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ABSTRACT

Long-horizon web agents frequently fail without knowing where or why execu-
tion broke down. This issue is particularly pronounced in skill-based agentic web
systems, where failures arise within composite skills whose internal decision pro-
cesses are not directly traceable, making precise diagnosis and repair especially
difficult over long horizons. We introduce SkillTracer, a framework that repre-
sents skills as attributed plan graphs structured by hierarchical nodes and verifiable
edge transitions, enabling programmatic verification of execution progress. By de-
composing skills into inspectable hierarchies, SkillTracer converts raw interaction
traces into structural evidence, making execution breakdowns localizable to spe-
cific node-level decision points and attributable to failing components. This attri-
bution signal facilitates targeted structural repair, allowing the agent to selectively
revise failing components while preserving the integrity of valid substructures for
partial reuse and adaptive recovery. Furthermore, SkillTracer synthesizes short-
term traces with long-term historical evidence to construct a persistent skill graph,
enabling failure patterns to drive continual refinement across episodes. Evaluated
on challenging long-horizon benchmarks, SkillTracer achieves a 17.7% average
improvement in success rate over strong baselines, with gains of up to 56.3% in
cross-domain settings, demonstrating that structural attribution and skill repair are
critical for reliable long-horizon web interaction.

1 INTRODUCTION

Web agents are increasingly deployed to automate complex, goal-directed interactions such as web
navigation and multi-step service execution (Deng et al., 2024} Xue et al., 2025)). These tasks require
operating over long horizons under partial observability, where intermediate states may be transient.
As web systems mediate real-world services, the reliability of long-horizon agents becomes critical.

Recent Large Language Models (LLMs) have reframed automation as an instruction-following reac-
tive paradigm, acting as grounded controllers on the Accessibility Tree (AXTree) (Yao et al.,[2023).
However, this formulation treats steps as isolated decisions without a pre-defined task structure to
anchor progress. Lacking an internal benchmark to distinguish minor execution variance from log-
ical failure, small grounding errors often compound into trajectory drift over long horizons (Xue
et al., 2025). Existing approaches attempt to mitigate this via reflection mechanisms (Shinn et al.,
2023; Madaan et al.l [2023)). Yet, reflection operates on flattened execution traces that discard the
internal decision boundaries of the original plan. Consequently, the agent suffers from attribution
ambiguity: it cannot align negative outcomes with the specific internal decisions that produced
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Figure 1: Overview of the SkillTracer framework. Step 1 (Skill Retrieval): A user query is
decomposed into a subgoal, which retrieves a relevant skill from the skill library and instantiates
it as a plan graph (left). Step 2 (Execution and Failure Attribution): The instantiated skill is
executed to produce an interaction trace; execution failure is attributed to the first non-executable
plan node using trace-based verification (center). Step 3 (Skill Repair and Reuse): The failing
components are selectively repaired and re-executed, and the revised skill is written back to the
library for partial reuse and continual improvement (right).

them, making it difficult to distinguish incorrect plans from transient grounding errors and prevent-
ing precise, localized repair.

To address long-horizon complexity, recent frameworks adopt skill induction, abstracting success-
ful trajectories into reusable execution units (Sharma et al., 2022; |Cai et al., 2024). Prevalent ap-
proaches model these skills as monolithic program macros (e.g., Python functions) (Zhou et al.,
2024b; [Zheng et al.| 2025). Under this formulation, the skill’s internal decision structure is opaque
during execution. When a skill fails due to UI drift, the agent observes only a terminal signal without
access to intermediate states. Without visibility into where the execution deviated, failure attribu-
tion is impossible beyond the skill level, reducing recovery to episodic retries rather than systematic
refinement (Ouyang et al., [2025).

In this work, we propose SkillTracer, a framework that reimagines skills as editable plan graphs
rather than atomic macros. Each induced skill is represented as an attributed graph where nodes
denote subgoals and edges encode verifiable conditions. During execution, SkillTracer performs
programmatic verification at each node to validate progress. When execution deviates, this explicit
topology renders the logic fully traceable, allowing failures to be localized to the specific node where
verification failed. This enables targeted structural repair—selectively revising failing substructures
while preserving valid subplans—and aggregates verification outcomes into a structural memory,
transforming transient failures into signals for systematic refinement.

Our contributions are four-fold:
(1) We introduce a plan-graph representation that preserves execution-time decision structure, en-
abling failures to be localized to specific subgoals rather than entire action sequences.

(2) We propose a failure attribution mechanism utilizing structural memory to map execution
breakdowns to responsible plan nodes, identifying brittle decision patterns over time.

(3) We reformulate skills as editable plan-graph snapshots rather than monolithic macros, defining
skills as manipulable objects that support localized repair and selective reuse.

(4) We evaluate SkillTracer on long-horizon web interaction benchmarks, demonstrating supe-
rior reliability with average success rate improvements of 43.1%, 94.0%, and 62.8% over ASI,
SkillWeaver, and AWM, respectively.
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2 RELATED WORK

Skill Induction in Agentic System. A large body of work studies how agents discover reusable
skills and compose them to solve long-horizon tasks (Shin et al., |2019; Sharma et al., 2022; |Ellis
et al.| 2023} |Cai et al., [2024; Wang et al., 2024} |Grand et al.| |2024)). Prior approaches typically treat
skills as atomic units, focusing on learning, selecting, or recombining skills to improve efficiency
and generalization (Zhou et al.| 2024b; |[Zheng et al., [2025)). Representative examples include Skill-
Weaver (Zheng et al.l |2025)), which enables self-improvement by discovering and honing reusable
skills, and PolySkill (Yu et al., [2025), which learns generalizable skills through polymorphic ab-
straction. Some recent efforts have also explored bootstrapping task spaces and test-time interaction
to enhance this discovery process (Shen et al.l 2025} Jiang et al.| | 2025). While effective at the level
of skill composition, these methods often assume skills are internally opaque and do not support
reasoning about failures within a skill. In contrast, SkillTracer models skills as structured, hierar-
chical plan graphs whose internal nodes can be inspected, modified, and partially reused, enabling
localized repair rather than external recomposition.

Programmatic and Structured Skill Representations. To improve interpretability and composi-
tionality, several works represent skills as low-level natural language descriptions in prompt libraries
(Wang et al.| |2025b; |Zhu et al., 2025} |Ouyang et al., 2025) or brittle action traces from successful
executions (Wang et al., 2025b; [Zheng et al.l 2025). A more robust approach represents Skills as
Programs, an area pioneered in interactive environments like Minecraft (Wang et al., [2023) and
recently applied to web agents (Zheng et al., [2025) and software engineering (Chen et al.l [2025).
For instance, Inducing Programmatic Skills for Agentic Tasks (Wang et al., 2025a) encodes skills as
executable programs derived from interaction traces. Related efforts similarly aim to lift behavior
from raw trajectories into symbolic representations (Sarch et al., 2024} [Wong et al., 2024)). How-
ever, these learned programs are typically concrete implementations tied to a single context, failing
to handle variations across different websites fulfilling the same function (Wang et al.| 2023} Zheng
et al.| [2025). SkillTracer differs by explicitly modeling the internal structure of skills as editable
plan graphs, allowing failures to be localized and repaired at specific nodes.

Planning under Partial Observability and Failure Recovery. Planning in web environments
remains challenging due to the vast, unseen web and cascading execution errors (Xue et al.| 2025)).
Existing agents often address failures through global replanning, recursive introspection (Qu et al.,
2024), or repeated trial-and-error driven by reinforcement learning (Zhou et al., 2024b; |Murty et al.,
2024aib). While some approaches incorporate episodic memory (Park et al., [2023), hierarchical
working memory (Hu et al., [2024)), or persistent external stores (Chhikara et al.} 2025} [Fang et al.,
2025) to bias future decisions, they lack explicit representations connecting failures to internal plan
structure. Other methods rely on LM-based synthesis or agent-driven exploration (Ou et al., [2024;
Xu et al.l 2025; Murty et al.l [2024b) to provide “warm starts” on specific websites (Deng et al.,
2024])). SkillTracer addresses this gap by combining hierarchical plan representations with cross-
episode structural memory, enabling agents to attribute failures to recurring plan-level patterns and
systematically avoid brittle structures.

3 METHODOLOGY

3.1 SKILL-BASED WEB AGENT PROBLEM

Problem Formulation and Skill Representation. We formulate the web agent task as a sequen-
tial decision process where an agent accomplishes a natural-language query ¢ by interacting with
an environment state .S; (represented by the Accessibility Tree). At each step ¢, the agent selects a
primitive action a; € A based on a policy m. However, long-horizon queries expose two fundamen-
tal challenges: grounding high-level intent to implicit UI elements, and representation of tasks as
flat action sequences, which lack structural dependencies for error localization.

To address this, we introduce skills as executable abstractions. Standard approaches typically induce
a monolithic skill X from a complete trajectory 7" via a policy 7, updating the action space as
A+ AU{K}, where K = 74(T). Functionally, this treats K as a high-level primitive that executes
the entire sequence 7" atomically. In contrast, SkillTracer defines skills as modular, parameterized
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templates scoped to specific subgoals. Given a verified trajectory segment 7'(9), the induction policy
synthesizes a structural skill graph by lifting instance-specific literals into symbolic parameters 6.
This transformation decouples interaction logic from data instances, enabling the skill to serve as a
versatile, reusable plan template rather than a rigid linear macro.

Skill-based Execution Pipeline. We formalize skill execution as the context-aware instantiation

of a skill graph. Given a subgoal g;, the system first derives a state slice Sf@ = (S}, g;) containing
only relevant UI elements. The most relevant skill C* is retrieved, and its plan graph G- serves as
a structural skeleton for the execution pipeline, which coordinates four modules. First, the Planner
adapts G~ to the current subgoal by pruning or extending the graph to produce an executable plan
Gg,. Next, the Executor grounds abstract plan nodes in G, to concrete UI elements in S; and
executes induced actions sequentially. Simultaneously, the Summarizer aggregates the execution

trace—including St(i), Gy, and state transitions { AS}—to evaluate outcomes and trigger localized
repair signals upon failure. Finally, successful trajectories are consolidated by the Skill Inducer to
update the skill library, ensuring that refined graph structures are accumulated as persistent knowl-
edge.

3.2 PLAN REPRESENTATION AS AN ATTRIBUTED GRAPH

To enable precise failure attribution and targeted repair for skills, we shift from implicit execution
traces to an explicit internal plan representation. We formalize the agent’s strategy as a diag-
nosable attributed plan graph, where execution semantics are governed by structured node-level
subgoals and state-dependent transitions. This formulation ensures that intermediate decisions are
not merely logged, but remain inspectable and verifiable at runtime, providing the necessary topol-
ogy for localized fault recovery.

Hierarchical Composition of Plan Graphs. We represent each skill not as a static macro or flat
action sequence, but as a structured plan with explicit internal decision structure. Concretely, a skill
is formulated as a directed attributed graph G = (V, E), where nodes encode atomic interaction
decisions and edges specify their structural ordering and dependencies. Each node v; € V represents
a single interaction unit and is defined as a typed tuple:

G=(V,E), v = (Ty, Ve, o, Op) € V. (D

Crucially, this factorization enforces a top-down grounding hierarchy. The interaction intent T
specifies the semantic objective of the step (e.g., navigation, selection, input), which constrains the
admissible UI component type ~;. The component type in turn restricts the set of valid executable
operations oy, preventing structurally invalid actions. The description 6, then resolves the abstract
node to a concrete AXTree element in the current page state S.

During execution, node instantiation is carried out by the planner policy 7, following this generative
dependency. Rather than predicting attributes independently, 7, performs constrained inference: the
selection of an interaction intent 7 gates the permissible component types ; and executable opera-
tions o (e.g., syntactically precluding text-entry on button elements). This structure aligns
the agent’s decisions with the functional affordances of the environment and reduces grounding
errors caused by incompatible action—element pairings.

Programmatic Verification of Edge Preconditions. Directed edges e;; € I are gated by pro-
grammatically verifiable preconditions x;;, which deterministically validate the executability of
successor nodes v; against the current page state S;. Unlike heuristic LLM critiques, these predi-
cates yield binary, high-fidelity failure signals based on two atomic checks:

(a) Component Availability verifies the presence of the required component type:

comp

Ky (8e375) = 1[v; € types(sy)] . 2)
(b) Anchor Text Presence confirms the existence of a synthesized textual anchor c;;:

ki (8¢5 ¢ij) = 1]eij € texts(sy)] . 3)
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Verification aggregates these decidable constraints over the current edge set:

]_, if Ky = @
/\%eEt ki;j(s¢), otherwise.

V(ke,5) = { 4

Violated predicates provide precise diagnostics for localized repair, while valid subgraphs are pre-
served for future structural reuse. See Appendix for predicate definitions and implementation
details.

3.3 RUN-TIME FAILURE LOCALIZATION AND REPAIR

To address execution anomalies dynamically within a single episode, the system employs a Diag-
nostic Reasoning Module that operates in real-time. Upon detecting a failure at step ¢, this module
synthesizes a comprehensive evidence set & = {AS}, z¢, M} to derive a localized structural repair
operator €;(detailed specifications of repair operators are listed in Appendix [B.2). The evidence set
consolidates three distinct diagnostic signals: transition evidence AS,, capturing the differential
state changes in the DOM induced by the preceding action; verification evidence z;, aggregat-
ing the deterministic boolean outcomes of the edge-feasibility predicates; and memory evidence
M, which contextualizes the current error against immediate interaction history to prevent cyclic
failures. By integrating these signals, the reasoning engine rectifies the plan topology on-the-fly,
allowing the agent to recover from structural mismatches without restarting the entire task.

Diagnostic Memory. To ensure temporal consistency during runtime correction, the reasoning
engine maintains a dual-layer memory M; = (M}, M*). Short-term memory )M} records the
history of localized failures and ineffective repairs within the current interaction episode. Formally,
it is defined as a set of failure-repair tuples, preventing the agent from entering cyclic loops by
penalizing redundant modifications to the same node v:

M;? = {{vg, Q) | k < t, Outcome(vg) = False}. %)

Upon successful task completion, validated repairs are consolidated into long-term memory 1.
This mechanism distills episodic experiences into persistent structural knowledge, allowing the
agent to retrieve proven repair strategies for similar failure contexts in future sessions:

M «— M*U{(v,Q) € M} | Task(Q) = Success}. (6)

Diagnosis Objective. The core decision process identifies the optimal repair strategy from gener-
ated candidates. Let G}(2) = Apply(Gs, 2) denote the candidate graph topology resulting from a
repair ). The diagnostic module selects the repair €2 that maximizes logical consistency with the
evidence set {AS;, z;, M; } while penalizing structural deviation from the original plan G:

OF e {Q’ max [C(G;(Q’)mst,zt,Mt) - /\~d(G;(Q’),Gt)”.

Here, C evaluates the consistency of the repaired graph against the transition (AS}), verification
(21), and memory (M,) signals, while the regularization term d(-, -) enforces minimal intervention
to preserve the valid portions of the existing plan.

3.4 CROSS-EPISODE SKILL REUSE AND ADAPTATION

This section details how learned skills are systematically transferred across diverse tasks. In contrast
to reactive agents that re-plan from scratch or execute fixed action sequences, SkillTracer leverages
a library of structural templates that preserve logic while allowing for high-fidelity grounding.

Retrieval-based Skill Instantiation. A skill in SkillTracer is a reusable plan graph that captures
the invariant structural logic of an interaction. Each skill is stored as a structured artifact:
K = (name, desc, G), @)

where name identifies the skill, desc summarizes its semantic intent, and G is a plan graph whose
node attributes are parameterized as symbolic placeholders.
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Figure 2: An illustrative example of failure localization and structural repair from SkillTracer.
(a) A skill execution produces a failed interaction trace, where repeated action-level repairs lead to
execution stagnation. (b) The summarizer aggregates execution evidence to detect stagnation and
localize the failure to the responsible decision component. (c) The repair strategy is escalated to
a component-level revision; ineffective repairs are recorded in short-term memory, and successful
repairs are consolidated into long-term memory to guide future executions.

Table 1: Performance comparison across long-horizon web interaction domains, grouped by agentic
framework category. Under the same GPT-40 backbone, SkillTracer consistently outperforms prior
skill-induction-based systems, achieving average success rate improvements of 43.1%, 94.0%, and
62.8% over ASI, SkillWeaver, and AWM, respectively. These results indicate that attributed failure
localization and structural repair provide robustness gains beyond those achievable by model scaling
or skill induction alone.

Methods LLM Backbone Domain Avg.
Shopping ~ Admin Reddit GitLab Map Cross

Single-Agent Systems

WebRL (Qi et al., 2025) Llama-3.1-70B 44.4 543 78.9 50.0 40.0 - 49.1

AgentOccam (Yang et al., 2025) GPT-4-Turbo 40.6 45.6 61.3 37.8 46.8 14.6 43.1

AgentOccam + JUDGE (Yang et al., 2025) ~ GPT-4-Turbo 433 46.2 67.0 389 523 16.7 457
Multi-Agent Systems

WebPilot (Zhang et al., 2025) GPT-3.5 25.1 22.0 58.5 30.0 30.3 - 29.1

WebPilot (Zhang et al., 2025) GPT-40 36.9 24.7 65.1 394 339 - 37.2

Web Agentic Systems with Skill Induction

AWM (Wang et al., 2025b) GPT-4 30.8 29.1 50.9 31.8 433 - 355

SkillWeaver (Zheng et al., 2025) GPT-40 27.2 25.8 50.0 222 339 - 29.8

ASI (Wang et al., 2025a) Claude-3.5-Sonnet 40.1 44.0 54.7 322 43.1 20.8 404

Agentic Systems with Hierarchical Plan-Graph (Ours)
SkillTracer (Ours) GPT-40 65.7 56.1 68.7 51.1 63.3 32.5 57.8
48.0%1  3.3%71 129%) 22%1T 21.0%t 56.3%7T 17.7%7T

Given a subgoal g, the planner retrieves a small set of candidate skills based on semantic similarity
between g and the skill descriptions, and selects the most relevant one K.

{K1,...,K} ~ Top-k(g, {description(K)}). (8)

The optimal candidate K* is selected, and its graph plan graph Gx~ is then instantiated by grounding
its placeholders to the live page state S; and query q.

Crucially, whereas conventional web agents encode skills as static action sequences or prompt-level
macros that bind prematurely to page-specific elements, SkillTracer represents skills as reusable
structural templates whose internal decision logic is preserved across executions. By separating
invariant interaction structure from instance-specific grounding, skills can be instantiated on new
pages while retaining verified decision dependencies, enabling reliable transfer across heterogeneous
web environments.

Skill Induction and Continual Adaptation. When a subgoal is successfully executed without
invoking an existing skill, provided the resulting execution trajectory meets a minimum complexity
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threshold |77.7| > 2, the trace is distilled into a new skill artifact:
ICnew =Ts (Q» 7-1:T)7 (9)

where 75 denotes the skill inducer policy. This policy abstracts the raw execution trace into a task-

agnostic plan graph by replacing instance-specific entities, textual content, and numeric parameters
with semantic placeholders.

If an existing skill IC is selected but requires a repair signal €2 to complete the task, SkiliTracer treats
the corrected topology G- as a signal for topological refinement. Rather than a global re-induction,
the system performs a surgical update to the skill representation:

K’ :Ws(K:aGK:aG;CaIY-l:T)- (10)

Crucially, this update is governed by a structural conservative objective. We formalize the evolu-
tion of the skill library as an empirical risk minimization problem that balances robustness against
structural drift:

Irllci/n E,~p [I(fail(K', 7))] + AErop [Astruct (K, K)], (11)

The first term represents the intent to reduce failure risk over historical trajectories D, while the sec-
ond term serves as a minimal intervention regularizer to penalize excessive structural edit distance
Agtruct between the original and revised topologies. By framing refinement as the optimization of a
topological prior rather than an unconstrained text-generation task, SkillTracer provides a principled
mechanism for non-monotonic learning that preserves the functional integrity of the agent’s knowl-
edge base across heterogeneous domains. Under this formulation, the library aims to evolve through
stable refinement; the agent intends to expand the skill’s applicability to diverse page states while
preserving the integrity of the verified interaction logic.

Complete algorithms and pseudocode are provided in Appendix

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Benchmarks and Evaluation. We evaluate SkillTracer primarily on the WebArena bench-
mark [Zhou et al.| (2024a)), a rigorous evaluation suite designed to assess autonomous web agents
in realistic environments. WebArena comprises 812 test tasks spanning five major real-world web
domains. To further assess the generalization capability of our hierarchical plan graphs, we also
report performance on Cross-Domain tasks, where agents must navigate across multiple websites to
achieve a single objective.

Following standard protocols [Zhou et al.| (2024a); Wang et al.| (2025a)), we measure performance
using Success Rate (SR) based on functional correctness. Following prior baselines, we employs
program-based evaluators to assess execution trajectories, yielding deterministic binary outcomes
and ensuring consistent comparison across methods. We utilize the standard observation space
provided by BrowserGym Drouin et al.| (2024), converting the accessibility tree (AXTree) into a
text-based representation.

Baselines. We compare SkillTracer against three distinct categories of state-of-the-art web agents.
Single-Agent Systems include WebRL (Qi et al., 2025)), which applies reinforcement learning to
optimize open-ended tasks, and AgentOccam (Yang et al.| |2025), which leverages visual ground-
ing and pruning. Multi-Agent Systems are represented by WebPilot (Zhang et al., 2025)), utiliz-
ing a decoupling strategy to handle complex dependencies. Finally, as our most direct compar-
isons, Skill-Induction Systems include AWM (Wang et al.,|2025b) for workflow induction, Skill-
Weaver (Zheng et al.l [2025) for skill discovery, and ASI (Wang et al.,|2025a)) which emphasizes
execution verification.

Backbone and Architecture. For the primary evaluation of SkillTracer, we utilize GPT-40 as
the backbone Large Language Model (LLM) for the Planner, Executor, and Repairer modules. This
ensures a fair comparison with the strongest baselines in Table[I] particularly those utilizing GPT-40
or Claude-3.5-Sonnet. Our action space A aligns with the standard WebArena default action space
(detailed in Appendix [A) to isolate the gains provided by our plan-graph representation rather than
low-level action primitives.
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Table 2: Comparison of token consumption during the Skill Induction phase. The relative reduction
is shown in parentheses.

Method Induction Cost (Tokens)
ASI 5,773
SkillTracer 1,932 (] 66.5%)

Implementation Details. We set the maximum number of interaction steps per episode to 10. For
skill retrieval, we employ a RAG-based mechanism with a top-k setting of £ = 3. The Planner
is configured with a temperature of 0.3 to encourage stable and deterministic structure generation,
while the Executor also uses a temperature of 0.3 to balance consistency and grounding robustness.
All experiments were conducted on a standard workstation using commodity computing resources.
(see Appendix [C.]for details).

4.2 BENCHMARK RESULTS

Overall Performance. Table[I|summarizes performance across six domains. SkillTracer achieves
a leading average success rate of 57.8%, with robust single-domain scores: 65.7% (Shopping),
56.1% (Admin), 51.1% (GitLab), 63.3% (Map), and 68.7% (Reddit). Crucially, in the Cross-
domain setting, it significantly outperforms the strongest baseline (20.8%) with 32.5% success.
Overall, SkillTracer delivers an average gain of +17.7 percentage points, with a 56.3% relative
improvement in Cross-domain tasks, validating the efficacy of hierarchical, verifiable plan graphs
for stable generalization.

Induction Overhead. Table [2| highlights that SkillTracer reduces token consumption during the
skill induction phase by 66.5% compared to ASI (1,932 vs. 5,773 tokens). This efficiency stems
from two architectural design choices. First, instead of employing extensive multi-round verification
to refine skills prior to storage, SkillTracer adopts a continual improvement paradigm. We treat
the initial induction as a lightweight registration process, deferring optimization to the execution
phase, where the localized repair mechanism naturally iterates on brittle graph nodes. Second,
our framework triggers induction strictly upon the successful completion of subgoals, ensuring
that skills have distinct semantic boundaries and controllable granularity. In contrast, methods that
extract skills from full-horizon task trajectories often face challenges in segmentation ambiguity,
which can result in prolonged primitives that consume more context while offering lower reusability.

Additional Results. Due to space constraints, we provide comprehensive supplementary anal-
yses in the appendices. Qualitatively, Appendix [D| details a concrete case study illustrating skill
generalization across diverse web environments. Quantitatively, we report system efficiency in Ap-
pendix alongside a comparative analysis of token consumption costs in Appendix Finally,
extended ablation studies dissecting specific module contributions are presented in Appendix [C.3]

5 CONCLUSION

We introduced SkillTracer, a framework that transforms web interaction from stochastic sequence
generation into a principled, verification-aware control process by representing skills as hierarchi-
cal, attributed plan graphs. By decoupling invariant interaction logic from site-specific affordances,
SkillTracer effectively shifts the agentic bottleneck from unconstrained text generation to the opti-
mization of topological priors. This architectural shift enables precise, white-box failure localization
and surgical structural repair, allowing the agent to maintain computational momentum without re-
gressing to global re-planning. Our results demonstrate that robustness in web automation is a func-
tion of structural integrity rather than model scale, proving that symbolic plan-graph representations
provide the necessary scaffolding for reliable, cross-domain generalization. Ultimately, SkillTracer
establishes a scalable foundation for agents that do not merely execute tasks, but incrementally refine
a verified world-model of digital interfaces.
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A ACTION SPACE

Table 3: Complete action space used throughout experiments.

Action Type

Description

noop (wait_ms)

click (elem)

hover (elem)

fill (elem, value)
keyboard._press (key_comb)
scroll (x, vy)
select_option(elem,
memorize (elem)

options)

Do nothing for specified time.

Click at an element.

Hover on an element.

Type into an element.

Press a key combination.

Scroll horizontally or vertically.

Select one or multiple options.
Memorize specific element on the page.

goto (url)
go-back ()
go_forward ()

Navigate to a URL.
Navigate to the previous page.
Navigate to the next page.

new_tab ()
tab_close ()
tab_focus (index)

Open a new tab.
Close the current tab.
Bring tab to front.

sendmsg_-to_user (text)
report_infeasible (reason)

Send a message to the user.
Notify user that the task is infeasible.

Action Space. We adopt the same primitive action space as prior WebArena-based baselines to en-
sure fair comparison, including standard navigation, interaction, and input operations (Table 6).
To support tasks that require reasoning over intermediate results—such as comparing multiple
items when the webpage does not provide built-in comparison tools—we introduce an additional
memorize action. Unlike environment-affecting actions, memorize (elem) does not trigger
any browser interaction. Instead, it takes an element identifier as input, and the system records a
localized structural snapshot consisting of the target element together with its immediate parent and
children (one level up and down in the AXTree). This cached information is injected into subsequent
execution steps as auxiliary context, enabling cross-step comparison and reference without altering
the underlying page state.

B METHODOLOGICAL SPECIFICATIONS AND ALGORITHMS

B.1 FORMAL CONSTRAINTS ON PLAN GRAPH EDGES

In the Plan Graph 7, as introduced in Section each edge is defined as e = (N, N, C'), where
N,, N, € V, and C is an optional precondition (denoted as _L if absent). To ensure the mechanical
verifiability of the plan, preconditions C' must satisfy the following strict constraints:

1. Cardinality Constraint: |C| < 1.

2. Markov Property: Verify(S:, C) depends only on the current state S; and cannot refer-
ence history states S—; or actions A .

3. Predicate Restriction: Only two types of predicates are allowed:

C € {exists_.component(T), exists_content(c)} (12)

4. Generation: The precondition C' is produced by the planner conditioned on the current
page state Sy, and is restricted to predicates that can be deterministically verified by a
programmatic validator.

5. Validation: Preconditions are evaluated using deterministic string matching on the current
page state .Sy, without semantic expansion or approximate matching, ensuring reproducible
and unambiguous verification.

12



Published as a conference paper at ICLR 2026 Workshop on MALGAI

Algorithm 1 SkillTracer: Subgoal-Conditioned Retrieval, Planning, Local Repair, and Skill Induc-
tion

Require: Task context @), environment &, skill library C, memories M; = (M, M)

Ensure: Updated skill library C
1 t+0,B+10 (task-level temporary skill buffer)
2: while TASKSOLVED(Q) = 0 do
30 gr~Tg( | St Q) (generate current subgoal)
4 Ct <+ RAGk(gt, K) (retrieve top-k skills)
50 Gt ~7p(- | St, Q, g¢,Ce, M) (plan graph; may adopt a skill)
6:  SUBGOALDONE < 0
7:  while SUBGOALDONE = 0 do
8 (T1:7, &, SUBGOALDONE) «— EXECUTE(GY, £, M)

9

: Q; < SUMMARIZE(T1.7, &, G, My) (derive repair signal from evidence)
10: if Q; # & then
11: St <= ROLLBACK(St, T1:1) (return to checkpoint)
12: G < Apply(Gy, Q) (localized structural repair)
13: end if

14:  end while

15: i [Ti.v| > 2 then

16: B < SKILLINDUCER(g¢, T1.7, Qt, My) (attribute & refine skill after subgoal completion)
17: end if

18: t—t+1

19: end while

20: K <+ MERGE(K, B) (commit on task completion)
21: SAVE(K)

22: return K

B.2 STRUCTURAL REPAIR OPERATORS

Based on the diagnostic evidence, the reasoning engine generates a repair operator €2 defined as
a targeted modification to a specific attribute of a plan node. These operators address granularity
mismatches at different levels of the plan hierarchy:

Ti= <= 7Y, Level 1: Rectify Intent/Stage

Yix vV,  Level 2: Correct Component Type
oy« < o™, Level 3: Adjust Executable Action
di« += 02V, Level 4: Refine Semantic Description

O = 13)

Operators at higher levels (7,7, a) imply topological changes that necessitate a cascading invali-
dation of downstream nodes to preserve logical consistency. In contrast, low-level refinements (9)
constitute localized semantic corrections, allowing the executor to resume the existing plan imme-
diately without regenerating the remaining graph structure.

B.3 ALGORITHM

Algorithm [I|formalizes the resulting SkillTracer lifecycle.

C EXPERIMENTAL SETUP AND EXTENDED ANALYSIS

C.1 IMPLEMENTATION DETAILS

Model Hyperparameter Configuration Table 4 summarizes the implementation configuration for
each agent module. While the current instantiation uses a unified backbone model and decoding
setup across all roles for fair comparison and simplicity, the framework itself is designed to sup-
port role-specific model configurations. In particular, different agent components (e.g., planning,
execution, or summarization) can be assigned distinct language models, decoding temperatures, or
context budgets, enabling flexible trade-offs between reasoning quality, stability, and computational
cost in future extensions.

Checkpoint-Based Rollback Mechanism. This mechanism [2]is built on the assumption that URL
transitions provide a reliable structural boundary: once the URL changes, the page state is refreshed
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Table 4: Implementation details of each agent module. All modules share the same backbone model
and decoding configuration.

Agent Module Model Temperature Max Output Tokens Max Input Tokens
Subgoal Generator GPT-40 0.3 4096 128k
Planner GPT-40 0.3 4096 128k
Executor GPT-40 0.3 4096 128k
Summarizer GPT-40 0.3 4096 128k
Skill Inducer GPT-40 03 4096 128k

Algorithm 2 Checkpoint-Based Rollback Mechanism

Require: Current subgoal u4, executed trajectory T3, basic URL U,
Ensure: Rollback action list A,

1: Initialize current URL Uy <— U, > Initialize URL-level checkpoint
2: Initialize temporary action buffer A; < () > Buffer actions since last URL change
3: for each executed pair (u, a) € T; do
4:  ifu # U, then
5: Reset Ay < () > URL change invalidates prior actions
6: Update U; < u > Advance checkpoint to new page
7:  else
8: Append action a to A; > Action is reversible within page
9: endif
10: end for
11: if subgoal completed then
12:  if Uy # U; then
13: Ay — Ay > Keep only actions after last URL transition
14:  else
15: Ay — Ay U A, > Merge actions within unchanged page
16:  end if
17: end if

and any prior transient UI operations become invalid. By treating URL changes as stable check-
points, the agent avoids replaying stale interactions and reduces accumulated execution noise caused
by intermediate page manipulations. During execution, actions are buffered as .4; only while the
URL remains unchanged; when a URL transition is detected, the buffer is reset and the checkpoint
is advanced. After a subgoal completes, the buffered actions are consolidated into A, representing
the minimal set of page-local operations required to reproduce the final state. Upon failure and sub-
sequent repair, execution resumes by reapplying A;, ensuring that post-repair actions are grounded
in a clean, consistent page state while preserving progress made since the last reliable checkpoint.

C.2 EFFICIENCY ANALYSIS

Table [5] reports the average token cost per task and the average number of steps among successful
trajectories. Importantly, the token accounting includes both workflow action generation and skill
induction, reflecting the full end-to-end cost of SkillTracer. Across domains, token usage varies
substantially with task complexity and interface heterogeneity: Map has the lowest average token
cost (81,036) with 4.9 steps on successful runs, while Cross-domain requires the highest token bud-
get (187,193) and the longest successful trajectories (7.2 steps). Overall, SkillTracer uses 112,601
tokens per task on average, with 5.4 steps per successful trajectory.

C.3 ABLATION STUDY

Ablation on Skill Reuse. Table [6] shows that removing skill reuse leads to a clear drop in task
success on both Shopping (65.7% to 45.16%) and Shopping-Admin (56.1% to 48.39%), accompa-
nied by higher token cost and longer successful trajectories. Without reusable plan templates, the
agent relies more heavily on on-the-fly planning, resulting in increased computation and reduced
execution reliability.
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Table 5: Efficiency statistics of SkillTracer across domains. Token cost is reported as average tokens
per task, and includes both workflow action generation and skill induction. Steps are averaged over
successful trajectories only.

Domain Token Cost (per task)  Avg. Steps (success only)

Shopping 82,370 4.2
Admin 112,422 6.7
Reddit 146,833 5.8
GitLab 120,138 5.1
Map 81,036 4.9
Cross 187,193 7.2
Avg. 111,910 54

Table 6: Ablation study analyzing the impact of skill reuse on task success, token efficiency, and
execution length. Results are reported on Shopping and Shopping-Admin domains.

Method Metric Shopping  Shopping-Admin
Success (%) 65.7 56.1

SkillTracer Token Cost 82,370 112,422
Steps (Succ.) 4.2 6.7
Success (%) 45.16 48.39

w/o Skill Token Cost 120,541 163,705
Steps (Succ.) 5.1 6.9
Success (%) 1 20.5 177

A Token Cost 131.7% 131.3%
Steps (Succ.) | 21.4% 1 3.0%

This degradation highlights the role of skills as structural priors over interaction patterns. By reusing
validated plan graphs, the agent avoids repeatedly rediscovering stable interaction structures, reduc-
ing both planning overhead and exposure to grounding errors. In their absence, planning becomes
more reactive and brittle, leading to longer trajectories and lower overall success.

Ablation on Failure Localization and Repair. As reported in Table[7] disabling the repair mech-
anism substantially reduces success rates on Shopping (65.7% to 44.4%) and Shopping-Admin
(56.1% to 42.8%). Notably, the trajectory lengths of successful episodes remain relatively stable,
suggesting that the overhead of localized failure detection and structural repair is negligible. These
results demonstrate that SkillTracer achieves significant gains in reliability without sacrificing com-
putational efficiency, highlighting the framework’s operational sustainability.

Without explicit failure localization, execution errors propagate unchecked, forcing the agent to
either terminate prematurely or continue with an invalid plan structure. The repair mechanism en-
ables targeted correction at the node and attribute level, preventing cascading failures and preserving
valid portions of the plan graph. Its removal therefore directly undermines robustness, even when
successful trajectories appear only marginally longer.

C.4 TOKEN CONSUMPTION COMPARISON ANALYSIS

Token breakdown. As detailed in Table [8] SkillTracer incurs a higher token overhead than ASI
in the Shopping domain (82,370 vs. 59,613). This increase is a deliberate architectural consequence
rather than an inefficiency. Unlike baselines that prioritize monolithic action generation in a sin-
gle pass, SkillTracer explicitly allocates computational budget to infermediate state analysis and
structural memory maintenance for error diagnosis. Crucially, this additional expenditure is not
consumed by redundant retries, but is invested in structured verification and localized repair.
By reasoning over page transitions and retaining diagnostic evidence, SkillTracer minimizes blind
exploration—a critical advantage in dynamic environments like Shopping where layout shifts are
frequent. Empirically, this trade-off proves highly favorable: the moderate increase in token usage
translates into a substantial gain in reliability, achieving a 65.7 % success rate that significantly out-
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Table 7: Ablation study on the impact of failure localization and structural repair. We report task
success rate and average successful trajectory length on Shopping and Shopping-Admin. Removing
the repair mechanism substantially degrades both effectiveness and execution efficiency.

Method Metric Shopping  Shopping-Admin
. Success (%) 65.7 56.1
SkillTracer 10 (Succ.) 42 6.7
w/o Repair Success (%) 44.4 42.8
p Steps (Succ.) 43 72
A Success (%) 1213 1133
Steps (Succ.) 1 2.4% T7.5%

Table 8: Token cost breakdown on Shopping. We decompose total token usage into workflow action
generation and skill induction.

Method Action Gen. SKkill Induction  Total Tokens

ASI 53,840 5,773 59,613
SkillTracer 80,438 1,932 82,370

performs skill-induction baselines. This confirms that the extra tokens are effectively amortized by
the marked improvements in robust task completion.

D CASE STUDY

We examine an address-editing skill (Figure [3) induced from successful form-filling trajectories,
where specific entities (e.g., city, postal code) are abstracted into symbolic placeholders. Unlike
soft hints, the retrieved skill is directly instantiated as the plan graph and executed under standard
verification protocols. Edges enforce explicit preconditions on the page state; for instance, the
transition n4 — ns5 (State selection) mandates the existence of a combobox component. If a target
website implements this field as a fextbox, the precondition fails deterministically at n5, marking it
as a breakpoint. Crucially, rather than discarding the skill, the summarizer preserves the valid prefix
(n1—n4) and issues a localized repair solely for n5 (e.g., modifying the component type). This in-
place adaptation demonstrates robust cross-site generalization, allowing partial skill reuse despite
structural UI mismatches.

) skill: Update address fields (with optional line 2 clear) and save I
-

description: Edits a visible address form by filling street address lines (optionally clearing line 2), city,
postal/ZIP code, and selecting state/province, then saves the updated address.

Node. Node,

1 9 Street Address 1 6 {b

Action: fill(AddressLine1_id, text) - Action: :Ilckﬁa::_bui:o:_;d) dd

Description: [Fill the Street Address Line 1 Description: ersist The updated address
field. fields.
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|
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|
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|
|
|
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|
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Action: fill(AddressLine2_id, text/empty)
Description: [Fill the Street Address Line 2
field, or clear it when empty.

{

Action: select_option(State_id, option)
Description: |Select the desired state or
province option.

exists_type
? ("combobox")

R cr— odes | 9 Gromem)
= exists_content =
Action: fillCity_id, text) ("Postal") Action: fill(PostalCode_id, text)

Description: [Fill the City field with the Description: |Fill the Postal / ZIP code field

target city name. °:(> when present.

Figure 3: A structured plan-graph representation of a skill in SkillTracer. Explicit node attributes
and state-dependent edge conditions make execution verifiable and failures localizable to individual
plan nodes.
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E SKILL EXAMPLE

In[D] we illustrate skill reuse and repair using a schematic example to highlight the overall workflow.
To complement that presentation, this appendix provides a real skill instance extracted from actual
execution traces during evaluation. Unlike the abstracted case study in the main text, the following
example shows the exact skill structure stored in the skill library, including its plan graph, node
semantics, and execution order.

Skill Example: Skill instance

rrrskill
{ "id": "S6",
"name": "Update address fields and save",
"description": "Edits a visible address form by filling street

address lines, city, postal/ZIP code, and selecting
state/province, then saves the updated address.",

llplanll: {
"nodes": [
{ "node_id": "nl1",
"purpose": "commit_input",
"component_type": "textbox",
"action": "fill (address_linel_textbox_id,
address_linel_text)",
"description”: "Fill the Street Address Line 1 field with the
provided address line 1 text."},
{ "node_id": "n2",
"purpose": "commit_input",
"component_type": "textbox",
"action": "fill (address_line2_textbox_id,
address_line2_text_or_empty)",
"description": "Fill the Street Address Line 2 field with the

provided value; use an empty value to clear the field when
supported."},

{ "node_id": "n3",
"purpose": "commit_input",
"component_type": "textbox",
"action": "fill (city_textbox_id, city_text)",
"description”: "Fill the City field with the provided city
text."},
{ "node_id": "n4",
"purpose": "commit_input",
"component_type": "textbox",
"action": "fill (postal_code_textbox_id, postal_code_text)",
"description": "Fill the Postal/ZIP code field with the

provided postal code text."},
{ "node_id": "n5",
"purpose": "commit_input",
"component_type": "combobox",
"action": "select_option(state_province_combobox_id,
state_province_option_text)",
"description": "Select the desired state/province option from
the state/province dropdown."},
{ "node_id": "né6",
"purpose": "commit_input",
"component_type": "button",
"action": "click (save_address_button_id)",
"description": "Click the Save/Submit button to persist the
updated address fields."}],
"edges": [
{"from": Ilnl"’ "to": llnzll}’
{"froml‘: lln2","to": "n3"},
{"from": "n3","to": "n4","preconditions":
["exists_content ("Postal’)"]},
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{"from": "n4","to": "n5", "preconditions":
["exists_type (' combobox’)"]},

{"from": "n5",||to": "n6l|}]’
"next_step_decision": {"should _plan_next": false}

F LONG-TERM MEMORY ENTRY

This section presents a concrete example of long-term memory entries maintained by SkillTracer.
Long-term memory stores stabilized structural knowledge distilled from repeated executions, in-
cluding repaired plan graphs, failure patterns, and reusable skill abstractions.

Long-Term Memory: Long-Term Memory Example
{

"task": "5 blue Cronus yoga pants with size 33 arrived, update the
stock",
"subgoal": "filter the products grid using the Filters panel to
locate the blue Cronus yoga pants in size 33",
"original_node": {
"purpose": "filter",
"component_type": "textbox",
"action": "£fill(’1026’, ’'-33-Blue’)",
"description": "Fill the ’SKU’ filter with text that encodes the
blue color and size 33 variant (as represented in SKU naming) ."},
"error_evidence": {
"evidence": "The plan step n6 references placeholder

identifiers/values (sku_filter_ textbox_id,
blue_size_33_sku_query_text) that are not grounded in the current
AXTree. In the visible Filters panel, the actual SKU field is
present as [1031] textbox ’SKU’ (empty), so the specified action
cannot be instantiated/executed as written.",

"summary": "No executable action was produced because n6’s
target/control id and input value are not tied to any real,
visible element/value on the page; the correct grounded SKU
textbox is bid 1031."},

"stuck_repair": [{
"repair_tool": {
"tool": "REPLACE_ACTION",
"arguments": {
"node_id": "ne6",
"new_action": "fill(’1031’, ’'-33-Blue’)"}},
"insight": "Retarget the fill action to the actually-visible

SKU textbox (bid 1031) and use a partial SKU string likely to
match the Blue size-33 variant."}],

"success_repair": {
"repair_tool": {
"tool": "REPLACE_ACTION",
"arguments": {
"node_id": "né6",
"new_action": "fill(’1026’, ’-33")"}},
"insight": "The detected failure corresponds to a recurrent

repair pattern: the action is correctly grounded to a visible SKU
textbox, but the input format is invalid. The page does not
support jointly encoding multiple attributes in a single SKU
query, requiring the size and color constraints to be applied
separately rather than combined."}
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G PrOMPT

To ensure reproducibility and clarify the role of language models in our system, we present the con-
crete prompts used for two critical modules: the Summarizer and the Skill Inducer. These prompts
explicitly define the expected inputs, outputs, and decision scope of each module, enforcing struc-
tured reasoning rather than free-form generation.

The Summarizer prompt is responsible for analyzing execution evidence and producing a localized
repair signal when failures occur. The prompt constrains the model to reason over observable evi-
dence, verification signals, and memory, and to emit a single, well-scoped repair operation.

The Skill Inducer prompt governs how validated execution trajectories are abstracted into reusable
skills. It specifies how concrete parameters are lifted into semantic placeholders, how plan graphs
are normalized, and how updates are applied to existing skills. Together, these prompts define the
interface between execution traces and the evolving skill library.

Prompt for Skill Inducer
~

[SYSTEM]

You are the Skill Inducer module in a web-agent system.

Your role:

Given a successfully completed subgoal, abstract or refine exactly
ONE reusable SKILL

from the executed plan.

You ONLY perform:

- Structural abstraction

— Parameter generalization

- Semantic de-tasking

[INPUTS]
(1) Query: Global task intent, used only as a semantic reference
frame.

(2) Subgoal: The successfully completed intermediate objective.
(3) Executed Evidence:
A consolidated execution record including:
— The successfully executed plan nodes (in order)
— Grounded action semantics
— Injected skill (if any)
[TASK]
From the executed evidence, produce exactly ONE skill by choosing ONE
of the following:
1. Abstract a NEW SKILL
Use when:
— The executed plan represents a novel interaction pattern, OR
— The semantic scope of the subgoal diverges from the injected
skill
2. REFINE the INJECTED SKILL
Use when:
— The executed plan closely matches the injected skill structure,
AND
— The subgoal semantics align with the injected skill description
[TASK RULES]
— The skill MUST preserve the structural form of a Plan Graph.
— Actions MUST remain symbolic and parameterized
— Do NOT include task-specific entities, identifiers, or values
[OUTPUT]
The output must include:
- id
— name
— description
- plan (nodes, edges, next_step_decision)
Output only the skill.
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Prompt for Summarizer
N

[SYSTEM]

You are the Repair Agent in a web-agent system.

Your role:

Given a detected execution failure, produce a single localized repair

for the current plan node.

Do NOT replan globally.

[INPUTS]

(1) Query: Original user task intent.

(2) Subgoal: Current intermediate objective.

(3) Plan: Plan graph for the current subgoal.

(4) Executed Evidence:

A consolidated execution record including:

- Executed plan nodes and symbolic actions (current + previous rounds
)

— AXTree(O Slice and delta AXTree trajectory aligned with actions

— Active memory (grounded elements generated by memorize())

— Short-term memory (repeated failure patterns)

- Long-term memory (successful past repairs)

(5) Error Signal: A concise description of the detected execution

failure.
(6) Action Rules: Allowed symbolic actions.
[TASK]

1. From the judgeable nodes implied by the executed evidence, select
exactly one causal node responsible for the failure.
2. Classify the failure into exactly one category:
- Intent-Stage Misalignment
— Interaction Grounding Failure
- Execution Strategy Failure
— Ungrounded Information Output
3. Justify the diagnosis using concrete signals from the executed
evidence.
4. Select exactly one repair tool and propose a localized edit to the
causal node:
— REPLACE_PURPOSE
— REPLACE_COMPONENT_TYPE
- REPLACE_ACTION
— REFINE_DESCRIPTION
5. Assess whether the subgoal description was sufficiently precise:
— If not, output one concise rewrite suggestion.
- Otherwise output Null.
[OUTPUT]
Produce a concise structured summary containing:
error_node
- error_type
evidence (key signals only)
- repair_tool + arguments
insight (one sentence)
- subgoal_guidance (one sentence or Null)
Output only the summary.

H AXTREE STRUCTURE

The AXTree is a hierarchical representation of the web page derived from the browser’s accessibility
API. Each node encodes a Ul element with its component type, displayed value, and WAI-ARIA role
attributes.
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AXTree Snapshot: Gitlab - main page

Ignore 3,507 characters.
1,151 characters selected bellow:
[582] main "’
[591] button ’‘main’, hasPopup='menu’, expanded=False
StaticText ’'main’
[798] list '’
[799] listitem '’/
[800] link ’"allyproject.com’
[803] button ’'Author’, hasPopup='menu’, expanded=False
StaticText ’'Author’
[844] Section '’
[845] searchbox ’Search by message’
[847] link ’'Commits feed’
[848] image '’
[850] list "7’
[851] listitem "’
StaticText ’14 Mar, 2023’
StaticText '’
StaticText ’2 commits’
[854] listitem '’
[855] list "7’
[856] listitem '’
[858] link "Eric Bailey’s avatar"
[859] image "Eric Bailey’s avatar"
[862] link ’Update...’
[864] button ’"Toggle commit description’
[865] image '’
[867] link ’"Eric Bailey’
StaticText ’authored’
[868] time ’'Mar 14, 2023 1:04am UTC’
StaticText ’'2 years ago’
[871] button ’'Unverified’
StaticText ’'ed37a2f2’
[875] button ’Copy commit SHA’, live='polite’,
relevant=’"additions text’
[876] image '’
[877] link ’'Browse Files’
[878] image '’
[879] listitem '’
[881] link "Eric Bailey’s avatar"
[882] image "Eric Bailey’s avatar"
23,622 characters remaining.

Each AXTree entry corresponds to a single accessible UI node extracted from the browser’s ac-
cessibility APL. An entry is identified by a stable node index and is annotated with its component
type (e.g., button, textbox, listitem), its visible text or value when available, and auxiliary
accessibility attributes such as ARIA roles or state flags (e.g., expanded, hasPopup). The hi-
erarchical indentation encodes parent—child containment relations on the page, allowing structural
queries such as component existence, text presence, and relative nesting to be evaluated determinis-

tically during planning and verification.
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