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Abstract
Scripting interfaces enable users to automate
tasks and customize software workflows, but
creating scripts traditionally requires program-
ming expertise and familiarity with specific
APIs, posing barriers for many users. While
Large Language Models (LLMs) can gener-
ate code from natural language queries, run-
time code generation is severely limited due
to unverified code, security risks, longer re-
sponse times, and higher computational costs.
To bridge the gap, we propose an offline simu-
lation framework to curate a software-specific
skillset—a collection of verified scripts—by ex-
ploiting LLMs and publicly available scripting
guides. Our framework comprises two compo-
nents: (1) task creation, using top-down func-
tionality guidance and bottom-up API synergy
exploration to generate helpful tasks; and (2)
skill generation with trials, refining and val-
idating scripts based on execution feedback.
To efficiently navigate the extensive API land-
scape, we introduce a Graph Neural Network
(GNN)-based link prediction model to capture
API synergy, enabling the generation of skills
involving underutilized APIs and expanding the
skillset’s diversity. Experiments with Adobe
Illustrator demonstrate that our framework sig-
nificantly improves automation success rates,
reduces response time, and saves runtime to-
ken costs compared to traditional runtime code
generation. This is the first attempt to use soft-
ware scripting interfaces as a testbed for LLM-
based systems, highlighting the advantages of
leveraging execution feedback in a controlled
environment and offering valuable insights into
aligning AI capabilities with user needs in spe-
cialized software domains.

1 Introduction

Scripting interfaces in software applications play a
pivotal role in extending the capabilities of software
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beyond their standard functionalities. They enable
users to automate repetitive tasks, customize work-
flows, and integrate applications with other systems
(Ousterhout, 1998). Prominent software like Adobe
Illustrator and Adobe Photoshop support script-
ing through ExtendScript, which is Adobe’s ex-
tended version of JavaScript tailored for their appli-
cations. 1 Similarly, Microsoft Office applications
provide scripting interfaces based on JavaScript, al-
lowing users to automate tasks within Excel, Word,
and other Office programs. 2 These scripting inter-
faces expose Application Programming Interfaces
(APIs) that allow scripts to interact with the soft-
ware’s internal functions and data structures.

Traditionally, creating scripts using these inter-
faces requires programming expertise and familiar-
ity with the specific APIs of the software, posing a
barrier for many users. With the strong code gener-
ation capacity of Large Language Models (LLMs)
(Chen et al., 2021; Bubeck et al., 2023), some so-
lutions generate code based on user query during
runtime (Gandhi et al., 2023; Zhao et al., 2024a).
However, such runtime generation approaches have
notable limitations: (1) the generated code is un-
verified when presented to the users, leading to
low-quality code that may not align with users’ in-
tentions and can introduce security risks through
unintended behaviors; (2) they impose consider-
able runtime burden, including increased response
times and token generation costs, particularly for
applications with a large user base.

In this work, we propose using offline simula-
tion to curate a software-specific skillset – a set
of scripts that automate tasks within the software.
Then they can be retrieved during runtime to solve
user queries. We use publicly available scripting

1Illustrator: https://ai-scripting.docsforadobe.
dev/. Photoshop: https://helpx.adobe.com/photoshop/
using/scripting.html.

2https://learn.microsoft.com/en-us/office/dev/
add-ins/reference/javascript-api-for-office
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guides and LLMs’ knowledge about the software to
create the skillset. The offline simulation consists
of two LLM-based components: (1) task creation,
which generates useful tasks within the software,
and (2) skill generation with trials, translating the
generated tasks into skills with execution feedback
from previous trials. For task creation, we intro-
duce two simulation strategies that use the soft-
ware’s functionality information (top-down) and
API information (bottom-up) from the publicly
available scripting guide. To more efficiently ex-
plore the vast number of APIs supported in the soft-
ware, we define synergistic API pairs as APIs that
can work together in existing skills. We construct
a synergistic API graph and train a link prediction
model using a Graph Neural Network (GNN) to
capture both the semantic and structural patterns
of existing synergistic API pairs. This enables the
model to generalize to unseen API pairs and assess
their compatibility. The synergy of APIs is further
used to prompt LLMs to generate tasks that bet-
ter elicit the software’s internal functions and data
structures by using more long-tailed APIs.

We conduct comprehensive experiments using
Adobe Illustrator as a testbed to evaluate our ap-
proach. Our findings demonstrate that our offline
simulation framework significantly improves suc-
cess rates and efficiency of automation task com-
pared to traditional runtime code generation meth-
ods. Our main contributions are:
• We propose a novel offline simulation frame-

work for curating a software-specific skillset,
leveraging LLMs and publicly available scripting
guides. Our framework employs two simulation
strategies—top-down functional guidance and
bottom-up API synergy exploration—to gener-
ate tasks and scripts that cover a wide range of
software functionalities.

• We introduce a new setup that leverages the soft-
ware’s API information to explore the capacity
of the software. We propose to use a GNN-
based link prediction model to capture the syn-
ergy between APIs, which encourages generating
skills involving underutilized or long-tailed APIs,
thereby expanding the diversity and utility of the
skillset.

• To the best of our knowledge, this is the first at-
tempt to use software scripting interfaces as a
testbed for LLM-based systems. This approach
highlights the advantages of obtaining direct exe-
cution feedback in a controlled environment and
offers valuable insights into aligning AI capa-

bilities with user needs in specialized software
domains.

2 Related Work

2.1 Skill Discovery with LLMs

LLM-based skill discovery is gaining attention
across various domains, including embodied agents
(Zhao et al., 2024b), sandbox environment (Wang
et al., 2024b), and LLM tool usage (Qian et al.,
2023; Cai et al., 2024; Yuan et al., 2024; Nguyen
et al., 2024). Similarly, skills in these scenarios
are represented by code and designed to interact
with corresponding environments. However, ex-
isting methods either do not consider the cover-
age of these skills within their environments (Zhao
et al., 2024b; Wang et al., 2024b; Qian et al., 2023;
Cai et al., 2024) or rely on a rich dataset pair-
ing task descriptions with desired outcomes in a
question-answering format (Qian et al., 2023; Cai
et al., 2024; Yuan et al., 2024; Nguyen et al., 2024).
Therefore, these approaches are limited in applica-
bility to practical scenarios such as software script-
ing automation, where outcomes are more complex
(sometimes involving multiple modalities) and can-
not be easily encapsulated in a simple text string.
Curating a dataset with such diverse and complex
outcomes is challenging, especially when the goal
is to explore a software’s full automation poten-
tial. Our study addresses this gap by investigating
novel skill discovery strategies that leverage a soft-
ware’s publicly available functionalities and API
information.

2.2 Program Synthesis with LLMs

Program synthesis aims to generate code given a
natural language description (Zhang et al., 2023),
where LLMs (Austin et al., 2021; Chen et al., 2021;
Nijkamp et al., 2023) have demonstrated impres-
sive performance. Modern code generation models
are typically evaluated on functional correctness
(Liu et al., 2024b), often requiring predefined unit
tests (Chen et al., 2021; Li et al., 2022). For ex-
ample, pass@k (Chen et al., 2021; Li et al., 2022)
evaluates the model’s chance of passing all unit
tests with any of k generated samples. In the con-
text of software scripting automation, execution
results from the software environment provide im-
mediate feedback on generated code. Unlike the
setting of code generation with given task descrip-
tions, this study emphasizes deciding what tasks
to generate in specific software, leveraging LLMs’

744



Generate tasks related to {functionality} 

Generate tasks related to {api} and its 
{top-k synergistic apis}

Task Creation Skill Generation with Trials

function adjustStrokeOpacityByLength() {
     var doc = app.activeDocument;
     for (var i = 0; i < doc.pathItems.length; i++) {
         var path = doc.pathItems[i];
         if (path.stroked) {
             var length = path.length;
             var opacity = Math.min(100, 100 * (length / 
doc.artboards[0].artboardRect[2]));
             path.opacity = opacity;
         }
     }
     return 'Stroke opacity adjusted based on length.';
 }
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Figure 1: Overview of our offline simulation framework for skill discovery in software scripting automation.
The framework consists of two components: (1) Task Creation (Section 3.1), utilizing two simulation strategies:
top-down functionality guidance and bottom-up API synergy exploration to generate a wide range of tasks; and (2)
Skill Generation with Trials (Section 3.2), where LLMs iteratively refine scripts based on execution feedback to
produce verified skills ready for runtime retrieval.

strong code generation capacity that can be further
improved with execution feedback from the soft-
ware environment during offline simulation (Kim
et al., 2024; Pan et al., 2024).

2.3 Automation with LLM Agents

With the rapid advancement of Large Language
Models (LLMs), researchers have developed sys-
tems and benchmarks to automate complex tasks re-
quiring multiple applications in computer environ-
ments (Xie et al., 2024; Cao et al., 2024). However,
existing LLM-based agents face significant chal-
lenges in reliably automating these tasks, achieving
only about a 15% success rate across several hun-
dred tasks. Efforts to improve LLM capabilities
have also focused on domain-specific tasks, such as
spreadsheet manipulation (Li et al., 2024; Ma et al.,
2024b), Graphical User Interface (GUI) automation
(Gao et al., 2024; Nguyen et al., 2025), and web
browsing (Yao et al., 2022; Ma et al., 2024a; Deng
et al., 2024). In these specialized domains, LLM-
based agents demonstrate higher capacity. Our
paper aligns with this body of work by leveraging
LLMs to automate domain-specific computer tasks.
However, we present the first attempt to (1) auto-
mate tasks through the software’s internal scripting
environment, and (2) use LLM-based agents to sys-
tematically explore and identify which tasks can be

automated in the software. Our primary objective is
to generate a verified skillset that represents a soft-
ware’s supported functionalities and aligns with
users’ practical needs, rather than develop LLM
agents that directly automate tasks.

3 Method

In this section, we detail our framework for skill
discovery with offline simulations, which can be
divided into two modules, task creation and skill
generation with trials. We formulate the problem
as follows: our goal is to develop a set of tasks
(in natural language), T = {t1, t2, ..., tn}, which
can be automated via the scripting interface in a
software application. The corresponding scripts
or code are defined as skills, S = {s1, s2, ..., sn}.
After developing S during offline simulation, a user
can input some operation they want to automate as
a query q to the system during runtime, where a
relevant skill, si, is retrieved to solve q. Figure 1
shows an overview of the proposed framework and
we now introduce our method in detail.

3.1 Task Creation

We rely on LLMs to generate the tasks. To fully ex-
ploit the functionalities, we adopted two strategies
to guide LLMs to “search” for possible tasks, i.e., a
top-down approach that starts from high-level func-
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tionalities of the software, followed by a bottom-up
approach that considers low-level APIs supported
by the software.

Top-down We curate a list of high-level function-
alities for the software. Taking Adobe Illustrator
as an example, the high-level functionalities can be
drawing, arranging objects, and so on. This list can
be obtained from the content categorization from
publicly available scripting guides. For each func-
tionality, we prompt the LLMs to generate related
tasks. Following previous works that adopt a long-
term memory (Wang et al., 2024b,a), we generate
tasks in multiple rounds and integrate the feedback
obtained from the previous round. We introduce
what feedback our framework provides in Section
3.2. The prompts are in Appendix B. We note that
this step can also be considered as a warmup for
the following bottom-up search.

Bottom-up A unique opportunity and challenge
in the Software scripting interface setting is that we
have a list of all APIs supported by the software,
denoted as A = {a1, a2, ..., an}, and the scripts
largely rely on the “collaboration” of multiple APIs.
Therefore, we prompt LLMs with appropriate API
combinations to spark LLMs’ knowledge about
the software. Given the large number of APIs
and the potential for multiple tasks to be accom-
plished using the same set of APIs, we introduce
an API synergy graph, G, to model the likelihood
of APIs working together. Graph-based representa-
tions are widely employed to model relationships in
related applications such as API recommendations
(Qi et al., 2022; Huang et al., 2022) LLM-based
reasoning (Anokhin et al., 2024; Liu et al., 2024a),
and so on (Wu et al., 2022; Xu et al., 2025).

Specifically, we define APIs, A, as the nodes
in G and the edges, E , represent whether the two
APIs have appeared in a verified script. The node
features are the semantic embeddings of the cor-
responding API descriptions, denoted as X. The
two nodes with a link are defined as a synergistic
API pair that can work together. We then train a
link prediction model by randomly masking ex-
isting links in G and predicting the likelihood of
their existence. We use a Graph Convolutional Net-
work (GCN) model (Kipf and Welling, 2017) to
achieve this. The model aggregates information
from neighboring nodes and their features, H(l) =
GCN(l)(H(l−1), E) where H(0) = X are the ini-
tial node embeddings and H(l) are the node repre-
sentations after l layers of message passing. The

likelihood of an edge between two nodes u and v

is modeled as: ŷuv = σ
(
f
(
h
(L)
u ,h

(L)
v

))
, where

h
(L)
u and h

(L)
v are the L-layer representations of

nodes u and v (final layer), f is a scoring func-
tion, such as the inner product f(hu,hv) = h⊤

u hv,
and σ is the sigmoid function. In short, the model
learns to predict the likelihood of two API nodes
working together by aggregating information from
neighboring nodes and their features. The model is
trained with a binary cross-entropy loss:

L = − 1

|D|
∑

(u,v)∈D

[
yuv log(ŷuv)

+ (1− yuv) log(1− ŷuv)
]
,

where D is the set of sampled edges (positive pairs
from E and negative pairs not in E), and yuv ∈
{0, 1} is the ground truth label for whether the
edge (u, v) exists. After training, the GCN model
captures both the semantic and structural patterns
of synergistic API pairs, enabling it to generalize
to unseen API pairs and assess their compatibility.

Then for each API ai, we prompt LLMs to gen-
erate tasks related to ai and its top-k synergistic
APIs. We show full prompts in Appendix B.

3.2 Skill Generation with Trials
One advantage of generating skills offline is that
we can generate the code with multiple trials of-
fline without adding any burden to the users during
runtime, providing a better user experience. For
each generated ti, we use a strategy similar to the
ideas of Wang et al. (2024b,a), where the LLM
learns from the execution feedback in the software
to refine its own outputs. Additionally, we use
another LLM or a Large Vision Language Model
(LVLM) as a validator to judge the script by look-
ing at the generated code, execution output, and
(visual) outcome in the software. The validator
comments on whether the skill accomplishes the
task and provides feedback for improvement for
the next trial. We show the system and user prompt
for the validator in Table 8. A skill is added to
the skillset S if it passes the validator. Specifi-
cally, when refining the scripts, the LLM receives
a structured prompt containing the task description,
code from the previous round, any execution errors
generated by the software, and the validator’s as-
sessment (including suggestions for improvement).
This structured feedback enables the LLM to re-
fine the script by addressing both code-level issues
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and misalignments with task intent. We allow up
to three trials per task. We show the prompt for
ExtendScript code generation in Table 7. Example
skills with above-mentioned elements are shown in
Appendix C.

4 Experiments

Adobe Illustrator as the Testbed Adobe Illus-
trator is a leading vector graphics software used by
professionals worldwide for tasks such as creating
logos, illustrations, and complex design elements.
It supports multiple categories of high-level func-
tionalities, including drawing, arranging objects,
and applying effects. A full list of the high-level
functionalities used in the top-down search in Sec-
tion 3.1 is provided in Appendix A, which can
be obtained through Illustrator’s official scripting
guide. 3 Modern software platforms that support
scripting interfaces offer tasks with varying lev-
els of complexity. This study focuses on generat-
ing “atomic” skills: fundamental, modular tasks
that involve minimal design choices and serve as
building blocks for more complex operations. For
instance, in the context of Illustrator, instead of cre-
ating an entire flower design, an atomic skill would
arrange pre-designed petals into a circular pattern,
emphasizing precision and modularity. Illustrator’s
scripting interface supports 1818 API endpoints,
where 378 are the methods and the remaining are
attributes of the object, enabling extensive program-
matic control over the software. We also explored
using Excel as the testbed, but were unable to con-
duct a large-scale experiment due to limitations
in Excel’s ability to permit programmatic control
over Office Script from outside applications. See
Appendix E for details.

Simulation Setup Adobe Illustrator, as a vector
design tool, focuses on creating and manipulating
graphical objects. In practical applications, a typi-
cal Illustrator project often contains numerous ob-
jects, and scripts are usually expected to operate on
specific subsets of these objects. The common ap-
proach is to manually select the desired objects be-
fore running the script, leveraging the selection
attribute available for each object. Therefore, for
each skill, we prompt the LLM to generate initial-
ization scripts that set up the document with neces-
sary elements and adjust their selection attributes
according to the task description. Following previ-
ous work with other virtual environments (Wang

3https://helpx.adobe.com/pdf/illustrator_reference.pdf

Desc arrange selected objects in circle
Code function arrangeInCircle(cX, cY, radius) {

var sel = app.selection
if (sel.length === 0) {

throw new Error('No␣selection ');
}

var angleStep = 360 / sel.length;
for (var i = 0; i < sel.length; i++) {

var angle = angleStep*i*(Math.PI /180);
var x = cX + radius * Math.cos(angle);
var y = cY + radius * Math.sin(angle);
sel[i]. position = [x, y];
}

return 'Objects␣arranged␣in␣a␣circle ';
}

Effect ⇒

Table 1: An example skill, arrangeInCircle. Desc
is the natural language description. Effect shows the
layout before and after running the skill.

et al., 2024b), we prompt the LLM to make the
task code generic and reusable, as well as other
Illustrator-specific instructions. The full prompt is
shown in Appendix B. Table 1 presents an example
skill, including the corresponding task description,
code implementation, and the layouts after running
the initialization script and the skill, respectively.

We now detail how we operationalize our frame-
work in Adobe Illustrator. We first execute the
top-down simulation using the functionality cate-
gories listed in Appendix A, where the LLM ex-
plores tasks in each subcategory over three rounds.
The validated skills, combined with sample scripts
provided by the software, are then used to con-
struct the API synergy graph. To train the GCN
model for link prediction, we randomly split the
sampled edges (both positive and negative) into
training, development, and test sets with a ratio of
0.85/0.05/0.1. The GCN model has two layers with
an embedding size of 128. We trained the model
for 300 epochs using the Adam optimizer with a
learning rate of 0.01. Next, for each of the approx-
imately 500 method APIs, we retrieve its top-k
(k = 5) synergistic APIs and prompt the LLM
to generate related tasks for one round.4 In each
round of the task creation stage (both top-down
and bottom-up approaches), the LLM generates ten
tasks. For each task, the LLM is allowed up to three
trials with previous feedback to generate the code
of skills. We note that these hyperparameters may
be subject to change based on cost considerations.

4We selected k = 5 to balance between capturing poten-
tially synergistic APIs and avoiding overwhelming the LLM
with irrelevant API information.
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We chose these values to ensure that the cost and
size of the generated skillset remain manageable.

Evaluation Setup To curate a test set that repre-
sents the needs of real users, we iteratively prompt
the LLM to generate useful tasks in Illustrator. We
manually verify the tasks and correct any issues in
the corresponding initialization scripts, if any, to en-
able automatic evaluation, resulting in 94 test tasks.
We use the all-mpnet-base-v2 model from sen-
tence BERT (Reimers and Gurevych, 2019) to en-
code the task descriptions for both test set and the
skillset built during offline simulation. We use
the test task description as the query and retrieve
the relevant skills from the skillset with semantic
matching through cosine similarity.

Baseline The baseline method for this task is run-
time generation where an LLM generates code to
solve the query during runtime. We use gpt-4o
2024-08-06 as the LLM for baseline, as well
as the ones in the proposed framework for fair
comparisons. We note that advances in pro-
gram synthesis methods are complementary to
our approach; a stronger program synthesis model
would benefit both the baseline and our framework.
To demonstrate the generalization ability of our
framework, we also evaluated lama-3.1-70B and
deepseek-r1 as the code generation model on a
random sample of 200 tasks from each of the top-
down and bottom-up strategies.

Proposed Methods (1) Retrieval-Only (RO):
Given a user query q, the system retrieves the most
semantically relevant skill using cosine similar-
ity over sentence embeddings. This approach en-
sures low-latency responses and minimal runtime
cost, and avoids unsafe outputs, as all retrieved
skills are pre-validated through offline trials. (2)
Retrieval-Augmented Generation (RAG): To ex-
plore the use of the skillset for handling arbitrary
user queries, we prompt an LLM with the top-r
(r = 3) retrieved skills as in-context examples.
This enables flexible adaptation and composition
beyond atomic tasks.

Evaluation Metrics We evaluate the generated
skillset by assessing its ability to solve the given
tasks. Specifically, we report the Success Rate,
which represents the proportion of tasks where an
LVLM determines that the outcomes satisfy the pro-
vided task descriptions. This follows a similar pro-
cedure outlined in Section 3.2. We further evaluate
how reliable the LVLM’s judgment is by comparing

it with human judgment, the results are discussed
in Section 5.3. We note that judging the actual out-
come after execution is challenging. Previous work
on LLM tool usage adopts a simpler setting, e.g.,
only focus on tasks in a question-answering for-
mat where answers can be easily verified (Mialon
et al., 2024; Yuan et al., 2024) or only checking
the correctness of tool calling (without checking
the execution results) (Wang et al., 2024a). Ad-
ditionally, because automating scripting interfaces
requires consideration for user experiences and run-
time cost, we report Response Time as the aver-
aged seconds per task for the system to output a
script (either through retrieval or generation), along
with averaged Token Cost during runtime.

5 Results and Discussions

5.1 Effectiveness in Real-World Scenarios

Our proposed method demonstrates a substantial
improvement over the baseline in automating tasks
within Adobe Illustrator’s scripting environment.
As shown in Table 2, our approach (RO) achieves
a success rate of 44.7%, outperforming the base-
line’s success rate of 28.7% on the held-out test set.
This evaluation setup effectively measures the end-
to-end performance of automation systems when
deployed in real-world software contexts, with the
natural language task descriptions in the test set
simulating real user queries. In addition to RO,
the RAG variant achieves a success rate of 42.6%,
improving baseline performance by approximately
15%. This demonstrates that retrieved skills not
only serve as executable scripts but also act as ef-
fective in-context examples for code generation.

A key advantage of RO lies in its markedly lower
runtime costs, which is a critical consideration
given the potential volume and repetitive nature of
user queries. RO avoids runtime code generation
entirely by retrieving pre-validated skills, resulting
in an average response time of just 0.1 seconds for
retrieval and zero token cost at runtime, as offline
simulation is a one-time expense. In contrast, both
the baseline and RAG require significantly more
resources at runtime, with response times of 4.0
and 4.3 seconds, and token costs of 666 and 1219.

5.2 Effectiveness of Two Simulation Strategies

Contribution to solving the test set. During
offline simulation, we employed both top-down
and bottom-up simulation strategies to capture a
wide range of functionalities within the software’s
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Success Rate Response Time Token Cost

Baseline 28.7% 4.0 s 666
RAG 42.6% 4.3 s 1219
RO 44.7% 0.1 s 0*

Table 2: Evaluation of the baseline and the proposed
approaches. * The token cost for offline simulation in
our approach is one-off and not included in the runtime
cost.

Top-down Bottom-up Total

Successful Skills 35.1% 9.8% 44.7%
Unsuccessful Skills 40.4% 14.9% 55.9%
Total 75.5% 24.4% 100%

Table 3: Distribution of retrieved skills across op-down
and bottom-up simulation strategies in the test set.

scripting environment. Table 3 presents the con-
tributions of each strategy and their combined im-
pact when tackling tasks in the test set. Top-down
simulation accounts for approximately 75% of the
skills retrieved. While the top-down strategy has
a higher overall contribution, the bottom-up strat-
egy still plays a significant role. It’s important to
note that the test set curation and the top-down
simulation both involve prompting the LLM to
generate useful tasks at a high level of abstrac-
tion based on the software’s functionalities. This
similarity potentially gives the top-down approach
an advantage in matching test tasks. On the other
hand, the bottom-up simulation, which prompts
the LLM with low-level API information, is de-
signed to cover long-tailed, less obvious skills. De-
spite this, the bottom-up simulation still achieves
comparable success rates relative to their contri-
butions (top-down: 35.1%

75.5% = 46.5%, bottom-up:
9.8%
24.4% = 40.2%) to the test set that predominantly
contains head-tail tasks — the most helpful tasks
as determined by the LLM.

Bottom-up simulation uses more APIs but cover-
age remains incomplete. To further demonstrate
that the bottom-up approach is effective in explor-
ing the long-tail distribution of skills within the
software’s capabilities, Table 4 shows skills from
bottom-up simulation cover 151 unique APIs, sig-
nificantly more than the 49 APIs covered by the
top-down approach and the 48 from sample scripts
provided by the software. This broader API cover-
age indicates that the bottom-up approach is suc-
cessful in exploring a wide range of functionalities

Sample Scripts Top-down Bottom-up

# APIs 48 49 151

Table 4: Number of API endpoints from Illustrator’s in-
herit sample scripts and skills built from two simulation
strategies.

Test Set Top-down Bottom-up

Avg. Score 2.48 2.28 1.75

Table 5: Average usefulness scores (1–3 scale) of sam-
pled tasks, as rated by human evaluators.

beyond the more commonly used APIs.
However, as mentioned in Section 3.1, the

bottom-up simulation iterated through approxi-
mately 378 method APIs. The fact that only 151
of these APIs resulted in successfully validated
scripts suggests that many APIs did not have any
corresponding successful tasks or scripts. We posit
that the main reason for this limitation is the em-
ployed general-purpose LLMs’ limited knowledge
of Adobe Illustrator’s extensive API library, result-
ing in LLMs’ failure to generate relevant tasks or
to produce code with correct API usage.

This outcome is expected, given the complexity
and long-tail nature of software scripting API de-
sign. For example, a suite of APIs in Illustrator re-
lates to physically printing, exporting to various file
formats, and so on. These are “end-of-workflow”
commands or meta-actions about the environment,
rather than modular skills for manipulating docu-
ment content. Verifying their success is difficult in
a closed-loop simulation. Some APIs are tied to
specific legacy software versions. Therefore, com-
plete API coverage is an impractical goal. However,
the long tail still represents numerous specialized
APIs that are infrequently used and therefore less
likely to be well-represented in the LLMs’ training
data. This highlights room for future improvement,
which we discuss in Section 6.

Human-perceived usefulness To assess the prac-
tical value of the discovered skills, we conducted
a small-scale user study in which two Illustrator
users with programming experience rated the use-
fulness of 150 sampled tasks on a 3-point scale: 1
(very rarely useful), 2 (occasionally helpful), and 3
(very useful). The sample included 50 tasks each
from the test set, top-down skills, and bottom-up
skills. Annotators judged each task based solely
on its description. We discuss the annotation setup
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and annotator agreement in Appendix D. As shown
in Table 5, skills produced by the top-down sim-
ulation strategy received a relatively high average
usefulness score of 2.28, closely matching the 2.48
average for tasks in the test set. In contrast, bottom-
up skills averaged 1.75. Although this is relatively
lower, it still leans toward the “occasionally help-
ful” category. This result is consistent with the
bottom-up strategy’s goal of uncovering long-tail
functionalities. We examine these differences fur-
ther in the qualitative analysis below.

Qualitative Analysis The top-down simulation
tends to generate tasks that reflect high-level de-
sign intentions familiar to users. For instance, it
produces skills such as “arranging selected objects
in a circle” (Table 1), along with other layout pat-
terns like zigzag or starburst formations. These
tasks are aligned with common design workflows
and are typically easy to interpret and apply. The
bottom-up simulation yields more technically spe-
cialized tasks that leverage less frequent APIs or
scripting features. One example (Table 13) involves
alerting the user when selected objects have tags
that match a given list. Such skill introduces con-
ditional logic and metadata inspection, which is
expected to be rarer in practical usage but provides
greater flexibility for advanced users.

Synergy Modeling of APIs in Bottom-up Sim-
ulation During bottom-up simulation, we use a
GNN-based link prediction model to model the
synergy of APIs. We show that this model can
find synergistic APIs more effectively, compared to
semantically matching similar APIs. We evaluate
the performance of the GCN model in retrieving
synergistic APIs for task creation using the Hit@k
metric. In this context, Hit@k evaluates, for each
API, how often the correct items are within the
top-k predicted items where correct items refer to
APIs in existing skills (not in the training set). We
compare the link prediction model with a semantic
matching baseline, which retrieves top-k similar
APIs using all-mpnet-base-v2 embeddings and
cosine similarity Table 6 shows our model signif-
icantly outperforms semantic matching in identi-
fying synergistic APIs, enhancing task creation in
bottom-up simulation.

Generation with trials is a key driver of the im-
proved success rate for both simulation strate-
gies. One key advantage of our offline simulation
is the ability to perform multiple trials during code

Semantic matching Link Prediction

Hit@5 16.7% 37.3%

Table 6: Comparison between the link prediction model
and semantic matching method for identifying synergis-
tic APIs.

# Tasks %Success@1 %Success@3

Top-down 1721 16.7% 34.9%
Bottom-up 3256 23.1% 46.6%

Table 7: Success rate at the first and third trials during
simulations.

generation without incurring runtime penalties. We
analyzed the impact of allowing up to three trials
for code generation on the overall success rate. Ta-
ble 7 demonstrates that the success rate nearly dou-
bles after three trials for both top-down and bottom-
up strategies. Specifically, the success rate for both
top-down and bottom-up strategies nearly doubles
after three trials. We found similar improvement
when using Llama-3.1-70B and deepseek-r1 as
the code generation models shown in Table 11.

5.3 Reliability of LVLM’s judgment

We employed an LVLM to evaluate whether the ex-
ecution outcomes satisfy the task descriptions. To
estimate the reliability of the LVLM’s judgments,
we compared its assessments with human evalua-
tions on a sample of 122 tasks. Table 8 shows that
the LVLM has a precision of 90.9% and a recall
of 80.0%. Out of 50 tasks deemed successful by
humans, the LVLM correctly identified 40 as suc-
cessful and 10 as failures. Meanwhile, the LVLM
only incorrectly labeled 4 tasks as successful when
they were not (false positives). These results in-
dicate that the LVLM is generally reliable, albeit
slightly conservative in its judgments.

6 Conclusions

We proposed an offline simulation framework for
skill discovery in software scripting automation
with LLMs. Our method pre-build a diverse and
verified skillset in two phases: (1) task creation,
guided by both top-down functionality categories
and bottom-up API synergy exploration, and (2)
skill generation with trials, where LLM-generated
scripts are iteratively refined through feedback
based on execution error and functional outcome.

Experiments on Adobe Illustrator demonstrated
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Success (LVLM) Fail (LVLM)

Success (Human) 40 (TP) 10 (FN)
Fail (Human) 4 (FP) 68 (TN)

Table 8: Confusion matrix between human and LVLM
judgments.

that our method achieves higher success rates,
broader functional coverage, and lower response
time compared to runtime generation. The top-
down task creation strategy encourages broad func-
tional coverage, while the bottom-up API synergy
modeling explores the of discovered skills, particu-
larly for underutilized API endpoints. Furthermore,
our GCN-based API link prediction model outper-
formed naive semantic matching in identifying syn-
ergistic API pairs, enhancing task creation during
the bottom-up simulation.

To our best knowledge, this is the first attempt
to use software scripting interfaces as a testbed for
LLM-based systems, highlighting the advantage of
obtaining direct execution feedback in a controlled
environment and providing valuable insights into
the design of more capable and user-aligned script-
ing systems.

Limitations

Despite the promising results of our offline sim-
ulation framework for skill discovery in software
scripting automation, there are several limitations.

First, our method relies heavily on publicly avail-
able scripting guides and the existing knowledge
of LLMs about the software. In cases where such
documentation is incomplete, outdated, or unavail-
able, or when LLMs have limited knowledge of
the software, LLMs may hallucinate API usage or
rely on superficial cues (Patil et al., 2024; Zhou
et al., 2024; Liu et al., 2025), reducing effective-
ness and robustness. This dependence restricts the
applicability of our framework to well-documented
software systems and those familiar to the LLMs.
To address this, one promising direction is to train
a domain-specific LLM tailored to the software
through iterative trial and error, which could gener-
ate more accurate and comprehensive skills. Such
methods are complementary to our framework.

Second, our evaluation primarily focuses on au-
tomated success rates and performance metrics
within a controlled environment. While these met-
rics provide valuable insights into technical per-
formance, they do not capture user experience or

satisfaction. Automatic evaluation can be less re-
liable on such subjective or high-inference crite-
ria (Liu et al., 2016; Amershi et al., 2019; Xu et al.,
2024). Although we ran a small-scale user study to
evaluate the perceived usefulness of the explored
tasks, future studies could include more compre-
hensive user evaluations to assess the usability and
overall impact of the generated skills in real-world
workflows. Additionally, mining API interactions
from actual scripting projects could provide valu-
able insights into common user behaviors and task
patterns, making the generated skills more appli-
cable in practice. However, obtaining such data is
challenging and raises interesting questions about
what kinds of behavioral data are useful and how
to collect them responsibly.

Third, we expect that queries from real users
may be more complex and not always match the
granularity of the skills in our skillset. Real-world
user queries might be ambiguous or involve higher-
level tasks that require combining multiple skills
or adapting existing ones. The skillset generated
by our framework does not account for individual
user preferences or specific workflow requirements.
However, the proposed RAG variant shows promis-
ing results, significantly improving the success rate
with only a modest increase in response time, sug-
gesting its potential to better handle such complex
or personalized queries.

Fourth, due to limited support for external pro-
grammatic control, we are only able to conduct a
large-scale study on Adobe Illustrator. Although
we conducted initial exploration on Excel, future
work should extend the framework to other script-
ing environments with broader automation support
to validate its generalizability.
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A Adobe Illustrator Functionalities

Part of the functionality categories in Illustrator are
shown in Table 14.

B Prompts

In this section, we show system prompts and user
prompts for task creation, skill generation with tri-
als, and LVLM-based validation in Table 15, Table
16, and Table 17, respectively.

C Example Illustrator Skills

We show an example skill generated by the top-
down strategy in Table 12, and one by the bottom-
up strategy in Table 13.

D Annotation for Perceived Helpfulness

We asked the two annotators to rate the usefulness
of 150 sampled tasks on a 3-point scale: 1 (very
rarely useful), 2 (occasionally helpful), and 3 (very
useful). Annotators judged each task based solely
on its description, and the tasks are randomly shuf-
fled without disclosing We adopted a stricter in-
terpretation of the scale, acknowledging that most
tasks offer some utility in niche scenarios, mak-
ing it difficult to classify any task as completely
useless.

The annotators achieved substantial agreement
on their ratings, with similar average scores across
conditions and only minor differences between
them, as shown in Table 9. While exact agreement
occurred in 41% of cases, the one-off agreement
was remarkably high at 95%, indicating that when
disagreements occurred, they typically differed by
only one point on the scale. This is further sup-
ported by the weighted Cohen’s Kappa score of
0.176, which accounts for the ordinal nature of our
rating scale and the fact that most disagreements
were minor. Krippendorff’s Alpha (0.171) simi-
larly reflects this pattern of agreement. Overall,
these metrics demonstrate that despite the inher-
ent subjectivity in usefulness judgments, our anno-
tators maintained reasonable consistency in their
evaluations.

E Exploring Excel as the Testbed

While Adobe Illustrator provides a flexible script-
ing interface that allows external automation of
tasks, Excel’s scripting support is primarily de-
signed for use within its own environment and does

Test Set Top-down Bottom-up

Rater 1 2.42 2.40 1.78
Rater 2 2.53 2.16 1.72

Table 9: Average usefulness scores (1–3 scale) of sam-
pled tasks, as rated by human evaluators.

Task # Trials

Combine multiple Excel tables into one 5
Count blank rows on all sheets Failed
Return table data as JSON Failed
Remove hyperlinks from each cell 5
Move rows using range values 1*

Table 10: Number of LLM code generation trials re-
quired to successfully complete each Excel scripting
task. “Failed” indicates that the LLM was unable to pro-
duce a working script for the task within five attempts.
* due to the ambiguity in task description, it didn’t re-
produce the example code in the tutorial but was able to
achieve something reasonable.

not readily permit programmatic control from out-
side applications. As a result, the approach used to
automate and evaluate scripts in Illustrator could
not be directly applied to Excel. This limitation
restricted our ability to conduct comparable experi-
ments across both platforms.

However, we explore the following aspects to
generalize our framework to Excel. (1) API anal-
ysis. We collected 2,140 APIs and identified 286
sample scripts from the official tutorial, 5 which
cover 124 unique APIs. This supports our broader
observation that modern software exposes exten-
sive scripting APIs, while available example scripts
typically cover only a small subset. (2) LLM-
based code generation. We selected five tasks
from the “quick scenarios” category in the Excel
scripting tutorial and prompted LLM to generate
scripts following our framework (see Section 3.2).
We show the system prompt for Excel in Table 18
and user prompt follows the one in Table 16. These
tasks are aligned with the complexity and skillset
expected in our Illustrator experiments. Table 10
reports the number of LLM code generation trials
required for each task. We observed that some tasks
could be completed with only a few LLM prompt
iterations, while others consistently failed, likely
due to differences in task difficulty and model fa-
miliarity with Excel’s scripting environment. Im-
portantly, two out of five tasks require multiple

5https://learn.microsoft.com/en-
us/office/dev/scripts/overview/excel
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Model Strategy %Success@1 %Success@3

Llama-3.1-70B Top-down 5.5% 16.8%
Llama-3.1-70B Bottom-up 8.7% 23.5%
deepseek-r1 Top-down 6.9% 27.6%
deepseek-r1 Bottom-up 8.7% 34.8%

Table 11: Success rate at the first and third trials for
each model and strategy.

trials highlights the effectiveness of our offline sim-
ulation framework and the trial-and-error approach.
Overall, these results indicate both the challenges
and opportunities in generalizing LLM-based code
generation across software platforms with distinct
automation interfaces, and demonstrate that our
framework can be extended beyond its initial do-
main.

F More Code Generation Results

To demonstrate our framework’s adaptability, we
tested Llama-3.1-70B and deepseek-r1 as the
code generation model. Table 11 shows the success
rate on a random sample of 200 tasks from each of
the top-down and bottom-up strategies.

Desc arrange selected objects in circle

# Trial No. 2

Code
last
round
(w/ Init.
code)

function createSimpleLayout () {
var doc = app.documents.add ();
var numObjs = 5;
var radius = 100;
for (var i = 0; i < numObjs; i++) {

var circle = doc.pathItems.ellipse (...);
circle.filled = true;
circle.fillColor = doc.colors.add();
circle.fillColor.red = i * 50;
circle.selected = true;

}
return 'Initialization␣complete ';

}
createSimpleLayout ();

function arrangeInCircle(cX, cY, radius) {
var sel = app.selection;
if (sel.length === 0) {

throw new Error('No␣objects␣selected ');
}
var angleStep = 360 / sel.length;
for (var i = 0; i < sel.length; i++) {

var angle = angleStep*i*(Math.PI / 180);
var x = cX + radius * Math.cos(angle );
var y = cY + radius * Math.sin(angle );
sel[i]. position = [x, y];

}
return 'Objects␣arranged␣in␣a␣circle ';

}

arrangeInCircle (300, 300, 150);

Error
msg

Adobe Illustrator got an error: Error 21: unde-
fined is not an object. Line: 17 -> circle.fillColor
= doc.colors.add();

Judge Not applicable because code failed to run

Init.
code

function createSimpleLayout () {
var doc = app.documents.add ();
var numObjs = 5;
var radius = 100;
for (var i = 0; i < numObjs; i++) {

var circle = doc.pathItems.ellipse (...);
circle.filled = true;
var color = new RGBColor ();
color.red = i * 50;
circle.fillColor = color;
circle.selected = true;

}
return 'Initialization␣complete ';

}

createSimpleLayout ();

Code function arrangeInCircle(cX, cY, radius) {
var sel = app.selection
if (sel.length === 0) {

throw new Error('No␣selection ');
}

var angleStep = 360 / sel.length;
for (var i = 0; i < sel.length; i++) {

var angle = angleStep*i*(Math.PI /180);
var x = cX + radius * Math.cos(angle);
var y = cY + radius * Math.sin(angle);
sel[i]. position = [x, y];
}

return 'Objects␣arranged␣in␣a␣circle ';
}

Effect ⇒

Table 12: Complete version of Table 1. Desc is the
natural language description. Effect shows the layout
before and after running the skill. Judge is the valida-
tion judgment of the LVLM. Code simplified for space
constraints.
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Desc Alert the user when the name of a tag in the selec-
tion matches a predefined list of names.

# Trial No. 2

Code
last
round
(w/ Init.
code)

var doc = app.documents.add();

// Init code
var textFrame = doc.textFrames.add();
textFrame.contents = "Sample␣Text";
textFrame.name = "Tag1";

var rect = doc.pathItems.rectangle (...);
rect.name = "Tag2";

var selectionItems = [textFrame , rect];
for (var i = 0; i < selectionItems.length; i++) {

selectionItems[i]. selected = true;
}

// Task code
function alertIfTagNameMatches(predefined) {

try {
var items = app.activeDocument.selection;
if (items.length === 0) {

throw new Error("No␣items␣selected.");
}
var matchedTags = [];
for (var i = 0; i < items.length; i++) {

var item = items[i].name;
if (predefined.indexOf(item )!== -1) {

matchedTags.push(item);
}

}
if (matchedTags.length > 0) {

return matchedTags.join(",␣");
} else {

return "No␣matched␣tags␣found.";
}

} catch (e) {
return "Error:␣" + e.message;

}
}

var predefinedNames = ["Tag1", "Tag2", "Tag3"];
alertIfTagNameMatches(predefinedNames );

Error
msg

Not applicable because the code was successfully
executed.

Judge The task requires alerting the user if the tag names
match any in the predefined list, but the task code
only returns the result as a string. There is no
actual alert mechanism used. Replace the return
statements with an alert function to notify the
user, e.g., alert(“Matched tag(s): ” + matched-
Tags.join(“, ”)); to fulfill the requirement cor-
rectly.

Init.
code

Same as above

Code Replaced return matchedTags.join(“, ”); with
alert(“Matched tag(s):” + matchedTags.join(“,

”));

Effect An alert message box is popped up.

Table 13: Example script generated by bottom-up strat-
egy. Details simplified for space constraints. Italicized
text indicates descriptive language and not the actual
output produced by LLMs.
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Category Subcategories

Drawing Drawing basics, Draw pixel-perfect art, Edit paths, . . .
Color Adjust Colors, Select Colors, Use the Adobe Color Themes panel, . . .
Painting Gradients, Paint with fills and strokes, Brushes, . . .
Select and arrange objects Select objects, Move and align objects, Layers, . . .
Reshape objects Crop images, Transform objects, Puppet Warp, . . .
Import, export, and save Save artwork, Export artwork, Package files, . . .
Type Create text, Using fonts in Illustrator, Format paragraphs, . . .
Create special effects Work with effects, Graphic styles, Drop shadows, . . .
Web graphics Best practices, Create animations, SVG, . . .
Printing Set up documents, Print with color management, Overprint, . . .

Table 14: Illustrator Functionality Overview

System Prompt for Task Creation in Illustrator

You are an expert user for Adobe Illustrator. Your goal is to generate as many tasks as possible that are helpful and
represent common needs for Illustrator users.

The generated tasks should follow the following criteria:
1. Describe these tasks so that they can be coded into a script.
2. The tasks should not be already implemented in Illustrator.
3. The tasks should be minimally dependent on the content.

Generate the tasks in plain text. Each task takes one line. Do no generate any other information such as numbering.

User Prompt for Task Creation with Top-down Simulation

Give me 10 most useful tasks related to {subcategory} under the category of {category}, in Adobe Illustrator.

Examples of successful tasks in the previous rounds include:
{a list of successful task descriptions from previous round under the same category}

User Prompt for Task Creation with Bottom-up Simulation

Give me 10 most useful Adobe Illustrator tasks related to {api} whose description is: {Names and descriptions of
top k synergistic APIs}
Take inspiration from the following APIs and their descriptions by considering the possibility of using {api} with at
least one of the following APIs. It’s okay to not use them as long as the tasks related to {api} are useful.

{top_nodes_info}

The generated tasks should follow the following guidelines:
- Make sure the tasks are reusable.
- The tasks should be logical and reasonable to use two or more APIs together.
- The generated task should not simply be a concatenation of two API nodes, i.e., do task A and do a separate task B that
doesn’t closely depend on task A.
- Prioritize the usefulness of the tasks over generating exactly 10 tasks—fewer, high-quality tasks are acceptable.

Table 15: Prompts for Task Creation in Illustrator
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System Prompt for Code Generation

You are an assistant generating ExtendScript code for Adobe Illustrator. You will be provided a query that attempts to
perform an action in Illustrator. Return only the ExtendScript code snippet without additional messages, formatting, or
markdown.

Initialize a document to simulate this code. Generate the initialization code and task code separately in the following
JSON format: {"init_code": INITIALIZATION_CODE, "code": CODE, "code_name": "[brief description]"}

The code must follow these rules:
1. Do not use alert. Return messages for stdout.
2. If the task is not feasible, return {"code": ""}.
3. Start error messages with "Error: ".
4. Include necessary initialization for selecting objects.
5. Ensure reusability of task code.
6. Call the function you create to execute the task.
7. Keep the initial layout minimal for clear visual results.
8. Do not crash Illustrator.

Skill Generation Prompt Structure

Task: {task description}

Code from the last round: {code_last_round}

Execution error for code from last round: {error_msg}

Visual evaluation for the outcome layout from code from the last round: {validation_last_round}

Table 16: System Prompt for ExtendScript Code Generation in Illustrator

System Prompt for Skill Validation

You will be given a task description, a piece of initialization code, a layout after running the initialization code, a piece
of task code, and a layout after running the task code. The context for the task is Adobe Illustrator.

Your job is to judge whether the task was performed correctly or not, given the task description and the two layout
figures. The difference between the two layout figures should reflect the result of running the task code.

Sometimes, the failure reason can be that the initialization code does not generate necessary elements for the task code
to run correctly, or the task code does not perform the task correctly.

The output should be in JSON format: {"valid": true/false, "reason": [brief reason for the judgment], "suggestion":
[brief suggestion for improvement]} Ensure the output contains no additional messages, formatting, or markdown, so
that it can be directly parsed by json.loads().

User Prompt for Validation with LVLM

Task description: {task_description}
Initialization code: {init_code}
Task code: {code}

{init_layout.png} {outcome_layout.png}

Table 17: Prompts for Skill Validation
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System Prompt for Code Generation

You are an assistant generating Office Scripts code for Microsoft Excel. Office Scripts use TypeScript to automate Excel
tasks.

You will be provided a query that attempts to perform an action in Excel. Please return the Office Scripts code snippet
without any additional message, formatting or markdown.

Generate the initialization code and task code separately, in the following json format: {"init_code": INITIALIZA-
TION_CODE, "code": CODE, "code_name": "[brief description]"}, so that it can directly be parsed by json.loads().

The code you write should follow the following criteria:
1. Use TypeScript/JavaScript syntax for Office Scripts.
2. Make sure to use the Excel TypeScript API (Office Scripts API) - e.g., functions like workbook.worksheets,
range.format, etc.
3. When it is not possible to generate the code, return "code": "". This can happen when the task is not possible to be
automated or when the task is not clear.
4. The initialization code should create a clean starting environment with necessary elements to demonstrate the task
code.
5. Your task code should be modular and reusable for building more complex tasks.
6. Remember to call the main function to run the task code.
7. The initial workbook layout should be simple so that the effect of running the task code is clearly visible.
8. Office Scripts for both init_code and code typically begin with: function main(workbook: ExcelScript.Workbook) {
... }

Table 18: System Prompt for TypeScript Code Generation in Excel
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