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Generating APIs through Library Learning using Large Language Models
Erdem Halil & Shaphan Manipaul Sam Kirubahar

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg

Abstract

The development of APIs in vehicular systems, such as trucks, is a manual and labor-
intensive process that involves multiple teams and iterative coordination, which
makes it a prime candidate for automation. In this thesis, we develop a SPAPI
Coder, a system that synthesizes high-level API endpoint implementations from
low-level Controller Area Network (CAN) signals and OpenAPI specifications. In-
spired by the manual workflow but restructured for automation using inductive
program synthesis and library learning techniques, the system decomposes the man-
ual software development workflow into three more manageable abstraction levels.

SPAPI Coder utilizes LLMs for code generation at each level while employing a
Retrieval-Augmented Generation (RAG) pipeline for efficient and accurate map-
ping of API properties to CAN signals. The system features automated test script
generation and execution for LLM-produced code, as well as LLM-assisted judging
for evaluation.

The results of the study indicate that the proposed system can successfully gener-
ate functional API components if correct prompt engineering, library learning, and
program synthesis techniques are used. While LLMs show promise as evaluators,
their standalone accuracy for code evaluation tasks remains a limitation.

Findings suggest automating API development in complex domains like automo-
tive systems using LLMs and program synthesis is viable. The approach feasibly
addresses all dimensions of program synthesis and demonstrates the potential of li-
brary learning to automate API generation. It also provides a foundation for future
work in incremental synthesis and intelligent software process automation.

Keywords: LLMs, Automotive Software, Software Engineering, Library Learning,
Program Synthesis
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1

Introduction

The rapid advancement of generative Artificial Intelligence (GenAl) and particularly
Large Language Models (LLMs) in recent years has revolutionized our ability to in-
terpret, generate, and process natural language data. These generative language
models, trained on large corpora of text, excel in their ability to generate text in
multiple forms to tackle different problems. Powerful Machine Learning (ML) mod-
els have been demonstrating their ability to automate complex tasks across a wide
range of domains, including and especially software engineering and development
[3, 33]. Among the substantial applications in software engineering where tradi-
tional ML frameworks are used, one emerging application area where LLMs excel
is in their ability to generate code [33]. The use of LLMs in software engineering is
further growing proficient by the day in applications of varying complexities, rang-
ing from code completion for simple coding tasks, to synthesizing programs to solve
more advanced problems [3].

Another technological advancement over the last few years has been happening in
the automotive industry, where vehicle manufacturers are offering more and more
software as services, not only for the entertainment of the end user, but also to
control vehicular systems at ease. Nowadays, automotive software in the form of
infotainment systems and connected mobile applications has become quite popu-
lar among consumers, making it a strong selling point for manufacturers. Modern
trucks and vehicles, in general, rely on a large number of Controller Area Network
(CAN) signals to transmit and receive data about different components of the ve-
hicle. This facilitates quick and efficient communication across multiple Electronic
Control Units (ECUs) through a CAN bus [42]. In the domain of vehicular systems,
and particularly in heavy duty vehicles like trucks, the integration of Application
Programming Interfaces (APIs) to act as a gateway between the client applications
used by the user and the CAN bus, opens up opportunities to provide users with
services to not only get vital information about several complex components of the
truck, but also control such components with ease.

APIs that adhere to the Representational State Transfer (REST) architecture [18]
play a crucial role in enabling seamless communication between various components
of a system. REST API documentation in the form of OpenAPI specification (OAS)
[30], formerly known as Swagger documents, has become the industry standard for
designing and documenting web microservices due to their consistency and scala-
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bility. As such, state-of-the-art LLMs are trained on a large corpus of code from
different datasets and OpenAPI specifications, reflecting their comprehensive nature,
just like the "whole" internet being a massive data repository for people to source
information from. So, these models can identify underlying patterns and relations
between API specifications and API implementations in code [11]. Besides software
engineers, this shows potential for software engineering workflows that incorporate
an LLM, the best agents to synthesize and test REST API endpoints [88].

LLMs have shown substantial progress in tackling several problems in software en-
gineering [33]. But, the complete potential and limitations of the use of such models
as part of a system that automates a conventional software development workflow in
a complex industrial setting [88], remain a frontier of research. This thesis examines
the common ground and probes the connections between the generative capabil-
ities of LLMs, REST APIs, and low-level communication protocols in trucks, by
developing a system that automates the process of synthesizing functional REST
APT implementations through library learning [17, 21]. The proposed solution will
address the challenges of mapping CAN signals to their corresponding API defini-
tions, so as to create and test these high-level API implementations. Building such
a software system will not only aim to synthesize APIs that bridge the gap between
hardware-level communication and human-readable interfaces, but also make the
entire process (semi-)automatable. The successful realization of this work could
streamline the process of API development in vehicular systems, and also set the
stage for similar innovations in the Software Development Life Cycle (SDLC) with
the use of such compound Al systems [96] in other embedded systems domains and
software engineering in general.

1.1 Problem Description

In modern Volvo trucks, an internal web server exposes SPAPIs (REST APIs) to
client systems that are Android applications. Each API communicates with different
ECUs through the CAN bus, which enables communication between different vehicle
components by transmitting or receiving a set of CAN signals. These CAN signals
are used to access or change the states of a particular component of the vehicle. For
instance, the CabinClimate API exposes the climate control related CAN signals as
an APIL. This allows the driver in a truck to control the cabin climate through an
Android application.

The development of SPAPI endpoints is a manual and labor-intensive process that
involves multiple teams and iterative coordination. Developing an SPAPI endpoint
begins with gathering requirements from an application team, which are formalized
in a Swagger specification (OpenAPI 2.0) Specification. For instance, consider that
the CabinClimate application team is tasked with enabling users to adjust the truck’s
cabin climate. The requirements are provided to the SPAPI team in the form of an
OAS, detailing the desired API endpoints and their properties. Then, based on these
requirements, the engineers in the SPAPI team coordinate with the control system
teams, responsible for specific ECUs and their associated CAN signals, to map each
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requirement in the form of an API property from the OAS to its corresponding CAN
signal(s).

For example, to support a feature for changing the air conditioning mode, the OAS
might specify an API property acMode with possible values [ON, OFF]. SPAPI
engineers, in coordination with control system teams, map the property and its cor-
responding values to the CAN signals [ACMode.On, ACMode.OFF], drawing
on documentation such as the CANdb (CAN Database) or proprietary information
sources. This mapping process is repeated for each property in the OAS. Subse-
quently, another set of SPAPI engineers implements the API endpoints based on
these mappings. And once the endpoint implementations are developed, the SPAPI
testing team validates the implemented endpoints to ensure that they meet the spec-
ified requirements. If successful, this lengthy process results in the /cabinclimate
endpoint being deployed and able to provide the CabinClimate application with the
ability to monitor or adjust the vehicle’s climate states.

This workflow involves multiple teams, including the application (UI) team, SPAPI
team, control system teams and the SPAPI testing team, each contributing spe-
cialized knowledge. The process demands precise coordination to align the OAS
requirements with the underlying CAN signals and ensure functional endpoints.

At Volvo, managing over 100 API endpoints requires the efforts of 15-20 full-time
engineers, further showing the scale of the task. Additionally, the process is com-
plicated by the need for continuous coordination among teams. This communica-
tion relies on a mix of formal specifications (e.g., OAS and CAN databases) and
informal, team-specific documentation. Translating these specifications into fully-
implemented, well-tested, and usable endpoints requires significant effort from en-
gineers, especially when requirements change, new features are added, or existing
APIs are refactored. These updates often trigger a cascade of tedious revisions
across mappings and implementations.

To mitigate this problem, automating this otherwise cumbersome and complex pro-
cess raises the need for a system that synthesizes functional vehicular function API
endpoints which adhere to the API specifications, by mapping the API properties
to its corresponding CAN signals, combining several data pipelines and the program
synthesis capabilities of LLMs [3, 33].

1.2 Purpose of the Study

The primary purpose of this thesis is to explore the potential of developing a system
that automates the process of synthesizing API endpoint implementations by lever-
aging the programming capabilities of state-of-the-art LLMs and library learning
characteristics [21, 17].

The manual development of SPAPI endpoints is a repetitive but consistent process
that makes it a prime candidate for automation, particularly in an industrial setting
where numerous client applications require tailored APIs. The repetitive nature
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of this workflow, alongside the semi-structured yet diverse data sources involved,
presents significant opportunities for automation. The recent yet swift advancements
in LLMs’ capabilities, as part of complex agent-like systems, open doors for such
workflow automation. The automation of such a workflow was not seen as feasible
in the past, as traditional ML models necessitate curating data and training an
ensemble of models to perform the same simple tasks.

By analyzing the manual process, patterns can be identified, such as the consistent
mapping of API properties to CAN signals or the generation of endpoint boilerplate
code, that can inform the design of an automated system. The goal is not only
to replicate the manual process but to rethink it by leveraging insights from the
current workflow to develop a more efficient, scalable approach for automation.
Such a software system, to synthesize useful and functional API endpoints, must
be able to emulate the conventional processes involved in SPAPI development, such
as the mapping of low-level CAN signals in the trucks, leading to the synthesis of
high-level API endpoints through different levels of abstractions.

Since the system automates a software engineering workflow using LLMs, evaluat-
ing the correctness and functionality of the LLM generations becomes an absolute
necessity. This is because LLMs can be non-factual and produce undesired results
at times [35]. This renders evaluation and testing of the LLM-generated artifacts an
additional, yet crucial requisite of the system to not only measure its effectiveness in
arriving at the required API definitions, but also to measure the functionality and
usefulness of the generated API endpoints. An effective system for API development
automation should be able to produce functional API endpoints.

1.3 Significance of the Study

This study aims to automate the process of designing and creating API endpoints
using program synthesis and library learning characteristics. In practice, doing so
will significantly reduce the development time for SPAPI design and implementa-
tion. The successful implementation of this pipeline will set the stage for the use of
such a system in other software engineering workflows that fall under the scope of
automation.

When it comes to significance in the approach used for the synthesis of these API
endpoints, as of now library learning characteristics have been studied upon and
applied onto several traditional ML models to learn new programs, in order to solve
predefined problems and tasks using domain-specific languages [21, 4, 9, 16]. The
application of these characteristics in systems that automate software engineering
workflows to develop API endpoints using program synthesis still remains an avenue
to be further explored, making this a novel study.

4
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1.4 Research Questions

With the ultimate aim of creating a system that synthesizes API endpoints, this
thesis aims to answer the following research questions:

« RQ1: What is an effective way to capture the user intent so as to synthesize
functionally valid API endpoints? There arises a need in program synthesis
for the system to capture the user’s intent for which a program is being syn-
thesized, based on its formal specifications and constraints [9]. To synthesize
functional high-level API endpoints, it is crucial that the system does the
correct API property to CAN signal mappings. A system that captures user
intent in an effective way must be able to map the signals to its API proper-
ties accurately. If not, the synthesizer may tend to make incorrect mappings.
Hence, it is crucial to study the means by which the CAN signals are presented
to the system so that it captures the intent and makes the correct mapping.

e RQ2: How can an effective search space be constructed to enable both effi-
cient and accurate synthesis of API endpoints? What technique can be used
to perform a computationally efficient search within this space? Synthesizing
programs requires the system to perform a search over a large space of po-
tential program candidates to come to a solution. An effective search space
in this context is one that is constrained enough to reduce the number of ir-
relevant or invalid candidates while still retaining the expressiveness needed
to cover valid solutions. In the case of synthesizing APIs, each API property
should be mapped to its corresponding CAN signal(s) over a large selection
of signals. This raises the need to investigate how an effective search space of
CAN signal abstractions can be constructed. Furthermore, an efficient search
refers to a strategy that minimizes computational overhead in terms of time
while maximizing the likelihood of finding correct, functional mappings early
in the process. This research investigates how to structure the search space to
reflect domain-specific constraints and traverse it efficiently to meet synthesis
goals.

« RQ3: How can the quality and utility of the generated API endpoints be eval-
uated? In the event that the system that automates the API development
process is able to synthesize API endpoints successfully, it becomes trivial to
verify whether the LLM-synthesized API endpoints are valid and functional.
Also, evaluating whether the LLM-generated artifacts follow the specification
by which it was synthesized emphasizes the need for a robust verification so-
lution.
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Background

2.1 Automotive E/E system

Automotive Electrical/Electronic (E/E) systems form the backbone of modern ve-
hicles, integrating hardware, software, and networking technologies to control, mon-
itor, and enhance vehicle functionality. Having started as simple electrical circuits
for ignition systems and basic lighting, these systems have since evolved into highly
complex and software-driven architectures, thanks to advancements in semiconduc-
tor technology and software engineering. The central element of the E/E system is
the ECU, which is in the form of a microcontroller. Sensors and actuators in a vehi-
cle are connected to various ECUs, and these enable converting physical phenomena
to the digital domain and vice versa.

For instance, there could be a dedicated CabinClimate ECU which is connected to a
temperature sensor. If the value read from the sensor exceeds a certain threshold, it
could trigger the cabin control actuator and turn the air conditioning on/off. These
ECUs communicate via standardized in-vehicle networks, including CAN, Local In-
terconnect Network (LIN), and high-speed Ethernet. These networks ensure efficient
real-time data exchange and system coordination. Today, modern premium vehicles
could feature over 100 ECUs interconnected with thousands of signals transmitted
through the different network buses [39]. Each of these ECUs is dedicated to spe-
cific functions such as powertrain optimization, advanced driver-assistance systems
(ADAS), and battery management in electric vehicles (EVs). Moreover, the system
architecture is often of a hierarchical nature, meaning that there could be multiple
"main" ECUs serving a gateway purpose to other ECUs within a particular domain,
as shown in Figure 2.1.

2.2 Controller Area Network

The Controller Area Network is a communication protocol that enables ECUs and
other components in a vehicle to communicate with each other. ECUs usually
communicate by transmitting /receiving CAN Messages. Each CAN Message encap-
sulates a certain number of CAN signals, each representing a certain vehicle state
[42]. A CAN database, which is commonly referred to as CANdb, is a text file that
adheres to a format known as DBC. This DBC file contains information to inter-
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Figure 2.1: Example of domain-centralized E/E system in a truck

pret the data that is transmitted through a CAN bus. This includes information
about CAN messages, CAN signals encapsulated in messages that are used to get
information about certain vehicle states or update them. Also, information about
the frequency at which a signal is transmitted across the bus, which ECUs send and
receive a particular signal, etc, is present in a CANdb. Hence, this file plays a huge
role in developing and testing systems in a vehicle that relies on CAN bus com-
munication. Even though CANdb provides a standardized way of documenting the
decoding information of CAN bus data transmissions, different Original Equipment
Manufacturers (OEMs) curate their own .dbc files, each catering to their needs.
A vehicle can have multiple CAN buses, each connecting different ECUs to insti-
gate communication between them. These files are maintained by different teams of
engineers using tools like CANdb++ .

2.3 Connectivity and Automotive APIs

The emergence of connected technologies with 5G, edge computing, and vehicle-to-
everything (V2X) architectures has transformed and is continuing to transform the
automotive industry [60]. This led to vehicles from being seen as isolated mechanical
systems to nodes with a broader purpose for digital ecosystems. This required re-
visiting and modernizing the traditional E/E architecture [58]. This movement has
been largely driven by the consumer demand for seamless infotainment, real-time

thttps:/ /www.vector.com/se/en/products/products-a-z/software/candb /. Accessed:
04/04/2025
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navigation, remote diagnostics, and over-the-air (OTA) software updates. As soft-
ware and connectivity are becoming a key differentiator in automotive design, proac-
tive manufacturers are seeking to integrate internet-based services, smartphones,
and cloud platforms into vehicles [2]. To enable secure and interoperable interac-
tions between in-vehicle systems, external devices, and cloud infrastructure, modern
automotive architectures increasingly adopt standardized communication protocols,
including REST APIs. Unlike legacy automotive protocols (e.g., CAN, LIN), which
focus on low-level hardware communication, REST APIs operate at the application
layer, abstracting complex vehicle functions into simple HTTP-based endpoints.
This architecture allows remote access and control, third-party integration, and scal-
ability as it enables automakers to update or expand services without overhauling
entire vehicle architectures.

2.4 APIs

An application programming interface is a set of defined rules and specifications that
software programs can follow to interact with each other, share data, and perform
operations efficiently. APIs enable developers and clients to use external functional-
ities or data without the need to understand the underlying implementation details.
They essentially provide a standardized way for different software components to in-
teract, which promotes modularity, reusability, and interoperability. Especially with
the advent of cloud computing, APIs have become fundamental in modern software
development as their philosophy facilitates the creation of complex, scalable, and
maintainable systems by integrating diverse services [18].

2.4.1 API-first design

API-first design is a software development approach that prioritizes the design of
APIs before the development of the applications that will consume them. This ap-
proach treats APIs as first-class citizens by putting an emphasis on their importance
as a contract between different software components [15]. The API-first approach
involves defining the API’s structure, functionality and behavior early in the de-
velopment lifecycle. This is often done using API description languages such as
OpenAPI 2. Creating an API definition early on serves as a contract. In the tra-
ditional sense, this not only provides clearer communication between frontend and
backend development teams but also with other stakeholders. With a well-defined
API contract, frontend and backend teams can work in parallel, which reduces de-
velopment time significantly [6]. Frontend developers can use mock APIs to start
building the user interface, while backend developers implement the actual API
logic. However, API-first design comes with its challenges. Most notable candidates
include the need for rigorous API governance, documentation consistency and the
risk of over-engineering.

Zhttps://www.openapis.org/. Accessed: 28/03/2025
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2.4.2 OpenAPI Specifications

An OpenAPI specification is a standardized description language for documenting
RESTful APIs. For API-first design, the OAS is curated either as YAML ("YAML
Ain’t Markup Language" or "Yet Another Markup Language") or JSON (JavaScript
Object Notation) representations. An OAS usually contains information about paths
(endpoints, methods), components (schema), versioning, HTTP status codes etc.
These standardized specifications of REST APIs are human-readable, making it
easy to understand the services without actually looking at the actual API imple-
mentation. The generalizability of the OAS also allows developers to create and use
tools to generate server and client code stubs, which are code structures of the API
implementation for the API developers to build upon.

2.4.3 RESTful APIs

Representational State Transfer is one of the most widely adopted architectural
styles for designing networked applications. RESTful APIs are defined as APIs that
adhere to the REST principles. These types of APIs have become the standard for
web services due to their simplicity, scalability, and stateless nature [18]. The key
characteristics of REST include:

e Client-Server Architecture - promotes separation of concerns as client and
server can evolve independently

« Statelessness - No information is stored on the server; each request from the
client must contain all the information necessary to understand the request

o Cacheability - The client can cache responses from the server to improve
performance and reduce server-side load

o Layered System - The server can be composed of multiple layers, but the
client only communicates through a single endpoint and is not made aware of
the complexity

e Uniform Interface - Each resource is uniquely identified, manipulations hap-
pen through uniform representations, messages contain enough information to
describe how to process, and available actions are discoverable through links
in the responses

2.4.4 REST APIs in vehicles

The automotive industry is undergoing a significant transformation with the increas-
ing demand for connectivity and advanced infotainment. Considering the adapt-
ability, ease of use, and their widespread applications, RESTful APIs are playing
a crucial role in this transformation by enabling complex functionalities and ser-
vices in modern vehicles. REST APIs in vehicles are used for a wide range of
applications: telematics to allow location tracking, remote diagnostics for predic-
tive maintenance, over-the-air software updates, infotainment to enable third-party
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application integration and interactions with the internal system of the vehicle and
vehicle-to-everything (V2X) communication. The use of REST APIs gives vehicle
manufacturers an easier way to integrate with the already-existing broader digital
ecosystem. Despite their advantages, just like anywhere else, RESTful APIs in ve-
hicles face challenges such as cybersecurity risks, latency issues, and data privacy
concerns [80].

2.5 Large Language Models

In recent years, large language models represent the most significant advancement in
Natural Language Processing (NLP), and they are usually what the average person
refers to as Al. They leverage the power of deep learning to process and gener-
ate human-like text, and in some cases, images, videos, and audio. These models
are typically based on the transformer architecture, which relies on self-attention
mechanisms to capture long-range dependencies in text efficiently [85]. LLMs are
typically pre-trained on vast corpora of text data, enabling them to learn linguistic
patterns, syntactic structures, and semantic relationships. The pre-training phase
is often followed by fine-tuning on specific tasks, such as text generation, classifica-
tion, or question answering, and this makes them highly versatile tools in Al research
and application. Applications of these models range from conversational agents and
automated content generation to code synthesis and scientific discovery, aligning
with the goals of using library learning techniques to synthesize API generation as
explored in this thesis.

The scale of LLMs has grown dramatically in recent years, with models featuring
billions of parameters, such as GPT-3 (175 billion parameters) [10] and later it-
erations like GPT-4 [1]. These enormous models push the boundaries of language
understanding and generation. The increase in size alongside improvements in train-
ing techniques like unsupervised learning and reinforcement learning from human
feedback (RLHF) [67], has enabled LLMs to perform complex tasks with minimal
task-specific training.

A key characteristic of LLMs is their ability to generalize across domains. This is
largely driven by their exposure to all sorts of datasets during pre-training. Tech-
niques such as prompt engineering — crafting specific inputs to guide model behavior
— have emerged as the most used methods for taking advantage of LLMs effectively
without extensive retraining [56]. This ability to adapt makes LLMs particularly rel-
evant for various tasks, including but not limited to writing, translation, sentiment
analysis, classification, and code generation, where the model must infer structured
outputs from unstructured or semi-structured inputs.

2.5.1 LLM Parameters

LLMs generate text based on the probability distribution of the following tokens.
How the LLMs generate these texts can be tuned by adjusting certain output pa-
rameters. "Maximum tokens" and "temperature" are two such parameters.
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o« Maximum tokens - An LLM-generated response is measured in tokens. A
token can be an individual character, part of a word, or a complete word [75].
The tokenization of inputs and outputs is usually model-specific. The "max
tokens" parameter enables adjusting the maximum tokens that the LLM can
generate based on the specific need. The maximum tokens parameter also
contributes to the model’s context window. It is vital that the sum of input
tokens to the LLM, i.e, the input prompt tokens, and the output tokens do
not exceed the model’s context length. If this length is exceeded, the LLM
will fail to produce the generation.

o Temperature - The "temperature" parameter controls the randomness of the
LLM in choosing the next token based on its probability distribution. If the
temperature is set to a low value (0-0.5), the LLM will tend towards selecting
the highly probable next token. In the case of setting a higher temperature,
the likelihood of the model selecting a token of low probability is increased.
This results in the LLM providing a diverse variation of text at the risk of
being nonsensical while increasing the possibility of hallucinations.

2.5.2 Prompting

Prompting is the process of providing specific inputs (prompts) to language models
to guide their output. This method allows users to leverage pre-trained LMs for
various tasks without the need for additional training or fine-tuning, i.e., without
altering the underlying model weights. It’s a really flexible and efficient way to
interact with these models, which, considering LLMs’ ability to handle a wide range
of tasks, makes them adaptable to various applications. Early language models
relied on fine-tuning for task-specific performance, but the introduction of models
like GPT-3 and subsequent research demonstrated that well-designed prompts could
achieve similar results with little to no effort [10].

Research shows that effective prompting often involves different strategies such as
zero-shot, one-shot, few-shot, chain-of-thought, chain-of-code, and/or self-consistency
prompting [56, 49]. Zero-shot prompting describes the task without examples, re-
lying entirely on the models’ pre-trained knowledge. On the other hand, one- and
few-shot prompts provide one or many input-output examples to guide the model in
producing the desired output. The chain-of-thought (CoT) prompting technique is
used to encourage the model to reason step-by-step to complete more complex tasks
accurately [91]. In self-consistency prompting (often paired with CoT), multiple
responses are generated and the model is free to select the most consistent one [89)].

However, prompt engineering remains an empirical art as the outcomes are often
sensitive to phrasing and model architecture [7]. Challenges include inconsistency
across models and the need for domain expertise to design optimal prompts, es-
pecially for specialized applications like code synthesis. However, this seems to be
becoming less of an issue as state-of-the-art LLMs evolve.

In the context of our thesis, specialized prompting techniques could be adopted to
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guide the LLM in understanding and translating API documentation into specific
code implementations. For instance, a prompt might specify the programming lan-
guage, the frameworks to be used, the structure of the API, any particular functions
or methods to include, and how to handle edge cases or errors.

2.6 The LLMs at hand

These are all the LLMs provided to us by Volvo Group for this thesis.

2.6.1 GPT-40

GPT-40, released by OpenAl in May 2024, represents a significant advancement in
LLM technology [37]. It is a multimodal and multilingual model, meaning that it is
capable of processing and generating content in text, images, and audio in various
languages. Key features include faster response times compared to its predecessor,
GPT-4 Turbo, and improved performance across voice, multilingual, and vision
benchmarks. At the time of release, the performance of both GPT-40 and GPT-4
significantly surpassed that of then-available open source models such as Llama-2
[83] and Mixtral 8x7b [38].

GPT-40 and GPT-3.5 were the only available closed-source LLMs at Volvo Trucks
at the time of writing this thesis. Eventually, we decided to use GPT-40 only as
it beats its predecessor, GPT-3.5, across all benchmarks, including code generation
related ones. As a result, we naturally expected GPT-3.5 to provide inferior results
compared to GPT-40, and by not using GPT-3.5, we made space for more open-
source model benchmarking in our experiments.

2.6.2 Llama Models

The Llama family, developed by Meta Al, includes models like Llama 3.3 70B and
Llama 3.1 405B, each with distinct characteristics for language processing tasks
[82, 22]. Llama 3.3 70B, with 70 billion parameters, is the successor of Llama 3.1
70B and is designed for better efficiency, performing well on standard hardware. It
is suitable for a range of complex language tasks and is definitely more practical
for general use than the other. The open-source nature of the Llama model family
promotes collaboration, allowing researchers and developers to modify and distribute
the model.

2.6.3 Qwen 2.5 Coder 32B

Qwen 2.5 Coder 32B, developed by Alibaba, is a 32-billion-parameter model spe-
cialized for coding tasks [36]. It is based on the Qwen2.5 architecture [94] but op-
timized for understanding and generating code in various programming languages.
This makes it ideal for code generation tasks. Its balance of performance and man-
ageability suits practical coding applications. This specialization aligns closely with
our thesis’s focus, so we have decided to include this code-specialized open-source
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model for our benchmarks. This is mainly done to see the performance difference
between the generic foundation and code fine-tuned models when it comes to code
generation for our case.

2.6.4 DeepSeek R1

DeepSeek R1 is an open-source reasoning model by DeepSeek that performs excep-
tionally well in tasks requiring logical inference and mathematical problem-solving
[26]. Released in January 2025, it has quickly gained attention for its ability to
provide transparent reasoning processes. What makes this feature crucial is the
fact that users of the model are able to follow its logic step-by-step. Built upon
the DeepSeek-V3-Base model with 671 billion parameters [55], to balance perfor-
mance and computational efficiency, DeepSeek R1 also offers distilled versions with
32 billion and 70 billion parameters based on Qwen2.5 and Llama 3.1, respectively.

Unlike base models like GPT-40, which excel in general language tasks, DeepSeek
R1 is specifically designed for reasoning tasks. Key features of DeepSeek R1 in-
clude its hybrid training approach, which combines reinforcement learning with su-
pervised fine-tuning to enhance readability and coherence. DeepSeek R1’s strong
performance in reasoning and mathematical tasks makes it a valuable candidate for
code generation applications and even more valuable for judging other LLM outputs
based on specific criteria. Its open-source nature also allows for greater flexibility
and customization, which aligns with the thesis’s focus on exploring diverse LLM
capabilities.

Model Parameters | Context Length | Source
GPT-40 - 128,000 Closed *
Llama 3.3 70B 128,000 Open *
Qwen 2.5 Coder 32B 128,000 Open °
DeepSeek R1 6718 128,000 Open °©
DeepSeek R1-Distill-Llama 70B 128,000 Open ’

Table 2.1: Language model parameters, context length, and source comparison

2.7 Retrieval-Augmented Generation

Even though LLMs are great at generating text, they have limitations. Some of
these limitations include computational constraints, hallucinations, lack of long-term
memory, and bias [29, 35]. Current state-of-the-art LLMs produce highly coherent
texts during inference, but that does not mean their answers are always factually
true. What’s more, their knowledge base is cut at a certain point, and it usually

3https:/ /platform.openai.com/docs/models/gpt-4o. Accessed: 28-03-2025
4https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct. Accessed: 28-03-2025
Shttps://huggingface.co/Qwen/Qwen2.5-Coder-32B. Accessed: 28-03-2025
Shttps://huggingface.co/deepseek-ai/DeepSeek-R1. Accessed: 28-03-2025

"https:/ /huggingface.co/deepseek-ai/DeepSeek-R 1-Distill-Llama-70B. Accessed: 28-03-2025
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does not change over time unless they are continuously trained, but that usually
requires allocating immense computational resources. Retrieval-Augmented Gen-
eration (RAG) is a hybrid approach that enhances LLMs by combining generative
capabilities with external data (knowledge) retrieval. RAG addresses the limitations
of standalone LLMs, such as factual inaccuracies or "hallucinations," by retrieving
relevant documents from an external corpus to inform the generation process [48].
This is achieved through a two-step mechanism: a retriever fetches contextually
relevant information, and a generator (LLM) produces an output conditioned on
both the input prompt and retrieved data [20]. For API generation via library
learning, RAG can be used to retrieve domain-specific data such as documentation,
code examples, or specifications. By doing this, the model should be able to synthe-
size more accurate and context-specific APIs without relying much on memorized
training data.

RAG’s strength lies in its ability to ground LLM outputs in verifiable knowledge, and
this is why it is particularly useful for knowledge-intensive tasks. Unlike traditional
LLMs that depend only on their pre-trained weights, RAG enables dynamic access
to external sources to improve factual consistency and adaptability [48, 28, 20]. In
the context of this thesis, RAG could enhance API generation by retrieving relevant
function signatures and documentation from the signal library, allowing the model
to map API properties to CAN signals correctly. Nevertheless, RAG also has its
challenges, including the computational cost of retrieval, the quality of the knowledge
base, and the integration latency, which can hinder real-time applications [8].

2.7.1 Embedding Models

Embedding models are the backbone of RAG’s retrieval phase as they convert text
into dense vector representations that capture semantic meaning. These models, of-
ten based on architectures like BERT or its variants, encode queries and documents
into a shared vector space where similarity can be measured (e.g., via cosine simi-
larity, Euclidean distance, dot product) [13]. The Dense Passage Retrieval (DPR)
model is an example of this approach, using dual encoders — one for queries and
one for passages — to optimize retrieval accuracy in open-domain settings [45]. For
API generation, embedding models can encode CAN signal documentation and code
snippets. This way, the retriever could identify relevant CAN signals and their func-
tions based on a prompt like "Generate a function for the API property X that does
Y'

The choice of embedding model significantly impacts RAG performance. Pre-trained
models like Sentence-BERT improve efficiency by producing embeddings tailored for
sentence-level semantics [70]. At Volvo Group, we have access to two open-source
embedding models - Instructor-XL and BGE-M3 [79, 61], and two closed-source ones
developed by OpenAl - text-embedding-ada-002 and text-embedding-3-large [65, 66].
In the case of the thesis, embedding models must balance semantic accuracy with
the ability to handle technical jargon and code syntax, making them a critical area
of study for optimizing RAG in API synthesis.
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Embedding Model Dimensions Parameters
Instructor XL 768 1.5B
BGE-M3 1024 569M
text-embedding-ada-002 1536 -
text-embedding-3-large 3072 -

Table 2.2: Embedding models’ supported dimensions and parameters comparison

2.7.2 Reranker Models

Even though retrieval techniques in RAG systems are often designed to be efficient
and computationally scalable, they may not always rank the most contextually rele-
vant items highest in the list. To address this limitation, rerankers are often used as
a subsequent step after retrieval to further refine the ordering of retrieved candidates
with the goal of "pushing" the most appropriate items to the top of the list for the
generative model [63].

Rerankers often leverage advanced machine learning models, such as cross-encoders.
Bi-encoders, which are commonly used in initial retrieval, independently encode
the query and the documents into embeddings of fixed length. This helps achieve
fast similarity comparisons. On the other hand, cross-encoders process the query
and each candidate document together as a single input. This could help capture
more intricate semantic interactions between their tokens. Joint processing typically
produces more accurate relevance scores, but this comes at a drastic increase in
computational complexity [62].

The retrieve-and-rerank approach is widely used in RAG systems, and compound
AT systems are no exception [73]. To help with the problem explored in this thesis,
we plan to employ a similar approach to the agent subsystem, leveraging RAG. We
leverage a BERT-based model for reranking - TinyBERT [40] - as this was the model
provided by Volvo Group.

2.7.3 Vector Databases

Vector databases complement embedding models by storing and indexing the dense
vectors for efficient retrieval. Contrary to traditional keyword-based databases, vec-
tor databases like FAISS (Facebook Al Similarity Search) or HNSW (Hierarchical
Navigable Small World) use approximate nearest neighbor (ANN) search to identify
documents closest to a query vector quickly [43, 14, 59]. This scalability is usually
crucial for RAG as it enables "real-time" access to extensive information corpora,
such as millions of documents, without exhaustive and slow linear searches.

The effectiveness of vector databases is associated with their indexing strategy and
update mechanisms. For instance, FAISS supports GPU acceleration and clustering
to handle high-dimensional vectors efficiently [43], whereas HNSW offers tradeoffs
between speed and accuracy suitable for more dynamic datasets [59]. The chal-
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lenges of vector databases include maintaining up-to-date embeddings as libraries
evolve and managing memory for large-scale deployments [47]. In the context of
this thesis, vector databases enable RAG to search for candidate solutions for pro-
gram synthesis, ensuring that retrieved knowledge remains current and semantically
relevant for generating robust and functionally correct APIs. This thesis utilizes a
Volvo-provided instance of ChromaDB ®, an open-source vector database, to store
our embeddings. This database uses the L squared norm (L2) metric to measure
similarity.

2.8 LLM Agents

Following LLMs’ success and building upon their foundational capabilities, a new
class of Al systems known as "LLM Agents" has emerged in the past few years.
Unlike standalone LLMs that primarily function as sophisticated text generators
based on a single prompt, LLM agents are capable of autonomous decision-making
and the execution of complex actions to meet specific goals by integrating tools like
web/file search, code interpreters, and more [93].

LLMs are stateless, meaning that during inference, they cannot logically connect
one prompt to another and learn from it. Recent studies regarding frameworks
and architectures for creating language agents, such as ReAct and CoALA, show
the importance of agents featuring different types of memory, like short-term and
long-term memory, to tackle this shortcoming of LLMs [95, 81]. As shown in Figure
2.2, the architecture of an LLM Agent typically includes four components: the LLM
itself, a set of external tools, a memory module, and a planning mechanism. The
LLM processes natural language inputs and generates decisions, while tools extend
its capabilities by providing access to relevant data or computational resources.
When it comes to an agent’s memory, it is often implemented as a context window
or vector store and used to maintain task history and state. This is particularly
important for long-running and data-intensive tasks. The planning mechanism,
such as CoT prompting, breaks complex problems into sub-tasks to guide the agent
through iterative cycles of reasoning, action, and observation [95, 27].

LLM-based Al agents have been explored and are being explored in various applica-
tions, such as virtual assistants and autonomous systems in simulated environments
[86]. Some combine the code-generating capabilities of LLMs with the independence
and tool-using skills of agents [74]. This combination allows the creation of systems
that can repeatedly improve and check generated code until it matches the required
standards [95, 19]. For example, an agent could take an instruction in natural lan-
guage from the user: "Create a RESTful API implementation for serving weather
data.". The agent would ideally use the LLM to draft initial code, test it with appro-
priate tools, and refine it based on the results and/or some other feedback [57]. By
employing this approach, one could reduce the manual work needed in development
and help developers build products more quickly.

8https://www.trychroma.com/. Accessed: 16-05-2025
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Figure 2.2: A high-level overview of a simple LLM agent

2.9 LLMs as Judge

'"LLM as Judge' is a paradigm under which LLMs are involved in assessing artifacts.
Traditional evaluation methods, such as static metrics like BLEU, often fall short in
capturing the correctness, functionality, and creativity of code [51]. Human-based
evaluations are considered thorough but time-consuming and costly, making them
quite impractical for assessments [52]. To address this, LLMs could be used as auto-
mated evaluators by leveraging their natural language understanding and contextual
reasoning capabilities to assess generated artifacts. When it comes to software en-
gineering, LLMs can be invoked to assess code, specifications, and requirements.

One key approach in employing LLMs as judges for code generation is direct scoring.
In this approach, language models assign numerical ratings to code outputs based
on predefined criteria like correctness, readability, and efficiency. As an example,
the CodeUltraFeedback dataset uses LLMs as judges to rank code responses based
on coding preferences while offering detailed textual feedback and numerical scores
[92]. Similarly, the CodeJudge-Eval benchmark assesses LLMs’ code understanding
abilities from a code-judging perspective by attempting to address the limitations of
traditional code generation benchmarks [99]. These evaluations’ aim is to go beyond
assessing functional correctness and to include evaluations of code quality, efficiency,
and adherence to coding standards. This form of evaluation is capable of a more
comprehensive assessment of generated code, making sure that the output adheres
to the user-defined coding preferences and software engineering best practices [87].
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Extending the LLM-as-a-judge concept, the agent-as-a-judge framework has been
proposed to evaluate agentic systems by utilizing agentic systems themselves [100].
This approach introduces intermediate feedback mechanisms throughout the task-
solving process. It attempts to address the limitations of traditional evaluation
methods that often focus solely on final outcomes. Applied to code generation tasks,
having a judge agent has shown promising evaluation capabilities and results, claim-
ing to outperform previous methodologies and providing more reliable assessments
of agentic systems’ performance [100].

Despite showing great potential, the LLM-as-a-judge paradigm is not without chal-
lenges. One significant concern is the potential for 'preference leakage,” where the
judge shows bias towards LLMs with which it has a close relationship, such as
being the same model or from the same model family [50]. This bias could poten-
tially compromise the objectivity and the correctness of the evaluation. Additionally,
LLM-generated evaluations could also require careful validation, which might require
mixed-initiative approaches that combine LLM judges with slight human supervi-
sion [76]. Ensuring the reliability and fairness of LLM-as-judge evaluations remains
an area of ongoing research. Efforts seem to focus on developing more transparent
evaluation processes and mitigating potential biases.

2.10 Compound AI Systems

Compound Al systems are systems that are used to tackle tasks with higher com-
plexities by combining multiple components [96]. These systems are modular and
can include various Al components. While agents use LLMs in a monolithic fashion,
Compound Al Systems use LLMs and other tools like frameworks for information
retrieval, system calls to external services, etc. All these components work in unison
to achieve the objective for which this system was created, while overcoming the
limitations of a monolithic AI Agent. These components range from ML models,
LLMs, Reinforcement Learning (RL) models to information retrieval mechanisms
like RAG, web search, specialized knowledge bases, and even other agents. This
allows for the creation of such systems tailored for each need [96, 72].

While agents are systems where the potent LLMs are applied to automate tasks to
achieve certain objectives, compound Al systems orchestrate interactions between
multiple components, which can sometimes be multiple agent systems as well. In-
stead of having one generic multi-purpose Al agent, multi-agent systems, where
multiple autonomous agents collaborate to achieve a common goal, are becoming
more and more popular [27]. These systems perform diverse tasks in a coordinated
fashion, such as automating software engineering workflows including code genera-
tion, testing, and documentation [41]. In the domain of software engineering, par-
ticularly for API implementations, multi-agent systems can be employed to increase
efficiency and performance by distributing responsibilities among highly specialized
agents. For example, one agent could be tasked with understanding the OpenAPI
specifications provided, another with generating the corresponding API code, and
a third with validating and refining the output based on feedback from a human
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or execution logs and results [41]. Nevertheless, the deployment of multi-agent sys-
tems faces several challenges. These include managing the inherent complexity of
coordination between agentic interactions, ensuring that all agents work towards a
unified goal, and high coupling between agents’ I/O [27, 41]. Despite these obstacles,
multi-agent systems hold significant potential for advancing automation in software
development processes.

2.11 Automatic Programming

Automatic programming is an ever-evolving programming paradigm in which some
underlying mechanism generates a computer program. This concept has been rel-
evant ever since the inception of Al. This paradigm synthesizes a program from a
specification that belongs to a higher level of abstraction and is easy for humans
to specify. For automatic programming to be effective, the specification must be
concise when compared to a computer program written in a conventional program-
ming language. Writing or rewriting a computer program involves the programmer
being knowledgeable in concepts such as algorithms, data structures, and identifying
design patterns in programs [44].

Automatic programming involves the use of Al for:
o Representing, finding, and instantiating design patterns in computer programs.

o A search technique to find the combination of different program components
to synthesize a program that accomplishes the task [44].

While automatic programming refers to the automation of code creation in the
broader sense, there are other interconnected programming paradigms that are spe-
cializations of automatic programming, such as inductive programming and program
synthesis, which follow the underlying principles of automatic programming, that
is, automatically generating code from some specification.

2.11.1 Program Synthesis

Program synthesis is a programming paradigm that follows the underlying principle
of automatic programming: the ability to derive code from some formal specifica-
tion. However, program synthesis emphasizes differences from other programming
paradigms, like inductive programming, so that the program synthesized satisfies
the user’s intent while being consistent with the specification. This differs from pro-
gram verification, where an existing program is verified against expected behavior.
Whereas, in the case of program synthesis, a program is correctly created based on
the specification. Also, program synthesis requires that the specifications be more
formal and complete. Program synthesis utilizes deductive reasoning and formal
methods for synthesis, where, based on the specification, the synthesizer performs a

search through a program space to compose a program that fulfills the user intent
(23, 46].
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2.11.2 Inductive Programming

Inductive programming is yet another paradigm that follows the underlying princi-
ples of automatic programming. For program synthesis, the specification needs to
be formal and complete, and the programs are synthesized using deductive reason-
ing. Inductive programming, on the other hand, can use specifications that can be
incomplete and informal, like input/output examples and constraints. Then, based
on the input specification, a search is done within a program space. Subsequently,
the candidate program is synthesized based on evolutionary or systematic search
methods and verified against the input-output examples using the generate and test
approach [25].

2.11.3 Key Dimensions of a Synthesizer

In order to automatically synthesize a computer program, the system that synthe-
sizes the program, i.e, the synthesizer, is characterized by these three main dimen-
sions [23]:

e User Intent - The specification: The intent for which the program is syn-
thesized should be described to the synthesizer in the form of a specification.
Based on the paradigm, the specification can be in natural language, input-
output examples, formal and complete specifications like formulae, traces, and
higher-order specifications in the form of partial programs [24].

e Search Space - The knowledge base: The search space is the space that
contains the candidate programs, over which the desired program will be se-
lected for synthesis. There also arises the need for the search space to be opti-
mized for expressiveness and efficiency. If the space is not expressive enough,
the synthesizer might fail to include programs in the synthesis that might be
relevant to fulfill the user’s intent. But, the space should also be restrictive
enough for the synthesizer to be able to perform an efficient search over a do-
main of programs that are compliant with efficient reasoning in synthesizing
a program to fulfill the intent [24]. A space with programs that fall under the
domain of the user’s intent plays a pivotal role in the automatic programming
process. Automatic programming systems that lack such a knowledge base
make the system non-feasible in solving problems in a non-trivial domain [5].

e Search Technique: The technique used to synthesize the relevant programs
is a key in any automatic programming paradigm. These techniques depend on
the specification and also the search space over which the search is performed.
These techniques are ranged across many methods like search logic deduction,
induction, constraint solving, and ML techniques like probabilistic inference
and genetic programming [24].
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2.11.4 Program Synthesis with ML Models

Recently, applications of Inductive Program Synthesis (IPS) are on the rise, due
to the recent insurgence in ML-based search techniques like symbolic and neuro-
symbolic search [3]. Some of these applications synthesize programs based on differ-
ent specifications to solve problems in domains like regex, math, list functions, and
string formatting [17, 4, 64, 16]. The knowledge base used by most of these imple-
mentations to synthesize programs is either composed of Domain Specific Languages
(DSL) [23] or languages that are curated with the scope of only being program syn-
thesis [3]. Program synthesis using ML models with general-purpose programming
languages remains an avenue for further research.

2.11.5 Program Synthesis with LLMs

LLMs have shown their ability to generate texts in multiple forms, including code [33,
3], as they are trained on many code datasets. When it comes to using LLMs to
synthesize code using a paradigm such as inductive program synthesis, LILO uses
LLMs to name functions or libraries that the system learns while the system does a
neural-guided search over a search space of DSL programs [21, 17]. LLMs are also
being used in assisting program synthesis, acting as a tool for verification to conduct
a more efficient search for syntax-guided synthesis [54]. While program synthesis
paradigms that don’t involve an LLM have a need for formal and complete specifi-
cations, those that do can be flexible in this matter. LLMs have shown potential in
synthesizing programs across various complexities, from synthesizing functions that
carry out a single operation to solving complex math problems [3]. The potential of
LLMs in generating code can also be used to create a search space full of programs
based on a specification. Moreover, reasoning capabilities could potentially be used
to choose the correct programs from the search space that fulfill the user’s intent.
The use of LLMs in such cases remains largely unexplored.
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Related Work

3.1 Library Learning

Programmers use function abstraction as a means for hiding the complexity of a
program. This is an efficient way of programming as it dismisses the need to rein-
troduce the underlying primitives (fundamental building blocks of a program) that
were abstracted into a function. Library learning is a concept that experiments
on building high-level functional abstractions, complementing inductive program
synthesis by automatically discovering reusable functional components using pre-
defined low-level primitives. This enables the code generation process for solving
problems to be more efficient and abstract [9]. For instance, solving simple math
problems using library learning may entail curating the operators, such as addition
and multiplication (primitives), needed to solve the given problems. Then, based on
input-output examples, an ML model will do a search to find the operator that solves
the problem. As the problems get more and more complex, library learning invokes
techniques to come up with new solutions that are synthesized using solutions that
were used to solve programs of lower complexity.

3.1.1 Library Learning Complements Program Synthesis

The use of inductive programming and ML techniques for program synthesis has
been relevant since their inception [23], even before the LLM “boom” Among
the notable advancements, library learning and inductive program synthesis have
emerged as powerful tools for abstracting and automating complex problem-solving
tasks [16, 17, 21]. For example, "DreamCoder” demonstrates the capability to boot-
strap inductive program synthesis using a "wake-sleep” library learning approach,
effectively enabling systems to refine and expand their libraries of reusable programs
over time [17]. This novel iterative approach, which is largely based on the foun-
dational "wake-sleep” algorithm [32], shows the potential for intelligent systems to
improve their generative capabilities through structured feedback and optimization.
Dreamcoder employs the "wake-sleep" cycle. During the "wake" phase, it synthesizes
solutions, while during the "sleep" phase, it recognizes the kinds of programs that
produce certain behaviors and creates a high-level library. In a quite similar fashion,
"DeepCoder” combines neural networks with symbolic reasoning to generate small
programs from input-output examples [4].
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Furthermore, systematic program synthesis techniques, such as sketching [78], em-
phasize the importance of creating reusable and comprehensible artifacts. More
recently, LILO which is built on top of Dreamcoder, introduces methods for learn-
ing interpretable code libraries through compression and automated documentation
using LLMs [21]. When LILO learns a new code library, unlike Dreamcoder, it names
the library based on its functionality. Therefore, this helps restrict the search space,
when the model tries to solve a similar problem. All these approaches to library
learning rely upon the primary objective of inductive programming synthesis to
solve problems across multiple domains, and ultimately follows the perennial dream
in Artificial Intelligence, which is to build a machine that learns like a human does,
starting from much less and progressively learn towards solving complex problems
[17, 84]. But these implementations of library-learned models solve domain-specific
problems using DSL.

3.2 LLMs for Programming in Software Engineering

Most software engineering workflows that make use of traditional ML models are
typically designed to solve specific tasks, while being data-hungry during training
[17, 21]. Implementations like LILO and Dreamcoder rely on large amounts of
input-output examples and curated tasks for the models to be trained on. Even
software engineering workflows that use LLMs mostly use these models for the pur-
poses of code generation when compared to program synthesis. Program synthesis
is a paradigm where a high-level program is constructed from the ground up us-
ing abstract low-level fundamental specifications. Synthesizing a program involves
defining the program space, which contains all the possible candidate programs,
identifying the intent for which the program is generated from formal specifica-
tions, and performing the search in the program space to synthesize the solution
based on the given intent [23, 25]. Whereas, code generation takes higher-level
representations and converts them into target code without necessarily deriving its
functionality from scratch [33]. Most LLM-based agents like QualityFlow [34] and
the applications of LLMs in generating programs to solve problems [3] rely upon
code generation rather than program synthesis. Systems using RAG to give context
to the LLM while writing code could be limited by their sub-optimal performance in
finding useful information that helps the synthesis process during retrieval [53, 90].
This highlights the constraints that a pipeline may face in synthesizing code from
retrievals. Also, LLM-infused software systems that address all three dimensions of
program synthesis remain an avenue for future research.

3.3 LLM-based Systems in API Development

When it comes to automating the generation of microservices implementations using
LLMs, there are applications where LLMs are used to convert OpenAPI Specifica-
tions into REST API implementations. A related paper presents a CRUD microser-
vice generator implementation which translates a natural language description into
an OpenAPI specification [11]. Then, this specification is given to another LLM,
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which produces the server code. LLMs are also invoked to fix faults in the gener-
ated specifications or code if they do not meet the user’s expectations. Moreover,
LLMs have shown potential in automating the testing process of RESTful APIs at
Volvo [88]. These applications show the ability of LLMs to work with OpenAPI
specifications to create and test REST API implementations.

3.4 Gaps in Research

3.4.1 Program Synthesis in Software Workflow Automation

Despite all these notable advancements, the specific application of these method-
ologies when it comes to the automation of generating vehicular REST APIs, or of
any other software workflow, using program synthesis at this scale, particularly in
the context of CAN signal specifications abstracted as functional interfaces, remains
unexplored.

3.4.2 Enhancing Al-powered Program Synthesis

Even though the program synthesis paradigm has many applications, the contribu-
tion of modern advancements in Al tools and techniques in addressing the three
dimensions of programming is still at the dawning stage on a horizon of countless
possibilities. The search space for program synthesis, to be expressive yet restric-
tive, has always limited the space to be populated with domain-specific languages.
Also, the search techniques for finding the best candidate programs have mostly
been traditional search techniques like brute-force or machine learning techniques
like probabilistic inference and genetic programming [24]. The use of powerful em-
bedding models and vector databases to construct an effective search space, vector
search to perform an efficient search, and the code generation capabilities of LLMs
in populating the search space and as a synthesizer remains to be seen.

3.5 Addressing the Gaps

This thesis aims to address these research gaps and push the boundaries of current
research while contributing a novel application to the growing field of intelligent
software process automation.

LLMs endeavor in code generation, reasoning, and semantic understanding capabili-
ties, even in the context of OpenAPI Specifications, compared to traditional machine
learning models. So, incorporating these potent LLMs in a workflow that employs
library learning and program synthesis characteristics might make building a system
that can learn abstract low-level concepts possible. Through synthesis across dif-
ferent levels with its evolving library of previously learned lower-level concepts, the
system can synthesize programs to solve problems at a higher level, using the lower-
level programs complementing library learning and program synthesis, where each
high-level component of the API will be built upon small, fundamental, reusable

25



3. Related Work

low-level system components. This approach aligns with this study’s objective of
generating high-level artifacts (APIs) from low-level CAN signals.
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Methods

4.1 Research Methodology

This thesis follows the design-science research (DSR) methodology. The design-
science paradigm is built upon the goal to extend human and organizational capabil-
ities by creating new and innovative artifacts. Design-science promotes developing
theories or building artifacts based on business needs using applicable knowledge
from existing research. Then the developed theories or artifacts should be evaluated
and justified against the business needs for which the artifact was built, on top of
making valuable research contributions [31]. The design of an artifact plays a central
role in design-science research. In the field of information systems or information
technology, DSR necessitates the creation of a functional artifact for a specific prob-
lem and evaluation to ensure the utility of the artifact for that problem.

With regards to the creation of the artifact, design-science emphasizes the following
guidelines [31].

e Design as an Artifact - It stresses that the research must produce an artifact
that can be implemented and applied in an appropriate domain.

e Problem Relevance - The objective of the research is to develop a solution for
a real business problem.

e Design Evaluation - The utility of the artifact must be demonstrated via well-
defined evaluation methods.

o Research Contributions - Provides contribution to research in areas of design
artifact, etc.

o Research Rigor - Appropriate and well-established methods should be applied
in the design and evaluation of the artifacts.

o Design as a search process - Design of the artifact requires utilizing available
means to reach desired ends.

o Communication of research - The research must be presented to both technol-
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ogy and business-oriented audiences.

The problem that our proposed system tries to solve complements DSR’s objective,
which is to find solutions for practical problems through design. A central piece
in DSR is the artifact; in our case, the artifact is the system that automates the
SPAPI development process. Also, the approach that we take to solve the problem,
i.e, by designing the system that synthesizes RESTful APIs, and then evaluating the
utility of the system by testing the synthesized APIs, reflects the DSR guidelines
for developing and assessing the created artifact.

4.2 Automating SPAPI Development

Several challenges arise in developing a system to automate such a complex work-
flow in an industrial setting. A key difficulty lies in determining when and how to
integrate automation tools, such as LLMs and scripting techniques, into the devel-
opment process.

This study proposes an approach that decomposes the conventional development
workflow into distinct yet interdependent processes and builds a software system,
SPAPI Coder, to emulate and enhance this workflow. By rethinking the manual pro-
cess, the proposed system aims to improve efficiency and correctness while reducing
the need for extensive manual coordination.

4.2.1 Decomposing the Manual SPAPI Development Pro-
cess

The automation of SPAPI development relies on two complementary principles: in-
ductive program synthesis and library learning. Enabled by LLMs, these approaches
provide a framework for decomposing the complex task of generating API endpoints
into more manageable subproblems and creating reusable components for efficiency.
This section outlines how these principles guide the development of SPAPI Coder,
designed to rethink the manual SPAPI development process by leveraging patterns
extracted from its workflow.

4.2.1.1 The Guiding Premise for Process Decomposition

The interplay between library learning and inductive synthesis is central to our ap-
proach in building our proposed system, SPAPI Coder. Library learning identifies
reusable primitives, while inductive synthesis uses these primitives to generate new
endpoints that adhere to OAS specifications. Prompt engineering with LLMs fa-
cilitates this process and enables the discovery of components and the synthesis of
code without extensive manual intervention. Together, these principles rethink the
manual SPAPI development process, leveraging its structure to create a scalable,
automated solution.

Inductive Program Synthesis - Even though most synthesizers and research sur-
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rounding program synthesis are founded upon solving complex proofs and theorems
using DSL [23], the advances in Al could push the boundaries of the definition of
program synthesis, especially when the scale of the problem requires that it be di-
vided into subproblems [97]. In the context of SPAPI development, the complexity
of translating OpenAPI specifications and CAN signal mappings into functional API
endpoints necessitates breaking the problem into smaller, manageable subproblems
[68].

To address this, SPAPI Coder decomposes the SPAPI development process into three
abstraction levels, inspired by the manual workflow but restructured for automation.
This method of decomposition mirrors successful applications of task reduction in
program synthesis [77, 12, 98], enabling SPAPI Coder to tackle the complexity of
API development while ensuring functional correctness.

Library Learning - In the automated SPAPI development, SPAPI Coder employs
characteristics of library learning by constructing a hierarchical library of reusable
components at different abstraction levels, from low-level CAN signal interactions
to high-level API property mappings and endpoint implementations. These compo-
nents reduce the search space for synthesis by providing predefined building blocks
that encapsulate common patterns in SPAPI development.

For SPAPI automation, a high-level library for interacting with CAN signals based
on partial or vague signal descriptions, such as those found in CAN databases or
proprietary documentation, acts as a primitive. For instance, a component in this
library might encapsulate the logic for accessing a CAN signal like ACMode.On,
abstracting low-level CAN Signal details into a reusable function. This library is
then used during inductive synthesis to map API properties to CAN signals ef-
ficiently. For example, when synthesizing the /cabinclimate endpoint, SPAPI
Coder can draw on library primitives that handle climate-related CAN signals, re-
ducing the need to generate such logic from scratch. By constraining the synthesis
search space, the library enhances the efficiency of the search and correctness of
generated endpoints.

4.2.2 Decomposed Levels of the Manual SPAPI Develop-
ment Process

The manual implementation of SPAPI endpoints involves three interdependent pro-
cesses. Each of these processes requires coordination among multiple teams, includ-
ing the SPAPI team, control system teams, application teams, and testing teams.
These processes are not strictly sequential but often iterative, with feedback loops to
refine outputs based on stakeholder input or evolving requirements. The processes
are:

e Understanding CAN Signal Properties and API Documentation: En-
gineers analyze API specifications alongside CAN signal documentation. This
step establishes the foundation for mapping by identifying relevant signals and
their properties.
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o Mapping API Properties to CAN Signals: Based on client requirements
in the OAS, engineers map API properties to corresponding CAN signals and
their values. This process requires close collaboration with control system
teams to ensure accurate and meaningful mappings, often involving iterative
refinements or additions to align with application needs.

o Implementing API Endpoints: Using the mappings, engineers develop
functional API endpoints that integrate with the vehicle’s communication in-
frastructure. This step may necessitate revisiting earlier mappings or signal
interpretations to address implementation challenges or specification updates.

These processes are tightly coupled. Inaccuracies in signal understanding can lead
to incorrect mappings, which in turn affect endpoint functionality and requirements
alignment.

4.2.3 The Ideal SPAPI Development Automation System

Automating the process of synthesizing high-level API endpoint implementations
from CAN signals and API specifications raises the need for a system that emulates
the manual workflow through three modular abstraction levels:

o Level 3: Signal Abstraction - During this part of the pipeline, the system
processes CAN signal information from diverse data sources, such as CAN
databases and proprietary documentation, and represents it in an abstract,
machine-readable format. This abstraction enables the system to interpret
signal properties systematically, facilitating their use in subsequent mapping
tasks. This functional component acts as the interface that enables communi-
cation between the APIs and the CAN bus.

o Level 2: Signal - API Property Mapping - This level of the pipeline maps
API properties defined in the OAS to their corresponding CAN signals and
values, based on client requirements. By automating this process, the system
minimizes manual coordination and iterative revisions. It aims to produce
mappings that are consistent and aligned with the OAS.

o Level 1: SPAPI Endpoint Implementation - Using the mappings and
the endpoint definitions, this module generates high-level API endpoint im-
plementations. The system produces functional code that integrates with the
vehicle’s communication infrastructure.

Each level corresponds to a key process in SPAPI development, with subsequent
levels building on the outputs of the previous ones. However, the system allows
flexibility to initiate automation from any level if prior outputs (e.g., signal abstrac-
tions or mappings) are already available. The modular design of the system allows
each level to operate autonomously while maintaining dependencies between levels
to ensure coherence and easier per-module evaluation. For instance, accurate signal
abstractions at Level 3 are critical for reliable mappings at Level 2, which in turn

30



4. Methods

inform robust endpoint implementations at Level 1. SPAPI Coder, as shown in Fig.
4.1, is the system that we propose to automate SPAPI development.
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Figure 4.1: Architecture of the system that automates the SPAPI development
and testing process. Components enclosed in Red rectangular highlights indicate
that the particular system component invokes an LLM.

4.3 Data Sources

4.3.1 CANdb

The CAN database provides critical information about CAN signals used in SPAPI
development. For this thesis, a CANdb containing approximately 3,500 CAN sig-
nals was utilized, covering signals relevant to vehicle communication and control.

Information about these signals is used to create CAN signal abstractions at Level
3 of the SPAPI Coder pipeline.

4.3.2 OpenAPI Specifications

OpenAPI specifications in OpenAPI 2.0 YAML format serve as the primary input
for defining SPAPI endpoints. These specifications, developed and maintained by
the SPAPI teams at Volvo, outline the structure and requirements of REST APIs,
including endpoints for methods such as GET, PUT, POST, and DELETE. For this
thesis, we analyzed around 50 OASs containing information about around 170 end-
point implementations. These specifications provide the requirements for mapping
API properties to CAN signals and generating endpoint implementations, forming
the foundation for Levels 2 and 1 of the SPAPI Coder pipeline. A simplified and
sanitized version of CabinClimate API can be found in Appendix A.1.

31



4. Methods

4.3.3 Proprietary Data Sources

In addition to CANdb, proprietary software documentation tools within Volvo pro-
vide supplementary information about CAN signals, ECUs, and vehicle-specific
states. Although CANdb contains information about all the CAN signals regarding
the transmission through the bus, these tools contain more descriptive information
about the signals representing vehicle states, making it an important part for soft-
ware development and maintenance of software systems and frameworks that utilize
these components. This enriched information is vital for accurately interpreting
CAN signals during the signal abstraction phase (Level 3) and ensuring meaningful
mappings to API properties (Level 2). By integrating these proprietary sources,
SPAPI Coder can better contextualize signal data, improving the robustness of the
automation process.

4.3.4 Ground Truth Data for Testing and Evaluation

4.3.4.1 Signal-Property Mappings

Since the system that we build to develop API endpoints maps CAN signals to
corresponding API Properties, it is crucial to evaluate the mappings made by the
system against the actual signal mappings of human-generated endpoints. This
information is procured from a proprietary data source in a tabular form, amounting
to around 90 tables containing CAN signal to API property mappings. These tables
serve as a reference to assess the accuracy of mappings generated by SPAPI Coder
at Level 2, enabling quantitative evaluation of the system’s ability to align API
properties with corresponding CAN signals.

4.3.4.2 API Endpoint Test Scripts

Due to the fact that SPAPI Coder ultimately generates an API endpoint implemen-
tation, there is a need to test the APIs to verify their functional correctness according
to the specifications. As there is already a system developed at Volvo that generates
test scripts for the manually developed SPAPIs based on OAS [88], we utilize the
test scripts generated by this system to test the SPAPI implementations generated
by the automated development pipeline.

4.4 Level 3: Signal Abstraction

Since the lowest level of the SPAPI architecture involves the transmission and re-
ception of signals (vehicle states) through the CAN bus, there arises the need for
a component in the API implementation that can interact with the CAN bus. On
top of that, in order to do the API property synthesis at Level 2, CAN signals
should be presented to the system in such a way that it can capture the intent.
This intent is mapping the API properties with their corresponding CAN signal(s).
Hence, presenting each CAN signal as a functional component will not only help in
building the lowest level of the SPAPI implementation, but also help in acting as
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the program search space, using which the API property to signal mapping is done
in the next level of the SPAPI Coder pipeline.
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Figure 4.2: Architecture of the system at the CAN signal interface level. Com-
ponents enclosed in Red rectangular highlights indicate that the particular system
component invokes an LLM.

4.4.1 Data Preprocessing: CAN Signal Representation

As presenting the whole CANdDb to the LLM is not an ideal way of abstracting CAN
signal information to the system, we present each CAN signal to the system as a
flat dictionary of each signal’s properties. This is done so that it is easier for the
model to interpret a known datatype, such as JSON, than to present the CANdb as
plain text, as LLMs may fail to interpret the corresponding values and properties.
Also, a service developed in Volvo is utilized to get the natural language description
for signals, if available. This is done with the goal of providing more context to the
language model. An example of the signal representation of ACMode as a JSON
can be seen in Appendix A.2

4.4.2 SPAPI Coder at Level 3

Since the lowest level of the SPAPI architecture involves the transmission and re-
ception of signals (vehicle states) through the CAN bus, SPAPI Coder generates a
signal interface library which contains functions to read/write signals from/to the
CAN bus. These functions either return a vehicle state or set a certain state. This is
so that the high-level API endpoints can get information regarding a certain vehicle
state or set a certain vehicle state utilizing these functions.

All the vehicle states in the CAN bus are represented only as integer, float, or enum
data types, and are structured in the CANdb. Considering this, there arises the
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question whether one could render these functions from a common program template
instead of employing an LLM to do so. In the manual SPAPI process, engineers map
these CAN signals to API properties. This involves the engineers’ understanding of
both the CAN signal and the API property. Since we are automating this process
using an LLM, it is necessary to generate the signal interface library so that the LLMs
can make proper semantic connections between the signal and the property. LLMs
might lack the knowledge and semantic understanding to perform this mapping
correctly. For example, the LLM can easily map the API property acMode to the
ACMode CAN signal. But it becomes harder for the LLMs to connect the property
AdaptiveFrontlightSystem to the signal AFSOn. So, in cases like this, it proves
vital that there is a need for a readable signal interface library.

So, to create this library, SPAPI Coder takes the preprocessed CAN signal infor-
mation and generates a library full of readable and easily comprehensible signal in-
terface functions. The LLM names these functions accordingly and adds docstrings
based on the available signal names and their descriptions, improving readability
and searchability. This is done to restrict the search space and improve the search
technique during the next level. Appendix A.3 shows the abstracted signal code for
the ACMode signal, and the prompt for synthesis can be found in Appendix A.6.

4.4.3 SPAPI Tester at Level 3

It is vital to test any software component that is developed, which makes it trivial
to evaluate all the artifacts that SPAPI Coder produces, not only because the signal
interface library at Level 3 is LLM-generated, but also to test if it is functional.
Testing these functions will help verify that these functions’ interface with the CAN
bus with regard to the particular vehicle states is valid.

The functions that SPAPI Coder generates at Level 3 will either read a vehicle
state from the CAN bus or set a vehicle state. Since all the possible vehicle states
are documented in the CANdb in a standardized way, it is possible to test these
functions with the same signal information used to generate the function without
the need for an LLM-generated test suite.

For instance, once the write__ac__mode(acmode) signal interface function is
generated for the ACModeRequest signal using its signal specification and the
same description, we create test cases, where in the case of this signal, the vehi-
cle states are represented as enums. So, in this scenario, we render test scripts to
test write__ac__mode(acmode). This includes testing this function with valid
enums, invalid enums, and invalid inputs based on the information available from
the signal documentation. In the case where the vehicle states are represented as
int or float like write__alarm__minute (minute) for the alarmMin signal, these
signals have a specific range, and setting a value out of this range makes the trans-
mission of this signal through the CAN bus not possible. So in this case, we test
write__alarm__minute(minute) with boundary values, valid and invalid values.

For the read signals, it is set so that the CAN bus transmits only random valid
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values. We then test whether the value from the CAN bus falls within the correct
range. For enums, we test that the enums that the CAN bus transmits are actually

valid enums for that particular signal, based on the specification. For the suite that
tests ACMode see Appendix A.11.

Then, based on these test results, we flag the functions with failed and flaky test
cases and invoke an LLM to assess what might have caused the test to fail. In case
the code is wrong, the signal interface function is rewritten.

4.4.4 Data Postprocessing

Once these CAN signal interface functions are generated, they are turned into numer-
ical vector embeddings using embedding models and stored inside a vector database.
This is so that the generated CAN signal interface functions can act as the search
space for the program search conducted during the next level of synthesis. The
function codes as files are also stored inside a git repository.

4.5 Level 2: Signal - API Property Mapping

Now that the signal interface libraries are generated in Level 3 of the SPAPI Coder
pipeline, the next level of the pipeline can be triggered to synthesize API Properties
by mapping their values to their corresponding CAN Values.

4.5.1 Data Preprocessing: API Property Representation

When synthesizing API properties using the signal abstractions generated at Level
3, we present the API properties in such a way to the system that it is not over-
whelmed by all the properties in the OpenAPI specification. A single OAS may
comprise several endpoints, each endpoint containing several API properties. There-
fore, presenting the whole OAS to the LLM might make it difficult for the LLM to
do the mappings for each API property in an OAS at a single instance.

4.5.2 SPAPI Coder at Level 2

This level involves programming functions for each of the SPAPI endpoint properties,
using one or more functions from the signal interface library from Level 3. For
instance, the AC case requires get and put functions for acMode, which read/write
the ACModeRequest signal. This may be a one-to-one mapping, but mapping
might be one-to-many for some cases, like the alarmTime property. There, the
required signals are, for example, alarmMin and alarmHr. If the signal library
contains a large number of signals, mapping a property to its signal becomes a
challenge.

To synthesize the API property, we parse through the OpenAPI specification to
get the API properties for each endpoint. For each property in the endpoints, we
use the API property and its description as a retrieval context for RAG to retrieve

35



4. Methods

§V:egger: "2.0" _sv'vagger: "2.0" SPAPI-Coder : Level 2 SPAPI-Tester : Level 2
info: info:

OAS | paths:
Jalarm:

put_acMode.py @@
— q ) Signal - Property Mapping
get_alarmTime.py

l o
B Mapping Equality Check |
1=

lam

=
—
@ (o] |

APlinfo

“out, ge ime”,
“int

» “for e” I
"description”: Sets the “de: ines . .
AC mode* e setal « 1 T

| =i
! RN =
} } . x—=]:

N —

l RAG Retrievals : Ground Truth
T 3 Specification |
1010 @@ - o AR Code
0I0 - RAG Retrieval \ '/ Alignment . R
P | epo
’ |

"enum": [ "STD", "ECO"
1

|
| : .
/ L . RAG Evaluation | put_acMode.py
/ ——— =S| X=
', " - Ir I l ¥ =] : | get_alarmTime.py
7’
| !
H : -
| |:| |:| & Post-processing
Vector DB | 0 |

Evaluation Metrics 1

Figure 4.3: Architecture of the system at the CAN signal to property mapping
level. Components enclosed in Red rectangular highlights indicate that the partic-
ular system component invokes an LLM.

only the relevant signals from the signal library stored in the vector database. This
shortlists the signals that can be mapped to the API property. We get the top N
signal interface functions based on their semantic similarity to the API property
and description. Using RAG as a search technique helps conduct an efficient search
through the program search space of signal interface functions. Then we invoke the
LLM with the task of mapping the signal functions to each API property. So, based
on the results from the RAG and the property information from the API documen-
tation, an API property function where the vehicle state to property mapping is
done is synthesized.

As part of RAG, vector database querying is used as a search technique because it
helps to significantly reduce the search space when compared to other approaches.
Other search techniques employed in conventional program synthesis tasks involve
mapping each API property to its corresponding signal by going through all of the
CAN signals. Whereas in the case of RAG, it has to go through only a number
of semantically similar CAN signals to do the correct signal property mapping. A
brute force search technique was tried out for previous iterations of SPAPI Coder,
but it was not long until it was clear that such methods are not scalable when the
system needs to handle hundreds of candidate programs at each generation step.

A synthesized program for acMode API property can be found in Appendix A .4,
and the prompt for synthesis - in Appendix A.7.
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4.5.3 SPAPI Tester at Level 2

For synthesizing the API properties at the second abstraction level, the LLM does
the mapping of the API property to a specific vehicle state based on the API spec-
ification. For the purpose of testing these mappings, we utilize the ground truth
property-state mappings that we already have.

We employ an LLM to extract the mappings done during the synthesis stage. Then
we compare the property-state mapping to the ground truth mapping. We invoke
two LLMs as judges, one of which checks if the API property value to CAN state
mappings are valid. For instance, this LLM checks the code whether the "ON" API
property value is correctly mapped to the state of the signal "AcMode.On". The
other judge checks if the synthesized property follows the API specification from
the OAS, using which it was synthesized. An example of failing the specification
alignment judge would be that the property function has a branch that returns a
string that is not explicitly specified in the specification. The exact criteria that
the judges follow can be found in Appendix A.8 and A.9. Binary classification with
"YES" and "NO" as verdicts of the judge was selected over having a score such as
1-5. Using score ranges as a metric often led to the need to define what each score
represents properly. For example, it is challenging to decide how the LLM should
decide whether to give a judgment between 4 and 5. Hence, it becomes essential to
define what each score signifies. Whereas in the case of binary classification, there
is no need to define each metric to such an extent.

4.5.4 Data Postprocessing

As the properties in an endpoint get synthesized, we group all of the properties of
each endpoint together. This grouped API property information will then be used
in the synthesis of the API endpoints in the next stage of the pipeline. Furthermore,
once each API property gets generated, these property functions are stored in the
git repository.

4.6 Level 1: SPAPI Endpoint Implementation

Now that the system has synthesized the API properties, the next step is to synthe-
size the actual API endpoint implementation.

4.6.1 Data Preprocessing: API Router Boilerplate

OpenAPI specifications are formal specifications for designing RESTful APIs. These
specifications are widely used, standardized, and computer-readable while remaining
agnostic to the actual API endpoint implementation, making it generalizable. This
allows developers to build libraries that utilize these standardized specifications to
generate server stub codes and specify types for API properties. So, it is quite
common to use libraries to create stub code snippets for an API server in API-first
design. This usually involves providing a tool with the OAS for which the tool will
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generate a boilerplate server code based on the given specification. Without the
utility of such tools to generate boilerplate code for the system, it will be tedious to
prompt an LLM to generate an API endpoint implementation. Most libraries that
generate the stub code for APIs work only with the latest OAS version, that is OAS
3.x.x. Since the OAS version of SPAPIs is OAS 2.x.x, we use a tool to convert the
OAS 2.x.x documents to OAS 3.x.x in order to be compatible with the tools that
generate the server code stubs.

SPAPI-Coder : Level 1 SPAPI-Tester : Level 1

wagger: "2.0"
nfo:

‘S

OAS

swagger: "2.0"
info:

paths:
Jalarm:

paths:
/climate:

|
|
|
|
1 |
Data Pre-processing | Test Script Generator
l | l test_alarmclock.py
i test_climate.py
</ > | Test Script Sanitizer
Server Stub |
l |
|
@ I
|
l 7 () ]
| (CxxTn)
alarmclock.py
; |
climate.py .
= i —
I = - —=
1) :
APl Info API Code Repo

Figure 4.4: Architecture of the system at the API router level. Components en-
closed in Red rectangular highlights indicate that the particular system component
invokes an LLM.

4.6.2 SPAPI Coder at Level 1

The synthesis that happens at this level of the SPAPI Coder pipeline entails orga-
nizing the synthesized API properties into practical RESTful APIs for client use.
For the /cabinclimate endpoint, this involves grouping properties like acMode and
fanLevel for both get and put methods. We provide the model with the server stub
code and the API property groupings for each endpoint from Level 2, and the model
generates a high-level SPAPI endpoint. Once each SPAPI is synthesized, these APIs
are stored in the same git repository as before. An example endpoint implementa-
tion can be seen in Appendix A.5, and the prompt for synthesis can be found in
Appendix A.10.

4.6.3 SPAPI Tester at Level 1

Volvo has developed a tool that can generate test scripts to test SPAPI endpoints
which has been in active use [88]. We employ this tool to automatically generate
test scripts to test the endpoints that SPAPI Coder generates.
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4.6.3.1 Data Preprocessing: Sanitizing of API Test Scripts

Even though the test scripts are readily available and can be generated using the
tool to test SPAPIs, the test scripts will fail to work because of the difference in
testing dependencies between testing the API developed manually and the imple-
mentation developed using automation. So, the test scripts are sanitized by altering
the dependencies in order for the test scripts to be functional (see Appendix A.12).
After the sanitation step, these test scripts are also saved into the same repository.

4.6.3.2 Testing SPAPI Endpoints

As the automation system has been generating artifacts through all the abstraction
levels, they have also been stored in the git repository. Ultimately, the git repository
is populated with functional API endpoint implementations as shown in Fig. 4.5.

g —

CANdb

N
-
OpenAPI
Spec

OpenAPI|
Spec

| SPAPI Automation System |

SPAPI-Coder
Level 3

- & -

CAN Signal
Interface functions

l

SPAPI-Coder
Level 2

- & -

API Property
functions

|

SPAPI-Coder
Level 1

- @ -

AP| Endpoint
Implementations

SPAPI-Tester
Level 3

SPAPI-Tester
Level 2

| SPAPI Repository |

— main.py

SPAPI-Tester
Level 1

— tests

.

Run SPAPI Server

host:80/cabinclimate
host:80 /alarmclock

Figure 4.5: System workflow for SPAPI automation

—— utils.py
— api_artifacts
— signal_interface_lib

read_ac_mode.py
write_ac_mode.py
read_alarm_minute.py
read_alarm_hour.py

— api_properties

get_ac_mode.py
put_ac_mode.py
get_alarm_time.py

“— api_endpoints

alarmclock.py
cabinclimate.py

test_alarmclock.py
test_cabinclimate.py

@

_ Execute Tests

request.get(“host:80 /alarmclock”)
request.put(“host:80 /cabinclimate”)

Installing the dependencies and starting the API server allows for exposing the
generated SPAPI endpoints, against which the test scripts are executed.
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Results

While building a Compound Al System that automates the SPAPI development
process is the primary motivation behind this thesis, the successful realization of
whether the system implementation is actually effective in synthesizing API End-
points compliant with the specification can only be assessed by evaluating the arti-
facts that the system synthesizes at each abstraction level. The functional correct-
ness of the components synthesized at all three levels of the pipeline is fundamental
to the proper functioning of SPAPI.

For example, suppose an API property for CabinClimate synthesized at Level 2
is functionally wrong. In that case, it makes the entire endpoint non-functional
even though all the other generated artifacts for this particular endpoint might be
functionally correct. This urges the need to select the best combination of tools and
techniques to synthesize functionally correct API components at each abstraction
level, leading to several experiments to pursue this need.

5.1 Experiment Scope

The automation system is capable of synthesizing API components at all three
levels. The data available to us consists of 50 APIs that in total feature around 170
endpoints. Fach endpoint contains somewhere between 2 and 10 API properties,
or even more in some cases. Considering this, generating APIs using all these
specifications would require around 800 CAN signal to API property mappings.
If we handpick only the signals from the database that are supposed to be mapped,
introducing bias becomes inevitable. To eliminate potential bias, presenting the
system with the entire CANdb, containing around 3500 signals, is needed so the
system can search to map the correct CAN signal over a search space of a diverse
group of related and unrelated signals. Doing so would result in the pipeline making
approximately 4000 LLM calls for one iteration.

The goal of the experimentation is to find the best combination of tools and tech-
niques to make the system perform the best by producing functional components at
each abstraction level. However, because of time and resource constraints, we opted
to scope down the number of APIs to assess the best tools and techniques.
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For experimentation with the automation pipeline, we proceeded to do the experi-
mentation with 10 APIs consisting of around 16 endpoints. These APIs were hand-
picked so that there are APIs of varying complexity based on the number and im-
plementation logic of the API properties. For instance, we picked APIs that had
relatively low and high number of properties, and ones that had properties with
one-to-one and one-to-many signal mappings. A curated subset of ~120 signals di-
rectly mappable to API properties in the selected 10 OASs was extracted for the
signals. To mitigate the aforementioned bias toward easily mappable signals and
enhance the generalization of the performance of SPAPI Coder in doing the correct
mappings, approximately 380 additional signals were included, resulting in a total of
~500 signals. This curated dataset enables the system to learn robust mappings by
exposing it to a broader range of signal properties, supporting the signal abstraction
and mapping tasks at Levels 3 and 2 of the automation pipeline.

5.2 Experiment Design

The evaluation of the proposed system was conducted at the three abstraction lev-
els: Signal Abstraction (Level 3), Signal-API Property Mapping (Level 2), and API
Endpoint Implementation (Level 1). Additionally, the performance of the Retrieval-
Augmented Generation component, which is crucial for Level 2 onwards, was specifi-
cally evaluated. Different embedding models, LLMs, and prompting techniques were
employed to identify the most effective configurations. Due to resource and time
constraints, a greedy approach to evaluation was utilized, meaning that the best
configuration was picked for each level, and it was used at the subsequent levels.
This approach assumed that the combination of local optima would approximate
a global optimum, given the impracticality of testing all unique combinations of
configurations across levels.

For all the instances where we use an LLM to generate an API artifact, we employ
only the GPT-4o, Llama 3.3 70b, and Qwen2.5 Coder 32b models. This is due to the
fact that the reasoning models by DeepSeek are significantly slower in generating
answers compared to the other models, acting as a bottleneck when running the
pipeline. Although, when using the LLMs as judges, we employ a reasoning model
to curate findings into whether the reasoning capabilities of LLMs contribute to
their ability to judge when compared to non-reasoning models. The Qwen Coder
model is not employed as a judge, as it is the smallest model we have, and it is fine-
tuned to produce code. Temperature, in the context of LLMs, is often associated
with creativity and novelty. But recent research shows that the correlation between
temperature and creativity and novelty is much weaker than the claims [69]. Another
study shows that temperatures below one do not have a statistically significant
impact on LLM performance for problem-solving tasks [71]. Keeping these studies
in mind and the need for better reproducibility across different pipeline runs, we
decided to set the temperature to 0 for all LLM calls in the pipeline.
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5.3 Level 3

The signal abstraction level involves synthesizing interface functions to read or write
vehicle states from or to the CAN Bus. The performance of LLMs in generating
signal interface functions at Level 3 is evaluated based on test outcomes, catego-
rized as Pass, Fail, or Flaky. In our case, a flaky test case outcome means that
the tested object is functionally correct under expected conditions but fails to han-
dle unexpected situations gracefully, often due to insufficient exception handling.
Table 5.1 summarizes these results for test results of the SPAPI Coder generated
signal interface functions with GPT-40, Llama 3.3 70b, and Qwen2.5 Coder 32b, us-
ing various prompting techniques: zero-shot, one-shot, few-shot, and few-shot with
chain-of-thought.

SPAPI Coder’s performance using GPT-40 demonstrates strong and consistent per-
formance, particularly with one-shot, few-shot, and few-shot with Chain-of-Thought
(CoT) prompting, achieving 429 passes and 2 flaky results, with no failures. Unsur-
prisingly, its zero-shot performance is slightly lower, with 364 passes, 1 fail, and 32
flaky results.

Results of the system with Llama 3.3 70b are less consistent compared to GPT-
40. Llama performs best with few-shot chain-of-thought prompting, resulting in 423
passes, 3 fails, and 5 flaky results. The zero-shot performance is comparable with
421 passes, 3 fails, and 7 flaky results. Performance decreases with one-shot (394
passes, 16 fails, 21 flaky) and few-shot (377 passes, 50 fails, 4 flaky) prompting. The
pipeline led to an unexpected failure while conducting the experiment for the zero-
shot prompting technique with the Llama model, after it had generated around 300
signal interface functions due to a programming error. By writing invalid Python
code, the model caused a system failure during the post-processing stage in the Level
3 pipeline. Hence, zero-shot with Chain-of-Thought was used as the prompting
technique to carry out this experiment.

SPAPI Coder, paired up with Qwen2.5 Coder 32b achieves its highest pass rate
with few-shot CoT prompting (428 passes, 0 fails, 3 flaky), keeping it consistent
with the previously tested models. It is closely followed by few-shot (427 passes, 1
fail, 3 flaky) and one-shot prompting (425 passes, 2 fails, 4 flaky). The zero-shot
performance is considerably lower, with 288 passes, 8 fails, and 135 flaky results.

These results highlight the importance of prompt engineering when employing LLMs
for program synthesis tasks. The consistent upward trend of passing test cases as
language models are given more input-output examples to work with supports the
claims from previous research that LLMs are few-shot learners [10, 56, 91]. Although
the correctness of functionality is important, selecting the best configuration solely
based on the number of passing test cases is not enough. The other main objective
of Level 3 is to produce a meaningful interface from vague information about a
CAN signal. For instance, if ACMode signal is falsely understood as "Alternating
Current Mode" by the LLM, the function signature and related docstrings will be
semantically wrong, considering that the mapping module will likely look for a signal
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LLM Technique Test Results
Pass Fail Flaky
Zero-shot 364 1 32
One-shot 429 0 2
GPT-4o Few shot 429 0 2
Few shot + CoT 429 0 2
Zero-shot* 421 3 7
One-shot 394 16 21
Llama 3.3 70b Few shot 377 50 4
Few shot + CoT 423 3 5
Zero-shot 288 8 135
One-shot 425 2 4
Qwen2.5 Coder 32b Few shot 427 1 3
Few shot + CoT 428 0 3

Table 5.1: Level 3 LLM performance evaluation by prompting technique based on
executed tests. * with CoT

related to "Air Conditioning". In this case, the mapping at the next level will likely
be incorrect, as the chance that the RAG returns the correct signal is low. With this
in mind, an additional evaluation step for the CAN signal abstraction level must be
developed.

54 RAG

The effectiveness of the RAG component in retrieving relevant signal interface func-
tions is assessed using different embedding models and LLMs, with and without
reranking. Moreover, given the results from the previous evaluation step, CAN
interface functions generated by few-shot with chain-of-thought prompting are se-
lected for each available language model. The code corpus is then embedded with
each embedding model and put into Chroma-powered vector database. Retrieval is
evaluated using five retrieval configurations. Three of them do not involve rerank-
ing: top 5, top 10, and top 20 results. The remaining two configurations feature
a dedicated reranker model, tinyBERT !, where we first retrieve the top 2 - N re-
sults, rerank them, and return only half of the reranked results, top N. Findings
are presented in Table 5.2. Note that when language models are mentioned in this
subsection, it refers to the signal interface code generated by that model in Level 3.

For Instructor XL embedding model, without reranking, accuracy for GPT-40
ranges from 0.86 (top 5) to 0.94 (top 20). Signal code generated by Llama 3.3 70b
shows accuracies from 0.84 (top 5) to 0.95 (top 20), and Qwen2.5 Coder 32b from
0.88 (top 5) to 0.96 (top 20). With reranking, the accuracies for top 5 and top 10

Thttps://huggingface.co/cross-encoder /ms-marco-TinyBERT-L2-v2
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results are generally similar or slightly lower for some configurations compared to
no reranking. For instance, with reranking (top 10), GPT-40 achieves 0.92, Llama
3.3 70b achieves 0.91, and Qwen2.5 Coder 32b achieves 0.91.

Using BGE-M3 embedding model without reranking, GPT-40 accuracies are 0.85
(top 5) to 0.94 (top 20). Llama 3.3 70b ranges from 0.84 (top 5) to 0.94 (top 20), and
Qwen2.5 Coder 32b from 0.86 (top 5) to 0.94 (top 20). Reranking with BGE-M3
shows varied results; for example, at top 10, GPT-40 has 0.87, Llama 3.3 70b has
0.87, and Qwen2.5 Coder 32b has 0.91.

With Text Embedding Ada 002, without reranking, GPT-40 accuracies are 0.81
(top 5) to 0.94 (top 20). Llama 3.3 70b shows 0.83 (top 5) to 0.94 (top 20), and
Qwen2.5 Coder 32b shows 0.83 (top 5) to 0.93 (top 20). Reranking (top 10) yields
accuracies of 0.91 for GPT-40, 0.88 for Llama 3.3 70b, and 0.89 for Qwen2.5 Coder
32b.

Text Embedding 3 Large model generally yields high accuracies. Without rerank-
ing, GPT-40 ranged from 0.88 (top 5) to 0.95 (top 20). Llama 3.3 70b achieves 0.88
(top 5) to 0.97 (top 20), and Qwen2.5 Coder 32b shows 0.87 (top 5) to 0.96 (top
20). With reranking (top 10), accuracies are 0.87 for GPT-40, 0.85 for Llama 3.3
70b, and 0.91 for Qwen2.5 Coder 32b.

The evaluation results reveal several key insights about the RAG component’s per-
formance. Notably, reranking does not consistently improve accuracy across con-
figurations but often yields similar or lower accuracies compared to non-reranked
setups. This contradicts our expectations that reranking would refine result rele-
vance. As anticipated, increasing the top N results (from 5 to 20) generally improves
accuracy across all embedding models and LLMs. The top 20 configurations achieve
the highest accuracies (e.g., up to 0.97 for Llama 3.3 with Embedding 3 Large).
However, this increase in accuracy comes at the cost of lower precision, as retriev-
ing more results introduces additional, potentially irrelevant context. This poses a
challenge for the subsequent mapping step in the pipeline, where selecting the most
relevant 1 or 2 signal interface functions from a larger pool (e.g., 20 candidates)
becomes more complex compared to a smaller set (e.g., 10 candidates), potentially
impacting overall system efficiency.

Despite GPT-40 generating signal interfaces with the best test case results, genera-
tions with Llama 3.3 70b language model paired with the Text Embedding 3 Large
embedding model and a top 10 retrieval configuration without reranking are selected
as the optimal setup for this study. This choice is driven by its strong performance
within the RAG pipeline as it achieves a high accuracy of 0.94, the best accuracy
at top 10, and is on par with the best top 20 configurations with other embedding
models. This balances the trade-off between retrieval accuracy and precision.
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Embedding Model Retrieval Accuracy
GPT - 40 LLama 3.3 Qwen Coder
Top 5 0.86 0.84 0.88
Top 10 0.92 0.93 0.92
Instructor XL Top 20 0.94 0.95 0.96
Top 5 (R)” 0.86 0.86 0.84
Top 10 (R)" 0.92 0.91 0.91
Top 5 0.85 0.84 0.86
Top 10 0.89 0.90 0.92
BGE-M3 Top 20 0.94 0.94 0.94
Top 5 (R)” 0.81 0.82 0.85
Top 10 (R)" 0.87 0.87 0.91
Top 5 0.81 0.83 0.83
. Top 10 0.92 0.92 0.88
Embedding Ada 002 o 0.94 0.94 0.93
Top 5 (R)” 0.88 0.83 0.85
Top 10 (R)" 0.91 0.88 0.89
Top 5 0.88 0.88 0.87
. Top 10 0.92 0.94 0.91
Fmbedding 3 Large /o 0.95 0.97 0.96
Top 5 (R)” 0.83 0.81 0.85
Top 10 (R)" 0.87 0.85 0.91

Table 5.2: Retrieval evaluation

" (R) indicates that a reranker was used in the retrieval process.

The LLM names indicate the model using which the Level 3 library was generated.
The selected combination for the next generation phase is in bold.

5.5 Level 2

The performance at Level 2 involves evaluating SPAPI Coder’s ability to generate
API properties, explicitly focusing on specification alignment and mapping correct-
ness. Using the best Level 3 generation picked from the step above, the system
creates API properties with the same LLMs as before. Yet, different LLMs are used
as evaluators (judges) instead of the previous level’s evaluations. Since this evalua-
tion step requires a higher degree of reasoning than pure code generation, Qwen2.5
Coder 32b is replaced by DeepSeek R1 Distill Llama 70b, which is a reasoning model.
Moreover, an ensemble of LLMs-as-judge is introduced. It represents a majority vot-
ing system including GPT-40, Llama 3.3 70b, and DeepSeek R1 Distill Llama 70b.
Table 5.3 details the performance metrics (Accuracy, Fl-score, Recall, Precision)
for the judges. To calculate these metrics, manual labelling of the generated API
properties was required to establish a ground truth, as automated evaluation alone
was insufficient for capturing the nuanced reasoning needed in this step.
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For GPT-40 generations, specification alignment metrics range from 0.78-0.83 (Ac-
curacy), 0.87-0.90 (F1), 0.89-0.94 (Recall), and 0.84-0.87 (Precision), with Llama
as the evaluator achieving the highest accuracy (0.83). For mapping correctness,
GPT-40 generations show 0.76-0.84 (Accuracy), 0.86-0.90 (F1), 0.92-0.98 (Recall),
and 0.77-0.85 (Precision), with DeepSeek performing best (0.84 Accuracy). Llama
3.3 generations follow a similar trend, with mapping correctness peaking at 0.85
(Accuracy) and 0.90 (F1) with the ensemble judge, though specification alignment
is slightly lower, e.g., 0.70 (Accuracy) with DeepSeek. Qwen2.5 Coder 32b gen-
erations consistently show lower performance, with specification alignment metrics
as low as 0.71 (Accuracy) and mapping correctness peaking at 0.83 (Accuracy) with
the ensemble.

LLM Judge Criteria Evaluator Acc F1 Recall Precision
GPT-40 0.78 0.87 0.89 0.84
S ecification Llama 0.83 090 0.94 0.87
P DeepSeek  0.82 0.89  0.92 0.86
GPT-4o Ensemble 0.79 0.88 0.92 0.84
GPT-40 0.76 0.86 0.98 0.77
N Llama 081 0.88 0.92 0.85
pping DeepSeek  0.84 0.90  0.96 0.85
Ensemble 0.83 0.90 0.98 0.83
GPT-40 075 0.84 091 0.77
S ecification Llama 078 0.85  0.90 0.81
p DeepSeek  0.70 0.79  0.80 0.78
Llama 3.3 Ensemble 0.77 0.85 0.90 0.80
GPT-40 0.83 0.90 0.99 0.83
Mannin Llama 0.78 0.86 0.91 0.82
pping DeepSeck  0.83 0.89  0.89 0.90
Ensemble  0.85 090 0.96 0.86
GPT-40 072 0.82  0.90 0.75
S ecification Llama 071 0.80 0.81 0.78
P DeepSeek  0.73 0.81  0.83 0.79
Quwen Coder Ensemble  0.75 0.83  0.88 0.78
GPT-40 0.79 0.88 0.98 0.80
N Llama 082 0.89 094 0.84
pping DeepSeek  0.79 0.86  0.89 0.84
Ensemble 0.83 0.89 0.97 0.83

Table 5.3: Performance metrics for the judges while generating API properties

The results suggest that LLMs may not be reliable as standalone judges for eval-
uating API property generations due to their inconsistent accuracy, particularly
for specification alignment, where metrics ranged from 0.70 to 0.83 across models.
However, their high recall, reaching up to 0.99 for Llama 3.3 with GPT-40 judge in
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mapping correctness, indicates strong capability in identifying relevant mappings,
potentially making them suitable as initial screening tools to capture a broad set of
correct outputs. Specification alignment proves more challenging, with lower accu-
racy and precision, likely due to the complex reasoning required to assess detailed
specifications. The ensemble judge provides balanced performance, reducing indi-
vidual model biases, but it does consistently outperform single judges like DeepSeek
or Llama. These findings highlight that while LLMs excel in high-recall scenarios,
their effectiveness as standalone evaluators is limited by variable accuracy, partic-
ularly for nuanced tasks, with stronger reasoning models like DeepSeek showing
promise. The manual labeling process, while labor-intensive, is critical to ensuring
reliable ground truth data, and it surely highlights the current limitations of fully
automated evaluation for complex reasoning tasks.

Table 5.4 further highlights the number of correctly generated API properties with
respect to the ground truth labels. GPT-40 achieved mapping correctness for 96
properties and specification alignment for 102 properties. It successfully met both
criteria for 92 properties. Llama 3.3 70b demonstrated mapping correctness for 96
properties and specification alignment for 90 properties, with 83 properties satisfy-
ing both. Qwen2.5 Coder 32b achieved mapping correctness for 96 properties and
specification alignment for 86 properties. Both criteria were met for 77 properties.

We select GPT-40 as the best generation model for this level due to its superior
performance in generating API properties, as evidenced by the highest counts in
Table 5.4. Its ability to balance specification alignment and mapping correctness
make it the most reliable choice for producing high-quality API properties.

Number of API properties

LLM Mapping Correctness Spec Alignment Both
GPT-40 96 102 92
Llama 3.3 70b 96 90 83
Qwen2.5 Coder 32b 96 86 7

Table 5.4: Number of correctly generated API properties per LLM
Best performer and the chosen configuration for the next phase is in bold

5.6 Level 1

The results for Level 1, as presented in Table 5.5, demonstrate the performance
of SPAPI Coder in synthesizing API endpoint implementations across various end-
points and methods. These combinations of endpoint and methods are tested using
scripts generated by Volvo’s Al-powered SPAPI Tester tool.

Test case execution results show that the performance across the three LLMs—GPT-
40, Llama 3.3 70b, and Qwen2.5 Coder 32b—is broadly comparable. Most endpoints
achieve consistent pass/fail outcomes. For instance, endpoints like /climate (GET
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API Endpoint Method Pass/Fail
GPT-40 Llama Qwen
Alarm /alarms get 3/1 3/1 3/1
/alarms put 0/3 0/3 0/3
Cabin Climate /climate get 3/0 3/0 3/0
/climate put 4/0 4/0 4/0
Fuel /fuel get 0/3 3/0 3/0
/fuelsettings put 3/0 3/0 3/0
/energy get 3/0 3/0 3/0
Screen /screens get 2/1 2/1 2/1
/screens put 3/0 3/0 3/0
Driver /driversettings get 2/1 2/1 2/1
/driversettings put 0/3 0/3 0/3
Battery /battery get 2/2 2/2 2/2
/batterysettings put 2/0 2/0 2/0
Charging /connection get 3/0 3/0 3/0
/charging get 2/1 1/2 1/2
/chargingsettings put 0/4 0/4 0/4
Auxiliary Battery /absettings get 3/0 3/0 3/0
/absettings put 3/0 3/0 3/0
Velocity /velocity get 3/0 3/0 3/0
Wiper /wipers get 4/0 4/0 4/0
/wipersettings put 2/0 2/0 2/0

47/19  49/17  49/17

Table 5.5: API endpoint test results with LLM performance

and PUT), /fuelsettings (PUT), /energy (GET), /connection (GET), /absettings
(GET and PUT), /velocity (GET), and /wipers (GET) achieve perfect pass rates
across all models, indicating robust endpoint synthesis. However, specific endpoints,
such as /alarms (PUT), /driversettings (PUT), and /chargingsettings (PUT), con-
sistently failed (0/3 or 0/4) across all LLMs, which strongly suggested that the issues
are likely not in the endpoint synthesis itself but in upstream processes.

Upon further review, it became apparent that none of the failures are related to
endpoint generations at Level 1. In fact, most failures at this level can be attributed
to errors originating in Level 2, particularly incorrect signal mappings, wrong setting
logic for signals, or misaligned API properties. Although the levels presented are
autonomous and abstracted in a hierarchical way, they are not independent of each
other. For instance, Level 1 endpoint implementations rely on multiple related API
property functions, each of which also depends on one or more signal interface func-
tions. For instance, if a signal function produces unexpected behavior, it will likely
impact the functionality of the corresponding API properties and the endpoints it
is featured in. Similarly, even if the signal implementation is correct, in case the
property is mapped to the wrong signal, the endpoint implementation will return
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unexpected results. Problems at lower abstraction levels propagate to Level 1 and
cause the generated endpoints to fail validation during testing

What is more, endpoints like /battery (get) and /charging (get) show mixed results.
For example, an equal number of test cases pass and fail due to inconsistent property
mappings from Level 2 affecting the endpoint implementation.

These results uncovered the dependency of Level 1 success on the quality of Level
2 outputs. Even though generations at this level were solid and had no breaking
issues, it is apparent that improved mapping correctness and specification alignment
are needed in earlier stages to enhance overall system performance.

Further analysis of the number of passing test cases across all endpoints and methods
shows that Llama 3.3 70b and Qwen2.5 Coder 32b achieve identical results - 49
passing and 17 failing test cases. In fact, they pass and fail the exact same test
cases. At the same time, although slightly worse, GPT-40 performs very similarly,
with 47 passing test cases against 17 failing. A review of the extra two failing test
cases shows that endpoint generation with GPT-40 cannot handle the return type
of an API property belonging to GET /fuel.

Lastly, Table 5.6 presents an aggregated view of the test results on the pure API-
level. This higher-level summary reveals that four APIs, namely Cabin Climate,
Auxiliary Battery, Velocity, and Wiper, are consistently correct across all three
LLM generations. On the contrary, some of the endpoints for Alarm, Screen, Driver,
Battery, and Charging APIs failed for all LLMs. This suggests systemic challenges
or complexities within these APIs. When it comes to Fuel API, there is a visible
difference in performance as it fails under GPT-4o, yet both Llama 3.3 70b and
Qwen2.5 Coder 32b are successful in passing all endpoint tests. All in all, considering
a pass as passing all endpoint tests and otherwise a fail, the passing rate for GPT-40
is 40% while it is 50% for Llama and Qwen.
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API Overall Pass/Fail
GPT-40 Llama Qwen

Alarm F F F
Cabin Climate P P P
Fuel F P P
Screen F F F
Driver F F F
Battery F F F
Charging F F F
Auxiliary Battery P P P
Velocity P P P
Wiper P P P

40% 50% 50%

Table 5.6: API-level test results summary with LLM performance. An API passes
(P) if all its endpoints pass; otherwise, it fails (F).
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Discussion

6.1 Alignment with Design-Science Research

Addressing the DSR guidelines, with regards to the problem relevance, this thesis
aims to solve a real-world problem, which in this case is to automate an otherwise
cumbersome and manual SPAPI development process. This problem is solved by
designing an artifact, a functional SPAPI automation system that we develop to
synthesize RESTful APIs. The design of the SPAPI Coder artifact did not follow a
linear path but followed rigorous and iterative research cycles. The development of
SPAPI Coder involved a search process for the most effective tools and prompting
techniques, while encompassing established rigorous research methods like program
synthesis, also not limited to library learning and process decomposition.

Initially, SPAPI Coder was designed to generate API endpoints directly from input
specifications. However, this approach proved insufficient, as it frequently failed to
produce functional and executable API endpoints. This initial finding was crucial
in highlighting the need for a more sophisticated artifact design.

Based on these findings, we refined the system to adopt a modular design, incorpo-
rating process decomposition into three abstraction levels and utilizing program syn-
thesis. This refinement was informed by insights from existing research on program
synthesis and task decomposition [68, 97]. By breaking down the complex problem
into smaller, manageable sub-problems and integrating more detailed knowledge of
the manual SPAPI development process, the system’s ability to generate robust API
endpoints significantly improved.

Then, subsequent iterations focused on further enhancing SPAPI Coder’s capabili-
ties by exploring different approaches to capture user intent and experimenting with
various search techniques and evaluation methods to optimize system performance,
thus answering all the research questions. Also, continuously analyzing the gener-
ated code through evaluation helped refine and improve the prompts in subsequent
iterations. This iterative process, in which each step was designed, built, evalu-

ated, and refined based on previous outcomes, was fundamental to the successful
development of SPAPI Coder.

When it comes to evaluating the utility of the designed artifact, it can be assessed
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using a number of terms like functionality, completeness, consistency, accuracy, per-
formance, etc. DSR suggests observational, analytical, experimental, testing, and
descriptive methods for evaluating the artifact [31]. Evaluating the utility of the
SPAPI Coder system implies evaluating the effectiveness of the system in generat-
ing REST APIs. So, we employed evaluation methods such as testing for the levels
3 and 1 and the pipeline, and also performed controlled ezperiments, where we stud-
ied the artifacts’ performance in generating API endpoints with different tools and
techniques. The successful realization of this research, including the design and
evaluation of the artifact, can further communicate this research, to broaden this re-
search space on top of contributing by meeting the technological and business needs
for further work that falls under a similar scope of automating software development
workflows.

6.2 Research Questions

The ideas behind SPAPI Coder’s design and implementation were guided by the
need to address these three research questions.

6.2.1 RQ1: Capturing User Intent

Motivation: What is an effective way to capture the user intent so as to synthesize
functionally valid API endpoints?

In order for a functional program to be synthesized, the system that synthesizes the
program needs to know the intent for which the program is being synthesized [23].
This intent is usually presented to the system in the form of formal specifications
or constraints. SPAPI Coder’s ultimate intent is to synthesize API endpoints. But
the complex workflow behind the SPAPI development process makes it so that the
system needs to capture the intents of the lower level, like the mapping of CAN
signals to their respective API properties. For SPAPI Coder to capture this user
intent, the CAN signal specifications should be presented to the system in such
a manner that it can use the CAN signal specifications and map them to their
corresponding API properties.

As CAN signal communication plays a fundamental role in the functioning of SPAPIs
that the system synthesizes, the problem arises during automation, where you have
to solve these two problems.

o 1: Semantically map the CAN signal to its API properties while synthesizing
the API property.

e 2: The need for a system component that the synthesized API property inter-
acts with to facilitate CAN signal communication.

Solution: While presenting the CAN signal information as text from the CANdb to
the system can solve the first problem by being able to semantically map CAN signals
to their corresponding API properties based on the information provided. But, there
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is still a need to develop the system component that will enable the synthesized
API property to communicate with the CAN network. To solve this, instead of
constructing a search space of textual but structured CAN signal information during
synthesis at Level 2, we instead generate and populate the search space with a library
containing CAN signal interface functions, which are functional modular components
that enable the API property functions to perform CAN signal transmission. As
these library functions are generated using the same CAN signal information, it
is still possible to use these functions to make semantic connections with the API
properties.

6.2.2 RQ2: Search Space and Search Technique

Motivation: How can an effective search space be constructed to enable both ef-
ficient and accurate synthesis of API endpoints? What technique can be used to
perform a computationally efficient search within this space?

Now that the way to effectively convey the user intent to the system is identified
as creating a program search space with signal interface functions, a search should
be conducted over the program space to find the candidate CAN signal functions.
Building an effective search space by program synthesis definitions requires over-
coming these two obstacles:

e 1: The need for the search space to be "expressive'.
e 2: The need for a restrictive enough search space for the search to be efficient.

Solution: An "expressive' search space is one where the candidate programs in the
search space, using which the final solution will be synthesized, incorporate enough
information to be semantically relevant to the intent behind the search. This way,
the system can use it to arrive at the correct solution. For example, mapping the
CAN signals to their corresponding API properties entails that the LLM, which
is the synthesizer, can establish a semantic connection between an API property
and its relevant programs in the search space. In the case of synthesizing an API
property for acMode, while performing a search for the signals, it is necessary
that the CAN signals are well represented in such a way that the search technique
can find the relevant signals. The search space can contain functions for signals
like "ACMode", "ACFanLevel", which are relevant to the API property for
which the synthesizer is performing the search. But the search can also contain
signals like "ACLevel”, similar to the aforementioned signals, but could relate to
something completely different, like Alternating Current Level. To mitigate this,
while generating the CAN signal library, we attain extra information about each
signal from proprietary documentation sources. We make the functions in the search
space more expressive by prompting the LLM to write docstrings with the natural
language signal description. Doing so enables the search technique to be more
efficient as it restricts the search space of candidate programs based on semantic
similarity.
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While constructing an effective and expressive search space by itself enhances the
system’s ability to perform an efficient search, the ability to further restrict the
program search space was possible because of the vector-search technique that we
employed in our compound Al system. Since the search space was populated as
embeddings in a vector database compared to the use of DSL, which is the most
common technique to construct an effective search space in program synthesis, per-
forming a search enables efficient finding of semantically similar data points. This
is possible because vector databases perform approximate nearest neighbour search,
which can be less exhaustive than using traditional search techniques. So, utilizing
a vector database as storage for the search space and employing RAG that performs
a vector search enables SPAPI Coder to build an effective search space and operate
an efficient search to enhance program synthesis.

6.2.3 RQ3: Evaluating Synthesized Artifacts

Motivation: How can the quality and utility of the generated API endpoints be
evaluated?

Now that the system is successfully able to synthesize APT artifacts, any synthesized
program is evaluated to determine whether it adheres to the specification by which it
was synthesized. As SPAPI Coder generates modular API components across three
different levels of abstraction, each level with a different specification, it becomes
necessary to evaluate whether the synthesized components are functional.

Solution: To evaluate the synthesized components, we employ dynamic program
analysis by executing the API components using test scripts for the synthesized
programs at Levels 3 and 1 of the SPAPI Coder pipeline. We employ LLMs as
judges to evaluate the LLM-synthesized API properties at Level 2 of the SPAPI
Coder pipeline. Doing so helps evaluate the utility of the LLM-synthesized API
components across all three abstraction levels. Evaluating the artifacts at each
level ensures robustness and correctness at the module level. Having functionally
solid individual modules means that the interactions between them are also more
reliable. For example, an error that occurs at the artifact synthesized at Level 2
can propagate to the next level. Skipping the evaluation of an LLM-synthesized
artifact at a certain level means that all the potential issues are inherited by the
next. Issues, as mentioned earlier, can only be determined during the evaluation of
the actual endpoint implementation.

The results for using language models as judges suggest that they cannot be blindly
trusted at this stage. On the upside, they show great potential for being used as
initial screening agents to filter out obvious candidates. Future advancements in
GenAl will likely make them a more viable choice for autonomous assessments of
this sort.
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6.3 Threats to Validity

6.3.1 Conclusion Validity

As the experimental setup of the study focused on a relatively modest sample size
of APIs, properties, signals, and test cases, the statistical power of our evaluations
is inherently constrained. This makes it challenging to come to definitive and gener-
alizable conclusions about the superiority of one technique or language model over
the other.

The study found that LLMs as judges had varying accuracy but relatively high
recall, which suggested that they could be used as initial screening tools to reduce
human effort. This conclusion is based on the specific models used and the tasks
provided. Further research would be needed to confirm whether this claim holds in
broader contexts.

Several confounding variables may have influenced both the modules’ output quality
and the judges’ evaluations. Such variables could be prompt phrasing, the structure
of intermediate artifacts, or the ordering of retrieved context. Without randomized
control experiments or ablation studies, isolating the mechanisms by which different
factors affect system performance is difficult.

6.3.2 Internal Validity

One of the most prominent internal threats is related to the manual labeling process
used to generate ground-truth data for evaluating property mappings’ correctness
and alignment to the specification. While we adopted a systematic approach for
annotation, the process remains naturally subjective. Subjectivity could lead to
inconsistencies in labels, especially when determining whether a generated mapping
or code snippet aligns with the intended behavior.

The decision to limit the number of APIs available for our experiments to 10 APIs
out of 50 and 500 CAN signals out of 3500 could potentially introduce selection
bias. Even though the selected APIs and signals were specifically curated to include
variety and cover edge cases, the final subset might not fully represent the complexity
and diversity of all SPAPIs and all signals available in the entire CANdb.

The use of proprietary information and tools could mean that any biases or limita-
tions in them will likely propagate into the results of this study. For example, the
test cases generated by the SPAPI tester tool are assumed to be a gold standard for
testing the APIs generated by the proposed system. Still, the possibility of some
test cases being wrong cannot be completely ruled out.

Another identified internal validity threat is the greedy approach to evaluation,
in which the best configuration from one level is used in subsequent levels. This
approach assumes that local optima approximate a global optimum. However, it is
possible that this is a false assumption, and the optimal configuration for an earlier
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stage might not be optimal for the entire pipeline.

6.3.3 External Validity

An example of an external validity threat is that the system is designed and eval-
uated within a specific context involving Volvo’s SPAPI development. Although
signal information in CANdb and OpenAPI specifications are standardized to a de-
gree, other proprietary data sources and the very nature of the signals most likely
remain unique to this domain. Unfortunately, this means that the performance of
SPAPI Coder and the effectiveness of the techniques used might not be directly
transferable to other domains in the software engineering world. In fact, out-of-the-
box usability might not be possible in other automotive manufacturers.

Another significant limitation is related not only to the specific language models cho-
sen for generation and evaluation tasks, namely GPT-40, LLaMA 3.3 70B, Qwen2.5
Coder 32B, and DeepSeek R1 Distill Llama 70B, but also to the specific set of em-
bedding models chosen for RAG. While these represent state-of-the-art models at
the time of writing, the rapid pace of LLM development implies that their relative
performance and availability may change in the near future. As such, the conclusions
drawn regarding model accuracy, judgment reliability, or code synthesis quality may
not hold for future iterations of these models or for different models not evaluated in
this study. For instance, the choice of GPT-40 was partly due to its availability at
Volvo Trucks, and it was accessed through a company-specific endpoint. As a result,
the model might be partially adapted to Volvo’s needs and might not represent the
exact model available through OpenAl’s API.

6.4 Future Work

While this thesis presents a functional and modular system for automatically gen-
erating RESTful APIs, several directions remain open for further research and re-
finement. These future efforts may enhance the adaptability and generality of the
proposed approach and address existing limitations.

One significant area for improvement involves the regeneration process. The current
pipeline treats signal-to-API translation as a static task. Any modification to the
signal or API specification, such as a renamed, deleted, or newly added signal,
triggers regeneration of the entire set of mappings and endpoint implementations.
This strategy might seemingly be robust, but is considered inefficient in dynamic
engineering environments where specifications evolve incrementally. Future work
on this topic could explore an incremental approach, where the system modifies
only the relevant parts of an existing implementation based on detected changes.
Investigating whether this targeted modification yields better efficiency or quality
compared to complete regeneration would be valuable.

An important practical extension of this work would be transitioning from high-level
scripting environments to real-world embedded deployment targets. The code gen-
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erated in this thesis is intended to be used in Python-based environments. Python
was chosen deliberately to focus on a higher level of abstraction and not worry
about low-level issues such as manual memory management and writing insecure
code. However, production automotive systems often require C or C++ code to
run on resource-constrained embedded control units. Adapting the LLM-based syn-
thesis pipeline to generate correct, optimized, and secure embedded code remains a
significant challenge.

Further refinement of the prompt engineering process is also needed. The prompts
used in this study were not subjected to systematic evaluation. Conducting abla-
tion studies on the prompts used at various stages could reveal the extent to which
prompt design constrains current system performance. Alongside prompt optimiza-
tion, experimenting with different temperature settings for LLM outputs could be
explored. While a zero temperature policy was used for reproducibility in this study;,
investigating higher temperatures might reveal benefits in generating more diverse
and accurate solutions. A more direct application of reasoning language models for
the primary code generation tasks could be examined to see if they lead to more
precise code. Combining all of these would allow one to gain deeper insights as to
whether limitations are related to prompt design or model capabilities.

Last but not least, expanding the core library learning capabilities offers another
intriguing and promising direction. An ambitious extension would be to enable the
system to produce APIs based solely on signal information, without explicit API
property definitions from an OAS. Aligning with the vision of library learning, this
would represent a more advanced level of abstraction and learning, where the system
discovers potential, meaningful services directly from low-level data.
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Conclusion

This thesis explored the feasibility of generating RESTful APIs through library
learning using language models. The study focused on the specific challenge of
automating SPAPI development in the automotive sector, as the current manual
process is labor-intensive and involves multiple teams and iterative coordination.
Employing the design science research methodology, the primary aim of the study
was to develop and evaluate an artifact. Inspired by the manual development pro-
cess, the study proposed SPAPI Coder, a three-level compound Al system that is
capable of synthesizing functional API endpoint implementations using low-level
CAN signals and high-level OpenAPI specifications.

Through a series of controlled experiments, we evaluated the effectiveness of sev-
eral open and proprietary LLMs and embedding models across the three abstraction
levels. Additionally, a secondary contribution was introduced: using LLMs as au-
tomated judges to assess the correctness and specification alignment of generated
artifacts.

Our results demonstrate that, under well-structured few-shot prompting and with
access to domain-specific context, state-of-the-art LLMs are capable of produc-
ing signal-to-property mappings and endpoint code that align closely with human-
authored specifications. Furthermore, employing a strategy involving RAG seems
to help with efficient program search and reduced program space. Using LLMs as
judges for evaluations revealed their potential but also indicated that current setups
or state-of-the-art models are not ready to completely replace human evaluation.

All in all, our work was a successful demonstration of how compound AI systems
that follow the characteristics of library learning and program synthesis can auto-
mate complex and iterative software development workflows in industrial settings.
However, the total potential of what LLMs can do as part of compound Al systems,
and how we orchestrate different Al tools and frameworks to automate complex
tasks, remains a vast area to venture into. This leaves many windows of opportu-
nity open for the use of such systems, not only for similar cases that fall under the
scope of software workflow automation, but also Al in Software Engineering.
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A

Appendix

A.1 Example OpenAPI specification

swagger: "2.0"
info:

description: Set and Get cabin climate settings
schemes:

- http
paths:
/climate:
get:
description: Retrieves cabin climate settings
produces:
- application/CabinClimate+json
responses:
200:
description: Successful response
schema:
$ref: "#/definitions/ClimateObject"
400:
description: Bad Request
schema:
$ref: "#/definitions/ErrorInfoObject"
500:
description: Internal Server Error
put:
description: Update cabin climate settings
consumes:
- application/CabinClimate+json
produces:

- application/CabinClimate+json
parameters:



A. Appendix

- name: climate

in: body
required: true
schema:
$ref: "#/definitions/CabinClimateObject"
responses:
200:
description: OK
schema:
$ref: "#/definitions/CabinClimateObject"
400:
description: Bad Request
schema:
$ref: "#/definitions/ErrorInfoObject"
500:

description: Internal Server Error

definitions:
ErrorInfoObject:
type: object
description: Representation of an error
properties:
statuscode:
type: integer
description: repetition of HTTP status code
example: 429
message:
type: string
description: error message parsable by human
example: Too many requests

CabinClimateObject:
type: object
description: Settings object
properties:
acMode:
type: string
enum: ["ON", "OFF"]
description: Defines which mode the AC is set to.
fanlLevel:
type: string
enum: ["LOW", "HIGH"]

description: Defines which level the AC fan is set to

IT
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A.2 Example CAN signal information

"name": "ACMode",
"description": "This signal contains the information of the
<+ user's choice of AC mode",
"min_val": null,
"max_val": null,
"unit": null,
"resolution": 1,
"enum_values": {
"ACMode _0Off": 1,
"ACMode_0On": O
}
+

A.3 Example Level 3 code

from app.utils import CANBus
from enum import Enum

canbus = CANBus()

class ACMode (Enum) :
ACMode On = 1
ACMode Off = O

def read_air_conditioning mode_status():
Reads the ACMode signal from the CAN bus and returns the
- corresponding enum value.

Returns:
ACMode: The current atr conditioning mode as an enum.
ac_state = canbus.read("ACMode")
if enum_value not in [e.value for e in ACMode]:
raise ValueError(f"Invalid enum value {enum_value} for
— {can_signal}")
return ACMode(ac_state)

ITT
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A.4 Example Level 2 code

from app.signals.read_ac_mode import
— read_air_conditioning mode_status, ACMode

def get_acMode():

nimnn

Retrieves the current air conditioning mode.

Returns:
str: The current AC mode, either "ON" or "OFF".

Raises:
ValueError: If the mode status is mot wvalid or cannot be
— Tretrieved.
nnn
try:
ac_mode_status = read_air_conditioning mode_status()
if ac_mode_status == ACMode.ACMode On:
return "ON"
elif ac _mode status == ACMode.ACMode Off:
return "OFF"
else:
raise ValueError (f"Unexpected AC mode status:
< {mode_statusl}")
except ValueError as e:
raise ValueError(f"Failed to retrieve AC mode: {str(e)l}")

IV
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A.5 Example Level 1 code

from typing import Literal

from app.properties import get_acMode, put_acMode

from app.objects import CabinClimateObject, ErrorInfoObject
from fastapi import APIRouter, HTTPException

router = APIRouter(tags=["CabinClimate"])

Q@router.get("/climate", tags=["CabinClimate"])
def get cabinclimate():
try:
ac_mode = get_acMode()
fan level = get_fanLevel()
return CabinClimateObject(
acMode=ac_mode,
fanlevel=fan level
)
except ValueError as e:
raise HTTPException(
status_code=400,
detail=ErrorInfoObject (message=str(e)) .model_dump ()
)
except Exception:
raise HTTPException(status_code=500)

@router.put("/climate", tags=["CabinClimate"])
def put_cabinclimate(body: CabinClimateObject):
try:
if body.acMode is not None:
put_acMode (body .acMode)

if body.fanlLevel is not None:
put_fanLevel(body.fanLevel)

return body
except ValueError as e:
raise HTTPException(
status_code=400,
detail=ErrorInfo0Object (message=str(e)) .model_dump ()
)
except Exception:
raise HTTPException(status_code=500)
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A.6 Prompt for signal interface synthesis

class CANSignalFunctionWriter(dspy.Signature):

nimnn

The goal is to write a Python module that reads/writes the
~ gtven CAN Signal from/to the CAN Bus.

Some CAN Signals have CAN values which are of the type enum.
— The enum classes should always and strictly be the CAN

— Stgnal's name unmodified. Do not add any suffixz or prefiz.
If no enum wvalues are given, just read/write the signal. Do

- mnot write the enum classes if the enum wvalues are null.

The function mames:

- should be in such a way that it describes the CAN Signal.
- should be specific to the CAN Signal's name but it should
- mnot contain the signal's name itself.

- can be long so that <t encapsulates all granular and

— mnecessary details from the signal name like the

— abbreviations, numbers and days if present.

- must always start with 'read_' or 'write_' and be lower
- case.

For 'read', the function should read the CAN Signal and rTeturn
— 1ts corresponding enum or CAN Value.

For 'write', the function gets the CAN enum or CAN walue as an
— argument and should write the corresponding enum value or
- any other value for the signal.

Write the functions only for the given signal type. All

— aimports should be on top.

Do not change or miss any of the CAN values or the CAN

— Signals' name. The CAN wvalues in the Enum should be the

— same as they are given.

You must write docstrings. The written functions should always
— check the min, maz of each CAN Signal <if given.

nmnn

CAN_Signal: dict = dspy.InputField(
desc="A dictionary with the CAN Signal information."

)
code: str = dspy.OutputField(
desc="Python modules written with the given CAN Signal

— information."

VI
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A.7 Prompt for property synthesis

class APIPropertyWriter(dspy.Signature):

ninn

The goal is to write a Python module for an API property using
— ome or more of the given functions.

Use only the functions most relevant to fulfilling the

- spectification of the API property.

First, import the relevant functions:
- Import the signal functions from app.signals
- Import the Enums from the same file 4if applicable.
- The CAN Signal name is the key in the given dictionary.

Make sure that the written code for the API property adheres
-~ to the type, description and any other of the information
— provided.

The function can use any of the given functions with the "AND"
— or "OR" logtical operators as long as the functions are

— related to the API Property.

The function can also use different values from the same

- function with the "AND" or "OR" logical operators.

Do not make up additional properties! If the property has

< subproperties (when tt's referencing an object), make sure
— all subproperties are included and returned.

Do not include the given functions' code in your final output,
— they should always be imported as stated.

Handle errors raised by the signal function(s) by re-raising
— the errors with more appropriate API property related

— messages.
nwmn

api_property: dict = dspy.InputField(
desc="The API Property and its description for which the
— python module should be written."
)
functions: list[dict] = dspy.InputField(
desc="Signal functions and enums that can be used by the API
— Property. Keys are the corresponding CAN signal names"
)
api_property_code: str = dspy.OutputField(desc="Implemented
<~ Python module for the API property.")

VII
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A.8 Prompt for mapping correctness judge

class MappingCorrectnessJudge (dspy.Signature):

VIII

nmnn

Your task is to evaluate the correctness of the mappings
~ between an API property (or combination of subproperties)
— and signal functions in Python code.

You are able to check the signal function
— implementation/documentation from the RAG results.

Evaluation steps:

1. Identify the API property (or combination of subproperties)
<~ from the the specification and/or the code provided.

2. Determine which signal function(s) each API property is

— mapped to.

3. In the RAG results check what the mapped signal functions
- actually do.

4. Confirm that the signal mappings accurately reflect the

— 1intended functionality of the API properties

nmnn

api_property_specification: dict = dspy.InputField(
desc="The specification of the API property"
)
rag_results: list[RAGResult] = dspy.InputField(
desc="Results from the RAG containing signal function
—~ candidates"
)
code: str = dspy.InputField(desc="The implementation code of the
< API property")
verdict: Literal["YES", "NO"] = dspy.OutputField(
desc="The final judgement whether all mappings are correct
— or not"
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A.9 Prompt for specification alignment judge

class SpecificationAlignmentJudge (dspy.Signature):
nmnn
Your task ts to evaluate the specification alignment of an API
— property (or combination of subproperties) implementation.

Evaluation steps:

1. Identify the API property (or combination of subproperties)

from the the specification and/or the code provided.
Ensure that all API properties or subproperties (excluding
"type") are mapped to AT LEAST one or more signal
functions

- If a property is left out, it means that the

— specification has not been fully followed
Confirm that the API property function returns the correct
~ type at all branches (excluding any exception raises) and
— all cases are covered
- For instance, if the type is string and it's enum, the
— function must only return the viable enum strings and
- 1t should handle each scenario

o

2.
o
o

nimnn

api_property_specification: dict = dspy.InputField(
desc="The specification of the API property"
)
code: str = dspy.InputField(desc="The implementation code of the
< API property")
verdict: Literal["YES", "NO"] = dspy.OutputField(

desc="The final judgement whether the implementation meets
— the specification"

IX
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A.10 Prompt for API router synthesis

class APIRouterWriter(dspy.Signature):
The goal is to complete the Python implementation of a FastAPI
— router using information about API object(s) and the
— overall code structure (boilerplate).

First, start with <mports:

- Import the given Pydantic models using the API name - from
— app.models.api_name import ExampleOUbject, ErrorInfolUbject
- Additionally, include ALL imports, given in the boilerplate
— code, in your final output

- Do NOT use aliases

Remove exzisting object related class definitions (Pydantic
— models) from your final output, they must be imported as
— previously stated.

Only fill in the given router functions.

Do NOT write additional functions (endpoints).

Do NOT write/add the API properties functions and enums code
- in your final output.

If method ts PUT and the property %s "readOnly", you do not
— have access to the put function of the property. Do NOT
— make 7t up.

For PUT method, the response model should be the body itself.

Handle all spectific errors (e.g., ValueError) raised by the
— API property functions by raising HITPExzception with the

— correct status code detail as populated ErrorInfoObject.
nimnn

api_name: str = dspy.InputField(desc="The name of the API.")
api_object_info: dict = dspy.InputField(

desc="Information about the API Object and its properties."
)
api_code_structure: str = dspy.InputField(

desc="The Pydantic models and code structure for the API

-~ router."
)
api_router_code: str = dspy.OutputField(

desc="The code for the API router implementation"

)
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A.11 Example Level 3 test case

import pytest
from app.signals.read_ac_mode import
— read_air_conditioning mode_status

Opytest.fixture
def signal name():
return "ACMode"

Opytest.fixture
def valid_enums():
valid enums = {
'ACMode Off': 1,
"ACMode On': O
}

return valid_enums

Opytest.fixture
def valid_enum values(valid_enums) :
valid _enum values = [
test_enum values for test_enum name,
test_enum values in valid enums.items()]
return valid enum values

def test_correct_signal name(signal name):
can_return = read_air_conditioning mode_status()

assert can_return.__class__.__name__ == signal name

def test _valid enum(valid enum values):
can_return = read_air_conditioning mode_status()
can_return_enum_value = can_return.value

assert can_return_enum_value in valid_enum_values

XI
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A.12 Example Level 1 test case

from app.utils.vcan import CANBus
import requests

import pytest

import time

def test_get_climates():
vcan = CANBus(keep_state=True)
vcan.set_signal(signal_name='ACMode', signal_value=1)
vcan.set_signal(signal name='AutoFanLevel', signal_ value=0)

response = requests.get(url='http://localhost:9999/climate')
response_body = response.json()
assert response.status_code == 200

assert response_body['acMode'] == 'OFF'
assert response_body['autoFanLevel'] == 'HIGH'

XII
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