. 065

Experiments on three web agent benchmarks 066

demonstrate that WebATLAS achieves state-of-the- 067

art (SOTA) performance. On WebArena-Lite and 068

WebVoyager, WebATLAS outperforms Plan-and- 069

Act (), the previous SOTA, by 15.0 and 12.0 abso- 070

lute points in success rate, respectively. On long- 071

horizon and memory-heavy tasks on WebChore- 072

Arena, WebATLAS outperforms all baselines by a 073

significant margin. 074

We summarize our contributions: 075

• Novel memory design. We design a multi- 076

layer agentic memory, with cognitive map 077

and episodic memory, built from light-weight 078

curiosity-driven exploration, enabling outcome- 079

aware reasoning and hazard avoidance. 080
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• Look-ahead action simulation. We propose a081

framework that evaluates actions via multi-step082

simulated outcomes retrieved from the cognitive083

map, replacing unreliable LLM predictions with084

grounded environment-specific transitions.085

• SOTA performance. WebATLAS integrates086

memory, planner, actor-critic and achieves state-087

of-the-art performances on three agent environ-088

ments.089

2 Method090

Problem Formulation We cast web navigation091

as a Partially Observable Markov Decision Process092

(POMDP) defined by the tuple (S,A,O, T,R),093

where S denotes the state set, A denotes the action094

set, O denotes the observation set, T denotes the095

state transition function, and R denotes the reward.096

Given a natural-language goal q, the agent must097

synthesize a plan and execute a sequence of actions098

(a0, . . . , aT ) that reaches a goal-consistent termi-099

nal state. At each time step t, the agent receives100

partial observations ot ∈ O. Based on the observa-101

tion ot, the agent chooses an action to take at ∈ A,102

such as click or type. The goal of the agent is to103

maximize the reward, i.e. fulfilling task q.104

2.1 Overview105

Two components distinguish WebATLAS from106

prior agent systems:107

• Multi-Layered Memory (Section 2.2): con-108

sists of 1) cognitive map of state transitions109

and 2) episodic memory of environment-110

specific knowledge, which supports outcome-111

aware reasoning. This memory is constructed112

via curiosity-driven exploration (Section 2.3)113

before task execution and updated online dur-114

ing inference.115

• Look-Ahead Action Simulation (Sec-116

tion 2.5): simulates multi-step action117

outcomes by retrieving outcomes from the118

multi-layered memory, enabling foresight119

without executing actions. This avoids greed-120

ily selecting the next action or performing121

ungrounded outcome guessing.122

Figure 1(a) illustrates the workflow of WebAT-123

LAS. Given a task q, the Planner decomposes the124

task into a structured plan of subtasks. At each step125

t, the raw observation ot is summarized to lower126

cognitive load. The Actor proposes a small set of 127

action candidates Ct; the Critic evaluates each can- 128

didate and selects the most goal-advancing action. 129

The planner dynamically updates the plan when 130

observations diverge from expectations. 131

2.2 Multi-Layered Memory 132

Existing agents often fail because they (1) can- 133

not anticipate action outcomes–for instance, plac- 134

ing an order on a shopping website may lead to 135

irrecoverable states–and (2) are unfamiliar with 136

environment-specific conventions such as date for- 137

mats or search syntax (Yang et al., 2024). This 138

represents a fundamental gap between LLM agents 139

and human intelligence: humans routinely predict 140

action consequences using world knowledge or 141

environment-specific regulations. Our memory sys- 142

tem bridges this gap by encoding prior exploration 143

into structured, retrievable representations. 144

To bridge this gap, we build three complemen- 145

tary memory layers: 146

Layer 1: Working Memory This is a task- 147

specific buffer where intermediate observations and 148

a short task history are stored. This provides imme- 149

diate situational awareness for the current status. 150

Layer 2: Cognitive Map The cognitive map 151

encodes structured knowledge about the environ- 152

ment’s dynamics, capturing how actions transform 153

observations. It is represented as a graph of transi- 154

tions M = {(ot, at, ot+1)}, where ot and ot+1 de- 155

note observations (e.g., simplified HTML or URLs) 156

at consecutive steps and at is the executed action. 157

Each entry stores both the raw observation and a 158

concise agentic summary highlighting state deltas 159

and newly available affordances (e.g., “clicking 160

Reports reveals {Sales, Products, . . . }”). The con- 161

struction of these entries is described in Section 2.3. 162

For retrieval, the cognitive map is queried with 163

a state–action pair (ot, at), returning the next ob- 164

servation ot+1 with summarized outcome and new 165

observations. When the query hits an unexplored 166

node, a generic placeholder is returned, signaling a 167

retrieval miss to downstream modules. 168

Layer 3: Episodic Memory Episodic memory 169

captures environment-specific knowledge such as 170

constraints, formatting conventions, and idiosyn- 171

cratic behaviors. For instance, it records facts like 172

“the date box only accepts MM/DD/YYYY format” or 173

‘exporting CSV on the admin portal leads to an un- 174

recoverable waiting state”. By distilling recurring 175
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Agent Friendly Memory Access

(b) Memory Construction with Curiosity-Driven Exploration

Multi-
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Figure 1: Architecture of WebATLAS. (a) Flow of WebATLAS: The planner decomposes a task into a series
of subtasks. Given the summarized observations, the actor proposes next steps simulated by the critic. The
best goal-advancing and least harmful action is selected for execution. (b) Multi-layered agentic memory &
curiosity-driven exploration: We employ lightweight exploratory agents to interact with the environment and
build the multi-layered agentic memory (cognitive map + episodic memory). (c) Look-ahead Action Simulation
(LAS): WebATLAS simulates all candidate actions by retrieving observations from the memory, providing ability
to look-ahead. We employ the memory agent to learn from LAS trajectories to make a better plan and update
memory if necessary.

patterns from prior exploration, episodic memory176

enables agents to avoid known pitfalls and adapt to177

site-specific requirements.178

Both the cognitive map and episodic memory are179

optionally updated online when execution encoun-180

ters previously unseen transitions or dynamics.181

2.3 Memory Construction via182

Curiosity-Driven Exploration183

Prior work on artificial curiosity (Pathak et al.,184

2017) has demonstrated that intrinsically curious185

agents can drive effective environment exploration186

and task completion. Inspired by this insight, we187

construct the memory through curiosity-driven ex-188

ploration before evaluation begins.189

Exploration Policies We launch a set of190

lightweight explorer agents with diverse policies,191

implemented with varying LLM generation tem-192

peratures, sampling methods and hyperparameters,193

coverage incentive prompts. Crucially, no task-194

completion reward is used, avoiding information195

leakage from the test set. We balance breadth and196

depth, limiting explorers to visit the most promis-197

ing states within a fixed compute budget.198

Agentic Memory Access Given the exploration199

trajectories, a dedicated memory agent converts200

each raw observation ot and transition (ot, at, ot+1)201

into concise agentic summaries emphasizing:202

• Salient differences between successive obser-203

vations (ot, ot+1);204

• Newly available actions or affordances re- 205

vealed in ot+1; 206

• Site-specific rules, constraints, and hazards. 207

These summaries, together with the raw observa- 208

tions, are stored in the memory. This curation step 209

is essential: naively storing raw observations (e.g., 210

full HTML) would overwhelm the task agent at 211

retrieval, whereas agentic summarization exposes 212

only the most decision-relevant information. 213

2.4 Planner 214

Given the natural language task q and initial obser- 215

vation o0, the planner produces a structured plan 216

P0. At subsequent steps, it may trigger replanning 217

conditioned on the current observation, execution 218

state, and memory: 219

P0 = Planner(q, o0), (1) 220

Pt = Planner(q, ot, st,M). (2) 221

Plans are concise lists of sub-goals with success 222

predicates (e.g., “Reports → Sales → Set dates 223

→ Read table”). The current plan is included in 224

the context for both the actor and critic. Our plan- 225

ner follows the design of Chae et al. (2025) with 226

extensions for dynamic replanning described in 227

Section 2.6. 228

2.5 Look-Ahead Action Simulation (LAS) 229

At each step t, the actor proposes N executable 230

candidates Ct = Actor(q, Pt, ot, st,M), and the 231
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critic evaluates each candidate based on goal align-232

ment, state recoverability, action coherence, plan233

consistency, and outcome risk (e.g., destructive or234

dead-end transitions), selecting the highest-scoring235

action for execution.236

Simulated Action While the standard actor-critic237

loop provides a working baseline, it may suffer238

from insufficient exploration and myopic action239

selection. To address this, we extend the frame-240

work with Look-Ahead Action Simulation (LAS),241

which performs multi-step simulations in concep-242

tual space using the cognitive map.243

Unlike prior approaches that prompts a plain244

LLM for implicit world model (Chae, 2024), we245

leverage the cognitive map to retrieve observed246

action outcomes and environment-specific informa-247

tion, granting the critic the ability to look ahead be-248

yond the current step. For each candidate ait ∈ Ct,249

the critic retrieves the predicted next observation250

from the memory:251

ôit+1 = M(ot, a
i
t), (3)252

where i indexes candidates at step t. From each253

predicted state, the process recurses: the actor pro-254

poses new candidates and the critic evaluates them,255

repeating for D steps to produce a set of simulated256

trajectories.257

The critic then scores each simulated trajectory258

holistically, assessing whether the full sequence259

of predicted states makes consistent progress to-260

ward the goal. Trajectories whose transitions were261

directly observed in past experience are weighted262

more heavily than those relying on interpolated263

or uncertain transitions, since observed transitions264

provide more reliable predictions. The action initi-265

ating the highest-scoring trajectory is selected for266

execution.267

Efficiency Because simulations query the cogni-268

tive map via hash-based lookup, simulation incurs269

negligible computational overhead compared to270

environment interaction. No actual actions are ex-271

ecuted during simulation, preserving environment272

state and avoiding irrecoverable transitions.273

Comparison to Prior Work Existing agents per-274

form tree search using LLMs as both reward func-275

tions and world models, scoring candidate actions276

and pruning low-scoring branches. Our approach277

offers three advantages:278

1. Trustworthiness: Prior methods rely on LLM-279

imagined outcomes, which are prone to hallu-280

cination since LLMs are not explicitly trained 281

as world models. Our method retrieves real, 282

previously observed transitions, yielding sub- 283

stantially more reliable predictions. 284

2. Comprehensiveness: Prior methods conduct 285

greedy one-step evaluation, pruning branches 286

without further consideration. Actions that ap- 287

pear suboptimal at step t but enable high-value 288

states at step t+1 are lost. Our multi-step sim- 289

ulations resemble beam search, evaluating the 290

joint outcome of action sequences. 291

3. Efficiency: Simulation occurs entirely in con- 292

ceptual space—no environment actions are 293

executed—making it orders of magnitude 294

faster than approaches requiring actual envi- 295

ronment branching while avoiding irrecover- 296

able state changes. 297

2.6 LAS-Based Dynamic Replanning and 298

Memory Update 299

Replanning We trigger replanning when the ob- 300

served state diverges significantly from the ex- 301

pected state predicted by simulation: 302

Replan = 1

[
∥oobst − ôexpt ∥ > ε

]
. (4) 303

Effective planning requires foresight about likely 304

future states. We leverage the results of LAS to 305

inform the planner: as illustrated in Figure 1(c), 306

the planner integrates a brief exploration digest— 307

summarizing what worked, what failed, newly ex- 308

posed affordances, and uncovered prerequisites— 309

then updates the plan Pt. This mechanism can 310

be viewed as a lightweight form of causal model 311

updating, inspired by Sontakke et al. (2021). By 312

conditioning replanning on divergence rather than 313

triggering it at every step, we also prevent catas- 314

trophic forgetting of important context accumu- 315

lated in prior plans. 316

Online Memory Update. In addition to replan- 317

ning, the agent updates its memory during execu- 318

tion. When simulation or action execution encoun- 319

ters previously unseen transitions or environment 320

dynamics, the memory agent selectively incorpo- 321

rates new entries into both the cognitive map and 322

episodic memory. Decisions about what to retain, 323

update, or discard are delegated to the memory 324

agent, which curates information based on task rel- 325

evance and environmental novelty. This selective 326

updating prevents memory overload while ensuring 327

the agent’s world model remains current. 328
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Table 1: Task success rate comparison on WebArena-Lite, WebChoreArena, and WebVoyager environments. Best
performance is in bold and second best is _underlined. Baseline performances are directly referenced from original
papers if available. Additional results are shown in Appendix.

Agent WebArena-Lite WebChoreArena WebVoyager

WebPilot 35.3 8.9 35.7
AWM 33.0 15.1 29.6
WebRL 48.1 9.6 35.6
AgentOccam-Judge 43.1 23.5 40.1
WebAgent-R1 44.8 13.1 32.0
Plan-and-Act 53.9 12.5 58.1

WebATLAS (Ours) 68.5 33.7 63.2

3 Experimental Setup329

Agent Environments We evaluate WebATLAS330

on three web agent benchmarks spanning diverse331

task complexities and web environments.332

• WebArena-Lite (Liu et al., 2024b) is a cu-333

rated subset of WebArena (Zhou et al., 2024)334

adapted as a higher quality and more scalable335

benchmark for evaluating web agents in the336

most realistic setting possible, incorporating337

realistic scenarios such as unexpected environ-338

ment failures. WebArena-Lite consisting of339

165 tasks across websites of multiple domains340

(E-commerce, forums, content management,341

GitLab, and maps). Tasks require multi-step342

interactions and are evaluated via functional343

correctness criteria such as exact URL match,344

string match, or program-based verification.345

• WebChoreArena (Miyai et al., 2025) intro-346

duces challenging tasks under the WebArena347

environment that require navigating through348

multiple websites, long-horizon planning, and349

massive memory to finish.350

• WebVoyager (He et al., 2024) evaluates agents351

on real-world websites (e.g., Google Maps,352

Amazon, GitHub) with open-ended tasks353

graded by an LLM judge. It tests general-354

ization to unseen, live web pages where the355

DOM structure and content change over time,356

requiring robustness to layout variability and357

dynamic content. We focus on the text-only358

setting.359

Baselines We compare WebATLAS to a360

wide range of baselines: 1) WebPilot (Zhang361

et al., 2025), 2) Agentic Workflow Memory362

(AWM) (Wang et al., 2024a), 3) WebRL (Qi363

et al., 2024), 4) AgentOccam (Yang et al., 2024),364

5) WebAgent-R1 (Wei et al., 2025), and 6)365

Plan-and-Act (Erdogan et al., 2025).366

4 Results 367

4.1 Comparison with Baselines 368

Table 1 presents the task success rates across all 369

three benchmarks. WebATLAS achieves state-of- 370

the-art performance on all environments, specifi- 371

cally 68.5% on WebArena-Lite, 33.7% on Web- 372

ChoreArena, and 63.2% on WebVoyager. 373

On WebArena-Lite, WebATLAS outperforms 374

the strongest baseline, Plan-and-Act (Erdogan et al., 375

2025), by 14.6 absolute point, demonstrating the 376

benefit of integrating memory-augmented reason- 377

ing with look-ahead simulation beyond static plan- 378

ning alone. On WebChoreArena, WebATLAS 379

surpasses AgentOccam-Judge by 10.2 absolute 380

point, indicating that our memory layers and re- 381

planning mechanism are particularly effective for 382

long-horizon procedural tasks where tracking com- 383

pleted sub-steps is critical. On WebVoyager, We- 384

bATLAS improves over Plan-and-Act by 5.1 abso- 385

lute point, showing that our approach generalizes 386

to live, dynamic websites despite being developed 387

primarily on self-hosted environments. 388

Notably, no single baseline performs consis- 389

tently well across all three benchmarks—for 390

instance, Plan-and-Act excels on WebVoyager 391

but underperforms on WebChoreArena, while 392

AgentOccam-Judge is competitive on WebChore- 393

Arena but lags on WebArena-Lite. In contrast, 394

WebATLAS achieves the best performance on ev- 395

ery benchmark, suggesting that the combination 396

of structured memory, hierarchical planning, and 397

look-ahead simulation provides robustness across 398

diverse task types and web environments. 399

4.2 Ablation Study 400

We conduct an ablation study to isolate the contri- 401

bution of each component in WebATLAS, starting 402

from the AgentOccam base agent, shown in Ta- 403

ble 2. 404
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Memory Layers Adding cognitive map yields a405

substantial improvement of +6.6 point, as it enables406

the agent to reason about site structure and avoid re-407

dundant exploration. Episodic memory provides a408

gain of +2.8 point by supplying relevant procedural409

knowledge from prior episodes. Combining both410

memory layers produces a complementary effect411

(55.2%), confirming that structural and experiential412

knowledge address different failure modes.413

Traditional Memory vs. Agentic Memory A414

key design decision is how the agent accesses its415

memory stores. Traditional refers to retrieving the416

raw observations, while agentic memory employs417

a memory agent to decide what to read / write with418

content filtering, summarization, and highlighting.419

We find that replacing this with agentic memory420

access yields a further 3.0 point improvement. This421

result indicates that allowing the agent to actively422

reason about its information needs, rather than pas-423

sively receiving memory contents, is critical for424

effective utilization of stored knowledge.425

Look-ahead Action Simulation Look-ahead ac-426

tion simulation (LAS) allows the agent to mentally427

simulate the consequences of candidate actions be-428

fore committing to execution. With a single simu-429

lation step, LAS provides a +10.3% improvement430

over the base agent (58.2%), enabling the agent to431

reject actions likely to lead to dead ends or irre-432

versible states. Extending to two simulation steps433

yields further gains (62.7%, +14.8% over base), as434

the agent can evaluate short action sequences and435

identify paths that require multi-step commitments.436

The return is diminishing beyond two steps.437

Planning An initial high-level plan, generated at438

the start of each task and decomposing the goal into439

sub-goals, provides a 3.0 absolute point improve-440

ment (50.9%). While the planner helps structure441

exploration, static plans degrade when the agent en-442

counters unexpected page layouts or action failures.443

Adding replanning dramatically amplifies the ben-444

efit (+10.9 absolute point total, reaching 58.8%).445

Replanning allows the agent to recover from plan446

failures and adapt its strategy as it gathers new in-447

formation about the environment, closing the gap448

between the idealized plan and the actual web state.449

Full System The complete WebATLAS agent in-450

tegrates all components, achieving 68.5% success451

rate. Notably, this exceeds the sum of individual452

component gains, indicating positive interactions.453

Table 2: Ablation study of on WebArena-Lite.
Agent Succ. Rate

Base 47.9

Memory

+ Cognitive Map 54.5
+ Episodic Memory 50.7
+ Both 55.2
+ Both, Agentic Memory Access 58.2

LAS

+ LAS 1 step 58.2
+ LAS 2 steps 62.7

Planning

+ Initial Plan 50.9
+ Initial Plan, Replanning 58.8

WebATLAS (Full) 68.5

The cognitive map informs replanning by provid- 454

ing structural context, look-ahead action simulation 455

is more effective when guided by a high-level plan, 456

and agentic memory access allows the agent to re- 457

trieve targeted knowledge conditioned on both its 458

plan and simulated outcomes. The 20.6% abso- 459

lute point improvement over the base agent demon- 460

strates that structured reasoning and memory, when 461

tightly integrated, substantially extend the capabili- 462

ties of web agents. 463

4.3 Discussion 464

Error Analysis We manually categorize failure 465

cases to identify the primary bottlenecks limit- 466

ing agent performance shown in Figure 2. Ob- 467

server error is the dominant failure mode (23.5%), 468

where the agent misinterprets or overlooks criti- 469

cal information from the environment state, sug- 470

gesting that grounding perception remains a core 471

challenge. Long-horizon tasks account for 20.3% 472

of failures, indicating that agents struggle to main- 473

tain coherent plans over extended action sequences 474

with compounding errors. Planning errors and ir- 475

relevant actions (15.7%) reflect cases where the 476

agent selects suboptimal or off-task actions despite 477

correct observations. Unfamiliarity with the en- 478

vironment (13.8%) highlights generalization limi- 479

tations when agents encounter novel interfaces or 480

unseen configurations. Massive memory require- 481

ments (11.6%) point to failures when tasks demand 482

retention and reasoning over large amounts of con- 483

textual information that exceed the agent’s effective 484

working memory. Environment errors (6.7%) repre- 485

sent environment-related failures such as evaluator 486

failed or API timeouts outside the agent’s control. 487
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The remaining 8.4% comprise miscellaneous edge488

cases such as agent termination. These findings489

suggest that improving observation grounding and490

long-horizon reasoning should be prioritized in fu-491

ture agent architectures.492

Cognitive Map Hit Rate During LAS, we track493

whether each retrieved transition corresponds to494

a previously observed state-action pair (hit) or495

requires interpolation from neighboring entries496

(miss). Across WebArena-Lite, the cognitive map497

achieves a hit rate of 73.2% at depth 1 and 58.6% at498

depth 2, reflecting that most immediate transitions499

have been encountered in prior exploration.500

Time Cost of LAS The cognitive map is con-501

structed during an offline exploration phase prior502

to task execution, meaning its memory footprint503

does not contribute to online inference cost. During504

task execution, LAS queries the pre-built cognitive505

map via hash-based lookup to simulate rollouts for506

each of the 3 candidate actions. Since no LLM507

calls or environment interactions are required for508

state prediction, the overhead is minimal: 1-step509

LAS increases total task completion time by only510

1.6%, and 2-step LAS by 2.9%. This stands in con-511

trast to tree-search methods that invoke the LLM512

or execute real environment actions at each branch,513

which scale multiplicatively with branching factor514

and depth. The negligible cost of LAS enables515

deeper deliberation without meaningful impact on516

wall-clock efficiency.517

5 Related Work518

Web Agents Early web agents predominantly519

rely on rule-based approaches, which lack the520

adaptability required for dynamic web environ-521

ments. Recent advances have shifted toward522

learning-based methods. Zhou et al. (2024) intro-523

duced WebArena, a comprehensive benchmark for524

evaluating web agents across realistic multi-step525

tasks, establishing a foundation for systematic eval-526

uation in this domain. Building on this, (Liu et al.,527

2024a) introduced WebArena-Lite, a curated subset528

addressing quality and scalability concerns in the529

original benchmark. Recent work has focused on530

enhancing LLM agents with structured approaches531

to planning and memory. Qi et al. (2024) applied532

reinforcement learning principles to web naviga-533

tion, achieving notable improvements through pol-534

icy optimization. Zhang et al. (2025) developed535

WebPilot, focusing on multimodal understanding536

Observer error

23.5%

Long-horizon

20.3%

Planning Error / irrelevant

15.7%

Not familiar
with env

13.8%

Massive memory
requirement11.6%

Other

8.4%

Environment error

6.7%

Figure 2: Error analysis for WebATLAS.

of web content, while Erdogan et al. (2025) intro- 537

duced Plan-and-Act, emphasizing hierarchical task 538

decomposition. (Wang et al., 2024b) introduced 539

Agent Workflow Memory (AWM), demonstrating 540

the importance of persistent memory in multi-step 541

web tasks. (Yang et al., 2024) developed AgentOc- 542

cam and demonstrated the effectiveness of simpli- 543

fying the action space to natural language. 544

Memory-Augmented Agents Memory mecha- 545

nisms have emerged as crucial components for 546

long-horizon task completion. (Weston et al., 547

2014) established foundational work on memory 548

networks, which has been adapted for sequential 549

decision-making contexts. More recently, (Zhong 550

et al., 2023) proposed MemoryBank, a compre- 551

hensive framework for managing episodic and se- 552

mantic memory in LLM-based agents. The con- 553

cept of cognitive maps, originally from cognitive 554

science (Tolman, 1948), has been adapted for ar- 555

tificial agents. (Wayne et al., 2018) demonstrated 556

neural implementations of cognitive mapping in 557

reinforcement learning contexts, while (Park et al., 558

2023) showed how LLMs can maintain and uti- 559

lize spatial-temporal memory representations for 560

complex behavioral simulation. 561

6 Conclusion 562

We introduce WebATLAS, a web agent that con- 563

sists of look-ahead action simulation (LAS) and 564

multi-layered agentic memory. With LAS, We- 565

bATLAS simulates action outcomes with obser- 566

vations that are grounded to environments, avoid- 567

ing blindly executing without aware of the poten- 568

tial consequences. Experiments on three agent 569

benchmarks demonstrate that WebATLAS achieves 570

state-of-the-art performance, outperforming previ- 571

ous best-performing baselines significantly. 572
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Limitations573

For a web agent, system robustness needs to be574

measured via stress tests that include UI drift, au-575

thentication flows, stochastic failures, and long-576

horizon, multi-session tasks. Additionally, next-577

generation planning should be budget-aware and578

safety-aware by design, trading off success, latency,579

and risk through calibrated uncertainty and con-580

straint handling. We defer the study of these as-581

pects to future works.582
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Table 3: Task success rate comparison on WebArena-Lite and WebVoyager environments. Best performance is in
bold and second best is _underlined. Baseline performances are directly referenced from original papers if available.

Agent Avg w/
Multi-site

Avg w/o
Multi-site Gitlab Reddit Shopping Shopping

Admin Maps Multi-
Site

WebPilot 35.3 39.4 65.1 36.9 24.7 33.9 – –
AWM 33.0 31.8 50.9 30.8 29.1 43.3 – –
WebRL 48.1 50.0 78.9 44.4 54.3 40.0 – –
Plan-and-Act 53.9 57.5 53.3 84.2 55.6 48.6 46.6 30.0
AgentOccam-Judge 43.1 37.8 61.3 40.6 45.6 46.8 14.6 –
AgentOccam-Judge + Claude-4-Sonnet 46.7 49.7 66.7 68.4 40.0 42.9 30.8 30.0

WebATLAS (Ours) 68.5 71.3 73.3 84.2 53.3 77.1 42.3 40.0
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B Agent Prompts 699

B.1 Planner Prompt 700

Planner Prompt

You are an AI assistant tasked with generating structured checklists that highlight key subgoals
necessary to complete a task.
Task Description

• User Instruction (Goal): {task_objective}

• Start Website URL: {initial_url}

• Initial Observation: {initial_html}

Guidelines for Checklist Generation

1. Identify Essential High-Level Subgoals:

• A subgoal should represent a significant step involving user interaction that leads to
noticeable page transitions or meaningful changes in system state.

• Consolidate closely related user actions (such as applying multiple filters or selecting
several options) into a single subgoal.

• Prioritize only the most critical interactions necessary for meaningful progression,
avoiding minor or unnecessary steps (e.g., scroll, hover).

2. Provide a Concise Subgoal Analysis:

• Before creating the checklist, offer a brief paragraph summarizing the main subgoals,
emphasizing significant transitions or page-level interactions.

3. Ensure Clear Goal:

• If multiple related interactions occur (e.g., setting filters 1, 2, and 3), combine them into
one subgoal with clear criteria verifying all required conditions.

• The checklist should contain only essential steps and should not exceed five critical
subgoals.

• It is not necessary to use all five items if fewer steps adequately represent the essential
subgoals.

Output Format: Before generating the checklist, first produce a concise subgoal analysis in a
single paragraph summarizing the required interactions. Then generate the checklist.

701
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B.2 Actor Prompt702

Actor Prompt

You are an AI assistant performing tasks on a web browser. You will be provided with task
objective, current step, web page observations, previous plans, and interaction history. You need to
issue an action for this step.
Generate the response in the following format: {output_specifications}
You are ONLY allowed to use the following action commands. Only issue one single action.
Planning Actions

• branch [parent_plan_id] [new_subplan_intent]: Create a new subplan based on pre-
vious plans. Ensure the new subplan is connected to the appropriate parent plan by using its
ID.

• prune [resume_plan_id] [reason]: Return to a previous plan state when the current plan
is deemed impractical.

Web Interaction Actions

• click [id]: Click on an element with its numerical ID on the webpage.

• go_back: Return to the previously viewed page.

• go_home: Return to the homepage.

• note [content]: Take note of important info w.r.t. completing the task.

• stop [answer]: Stop interaction and return response.

• type [id] [content] [press_enter_after=0|1]: Type content into a field with a specific
ID. By default, “Enter” is pressed after typing unless press_enter_after is set to 0.

703

B.3 Critic Prompt704

Critic Prompt

You are a seasoned web navigator. You now assess the value and risk of several web navigation
actions based on the objective, the previous interaction history, and the web’s current state. Then,
you select the action with the most value and least risk with which you would earn the maximum
objective fulfillment reward in the future.
Adhere to the following output format: {output_specifications}
Note that branch and prune are planning actions that will modify the previous plan section and
won’t interact with the web environment.

705
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B.4 Episodic Memory Prompt 706

Episodic Memory Prompt

You are an expert in summarizing agent exploration. You are given a list of exploration tra-
jectories and a previous environment dynamics summary. Your task is to update the summary
by incorporating new evidence. Focus on rules, constraints, and possibilities revealed by the
environment.
Output Must Include:

1. Allowed Actions – Actions that successfully changed the state or were permitted.

2. Prohibited / Invalid Actions – Actions that failed, were blocked, or had no effect.

3. Environment-Specific Formats – Date format, search format, URL format.

4. Newly Exposed Options – Actions that became visible during exploration.

5. Environment Reliability – Inconsistent behavior, errors, or misleading cues.

6. Coverage & Unknowns – Confirmed dynamics vs. uncertain or untested areas.

Notes: Keep concise (<5 bullets per section, <500 tokens). If new findings contradict older ones,
mark explicitly. Do not discard prior information unless contradicted.
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