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Abstract

With the advent of large language models, au-
tonomous web agents have achieved more so-
phisticated capabilities in planning, reflecting,
and tool using, enabling automating navigation
in complex and dynamic web environments.
Despite this, existing efforts to instill experien-
tial learning through memory-centric retrieval
or skill-centric synthesis are respectively lim-
ited by computational inefficiency and brittle
execution, making it difficult for web agents
to reuse experience reliably. To tackle this
problem, we introduce a web agent framework
called WebSync, which is designed to unify
strategic advice and skill synthesis through a
structured skill recipe to compile experience
into executable skills more efficiently and ro-
bustly. Furthermore, it enables continuous self-
improvement by using runtime feedback to trig-
ger iterative recipe and skill refinement, sup-
porting a transition from trial-and-error reason-
ing to guarded execution. Experimental results
on WebArena and WebVoyager benchmarks
demonstrate the effectiveness and versatility
of WebSync across multiple backbone large
language models.

1 Introduction

Large Language Models (LLMs) significantly ad-
vance web automation by enabling agents to navi-
gate complex and dynamic environments with so-
phisticated planning, reflection, and tool-use capa-
bilities (Zhou et al., 2023; He et al., 2024; Deng
et al., 2023, 2024; Luo et al., 2025; Ning et al.,
2025). Despite these advances, existing web agents
lack sufficient experiential learning, trapping them
in a “solve-once, forget-again” cycle where routine
tasks never become more efficient over time, and
agents repeat costly trial-and-error reasoning for
familiar scenarios.
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Figure 1: The workflow of WebSync. Unlike the
Base method (top), which relies on inefficient step-by-
step ReAct reasoning for primitive actions (e.g., click,
input), WebSync (bottom) significantly reduces inter-
action steps by integrating strategic advice with exe-
cutable skills. This allows the agent to transition from
granular trial-and-error to robust, high-level function
calls (e.g., search()).

To endow web agents with experiential learning,
prior research has pursued two distinct paradigms.
1) Memory-centric approaches (Ouyang et al.,
2025; Wang et al., 2024; Liu et al., 2025a) re-
trieve prior experiences—execution logs or refined
summaries—to guide planning and acting. While
improving adaptability, this approach remains com-
putationally expensive as agents must re-interpret
unstructured memories and re-reason through each
step. 2) Skill-centric approaches (Wang et al.,
2025; Zheng et al., 2025; Yu et al., 2025) synthesize
executable tools directly from successful trajecto-
ries. However, skill synthesis remains an isolated
trace-to-code pipeline, structurally disconnected
from strategic reasoning, yielding tools that lack
runtime safeguards and fail silently under interface
changes.

These two paradigms, though seemingly op-
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posed, capture complementary knowledge layers:
memory encodes strategic wisdom—when to act,
what to avoid, and how to recover—providing
adaptability, while skills encode executable pro-
cedures that bypass step-by-step reasoning, provid-
ing efficiency. In isolation, each inherits a critical
blind spot: memory without skills forces costly
re-derivation of execution plans (efficiency bottle-
neck), while skills without strategic grounding lack
awareness of their own applicability boundaries
and failure modes (safety bottleneck). The gap
we target is therefore not skill synthesis alone, but
the absence of a persistent mechanism that cou-
ples strategic advice, executable bindings, runtime
verification, and failure-driven refinement across
episodes.

To bridge this gap, we introduce WebSync,
a self-evolving framework built around recipe-
mediated co-evolution. WebSync compiles expe-
riential knowledge into Skill Recipes—persistent
contracts specifying when a skill applies (trigger
conditions), what it requires (parameter schemas),
how to verify success (postconditions), and how to
recover from failures (fallback strategies). These
recipes act as the shared interface between an Ad-
vice Library for strategic knowledge and a Skill Li-
brary for executable procedures: advice constrains
skill generation, recipes govern runtime reuse, and
execution feedback refines the same recipe object
over time, as shown in Figure 1. This design distin-
guishes WebSync from prior skill-centric systems
that primarily compile successful traces into pro-
grams or abstract skill interfaces.

Our contributions are summarized as follows:

• We present WebSync, a self-evolving frame-
work that integrates memory-based guidance
and executable skills through recipe-mediated
co-evolution. A Skill Recipe persists as the
shared object that links strategic advice, ex-
ecutable bindings, runtime verification, and
failure-driven refinement.

• We propose Recipe-Instructed Skill Synthe-
sis, a mechanism in which strategic advice
constrains skill parameterization and verifica-
tion. Unlike one-way trace-to-code synthesis,
recipe-instructed synthesis uses both success-
ful and failed experience to produce guarded
executable procedures with explicit applica-
bility and recovery logic.

• Extensive experiments on WebArena and We-

bVoyager across multiple backbone LLMs
demonstrate that WEBSYNC consistently out-
performs existing methods, achieving up to
a 14.5% absolute gain in success rate and
a nearly 40% reduction in interaction steps,
showing that recipe-guided skills can im-
prove robustness alongside execution effi-
ciency. Our code will be released via https:
//github.com/wangyuanlei30/WebSync.

2 Related Work

Web Agents LLM-driven agents have evolved
into general-purpose assistants that integrate text
and visual signals to navigate complex environ-
ments (Yao et al., 2022a; He et al., 2024; Zhou
et al., 2023; Deng et al., 2023). To enhance relia-
bility, recent approaches have incorporated super-
vised fine-tuning (SFT) (Luo et al., 2025; Furuta
et al., 2024; Zheng et al., 2024; Lai et al., 2024),
reinforcement learning (RL) (Wei et al., 2025; Liu
et al., 2025b; Qin et al., 2025; Qi et al., 2024), and
explicit planning mechanisms (Zhang et al., 2025b;
Fang et al., 2025). However, these systems typ-
ically operate in a memory-less manner, treating
every task instance as a novel problem. This results
in redundant, computationally expensive reasoning
for routine activities, underscoring the necessity for
experiential learning mechanisms.

Self-Evolving Agents Rather than relying on ex-
pensive model re-training, self-evolving agents au-
tonomously refine their capabilities by accumulat-
ing experience. By leveraging foundational tech-
niques such as natural language reflection, tra-
jectory optimization, and automated tool synthe-
sis, these systems continuously adapt within open-
ended environments (Gao et al., 2025; Zhang et al.,
2025a; Zhao et al., 2024; Qiu et al., 2025; Lin
et al., 2025). Recent zero-data frameworks such
as Agent0 further show that tool-integrated co-
evolution can bootstrap agents without human-
curated data (Xia et al., 2025); our setting is
complementary, focusing on how accumulated
web-interaction traces are compacted into reusable
recipe contracts for guarded execution. In the do-
main of autonomous web navigation, such strate-
gies generally manifest in two distinct paradigms:
(i) Memory-Centric Evolution (Liu et al., 2025a;
Ouyang et al., 2025; Wang et al., 2024) which
guides planning by retrieving historical insights
that range from raw logs to optimized reasoning
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Figure 2: Overview of WEBSYNC. It consists of three stages: (1) Advice Distillation (τ, x→A), where interaction
traces are compiled into high-level strategic advice; (2) Recipe Formulation (A→S), where advice is formalized
into a structured contract defining preconditions, postconditions, and recovery logic; and (3) Recipe-Instructed Skill
Consolidation (S, τ→f ), where guarded executable tools are generated. The top loop illustrates the continuous
consolidation process that refines recipes and hardens tools based on runtime feedback.

paths. While adaptable, these methods remain
inference-heavy because they require costly re-
reasoning even for familiar routines. (ii) Skill-
Centric Evolution (Zheng et al., 2025; Wang et al.,
2025; Yu et al., 2025), which compiles success-
ful trajectories into executable tools. While skill-
centric methods demonstrate the value of reusable
programs, they largely treat skill synthesis as a
one-way process from successful traces to exe-
cutable code or abstract interfaces. For example,
polymorphic skill abstractions such as PolySkill
improve transfer by separating abstract skill inter-
faces from site-specific implementations, but they
do not explicitly bind failed traces, runtime verifi-
cation, and recovery logic into a persistent contract.
In contrast, WebSync focuses on recipe-mediated
co-evolution: a Skill Recipe persists as the shared
contract between strategic advice and executable
bindings. This contract not only constrains skill
synthesis, but also governs runtime applicability,
postcondition-based verification, and failure-driven
refinement. Thus, the key distinction of WebSync
is not simply adding tool specifications, but using
recipes as the mechanism that couples memory,
execution, and feedback across episodes.

3 WebSync

We use standard web-navigation notation. An in-
teraction episode begins with a natural language
instruction x and a starting web state s0. At each

time step t, the agent receives an observation ot (en-
compassing rendered content and DOM structure),
selects an action at, and transitions to a new state
st+1, generating a trajectory τ = (o0, a0, . . . , oT ).
To address the inefficiency of low-level operations,
we define a hybrid action space A = Ap ∪ Af .
Here,Ap represents primitive browser actions (e.g.,
click, input), while Af consists of parameterized
executable skills f(θ; ot). Each skill encapsulates a
multi-step subroutine, enabling the agent to reason
at a strategic level while offloading routine execu-
tion.

3.1 Architecture

WebSync reconciles the trade-off between flexi-
ble but costly deliberative reasoning and efficient
but often brittle executable routines. A core de-
sign principle is that once a strategy has been vali-
dated through experience, its execution can be of-
floaded to deterministic procedures equipped with
environment-facing verification (e.g., DOM state
queries, URL parameter checks), rather than re-
peatedly re-derived by the model. Rather than
treating memory retrieval and tool synthesis as iso-
lated pipelines, our framework unifies them into a
continuous loop. Importantly, the entire pipeline—
exploration, advice distillation, recipe formulation,
and skill synthesis—is executed by the same back-
bone LLM without relying on any stronger ex-
ternal model. The framework operates in an on-
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Algorithm 1 WebSync Learn–Infer Loop
Require: instruction x, initial state s0, librariesMA,MS

Ensure: trajectory τ , updated librariesMA,MS

1: τ ← (o0); Eref ← ∅
2: d← false ▷ episode completion flag
3: for t = 0, . . . , Tmax do
4: Retrieve recipes St ← Retrieve(MA, x, σ(st))
5: Plan subgoals g with recipe anchors from St
6: for each subgoal gk anchored by recipe Sk do
7: Bapp

Sk
← {f ∈ BSk : ∀ϕ ∈ PSk , ϕ(ot) = true}

8: if Bapp
Sk

= ∅ then
9: at ← ReAct(ot, gk)

10: else
11: Ground θ using ΘSk ; at ← f(θ; ot)
12: end if
13: ot+1 ← ExecuteOnEnv(at); τ ← τ ⊕

(at, ot+1)
14: if at is a skill invocation and QSk (ot+1) fails

then
15: ψ ← MatchFailure(FSk , ot+1)
16: If available, execute recoveryRSk [ψ], update

ot+1, and append it to τ
17: Add (Sk, ψ, ot, ot+1) to refinement queue
Eref

18: end if
19: if task is complete then
20: d← true; break
21: end if
22: end for
23: if d = true then
24: break
25: end if
26: end for
27: Distill advice A from trajectory τ and updateMA

28: Select recurring/useful/stable candidate traces from τ
29: Formulate or refine recipe S using A and Eref
30: Synthesize skill f from S and commit it toMS only if

validation passes
31: return τ,MA,MS

line setting: as the agent sequentially processes
tasks, it progressively accumulates recipes and
skills, following the same continual-learning proto-
col adopted by prior self-evolving baselines (Zheng
et al., 2025; Liu et al., 2025a). As illustrated in
Figure 2 and Algorithm 1, this process transforms
ephemeral interaction traces into reusable capabil-
ities through a closed loop of recipe-guided infer-
ence and post-episode consolidation.

Advice Distillation. Initially, the agent ex-
plores the environment through deliberative rea-
soning, generating an interaction trajectory τ =
(o0, a0, . . . , oT ) given an instruction x. Crucially,
WebSync learns not only from success but also
from failure. The framework distills the experience
into the Advice Library (MA), where success-
ful traces (τ+) provide reusable procedural tem-
plates (“how to succeed”), while failed traces (τ−)
contribute critical constraints and failure patterns
(“what to avoid”), such as hidden overlays, timing

issues, or unclickable elements:

A← Distill(τ, x), MA ←MA ∪ {A} (1)

This dual-source mechanism converts unstructured
interaction logs into structured procedural knowl-
edge that captures both effective strategies and their
boundary conditions.

Skill Recipe Formulation. To operationalize the
abstract advice A, the system formalizes it into
a Skill Recipe (S). Unlike a simple prompt or a
static tool interface, S is a persistent contract con-
taining a canonical name (n) and seven operational
fields: applicability triggers (σ), preconditions (P),
parameter schema (Θ), postconditions (Q), failure
signatures (F ), recovery logic (R), and executable
bindings (B). For example, P may require a search
box to be visible, while Q may verify a cart-count
or URL-state change; the full schema is provided in
Appendix A, Table 9. We use Θ for the argument
schema and θ for concrete grounded arguments at
runtime.

S = ⟨n, σ,P,Θ,Q,F ,R,B⟩ ← Formulate(A)
(2)

This tuple serves as the governing specification:
P and Q define valid execution boundaries, F
records detectable failure modes,R provides recov-
ery logic, and B stores validated executable imple-
mentations. The same recipe object constrains syn-
thesis, governs runtime checks, and is later refined
from failures, thereby coupling strategic memory
with executable skills across episodes.

Skill Synthesis. Finally, WEBSYNC synthesizes
an executable skill function f for the Skill Library
(MS). Rather than naively cloning a demonstrated
trajectory, the synthesizer uses S as a guiding spec-
ification to reconstruct a guarded procedure from
the raw trace τ , embedding P as runtime assertions
andR as exception handlers:

f(·; Θ)← Synthesize(τ | S)
commit f only if Validate(f,Q) = true

(3)

The resulting tool is committed toMS only after
passing validation against Q, encouraging reuse
through deterministic execution when the recipe
conditions are satisfied. We detail the full consoli-
dation pipeline in §3.2.

3.2 Recipe-Instructed Skill Consolidation
Consolidation converts candidate traces into
reusable skills while using the Skill Recipe as the
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contract that guards synthesis, validation, and later
refinement. The process has four stages:

Candidate Trace Selection. The agent logs suc-
cessful subgoal segments τ = (ot0 , at0 , . . . , ot1) as
synthesis candidates, but promotes only segments
that satisfy three reuse heuristics: recurrence of
the intent/signature pair, utility in expected step
savings, and stability of inferable argument slots.

Evidence-Based Recipe Refinement. Before
code synthesis, accumulated failure evidence re-
fines the recipe so that observed failures tighten the
contract rather than being discarded:

• Tightening Preconditions (P): If prior fail-
ures were caused by missing affordances (e.g.,
an absent filter panel), predicates are added to
explicitly screen out such invalid contexts.

• Strengthening Postconditions (Q): To pre-
vent false positives, verification logic is up-
dated to require stricter evidence, such as spe-
cific text updates or DOM state changes.

Constraint-Injecting Skill Synthesis. The syn-
thesizer uses the refined recipe to define the func-
tion signature from Θ, inject P and Q as runtime
assertions, and translate failure signatures F into
recovery branchesR.

Recipe-Based Validation. New tools are com-
mitted to the Skill Library (MS) only if they satisfy
the recipe’s postconditionsQ in matching contexts,
reducing the chance that defective skills pollute
memory.

3.3 Recipe-Informed Inference

At inference time, recipes couple retrieval, plan-
ning, and execution into a capability-aligned
pipeline.

Retrieval and Planning. At each step t,
given instruction x and state signature σ(st),
the agent retrieves relevant recipes St ←
Retrieve(MA, x, σ(st)), which provide plan tem-
plates and executable predicates for applicabil-
ity. The agent then generates a short-horizon plan
g = (g1, . . . , gK) with candidate skill anchors for
each subgoal:

g, {Sk} ← Plan(x, ot,St). (4)

Benchmark # Tasks Domains

WEBARENA 655 4 self-built websites

WEBVOYAGER 643 15 live sites

Table 1: Statistics of the benchmarks. We use the stan-
dard subset of 655 tasks for WebArena and the full set
of 643 tasks for WebVoyager.

Tool Mapping and Grounding. For each sub-
goal, the agent filters candidate tools by precondi-
tion checks:

BappS = {f ∈ BS | ∀ϕ ∈ PS , ϕ(ot) = true}.
(5)

If BappS is empty, the agent falls back to primitives,
preventing execution in invalid states. Arguments
θ are grounded according to schema ΘS and vali-
dated against type constraints before invocation.

Execution with Verification. During execution,
WEBSYNC monitors progress via environment-
facing checks—DOM queries, URL pattern match-
ing, and element attribute verification—rather than
LLM-based textual judgments. This enables deter-
ministic detection of many observable execution
failures that text-based reasoning could miss: It
evaluates QS on the resulting observation ot′ to
verify success (e.g., aria-checked attributes or
cart-count changes). If verification fails, it matches
a failure signature ψ ∈ FS and applies the corre-
sponding recovery actionRS [ψ] when available.

4 Experiments

4.1 Setup
Evaluation Benchmarks. We evaluate WebSync
on two complementary benchmarks. First, we use
WEBARENA (Zhou et al., 2023), a self-hosted en-
vironment, where we strictly follow the standard
protocol by focusing on the 655 tasks across four
domains (Shopping, Admin, GitLab, Reddit) to
isolate reasoning capabilities. Second, to test ro-
bustness in open-world conditions, we employ WE-
BVOYAGER (He et al., 2024) on the live web, han-
dling dynamic content via the browser-use inter-
face. The details of dataset statistics are presented
in Table 1.

Base Models & Baselines. Our web agent op-
erates within a standard ReAct-style (Yao et al.,
2022b) loop. For controlled comparison on WE-
BARENA, we use CLAUDE-3.7-SONNET (An-
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Method Shopping Admin Gitlab Reddit Overall

SR Step SR Step SR Step SR Step SR Step

Claude-3.7-Sonnet
Claude-3.7-Sonnet (Anthropic, 2024) 38.5 6.1 49.5 8.4 36.7 10.6 53.8 5.5 43.5 7.9
AWM (Wang et al., 2024) 39.6 7.2 47.8 9.3 34.6 10.9 52.8 7.0 42.6 8.8
SkillWeaver (Zheng et al., 2025) 46.2 4.4 52.7 5.3 55.1 7.2 72.5 5.0 54.7 5.5
ASI (Wang et al., 2025) 59.1 3.6 61.3 5.6 64.2 6.4 78.5 4.8 64.3 5.1
PolySkill (Yu et al., 2025) 58.3 3.3 63.5 – 62.5 – 80.4 – 64.5 –
ReasoningBank (Ouyang et al., 2025) 44.9 5.6 53.3 7.6 41.1 9.5 57.5 5.2 48.2 7.2
WebSync (Ours) 64.2 3.1 67.5 4.2 65.8 5.5 81.8 4.7 68.4 4.3

GPT-4.1
GPT-4.1 (Hurst et al., 2024) 37.4 8.3 44.0 8.8 38.9 11.0 66.0 6.0 44.3 8.3
SkillWeaver (Zheng et al., 2025) 39.3 4.8 48.2 5.8 50.3 8.0 71.2 5.8 50.0 6.1
ASI (Wang et al., 2025) 46.3 4.0 53.6 6.0 46.8 7.0 73.7 5.5 52.9 5.6
PolySkill (Yu et al., 2025) 51.4 – 54.8 – 54.2 – 73.2 – 56.6 –
WebSync (Ours) 54.5 3.4 58.2 4.5 57.5 5.8 76.4 4.8 59.9 4.6

GLM-4.5
GLM-4.5 (GLM-4.5 Team, 2025) 36.1 8.7 40.9 9.2 37.5 11.5 59.4 6.5 41.6 8.7
SkillWeaver (Zheng et al., 2025) 34.2 5.2 39.7 6.2 39.1 8.5 54.8 6.4 40.4 6.6
ASI (Wang et al., 2025) 38.6 4.5 43.7 6.5 40.8 7.5 62.5 6.0 44.5 6.1
PolySkill (Yu et al., 2025) 39.4 – 44.5 – 41.6 – 63.2 – 45.3 –
WebSync (Ours) 42.5 3.8 47.8 5.0 45.5 6.2 66.8 5.2 48.7 5.0

Table 2: Results on WebArena (655 tasks across 4 domains). SR (↑) denotes success rate and Step (↓) denotes
average interaction steps. Overall SR and Step are the weighted averages over the four domains based on the number
of tasks. “–” indicates results not reported or not available (e.g., closed-source method).

thropic, 2024) as the primary backbone and ad-
ditionally evaluate on GPT-4.1 and GLM-4.5 to
verify cross-model generalization. On WEBVOY-
AGER, we evaluate with GPT-4O (Hurst et al.,
2024), CLAUDE-3.7-SONNET, QWEN3-VL-8B
(Bai et al., 2025), and QWEN2.5-VL-7B. We com-
pare against representative self-evolving web agent
frameworks spanning both paradigms: memory-
centric methods AWM (Wang et al., 2024) and
REASONINGBANK (Ouyang et al., 2025), and
skill-centric methods SKILLWEAVER (Zheng et al.,
2025), POLYSKILL (Yu et al., 2025), and ASI
(Wang et al., 2025). On WebVoyager, we addition-
ally compare with WEBCOACH (Liu et al., 2025a).
For WebArena, most baseline results are adopted
directly from the respective original papers under
aligned evaluation protocols; however, for Skill-
Weaver and ASI, we reran the methods ourselves
in order to obtain their step-level trajectories. For
WebVoyager, all results (both baselines and Web-
Sync) are from our own runs using the Browser Use
Agent framework with identical settings. Tasks are
evaluated sequentially in the default index order of
the official task files, with no curriculum or custom
ordering applied.

Metrics Across both benchmarks, we focus on
three primary metrics: (1) Success Rate (SR), mea-
suring effective task completion; (2) Average In-
teraction Steps, quantifying efficiency; and (3)
Skill Utilization Rate (SUR), defined as the pro-
portion of tool invocations among all executed ac-
tions. SUR serves as a diagnostic proxy for how
often the agent reuses synthesized skills instead of
primitive actions.

4.2 Main Results
Results on WebArena. As presented in Table 2,
WEBSYNC achieves the strongest WebArena result
in our comparison with CLAUDE-3.7-SONNET,
reaching 68.4% overall SR. Compared to memory-
centric baselines (AWM, REASONING BANK),
which still require costly on-the-fly interpretation
and average 7.2–8.8 steps, WEBSYNC compiles
repeated routines into executable skills and re-
duces interaction cost to 4.3 steps, cutting trajec-
tory length by nearly half while elevating SR by
over 20 points. Against skill-centric baselines
(POLYSKILL, ASI), which leverage tool synthesis
but lack recipe-level runtime contracts, WEBSYNC

surpasses the strongest prior method by ∼4% SR
through guarded skill recipes. This improvement
does not come at the cost of more interactions: in
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Method SR (%) ↑ Steps ↓
(a) Baseline Comparison (GPT-4o)

GPT-4o 65.3 10.9
SkillWeaver (Zheng et al., 2025) 68.5 8.4
WebCoach (Liu et al., 2025a) 69.8 9.2
WebSync (Ours) 72.8 6.5

SR (%) ↑ Steps ↓
Backbone Base WebSync Base WebSync

(b) Cross-Backbone Generalization

GPT-4o 65.3 72.8 10.9 6.5
Claude-3.7-Sonnet 76.0 86.3 9.8 5.4
Qwen3-VL-8B 42.1 56.6 16.4 11.9
Qwen2.5-VL-7B 32.8 35.2 17.4 14.2

Table 3: Results on WebVoyager (15-site average).
(a) Baseline comparison under GPT-4o against self-
evolving methods; (b) Cross-backbone generalization:
WebSync consistently improves SR and reduces steps
across all four backbones. Per-site breakdowns are in
Appendix C.

Shopping—the only subset where POLYSKILL re-
ports steps—WEBSYNC achieves both higher SR
(64.2% vs. 58.3%) and fewer steps (3.1 vs. 3.3).

Cross-Backbone Generalization on WebArena.
We further evaluate with GPT-4.1 and GLM-4.5
(Table 2). WEBSYNC consistently achieves the
highest SR, outperforming the strongest baseline
by 3.3% and 3.4% respectively, suggesting that the
gains stem from recipe-guided skills rather than
backbone-specific properties.

Results on WebVoyager. Table 3 summarizes
results on WebVoyager, where agents face dy-
namic content and unpredictable UI interruptions.
Under GPT-4O, WEBSYNC achieves 72.8% SR
with only 6.5 steps, outperforming WEBCOACH

by 3.0% SR while requiring 29% fewer steps.
SKILLWEAVER reduces steps (8.4) but lags in SR
(68.5%), suggesting that step reduction without
runtime verification is insufficient. The results also
demonstrate strong cross-model generalization (Ta-
ble 3b). On CLAUDE-3.7-SONNET, WEBSYNC

boosts SR from 76.0% to 86.3% (+10.3%). The
most pronounced gain appears on QWEN3-VL-8B
(+14.5%, from 42.1% to 56.6%), suggesting that
recipe-encoded procedural knowledge effectively
compensates for smaller models’ reasoning limita-
tions. Per-site breakdowns are in Appendix C.

Cost and Amortized Efficiency. To complement
the step-based efficiency results, we measure av-

erage input+output tokens per task and separate
recurring action generation from the amortizable
overhead of skill construction (Table 5).

The initial total is higher because WebSync con-
verts interaction traces into reusable, guarded skills.
However, it reduces recurring action-generation to-
kens from 55,367.4 to 48,184.6, a 13.0% reduction
consistent with the shorter trajectories in our main
results. Consolidated recipes are stored and reused,
while refinement is triggered only by failures that
expose missing predicates or recovery cases. Thus,
over repeated web operations, the average per-task
cost approaches the lower action-generation cost.

4.3 Ablation Study

To assess the distinct contributions of each compo-
nent within WEBSYNC, we conducted an ablation
study across both benchmarks. We compare the
full framework against component-level variants,
analyzing the impact on Success Rate (SR), effi-
ciency (Average Steps), and Skill Utilization Rate
(SUR). We additionally include two targeted We-
bArena ablations to isolate contracts without persis-
tent memory and the effect of runtime refinement.
The results are summarized in Table 4.

Impact of Executable Skills. The variant w/o
Executable Skills removes the Skill Library (MS),
forcing the agent to rely solely on primitive ac-
tions via ReAct reasoning. On WebArena, this
leads to a marked decline in performance, with
SR dropping from 68.4% to 55.2% and average
steps increasing from 4.3 to 6.8. The same trend
appears on WebVoyager (72.8% to 65.2% SR; 6.5
to 9.8 steps), indicating that encapsulating repeated
subroutines into executable skills is important for
reducing long-horizon error accumulation.

Impact of Strategic Advice. The w/o Strate-
gic Advice variant bypasses the advice distillation
phase, synthesizing tools directly from interaction
traces without high-level semantic constraints. A
key observation is the sharp drop in SUR on We-
bArena, which falls from 28.9% to 14.2%. This
indicates that without the generalization provided
by strategic advice, synthesized tools tend to over-
fit to specific trajectory instances (e.g., binding to
transient element IDs). Consequently, these brittle
tools are rarely triggered in future episodes, forcing
the agent to revert to inefficient primitive actions
and lowering WebArena SR from 68.4% to 60.8%.
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WebArena WebVoyager

Method SR (%) Steps SUR (%) SR (%) Steps SUR (%)

WebSync 68.4 4.3 28.9 72.8 6.5 31.5

Inline P/Q/R (no lib.) 49.8 7.2 – – – –
w/o Executable Skills 55.2 6.8 – 65.2 9.8 –
w/o Strategic Advice 60.8 5.2 14.2 66.8 8.7 15.8
w/o Skill Recipes 65.3 4.8 24.1 69.5 7.8 26.4
w/o Runtime Refinement 66.0 4.6 28.5 – – –

Table 4: Ablation Analysis across Benchmarks. We compare the full WebSync framework against component-
level variants on WebArena and WebVoyager. The two targeted variants, Inline P/Q/R (no lib.) and w/o Runtime
Refinement, are evaluated on WebArena with the Claude-3.7-Sonnet backbone. We introduce Skill Utilization Rate
(SUR) to measure the proportion of steps executed via synthesized tools. The results highlight that strategic advice
significantly boosts tool reusability, while specification constraints ensure their robust execution.

Method Action Gen. Skill Consolidation Recipe Refinement Total Tokens
Tokens Tokens Tokens Tokens

Base (No Skills) 55,367.4 – – 55,367.4
WebSync (Ours) 48,184.6 7,842.1 2,416.8 58,443.5

Table 5: Token cost decomposition. Skill Consolidation and Recipe Refinement are amortizable overheads; Action
Gen. is the recurring inference cost.

Impact of Skill Recipes. The w/o Skill Recipes
variant retains the libraries but disables the P-B-
Q-R specification checks during inference. On
WebArena, this variant maintains a relatively high
SUR (24.1%), yet SR decreases from 68.4% to
65.3%. This discrepancy highlights the danger of
“blind execution.” Without the guardrails of Pre-
conditions (P) and Postconditions (Q), the agent
frequently invokes tools in invalid states or fails
to detect observable execution errors. While the
agent still uses skills frequently, the lack of run-
time verification compromises the actual outcome,
showing that specification quality is essential for
turning skill usage into reliable task completion.

Persistent Recipes vs. Inline Contracts. The In-
line P/Q/R, no library variant asks the same back-
bone to draft preconditions, postconditions, and
recovery logic from the current instruction and
state, but does not store them in either the Ad-
vice Library or the Skill Library. This improves
the WebArena base ReAct agent from 43.5% to
49.8% SR, showing that contract prompting alone
is useful. However, full WebSync remains much
stronger (68.4% SR and 4.3 steps), indicating that
the main gain comes from persistent recipes that
are distilled, validated, reused, and refined across
tasks.

Impact of Runtime Refinement. The w/o Run-
time Refinement variant freezes recipes after ini-

Setting SR (%) ↑ Steps ↓
Base 42.1 16.4
WebSync (self only) 56.6 11.9
WebSync + GPT-4o synth. 58.0 11.2

Table 6: Self-evolution vs. external synthesis on Web-
Voyager (Qwen3-VL-8B, 15-site average).

tial validation and disables evidence-based updates
from later failures. On WebArena, this reduces
SR from 68.4% to 66.0% and increases steps from
4.3 to 4.6 while keeping SUR similar (28.5% vs.
28.9%). This isolates the value of failure-driven
refinement: runtime refinement does not merely
increase skill usage, but improves when and how
existing skills remain reliable under interface varia-
tion.

Self-Evolution vs. External Synthesis. We in-
vestigate whether a stronger external model can fur-
ther improve skill quality. We compare the full self-
evolving pipeline run by QWEN3-VL-8B alone
against a variant that delegates Advice Distillation
and Skill Synthesis to GPT-4O, while the 8B model
executes the resulting recipes.

The external-synthesizer variant reaches 58.0%
SR and 11.2 steps, versus 56.6% and 11.9 steps
for self-evolution. This marginal gain (+1.4% SR)
shows that the 8B-only pipeline captures the vast
majority of the improvement: a 14.5-point absolute
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After N Tasks Cumulative SR (%) Avg. Steps

Base WebSync ∆SR Base WebSync

10 60.0 60.0 +0.0 5.8 5.9
20 45.0 50.0 +5.0 6.7 6.1
30 50.0 53.3 +3.3 6.2 5.8
40 42.5 47.5 +5.0 6.5 5.9
50 36.0 40.0 +4.0 6.4 5.6

100 39.0 53.0 +14.0 6.2 4.3
150 38.7 61.3 +22.6 6.1 3.5
187 38.5 64.2 +25.7 6.1 3.1

Table 7: Cold-start and evolution dynamics on We-
bArena Shopping. Results are cumulative over the first
N tasks.

Benchmark # Tasks # Advice # Skills

WebArena 655 64 31
WebVoyager 643 118 57

Table 8: Final library sizes. Reusable entries remain
much fewer than task episodes.

gain over the 42.1% baseline without requiring an
external model.

4.4 Evolution Dynamics
To characterize improvement over time, we track
cumulative performance on the 187-task WebArena
Shopping stream. Table 7 shows that WebSync ini-
tially behaves similarly to the base agent because its
Advice and Skill Libraries are sparse. After roughly
50–100 tasks, recurring patterns such as search, fil-
tering, sorting, and cart updates are increasingly
distilled into reusable recipes. The success-rate
gap then widens while average interaction steps
fall steadily, reaching a 25.7-point SR gain and 3.1
versus 6.1 steps after 187 tasks.

Library Growth. The library grows with
reusable operation patterns rather than episodes:
successful traces are promoted only when they sat-
isfy recurrence, utility, and stability criteria, while
related operations are merged and refined. Table 8
shows that the final libraries remain far smaller
than the task streams. WebVoyager induces more
entries despite a similar task count because its 15
live sites require more interface-specific bindings
and page-condition variants.

Retrieval and Runtime Robustness. At in-
ference, WebSync retrieves a small set of Ad-
vice/Recipe templates using task intent and page-
level markers, then applies DOM preconditions
only to attached executable bindings. This avoids a

flat library scan and falls back to primitive actions
when no binding is valid. Recipe-Based Valida-
tion rejects tools with unverifiable postconditions,
while precondition guards prevent skills from firing
in invalid states. When runtime evidence reveals a
missing predicate, false-positive postcondition, or
uncovered recovery case, the failure refines the ex-
isting recipe instead of blindly adding another skill,
preventing stale or defective skills from polluting
the library.

4.5 Case Study
We illustrate WebSync on Amazon product filter-
ing, a task that is brittle due to asynchronous UI
loading and nested DOM structures. The retrieved
advice identifies Amazon checkboxes as prone to
unclickable overlays, so the synthesized skill fol-
lows a P -B-Q-R contract: it first checks that the
refinement panel is visible, executes the filter action
with semantic locators, verifies success through ob-
servable page state such as aria-checked or ac-
tive filter tags, and triggers a fuzzy parent-container
click when exact matching fails. Unlike a replay-
style skill, this guarded procedure does not assume
that a click succeeded; it returns control only after
postcondition verification or reports failure after
recovery is exhausted. This example highlights the
role of recipes as the interface between strategy
and execution: advice supplies the failure pattern,
while the executable binding enforces it through
concrete checks. It also shows why recovery is
kept inside the skill rather than delegated to an-
other high-level planning loop, reducing repeated
trial-and-error after transient UI failures. This al-
lows WebSync to handle layout shifts internally
and avoid an expensive high-level replanning cycle.
The full pseudocode (Algorithm A.4) and trajectory
comparison are provided in Appendix E.

5 Conclusion

We introduced WEBSYNC, a self-evolving frame-
work that transforms transient reasoning into
reusable execution skills. Unlike prior approaches
that isolate memory from tool synthesis, WEB-
SYNC unifies them through Skill Recipes—formal
contracts that encode applicability and verification
logic. This mechanism allows agents to synthesize
guarded tools, bridging flexible planning and reli-
able execution. Empirical results on WebArena and
WebVoyager show consistent gains over represen-
tative baselines across multiple backbone models.
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Limitations

Expressivity of Text-Based recipes. Our current
Skill recipes primarily rely on text-based or DOM-
selector predicates, such as visible(selector).
This symbolic abstraction, however, is ill-equipped
to capture tasks that are heavily dependent on vi-
sual semantics or spatial dynamics, for instance,
instructions to “drag the slider” or “select the visu-
ally highlighted item.” Even though the multimodal
backbone is capable of perceiving these elements,
the intermediate recipe’s reliance on text limits the
system’s capacity to formally codify and verify
purely visual constraints.

Cold Start and Exploration Costs. Since Web-
Sync’s self-improvement is predicated on the accu-
mulation of useful trajectories, the system cannot
synthesize effective skills for novel domains or
long-tail tasks where reusable evidence is scarce.
In these scenarios, the agent must rely more heavily
on deliberative trial-and-error reasoning. Mitigat-
ing this “cold start” overhead through cross-domain
transfer or few-shot recipe seeding remains an im-
portant direction for future research.

Real-World Anti-Bot Constraints. As evi-
denced by our WebVoyager results, particularly
on Google Flights, the agent encounters difficul-
ties with strict anti-bot measures like CAPTCHAs
and complex authentication flows. While this chal-
lenge is pervasive in web agent research, the high-
frequency execution pattern characteristic of syn-
thesized skills may arguably increase the probabil-
ity of triggering such defenses compared to slower,
more human-like browsing behaviors.
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A Recipe Schema and Procedure
Pseudocode

Table 9 summarizes the field-level schema of a
Skill Recipe.

Field Description & Logic

Name (n) Canonical skill name (e.g., search,
apply_filter, add_to_cart).

Trigger (σ) Domain + URL patterns + page markers for
applicability indexing.

Preconditions
(P)

Predicates that must hold before execution
(e.g., is_visible(search_box)).

Params (Θ) Argument schema with types, constraints,
and grounding hints.

Postconditions
(Q)

Verifiable success evidence (e.g.,
count_changed(cart)).

Failure Sigs
(F )

Detectable failure predicates (modal, login
redirect, timeout).

Recovery
(R)

Failure → recovery actions (close modal,
wait/retry).

Bindings (B) Tool implementations with versions and per-
formance statistics.

Table 9: Skill Recipe Card. The skill recipe S stan-
dardizes the intent, applicability, and verification logic,
serving as the governing contract for the implementa-
tion.

This section provides procedure-level pseu-
docode for the three core stages of WebSync. Al-
gorithm A.1 describes advice distillation from suc-
cessful and failed trajectories. Algorithm A.2 de-
tails recipe-instructed skill consolidation. Algo-
rithm A.3 presents recipe-guided inference with
runtime refinement signals.

Algorithm A.1 Advice Distillation
Require: trajectory τ = (o0, a0, . . . , oT ), instruction x, Ad-

vice LibraryMA

Ensure: updated Advice LibraryMA

1: y ← ClassifyOutcome(τ) ▷ success or failure
2: if y = success then
3: Araw ← ExtractTemplate(τ, x) ▷ how to succeed
4: else
5: Araw ← ExtractFailurePattern(τ, x) ▷ what to

avoid
6: end if
7: A← Distill(Araw, τ, x)
8: MA ←MA ∪ {A}
9: returnMA

B Prompts

To ensure reproducibility, we provide the detailed
system prompts used in WebSync. Please refer to
the Figure 3, Figure 5 and Figure 4 for details.
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System Prompt: Strategic Advice Extraction

You are a Senior Web Navigation Analyst. Your job is to analyze interaction traces to distill high-level Strategic Advice
that prevents future failures or optimizes execution.
Input Data:

• Task: {{task_description}}

• Execution Trace: {{trace_history}} (Actions, Observations, and Outcomes)

• Status: {{success_or_failure}}

Analysis Objectives:

1. Identify Bottlenecks: Look for redundant steps, loops, or failed clicks caused by dynamic DOM elements (e.g.,
pop-ups, layout shifts).

2. Generalize Patterns: Abstract specific element IDs into semantic rules (e.g., instead of "Click div#123", suggest
"Wait for the ’Sort’ dropdown to be fully visible").

3. Formulate Constraints: Create explicit applicability conditions (σ) and verification checks (Q) for this type of task.

Output Format: Return a concise advice summary in the following JSON format:

{
"trigger_condition": "When attempting to filter items...",
"precondition_advice": "Ensure the overlay mask is gone.",
"recovery_advice": "If click fails, try forcing a page reload."

}

Figure 3: The prompt used to distill raw interaction traces into reusable Strategic Advice (MA), serving as the
cognitive foundation for skill synthesis.

C Detailed WebVoyager Results

Table 10 provides the per-site success rate break-
down on WebVoyager for three backbones (GPT-
4o, Claude-3.7-Sonnet, Qwen3-VL-8B). WebSync
consistently improves over the base agent across
all 15 websites.

D Experimental Setup Details

For full reproducibility, we report the hyperparam-
eters and environmental configurations used in our
experiments.

WebArena. We strictly follow the official evalua-
tion scripts and default configurations provided by
the WebArena benchmark. No custom hyperparam-
eters are introduced; our setup is fully aligned with
how other baselines evaluate on WebArena. We
use the standard subset of 655 tasks across four do-
mains (Shopping, Admin, GitLab, Reddit). Tasks
are evaluated sequentially in the default index or-
der of the official task files, with no curriculum or
custom ordering applied.

WebVoyager. All experiments on WebVoyager,
including baselines (SkillWeaver and WebCoach)
and WebSync, are conducted using the Browser

Use Agent framework under identical settings. Ta-
ble 11 lists the complete configuration. Tasks are
evaluated sequentially in the default index order of
the official task JSON files.

Baseline Sources. For WebArena, most baseline
results are adopted directly from the respective
original papers under aligned evaluation protocols;
however, for SkillWeaver and ASI, we reran the
methods ourselves in order to obtain their step-level
trajectories. For WebVoyager, all results (both base-
lines and WebSync) are from our own runs using
the Browser Use Agent framework with identical
settings. Tasks are evaluated sequentially in the
default index order of the official task files, with no
curriculum or custom ordering applied.

E More Case Studies

In this section, we provide detailed examples of
the synthesized skills and a step-by-step trajectory
analysis to illustrate the robustness of WebSync.

E.1 Amazon Filtering Pseudocode
E.2 Skill Examples
To demonstrate the robustness of our framework,
Figure 6 presents a qualitative comparison between
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System Prompt: Recipe-Guided Skill Synthesis (WebSync Section 3.4; Appendix A)

You are an expert Web Automation Engineer specializing in robust tool synthesis. Your goal is to convert a raw interaction
trace into a reusable, defensive Python skill function based on the provided Skill Recipe contract.
Input Data:

• Task Description: {{task_description}}

• Refined Skill Recipe S (JSON): {{refined_spec}}

• Strategic Advice (optional): {{advice_constraints}}

• Interaction Trace (optional): {{trace_history}}

Synthesis Requirements (must satisfy the paper):

1. Preconditions (P): for EACH predicate in {{refined_spec.preconditions}}, add a guarded check (e.g., assert
...) before executing the core actions.

2. Postconditions (Q): for EACH predicate in {{refined_spec.postconditions}}, implement verification at the
end; do not silently pass if any postcondition fails.

3. Failure Signatures (F) + Recovery (R): if verification fails, detect the failure mode using
{{refined_spec.failure_signatures}} and run the corresponding {{refined_spec.recovery}} steps;
retry the core logic at most once.

4. Parameterization: follow {{params_schema}} exactly; do not hardcode task-specific values.

5. Defensive execution: handle dynamic loading, popups/modals, and small UI shifts.

Implementation Notes (align with ToolLibrary style):

• Write an async def Python function whose name matches {{refined_spec.bindings.tool_name}} (or
{{refined_spec.name}} if missing).

• First argument must be page.

• Prefer stable selectors and semantic markers; avoid brittle dynamic IDs.

• Use bounded retry logic; avoid infinite loops.

• Return a concise status string (include page title + URL if available) or raise a clear exception on failure.

Output: Return ONLY the Python code (no Markdown fences, no extra commentary).

Figure 4: The system prompt for Recipe-Guided Skill Synthesis.

skills synthesized by baseline methods and those
generated by WebSync.

As shown in Figure 6(a), existing skill-centric ap-
proaches (e.g., PolySkill, ASI) often rely on naive
trace cloning. The resulting code typically man-
ifests as linear action sequences or high-level ab-
stract wrappers. Such implementations are inher-
ently brittle; they lack context awareness and error-
handling mechanisms. Consequently, if the web
environment exhibits asynchronous loading delays
or unpredicted layout shifts, these rigid scripts fail
to adapt, leading to immediate task termination.

In contrast, Figure 6(b) illustrates how WEB-
SYNC leverages Skill Recipes as a governing con-
tract to synthesize guarded executable procedures.
Using an Amazon product filtering task as a case

study, the synthesized skill follows the P -B-Q-R
structure:

• Preconditions (P ): Resilient Entry Guards.
Instead of relying on fragile instantaneous
checks (e.g., is_visible), the synthesized
function employs robust synchronization
primitives. It prioritizes wait_for_selector
to handle network latency gracefully. Explicit
recovery actions (e.g., page.reload()) are
triggered only if the critical element fails to
appear after a specific timeout, preventing un-
necessary reloads on slow connections.

• Verification (Q): State Confirmation. In-
stead of assuming action success based solely
on execution completion, the code explicitly

50945



System Prompt: Recipe-Informed Planning

You are a planning module. Given a user instruction and the current observation, you must produce a short-horizon plan.
Each subgoal MUST be grounded in an available Skill Recipe whenever possible.
Input:

• Task instruction x: {{task_description}}

• Current observation ot: {{observation}}

• Retrieved Recipes St (JSON list): {{retrieved_specs}}

Your job:

1. Decompose the task into 1–5 subgoals.

2. For each subgoal, choose the BEST matching Recipe as an anchor (or “NO_SPEC” if none fits).

3. Prefer plans that are executable under the available capabilities (do not propose actions that have no supporting
spec/tool unless necessary).

Output format (JSON ONLY): {
"plan": [
{
"subgoal": "...",
"spec_anchor": {
"name": "SPEC_NAME | NO_SPEC",
"match_rationale": "1-2 short reasons referencing sigma/page markers/intent"
}
}
]
}
Rules:

• Do NOT include any extra keys.

• Keep subgoals concrete and verifiable.

Figure 5: The system prompt for Recipe-Aware Planning.

verifies the outcome post-execution. In this
case, it checks for expected URL parameter
updates or specific DOM state changes to con-
firm the filter was applied.

• Recovery (R) with Closed-Loop Valida-
tion. The skill encapsulates verifiable self-
correction logic. When the primary execution
path (e.g., an exact-match click) fails due to
DOM instability, the handler catches the ex-
ception and triggers a fallback strategy (e.g.,
a fuzzy click on the parent container). Unlike
baseline methods, WEBSYNC performs a
second verification step after recovery. If
the state remains invalid even after the fall-
back action, the skill reports a failure, reduc-
ing the chance that the agent proceeds with a
“false positive” success.

E.3 Example of executing web navigation
tasks with WebSync

Figure 7 illustrates a qualitative comparison on an
Amazon search task. The Baseline Agent, rely-
ing on atomic actions, exhibited two critical weak-
nesses: (1) Navigational Instability, getting trapped
in a refresh loop due to SPA hydration issues (Steps
1–5); and (2) Lack of State Verification. While the
agent attempted to click the “Used” filter selec-
tor, it failed to verify if the filter was successfully
applied to the DOM. Consequently, the agent ex-
tracted mixed results (New and Used items) but
incorrectly marked the task as complete, result-
ing in a false positive. In contrast, our Recipe-
Guided Agent utilized a synthesized skill with
explicit postconditions (e.g., asserting the pres-
ence of the active filter tag). This synchronized
the browser state with the agent’s intent before
data extraction, achieving verifiable success in this
example. Moreover, Figure 8, Figure 9 and Fig-
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GPT-4O CLAUDE-3.7-SONNET QWEN3-VL-8B

Task Website Base WebSync (∆) Base WebSync (∆) Base WebSync (∆)

Allrecipes 88.9 93.3 (+4.4) 93.3 100.0 (+6.7) 46.7 62.2 (+15.5)
Amazon 95.1 100.0 (+4.9) 97.6 100.0 (+2.4) 65.9 78.0 (+12.1)
Apple 60.5 74.4 (+13.9) 72.1 83.7 (+11.6) 32.6 48.8 (+16.2)
ArXiv 83.7 90.7 (+7.0) 88.4 95.3 (+6.9) 34.9 48.8 (+13.9)
BBC News 71.4 83.3 (+11.9) 78.6 88.1 (+9.5) 31.0 47.6 (+16.6)
Booking 13.6 25.0 (+11.4) 25.0 38.6 (+13.6) 18.2 31.8 (+13.6)
Cambridge Dict. 95.3 97.7 (+2.4) 97.7 100.0 (+2.3) 74.4 88.4 (+14.0)
Coursera 59.5 69.0 (+9.5) 76.2 85.7 (+9.5) 57.1 69.0 (+11.9)
ESPN 65.9 79.5 (+13.6) 75.0 88.6 (+13.6) 29.5 45.5 (+16.0)
GitHub 85.4 92.7 (+7.3) 90.2 95.1 (+4.9) 43.9 61.0 (+17.1)
Google Flights 7.1 19.0 (+11.9) 19.0 33.3 (+14.3) 4.8 16.7 (+11.9)
Google Map 87.8 92.7 (+4.9) 92.7 97.6 (+4.9) 58.5 73.2 (+14.7)
Google Search 23.3 37.2 (+13.9) 34.9 48.8 (+13.9) 39.5 53.5 (+14.0)
Huggingface 67.4 76.7 (+9.3) 74.4 86.0 (+11.6) 39.5 55.8 (+16.3)
Wolfram Alpha 76.1 84.8 (+8.7) 84.8 93.5 (+8.7) 54.3 69.6 (+15.3)

Avg. SR 65.3 72.8 (+7.5) 76.0 86.3 (+10.3) 42.1 56.6 (+14.5)
Avg. Steps 10.9 6.5 (-4.4) 9.8 5.4 (-4.4) 16.4 11.9 (-4.5)

Table 10: Per-Site Success Rate Breakdown on WebVoyager. Columns for WebSync show absolute performance
followed by improvement over Base (∆).

Category Setting Value

Browser

Window / viewport size 1920 × 1080
Headless mode true
Min. wait (page load) 0.5 s
Wait between actions 0.5 s
Wait for network idle 0.5 s

Agent

Max steps per episode 30
Max actions per step 10
Max consecutive failures 3
Use vision true
Vision detail level auto
Use thinking true

Table 11: Hyperparameter configuration for WebVoy-
ager experiments. All methods (baselines and WebSync)
use identical settings.

ure 10 provide a detailed trajectory comparison of
the three approaches on a dynamic Amazon filter-
ing task. The baseline agent relies purely on atomic
actions, trapping it in a costly trial-and-error loop
when facing asynchronous page loading. While the
skill-centric baseline employs synthesized tools to
reduce steps, the lack of execution contracts causes
the tool to crash upon encountering unexpected
layout shifts, forcing an inefficient fallback to low-
level reasoning. In contrast, WebSync consolidates
routine actions into more complex, compositional
tools like search_and_filter. During the infer-
ence phase, WebSync leverages retrieved strategic
advice to formulate a short-horizon plan and select
the skill for its subgoals. Guided by preconditions
and built-in recovery logic, the chosen tool handles

dynamic UI exceptions internally and completes
the task with fewer atomic trial-and-error actions.
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Algorithm A.2 Recipe-Instructed Skill Consolida-
tion
Require: candidate trace τcand, instruction x, Advice Li-

braryMA, Skill LibraryMS , refinement evidence Eref
Ensure: updated Skill LibraryMS

1: if not (Recurrence(τcand) ∧ Utility(τcand) ∧
Stability(τcand)) then

2: returnMS ▷ filter one-off or unstable traces
3: end if
4: A← Retrieve(MA, x, σ(τcand))
5: S = ⟨n, σ,P,Θ,Q,F ,R,B⟩ ← Formulate(A)
6: for each prior failure ψ ∈ FailureRecords(τcand, Eref )

do
7: if ψ indicates a missing affordance then
8: P ← P ∪ {predicate(ψ)}
9: end if

10: if ψ indicates a false-positive verification then
11: Q ← Q∪ {stricter_predicate(ψ)}
12: end if
13: F ← F ∪ {signature(ψ)}
14: R[ψ]← RecoveryAction(ψ)
15: end for
16: f(·; Θ)← Synthesize(τcand | S)
17: if Validate(f,Q) = true then
18: B ← B ∪ {⟨f,UtilityStat(f)⟩}
19: MS ← Upsert(MS , ⟨S,B⟩)
20: else
21: discard f
22: end if
23: returnMS

Algorithm A.3 Recipe-Guided Inference with Run-
time Refinement
Require: instruction x, initial state s0, Advice LibraryMA,

Skill LibraryMS

Ensure: trajectory τ , refinement evidence Eref
1: τ ← (o0); Eref ← ∅
2: for t = 0, . . . , Tmax do
3: St ← Retrieve(MA, x, σ(st))
4: g, {Sk} ← Plan(x, ot,St)
5: for each subgoal gk anchored by Sk do
6: Bapp

Sk
← {f ∈ BSk | ∀ϕ ∈ PSk , ϕ(ot) = true}

7: if Bapp
Sk

= ∅ then
8: at ← ReAct(ot, gk)
9: else

10: f ← argmaxf∈Bapp
Sk

UtilityStat(f)

11: θ ← Ground(ot,ΘSk )
12: at ← f(θ; ot)
13: end if
14: ot+1 ← ExecuteOnEnv(at)
15: if at is a skill invocation andQSk (ot+1) ̸= true

then
16: ψ ← MatchFailure(FSk , ot+1)
17: if ψ exists andRSk [ψ] exists then
18: ot+1 ← ExecuteOnEnv(RSk [ψ])
19: end if
20: Eref ← Eref ∪ {(Sk, ψ, snap(ot, ot+1))}
21: end if
22: τ ← τ ⊕ (at, ot+1)
23: if TaskComplete(ot+1, x) then
24: return τ, Eref
25: end if
26: end for
27: end for
28: return τ, Eref

Algorithm A.4 Skill: ROBUSTFILTERAMAZON

Require: page (Browser State), target (e.g., “Used - Good”)
Ensure: SUCCESS or FAILURE with signal

Constraint: Derived from Advice #AMZ-042 (DOM insta-
bility)

1: function APPLYFILTER(page, target)
2: // 1. Precondition (P): Guarded Execution
3: if ¬ ISVISIBLE(page, “#s-refinements”) then
4: return FAILURE(“Filter panel not loaded”)
5: end if
6: // 2. Execution (B): Fast Procedure
7: EXECUTE(page, “click_exact_match”, target)
8: WAIT(0.5s)
9: // 3. Verification (Q): Ground Truth Check

10: if VERIFYSTATE(page, target) is TRUE then
11: return SUCCESS
12: end if
13: // 4. Recovery (R): Self-Correction
14: LOG(“Exact match failed. Triggering fuzzy recov-

ery...”)
15: Strategy: Relax matching & target parent container
16: EXECUTE(page, “click_fuzzy_parent”, target)
17: WAIT(1.0s)
18: // Final Guard
19: if VERIFYSTATE(page, target) is TRUE then
20: return SUCCESS ▷ Recovered
21: end if
22: return FAILURE(“Action failed after recovery”)
23: end function
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Figure 6: Qualitative Comparison of Skill Synthesis Approaches. (a) PolySkill & ASI. generate abstract classes
or linear action sequences without execution guards. (b) WebSync (Ours) synthesizes guarded skills with explicit
preconditions (P ), semantic execution (B), verification (Q), and recovery (R).

(a)PolySkill & ASI
class AbstractShoppingSite:

def search_product(self , query: str):
"""Searches for a product."""

def add_to_cart(self , item_id: str , quantity:
int):

"""Adds a specified item to the shopping
cart."""

## --------------------
## Compositional Skills
## --------------------

def find_and_add_to_cart(self , query: str ,
item_id: str):

"""Searches for a product and adds it to the
cart."""

# High -level abstraction only
self.search_product(query)
self.add_to_cart(item_id)
self.checkout ()

def search_product(search_box_id: str , query: str):
"""
Examples:
search_product (’595’, ’sony bluetooth headphones
’)

"""
# Linear execution - brittle to async loading
click(search_box_id)
fill(search_box_id , query)
keyboard_press(’Enter’)

def navigate_category(dropdown_id: str , category_id:
str):

"""Navigate to a category via dropdown."""
click(dropdown_id)
click(category_id)

(b) WebSync (Ours)
async def robust_search_filter(

page , term , filter_txt
):

# [P] Precondition: Guarded Entry
# Logic: Wait first , reload only if truly stuck
try:

await page.wait_for_selector(
"#twotabsearchtextbox",
state="visible", timeout =3000

)
except TimeoutError:

# Only trigger recovery if wait fails
await page.reload ()
await page.wait_for_selector("#

twotabsearchtextbox")

# [B] Execution: Semantic Locators
await page.fill("#twotabsearchtextbox", term)
await page.press("#twotabsearchtextbox", "Enter"
)

# Wait handles async loading
await page.wait_for_selector("div.s-main -slot")

# [B] Execution: Robust Filtering
try:

# Fallback to list item containing text
loc = page.locator(f"li:has -text(’{

filter_txt }’)")
await loc.first.click()

except Exception:
return f"Failure: Cannot locate ’{filter_txt

}’"

# [Q] Verification: Strict State Check
# Helper to verify server state (URL param)
verify_func = "url => url.includes(’
p_n_condition ’)"

try:
await page.wait_for_function(

verify_func , page.url , timeout =3000
)

except TimeoutError:
# [R] Recovery: Self -Correction Strategy
print("Click failed. Retrying parent span ...

")
await page.locator(

f"span:has -text(’{ filter_txt }’)"
).click()

# [Critical] Re -Verification after Recovery
try:

await page.wait_for_function(
verify_func , page.url , timeout =3000

)
except TimeoutError:

# Algorithm 1: Line 22 (Fail if recovery
fails)

return "Failure: Action failed after
recovery"

return "Success: Filter Applied & Verified"
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¥ Our Approach (Recipe-Guided)

Task: Search "Switch Lite" with "Used" filter.
Summary: Success in 2 Steps (12.8s).
• Action: search_and_filter(...,
filter="Used")

• Robustness: The synthesized skill internally veri-
fied the DOM state change before returning control.

• Obs: "Filter ’Used’ clicked: True. Applied: True."

Final Verdict: True. Reason: Valid result with con-
firmed filter state.

. Baseline Agent (Atomic Actions)

Task: Search "Switch Lite" with "Used" filter.
Summary: Failed after 9 Steps ( 70s).
• Steps 1–5 (Instability): Encountered SPA hydra-

tion issues (blank page). Wasted tokens on naviga-
tion retries.

• Steps 6–8 (Interaction Error): Attempted to click
the "Used" selector. However, the agent failed to
verify if the filter was actually applied (e.g., did not
check for URL update or active badges).

• Step 9 (Result): Extracted mixed results (New &
Used).

Final Verdict: False. Reason: "Used" filter not
checked. The extracted list contained non-filtered
items because the click action did not register correctly.

Figure 7: Qualitative Comparison. Left: Our approach successfully applies the "Used" filter using a synthesized
robust skill. Right: The Baseline agent struggles with page stability and ultimately fails because it did not verify
that the "Used" checkbox was actually selected.

Case Study: GPT-4o Base Trajectory
Task: Search "Xbox Wireless Controller" and apply "Green" and "4 Stars & Up" filters on Amazon.

[Deliberative Reasoning] Step 0-1 (Initialization & Hydration Failure):

• Action: Navigate to https://www.amazon.com/.

• Observation: Page appears empty (SPA not loaded). 0 links, 0 interactive elements.

• Result: Failure. Agent evaluates: "Encountered an empty page... Need to refresh." Refreshes page.

[Deliberative Reasoning] Step 2-3 (Search Execution & Hydration Failure):

• Action: Input ’Xbox Wireless Controller green’ into search box (index 2396) and click ’Go’ (index 3010).

• Observation: The search results page loads as an empty screen.

• Result: Failure. Agent evaluates: "The search was executed, but the page did not load correctly." Refreshes page.

[Deliberative Reasoning] Step 4-5 (Filter Execution & Hydration Failure):

• Action: Click ’Green’ filter (index 19356) and ’4 Stars & Up’ filter (index 19129).

• Observation: The filtered results page loads as an empty screen.

• Result: Failure. Agent evaluates: "Encountered an empty page after refreshing the search results." Refreshes page.

[Deliberative Reasoning] Step 6-7 (Extraction & Completion):

• Action: Extract details of Xbox controllers matching the criteria and call done.

• Result: Success. Task completed, but required 7 steps and 3 manual recovery cycles.

Figure 8: An execution trajectory of a memory-less baseline agent (GPT-4o Base). The agent relies on atomic
deliberative reasoning. While it eventually succeeds, it suffers from navigational instability, wasting multiple
inference cycles (Steps 1, 3, and 5) to manually handle asynchronous UI loading (SPA hydration issues).
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Case Study: Skill-Centric Baseline (e.g., SkillWeaver) Trajectory
Task: Search "Xbox Wireless Controller" and apply "Green" and "4 Stars & Up" filters on Amazon.

[Tool Execution] Step 1 (Search Strategy):

• Action: Invoke synthesized tool search(query="Xbox Wireless Controller green").

• Observation: The search executes smoothly and the initial results page loads.

• Result: Success.

[Tool Execution] Step 2 (Filter Strategy & Unverified Failure):

• Action: Invoke synthesized tool apply_filter(conditions=["Green", "4 Stars & Up"]).

• Tool Internal Execution: The script mechanically attempts to click the filter selectors based on cached DOM paths.

• Observation: The Amazon page enters an asynchronous SPA hydration state (blank page) during the click.

• Result: Exception Thrown (ElementNotInteractable).

[Atomic Fallback] Step 3-7 (Trial-and-Error Reasoning):

• Agent Reflection: "The filter tool failed. I need to manually locate and apply the filters."

• Step 3: Agent refreshes the page to escape the blank state.

• Step 4: Agent manually locates the ’Green’ filter (index 19356) and issues a primitive click action.

• Step 5: Page goes blank again (hydration). Agent evaluates failure.

• Step 6: Agent refreshes the page again.

• Step 7: Agent manually locates and clicks ’4 Stars & Up’ filter (index 19129).

Figure 9: An execution trajectory of a baseline skill-centric agent (e.g., SkillWeaver). The absence of robust recipes
(preconditions and recovery handlers) causes the synthesized apply_filter tool to crash upon encountering a
dynamic layout shift. Consequently, the agent is forced to revert to expensive, atomic trial-and-error reasoning.
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Case Study: WebSync (Ours) Trajectory
Task: Search "Xbox Wireless Controller" and apply "Green" and "4 Stars & Up" filters on Amazon.

[Recipe-Informed Planning] Step 1 (Advice Retrieval & Plan Generation):

• Context: Agent observes the Amazon homepage and analyzes the intent.

• Retrieval: Retrieves Strategic Advice (#AMZ-042): "Amazon filtering is brittle due to SPA hydration and unclick-
able overlays. Avoid atomic ReAct clicks; mandate guarded filter tools."

• Plan Decomposition: Agent generates a short-horizon plan with bounded skill anchors:

– Subgoal 1: Execute search and apply required filters. → Skill Anchor: robust_search_filter
– Subgoal 2: Extract the compliant product list. → Skill Anchor: extract_results

[Guarded Tool Execution] Step 2 (Unified Search & Filter):

• Action: Invoke mapped tool robust_search_filter(term="Xbox Wireless Controller green",
filter_txt=["Green", "4 Stars & Up"]).

• Tool Internal Execution (Contract Enforcement):

– [P] Precondition: Explicitly waits for #twotabsearchtextbox and filter panel to be fully interactive,
gracefully bypassing the blank hydration state.

– [B] Execution: Inputs query and executes click events using semantic locators.
– [R] Recovery: Detects a layout shift during the ’Green’ filter click; autonomously triggers a fuzzy click on

the parent container.
– [Q] Verification: Asserts URL parameters (p_n_condition) and active DOM tags.

• Result: Success. Browser state is verified and synchronized with the applied filters.

[Guarded Tool Execution] Step 3 (Extraction & Completion):

• Action: Invoke mapped tool extract_results(target_rating=">4") and call done.

• Result: Success. Task completed efficiently in 3 high-level steps.

Figure 10: An execution trajectory of WebSync. Unlike baseline methods, WebSync begins with a Recipe-Informed
Planning phase, retrieving strategic advice to avoid known pitfalls (e.g., SPA hydration) and anchoring subgoals
to specific Skill Recipes. It then delegates execution to guarded tools equipped with P-B-Q-R contracts, handling
dynamic UI issues internally and completing the task with fewer atomic trial-and-error actions.
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