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Abstract

We present a dynamic policy-learning approach that com-
bines generalized planning and hierarchical task decomposi-
tion for LLM-based agents. Our method, Hierarchical Com-
ponent Learning for Generalized Policies (HCL-GP), learns
parameterized policies that generalize across task instances
and automatically extracts reusable policy components from
successful executions, organizing them into a skill library
for compositional policy generation. We address three chal-
lenges: (1) learning skills through automated decomposition,
(2) generalizing skills to maximize reuse, and (3) efficient re-
trieval via semantic search.

Evaluated on the AppWorld benchmark, our approach
achieves 98.2% accuracy on normal tasks and 97.8% on chal-
lenge tasks with unseen applications, improving 15.8 points
over static synthesis on challenging scenarios. For open-
source models, dynamic reuse enables 62.5% success ver-
sus near-zero without reuse. This demonstrates that classi-
cal planning concepts can be effectively integrated with LLM
agents for improved accuracy and efficiency.

Introduction

Interactive coding agents have become increasingly capable
of solving realistic tasks by generating executable code that
queries APIs, manipulates state, and iteratively repairs fail-
ures. Yet many systems treat each task as an isolated gener-
ation problem. In environments with repeated structure, this
is inefficient: agents repeatedly rediscover solution patterns,
spend inference budget on near-duplicate problems, and fail
to accumulate reusable procedural knowledge.

We study dynamic policy learning in structured sequential
decision-making settings where environments contain mul-
tiple domains, each consisting of related task instances that
share latent structure but differ in parameters. The objective
is to produce generalized, reusable policies that instantiate
across instances and adapt efficiently to new domains.

Our approach draws on two Al planning paradigms. First,
generalized planning (Bonet et al. 2017; Hodel 2024; Sil-
ver et al. 2024; Stein et al. 2026) produces parameter-
ized policies that solve classes of problems by abstract-
ing over instance-specific details. Second, Hierarchical Task
Network (HTN) planning (Erol, Hendler, and Nau 1994;
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Hogg, Muiioz-Avila, and Kuter 2008; Georgievski and
Aiello 2015) decomposes complex tasks into reusable sub-
tasks. We integrate these principles with LLM-based agents
through a dynamic policy-learning framework that learns
parameterized policies and automatically extracts reusable
policy components from successful executions. These com-
ponents are evaluated, generalized, organized into a skill li-
brary, and retrieved via semantic search. Policy generation
proceeds compositionally by combining retrieved skills with
task-specific parameters. In what follows, we refer to policy
components outside of the policy as skills.

We instantiate this framework on AppWorld (Trivedi et al.
2024), a benchmark where agents interact with multiple ap-
plications (Gmail, Spotify, Phone, etc.) through APIs. Each
scenario consists of multiple related tasks sharing struc-
ture but varying in parameters, making AppWorld a natural
testbed for generalized and compositional policies.

Our contributions are: (1) A dynamic policy-learning
framework integrating generalized planning and hierar-
chical decomposition for reusable, parameterized policies.
(2) Methods for automatically extracting, evaluating, and
reusing policy components from successful executions. (3)
An empirical evaluation on AppWorld demonstrating im-
proved efficiency and favorable cost-accuracy trade-offs,
particularly on challenging domains. These results show that
planning concepts such as generalized policies and decom-
position remain effective tools for structuring LLM-based
agents in realistic decision-making environments.

Related Work

Our work is grounded in generalized planning and hier-
archical task decomposition. Generalized planning synthe-
sizes policies that solve classes of problems by abstracting
instance-specific details (Jiménez, Segovia-Aguas, and Jon-
sson 2019). Recent work uses LLMs to generate such poli-
cies in code (Silver et al. 2024; Stein et al. 2026). We learn
parameterized policies and reusable skills that generalize dy-
namically across instances. Unlike traditional approaches,
we do not assume symbolic domain representations; gen-
eralization emerges from execution feedback and iterative
synthesis.

Hierarchical Task Network (HTN) planning decomposes
tasks into reusable subtasks (Erol, Hendler, and Nau 1994;
Nau et al. 2003; Ghallab, Nau, and Traverso 2004). HTN



learning aims to automatically identify reusable substruc-
tures (Hogg, Muifioz-Avila, and Kuter 2008; Georgievski and
Aiello 2015). We adopt this insight but learn hierarchical
structure implicitly from LLM-generated executions rather
than symbolic plans, and discover skills dynamically rather
than enforcing fixed task networks.

Learning reusable skills has been studied in learning
from demonstrations (Argall et al. 2009) and hierarchi-
cal reinforcement learning (Sutton, Precup, and Singh
1999; Hutsebaut-Buysse, Mets, and Latré 2022). These ap-
proaches typically operate in low-level control settings with
fixed state-action spaces. We differ by learning reusable
skills as executable code fragments that directly implement
policy logic.

Our work lies at the intersection of classical planning
and modern LLM-based agents, demonstrating how gener-
alized planning and hierarchical decomposition can be real-
ized dynamically without symbolic domain models by ex-
tracting, evaluating, and reusing executable policy compo-
nents learned through interaction.

Problem Formulation

We consider a structured sequential decision-making setting
organized around a meta-domain M that defines a shared
action space and deterministic execution semantics.

Within a meta-domain, we distinguish between domains
and fask instances. A domain D is a collection of related task
instances that share latent procedural structure but differ in
parameters such as entities, values, or initial conditions. A
task instance 7 = (I, sg, s4) consists of:

e I: a natural-language instruction describing the desired
behavior,

* sqo: an initial state,
* 54 a goal specification defining correctness.

Following generalized planning terminology, we distin-
guish between policies and plans. A policy 7 is a parameter-
ized program with signature o (7) that maps task parameters
to executable plans. To solve a task instance 7, the system
must: (1) extract parameters 6 from 7 that match o (), (2)
generate a plan 7(6) by instantiating 7= with 6, and (3) sub-
mit the plan along with s and s, to a validator. The valida-
tor executes 7(6) from sg and checks whether the resulting
state satisfies s . The validator provides feedback indicating
success or failure, and may include error messages or exe-
cution traces to guide debugging.

The key structural property of this setting is that task
instances within a domain share underlying workflows or
procedural patterns, differing primarily in parameter values.
This structure enables learning parameterized policies that
generalize across instances within a domain, and extracting
reusable skills that transfer across domains within the same
meta-domain.

Objective

Given domains {Ds, ..., D, } within meta-domain M, we
synthesize parameterized policies that solve task instances
efficiently and compositionally.

For each domain D;, we seek a parameterized policy 7;
with signature o(m;) that solves all task instances in D;.
The policy captures shared procedural structure, while the
signature defines varying parameters. Instantiating 7; with
task-specific parameters 6; produces a plan satisfying task
requirements.

Beyond solving individual domains, we leverage experi-
ence from solved domains to solve new domains efficiently
by identifying and reusing recurring procedural patterns.
The challenge is learning policies that generalize across task
instances within domains and compose reusable knowledge
across domains, enabling efficient adaptation without com-
plete policy resynthesis.

AppWorld as a Meta-Domain Instantiation

We instantiate this general formulation on the AppWorld
benchmark (Trivedi et al. 2024), which provides a concrete
realization of the meta-domain structure.

Meta-domain: The AppWorld benchmark defines the
meta-domain M. The environment consists of a set of appli-
cations A = {ay,as,...,an} (e.g., Gmail, Spotify, Phone),
where each application a; exposes a collection of APIs de-
noted by API(a;). The global world state s is represented as
a database encoding the state of all applications. The agent
cannot access or modify s directly; all interaction occurs ex-
clusively through API calls, which deterministically update
the world state.

Domains: In AppWorld, each scenario corresponds to
a domain D. A scenario is a set of tasks {7y, 72,..., 7},
where typically £ = 3. Tasks within a scenario invoke the
same applications and APIs, and differ primarily in parame-
ter values such as entities, amounts, dates, or labels. For ex-
ample, a payment scenario may contain multiple tasks that
differ only in recipients, amounts, or notes, while sharing the
same high-level workflow.

Task instances: Individual tasks within a scenario corre-
spond to task instances. Each task 7 = (I, s9, s4) requires
the system to generate a parameterized policy (a Python
function) and instantiate it with task-specific parameters to
produce an executable plan. The plan consists of a sequence
of API calls and glue code (such as processing responses,
manipulating results, etc). Task correctness is evaluated by
executing the plan in the AppWorld simulator and compar-
ing the resulting state to the expected effects encoded in s,
through per-task test cases.

This instantiation makes AppWorld a natural testbed for
evaluating generalized and compositional policies: scenar-
ios provide natural domain boundaries, tasks within scenar-
ios share procedural structure, and the benchmark includes
multiple scenarios that exhibit recurring patterns across dif-
ferent applications and workflows.

Approach

We present a meta-domain-agnostic architecture for dy-
namic policy learning that is fully transferable across differ-
ent problem settings. The approach makes minimal assump-
tions about the underlying meta-domain: it requires only that
policies can be represented as executable programs, that a
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Figure 1: Dynamic policy-learning architecture with three main sections: (1) Policy generation synthesizes domain-level poli-
cies using task abstraction, skill search, and iterative validation with debugging; (2) Skill Learning extracts reusable skills
from successful policies via the Decomposition Agent; (3) Skill Generalization consolidates and validates generalized skills
through the Generalize and Deduplicate Agent, with its own validation loop, before storing them in the validated skill repository

for use in subsequent attempts.

validator can check task correctness, and that the validator
provides interpretable feedback. The architecture does not
depend on specific action spaces, state representations, or
symbolic domain models. Instead, it relies on agents capa-
ble of semantic understanding and code generation from nat-
ural language descriptions, making the system adaptable to
different meta-domains without architectural modification.

Figure 1 provides an overview of the architecture and the
interactions among its components. Agents are marked by
orange boxes in the figure. The architecture consists of three
main sections that operate on a given domain: (1) Policy
generation synthesizes a parameterized policy through task
abstraction, skill retrieval, and iterative validation with de-
bugging; (2) Skill Learning extracts reusable skills from the
successful policy via decomposition and validates them; (3)
Skill Generalization consolidates learned skills with pre-
viously validated ones through clustering and generaliza-
tion, with its own validation loop to ensure correctness is
preserved. The validated skill repository is used for skill re-
trieval in subsequent domains.

Policy Generation

Policy synthesis proceeds through the flow shown in the pol-
icy generation section of Figure 1. Given a domain D;, the
Task Abstraction and Parameterization Agent induces a
high-level representation capturing shared structure across
task instances. This abstraction produces three key artifacts:
(1) high-level steps describing the workflow, (2) a policy
signature o(m) specifying the parameters and interface of
the domain-level policy, and (3) concrete parameter bind-
ings {#1,...,0} for each task instance. This abstraction en-
ables generalization across task instances within the domain
and guides downstream reasoning. The abstraction process
is meta-domain-agnostic: it operates purely on natural lan-

guage descriptions and does not require knowledge of the
specific action space or state representation.

To support compositional policy generation, the Skill
Search Agent retrieves relevant reusable skills from the val-
idated skill repository. Specifically, all validated skills are
embedded and indexed, and only the top-k most relevant
ones are retrieved for a given domain based on semantic
similarity to the domain abstraction. The retrieved skills, re-
stricted to their signatures and usage information, are pro-
vided as context to the Policy Generator (Planning) Agent,
which is then tasked with generating a parameterized pol-
icy 7 for the domain in the appropriate executable repre-
sentation (e.g., Python functions for AppWorld). The Policy
Generator receives four inputs: the high-level steps, the pol-
icy signature o (), the parameter bindings, and the relevant
skills from the Skill Search Agent.

The synthesized policy is instantiated with task-specific
parameters to produce plans, which are submitted to the val-
idator for evaluation against the task requirements. If valida-
tion fails, error messages and execution traces are returned to
the Policy Generator Agent, which enters a debugging loop
to revise the policy. This validation-debug cycle continues
until successful plans are obtained for all task instances or
a fixed debugging budget is exhausted. This feedback loop
is meta-domain-agnostic: it requires only that the validator
provides interpretable error signals.

Skill Learning

When a domain-level policy succeeds, the Decomposition
Agent analyzes the policy and extracts reusable skills cor-
responding to coherent fragments of executable logic that
may be applicable to other domains. The Decomposition
Agent operates through code analysis, identifying proce-
dural patterns and abstractions without requiring domain-



specific heuristics. The agent produces two outputs: (1)
learned skills representing the extracted reusable fragments,
and (2) an updated policy that references these skills. Both
outputs are validated by instantiating the updated policy with
the original parameter bindings and submitting the result-
ing plans to the validator across all task instances within the
domain. Upon successful validation, the learned skills are
stored in the learned skill repository, while the updated pol-
icy replaces the original. At this stage, skills are accumulated
but have not yet been generalized or deduplicated.

SKkill Generalization

The system evaluates and generalizes skills from the learned
repository together with previously validated skills (Fig-
ure 1). This stage achieves transfer across domains within
the meta-domain. The generalization process can be trig-
gered after processing a fixed number of domains, when the
repository reaches a size threshold, or periodically.

Candidate skills are clustered based on functional similar-
ity using semantic embeddings of executable code. Cluster-
ing identifies groups of related skills and separates distinct
ones, improving efficiency and quality of generalization.

The Generalize and Deduplicate Agent consolidates re-
dundant or overly specific skills within each cluster into
general abstractions. For example, login_to_phone and
login_to_venmo might merge into login_to_app. The
agent produces: (1) generalized skills and (2) updated poli-
cies using these skills.

Both outputs are validated before acceptance. Updated
policies are instantiated with original parameters and sub-
mitted to the validator with corresponding task instances,
ensuring generalization preserves correctness. If validation
fails, the agent enters a debugging loop until policies pass
all tests or a budget is exhausted. Successful policy compo-
nents are stored in the validated repository for retrieval in
subsequent domains.

This stage consolidates reusable knowledge and induces
hierarchical structure over executable skills. The validated
repository provides a growing library supporting efficient
compositional policy generation.

All agents operate through semantic understanding and
code generation, making the approach representation-
agnostic. The architecture adapts to different meta-domains
by learning appropriate executable representations through
validator interaction, without requiring manual domain
models. This enables application to web automation,
database management, API orchestration, or other structured
settings with executable policies and interpretable feedback.

Experimental Evaluation
We aim to answer three key research questions:

1. Efficiency of reuse: Does dynamic learning and reuse
of policy components reduce the computational effort re-
quired to solve new task instances compared to synthe-
sizing policies from scratch?

2. Cost-accuracy trade-offs: How does the proposed ap-
proach balance inference cost against task success, par-
ticularly in resource-constrained settings?

3. Generalization across domains: Can skills learned
from one set of scenarios transfer effectively to previ-
ously unseen scenarios, including those involving differ-
ent applications?

To address these questions, we evaluate our approach on
the AppWorld benchmark, which provides a structured en-
vironment for multi-step decision-making with shared pro-
cedural patterns across scenarios. We measure performance
not only in terms of final task success, but also as a function
of debugging iterations and cumulative inference cost, pro-
viding insight into the efficiency gains from dynamic reuse.

AppWorld Implementation Details

Policy Generation. Policy synthesis is guided by se-
mantic retrieval over both APIs and reusable skills.
All validated skills are embedded and indexed using
the BAAI/bge-large-en-v1.5 (BAAI) embedding
model. For each domain (scenario in AppWorld), the Skill
Search Agent retrieves the top-k most relevant reusable
skills based on cosine similarity to the domain abstraction.
We set k& = 20 for skill retrieval. The Policy Generator
Agent also retrieves the top-k = 20 most relevant APIs from
the AppWorld API documentation using the same embed-
ding model and similarity metric.

Skill Learning. The Decomposition Agent analyzes suc-
cessful domain-level policies to extract reusable skills. In the
AppWorld instantiation, the agent identifies Python func-
tions that implement coherent subtasks (e.g., authentication
workflows, data retrieval patterns, or transaction sequences).
The agent produces both the extracted skills and an up-
dated policy that references them. Validation ensures that the
updated policy produces identical behavior to the original
across all task instances in the domain.

Skill Generalization. Skill clustering uses the BAAI
embedding model to compute pairwise cosine similar-
ity over all candidates from the learned repository. We
apply threshold-based clustering with 7 = 0.85, fol-
lowed by a greedy clustering procedure to obtain ini-
tial clusters. The Generalize and Deduplicate Agent pro-
cesses each cluster to consolidate redundant or overly
specific skills. For example, in AppWorld, the agent
may merge domain-specific authentication functions like
login_to_phone and login_to_venmo into a single
parameterized login_to_app. The agent can also sub-
sume entire clusters by producing higher-level abstractions.
Both the generalized skills and updated policies are vali-
dated against all original task instances before being ac-
cepted into the validated skill repository.

Execution and Validation. Each generated policy is exe-
cuted within the AppWorld environment, which provides a
sandboxed Python runtime with access to simulated applica-
tions and APIs. The execution environment captures all API
calls, return values, and any runtime errors or exceptions.
Validation is performed by comparing the policy’s execution
trace and final state against the ground-truth goal conditions
specified for each task instance. The environment then re-
ports success or failure.



For domain-level policies, we require success across all
task instances within the scenario. When learning or general-
izing skills, the system validates success of the updated poli-
cies (which reference the new skills). We set the debugging
budget to three iterations per validation cycle, allowing the
Policy Generator Agent to iteratively refine policies based
on execution feedback (error messages, API responses, or
partial results) before a policy is deemed unsuccessful.

Prompts and Implementation. The prompts used for
LLM calls to the Task Abstraction and Parameterization
Agent, Policy Generator Agent, Decomposition Agent, and
Generalize and Deduplicate Agent are provided in the sup-
plementary material.

Experimental Setup

Benchmark. We use the AppWorld benchmark (Trivedi
et al. 2024), which consists of scenarios organized into train-
ing, normal test, and challenge test sets. Each scenario con-
tains multiple related tasks that share underlying workflows
but differ in parameters. The challenge test set includes ap-
plications (Gmail, Amazon) that do not appear in the train-
ing set, enabling evaluation of cross-application transfer.
AppWorld defines two primary evaluation metrics:

* Task Goal Completion (TGC): Success is measured in-
dependently per task, providing a granular view of per-
formance on individual task instances.

¢ Scenario Goal Completion (SGC): A scenario is
counted as successful only if all tasks within the sce-
nario are solved. This metric directly evaluates the ability
to synthesize policies that generalize consistently across
task instances within a scenario.

We report both metrics where applicable, and analyze per-
formance as a function of debugging iterations and cumula-
tive inference cost to assess efficiency alongside accuracy.

Our Method. We evaluate our dynamic policy-learning
architecture as described in the previous section, which in-
cludes all components: Task Abstraction and Parameteriza-
tion Agent, Skill Search Agent, Policy Generator Agent, De-
composition Agent, and Generalize and Deduplicate Agent.
The architecture is model-agnostic and operates through se-
mantic understanding and code generation from natural lan-
guage descriptions.

To obtain the initial seed for the validated skill reposi-
tory, we run the full architecture on the 30 scenarios in the
AppWorld training set, starting from an empty skill repos-
itory. For each training scenario, we perform policy gen-
eration and skill learning as described in the previous sec-
tion. After processing all training scenarios, the learned skill
repository contains skills extracted from successful poli-
cies across the training set. We then invoke the generalizing
skills stage, which clusters, deduplicates, and generalizes the
learned skills. This process produces a validated skill repos-
itory containing 159 reusable skills. For these steps, we use
the Claude model. While Claude successfully solves all 30
scenarios, the first iteration produces 101 reusable skills, and
the second iteration increases this number to 159. We use
the resulting skill repository to seed the experiments on both

Method Model Normal Challenge
TGC SGC TGC SGC
Claude Code Claude Opus 4.5 66.0 56.6 - _

Smolagents Code Claude Opus 4.5 70.0 604 - -

OpenAl Solo Claude Opus 4.5 68.0 566 - -
ReAct Claude Opus 4.5 61.0 528 - -
ReAct Short Claude Opus 4.5 640 547 - -
Alibaba AgentRL Qwen3-14B 869 804 67.6 504
IBM CUGA GPT-4.1 732 625 57.6 482
LOOP Qwen2.5-32B 72.6 53.6 472 28.8

GP (our baseline) GPT-OSS 120B 00 00 07 07
GP (our baseline) Claude Sonnet 4.6 964 964 83.2 82.0
HCL-GP GPT-OSS 120B  62.5 625 41.0 41.0
HCL-GP Claude Sonnet 4.6 98.2 98.2 983 97.8

Table 1: Comparison of our scenario-level policy synthesis
approach with task-level baselines on the AppWorld normal
and challenge test sets. The challenge set includes applica-
tions (Gmail, Amazon) not present in the training set.

the normal and challenge test sets, regardless of the model
used on the test set. This design choice enables controlled
comparison of how different models leverage the same ini-
tial knowledge base during test-time learning, isolating the
contribution of online skill learning and reuse independent
of training-time differences. This seeded repository is then
used as the starting point for all experiments on the test
sets (normal and challenge), enabling the system to lever-
age previously learned knowledge when encountering new
scenarios. During test set evaluation, new skills continue to
be learned from successful policies and accumulated in the
learned skill repository. After processing a fixed number of
debugging iterations (20 in our experiments), the generaliza-
tion process is invoked again to consolidate newly learned
skills with the existing validated repository, further extend-
ing the set of reusable skills available for subsequent scenar-
i0s.

Model Configurations. We evaluate with two language
models: Claude Sonnet 4.6 (frontier model with strong code
generation) and GPT OSS 120B (open-source model at dif-
ferent capability level). We compare our HCL-GP configu-
ration (with skill retrieval, learning, and reuse) against a GP
configuration described below.

GP Baseline. The GP baseline implements generalized
planning without skill learning or reuse. It includes the Task
Abstraction and Parameterization Agent and the Policy Gen-
erator Agent with the same validation and debugging loop
as HCL-GP. However, it does not include the Skill Search
Agent, Decomposition Agent, or Generalize and Dedupli-
cate Agent. The baseline starts each scenario with an empty
context and does not accumulate or reuse skills across sce-
narios. This isolates the contribution of hierarchical skill
learning and reuse from the core generalized planning ap-
proach.

Additional baselines. We include results from the App-
World leaderboard (top three task-level methods: Alibaba
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Figure 2: Cumulative SGC per total debugging iterations on
the AppWorld normal (top) and challenge (bottom) test sets.

Cloud ApsaraLab AgentRL using Qwen3-14B, IBM CUGA
(Marreed et al. 2025) using GPT-4.1, and LOOP (Chen et al.
2025) using Qwen2.5-32B) and agent architectures that use
Claude Opus 4.5 from Bandel et al. (2026).

Table 1 summarizes results. The leaderboard methods and
Bandel et al. methods operate at the task level rather than
synthesizing scenario-level policies, resulting in lower SGC
than TGC. In contrast, our dynamic policy-learning archi-
tecture, as well as our baseline, focuses on generalization
across scenarios and improving efficiency through reusable
skills. The slight increase in TGC occurs when the policy
computed in the final debugging iteration solves some but
not all of the tasks within a scenario.

Any-time Results

Rather than reporting only final task success, our evaluation
emphasizes how quickly success is achieved as a function of
debugging effort and inference cost. This perspective is par-
ticularly appropriate for dynamic and interactive systems,
where efficiency and reuse play a central role.

Iteration Efficiency. Figure 2 shows cumulative SGC as
a function of total debugging iterations on the normal and
challenge test sets. We compare our proposed approach
HCL-GP against the baseline variant GP for both Claude and
GPT-OSS models. As a reminder, after 20 and then 40 iter-
ations HCL-GP performs generalization of freshly learned
and previously existing skills, and updates the set of vali-
dated skills.

AlOGCumulative Cost vs. Accuracy - Claude Experiments
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Figure 3: Cumulative SGC as a function of cumulative in-
ference cost for using Claude 4.6 pricing.

The results demonstrate that all methods benefit from
additional debugging iterations, confirming that execution
feedback and iterative repair are effective in this setting.
However, the efficiency with which methods convert debug-
ging effort into solved scenarios varies substantially. While
Claude consistently outperforms GPT-OSS across all con-
figurations, the largest performance gap appears between
the GP and HCL-GP variants for GPT-OSS, where GP
achieves near-zero success (0.0% on Normal, 0.7% on Chal-
lenge), demonstrating that without skill reuse, the open-
source model cannot effectively solve any of these scenar-
i0s.

For Claude, the GP variant achieves strong performance
(96.4% on Normal, 82.0% on Challenge), though HCL-GP
reaches even higher success rates (98.2% and 97.8% respec-
tively) while requiring fewer debugging iterations. In con-
trast, HCL-GP consistently attains higher success earlier in
the iteration budget, demonstrating that reusable skills accel-
erate convergence. This advantage is particularly striking on
the challenge set, where HCL-GP improves upon GP by 15.8
percentage points (82.0% — 97.8%), compared to only 1.8
points on the normal set. This substantial gap demonstrates
that learned skills provide critical support when encounter-
ing unfamiliar applications.

The HCL-GP approach dramatically improves GPT-OSS
performance from near-zero to 62.5% on Normal and 41.0%
on Challenge tasks. However, this still falls well short of
Claude’s performance, suggesting that while skill reuse is
essential for open-source models, base model capability re-
mains a significant factor.

Overall, HCL-GP policies maintain a consistent advan-
tage over their GP counterparts, solving more scenarios with
fewer iterations. Notably, the challenge dataset includes ap-
plications such as Gmail and Amazon that do not appear in
the training set. As a result, the initial skill repository does
not contain application-specific skills for these applications.
Despite this, HCL-GP benefits from previously learned gen-
eralized skills that transfer across applications, contributing
to improved performance on unseen domains.

Cost-Accuracy Trade-offs. For cost analysis, we report
cumulative inference cost using the pricing of Claude Son-
net 4.6 ($3 per million input tokens and $15 per million out-



put tokens). Figure 3 reports cumulative SGC as a function
of cumulative inference cost for the Claude-based configu-
rations.

Across all settings, success increases rapidly at low
cost and exhibits diminishing returns as cost grows. Dy-
namic reuse shifts this trade-off favorably: higher success
is achieved earlier in the cost budget, particularly on chal-
lenge tasks. This result reinforces the interpretation from the
iteration-based analysis. Dynamic reuse does not merely im-
prove final success, but more efficiently converts inference
budget into solved tasks by reducing redundant policy syn-
thesis and debugging.

The cost analysis is particularly relevant when comparing
against task-level methods. While we do not have detailed
cost breakdowns for all baseline methods, the fundamental
difference in approach suggests that scenario-level policy
synthesis with reuse should be more cost-effective: rather
than solving each task independently (potentially repeating
similar reasoning across related tasks), our approach synthe-
sizes a single parameterized policy per scenario and reuses
learned skills across scenarios.

Summary of Key Findings. Taken together, these results
highlight three key observations:

1. Scenario-level synthesis is effective: Even without dy-
namic reuse, synthesizing parameterized policies at the
scenario level can substantially outperform task-level
methods in terms of SGC, as demonstrated by Claude’s
96.4% baseline. However, this advantage depends on suf-
ficient base model capability, as GPT-OSS’s baseline per-
formance (0.0%) falls below task-level methods.

2. Dynamic reuse improves efficiency: The advantages of
reusable skills are most pronounced in terms of iteration
efficiency and cost-accuracy trade-offs. Dynamic reuse
enables the system to achieve high success rates earlier
in the debugging budget, particularly on challenging sce-
narios.

3. Skills transfer across applications: Learned skills gen-
eralize beyond the specific applications they were ex-
tracted from, as evidenced by improved performance on
challenge scenarios that include previously unseen appli-
cations (Gmail, Amazon).

These findings support the view that reusable, composi-
tional structure, learned dynamically from prior executions,
plays a critical role in scaling interactive agents to com-
plex, multi-step domains. The combination of scenario-level
policy synthesis and dynamic skill learning provides both
higher final accuracy and more favorable efficiency charac-
teristics compared to task-level approaches.

Search Effectiveness

In this ablation study, we evaluate the Search compo-
nent on the 30 training scenarios under different embed-
ding models and retrieval configurations. We evaluate both
FAISS-based approximate nearest-neighbor search (John-
son, Douze, and Jégou 2021) and an OpenSearch-based re-
trieval backend https://opensearch.org/ for semantic search.

Configuration MRR MAP R@5 R@10 R@20
OpenSearch + BAAI 0.24 043 352 514 702
FAISS + BAAI 024 044 362 565 683
FAISS + Nomic 021 035 29.0 477 638

Table 2: API retrieval performance on the AppWorld train-
ing set for different embedding and retrieval configurations.
Metrics include mean reciprocal rank (MRR), mean average
precision (MAP), and recall at £ (R@5, R@10, R@20).

Metric Normal (S/M/L) Challenge (S/M/L)
Total Helpers Used 42717203 46/2/638
Utilization Rate % 26/20/75 29/40/60
Helpers per Scenario  2.9/0.8/3.8 1.5/09/64
Reuse Rate 3.7/46.0/1.0 45/645/14

Multi-use % 59.5/100/1.5 58.7/100/11.1

Table 3: Skill usage statistics. Total: unique helpers used.
Utilization Rate: % of available used. Helpers per Sce-
nario: mean per scenario. Reuse Rate: mean scenarios per
helper. Multi-use: % used in 2+ scenarios.

Note that Nomic is short for the nomic-ai/nomic-embed-text-
v1.5 embedding model. For the training set, AppWorld pro-
vides ground-truth annotations specifying the APIs required
to solve each task. Using this information, we evaluate the
Search component in isolation by measuring its ability to
retrieve relevant APIs.

Table 2 reports standard information retrieval metrics:
mean reciprocal rank (MRR), mean average precision
(MAP), recall at 5 (R@5), recall at 10 (R@10), and recall
at 20 (R@20). Recall values indicate the fraction of tasks
for which at least one correct API appears within the top-k
retrieved results. Based on these results, we select a FAISS-
based configuration using the BAAI embedding model for
both semantic search and reusable skill clustering in all ex-
periments.

Table 2 shows that FAISS-based retrieval with BAAI
achieves the strongest recall at lower cutoffs (R@10 and
R@5), while maintaining competitive MRR and MAP. Al-
though OpenSearch slightly outperforms FAISS in R@20,
FAISS provides more balanced recall across cutoffs, with
better R@5 and R@10.

Skill Usage Analysis

Table 3 summarizes skill usage patterns across test sets.
Skills are categorized as Seed unchanged (S), Seed modified
(M), and Learned (L).

Three key patterns emerge. First, learned skills show
high utilization (60-75%) compared to seed skills (26—
29%), indicating the system learns task-relevant skills.
Second, the two modified skills are used directly or
indirectly (through other skills) across scenarios, with
get_supervisor_credentials used in all scenarios.
Seed skills provide stable reuse, while learned skills are
mostly task-specific. Third, Challenge scenarios require
more learned skills per scenario (6.4 vs 3.8), and the 3x



growth in unique learned skills (203—638) exceeds the
2.5x dataset size increase (56— 139 scenarios), indicating
more diverse skill learning on harder tasks.

Challenges and Discussions

The results highlight several insights about dynamic reuse
and policy generalization in structured interactive environ-
ments. First, the benefits of reusable skills are strongly task-
dependent. On simpler scenarios, execution feedback and it-
erative debugging alone is often sufficient to recover from
initial policy errors, leading to convergence even without
reuse. In these settings, the primary contribution of reusable
skills is improved efficiency, enabling successful policies to
be synthesized with fewer debugging iterations. In contrast,
on more challenging scenarios, reusable skills play a more
substantive role, providing structural guidance that helps the
agent avoid repeated errors and recover from failures more
effectively. This suggests that dynamic reuse is particularly
valuable in domains characterized by longer execution hori-
zons or more brittle workflows.

A second observation concerns the nature of general-
ization. Reusable skills learned from one set of scenarios
can transfer to unseen applications, as demonstrated by im-
proved performance on challenge scenarios that include ap-
plications not present in the training set. This indicates that
the learned skills capture procedural abstractions that ex-
tend beyond app-specific logic. For example, authentica-
tion patterns learned from Phone and Venmo generalize to
Gmail and Amazon, suggesting that the system identifies
workflow-level abstractions rather than application-specific
implementations. At the same time, this form of general-
ization is opportunistic rather than guaranteed: it emerges
through execution grounding and consolidation rather than
through explicit domain modeling. Understanding the con-
ditions under which such transfer is reliable remains an open
research question.

The architecture also exposes several challenges that be-
come increasingly important when moving beyond App-
World. One challenge concerns assumptions about the avail-
ability of a well-defined meta-domain. In AppWorld, the ac-
tion space, execution semantics, and validation mechanism
are fixed and explicitly provided. In more general settings,
such a meta-domain may be only partially specified or may
evolve over time, requiring the system to adapt to chang-
ing interfaces or infer validation criteria from less structured
feedback. Supporting such adaptation would be necessary to
deploy similar architectures in less structured environments.

A related challenge arises from the clean scenario struc-
ture provided by AppWorld. Scenarios group together tasks
that share underlying structure, enabling straightforward
learning of scenario-level policies. In many real-world set-
tings, however, such scenario boundaries may not be given
a priori. Identifying which tasks belong to the same domain
or which tasks are sufficiently similar to benefit from shared
abstractions becomes a nontrivial problem. Addressing this
challenge would require mechanisms for clustering or link-
ing tasks based on inferred procedural structure, execution
traces, or learned representations, rather than relying on ex-
ternally provided scenario labels.

Scalability of reusable skill evaluation presents another
challenge. Although clustering provides a coarse mechanism
for grouping similar skills, the subsequent generalization
and deduplication stages rely on LLM-based reasoning that
is sensitive to prompt length and context limits. As the num-
ber of skills grows, managing the token footprint of these
operations becomes increasingly important. More structured
multi-stage evaluation pipelines, or incremental abstraction
mechanisms, may be needed to sustain long-term learning.

Taken together, these challenges delineate the boundary
between the capabilities demonstrated in AppWorld and the
requirements for deploying dynamic reusable policy learn-
ing in broader decision-making settings. Addressing them
will be essential for extending this line of work beyond well-
structured benchmarks to more open-ended and less curated
environments.

Summary and Future Work

We presented a dynamic policy-learning architecture for
structured interactive environments that integrates ideas
from generalized planning and hier. decomposition with
LLM-based agents. The approach operates at two levels: a
per-scenario flow that synthesizes parameterized scenario-
level policies, and an attempt-level process that extracts,
evaluates, and generalizes reusable executable skills. By
separating execution, learning, and generalization, the sys-
tem incrementally constructs a reusable skill repository that
supports compositional policy generation across scenarios.

Empirical results on the AppWorld benchmark demon-
strate that dynamic reuse improves both iteration efficiency
and cost—accuracy trade-offs, particularly on challenging
scenarios that require longer and more structured decision-
making. The results also highlight that reusable skills need
not be tied to specific applications: generalized skills learned
from one set of scenarios can transfer to previously un-
seen ones, supporting broader generalization within a shared
meta-domain.

There are several promising directions for future work.
First, while reusable skills are currently treated as flat ex-
ecutable units, richer structural organization could be ex-
plored, such as learning explicit dependency graphs or
multi-level abstractions over policy components. Second,
the current approach relies primarily on semantic similarity
for clustering, with generalization and deduplication com-
bined into a single LLM invocation. While clustering itself
could be further improved, separating the generalization and
deduplication stages would substantially reduce the token
footprint of each LLM call. In practice, we have observed
that the combined operation can exceed the maximum con-
text length of the underlying model, making this separation
an important direction for improving scalability. Finally, ap-
plying the architecture to domains beyond AppWorld would
help assess the broader applicability and impact of the pro-
posed approach.

Overall, this work suggests that dynamically learned,
reusable executable skills provide a practical bridge be-
tween classical planning principles and modern LLM-based
agents, enabling efficient and compositional problem solv-
ing in realistic interactive settings.
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Appendix
Agent Prompt Specifications

This appendix documents the prompts used for the Policy
Generator Agent, Listing 1 and 2, Task Abstraction and Pa-
rameterization Agent, Listing 3, Decomposition Agent, List-
ing 4, and Generalize and Deduplicate Agent, Listing 5.



Listing 1: Policy Generation Agent prompt used to synthesize scenario-level policies.

# AI Coding Agent for AppWorld Policy Generation

You are an AI coding agent specializing in generating generalized policy in Python code. Your goal is to design a
*xgeneralized policy (in Python code)** for each scenario (collection of similar tasks) that can solve any of the
tasks under that scenario. The tasks are all from the Appworld benchmark (https://appworld.dev/task-explorer).

Each policy must:

* Handle all possible points of failure (e.g., insufficient balance, expired cards, authentication issues).
* Be modular | reusable components separated from scenario-specific logic.

* Be self-contained, robust, and executable within AppWorld.

* Assume that all tasks are solvable, though they may include realistic hurdles or distractors.

## Resources to Use
### 1. All APIs in AppWorld
To get a list of apps:

“python

print (apis.api_docs.show_app_descriptions())

Output:
["amazon : An online shopping platform where users can buy a wide variety of products.",
"spotify : A music streaming platform that provides access to a vast library of songs, albums, and playlists.",...]
##4# 2. Available Reusable Components
The reusable components are organized into the following categories. xxThe full implementation code for these

functions is provided separately - do not rewrite them, use them exactly as provided.x*x

##4# Category Overview:

1. »%xAPI Discovery** — Find and understand unknown APIs

2. *xLearned API Utilitiesx* - Pre-discovered components you can call directly - You will be provided with the most
relevant ones for your task to start with. You can implement new components based on the task at hand.

3. *xRecommended APIs*x - Recommnded APIs relevant to your task.

# CATEGORY 1: API Discovery
You can discover APIs using:
" “python
# Search for APIs
search_results = apis.api_docs.search_api_docs(
query="your search terms",
page_limit=20)

# Show descriptions for all APIs available for a given app
api_descriptions = apis.api_docs.show_api_descriptions (

app_name="app_name")

# Get API structure
api_info = apis.api_docs.show_api_doc(

app_name="app_name",

api_name="api_name")
*+xImportant Notes on API Discovery:xx
— Do NOT guess API names like “list_contacts™, “get_contacts™, ~“find_contacts”™, “get_supervisor_info~, “list_accounts’,
“get_user_account_info® without checking first - these don't exist

- Always use “search_api_docs ()~ or “show_api_descriptions ()~ to discover available APIs

- Check the API structure with “show_api_doc ()~ before calling it as it may require additional required fields, such
as access_token
- Different apps may have different parameter names (e.g., “relationship®™ vs “contact_type~)

- For apps that require pagination (e.g., “page_limit~), handle them in your code so you consider all results.




Listing 2: Policy Generation Agent prompt (continued)

## CATEGORY 2: Learned API Utilities (Includes Dynamically Loaded Suggestions for This Scenarion - Try to use them to
your maximal extent, and implement new components that you deem fit for the task at hand.)

The following pre-filtered utilities are ranked from highest to lowest relevance for your scenario.

{ {SHORTLISTED_UTILITIES}}

## CATEGORY 3: Recommended APIs
The following are ranked APIs from highest to lowest relevance to your task.

*+xImportant:«+ These are the most relevant APIs for your specific task. Start by exploring these APIs first before
searching for alternatives.
*xWhen to usexx: For operations not covered by learned utilities but semantically relevant to your task. The

top-ranked APIs are most relevant to accomplishing the task.

{{SUGGESTED_APPWORLD_APIS}}

*xHow to usexx:

Call directly if you're confident
- Tapis.spotify.remove_song_from_library (song_id=X, access_token=Y)"
- But you must handle errors yourself

## Requirements

### 1. Solvability. All tasks are designed to be solvable. Consider all contingencies for API call outputs.
### 2. Number Answers. Convert answers to nearest integer. Answer format: “answer=10" not "ten".

### 3. Code Style

* Maintain syntactically valid, readable Python code

* Use “apis.<app>.<endpoint> ()~ if calling an end point directly

x Integrate API calls with control flow

### 4. Error Handling. While reusable components handle many errors internally, your scenario-specific code should:
x Check for empty list returns from reusable functions

* Check for “None™ returns when fetching data

* Handle exceptions when calling APIs that aren't wrapped in reusable components

* Implement appropriate logic (retry, skip, or terminate) based on requirements

### 5. Progress Tracking & Debugging. Include “print ()  statements throughout the code:
* Use clear step dividers: “print ("="%80)"
* Use status markers: ~[OK]~, ~[FAIL] , ~[WARNING]®

* Print variable states after important operations

### 6. File System Reference. Use file_system app APIs, never ~os” or “shutil”.

### 7. Current Date and Time. Use “datetime.now()” and “get_date_range () . Never rely on your existing knowledge
of what the current date is.

### 8. Data Selection

* References to people mean phone contacts

* Filter results carefully before selecting

* Do not make assumptions - always verify

### 9. Task-Specific Terminology. Follow exactly the terms, labels, and tags specified in the task.

### 10. Contact Matching Safety. Prefer email-first matching, then exact full-name match only if unique.
### 11. Task Completion

* Call “apis.supervisor.complete_task ()

when done

x» If task asks for information, pass it as: “apis.supervisor.complete_task (answer=<answer>)"
* Answer should be a valid number, integer, or string only

* You can pass “status="fail"® if you cannot solve the task

### 12. Autonomous Decision Making. Make all decisions autonomously. No clarifications.

### 13. Learned Utilities vs Discovery Pattern

**Structure your code like this:#*x
T “python
def scenario_X_policy(paraml, param2, ...):
\"\ll\ll
Generalized policy for scenario X.




Listing 3: Task Abstraction and Parameterization Agent prompt used to infer scenario-level parameters and high-level task
structure from natural language descriptions.

You are defining the callable Python function signature for a scenario policy. Input is a SCENARIO DESCRIPTION

containing multiple tasks from the same scenario. Your job:

Propose a minimal, stable list of policy function parameters that the runner can pass at call time.

Every policy MUST accept “task_text: str’ (required).

Keep params general across tasks in the scenario (avoid overfitting to one task).

g w N

)
)
) Do NOT include parameters that cannot be derived from task_text or discovered via AppWorld APIs at runtime.
)
)

IMPORTANT: Based on each of the 3 tasks mentioned in the scenario description, assign param_values to each
parameter you define, except the task_text parameter. This is mandatory.
6) IMPORTANT: Identify which AppWorld apps are needed for this scenario.
Available Apps|[

"amazon : An online shopping platform where users can buy a wide variety of products.",

"spotify : A music streaming platform that provides access to a vast library of songs, albums, and playlists.",...]
Add an "apps_used" field to your JSON output listing the apps mentioned or implied in the tasks.
7) IMPORTANT: Plan out the high-level steps needed to accomplish the task. What are the steps you will need take
to complete the task?
- For each step, be as specific and detailed as possible. Include all the steps that are necessary including
logging in to an app or getting the necessary credentials.
- ALWAYS explicitly mention which app(s) will be used in that step (e.g., "Use file_system to read...",
"Use venmo to send...")
- If a step involves multiple apps, try to break this step into multiple steps, rather than having a step
that mentions more than one app
- Use the exact app names from the list above (e.g., "file_system" not "filesystem")
Add a "steps_needed" field to your JSON output listing all the steps needed to accomplish the task.

Output MUST be valid JSON with schema:

### Example (for guidance only)
Scenario question:
"What is the title of the most-liked song in my Spotify playlists."
A good parameter interface for this scenario would be:
{{"apps_used": ["spotify", "supervisor"],
"steps_needed": [
"Get the credentials needed from Supervisor for login",
"Login to Spotify",
"Query Spotify for the user's playlists",
"Find the most-liked song in the remaining playlists",
"Return the title of the most-liked song"],

"params": [
{{"name": "task_text",
"type": "str",
"description": "Full natural-language instruction for the current task instance",

"required": true,
"default": null,
"source": "scenario_text",
"extraction_hint": "Use as-is"
"param_values": {{}}}},
{{"name": "include_private_playlists",
"type": "bool",
"description": "Whether to include the user's private playlists when interpreting 'my Spotify playlists'",
"required": false,
"default": true,
"source": "scenario_text",
"extraction_hint": "If scenario_text explicitly excludes private playlists, set false; otherwise default true",

"param_values": {{"task_1": True, "task_2": False, "task_3": True}}}}]1}}

Notes:

- These parameters express TASK INTENT, not API details.

— Optional parameters must always have safe defaults.

— The policy must still work if optional parameters are null.

Allowed types: str, int, float, bool, list[str]
Allowed sources: task_texts, constant, derived

Return JSON only (no extra text).

SCENARIO DESCRIPTION: {scenario_description}




Listing 4: Decomposition Agent prompt used to identify and factor reusable components from successfully executed policies.

#You are a code extraction agent. Your task is to extract reusable components from a successful policy implementation.

The policy has successfully solved a task. Now extract any reusable components:

*xWhat to Extract:xx

— API calls that were discovered and successfully used (wrap them in utility functions)
- Data transformations, validations, calculations

- Filtering patterns, field extraction logic

- Any repeated code blocks or inline logic that could be reused

*xMake components general-purpose, not scenario-specific.xx

## CRITICAL: Output Format

You MUST provide EXACTLY two sections in this format:

### REUSABLE COMPONENTS

python
# Component 1 - <Description> (Discovered from Scenario <ID>)

def component_name (params) :
\l|\"\ll

Clear docstring explaining what this does.

Args:
paraml: Description

param2: Description

Returns:
Description of return value
\H\ll\ll

# Implementation

# Component 2 - <Description> (Discovered from Scenario <ID>)

def another_component (params) :
\H\ll\ll
Clear docstring.
\H\ll\ll

# Implementation

### UPDATED POLICY

“*python

def scenario_<id>_policy (params) :
\l|\ll\ll
Updated policy using the extracted reusable components.
\l|\ll\ll

# Implementation using the new components

## Rules:
— Use EXACTLY these two headings

- Each section must have ONE python code block
- NO text outside these two sections

- NO explanations or commentary




Listing 5: Generalize and Deduplicate Agent prompt used to deduplicate, generalize, and update learned component repository
across scenarios.

#You are a code generalization expert specializing in creating reusable, generic components from specific
implementations. Your task has TWO parts:

## Part 1: Generalize Multi-Function Clusters

Analyze clusters of similar functions learned from different scenarios and create ONE generalized function
per cluster that:

1. Works for all functions in the cluster

Has a generic name (e.g., 'authenticate' instead of 'authenticate_venmo')

Uses parameters to handle app-specific or scenario-specific differences

Includes comprehensive docstring explaining the generalization

aols W N

Maintains all functionality from the original functions

**IMPORTANT - Clustering Flexibility:#*x

— The initial clustering may not be perfect. You have the flexibility to:
— x*%Split a clusterx* if functions are too different and shouldn't be merged (keep them as separate functions)
- x*Merge across clusters*x if you notice functions from different clusters that should actually be combined
— x*xInclude helper functionsx* from other clusters if they would improve the generalized implementation

— Use your judgment: if functions in a cluster are fundamentally different despite similarity scores, keep them

separate and document why in the docstring

- Conversely, if you see opportunities to combine functions across clusters for better reusability, do so

## Part 2: Update Dependent Single Functions (if provided)

Some single functions may call the original functions from Part 1. After generalizing those functions, you MUST:
1. Update these single functions to call your NEW generalized functions

2. Adjust parameters to match the new generalized function signatures

3. Preserve all other functionality in these single functions

## Key Principles:

*xGeneralization:xx*

- Remove app-specific names when possible (venmo_login -+ login, with app parameter). However, if the function is
actually only meant for a particular app, then keep the app name in the name of the function and include the app name
in the docstring.

— Use parameters for variations instead of separate functions

- If the function have different paramaters and different return values but perform similar function, still merge them|
— xx*IMPORTANT**: You can call other generalized functions you create in your implementations - build on top of
simpler functions

— **IMPORTANT**: DO NOT call the original functions (e.g., original_function_1, original_ function_2) - they will

not be available. Only use the generalized functions you create and the AppWorld APIs (apis.x*)

*+xSmart Parameter Design:xx

- You do NOT need to accommodate every possible parameter variation from all versions

— Choose the MOST SENSIBLE parameter set that covers the core functionality

- Add an app parameter (e.g., app_name="spotify") to make functions work across different apps

- Don't create overly complex signatures trying to handle every edge case

— Focus on the common use case and let the app parameter handle app-specific differences

*xUpdating Dependent Functions:xx

— When updating single functions that call original functions, replace those calls with your new generalized functions
— Adjust parameters carefully - the generalized function may have different signatures

— Example: If “original_login_spotify ()~ becomes “login (app_name='spotify')”, update all calls accordingly

— Preserve all other logic in the single function

*xDeduplication: x«

- If two functions do exactly the same thing, call the same APIs, keep only one

— If functions are similar but have minor differences, merge them with parameters

*xPreservation: «x

— Keep all unique functionality. If you believe that they should not be clustered together, then keep both functions
and indicate that in the docstring

— Don't lose edge case handling

- Maintain error handling and validation

*xCode Reuse:*x

- You can and SHOULD call other generalized functions you've created to build more complex functionality

— Example: If you create a generic ~login()~ function, you can use it in a “get_authenticated_user ()~ function

— This creates a hierarchy of reusable components

— Only call: (1) Your own generalized functions, (2) AppWorld APIs (apis.x*)

— NEVER call the original learned functions - they won't exist in the final code




