
Spec2FaaS: Using AI Agents for Autonomous
Serverless Function Development and Deployment

Martina Lupini
Tor Vergata University of Rome

Italy
martina.lupini@alumni.uniroma2.eu

Gabriele Russo Russo
University of Rome Tor Vergata

Italy
russo.russo@ing.uniroma2.it

Valeria Cardellini
Tor Vergata University of Rome

Italy
cardellini@ing.uniroma2.it

Abstract
The Function-as-a-Service (FaaS) serverless paradigm is in-
creasingly popular, allowing users to focus on application
development and abstracting away operational aspects (e.g.,
auto-scaling), which are automatically managed by the un-
derlying platform. The advent of Large Language Models
(LLMs) capable of code generation raises the question of
whether FaaS can be extended further to abstract away the
coding effort from users as well. Although recent studies
have investigated the use of LLMs for function generation
and deployment, they do not provide an end-to-end pipeline
spanning from user requirements to function deployment.

To fill this gap, this paper introduces a novel multi-agent
system, Spec2FaaS, that autonomously turns natural lan-
guage specifications into validated deployment on an open-
source FaaS platform. Spec2FaaS decomposes development
into specialized agents for code generation, test synthesis,
execution, debugging, and deployment, enabling fully auto-
mated and self-correcting function development. Evaluated
on the HumanEval+ benchmark, Spec2FaaS achieves com-
petitive performance, demonstrating that fully autonomous,
end-to-end serverless engineering is feasible and promis-
ing, with 90% of the functions successfully deployed and
executed.
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1 Introduction
The Function-as-a-Service (FaaS) paradigm has been reshap-
ing the way cloud-native applications are designed and de-
ployed [14]. By decoupling application logic from infrastruc-
ture management, FaaS enables developers to focus exclu-
sively on implementing stateless functions while delegating
operational concerns – such as resource provisioning, auto-
scaling, fault tolerance, and monitoring – to the underlying
serverless platform. FaaS significantly reduces operational
complexity and accelerates development cycles, while also
enabling fine-grained pricing and seamless scalability. As a
result, FaaS has gained widespread adoption across domains
ranging from data processing pipelines to Internet-of-Things
backends and real-time analytics [2, 6].

Despite these advances, the serverless model still presup-
poses that users possess the expertise required to design,
implement, and optimize application logic. While infrastruc-
ture management is abstracted away, the burden of coding,
debugging, and maintaining functions remains firmly in the
hands of developers. This requirement can represent a non-
trivial barrier, particularly for domain experts whose primary
competencies lie outside software engineering. The recent
emergence of Large Language Models (LLMs) with advanced
code-generation capabilities introduces a compelling new
dimension to this landscape. Beyond conversational appli-
cations, these models have demonstrated strong capabilities
in program synthesis, code completion, refactoring, and bug
fixing [8]. As a result, LLMs are increasingly used as cod-
ing assistants that translate high-level specifications into
executable source code [1, 10, 21].

Early research primarily focused on improving standalone
LLM-based code generation through prompt engineering,
automatic correction and repair mechanisms. More recently,
attention has shifted toward AI agents [20], software entities
that leverage LLMs as reasoning cores while incorporating
planning, memory, and tool invocation capabilities. By en-
abling interaction with external environments, agents extend
LLM-based generation into action-oriented workflows. Typi-
cally, AI agents are designed to perform simple, well-defined
tasks. To address more complex problems, multi-agent sys-
tems have emerged. These systems orchestrate multiple spe-
cialized agents that collaborate toward a shared objective,
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decomposing complex processes into modular, role-driven
subtasks. This paradigm has been adopted in recent work
to construct automated code generation pipelines in which
distinct agents emulate software development roles such as
coding, testing, and debugging (e.g., [10, 18]).
Recent studies (e.g., [1, 21, 22]) have explored the use of

LLMs to generate serverless functions. However, these works
usually rely on a single LLM and do not use standardized
datasets for evaluation. Moreover, while LLMs are used to au-
tomate code generation, function deployment is usually not
handled by the LLM and left to the user. As a consequence,
the transition from LLM-generated code to fully tested and
autonomously deployed production-ready serverless func-
tions remains unaddressed.
The goal of this study is to bridge this gap by proposing

and evaluating a multi-agent system, called Spec2FaaS, that
automates the full pipeline from specification to deployment
on a FaaS platform. The system is built on a multi-agent
architecture orchestrated through AutoGen [16]. Spec2FaaS
incorporates an iterative self-debugging loop in which gen-
erated code is automatically executed against synthesized
tests and refined until correctness criteria are met. More-
over, unlike prior works that restrict agentic systems to func-
tion synthesis, Spec2FaaS extends agent autonomy to the
deployment phase. Deployment is handled end-to-end by
a dedicated agent that automatically determines execution
parameters such as CPU and memory allocation and triggers
the deployment in Serverledge [19], an open-source FaaS
framework, without human intervention.

The system is extensively evaluated using theHumanEval+
benchmark1, with particular emphasis on code correctness,
deployment success rate and the ability of Spec2FaaS to
automatically test and fix code. This evaluation provides
empirical evidence of the feasibility of fully autonomous
serverless lifecycle management, while also highlighting lim-
itations, especially as regards the generation of meaningful
and accurate tests, which remains a challenging task that
can negatively impact the accuracy of the whole system.

Our key contributions can be summarized as follows:

• We design a multi-agent architecture, Spec2FaaS, for
the autonomous generation, testing, and deployment
of serverless functions (Sec. 3);

• We implement Spec2FaaS on top of AutoGen and in-
tegrate it with Serverledge for automated function
deployment (Sec. 4);

• Weevaluate Spec2FaaS onHumanEval+, an established
public dataset for code generation, assessing both the
accuracy and the computational cost of our approach
(Sec. 5).

1https://evalplus.github.io/

2 Related Work
Recent advances in LLMs have revolutionized automated
code generation, enabling systems to produce syntactically
correct and semantically meaningful source code directly
from natural language specifications. The opportunities and
challenges of LLM-based code generation have been the
subject of several research works in the last couple of years,
as recently surveyed in [11].

Many studies leveraged prompt engineering to enable iter-
ative and self-improving code generation. Self-Debugging [4]
allows an LLM to iteratively debug its own generated code
by producing explanations or reasoning over sample inputs
and using the resulting feedback, either self-generated or
test-based, to refine the solution, achieving 73.78% pass@1
on the HumanEval benchmark. Here, pass@1 represents the
proportion of problems solved correctly by the model’s final
refined output across a single evaluation run. SelfEvolve [12]
separates code generation and correction into two phases,
where example tests provided in the function description are
executed and their outputs used as feedback to iteratively
refine the code, achieving a higher performance of 78.05%
pass@1 on HumanEval. OpenCodeInterpreter [25] adopts
an iterative process where code is tested after generation
and then revised based on execution results. Beyond auto-
mated testing, it also relies on synthetic human feedback to
guide the correction process. CodeCoT [9] integrates Chain-
of-Thought reasoning with execution-based self-correction,
obtaining 79.3% pass@1 on HumanEval. This approach relies
on executing the generated code to iteratively refine it, which,
while effective, introduces potential security risks when func-
tions are run in a local environment. Furthermore, the con-
current production of code and test cases may result in sub-
optimal code generation, LLM’s attention is split between
two distinct tasks, potentially diminishing its effectiveness in
both. Finally, Self-Edit [24] employs a trained fault-aware ed-
itor that refines generated code based on execution-derived
textual feedback.
Beyond individual models, recent approaches have ex-

plored agentic AI systems to support code generation. For
example, AgentCoder [10] is a multi-agent framework com-
prising programmer, test designer, and test executor agents
that iteratively generate, test, and refine code through ex-
ecution feedback. It reaches 91.5% pass@1 with GPT-4 on
HumanEval, although it also relies on code execution in a lo-
cal environment. ChatDev [18] employs 7 specialized agents
coordinating via multi-turn natural language dialogues and
a chat-chain workflow, with a dehallucination mechanism
to reduce coding errors. In contrast, the Self-Collaboration
model [5] organizes analyst, coder, and tester agents in a
waterfall-style pipeline with feedback loops where the tester
can report issues back to the coder for correction. The agents

https://evalplus.github.io/
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interact using natural language, and coordination is achieved
via a shared workspace that stores intermediate artifacts
such as plans and code. Notably, the code is never actually
executed, but only evaluated by the tester. Other signifi-
cant frameworks include MetaGPT [7], which simulates the
full software development lifecycle through five role-based
agents (Product Manager, Architect, Engineer, and QA En-
gineer). The Engineer iteratively tests, debugs, and refines
the code based on the test cases designed by the QA Engi-
neer, until all tests pass or a maximum number of iterations
is reached. The framework achieves 87.7% accuracy on Hu-
manEval. Finally, the RGD framework [13] leverages three
specialized LLMs (Guide, Debug, Feedback) with execution-
based refinement and memory reuse of past successful gen-
erations, obtaining 97.6% pass@1 on HumanEval. Despite
these advancements, a common limitation remains: all the
analyzed works rely on ad hoc solutions rather than using
existing agent orchestration frameworks.
Experimental studies have recently begun to explore the

potential of combining AI-driven code generation with FaaS
architectures. In LLM4FaaS [21], users express desired func-
tionality through natural language, which is translated into
executable serverless functions by an LLM and deployed on
a FaaS platform. The architecture consists of three main com-
ponents: an LLM for code generation, a FaaS platform for
execution and management, and an intermediate bridge that
orchestrates the interaction between the two. The LLM-FaaS
bridge is equipped with a prompt constructor for the LLM and
a function deployer for the function deployment. Instead of
relying on an established benchmark, the evaluation is based
on a custom dataset obtained through a questionnaire, in
which the participants described how a smart home system
should perform a set of automation tasks of increasing diffi-
culty. Generated functions are evaluated in terms of syntactic
correctness, defined as successful execution without runtime
errors, and semantic correctness, measured by passing prede-
fined test cases. The study does not incorporate iterative re-
finement or debugging feedback. Another study [1] examines
the ability of LLMs to generate serverless functions compara-
ble to human-written code. By regenerating functions from
open-source projects using various prompt configurations
(e.g., README-based zero-shot vs. architectural few-shot),
the study found that models like DeepSeek-Coder-V2 and
GPT-4 achieve an 80% pass rate. However, unlike the work
presented in this paper, this approach relies on automati-
cally constructed technical prompts and lacks automated
deployment or self-improvement mechanisms. Interestingly,
ReFaaS [22] shifts the focus to energy debt by using LLMs
to translate serverless functions into more energy-efficient
programming languages. Its translation pipeline comprises
generation, build, and testing phases, each equipped with
verification and recoverymechanisms to address compilation

Table 1: Comparison of relevant related works.

Co
rr
ec
tio

n
m
ec
ha
ni
sm

Co
de

ex
ec
ut
io
n

D
o c
ke
rc

od
e
ex
ec
ut
io
n

Te
st
ge
ne
ra
tio

n

H
um

an
in
te
rv
en
tio

n
ne
ed
ed

D
ep
lo
ym

en
t(
Fa
aS
)

M
ul
tip

le
LL

M

M
ul
ti
ag
en
t

Self-Debugging [4] ✓ ✓ ? ✗ ✓ ✗ ✗ ✗

SelfEvolve [12] ✓ ✓ ? ✗ ✓ ✗ ✗ ✗

OpenCodeInterpreter [25] ✓ ✓ ? ✗ ✓ ✗ ✗ ✗

CodeCoT [9] ✓ ✓ ? ✓ ✗ ✗ ✗ ✗

SelfEdit [24] ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✗

AgentCoder [10] ✓ ✓ ✗ ✓ ✗ ✗ ✓ ✓

ChatDev [18] ✓ ? ? ? ✗ ✗ ✓ ✓

Self-Collaboration [5] ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✓

MetaGPT [7] ✓ ✓ ? ✓ ✗ ✗ ✓ ✓

RGD [13] ✓ ✓ ? ✗ ✗ ✗ ✓ ✓

LLM4FaaS [21] ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Automatic Serverless Generation [1] ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗

ReFaaS [22] ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✗

Spec2FaaS ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓
Note. ? indicates that the feature is not explicitly stated in the paper.

and logical errors. While it verifies behavioral equivalence
between implementations (e.g., Python to Go), it requires
user-provided test inputs rather than generating them auto-
matically.

Table 1 provides a summary of relevant related works and
compares them with our proposed Spec2FaaS system.

3 System Design
In this section, we present the architecture of Spec2FaaS.
It is made up of seven specialized agents, each responsible
for a specific task and interacting with each other to com-
plete the function generation and deployment workflow. The
system is designed with a hierarchical structure, where su-
pervisor agents orchestrate and control the activation of
subsequent steps in the workflow. The agents in Spec2FaaS
interact through well-defined, synchronous, point-to-point
messages. Nevertheless, the system remains flexible and scal-
able, as agents can be added or removed with minimal impact
on its overall behavior, requiring only limited adjustments
to the message-passing logic. Despite synchronous commu-
nication, the workflow does not follow a fully deterministic
execution path: while the ordering of steps is fixed, the actual
sequence of executed steps depends on the outputs gener-
ated by the LLMs and on the outcomes of code execution
and tool invocation, as explained in the following.
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Figure 1: Architecture of Spec2FaaS.

Figure 1 illustrates the overall architecture of Spec2FaaS.
Each agent in Spec2FaaS is built around two essential ele-
ments: (i) a LLM acting as the “brain” of the agent, and (ii) one
or more message handlers, which are dedicated methods that
handle a particular type of message and enable interaction
among agents. Each agent is associated with its own LLM
instance, independent of those used by other agents. The
LLM leverages a system prompt based on role prompting to
assign the agent’s specific role and tasks (e.g., generating
code or debugging).
Depending on its assigned role, each agent may also be

equipped with additional capabilities, such as:

• Tools: agents can exploit tool calling to interact with
external systems/tools (e.g., FaaS Deployer Agent uses
tools to deploy generated functions);

• Code Execution Capabilities: agents, such as the
Test Executor, possess execution capabilities (e.g., Docker-
based) to run generated code;

• Retrieval Augmented Generation (RAG): to handle
high-level specifications and domain-specific knowl-
edge, for example, the Entry Point Agent utilizes RAG
to query local documentation or architectural patterns.

By decoupling the LLM instance from the agent toolset,
Spec2FaaS achieves a highly modular design. In the follow-
ing, we describe the role and capabilities of each agent in
detail.

3.1 Assistant Agent
The Assistant Agent is the entry point of the system. It re-
ceives the prompt from the user and analyzes it in order to
decide what is the next step to take. Three outcomes are
possible:

• The prompt is unclear : in this case, the Assistant asks
the user for more information or clarification.

• The prompt contains the source code of a function al-
ready implemented: in this case, the Assistant directly
forwards the code to the FaaS Deployer Agent for de-
ployment.

• The prompt contains a natural-language specification
of a function. If the specification is provided in a lan-
guage other than English, the Assistant translates it
before passing the task in a message to the Entry Point
Agent to initiate the coding process. The translation
of the specification into English is motivated by the
fact that LLMs are mainly trained on English-language
corpora. Therefore, by standardizing the input in Eng-
lish at the start of the pipeline, Spec2FaaS increases
the likelihood of generating higher-quality code.

3.2 Entry Point Agent
The Entry Point Agent is the first agent in the coding work-
flow and the only coding agent that interacts with agents
outside of the code–generation subsystem. In particular, it
communicates with the Assistant Agent by receiving the
translated specification and returning the generated func-
tion once completed.

The Entry Point Agent performs four main tasks:
(1) leveraging RAG, it searches for relevant pseudocode

snippets that can be useful to implement the requested
function;

(2) it defines the signature of the function to be imple-
mented. This step is crucial, as the same signature
must be used consistently by the Coder Agent and the
Test Designer Agent to ensure coherence between the
generated code and the corresponding test suite;
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(3) it forwards a message to the Coder Agent and the
Test Designer Agent, containing the selected function
signature together with any retrieved pseudocode snip-
pets, that will later be included as memory context in
their prompts;

(4) after the code generation process is complete, the Entry
Point Agent returns the final outcome to the Assistant
Agent (i.e., either the generated function or an error
message).

3.3 Coder Agent
The Coder Agent is responsible for the fundamental task of
generating the code of the function given its specification,
signature, and additional contextual information retrieved
from memory. The memory context retrieved during the
Entry Point execution phase is injected into the prompt prior
to invoking the LLM, allowing the agent to decide whether
and to what extent such context should be incorporated into
the generated code. Once the function has been generated,
the Coder Agent forwards the resulting code to the Test
Executor Agent by issuing a new message containing the
implementation.

3.4 Test Designer Agent
The Test Designer Agent is responsible for constructing a
test suite for the target function. Based on the function spec-
ification, its signature, and the retrieved memory context,
the agent generates a set of black-box tests, each expressed
in the following form:
assert function_name(input) == expected_output, ’Test Case

<number>: Description’

where the description consists of a brief explanation of
the test case. Note that we do not provide the agent with
the implementation of the function under test. This ensures
that the Test Designer Agent focuses exclusively on the ex-
pected external behavior, rather than on (possibly mislead-
ing) implementation details. This design choice promotes
specification-driven testing with the goal of increasing the
robustness of the generated test cases.

Once the test suite has been generated, the Test Designer
Agent sends a new message to the Test Executor Agent,
containing the generated tests.

3.5 Test Executor Agent
The Test Executor Agent checks the correctness of the func-
tion generated by the Coder Agent by running it against
the test suite produced by the Test Designer Agent. After
the code execution, the Test Executor Agent analyzes the
resulting output. If any Error is detected, the function is
considered incorrect; otherwise, it is correct and the final
implementation of the function goes back to the Entry Point

Agent. When an error occurs, the Test Executor Agent sends
a message to the Debugger Agent, including the function
specification, the current implementation, and the reported
error. It then waits for a response containing the revised
code. Once the debugged version of the code is received, the
Test Executor Agent runs it again against the same tests. If
the tests fail, the debugging process is repeated. This loop
continues until the function passes all tests or the maximum
number of attempts (i.e., 10 in our study) is reached.

3.6 Debugger Agent
As the name suggests, the Debugger Agent’s task is fixing
the code that fails the test suite. Based on the function specifi-
cation, the function implementation, and the reported error,
the Debugger Agent analyzes the failure and produces a
corrected version of the code. Once the debugging step is
completed, the updated implementation is returned to the
Test Executor Agent.

For each function, the Debugger Agent keeps a record of
previous debugging iterations, including which tests failed
and the corresponding fixes that were applied. This informa-
tion is used in subsequent iterations to guide the debugging
process and avoid repeating the same errors.

3.7 FaaS Deployer Agent
The FaaS Deployer Agent plays a central role in the system,
as it is responsible for deploying the generated function onto
the target FaaS platform. As already mentioned, we chose to
use Serverledge as the target framework in this study, but the
design of Spec2FaaS is general enough to support alternative
frameworks as well.

To perform the deployment task, the FaaS Deployer Agent
relies on the create_json_serverledge tool that we devel-
oped. This tool is implemented as a Python function that
essentially wraps a HTTP API call towards Serverledge end-
point to register a new function. The tool takes the following
input parameters, which are then forwared to Serverledge:

• code: source code of the function to be deployed;
• name: name of the function (it has to be globally unique
in Serverledge);

• runtime: function container runtime (i.e. Python 3.10);
• memoryMB: amount of memory, in MB, reserved to each
function instance;

• CPUDemand: number of CPU cores (or fractions of) al-
located to each function instance.

The arguments passed to the tool are dynamically selected
by the FaaS Deployer Agent at invocation time, allowing
the deployment configuration to be tailored to the type and
behavior of the function being deployed.

The FaaS Deployer Agent receives messages from the As-
sistant Agent that exclusively contain the source code of the
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function to be deployed. Upon arrival of a message, the agent
first adds a handler to the source code that wraps the actual
function and adheres to the function signature expected by
Serverledge. Then, the agent calls the deployment tool and
the output is incorporated into the LLM prompt and fed back
to the model.
Based on the deployment outcome, the FaaS Deployer

Agent determines the next step in the control flow: it may
either terminate the deployment process upon a successful
deployment, or re-invoke the tool to resolve issues, such as
naming conflicts or resource allocation errors. Once its task
is completed, the FaaS Deployer Agent returns a message to
the Assistant Agent, containing the outcome of the deploy-
ment process, the names of the function arguments, or an
error message if the deployment process did not complete
successfully.

4 Implementation
We implemented Spec2FaaS2 relying on AutoGen [16, 17] for
orchestration. AutoGen is a multi-agent framework based
on event-driven communication, where agents interact ex-
clusively through structured message exchange. Message
routing and delivery are managed by a runtime layer with-
out imposing a centralized control logic.
Among the several orchestration frameworks available

(e.g., LangGraph, CrewAI), we selected AutoGen because it
enables emergent orchestration: the coordination of tasks
arises dynamically from inter-agent communication rather
than from a predefined procedural workflow. The system
behavior is therefore shaped by the conversational exchanges
among agents, making the coordination processmore flexible
and conceptually closer to human collaborative problem-
solving.

Moreover, AutoGen promotes high modularity: each agent
is implemented as an autonomous unit, with its own logic
and message handlers. This design makes the system easily
extensible or reducible, as agents can be added, modified, or
removed without affecting the overall orchestration mecha-
nism. Such architectural decoupling was essential to support
the iterative refinement loops required for code generation
and to enable future extensions of the Spec2FaaS architecture
with additional specialized roles.

4.1 Integration with Serverledge
The target FaaS platform for this paper is Serverledge [19].
Unlike traditional cloud-centric FaaS platforms (e.g., Apache
OpenWhisk, OpenFaaS), Serverledge is designed for the edge-
cloud continuum and adopts a fully decentralized architec-
ture. This design allows function invocation requests to be

2https://github.com/martinalupini/Spec2Faas

served at the edge or dynamically offloaded, either horizon-
tally to neighboring edge nodes or vertically to cloud nodes,
based on real-time resource availability and latency require-
ments.

It is worth noting that while Serverledge was selected for
its native edge-cloud orientation, the modular architecture
of Spec2FaaS ensures that the underlying FaaS platform can
be seamlessly replaced with alternative FaaS frameworks by
simply updating the FaaS Deployer Agent.

The integration of Spec2FaaS and Serverledgewas straight-
forward, as we only had to implement the aforementioned
create_json_serverledge tool for the FaaSDeployer Agent.
The tool is just a Python script wrapping an HTTP API call
to Serverledge.

5 Experimental Evaluation
We perform a set of experiments to evaluate Spec2FaaS and
the agent it comprises. Specifically, we aim to answer the
following key questions:

Q1 To what extent is the Coder Agent capable of gener-
ating functionally correct functions?

Q2 Are the tests generated by the Test Designer Agent
accurate?

Q3 Is the self-improving mechanism effective in correct-
ing generated code?

Q4 Does the FaaS Deployer Agent reliably deploy func-
tionally correct code to the target serverless environ-
ment?

Q5 Can Spec2FaaS successfully deploy and correctly ex-
ecute the generated functions?

Q6 What proportion of deployed and executed functions
are actually correct?

Q7 How does the system perform in terms of token usage
and computational costs?

5.1 Experimental Setup
5.1.1 Dataset. For evaluation, we used theHumanEval+ [15]
dataset, which has become the de facto benchmark for as-
sessing LLMs coding abilities. The dataset consists of 164
human-written Python functions. Each entry includes a nat-
ural language specification, a function signature, a reference
human-written implementation, and an extensive test suite
(on average 764 tests per function), allowing for a rigorous
validation of the code.

5.1.2 Models. We considered different LLMmodels for com-
parison. The selection of the LLMs was based on two main
criteria: whether the model is open-weight or proprietary,
and whether it is a general-purpose model or specifically
designed for code-related tasks. The LLMs we selected are
reported in Table 2. Among them, Gemini models were used
through the APIs provided by Google, whereas the other

https://github.com/martinalupini/Spec2Faas
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models, alongside the other Spec2FaaS components, were de-
ployed on a local server equipped with a NVIDIA RTX 4000
GPU.

5.1.3 Experimental Workflow. Except for the evaluation of
the complete system, agents are tested in isolation to observe
their behavior without the influence of other components.
This choice ismotivated by the nature ofmulti-agent systems,
where agents are strongly interconnected and failures are
often difficult to trace back to a single source.
Moreover, for the experimental evaluation, RAG is not

enabled. Although it would have been possible to inspect the
functions contained in the dataset and manually construct
auxiliary pseudocode to be used as retrievable context, this
approach was deliberately avoided. Injecting handcrafted
pseudocode could have biased the evaluation by partially
encoding solution-specific information, thereby reducing the
ability to assess the agents’ standalone reasoning and code
generation capabilities. For this reason, the experiments are
conductedwithout retrieval, focusing on the agents’ behavior
when operating solely on the input specification.

5.2 Results
5.2.1 Q1: To what extent is the Coder Agent capable of gen-
erating functionally correct functions? We first evaluate the
ability of the Coder Agent to generate functions that are cor-
rect from both a syntactic and semantic perspective, i.e., the
generated function runs without errors and behaves as re-
quired by the specification. In this experiment, performance
is evaluated using pass@1 [3], a standard metric commonly
adopted in the code generation literature, which denotes the
probability of the model output being correct after a single
generation attempt.

The results, illustrated in Figure 2, show that Gemini Pro
2.5 achieves the highest pass@1 score (0.96), correspond-
ing to 158 correctly generated functions. It is followed by
Qwen 2.5 Coder (32B), which obtains a pass@1 of 0.87, mean-
ing that 142 functions are implemented correctly. No other
model matches the performance of Gemini Pro 2.5. However,
several open-weight LLMs, such as Qwen 2.5 Coder (32B)
and Qwen 3, outperform Gemini Flash 2.0, whose results are
comparable to those of Qwen 2.5 Coder (7B). Overall, within
the scope of this experiment, open-weight LLMs prove to be
competitive with proprietary models that do not represent
the current state of the art.
Because of the non-determinism of LLMs in replying to

identical requests, we also verified the impact of such vari-
ability on the observed results. To do so, we performed inde-
pendent runs of the samemodel under identical experimental
settings. Specifically, the experiment presented above was
repeated 20 times using Deepseek Coder V2 as the Coder
Agent, which was selected due to its low inference latency.
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Figure 2: Comparison of different LLMs as the reason-
ing component of the Coder Agent.

As shown in Table 3, all the metrics of interest (i.e., gen-
erated tokens and inference time in addition to pass@1)
demonstrate remarkably low variability. Given the observed
stability across repeated executions, the differences reported
between models in the experiments are unlikely to be driven
by random fluctuations, but rather reflect systematic differ-
ences in model capabilities and behavior under the proposed
experimental setup. For this reason, given the significant
costs and inference times that replicating all the experiments
would require, we will consider single inference attempts in
the rest of this section.

5.2.2 Q2: Are the tests generated by the Test Designer Agent
accurate? This question examines the ability of the Test De-
signer Agent to produce accurate tests based on a function
specification. A test is considered inaccurate if it violates the
specification, is malformed, or does not correctly reflect the
intended behavior of the function. Test accuracy is evalu-
ated by executing the generated tests against the canonical
solution provided in the dataset, which is assumed correct.
We again consider pass@1 as the key metric in this ex-

periment. As reported in Fig. 3, all the LLMs we initially
selected (see Table 2) exhibit lower accuracy than expected,
with the best performance achieved by Qwen3 with a pass@1
value of 0.74, and several models not reaching 0.5. To further
analyze these results, we compared them to those reported
in AgentCoder [10] (summarized in Table 4). We note that
our observations are in line with their results. In fact, the
Qwen3 model used in this experiment is the 8B-parameter
version, which exhibits lower performance compared to the
largest 235B-parameter variant. The latter has been shown
to achieve performance comparable to, or even exceeding,
that of powerful proprietary LLMs, as reported in the official
Qwen3 technical report [23].
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Table 2: Overview of the selected LLMs.

Model Company Parameters Size Context Input
Deepseek Coder V2 Deepseek 16B >8.9GB 160K Text
Gemini 2.0 Flash Google - - 1M Multimodal
Gemini 2.5 Pro Google - - 1M Multimodal
Qwen 3 Alibaba Cloud 8B 5.2GB 40K Text
Qwen 2.5 Coder 32:b Alibaba Cloud 32B 20GB 32K Text
Qwen 2.5 Coder Alibaba Cloud 7B 4.7GB 32K Text

Table 3: Standard deviation and coefficient of variation
(CV) of key evaluation metrics across 20 independent
runs of the experiment related to Q1 using Deepseek
Coder V2 as the Coder Agent.

Metric Std. Dev. CV
Pass@1 0.015 2.14
Tokens 2.509 0.61
Inference Time (s) 0.031 2.46
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Figure 3: Comparison of different LLMs as the reason-
ing component of the Test Designer Agent, evaluated
using the pass@1 metric.

To validate our hypothesis that more recent and capable
LLMs could achieve better performance, we repeated the
evaluation of the Test Designer Agent considering the pre-
view version of Gemini 3.1 Pro. Figure 3 confirms that in this
case the agent reaches a 0.95 pass@1 value, largely outper-
forming the other models. Due to budget limitations, the use
of this model has been limited to this experiment.

In contrast, Spec2FaaS achieves higher line coverage com-
pared to other approaches reported in the literature. This
suggests that our prompt engineering techniques were ef-
fective in generating comprehensive test suites, even when
employing LLMs that do not represent the current state of

Table 4: Comparison of different frameworks in terms
of test generation accuracy and line coverage on Hu-
manEval, as reported in the Agent Coder paper [10].

Models Pass@1 Line coverage

GPT-3.5-turbo 47.0 70.2
CodeCoT 67.1 77.2
AgentCoder (GPT-3.5-turbo) 87.8 85.7

MetaGPT (GPT-4) 79.3 81.7
AgentCoder (GPT-4) 89.6 91.7

Spec2FaaS (Qwen3 8B) 74.0 95.8

the art. These results underscore the importance of the ar-
chitectural orchestration over mere model scale in achieving
robust code validation.

5.2.3 Q3: Is the self-improving mechanism effective in cor-
recting generated code? This question evaluates whether the
self-improving mechanism is able to effectively identify and
correct errors in the generated code.
To evaluate this capability, the analysis focuses on three

representative Coder Agents chosen from the results of RQ1
(see Figure 2): Gemini Pro 2.5, which emerged as the best-
performing code generator; DeepSeek-Coder v2, which showed
theweakest performance; andGemini Flash 2.0, which achieved
intermediate results. For each of these coders, all the re-
maining models are alternatively employed as the Debugger
Agent. This design allows assessing whether debugging per-
formance depends on the specific coder–debugger pairing,
or whether there exists a model that consistently performs
best as a debugger, independently of the coder.
The results are reported in terms of debugging gain. De-

bugging gain is defined as the difference between the number
of functions that pass the test suite after the self-improving
mechanism and the number of functions that already passed
the tests immediately after generation by the coder, without
any debugging step:

Debugging Gain = #Passedafter − #Passedbefore
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Figure 4: Comparison of different LLMs as the reason-
ing component of the Debugger Agent, considering
three different models for the Coder Agent.

As shown in Figure 4, Gemini Pro 2.5 achieves the highest
performance when acting as the Debugger Agent, followed
by Qwen 3 and Gemini Flash 2.0. Overall, the self-improving
mechanism proves to be effective, as it increases the number
of correct functions by fixing a relevant fraction of the ini-
tially failing ones. An exception emerges when Gemini Pro
2.5 is used as the coder: in this case, several models exhibit
difficulties in correcting its outputs. A possible interpreta-
tion is that models may struggle to improve or repair code
generated by an already powerful LLM.

5.2.4 Q4: Does the FaaS Deployer Agent reliably deploy func-
tionally correct code to the target serverless environment? This
question evaluates the performance of the FaaS Deployer
Agent, focusing on its ability to successfully deploy correct
functions. We evaluate the FaaS Deployer Agent using all the

considered models, with the exception of Qwen 2.5 Coder
(32B), which was unable to deploy any function. Figure 5
reports the results in terms of number of deployed functions
and successfully executed functions. These results demon-
strate that the FaaS Deployer Agent is capable of successfully
deploying functions, with the best-performing model, Gem-
ini Pro 2.5, achieving a 100% succcess rate. Moreover, the
number of functions that are correctly executed after de-
ployment is also very high (e.g., 91% for Gemini Pro 2.5).
This provides further evidence that the FaaS Deployer Agent
does not simply invoke the deployment tool, but in most the
cases it also correctly constructs the function handler and
appropriately selects the resource parameters to be assigned
to the function, such as CPU and memory.
There are some cases in which the deployment succeeds,

but the subsequent execution of the function results in an
error. A closer inspection of these failures reveals that they
are mainly caused by malformed handlers (for instance, us-
ing incorrect parameter names) or by suboptimal resource
allocation, either insufficient resources, or excessively high
values that overload the system. For future work, we plan to
integrate additional mechanisms to automatically identify
and fix such minor issues.

5.2.5 Q5: Can Spec2FaaS successfully deploy and correctly
execute the generated functions? This question evaluates the
end-to-end performance of the framework. Given a func-
tion specification, it measures whether the system is able to
generate, test, debug, and deploy a function that executes
correctly in the serverless environment. The number of func-
tions that are successfully deployed and correctly executed is
adopted as the final evaluation criteria of the entire system,
as it directly represents the effective outcome of the pipeline
and the actual service delivered by Spec2FaaS. Regardless of
how many functions are generated, tested, or debugged in in-
termediate stages, what ultimately matters in a real scenario
is whether a function can be deployed and run correctly.
From this perspective, the number of deployed and executed
functions captures the real operational value of the system
and is therefore the most meaningful indicator of its overall
performance.

To answer this research question, two configurations have
been considered, as reported in Table 5. Configuration A
combines the best-performing model for each individual
task within the pipeline3 Conversely, configuration B is not
optimal and including this configuration allows to further
validate the results of the Spec2FaaS system, showing that
the observed outcomes do not depend only on the use of the
best LLMs.

3Except for the Test Designer Agent, where the best results in Fig. 3 were
achieved by Gemini 3.1 Pro. The use of that model was limited to that
experiment due to budget limitations.
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Figure 5: Comparison of different LLMs as the reasoning component of the Faas Deployer Agent in terms of
number of function correctly deployed and executed.

Table 5: Model configurations used in the end-to-end
experiments.

Agent Configuration A Configuration B

Assistant Gemini 2.5 Pro Gemini 2.0 Flash
Coder Gemini 2.5 Pro DeepSeek Coder v2
Debugger Gemini 2.5 Pro Gemini 2.5 Pro
Entry Point Gemini 2.0 Flash Gemini 2.0 Flash
FaaS Deployer Gemini 2.5 Pro Gemini 2.0 Flash
Test Designer Qwen 3 Qwen 3
Test Executor Gemini 2.0 Flash Gemini 2.0 Flash

As shown in Figure 6, the number of functions that are
finally deployed and correctly executed is quite high. In the
optimal configuration, 154 out of 164 functions are success-
fully deployed, corresponding to nearly 94% of the total.
Among these, 148 functions are executed correctly. The re-
sults obtained with the sub-optimal configuration are only
slightly worse. As expected, using models that are not top
performers for all tasks leads to a modest reduction in per-
formance. However, the fact that the difference between
the two configurations is not substantial indicates that the
Spec2FaaS architecture is sufficiently robust to maintain high
performance even when different LLMs are used.

5.2.6 Q6: What proportion of deployed and executed func-
tions are actually correct? This question focuses on the cor-
rectness of the deployed functions. Since the generated tests
may be not sufficiently comprehensive or, in some cases, even
incorrect, it is not guaranteed that the functions entering
the debugging phase were originally incorrect. Conversely,
incorrect implementations may still pass the generated tests
and, therefore, be deployed on the FaaS platform. The results
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Figure 6: Comparison of different system configura-
tions (optimal and sub-optimal) in terms of number
of functions deployed and correctly executed. Optimal
refers to the system configuration that uses the best-
performing model for each task. Sub-optimal refers to
a configuration that does not use the best-performing
models for all tasks.

reported in Figure 7, presented as a Sankey diagram, con-
firm these concerns. From the diagram, we can observe that
several originally correct implementations pass through the
debugging phase and, in some cases, are even transformed
into incorrect ones. At the same time, the debugging process
often fails to detect incorrect implementations. Overall, the
debugging process never succeeds in correcting originally
wrong implementations. Only 13 incorrect implementations
are identified as such, but the self-improving mechanism
fails to fix them, likely because the generated tests are triv-
ial or not sufficiently informative. In addition, 55 incorrect
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implementations pass the tests undetected, while 18 correct
implementations are mistakenly classified as incorrect and
are therefore sent to the debugging phase.
These results further highlight the critical role of test

generation, which emerged as the most difficult task for
our agents and is fundamental for the success of the self-
correction mechanism. In Sec. 5.2.2, we showed that exploit-
ing the more recent Gemini 3.1 Pro model the accuracy of
the generated tests dramatically improves and, thus, similar
improvements can be expected in the end-to-end behavior
of Spec2FaaS leveraging newer LLM releases. Besides this,
alternative strategies could be considered, including human
validation of the generated tests.

5.2.7 Q7: How does the system perform in terms of token us-
age and computational costs? The monetary cost is estimated
by multiplying the token usage of the proprietary models
(Gemini Pro 2.5 and Gemini Flash 2.0) by their respective
per-token prices (at the time of writing). The results show
that the system has an average cost of approximately 3.2$
per run in its optimal configuration. This cost is highly con-
centrated in the Debugger Agent, which alone accounts for
the vast majority of token usage and monetary expenditure
due to long contexts and iterative correction cycles.

From an energy consumption perspective, the local execu-
tion footprint is modest: the locally deployed Test Designer
Agent consumes on average only 0.00274 kWh per run, even
under a conservative upper-bound assumption of constant
maximum GPU power draw. We cannot measure energy
consumption of cloud-based models.

In terms of latency, the full workflow completes in about
6 minutes on average (384 s). The main time bottleneck lies
in the execution and debugging phases, while deployment is
comparatively fast, as shown in Fig. 8.

Table 6 provides additional insight on the amount of data
exchanged among the agents. Overall, the system requires an
average of 9.4 messages to complete a generation task, with
slightly less than 7 KB of data exchanged. In the best case,
when the code is correctly generated at the first attempt,
communication reduces to 5.6 KB on average. In contrast,
unsuccessful generations exhibit the highest communication
overhead due to repeated debugging and testing rounds,
reaching 17 exchanged messages on average (i.e., 20 KB
of data). Overall, these results indicate that the proposed
multi-agent workflow introduces modest communication
overheads, with the debugging phase having again the most
evident impact.

5.3 Discussion
The experiments conducted in isolation on each agent show
that their performance is comparable to that reported in
previous studies, even though those works often rely on

Table 6: Amount of exchanged data among agents (av-
erages)

Case # Messages Data (KB)

All outcomes 9.4 6.8
Successful generation 9.0 5.6
Successful gen. with debugging 10.8 8.9
Unsuccessful generation 17.0 20.4

more powerful LLMs than the ones used here. This result
highlights the effectiveness of the prompt-engineering strate-
gies we adopted and suggests that agent performance could
further improve when leveraging state-of-the-art LLMs.

The experimental evaluation on the whole system shows
that 89% of the specifications are translated into functions
that can be correctly invoked on the FaaS platform. This
result shows that Spec2FaaS is able to automate the software
development lifecycle in a truly end-to-end manner and rep-
resents a promising research prototype. However, the system
still presents several limitations, which are discussed below
together with possible solutions.

The most evident limitation concerns the low proportion
of deployed and executed functions that are actually correct.
As already mentioned, this issue is mainly due to incorrect
or incomplete generated test suites, which may fail to detect
faulty implementations or, conversely, incorrectly flag cor-
rect ones as erroneous. However, test generation is known to
achieve relatively low accuracy in the existing literature and
represents a common limitation rather than an issue specific
to this work. As shown in Sec. 3, experiments with the more
recent Gemini 3.1 Pro model show that relying on newer
LLMs can significantly improve the resulting accuracy.

Another limitation is that the system has been evaluated
only on the HumanEval+ dataset. Using multiple datasets
would allow the performance of Spec2FaaS to be assessed
from different perspectives and considermore heterogeneous
functions. Another aspect to acknowledge is that possible
(direct or indirect) data contamination between the evaluated
LLMs and the HumanEval+ dataset cannot be completely
excluded. Although this issue lies outside the control of the
proposed system, it further motivates the extension of the
experimental evaluation to multiple independent datasets to
strengthen the generality of the results.
Overall, the system demonstrates a reasonable trade-off

between autonomy, reliability, and operational cost, although
further optimizations of the test design and debugging phases
would significantly improve real-world usability.
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Figure 7: Sankey diagram showing the distribution of correct functions across the different stages of the Spec2FaaS
pipeline.
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6 Conclusion
In this work, we proposed Spec2FaaS, a multi-agent system
for the automatic generation, testing, debugging, and de-
ployment of serverless functions. Differently from previous
works, which focused either on deployment or on generat-
ing a correct function through self-correction techniques,
we implement a fully automated lifecycle. Starting from a
natural-language specification, the system proceeds through
validation and correction phases and ultimately produces a
function that is registered and ready for execution on a FaaS
platform. Evaluated on the HumanEval+ dataset, Spec2FaaS
demonstrates good accuracy and represents a promising re-
search prototype for further experimentation.

Based on the limitations discussed above, we identify sev-
eral directions for future work. As already mentioned, we
plan to investigate strategies to mitigate the negative impact
that incorrectly designed tests can have on the overall per-
formance of Spec2FaaS. While considering newer and more
powerful LLMmodels is likely to reduce errors without modi-
fications to the system itself, considering human-in-the-loop
scenarios might be an interesting extension. We also plan
to extend the function generation ability of Spec2FaaS to
serverless workflows, allowing for the autonomous genera-
tion of more complex applications. Furthermore, inspired
by recent work like [22], we will consider integrating non-
functional requirements (e.g., energy footprint) in the gener-
ation process, allowing Spec2FaaS to produce multiple imple-
mentations of the same function with different performance–
energy trade-offs.
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