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o Action Engine automates FaaS workflow generation using tool-augmented LLM:s.
e Enables platform-independent, language-agnostic FaaS workflows for cloud developers.
e Reduces the need for manual coding and specialized expertise in serverless computing.

e Ensures accurate function selection and data dependency management in workflows.
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ABSTRACT

Function as a Service (FaaS) is poised to become the foundation of the next generation of cloud
systems due to its inherent advantages in scalability, cost-efficiency, and ease of use. However, chal-
lenges such as the need for specialized knowledge, platform dependence, and difficulty in scalability
in building functional workflows persist for cloud-native application developers. To overcome these
challenges and mitigate the burden of developing FaaS-based applications, in this paper, we propose
a mechanism called Action Engine, that makes use of tool-augmented large language models (LLMs)
at its kernel to interpret human language queries and automates FaaS workflow generation, thereby,
reducing the need for specialized expertise and manual design. Action Engine includes modules to
identify relevant functions from the FaaS repository and seamlessly manage the data dependency
between them, ensuring the developer’s query is processed and resolved. Beyond that, Action
Engine can execute the generated workflow by injecting the user-provided arguments. On another
front, this work addresses a gap in tool-augmented LLM research via adopting an Automatic FaaS
Workflow Generation perspective to systematically evaluate methodologies across four fundamental
sub-processes. Through benchmarking various parameters, this research provides critical insights into
streamlining workflow automation for real-world applications, specifically in the FaaS continuum.
Our evaluations demonstrate that the Action Engine achieves comparable performance to the few-
shot learning approach while maintaining platform- and language-agnosticism, thereby, mitigating
provider-specific dependencies in workflow generation. We notice that Action Engine can unlock
FaaS workflow generation for non-cloud-savvy developers and expedite the development cycles of
cloud-native applications.

1. Introduction

1.1. Function as a Service (FaaS)

FaaS is a cloud computing paradigm that allows develop-
ers to execute code in response to events without managing
the underlying infrastructure, providing scalability and cost
efficiency [12]. This model abstracts away the complexities
of infrastructure management, thereby, enabling developers
to concentrate on writing and deploying code triggered by
specific events. As a result, FaaS enhances operational effi-
ciency and accelerates cloud-native software development
cycles. A key component of FaaS is its workflow orches-
tration, which enables the developer to orchestrate multiple
functions to serve complex tasks by using high-level APL
In cloud-native software development and Robotic Process
Automation (RPA) [15], FaaS workflows are essential to
automate tasks such as data processing pipelines.

FaaS is envisaged as the foundation of the next genera-
tion of cloud systems [11], and major cloud providers have
already adopted this paradigm, e.g., AWS Lambda, Google
Cloud Functions, and Azure Functions [1, 6, 8]. These
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hyper-scalers also provide separate tools for workflow cre-
ation and orchestration, e.g., AWS Step Functions, Google
Cloud Composer, and Azure Durable Functions [2, 5, 7].

1.2. Challenges of FaaS Workflow Tools

Despite the advancements in FaaS platforms, develop-
ers still face several challenges that make developing FaaS
workflows difficult and time-consuming. In large software
companies with multiple development teams, application
workflows often require the integration of various func-
tions from different teams. As a result, developers must
understand and utilize cross-team functions, which can be
both challenging and time-consuming. We summarize these
challenges as follows:
Specialized Knowledge Requirement: Designing and im-
plementing FaaS workflows is platform-specific and needs
domain knowledge. For instance, AWS Step Functions de-
mand familiarity with Amazon States Language (ASL) [3],
and Google Cloud Composer necessitates knowledge of
Python and Apache Airflow [4]. These steep learning curves
are significant barriers for new developers in serverless cloud
computing.
Scalability Challenge: Effective scaling of FaaS workflows
demands a comprehensive understanding of existing func-
tions in the repository to avoid redundancy and system
flaws. As the function repository of an organization grows,
it becomes more challenging for the developers to learn and
appropriately utilize relevant functions to effectively create
new workflows.
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Figure 1: The high-level overview of Action Engine. The
developer submits the workflow description to Action Engine to
automatically generate the workflow and return the ready-to-
use APl endpoint backed by the FaaS platform and workflow
orchestrator.

Provider Dependence: FaaS applications are tightly cou-
pled with provider-specific APIs, tools, and orchestration
frameworks, introducing a significant platform dependence.
Although there have been some efforts [17, 28] to enable a
single codebase to be deployed across multiple platforms,
there is currently no widely accepted standard for work-
flow definitions on any platform. Consequently, workflow
orchestrators still require platform-specific formats to define
workflows. This reliance on provider-specific ecosystems
restricts portability, complicates multi-cloud adoption, and
raises development overhead when migrating or managing
workflows across different cloud providers.
Increasing Development Time: Current FaaS workflow
development relies heavily on manual coding, which is inef-
ficient for large FaaS repositories. This reliance significantly
increases the development time, making it challenging to
adapt and respond quickly to new or changed requirements.
To address these challenges, we propose to use an LLM-
based technology to help generate FaaS workflows. This will
accelerate the development cycle and reduce the burden on
developers who need to learn numerous functions, ultimately
making them more productive.

1.3. LLM-Based FaaS Workflow Generation

The rapid advancements in Large Language Models
(LLMs) have demonstrated remarkable capabilities in un-
derstanding and generating human-like text. More recently,
LLMs have evolved to interact with external tools, called
tool-augmented LL.Ms [26], hence, are able to address com-
plex tasks beyond text generation. Motivated by this emerg-
ing paradigm, we propose applying tool-augmented LLMs to
address the unique challenges of FaaS workflow generation
through our system, called Action Engine and is shown
in Figure 1. A solution to build FaaS workflows requires
dynamic orchestration, scalability, and seamless integration
across various functions. The conventional FaaS workflow
generation approaches are limited by steep learning curves,
platform dependencies, and the inefficiencies of manual
workflow design. In contrast, Action Engine leverages the
advanced capabilities of tool-augmented LLMs to interpret
natural language instructions, interact with FaaS functions,
and automate the creation of workflows, thereby, effectively
addressing these barriers.

Despite notable advancements in tool-augmented LLMs,
the research remains nascent. Existing approaches often
grapple with broad and inconsistent workflow definitions,
platform, and language dependencies, and inadequate han-
dling of data dependencies. These limitations make it par-
ticularly challenging to adapt tool-augmented LLMs to the
FaaS workflow generation problem. To overcome these chal-
lenges, in this paper, we design Action Engine, an end-
to-end solution for automatic FaaS workflow generation.
Action Engine builds on foundational concepts observed
in current methods for tool-augmented LLMs, including
tool planning, tool selection, tool invocation, and response
generation. However, recognizing the unique demands of
FaaS, we extend these concepts to encompass the platform-
agnostic and dependency management features that are crit-
ical to FaaS workflows.

Upon receiving the user’s (developer’s) query, Action
Engine generates a directed acyclic graph (DAG), ensuring
accurate dataflow across functions and in a FaaS platform-
agnostic manner. By incorporating a data dependency mod-
ule and an automated compilation process, Action Engine
can transform the abstract (high-level) workflow descrip-
tions into an executable FaaS workflow, while providing the
user with an intuitive API endpoint to invoke the generated
workflow. Specifically, the key contributions of this paper
are as follows:

(A) Architecture for Automatic FaaS Workflow Genera-
tion: We designed and open-source' framework that lever-
ages Tool-Augmented LLMs to generate FaaS workflows au-
tomatically. This framework reduces the need for specialized
knowledge and manual intervention, thereby, mitigating the
burden of workflow generation, management, and execution.
(B) Platform-Independent Workflow Generation: The

proposed architecture can generate platform/cloud-independent

workflows that can be later compiled to any underlying cloud
platform or even potentially to functions across multiple
clouds.

(C) Analysis of Tool-Augmented LLMs’ Shortcomings:
We evaluate and analyze the limitations of tool-augmented
LLMs for automatic FaaS workflow generation and identify-
ing challenges such as inconsistent workflows, platform de-
pendencies, and insufficient evaluation baselines that hinder
adaptability to the FaaS environments.

These contributions collectively mitigate the burden and
accelerate the development of FaaS workflows that can
ultimately pave the way for democratizing cloud-native ap-
plication development. The rest of the paper is organized
as follows: Section 2 presents an overview of existing ap-
proaches to workflow generation with LLMs and highlights
their limitations. Section 3 introduces the design of Action
Engine. Next, our solutions to the challenges of Action En-
gine are elaborated in Sections 4 and 5. Section 6 evaluates
the performance of Action Engine from various dimensions.
Section 7 discusses the limitations and future works. Finally,
Section 8 concludes the paper with a summary of key
findings.

Thttps://github.com/hpcclab/action_engine
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2. Background and Related Works

2.1. Tool-Augmented LLLM

Tool-augmented LL.Ms are an emerging area of interest
aimed at enhancing the ability of LLMs to interact effec-
tively with various tools, such as APIs, thereby, demonstrat-
ing their impressive capability to solve real-world problems.
Formally speaking, Tool-Augmented LLMs refer to the pro-
cess that “aims to unleash the power of LLMs to effectively
interact with various tools to accomplish complex ‘tasks’*
[22, 26]. Such LLMs harness the power of comprehending
human language and selecting tools, all within a defined
reasoning process, without the need for human intervention.

The definition of fools often remains vague and incon-
sistent across different studies. Many notable existing works
in this field employ the tool as a set of external functionality
accessible by APIs [20, 23, 25, 26, 30, 32, 33, 37]. We adopt
this definition, treating tools as APIs. In the context of FaaS,
we utilize FaaS functions, which are accessed through APIs.
Consequently, throughout this paper, the terms “function”
and "API” will be used interchangeably, both referring to
tools within the tool-augmented LLMs paradigm.

The process of tool learning typically consists of a four-
stage process: task planning, tool selection, tool invocation,
and response generation [27]. LLMs begin the task planning
phase by analyzing user queries and decomposing them
into actionable sub-tasks. The tool selection phase then
identifies the most appropriate tools to address these sub-
tasks. Next, the fool invocation phase retrieves the necessary
parameters from the inputs and executes the corresponding
functions. Finally, in the response generation phase, the
LLM synthesizes the outputs from these external tools to
generate a coherent, context-aware response for the user.
This structured process has been widely adopted in nu-
merous studies on tool-augmented LLMs [29, 32, 31, 33],
proving the significant potential of LLMs when combined
with external tools.

2.2. Automatic Workflow Generation with LLMs

Existing research has explored various methods for inte-
grating LLMs into automated workflow generation, demon-
strating their potential to streamline complex tasks. Notable
examples include FlowMind [38] that utilizes LLMs to gen-
erate Python-based workflows via mapping user requests to
financial APIs, and dynamically modifying workflows based
on the users’ real-time feedback. Similarly, AutoFlow [21]
employs in-context learning and fine-tuning augmented with
reinforcement learning to generate conceptual workflows.
While these approaches highlight the promise of LLMs
for workflow generation, they primarily focus on concep-
tual designs and single-instance workflows. This limited
scope leaves key challenges, such as reproducibility and lan-
guage independence—Ilargely unaddressed. Our paper aims
to bridge these gaps.

2.3. Limitations of LLM-based Workflow
Generation

While tool-augmented LLMs demonstrate a significant
potential for automating workflow generation, several key
limitations hinder their application in FaaS workflow gener-
ation. These challenges can be categorized into the following
three areas:

(a) Broad and Inconsistent Workflow Definitions: There
is a lack of a consistent definition for workflows. Some
studies interpret workflows as sequences of Python functions
or scripts [38], whereas others treat them as conceptual
representations in natural language [21]. This inconsistency
complicates efforts to standardize or extend existing meth-
ods, particularly for FaaS workflows.

(b) Language Dependence: Existing approaches predom-
inantly rely on specific programming languages or utilize
platform-specific APIs. Such dependency introduces chal-
lenges, such as reduced portability, increased maintenance
overhead, and potential compatibility issues once the APIs
or the runtime environments evolve. Additionally, LLMs
can potentially produce syntactically or semantically invalid
outputs, particularly for less popular platforms or languages.
(c) Inadequate Data Dependency Handling: Current auto-
matic workflow generation methods struggle with effectively
managing data dependencies in FaaS environments. While
many systems support single-instance workflows, real-world
FaaS deployments require explicit and deterministic data
flow to ensure reliable and reproducible execution. Existing
approaches often rely on implicit reasoning to establish data
connections between functions, resulting in tightly coupled
workflows that are difficult to reuse. For example, a work-
flow hard-coded with a specific username fails in processing
data for a different user—limiting both flexibility and gener-
alizability of the solution.

To address this, the FaaS workflow generation solution
must distinguish between Data Dependencies and User-
Defined Inputs. The former refers to the explicitly de-
fined connections between function outputs and inputs to
ensure seamless data flow between workflow steps, whereas
the latter is about the parameters dynamically provided at
runtime—enabling workflows to adapt to varying contexts
without requiring any structural modifications.

By embracing these principles and eliminating implicit
reasoning, LLMs can generate reusable, adaptable, and re-
producible FaaS workflows, hence, establishing robust au-
tomation solutions.

3. Action Engine

The limitations of existing solutions, discussed in Sec-
tion 2.3, highlights the need for a tailored approach to ad-
dress the specific requirements of FaaS workflows. As such,
we propose Action Engine, an end-to-end solution designed
specifically for FaaS workflow automation. Action Engine
builds upon the foundational practices of tool-augmented
LLMs while adapting them to the unique needs of FaaS
workflows, namely platform independence, structured data
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Figure 2: Comparison between the four standard steps of
tool-augmented LLMs vs the proposed processes for the FaaS
workflow automation.

flow, and reproducibility. Recall that tool-augmented LLM
workflows follow a four-stage process: task planning, tool
selection, tool invocation, and response generation. While
effective for general-purpose applications, these stages are
not held for the complexities of FaaS workflows that re-
quire precise data dependency management and language-
agnostic representations.

Action Engine redefines these four foundational stages
to create a scalable solution tailored to FaaS workflows, as
shown in Figure 2:

Abstracting Workflows as DAG. Workflows are repre-
sented as DAGs instead of being tied to a particular program-
ming language. This abstraction ensures language neutrality
and compatibility across diverse FaaS platforms (provided
by various cloud providers) via decoupling workflow repre-
sentation from specific programming environments.

Task Planning and Tool Selection. The rask planning pro-
cess remains unchanged, dividing user queries into action-
able sub-tasks. However, tools are mapped to FaaS func-
tions, ensuring scalability and adaptability across multiple
cloud platforms.

Data Dependency Management. Action Engine replaces
conventional fool invocation process with a data dependency
management module to ensure explicit and deterministic
data flow. By defining clear input-output relationships, it
eliminates implicit reasoning and enables reusable work-
flows.

Platform-Specific Workflow Compilation. Instead of re-
sponse generation, Action Engine introduces a dedicated
compiler module to translate the platform-neutral DAG into
formats compatible with specific FaaS platforms. This step
ensures compatibility for seamless deployment and execu-
tion, addressing platform-dependency limitations.

Through these adaptations, Action Engine bridges the
gap between existing tool-augmented LLM practices and
the specific requirements of FaaS workflows. The following
section elaborates the architectural design Action Engine,
illustrating how these adaptations are realized in practice.
This includes defining DAG representation, managing data
dependencies, and compiling platform-specific configura-
tions to create executable workflows.

3.1. Action Engine Architecture

Our approach to construct the FaaS workflow is to first
define the DAG nodes, where each node consists of a sub-
task derived from the user query and its corresponding

identified function. The edges between nodes are identified

through a “data dependency” approach that ensures a correct

data flow between functions. Finally, we use a platform-
specific configuration compiler to adapt the generated DAG
into an executable workflow.

The overall architecture of Action Engine is shown in
Figure 3. As we can see in this figure, Action Engine consists
of the following two modules:

1. Text-to-Workflow: Transforming the user’s query into
an executable workflow configuration. The generated
workflow is assigned an API endpoint for the developer
to call.

2. Workflow Execution: Executing the workflow generated
by the text-to-workflow module using its API endpoint.

3.2. Text-to-Workflow Module

We design this module with the following five compo-
nents:

LLM Engine processes internal prompts generated by
the Func Selector and Workflow Generator components. The
architecture is designed to support both open-source LL.Ms
available on Hugging Face and closed-source models such as
OpenAI’s GPT series. We employ in-context learning [13]
over fine-tuning due to the dynamic nature of FaaS, where
the function repository can keep expanding with more new
functions. Fine-tuning models typically require retraining on
a fixed dataset, which can be inefficient and inflexible for the
continuously changing environment of FaaS.

Func Repo (Function Repository) is the centralized
information storage for all available functions used within
the system. Functions’ information, including input and
output parameters and functional descriptions, are stored as
vector embeddings to facilitate efficient retrieval and selec-
tion during workflow generation. By embedding functions
in a vector database, the system enables rapid similarity
searches, significantly improving the efficiency of the func-
tion identification process (see more in Section 4.2).

Func Identifier (Function Identifier) is to identify the
appropriate function for each sub-task (node) of the DAG.
This module operates in two key phases: Task Planning
(Section 4.1) and Function Selector (Section 4.2).

Workflow Generator is to establish the data depen-
dencies of each sub-task in the workflow, which are then
used to construct the edges of the DAG. This module op-
erates through three key processes: Topological Ordering
(Section 5), Parameter Classification (Section 5.1), and Data
Dependency Construction (Section 5.2).

Platform-Specific DAG Compiler receives the gener-
ated DAG from the Workflow Generator and translates it into
a specific workflow definition for the target workflow orches-
trator. This component enables the objectives of language
and platform independence from the workflow generation.
The DAG is stored in a language-neutral format, allowing
it to be compiled into definitions compatible with different
workflow orchestrators by different DAG compilers. This
component ensures that the generated workflows are not
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Figure 3: Overview of the Action Engine architecture for FaaS workflow generation and execution. The system comprises two main
modules: (1) Text-to-Workflow, which interprets user queries and constructs platform-agnostic DAGs through components such
as LLM Engine, Function Identifier, Workflow Generator, and finally DAG Compiler turns it into the platform-specific workflow.
(2) Workflow Execution, which deploys and executes the generated workflows using a Gateway, a Workflow Orchestrator, and a
FaaS Engine. This layered design enables language-neutral, scalable FaaS orchestration with minimal developer effort.

tied to a single platform and can be executed across var-
ious cloud environments without requiring manual recon-
figuration. Moreover, with the DAG structure, the com-
piler can easily identify independent sections of the work-
flow and optimize execution accordingly. Even when the
target workflow orchestrator does not support DAG-based
workflow definitions, such as AWS Step Functions [2], the
compiler can strategically divide the workflow into multi-
ple parts, facilitating parallel processing to improve perfor-
mance. In contrast, some workflow orchestrators like Argo
Workflow [14] support DAG-based definitions and do not
require this type of optimization.

3.3. Workflow Execution

To execute the generated workflow, we design the work-
flow execution module with the following three components:

Gateway is designed to provide the API endpoint for
executing the generated workflow. Once the DAG compiler
generates the workflow definition, the compiler module reg-
isters the workflow to the workflow orchestrator and the
gateway to prepare the necessary data and resources. Next,
the gateway creates an API endpoint and returns it back to
the developer for integration with their application.

Workflow Orchestrator is a generic orchestrator for
orchestrating multiple functions (task nodes in DAG) to
be executed along with the FaaS engine. To execute the
workflow, the application calls the API endpoint with the
request data (user input). Upon receiving the request, the
gateway forwards it to the workflow executor, which or-
chestrates the execution. The workflow is then decomposed
into multiple sub-tasks, each executed as a separate function
within the FaaS engine. After completing the workflow,
whether successful or not, the orchestrator returns the result

to the Gateway, which in turn forwards it back to the API
caller.

Faa$S Engine is a generic serverless platform that allows
developers to run a function code as a scalable service
effortlessly. Action Engine uses the FaaS Engine in con-
junction with the workflow orchestrator to execute the FaaS
workflow.

4. Func Identifier

4.1. Task Planner

Task Planning involves breaking down user queries into
actionable sub-tasks. This is achieved using in-context learn-
ing with carefully selected examples to ensure the appro-
priate granularity of task decomposition with respect to the
available functions in the repository. For the user-provided
query g, the LLM function LLM _plan submits g, along
with a set of example queries and their corresponding de-
compositions Q, to the LLM in order to find the set of
corresponding sub-tasks s; € S.

S =LLM _plan(q,Q) = {5y, 5, ... @))]

As such, the LLM can apply the same decomposition
principles, using the prompt template, detailed in Appendix
A.1 (Figure 9), to convert any user-provided query into a set
of manageable and executable actions, thereby facilitating
the efficient execution of tasks.

28}

4.2. Function Selector

Following Task Planning, the Function Selector is re-
sponsible for pairing each sub-task with the most relevant
function from the function repository (Func Repo in Fig-
ure 3). To ensure that the selected functions are semantically
aligned with subtask s;, Function Selector uses cosine sim-
ilarity between s; and the function embeddings to retrieve
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the top-k most relevant (i.e., highest cosine similarity scores)
functions, denoted as Fls.i‘k = {flsf,fzsi,...,f]:’} , from
the repository. At the function selection stage, identifying
incorrect selections is challenging before execution, except
when function descriptions are clearly misaligned with the
intended sub-task. To address this, based on our initial
experiments, we apply a cosine similarity threshold of 0.7
to ensure that only function candidates with strong semantic
alignment are considered.

Subsequently, the LLM is utilized to select the most suit-
able function from the top-k retrieved functions (Appendix
B, Figure 10). To ensure the closest match, the LLM evalu-
ates the semantic alignment and contextual appropriateness
of each function relative to the sub-task. Specifically, the
LLM chooses function f;* based on the parameters noted in
Equation 2.

fI=LLM _select(q,s;, Ff.i.k) @

Let N be the output of the Function Selector, a set of
pairs in the form of (s;, f) representing the DAG nodes
where each n; € N is defined as follows:

N={n;|n = (Si,fi*)} 3

5. Workflow Generator

The Workflow Generator module is designed to con-
struct the data dependency (edges) between sub-tasks (nodes)
of the workflow and form the DAG. Once the Function
Selector creates the set of nodes N, the Workflow Generator
performs topological ordering on the set of nodes N to
establish the correct execution sequence. This ordering is
achieved by passing the list of sub-tasks to the LLM to
semantically arrange the nodes. This process ensures that
no node n; is executed before its required preceding nodes
are completed.

Next, for the function representing each node, the Work-
flow Generator classifies every input parameter to determine
whether it depends on a direct user input or is an output
generated by a previously executed node in the workflow.
The classification result is used for constructing the data
dependency that, in turn, forms the entire DAG.

5.1. Parameter Classification

Let {p;1,Pi2----,Pix} be the set of parameters for the
function of node ;. Parameter Classification uses LLM to
classify each parameter p;; as either a direct user input or
an output from a previous sub-task. Let 6 denote the set of
semantic descriptions of output parameters from the previ-
ously executed nodes. The classification of parameter p;;,
denoted ¢; 7> is performed based on 6, as shown in Equations 4
and 5.

tij = LLM_classify(p;;,0) S

_ ) Input if from direct user inputs
Output(n,)

&)

if from n;, with k < i

5.2. Data Dependency Construction

For each parameter p;; classified as an output of a
previous node, the Workflow Generator considers an edge
(g n;,) as the data dependency in a DAG E. Let n,
be a hypothetical node representing the starting node of
the workflow holding the user inputs. For parameter p;;
classified as an input, Workflow Generator creates an edge
form ng to n;. Otherwise, for parameter p;; classified as an
output of n;, the system creates an edge from n; to n;. We
formally define E as a set described in Equation 6.

E ={(ng,n;) | t;; = Input}

(6)
U {(ng, m;) | t;; = Output(ny)}

The aforementioned procedure leads to the creation of a
DAG defined as DAG =< N, E >.

6. Performance Evaluation

In this section, we assess the capabilities and perfor-
mance of Action Engine in automatic FaaS workflow gener-
ation by comparing them against existing methods in terms
of accuracy and scalability.

6.1. Experimental Setup
6.1.1. Dataset

The evaluation employs an enhanced version of the
Reverse Chain dataset [39], specifically designed for com-
positional multi-tool tasks. This dataset includes 825 unique
APIs spanning 20 diverse categories, resulting in a total
of 1,550 labeled instances where each instance consists of
a user query, a set of APIs with their descriptions and
argument structures, and the corresponding ground truth
workflow represented in a nested function-calling format.

The dataset is categorized into three levels of complexity
based on the degree of API nesting required to resolve the
queries. Level-1 involve two levels of API nesting and Level-
2 extend to three levels of nesting. The most complex ones,
Level-3, require more than four levels of nested API calls.

The ground truth for each instance specifies the intended
API workflow in a structured, nested function calling format,
similar to the example shown below:

AddSongToPlaylist(
user_ID=UserName2ID(user_name="'Jenny'),

playlist_ID=PlaylistName2ID(playlist_name='Chill Vibes'),

song_name="'Imagine’
)
This representation defines a sequence of dependent API
calls, where arguments for one API are resolved by outputs
from other APIs or user-provided information from the
original query. Such structured formats effectively capture
the relationships and dependencies between APIs.

The Reverse Chain dataset ensures explicit data depen-
dency injection by structuring workflows where the outputs
of one API directly serve as the inputs to the subsequent
APIs. By providing ground truth workflows in a nested
function-calling format and supporting different levels of
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complexity, this dataset aligns with the demands of evalu-
ating FaaS workflow generation systems that require multi-
step function orchestration.

During the pre-processing phase, we identified several
inconsistencies in the dataset, and by addressing them, we
affirmed its validity for the evaluations. Two major issues
were observed: (a) invalid syntax and (b) illegal accessor
usage. Illegal accessors occurred when the ground truth
attempted to access attributes or fields of a function’s output
that were not defined in the function’s behavior. For example,
some workflows attempted to retrieve specific properties
from a function when the output value was a string. Such
mismatches cause logical errors in the ground truth data,
which is possibly due to the use of LLMs by the Reverse
Chain [39] to generate the dataset. To address these issues,
we filtered out all the instances containing invalid accessors
or syntax errors. After this cleanup, we conducted stratified
random sampling to select a balanced subset of 300 exam-
ples, with 100 examples from each of the three complexity
levels. This pre-processing ensured the dataset was both
logically consistent and syntactically valid.

6.1.2. Evaluation Metrics

To measure the correctness of the FaaS workflow, we
employ evaluation metrics that emphasize exactness in func-
tion selection, data dependencies, and topological correct-
ness. Unlike general-purpose task evaluations that may tol-
erate semantic approximation, FaaS workflows require strict
adherence to the prescribed logic and execution dependen-
cies. Therefore, our evaluation framework prioritizes exact
matches between generated workflows and the ground truth.

Function Selection and Data Dependency. For func-
tion selection, correctness is determined via comparing the
generated API names and their corresponding argument
structures with the ground truth [35]. Any mismatches in
function names or parameter values are treated as errors.
For data dependencies, correctness is evaluated by verify-
ing whether the generated workflows accurately reflect the
input-output relationships specified in the ground truth.

The metrics used to evaluate the results are precision,
recall, and the FI score, which are defined as follows:
Precision: The proportion of correctly predicted functions
or data dependencies out of all predicted instances. Precision
highlights the system’s ability to avoid false positives in
function or parameter generation. Recall: The proportion
of correctly predicted functions or data dependencies out
of all ground truth instances. Recall measures the system’s
capability to capture all relevant elements. F1 Score: The
harmonic mean of precision and recall, providing a balanced
evaluation metric. The F1 score ensures that both accuracy
(precision) and completeness (recall) are equally considered
in the assessment.

Unfortunately, the Reverse Chain dataset does not come
with the function code or the online API that we can use to
run the function. Hence, we are unable to evaluate the result
of the generated workflow by verifying the execution results.

Topological Order. To evaluate the correctness of the
topological ordering of functions within a workflow, we
utilize the Longest Common Subsequence (LCS) metric.
LCS measures the similarity between the sequence of nodes
in the generated workflow and the ground truth by identify-
ing the longest subsequence that appears in both orderings.
The topological order is considered correct if the generated
sequence adheres to the logical dependencies required for
workflow execution. This metric is particularly suited for
FaaS workflows, where the order of function execution di-
rectly impacts the correctness of the data flow and overall
execution. A higher LCS score indicates better alignment
between the generated and ground truth orderings.

6.1.3. Baseline Methods

To the best of our knowledge, this work presents the first
system for automatic FaaS workflow generation. As there
are no direct baselines for this specific task, we consider
the broader area of the automatic code generation problem
conditioned on a user request and candidate functions in
YAML format. We evaluate our system against two state-
of-the-art models. First, we use the GPT-40 model [24], a
state-of-the-art closed-source model from OpenAl. Second,
we use Qwen-Coder-32B-Instruct [ 16], a fine-tuned model
specifically designed for coding tasks, which has demon-
strated coding capabilities comparable to GPT-40 [40].

To comprehensively evaluate the performance of Action
Engine, we benchmark against the above models with the
following four established in-context learning methods [10]:
Zero-Shot [18] refers to a scenario where the model per-
forms a task without any prior examples, relying entirely
on its pre-trained knowledge. Few-Shot provides the model
with a small number of task-specific examples to improve its
ability to generate accurate responses. Zero-Shot Chain of
Thought (CoT) [34] extends zero-shot learning by prompt-
ing the model to break down its reasoning process step by
step to enhance logical consistency. Few-Shot Chain of
Thought (Few-Shot CoT) [34] combines few-shot learning
with the step-by-step reasoning approach of CoT to further
improve the performance in complex decision-making tasks.
The prompt template used during evaluation is provided in
Appendix B.

In addition to these in-context learning baselines, we
compare our solution against Reverse Chain [39], an ap-
proach that constructs workflows in a top-down manner.
Since the official implementation was not open-sourced, we
adopted a third-party reproduction based on the original
paper [19] and re-implemented our own version for fair com-
parison. Unlike our bottom-up approach, which begins by
identifying dependencies and incrementally building work-
flows from input toward the goal, Reverse Chain starts with
the final goal and works backward to determine the APIs
and arguments needed to fulfill the required parameters.
This top-down approach offers an alternative perspective on
workflow generation, providing valuable insights into the
strengths and limitations of different strategies.
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Figure 4: Measuring workflow correctness of Action Engine against the following baselines: Zero-Shot, Zero-Shot CoT, Few-Shot,
Few-Shot CoT (each evaluated using both GPT-40 and Qwen-Coder-32B-Instruct), and Reverse Chain. These variations are
evaluated against the same FaaS dataset and with queries categorized into three complexity levels.

We utilize GPT-40 as the underlying LLM model to gen-
erate Argo Workflow [14] for further evaluation of both Ac-
tion Engine and Reverse Chain. These methods are chosen
for their relevance to tool planning and workflow construc-
tion and their demonstrated effectiveness in similar tasks.
Argo Workflow was chosen for its native ability to define
complex workflows as DAG and its open-source nature,
which allows us to use it in our own cluster. This makes it a
solid solution for workflow orchestration.

6.2. Measuring Correctness of Generated
Workflows

As illustrated in all subfigures of 4, the workflow correct-
ness improves as the workflow complexity increases, which
is counterintuitive. This trend is evident across all evalu-
ation metrics, with Action Engine demonstrating a stable
performance while other methods exhibit varying degrees
of fluctuation. This phenomenon is further investigated in
the ablation study in Section 6.3.1, where we analyze the
impact of dataset ambiguities and the existence of multiple
valid solutions in the dataset.

Despite its comparable coding ability to GPT-40, Qwen-
Coder-32B-Instruct provides less than half of the accuracy
GPT-40 offers in performance across all metrics. This low
performance suggests that strong code comprehension alone
is insufficient for FaaS workflow generation that requires
task decomposition and precise dependency understanding.
These findings reinforce the importance of task-specific ar-
chitectural choices in achieving a robust performance against
query difficulty level.

Across various evaluation metrics, Action Engine demon-
strates comparable accuracy to the GPT-40-based FewShot
and FewShot CoT baselines while offering the additional
advantage of language- and platform-agnostic workflow
generation.

For function selection (Figure 4a), Action Engine achieves
stable F1 scores of 34%, 38%, and 42% across Levels 1, 2,
and 3, indicating its robustness across different workflow
complexities. In contrast, FewShot (GPT-40) and FewShot
CoT (GPT-40) show gradual improvements, with F1 scores
increasing from 30% to 45% and 26% to 41%, respectively.
Similarly, in topological ordering, Action Engine consis-
tently attains the highest scores, maintaining a stable LCS
value of 30% across all complexity levels.

As for the data dependency accuracy, although Action
Engine achieves comparable results to FewShot (GPT-40)

and FewShot CoT (GPT-40), it exhibits a slightly lower accu-
racy than them. This suggests that while the Action Engine
is effective at function selection and workflow structuring,
there is room for improvement in accurately capturing fine-
grained data dependencies.

Across all metrics and complexity levels, ZeroShot, Ze-
roShot CoT, and the Reverse Chain exhibit severe limita-
tions, achieving no more than 10% in all three accuracy
metrics. These results highlight fundamental deficiencies in
these approaches even when utilizing state-of-the-art LLMs
such as GPT-40 in handling tasks that require nuanced un-
derstanding, constructive planning, and precise dependency
management. The Reverse Chain Method, in particular, fails
to establish meaningful dependencies, further demonstrating
its inadequacy for complex workflow generation. Given that
the Reverse Chain results diverge from those reported in
previous literature and theoretically should exhibit moderate
accuracy, an ablation study (in Section 6.3.2) further inves-
tigates the factors contributing to this discrepancy.

Among the five baseline methods, FewShot (GPT-40),
FewShot CoT (GPT-40), and Action Engine consistently
achieve the highest accuracy across all evaluation metrics.
Notably, Action Engine surpasses other methods in both
function selection and topological correctness while also
achieving language-neutral workflow generation, making it
the most versatile approach for automated workflow con-
struction.

6.3. Ablation Study
6.3.1. Limitations of the Existing Evaluation Datasets
As highlighted in the previous section, our results indi-
cate a counterintuitive trend: accuracy appears to increase
as the workflow complexity rises. Our analysis shows the
reason for this behavior is that, as the workflow complex-
ity increases, the number of decision points (nodes) also
increases, which improves the overall chances of correct-
ness. In simpler workflows with fewer nodes, errors have
a greater impact because there are fewer opportunities for
the workflow to align with the predefined ground truth. In
contrast, more complex workflows contain a larger number
of decision points, meaning that even if some selections
are incorrect, the overall workflow is still more likely to
be evaluated as correct. Increasing the number of nodes
provides more opportunities for correct selections to con-
tribute to the final accuracy, thereby, reducing the influence
of isolated mistakes. However, traditional accuracy metrics
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# Test Query
"Index": 52

"Query": "What's the menu for the most popular Chinese restaurant in San Francisco?"
"Label": "GetMenu(restaurant_id=FindRestaurant(location="'San Francisco', type='Chinese', rating='most popular'))"

# Ground Truth
"Selected Functions": ["FindRestaurant", "GetMenu"]
# Action Engine Prediction

"Selected Functions": ["TopRestaurants", "GetRestaurantMenu"]

Figure 5: Example of multiple correct solutions in the Reverse Chain dataset.

often do not account for this probabilistic effect, leading to

a misinterpretation of the relationship between complexity

and accuracy.

While this may seem unexpected, further analysis re-
veals that this phenomenon stems from inherent ambiguities
in LLM-generated datasets and the existence of multiple
valid solutions. Two key factors that contribute to this eval-
uation challenge are as follows:

1. Multiplicity of Valid Solutions: Many workflows can
achieve the same goal through different, yet equally valid,
sequences of function selections. Traditional evaluation
metrics, which rely on a fixed reference solution, often
fail to account for this flexibility, leading to discrepancies
in accuracy assessment.

2. Ambiguity in LLM-Generated Datasets: The use of
LLMs to generate datasets introduces inherent uncertain-
ties. Simulated API tools frequently overlap in function-
ality, resulting in multiple plausible workflow configu-
rations. As workflow complexity increases, defining a
single “correct” reference solution becomes increasingly
difficult, further complicating evaluation reliability.

To further investigate this issue, we manually analyzed a
subset of predictions from Action Engine results and realized
that many predictions, while differing in structure from the
predefined ground truth, were functionally equivalent to the
expected outcome (Figure 5). This suggests that model-
generated workflows are frequently penalized as incorrect
despite successfully solving the task. Upon closer exami-
nation of the selected functions in both the predictions and
the predefined ground truth, we noticed that many functions
had highly similar descriptions. This highlights an important
challenge: within a large dataset of available functions, mul-
tiple functions often exhibit near-identical functionalities,
creating multiple valid solutions. Consequently, even when
ground truth data is manually curated, ensuring a singular,
absolute reference path remains an unrealistic expectation.

This inherent ambiguity in evaluation necessitates a
paradigm shift in assessment methodologies. Rather than
relying solely on topological alignment, evaluation frame-
works should incorporate a more functionally grounded ap-
proach. By shifting the focus from rigid workflow topology
to correctness based on functional output, we can better
capture the true effectiveness of the workflow generation
models.

By adopting a more flexible and context-aware evalua-
tion framework, we can improve the reliability of accuracy
assessments, ultimately ensuring a fairer and more robust
evaluation of workflow generation models. This shift is
particularly crucial for real-world applications, where mul-
tiple valid workflows often exist, and correctness should
be judged by workflow results rather than adherence to a
single predefined path. Importantly, the presence of redun-
dant or functionally similar APIs is not merely an artifact
of the dataset but a realistic feature of practical FaaS en-
vironments. In deployed systems, overlapping functions are
intentionally maintained to provide resilience, support inter-
operability, and enable fallback options. As such, evaluating
workflow correctness purely based on topological alignment
can obscure practical performance issues or overstate accu-
racy. These observations highlight the need for functionally
grounded evaluation metrics that better reflect real-world
utility.

6.3.2. Analyzing the Impact of Top-Down Approach
Jor Tool-Augmented LLMs

The Reverse Chain method, while conceptually promis-
ing as a top-down approach, demonstrates a mixed perfor-
mance profile in our experiments. Despite its theoretical
potential for higher accuracy, the results indicate that it is
significantly less effective in terms of F1 scores. As shown
in Figure 6, this is primarily due to its low precision across all
categories and levels, highlighting a tendency to select extra
nodes and increase false positives. However, the method
exhibits strong recall, particularly in Function Selection and
Parameter Dependency tasks, where it often outperforms
or matches alternative methods such as the Action Engine
and FewShot (GPT-40) approaches. This suggests that the
Reverse Chain method effectively identifies relevant func-
tions and dependencies, capturing the ground truth with high
sensitivity.

A key limitation stems from the evaluation strategy
employed in the original Reverse Chain method, which relies
on an LLM to semantically assess function correctness.
While LLM-based evaluation is effective for nuanced se-
mantic understanding, it does not adequately account for
strict syntactic and logical correctness, which is crucial
in FaaS workflows. Additionally, the preprocessing phase
findings revealed syntactic and logical errors in some ground
truth—compounding the method’s precision issues. The dis-
parity between low precision and high recall underscores a
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Figure 7: Impact of increasing Top-K candidate functions on workflow generation performance.

Method top-10  top-20 top-30 top-40
ActionEngine 100 100 100 100
FewShot 91 99 84 81
FewShot-CoT 99 99 98 92
ReverseChain 59 59 57 55

Table 1

The pass rate (%) comparison across different Top-K function
selections, which measures the ability of the LLM to generate
syntactically valid and executable workflows as the number of
Top-K candidate functions increases.

fundamental tradeoff. While the method excels at identify-
ing relevant elements, its over-selection of irrelevant nodes
reduces its overall effectiveness, as reflected in its low F1
scores. These findings suggest that the top-down approach,
such as the Reverse Chain method, is potentially effective.
However, it requires further refinement to improve its speci-
ficity, precision, and robustness in handling syntactic and
logical correctness.

6.3.3. The Impact of Choosing Top-K Functions

We investigate the effect of increasing the number of
Top-K functions provided to the LLM for function selection
and evaluate its impact on overall performance with GPT-4o0.
As shown in Figure 7, we assess the results across three key
metrics: Function Selection Accuracy, Data Dependency
Accuracy, and Topological Order Accuracy. Our findings
indicate that increasing the number of candidate functions
does not lead to a significant improvement in accuracy scores
across these metrics.

However, a more nuanced effect emerges when exam-
ining the Pass Rate shown in Table 1, which measures the
ability of the LLM to generate a syntactically valid and exe-
cutable workflow. Our analysis reveals that as the number of
Top-K candidate functions increases, the Pass Rate declines,

indicating that an excessive number of function choices may
introduce ambiguity and complexity that hinder the ability
of LLMs to generate fully structured workflows. In contrast,
Action Engine, which systematically constructs workflows
following the conceptual DAG creation process with the
compiler, consistently achieves better accuracy in syntactic
correctness regardless of the number of Top-K functions
considered.

These findings highlight a fundamental limitation of
direct LLM-based workflow generation. While expanding
the candidate function set does not meaningfully enhance
selection accuracy, it compromises syntactic and execu-
tion correctness. In contrast, systematic approaches like Ac-
tion Engine offer a more structured and reliable alternative,
ensuring syntactically correct and executable workflows.
These methods are better suited for applications requiring
strict correctness and scalability in handling complex exe-
cution requirements.

6.3.4. Parameter Accuracy

To confirm the validity of our results, we conducted
an ablation study to further investigate the robustness of
dependency predictions. Specifically, we focused on Data
Dependency Accuracy to assess how well different methods
capture dependencies under controlled conditions. Our anal-
ysis revealed that the dataset contains multiple valid solution
paths, which can introduce inconsistencies in evaluation and
affect the robustness of reported accuracy scores. To mitigate
this issue and isolate the true effectiveness of different meth-
ods, we performed an additional evaluation by providing the
ground truth function set to the three highest-performing
methods: FewShot (GPT-40), FewShot CoT (GPT-40), and
Action Engine.

By constraining function selection to the predefined
ground truth and evaluating only the ability to identify
correct data dependencies (Figure 8), we observed a nearly
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Figure 8: Data dependency F1 scores across the top three
methods (FewShot, FewShot CoT, and Action Engine) after
constraining function selection to the ground truth function
set.

threefold increase in accuracy across all methods. This sig-
nificant improvement underscores the critical role of accu-
rate function selection in workflow evaluation. However,
despite the absolute increase in accuracy, the overall ranking
of methods remained unchanged, reinforcing the credibility
of our primary findings.

7. Limitation and Future work

Despite the Action Engine’s ability to generate relatively
accurate FaaS workflows while achieving language/platform
neutralization, there remains a non-negligible likelihood of
inaccurate topological features, emphasizing the importance
of further improving accuracy and reliability. As such, we
consider the current version of Action Engine as an “assis-
tant” to cloud developers that, in practice, can significantly
reduce the lead time required to generate FaaS workflows.
However, developer intervention and verification remain
essential to ensure workflow correctness and optimal exe-
cution. Common situations where such oversight is critical
include incorrect workflow structures, misaligned data de-
pendencies, and incorrect function selections, each of which
can compromise workflow integrity and efficiency.

Since this work focuses exclusively on workflow gener-
ation performance, we do not evaluate the performance of
workflow execution, as it is highly dependent on the specific
workflow orchestrator and FaaS runtime environment used.
Incorporating such execution-level performance analysis is
considered out of the scope of this study.

To mitigate these limitations and move toward more
autonomous and reliable workflow generation, we propose
several future enhancements. First, we hypothesize that en-
hancing data dependency, currently the primary bottleneck,
can significantly improve the accuracy of workflow genera-
tion. Additionally, integrating LLM-generated test cases into
the post-generation validation process offers a promising
avenue. These test cases can automatically detect and correct
structural flaws and inconsistencies in data flow, supporting
both correctness verification and performance profiling.

Building on this foundation, we envision an automated
feedback loop where LLMs not only validate workflows
but also generate targeted test scenarios and automatically

correct or improve the workflow. This integration would ad-
dress broader software development needs, including perfor-
mance, efficiency, and scalability. Furthermore, we plan to
incorporate formal reliability guarantees into the generation
process [36], enhancing trust in the robustness and resilience
of workflows across diverse and potentially uncertain FaaS
environments.

To further support real-world applicability, integrat-
ing Action Engine into a FaaS workflow orchestrator on
industry-standard cloud platforms (e.g., AWS Step Func-
tions [2] or Google Cloud Composer [7]), a new compiler
needs to be implemented. Moreover, FaaS continues to face
inherent challenges related to managing intermediate data.
Specifically, functions might need to store intermediate data
in cloud storage (e.g., AWS S3 [9]). Rather than passing
the actual data, which may be infeasible due to data size
limitations, functions return a reference to the stored data
(e.g., a URL to S3). As a result, downstream functions must
be aware of this practice and capable of retrieving data using
these references. This issue may add more complexity for the
LLM to recognize and correctly map the data dependency.

Lastly, the Action Engine’s reliance on GPT4o for key
decisions like function selection and data dependency man-
agement introduces variability when considering alternative
LLMs. In particular, open-source models may require signif-
icant prompt engineering or tuning to match the performance
of proprietary models, due to differences in model size and
training approaches (e.g., raw, instruct, or chat-optimized).

8. Conclusion

This research presents Action Engine, a novel system
that leverages tool-augmented LLMs for automatic FaaS
workflow generation. By integrating function selection, data
dependency management, and structured workflow execu-
tion, Action Engine significantly reduces the need for man-
ual intervention and specialized expertise, making FaaS-
based application development more accessible and effi-
cient.

Our evaluations demonstrate that Action Engine achieves
comparable performance to few-shot learning methods,
while maintaining a language and platform-independent
design. Through rigorous benchmarking, we highlight key
factors that influence workflow generation accuracy, in-
cluding dataset ambiguity, function repository quality, and
evaluation methodology limitations. Notably, our findings
underscore the need for evaluation frameworks that account
for multiple valid solutions, rather than relying solely on a
rigid and binary topological correctness workflow.
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A. Additional Information of Action Engine
A.1. Task Planner Prompt Template

Figure 9: The prompt used in Task Planner to divide a user-provided query into actionable sub-tasks.

SYSTEM_PROMPT = f'''
Instruction:
User Request: {user_query}

Given a user request. Your goal is to divide the user request into subtasks if the user request
is a compound workload and extract information.

Let's think step by step.

Each subtask will be converted to an API in the next step. Please divide the given user request
into the smallest executable subtasks.

Each subtask needs to be precise and well descriptive.

Below are examples of user requests and the divided subtasks:

Example 1:
User Request: "Can you add the song 'Imagine' by John Lennon to Jenny's 'Chill Vibes' playlist?"
{{'Tasks': [
a8
"subtask_number": 1,
"subtask_description': "Convert the username 'Jenny' to a user ID using the
UserName2ID API."
h
{{
"subtask_number": 2,
"subtask_description": "Convert the playlist name 'Chill Vibes' to a playlist ID
using the PlaylistName2ID API."
h
{{
"subtask_number": 3,
"subtask_description": "Add the song 'Imagine' by John Lennon to the playlist using
the AddSongToPlaylist API, providing the user ID and playlist ID."
1
]
I3
Example 2:
Example 3: ...

You must only generate the Answer. Your answer must be in JSON format.
Your Answer format must start with """ “json" and end with "™ ",

USER_PROMPT = f"""
Answer:
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A.2. Function Selector Prompt Template

Figure 10: The prompt used in Func Selector to select the most aligned function to a subtask description from candidate functions.

SYSTEM_PROMPT = f''!'
Instruction:
Objective: {user_query},
Subtask: {task_list[i]},
Available APIs: {extracted_data}

Given a Subtask, and Available APIs'.

Your task:

1. Select one API from available APIs that is most suitable for the given subtask.

2. Extract the information of "subtask_number", "subtask_description", and "selected_API_name".
Please compare given subtask_description and API information carefully and select an API.

You must select one API that is the most closest, so please make sure that one API is selected
from the given available APIs.

Below are examples of output format:

Example 1:
{{
"Task_Apis": [
{{
"subtask_number": [extracted subtask number herel,
"subtask_description": [extracted subtask description herel,
"selected_API_name": [extracted selected API name here]

3
M

You must only generate the Answer. Your answer must be in JSON format.
Your Answer format must start with """ “json" and end with """,

USER_PROMPT = f"""
Answer:"""

B. Additional Information for Experiments
B.1. Zero-Shot and Zero-Shot CoT Prompt Templates
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Figure 11: The Zero-Shot (a) and Zero-Shot-CoT (b) prompt templates used in evaluations: In CoT prompt (b), the phrase "let's
think step-by-step" is added.

(a) Zero-Shot Prompt Template

SYSTEM_PROMPT = f'"'!'
Your task is to create Argo HTTP DAG workflows in YAML format based on user queries
and available API information.

Follow these specific guidelines when generating the YAML file:
1. For each parameter in the workflow:
- If the parameter value is dependent on the result of another API, use the format:

*{{{{ tasks.<dependency API name>.result }}}}'.
Example:
T yaml
- name: weather
value: '{{{{ tasks.checkweather.result }}}}'

- If the parameter value is independent and comes from user input, use the format:
“{{{{ inputs.parameters.<parameter name> }}}}'.
Example:
“yaml
— name: occasion
value: '{{{{ inputs.parameters.occasion }}}}'

2. Ensure the workflow is generated in a valid Argo YAML format without any additional text.

USER_PROMPT = f"""
User Query: {query}
APIs: {topk_functions}
Please generate the Argo HTTP DAG workflows in YAML format:

(b) Zero-Shot-CoT Prompt Template

SYSTEM_PROMPT = f'''
Your task is to create Argo HTTP DAG workflows in YAML format based on user queries
and available API information.

Follow these specific guidelines when generating the YAML file:
1. For each parameter in the workflow:
— If the parameter value is dependent on the result of another API, use the format:

*{{{{ tasks.<dependency API name>.result }}}} .
Example:
T yaml
- name: weather
value: '{{{{ tasks.checkweather.result }}}}'

— If the parameter value is independent and comes from user input, use the format:
“{{{{ inputs.parameters.<parameter name> }}}}'.
Example:
" yaml
- name: occasion
value: '{{{{ inputs.parameters.occasion }}}}'

2. Ensure the workflow is generated in a valid Argo YAML format without any additional text.

USER_PROMPT = f"""
User Query: {query}
APIs: {topk_functions}
Please generate the Argo HTTP DAG workflows in YAML format, let's think step by step:
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B.2. Few-Shot and Few-Shot CoT Prompt Templates

Figure 12: Both Few-Shot and Few-Shot-CoT prompts templates used in evaluations follow the same structure with Zero-Shot
and Zero-Shot-CoT format, respectively, with Few-Shot and Few-Shot-CoT incorporating an additional example of Argo Workflow

generation demonstrations shown below.

SYSTEM_PROMPT = f'''
Your task is ... (Same system prompt as Zero-Shot)

Here are some examples of queries and the corresponding workflows:
Example 1:
User Query: 'sarah_wilson' wants to reserve the book 'Moby-Dick'.
Start from September 12th to September 26th.
Output:
apiVersion: argoproj.io/vlalphal
kind: Workflow
metadata:
generateName: dependency-workflow-22-
spec:
entrypoint: main
templates:
- name: main
dag:
tasks:
— name: username2email
template: username2email
dependencies:
- title2isbn
arguments:
parameters:
— name: username
value: '{{ inputs.parameters.username }}'
— name: title2isbn
template: title2isbn
arguments:
parameters:
- name: title
value: '{{ inputs.parameters.title }}'
- name: reservebook
template: reservebook
dependencies:
— username2email
arguments:
parameters:
— name: user_email
value: '{{ tasks.username2email.result }}'
- name: ISBN
value: '{{ tasks.title2isbn.result }}'
- name: start_date
value: '{{ inputs.parameters.start_date }}'
- name: end_date
value: '{{ inputs.parameters.end_date }}'

Example 2:
User Query: ... (More example details here)
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