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Abstract

Foundation models and Large Language Models (LLMs) have strong gen-
eral capabilities. They can understand language, reason across different tasks,
generate code, and solve problems in areas where they were not specifically
trained. This broad capability makes them powerful starting points for real-
world AI systems. However, for high-stakes domains, such as automotive
software engineering, AI systems must do more than provide plausible an-
swers. They must follow domain rules, respect data structures, handle oper-
ational constraints, and produce reasoning that experts can check and trust.
This creates a gap between general capability and domain-specific reliability.

This thesis argues for Domain-Centric AI: the design of AI systems that
are generalizable across domains, adaptable to target domains, and able to
reason reliably within specific operational domains. These levels build on
one another. Generalization provides the model-level foundation. Adapta-
tion aligns this foundation with a target domain. Domain-specific system
design then enforces the rules, workflows, and constraints needed for reli-
able use.

The thesis explores this progression through four papers. The first paper
surveys meta-learning methods for domain generalization and shows how
models can become more robust to unseen domains. The second paper ex-
tends this perspective to vision-language models by introducing latent do-
main prompt learning for domain generalization. The third and fourth pa-
pers focus on industrial LLM-based agent systems for automotive software
release analytics. They demonstrate how general LLM capabilities can be
embedded in multi-agent and pipeline designs to support informed decision-
making.
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Abstract

Together, the studies show reliable AI in domain-specific settings can
be designed by combining a flexible model core with a constraining system
around it. The core model must generalize across unseen domains. The sur-
rounding system must enforce domain logic. By bridging general AI capa-
bilities with structured domain-specific context, Domain-Centric AI can im-
prove robustness, reduce manual effort, and support more reliable decision-
making in safety-critical workflows.

Keywords: Foundation Models, Domain Generalization, Prompt Learning,
LLM-Based Systems, Domain-Specific Reasoning, Intermediate Representa-
tions, Automotive Software Engineering
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1
Introduction

The field of Artificial Intelligence (AI) has changed significantly with the
emergence of Foundation Models and Large Language Models (LLMs) [48,
49]. These models, built at a large scale with substantial investments, show
impressive general capabilities, including language understanding, reason-
ing, code generation, and zero-shot problem-solving [2]. In commercial set-
tings, they often function as general-purpose assistants that can respond to
a wide range of general requests [44].

However, when faced with challenging real-world tasks, these models
often fail to meet the requirements of such settings [12, 21]. General models
work well in flexible and ambiguous situations but often struggle in special-
ized, high-stakes areas where rigid operational constraints and strict safety
requirements apply, andwheremodel errors can directly impact human safety,
project timelines, and financial outcomes [12]. In industries such as au-
tomotive software engineering, data is not just general-purpose text; it in-
cludes test results, technical specifications, cross-disciplinary dependencies,
and strict safety requirements [20]. Consequently, using general-purpose
models without adjustments can lead to unreliable outcomes. They may hal-
lucinate, miss important constraints, or fail to follow the logic needed for
critical decisions [17, 21].

To make AI useful in practical environments, research should focus on
improving general capabilities while also tailoring those capabilities to spe-
cific fields. This requires working across a spectrum of domain integration:

Domain-Generalizability The ability of amodel to handle out-of-distribution
(OOD) data and domain shifts without retraining or prior exposure to
the target environment [50]. Methods like meta-learning for domain
generalization aim to enhance robustness by learning features useful
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1. Introduction

across various domains [18]. Foundationmodels and LLMs operate pri-
marily at this level: they are trained on wide-ranging datasets and can
adequately respond to many prompts. While this makes them highly
versatile and easy to deploy out of the box, it also limits their depth in
specialized tasks.

Domain-Adaptability The ability to transfer knowledge from a source do-
main to a specific, known target domain [35]. Unlike generalizability,
adaptability requires access to some data or information about the tar-
get environment. Adaptation often involves fine-tuning a generalized
model to improve performance in a specific domain while preserving
its general capabilities [11, 18]. This level provides a practical balance
between flexibility and specialization, enabling organizations to lever-
age existing foundation models without necessarily building entirely
new systems from scratch.

Domain-Specificity This is the deepest level of integration. AI systems are
intentionally designed around the constraints, logic, and workflows of
a specific industry. Here, domain knowledge is built into the system
structurally, enabling reasoning with the precision required in high-
stakes settings [20]. The key distinction at this level is that the system
internalizes the domain’s rules and priorities, producing outputs that
are reliable and suitable for critical use [11]. Figure 1.1 illustrates how
these three levels form a cumulative progression, where each builds on
the capabilities established by the previous.

Figure 1.1: The domain integration spectrum underlying Domain-Centric
AI, illustrating a progression from broad generalizability to
structural domain specificity. Each level builds on the previous,
with generalizability serving as a practical foundation for adap-
tation and structural specialization.
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Each level of this spectrum reflects a different commitment to domain
knowledge, ranging from broad generalization to targeted specialization. In
this thesis, Domain-Centric AI denotes the design of AI systems that are gen-
eralizable across domains, easily adaptable, and able to reason reliably within
a specific operational domain. Such systems explicitly structure and con-
strain general model capabilities around the domain’s rules, workflows, data
structures, and priorities.

These levels should not be seen as separate alternatives. Instead, they
often build on one another: broad reasoning, language comprehension, and
pattern-recognition capabilities can provide a useful starting point for later
adaptation and structural specialization. This thesis is grounded in this view
ofDomain-Centric AI, arguing that effectiveAI in high-stakes, domain-specific
situations requires core models with robust generalization abilities across
unseen domains, while also embedding them in systems where structured,
domain-specific logic can be actively enforced.

Achieving this requires AI systems that explicitly structure and constrain
model reasoning. For complex engineering tasks, simple prompts are not
enough. The model must work within a dedicated system that directs this
process. Two main design patterns help with this: Multi-Agent Systems
(MAS) [4, 9, 28] and pipeline systems [17], both of which can leverage In-
termediate Representations (IRs) to further constrain and ground model rea-
soning.

MAS distribute tasks among several specialized LLMagents, such as plan-
ners, actors, and reflectors. This approach is flexible andworkswell for open-
ended, intent-driven tasks [10, 20]. For instance, in automated mobile GUI
testing, agents can set goals, explore interfaces, and act with human-like
intention, overcoming the limitations of traditional coverage-based meth-
ods [46]. MAS can also support exploratory data analysis by transforming
high-level stakeholder questions into detailed executable plans [33]. How-
ever, MAS needs careful design. Since agents have some autonomy, their
performance can become slower, more unpredictable, and costlier in terms
of token usage. In high-stakes situations, a more controlled approach is often
necessary [28].

Pipeline systems mainly enforce structural constraints on the model’s
reasoning, boosting reliability and predictability. This is achieved by intro-
ducing fixed processing stages, whether rule-based, learned, or formal, that
shape how inputs are transformed into outputs. A common approach is to
constrain the model’s reasoning through an intermediate representation: a
formal, unambiguous structure such as a logical form, abstract syntax tree, or
domain-specific query language, that bridges the gap between unstructured
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1. Introduction

natural language and the task objective [32]. This generally decreases the re-
liance on extensive few-shot prompting, lowers latency, and steers the model
away from unconstrained generation [17]. However, pipeline architectures
can be rigid. They expect inputs to fit a specific structure and degrade when
faced with inputs that deviate from it; they also struggle with tasks that re-
quire dynamic, adaptive reasoning.

The need for Domain-Centric AI is especially evident inmultidisciplinary
software development in the automotive sector [31, 41]. Building modern ve-
hicles requires turning scattered domain knowledge, like API specifications
and Controller Area Network (CAN) signals, into code and test cases ready
for deployment. Typically, connecting these different areas is a manual pro-
cess that requires extensive coordination.

By treating these manual workflows as software engineering challenges,
LLMs can be utilized not as open-ended chatbots, but as “skeleton keys” in-
tegrated into MAS or pipeline systems to automate complex handoffs [31].
In real-world industrial settings, this domain-centric approach has shown
clear value. For instance, in automotive software integration, critical Go/No-
Go decisions must be made across subsystem, system, and full-vehicle lev-
els [20]. Traditionally, various stakeholders, including project managers and
mechanical engineers, depended on a small, centralized team of analysts to
query raw validation data. This reliance created major operational bottle-
necks.

By employing pipeline architectures with formal IRs (like Relational Al-
gebra) to analyze complex software release data, the time required for these
Go/No-Go decisions has been reduced by over 80% [17]. Importantly, Rela-
tional Algebra provides an explicit, interpretable reasoning plan that domain
experts can inspect and verify the model’s logic before accepting the out-
put. This transparency makes errors diagnosable, builds trust among stake-
holders, and shifts human effort from data preparation to strategic decision-
making. By constraining LLMs to operate strictly within domain-specific
rules, these systems deliver accurate, actionable insights that accelerate de-
velopment without compromising safety or quality [17].
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2
Background

This chapter establishes the conceptual and technical background for
Domain-Centric AI. It is organized into four parts. Section 2.1 introduces
the classical machine learning view of distributional shifts and generaliza-
tion, and then examines how the emergence of foundation models reframes
these challenges from data-level mismatch toward deductive reliability. Sec-
tion 2.2 reviews foundation models and the mechanisms used to elicit their
capabilities, including prompt learning in Vision-Language Models (VLMs)
and structured reasoning in LLMs. Section 2.3 discusses LLM-based system
architectures, including multi-agent and pipeline orchestration patterns, and
the use of intermediate representations as a structuring mechanism. Finally,
Section 2.4 introduces the automotive software release setting, where safety-
sensitive validation workflows and Go/No-Go decisions provide the indus-
trial context for the domain-centric systems developed in this thesis.

2.1 Preliminaries

2.1.1 Distributional Shifts and Generalization

Traditional machine learning relies on the empirical riskminimization (ERM)
framework. This framework assumes that training and testing data are inde-
pendent and identically distributed (i.i.d.). In this setting, a source domain S
refers to the data distribution from which the training data are drawn, while
a target domain T refers to the data distribution the model encounters at
deployment. If the source and target domains are associated with joint dis-
tributions p(X,Y ) and q(X,Y ), respectively, whereX and Y denote the input
features and labels, respectively, the i.i.d. assumption implies that these dis-
tributions are identical: p(X,Y ) = q(X,Y ) [18].

7



2. Background

In real-world situations, this assumption often fails. Changes in data col-
lection methods, environmental conditions, or underlying system dynam-
ics introduce a discrepancy between the source and target domains, known
as a domain shift or distributional shift. When a model encounters data
from q(X,Y ) that is different from its training distribution, it faces Out-of-
Distribution (OOD) data. Traditional deep neural networksmay performwell
on i.i.d. data but struggle with OOD data, leading to significant performance
degradation.

To tackle this issue, researchers primarily focus on two main areas:

• Domain Adaptation (DA): This involves methods that try to align
the source and target distributions, assuming at least some data from
the target domain is available during training [35].

• DomainGeneralization (DG):This is amore difficult challengewhere
the model must learn to generalize to completely new target domains
without prior exposure to their data [50].

For example, in DA, a model trained on data from one hospital is adapted
using data from a new hospital, where the imaging devices may have differ-
ent characteristics. In DG, by contrast, a model trained on data from several
hospitals must generalize to an entirely new hospital, without access to any
of its data during training. These two settings, therefore, require different
evaluation protocols since they have different goals. In DA, the goal is to
close the performance gap between the source and target domains, so suc-
cess is measured directly by the model’s performance on that specific target
domain [7]. The source domain serves primarily as a training resource, and
any performance improvement there is largely irrelevant if the model fails
on the target. In DG, however, no single target domain is known in advance.
Therefore, evaluation is conducted across held-out domains that the model
has not seen during training. Performance is often averaged as the accuracy
across all unseen test domains [18]. Additionally, it is common to report
how well the model performs in the worst-case scenario. A model might
have good average performance but is not truly generalizable if it fails on
one specific domain.

To achieve these goals, differentmethodological techniques are employed.
A common approach for DA is parameter adaptation through fine-tuning [40].
Here, a pre-trained model’s backbone remains unchanged, while some lay-
ers or adapter modules are updated on limited target data [22]. This allows
the model to learn domain-specific patterns without losing its general abili-
ties. Another approach is domain-invariant feature alignment, where meth-
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2.1. Preliminaries

ods like adversarial training [7] or kernel methods [8] aim to reduce the sta-
tistical gap between source and target feature distributions.

For DG, where no target domain data is available, domain-invariant rep-
resentation learning is an important strategy, but it often combines with
other methods. An effective and widely studied technique is Meta-Learning,
or “learning to learn.” By simulating domain shifts during training, usually
by splitting source domains into episodic meta-train and meta-test sets, the
model learns to extract transferable features instead of memorizing domain-
specific patterns [18, 26]. This helps develop a more robust representation
capable of handling unseen OOD environments.

2.1.2 From Distributional Shifts to Deductive Bottlenecks

The emergence of Foundation Models and LLMs has greatly changed the
landscape of generalization. They are trained on internet-scale datasets con-
taining vast amounts of human knowledge, natural language, syntax, and
programming languages [5]. These models operate at a scale that challenges
the classical notion of distributional shift as the main explanation for failure
in specialized domains.

Due to the volume and diversity of their training data, foundation mod-
els have achieved a level of generalization that traditional models could not
approach. For a text-based foundation model, it is unlikely that the vocab-
ulary or basic structure of a new industrial domain will be entirely unseen.
The model has likely encountered many domain-specific terms during pre-
training. Therefore, failures in specialized domains are often not due to stan-
dard distributional shift in the input space X.

This does not mean that distributional shift is no longer relevant. Rather,
for LLMs, it is often a less central limitation than it was for classical models.
This raises a more fundamental question: if LLMs are not primarily con-
strained by unseen vocabulary or traditional OOD data, why do they still
struggle in high-stakes, specialized settings like automotive software engi-
neering?

For these models, the primary bottleneck is no longer data recognition
but deductive closure [3, 13, 14]. Deductive closure refers to a system’s ability
to derive only those conclusions that follow from a given set of premises and
rules, without introducing contradictions or unsupported inferences. While
LLMs excel at identifying patterns and can generate highly plausible text
based on probabilistic next-token prediction, they lack a built-in mechanism
for maintaining strict logical consistency across multiple steps of domain-
specific reasoning [38].

In specialized industrial settings, data analysis follows strict operational
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rules, large relational schemas, and complex interdependencies [54]. When
an LLM is asked to analyze this data, it is being asked to reason under strict
operational rules and formal constraints that its probabilistic architecture is
not designed to enforce. Without changes to the model’s structure, its prob-
abilistic nature can cause it to break deductive closure. It may hallucinate
relationships, overlook implicit constraints, or fail to maintain the logical
consistency required for critical safety decisions.

Therefore, the challenge in building effective AI for high-stakes envi-
ronments is no longer just teaching models to recognize unseen data. In-
stead, it is about developing systems that leverage the model’s generalized
knowledge while constraining its reasoning within a closed logical frame-
work, where each step follows from defined domain rules and no conclu-
sions are drawn outside those rules. This alignment of general capability
with domain-specific logic lies at the center of Domain-Centric AI.

2.2 Foundation Models and Eliciting Capabilities

As noted, foundation models possess extensive general knowledge, but this
knowledge must be elicited and directed toward the requirements of a given
task and modality. Two classes of mechanisms are particularly relevant for
bridging general foundation-model capabilities with domain-aware require-
ments. The first is prompt learning [16, 23, 24], which steers a model toward
a specific task by optimizing the input context, while keeping the model’s
weights fixed [36]. This mechanism is primarily discussed here in relation
to VLMs and multimodal generalization. The second is structured reason-
ing [6, 15], which guides the logical deduction process of LLMs by mak-
ing intermediate reasoning steps explicit, thereby supporting more reliable
multi-step problem solving.

2.2.1 Vision-Language Models and Prompt Learning

VLMs [47], such as CLIP (Contrastive Language–Image Pre-training), have
bridged the gap between computer vision and natural language processing.
CLIP uses a dual-encoder architecture, consisting of a vision encoder and
a text encoder that are trained jointly on a massive dataset of image-text
pairs using a contrastive objective: matching pairs are pulled together in a
shared embedding space while non-matching pairs are pushed apart. This
paradigm enables remarkable zero-shot classification abilities. An image can
be classified by finding the text description, such as “A photo of a dog,” that
has the closest embedding to the image embedding [52].
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To steer VLMs toward specific downstream tasks, researchers use prompt-
ing. Traditionally, this involved hard prompts—manually crafted, discrete
text templates such as “A photo of a [CLASS]” prepended to the text en-
coder’s input [52]. However, designing optimal hard prompts is a rigid and
time-consuming process that often yields suboptimal performance. To ad-
dress this, prompt learning, such as CoOp (Context Optimization) [52], was
introduced. Rather than using fixed discrete words, soft prompts consist of
continuous, learnable vectors added to the token embedding sequence of the
text encoder’s input and optimized end-to-end via gradient descent for a spe-
cific downstream task, while the VLM’s weights remain frozen.

While soft prompts significantly improve model performance on specific
downstream tasks, they introduce a critical vulnerability: they are highly
susceptible to overfitting the source training distribution. Because the learned
vectors are optimized to maximize performance on the source training data,
they risk absorbing domain-specific patterns that do not transfer to OOD
target domains, even though the underlying VLM encoder remains gener-
ally capable.

Therefore, the challenge in the DG setting is not teaching the VLM new
visual features but rather finding ways to leverage its existing generalizable
knowledge without allowing the learned steering mechanism (the prompt)
to compromise its inherent robustness to distribution shift [19].

2.2.2 Large Language Models and Structured Reasoning

For complex multi-step reasoning tasks, a complementary class of prompting
techniques has emerged. As LLMs scale and demonstrate abilities to gener-
ate code, analyze textual data, and solve multi-step problems, the focus of
prompting extends beyond tuning representations toward actively eliciting
and guiding logical deduction [30, 43].

To unlock these reasoning capabilities, researchers use advanced prompt-
ing strategies designed to make intermediate reasoning explicit. The most
well-known of these is Chain-of-Thought (CoT) prompting [43]. Instead
of asking the model to provide a final answer directly, CoT encourages the
model to produce a series of intermediate reasoning steps. By decomposing
a complex problem into smaller sequential steps, CoT improves performance
on tasks involving arithmetic, commonsense reasoning, and symbolic rea-
soning. This approach is often combined with Self-Consistency (SC) [42],
where multiple reasoning paths are sampled and the most common answer
is selected as the final output.

Despite its success in general benchmarks, CoT has important limitations
in rigid, domain-specific logic. It relies on probabilistic text generation rather
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than strict logical grounding. Since the reasoning steps are presented in nat-
ural language, which is often flexible and ambiguous, the model can generate
unreliable reasoning chains. This can happen when the reasoning steps do
not accurately represent the model’s actual inference, a phenomenon known
as unfaithful reasoning, or when the intermediate steps are logically flawed
and do not lead to the intended conclusion. In either case, themodel may give
answers that sound plausible but are not correct or are based on hallucinated
assumptions.

When applied to domains requiring strict formal logic, such as mathe-
matics, complex structured data analysis, or compliance, the ambiguity of
natural language reasoning becomes a fundamental limitation [13]. There
is no guarantee that a probabilistically generated sequence will follow strict
domain-specific rules, and natural language does not provide a way to verify
this. As a result, the AI research community has proposed various methods
to ground the reasoning process itself [3].

Tree of Thoughts [45] breaks down reasoning into clear decision trees,
allowing the model to explore various reasoning paths, evaluate steps, and
backtrack when necessary. Algorithm of Thoughts [34] guides the model
through reasoning pathways using in-context examples, achieving structured
exploration with fewer queries. Chain of Code [25] extends reasoning by
generating and executing code as verifiable intermediate steps, effectively
grounding language reasoning in formal computation. Logic of Thought [30]
augments input contexts with propositional logic representations, ensuring
information completeness and enablingmore rigorous formal reasoning. These
approaches represent a shift from purely linguistic reasoning toward hybrid
frameworks where the structure and correctness of the reasoning process
can be enforced rather than implicitly assumed.

2.3 LLM-Based System Architectures

As LLMs evolved from pure text generators into models capable of reasoning
and generating executable code, they have increasingly been embedded into
broader software architectures for solving complex, real-world tasks. These
architectures can be understood through two complementary dimensions:
orchestration patterns, which define how multiple LLM calls are organized
and coordinated, and structuring mechanisms, which constrain the form and
interpretation of individual LLMoutputs. Twowell-established orchestration
patterns are multi-agent systems (MAS) and pipeline systems. A key struc-
turingmechanism relevant to both is the use of Intermediate Representations
(IRs).
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2.3.1 Orchestration Patterns

2.3.1.1 Multi-Agent Systems

Instead of relying on a single, monolithic prompt, MAS tackle complex tasks
by dividing responsibilities amongmultiple specialized LLM agents [4]. Each
agent has defined roles, tools, and memory. They work together or compete
through structured communication to break down and solve tasks that a sin-
gle model call might not handle reliably. A typical MAS setup for software
engineering or data analysis might include a Planner (to break down the
user’s request), a Coder or Actor (to write and run scripts based on the plan),
and a Reflector or Critic (to evaluate the output, check for execution errors,
and suggest corrections).

The main advantage of MAS is its flexibility and ability to solve open-
ended problems. Since agents have some autonomy and can engage in itera-
tive, self-correcting dialogues, MAS is highly effective for exploratory tasks,
like navigating unseen user interfaces or conducting open-ended data ex-
ploration. The iterative reflection loop enables the system to recover from
mistakes that a single-pass model would likely overlook.

However, the autonomy that makes MAS flexible can also introduce sig-
nificant drawbacks. Since agents communicate in natural language, they can
create cascading hallucinations where an incorrect assumption by the Plan-
ner is simply accepted and compounded by the Coder, causing errors to prop-
agate and amplify across the entire system. Additionally, the iterative loop of
coding, failing, reflecting, and rewriting is resource-intensive, slow, and con-
sumes large amounts of tokens. In environments where speed, traceability,
and strict adherence to domain rules are required, the unpredictable nature
of MAS can be a limitation.

2.3.1.2 Pipeline Systems

In contrast to the dynamic, conversational nature of MAS, Pipeline Systems
enforce structural constraints on information flow through predefined pro-
cessing stages. In a pipeline architecture, the flow of information is strictly
controlled, usually as a Directed Acyclic Graph (DAG). The LLM is invoked
only at specific nodes to perform clearly defined transformations. The out-
put of each stage becomes the structured input for the next, with each stage
carrying out one specific transformation, together achieving a result that a
single stage could not deliver alone. Notably, while pipelines and MAS are
often presented as opposing paradigms, they are not mutually exclusive; a
MAS orchestrator may delegate well-scoped subtasks to an internal pipeline,
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combining the flexibility of agentic control flow with the reliability of se-
quential processing.

Pipeline architectures can improve reliability, transparency, and com-
putational efficiency by constraining information flow through predefined
stages. However, this control comes at the cost of rigidity: pipelines typi-
cally assume that inputs conform to an expected structure and may degrade
when faced with inputs that deviate from it.

2.3.2 Intermediate Representations

Both orchestration patterns can benefit from mechanisms that constrain the
form of individual LLM outputs. In Domain-Centric AI, one particularly im-
portant mechanism is the use of IRs [37].

Instead of prompting the LLM to map directly from a vague natural lan-
guage query to an executable output, IR-based approaches require the model
to first convert the query into a formal, unambiguous representation, such
as an Abstract Syntax Tree (AST), a logical form, or Relational Algebra (RA).

The IR serves as a bridge between unstructured natural language and the
final executable task. Governed by mathematical or formal syntax, it reduces
the ambiguity of natural language. Once the LLM successfully converts the
user’s intent into this formal representation, the subsequent code generation
becomes a significantly more constrained task—either a deterministic compi-
lation when executed by a formal engine, or a substantially narrowed prob-
abilistic translation when delegated to a second LLM call. By grounding the
LLM’s reasoning in a meaningful IR, both pipeline systems and MAS agents
can significantly alleviate the deductive bottleneck. They reduce the need for
iterative error correction, lower reliance on extensive few-shot prompting,
and limit the space in which hallucinations can occur, making them highly
suitable for rigorous, high-stakes domains.

Thus, IRs are advantageous for Domain-Centric AI because they establish
formal logical representations that incorporate domain-specific constraints
and separate the task into two distinct cognitive loads:

1. Semantic Parsing / Reasoning: The LLM translates the natural lan-
guage query into the formal IR.

2. Compilation / Translation: The IR is either executed directly by a
deterministic engine or translated into executable code (e.g., Python or
SQL).

This separation is central to Domain-Centric AI: it allows general LLM
capabilities to be usedwhile keeping the critical reasoning process inspectable,
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controllable, and aligned with domain-specific rules.

2.4 The Industrial Setting: Automotive Sector

The need for Domain-Centric AI is especially clear in the automotive indus-
try, where the transition to the software-defined vehicle has created a deeply
interconnected challenge: software development has become increasingly
complex, and the volume of test logs, validation data, and system signals is
so large that managing the development process now depends on managing
the data it produces. Addressing the data analytics bottleneck is therefore
not secondary, but essential to maintaining control over the development
process itself.

Modern vehicles rely on millions of lines of code to operate and coor-
dinate physical hardware. This generates vast amounts of specialized engi-
neering data that are difficult to interpret with general-purpose AI models.
Unlike ordinary text, this data is structured, technical, and tightly tied to sys-
tem behavior, test conditions, and safety requirements. Models designed for
open-ended conversation cannot reliably reason about this kind of data or
function within the strict workflows used for automotive validation.

This limitation becomes critical in a safety-sensitive environment where
tolerance for error is extremely low. In such settings, a hallucination or incor-
rect inference is not just a technical error; it can undermine system integrity
and trust in the validation process. Therefore, AI in automotive development
cannot just produce plausible answers. It must operate within the domain’s
logic, data structures, and safety constraints.

2.4.1 Automotive Software Architecture

Automotive software is complex because it needs to manage many different
subsystems within a single vehicle. Modern vehicles contain networks of
Electronic Control Units (ECUs), which are embedded computers responsible
for various functions such as engine control, braking, seat heating, and door
locking. These ECUs communicate over in-vehicle networks, most often the
Controller Area Network (CAN) bus, which supports reliable real-time com-
munication in electrically noisy environments [41].

The main challenge is not only that vehicles have many ECUs, but also
that these units vary in function, software, timing requirements, and critical
safety levels. Automotive software must integrate them into one coherent
and predictable system. As vehicles become more connected, automated,
and software-driven, this integration becomes much more difficult. Software
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now drives much of automotive innovation and accounts for an increasing
share of development effort and cost.

2.4.2 The Software Release Lifecycle

Given the physical consequences of software failures in safety-critical vehi-
cles, the release lifecycle is governed by strict validation protocols and pro-
gresses through multiple hierarchical stages [17]:

1. Subsystem Integration: Individual software components and ECUs
are tested in isolation.

2. System Integration: Multiple subsystems are combined and tested
for interoperability and signal integrity.

3. Full-Vehicle Integration: The complete software suite is deployed on
physical test rigs or closed-track vehicles to validate real-world perfor-
mance and safety.

Each stage generates large amounts of tabular test data. As integration
moves forward, the number of dependencies between components grows,
making the results harder to interpret and manage. This increasing com-
plexity increases the burden on release oversight.

The Release Manager is responsible for this process and acts as the final
gatekeeper in the software release lifecycle. They ensure that safety stan-
dards, functional requirements, and cross-disciplinary dependencies are met
before the software moves to the next stage.

2.4.3 Risk-Sensitive Decision Making: The Go/No-Go Process

At each integration stage, the Release Manager makes the Go/No-Go deci-
sion [20]. To do this, they must analyze large volumes of tabular test data,
identify failed cases, assess whether problems in one component affect other
systems, and evaluate whether a Release Candidate meets defined safety and
quality thresholds.

This process is inherently risk-sensitive. Errors or delays in the analysis
can affect both vehicle safety and production timelines. In this setting, us-
ing autonomous general-purpose AI agents for data analysis creates serious
risks, especially when their reasoning is unclear or not fully faithful to the
underlying data.

Historically, this data analytics process has been a significant bottleneck.
Release Managers, who may not be experts in database querying, often rely
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on small, centralized teams of data analysts to translate high-level questions
into complex SQL queries or Python scripts. This manual translation is labor-
intensive, slow, and prone to human error, delaying critical product time-
lines.

Although this bottleneck makes the process a natural candidate for AI-
based automation, general-purpose LLMs cannot be deployed directly into
this workflowwithout further constraints. Domain experts must remain able
to inspect and verify the system’s reasoning before its outputs inform release
decisions.

Because Go/No-Go decisions affect vehicle safety, any AI assistant de-
ployed in this environment must exhibit:

• Transparency: The analytical logic used to generate the report must
be fully visible and interpretable by domain experts.

• Reliability: The system must not hallucinate constraints, miscount
failures, or overlook critical test outcomes.

In this highly constrained and risk-sensitive setting, the need for domain-
specific LLM-based systems becomes clear. By aligning general LLM capabil-
ities with strict domain-specific rules, such systems can automate software
release analytics without sacrificing the safety, transparency, and rigor re-
quired in the automotive industry. Therefore, the automotive setting illus-
trates Domain-Centric AI as an operational necessity rather than a design
preference.
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3
Summary of Included
Papers

This chapter summarizes the four papers included in this thesis. To-
gether, they trace a progression from general domain robustness to domain-
specific AI system design. The first paper surveys meta-learning methods
for domain generalization, establishing the problem of robustness under dis-
tribution shift. The second paper extends this theme to vision-language
models by introducing latent domain prompt learning for domain general-
ization. The third and fourth papers move from model-level generalization
to system-level domain integration in automotive software release analytics:
first through a multi-agent LLM system for Go/No-Go decision support, and
then through a pipeline architecture that uses Relational Algebra as a formal
intermediate representation for more transparent and reliable analysis.

3.1 Paper I: Domain Generalization through Meta-
Learning: A Survey

This paper addresses domain generalization throughmeta-learning, focusing
on how models can remain robust when deployed in unseen domains with-
out access to target-domain data during training [18]. Much of the surveyed
literature is grounded in computer vision, where domain shifts often appear
as changes in visual style, sensor characteristics, lighting, viewpoint, or im-
age acquisition conditions. The paper positionsmeta-learning as a promising
approach to DG because it simulates domain shifts during training and en-
courages models to acquire transferable knowledge across domains.

The paper provides a systematic survey of meta-learning methods for
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domain generalization. Its main contribution is a taxonomy that organizes
existing methods according to two axes: a generalizability axis, which de-
scribes how the feature extractor handles domain variation, and a discrim-
inability axis, which describes how the classifier separates classes across do-
mains. Together, these axes define four categories of approaches: minimiz-
ing inter-domain distances, maximizing intra-domain distances, minimizing
intra-class distances, and maximizing inter-class distances. These categories
capture whether a method promotes robustness by aligning domains, diver-
sifying the available source data, encouraging samples from the same class
to form compact representations, or increasing separation between different
classes. The taxonomy is accompanied by an actionable decision graph that
helps researchers and practitioners select suitable methods based on data
availability, domain diversity, and the nature of the expected domain shift,
making the survey both descriptive and practically useful.

Paper I establishes the theoretical foundation for the broader argument
about Domain-Centric AI. It focuses on the first level of the domain inte-
gration spectrum: domain generalization. Before foundation models can be
adapted to specific domains or embedded into domain-constrained systems,
it is necessary to understand how models can remain robust when facing
unseen domains. By analyzing how meta-learning methods manage domain
variation and class separation, the paper clarifies that generalization is not
simply a result of having more data. Rather, it depends on how learning algo-
rithms structure representations so that they remain both transferable across
domains and discriminative across classes.

Statement of contributions The author of this thesis conducted the pri-
mary study and literature review, analyzed and discussed the reviewedmeth-
ods, designed the taxonomy, andwas responsible for themajority of the writ-
ing.

Appeared in: Artificial Intelligence Review 57.10 (2024): 285.

3.2 Paper II: LatentDomainPrompt Learning forVision-
Language Models

This paper extends the domain generalization perspective from Paper I to
foundation models, focusing on VLMs such as CLIP. Although VLMs exhibit
strong zero-shot capabilities due to large-scale image-text pretraining, their
performance still depends on how their capabilities are elicited for down-
stream tasks. Soft prompt learning addresses this by replacing manually de-
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signed text prompts with learnable continuous prompts. However, learned
prompts can overfit to the source domains and degrade under domain shift.
Existing prompt-basedDGmethods often rely on explicit domain labels, which
may be unavailable or ambiguous in real-world settings, such as autonomous
driving, where changes in lighting, weather, and environment are continu-
ous rather than cleanly separable into predefined domains.

To address this limitation, the paper introduces Latent Domain Prompt
Fusion (LDPF), a prompt-learning framework for domain generalization in
VLMs without explicit domain labels. Instead of using human-defined do-
main annotations, LDPF automatically discovers latent domains from im-
age features. It then trains prompts with two complementary components:
domain-agnostic tokens, which capture knowledge shared across domains,
and domain-specific tokens, which capture latent style or domain character-
istics. At inference time, an input image is compared with the discovered
latent domain centroids, and the model dynamically fuses domain-specific
text features according to these similarities. In this way, an unseen target
domain is represented as a combination of latent source domains, enabling
more adaptive visual-textual alignment.

Experiments on Office-Home [39], mini-DomainNet [53], PACS [27], and
Terra Incognita [1] show that LDPF consistently improves over strong VLM-
based baselines that do not use domain labels, including Zero-shot CLIP,
CoOp [52], and CoCoOp [51]. The method achieves an average gain of 4.8
percentage points over Zero-shot CLIP. Ablation results further show that
the latent domain components contribute to performance, and that replac-
ing latent clusters with manually annotated domain labels can reduce per-
formance, suggesting that human-defined domains may not fully capture
image-specific styles. The upper-bound analysis also reveals that domain-
specific prompts can be complementary, especially in challenging datasets,
while simple similarity-based fusion may not always fully exploit this com-
plementarity.

Paper II strengthens the first level of the domain integration spectrum:
domain-generalizability. While Paper I surveys how meta-learning can sup-
port robustness under domain shift, Paper II shows how this problem ap-
pears in modern foundation models and how prompt learning can be made
more domain-aware without relying on explicit domain labels. Thus, the pa-
per bridges classical DG and foundation-model adaptation: it preserves the
general capabilities of CLIP while introducing a lightweight mechanism for
handling latent domain variation.
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Statement of contributions The author of this thesis contributed to the
study design, methodological development, analysis of results, and review
and revision of the manuscript.

Appeared in: ICASSP 2026 – IEEE International Conference onAcoustics, Speech
and Signal Processing, IEEE, 2026.

3.3 Paper III: GoNoGo: AnEfficient LLM-basedMulti-
Agent System for Streamlining Automotive Soft-
ware Release Decision-Making

This paper moves from model-level domain generalization to system-level
domain integration in an industrial automotive setting. It addresses theGo/No-
Go software release process, where release managers and engineers must
analyze large volumes of tabular test data to determine whether a software
release candidate is ready to progress to the next development or integration
stage [20]. Traditionally, this process relies onmanual analysis and the trans-
lation of high-level stakeholder questions into database queries or Python
scripts, making it time-consuming, error-prone, and dependent on special-
ized analysts. The paper identifies this workflow as a high-value but risk-
sensitive target for LLM-based automation, where the system must support
domain-specific terminology, vague user queries, interpretability, efficiency,
and maintainability.

To address this challenge, the paper introduces GoNoGo, an LLM-based
multi-agent system for automotive software release analytics. The system
consists of two main agents: a Planner and an Actor. The Planner interprets
the user’s natural-language query and decomposes it into analysis steps us-
ing a knowledge base, few-shot examples, CoT, and SC. To improve risk-
sensitivity, the Planner’s action space is restricted to predefined atomic ac-
tions, namely, slicing and operation. The Actor then translates the planned
steps into executable Python code using a coder LLM, together with mem-
ory, plugins, and a self-reflection mechanism for detecting and correcting
execution errors. This division of responsibility allows the system to com-
bine flexible natural-language interaction with a more controlled analysis
workflow.

GoNoGo was evaluated on 50 industrially grounded query tasks derived
from real software release analytics needs and organized into four difficulty
levels. With 3-shot examples, the system achieved a 100% success rate on
tasks up to Level 2 difficulty and 90% success across all tasks, including the
most complex Level 4 queries. The system was also deployed and actively
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Software Release Analytics

usedwithin the industrial partner’s company, where pilot users reported sav-
ing approximately two hours per person for each decision-making instance.
These results show that GoNoGo can automate routine release analytics, re-
duce reliance on specialized analysts, and help release engineers focus on
higher-level evaluation.

Paper III marks the transition from domain generalization to domain
specificity. Unlike Papers I and II, which focus on robustness under domain
shift, this paper shows how general LLM capabilities can be embedded into
a domain-specific software architecture for a high-stakes industrial work-
flow. By combining a domain knowledge base, constrained planning actions,
few-shot examples, and code-generating agents, GoNoGo demonstrates the
practical value of Domain-Centric AI: the LLM is not used as an open-ended
chatbot, but as part of a structured system aligned with automotive release
logic. At the same time, the paper exposes the limitations of multi-agent
architectures in this setting, including reliance on few-shot prompting, iter-
ative correction, and natural-language reasoning. These observations mo-
tivate Paper IV, which further constrains the reasoning process through a
pipeline architecture based on a formal intermediate representation.

Statement of contributions The author of this thesis led the study, con-
tributed to the design of the GoNoGo architecture, analyzed the results, co-
ordinated the industrial case study with the industrial partners, and was re-
sponsible for the majority of the writing.

Appeared in: IFIP International Conference on Testing Software and Systems,
Springer Nature Switzerland, 2024.

3.4 Paper IV:GateLens: AReasoning-EnhancedLLM
Agent for Automotive Software Release Analyt-
ics

This paper builds directly on the lessons learned from Paper III. GoNoGo
showed that LLM-based multi-agent systems can automate routine automo-
tive release analytics [20]. However, it relied on CoT prompting, SC, few-shot
examples, and iterative agent coordination, which limited scalability, latency,
token use, and maintainability. As the system was exposed to a broader user
base, query diversity increased, making it more important to handle complex,
ambiguous, and imprecise queries without depending on carefully curated
examples. GateLens addresses this challenge by moving from flexible multi-
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agent orchestration toward a more structured, zero-shot pipeline for reliable
tabular analysis in automotive software release decision-making [17].

The key contribution of the paper is the use of Relational Algebra (RA)
as a formal IR between natural-language queries and executable code. Gate-
Lens first translates a user query into RA expressions using a domain-specific
schema and glossary, and then converts these expressions into executable
Python code. This two-stage architecture makes the reasoning process more
explicit: instead of relying on free-form natural-language reasoning, the sys-
tem decomposes the query into formal relational operations such as selec-
tion, projection, joins, grouping, and aggregation. This formal translation
helps resolve ambiguous natural-language queries by mapping vague user
intent to precise schema components and RA operations. It also reduces the
space for hallucination, since the model must express its reasoning through
valid relational operations before code is generated. The architecture fur-
ther includes in-scope filtering, allowing the system to reject queries that
cannot be meaningfully answered using the available database. Together,
these design choices improve transparency, reduce dependence on few-shot
prompting, and bridge the reasoning-to-code gap that can arise in direct
code-generation approaches.

GateLens was evaluated on two benchmarks: a designed benchmark of
50 queries across four difficulty levels and a real-world benchmark of 244
production queries collected from industrial use. With GPT-4o, GateLens
achieved 100% F1 on the designed benchmark and 83.51% F1 on the real-
world benchmark, outperforming the previous CoT+SC system by approxi-
mately 13 percentage points. Additional experiments showed that GateLens
handled out-of-scope and imprecise queries more robustly than the base-
line, and ablation studies confirmed the importance of the RA layer, with
performance dropping substantially when RA was removed. The system
also reduced token consumption by approximately 79% compared with the
CoT+SC baseline, reflecting the efficiency of its zero-shot, single-pass archi-
tecture.

The industrial deployment further demonstrated the practical value of
the approach. GateLens supported an extended pilot involving 60–80 users
across different stakeholder roles and reduced the time required for Go/No-
Go analytics bymore than 80%, including the time engineers spent verifying
system outputs. The explicit RA plan made the system’s reasoning easier to
inspect and diagnose, helping stakeholders validate outputs and build trust
in the automation. These findings show that in safety-critical industrial envi-
ronments, performance metrics alone are insufficient: domain experts must
also be able to understand and verify the reasoning process before using AI-
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generated results in release decisions.
Paper IV represents the most explicit form of domain specificity. It shows

howgeneral LLM capabilities can be shaped through a domain-aware pipeline
that connects natural-language queries to RA and then to executable Python
code. Compared to Paper III, which relied on multi-agent coordination and
natural-language reasoning, GateLens demonstrates a more controlled ap-
proach to Domain-Centric AI: the LLM remains useful because of its lan-
guage understanding and code-generation abilities, but its reasoning is con-
strained by a formal IR that reflects the structure and rules of the domain.
Therefore, Paper IV provides a concrete demonstration of the thesis’s cen-
tral argument: high-stakes AI systems require not only general model ca-
pability, but also architectural mechanisms that make reasoning structured,
transparent, and domain-grounded.

Statement of contributions The author of this thesis led the study, de-
signed the GateLens framework, analyzed the results, coordinated the indus-
trial deployment, and was responsible for the majority of the writing.

Status: Submitted, under review.
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4
Discussion, Implications,
and Future Work

The central argument of this thesis is that reliable AI in high-stakes do-
mains requires both generalizable model capabilities and domain-aware sys-
tem design. Foundation models and LLMs provide broad language under-
standing, reasoning, and code-generation abilities. However, these capabil-
ities must be constrained and guided by domain-specific logic — through
system architecture, formal representations, or targeted adaptation — before
they can be used reliably in critical settings. The included papers study this
connection at different levels: representation learning for domain general-
ization, prompt learning, MAS, pipeline architectures, and formal IRs.

The first two papers focus on domain generalization. This matters be-
cause a model that cannot handle domain shift is difficult to adapt or spe-
cialize. Domain generalization provides the basis for later forms of domain
integration: if a model learns representations that transfer across unseen
domains, it becomes a stronger starting point for domain adaptation and
domain-specific system design. Together, Papers I and II show that robust-
ness under domain shift depends not only onmodel capacity, but also on how
learning is structured and how capabilities are elicited. Paper I shows that
meta-learning and episodic training can make learned representations more
robust by exposing models to simulated domain shifts, enabling transfer to
unseen domains and faster adaptation from limited examples [18]. Paper II
extends this idea to foundation models: with the VLM backbone kept frozen,
prompt learning modifies the input context to elicit and steer existing capa-
bilities toward downstream domains [29].

The final two papers move from model-level robustness to system-level
domain specificity. In high-stakes settings, the core problem is not always
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4. Discussion, Implications, and Future Work

that the model has never seen the relevant terminology. Often, the model
recognizes the terms but fails to reason correctly under strict operational
constraints. This creates a deductive bottleneck: the model may hallucinate
relationships, overlook constraints, or produce outputs that cannot be veri-
fied against domain rules. Domain-Centric AI addresses this bottleneck by
placing the model inside systems that make reasoning structured, transpar-
ent, and aligned with domain-specific logic. LLMs should therefore not be
treated as standalone decision-makers, but as components within architec-
tures that structure their reasoning, keep it inspectable, and enable domain
experts to verify outputs before acting on them.

The industrial results demonstrate that the value of Domain-Centric AI
lies not only in automation, but also in making automation usable and ef-
ficient in practice. GoNoGo [20] established that LLM-based automation of
release analytics is feasible; GateLens [17] then showed that appropriate ar-
chitectural constraints can make such automation more reliable, efficient,
and inspectable. In automotive release analytics, domain experts must be
able to understand how an output was produced, diagnose errors, and assess
whether a result is trustworthy enough to support a release decision. By
exposing intermediate reasoning steps through formal representations, the
system shifts human effort from manual data preparation to verification, in-
terpretation, and decision-making. Furthermore, the right architecture can
reduce computational cost: in GateLens, the structured pipeline reduced to-
ken consumption by approximately 79% compared to the CoT-based base-
line and reduced Go/No-Go analysis time bymore than 80%, improving both
the computational and operational cost of domain-specific AI [17].

The academic implication is that reliable LLM reasoning is not guaran-
teed by model scaling or in-context examples alone; architectural constraint
is a complementary and often more practical strategy. This thesis shows
that schemas, constraints, IRs, validators, and execution environments can
contribute to the intelligence of the system by encoding domain knowledge
operationally. Reasoning reliability is therefore improved not only through
model training, but also through system design. This has implications for
how the domain integration spectrum should be understood: generalizability
provides the base capability, while adaptability and specificity are achieved
as much through system architecture as through model adaptation or train-
ing.

Future work can extend Domain-Centric AI in several directions. One di-
rection is modeling domain-specific user intent. In many applications, users
express goals through vague, incomplete, or domain-specific language. AI
systems must infer the intended task, preserve precise user constraints when
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they are provided, and still operate within domain rules. A second direction
is tracking and predicting states in domain-specific applications. To achieve
reliable behavior in interactive domains, the system must maintain a clear
link between the current state, previous actions, and possible future out-
comes. In such environments, it must keep track of visited states, attempted
actions, failures, and contextual cues over long task sequences. A third di-
rection is domain-adaptive code generation, where generated code or exe-
cutable artifacts must respect domain APIs, data schemas, safety constraints,
and downstream objectives. Android GUI testing is one concrete example
that combines these challenges: a testing agent must infer user intent, ex-
plore unseen screens, remember prior interactions, and generate meaningful
test actions instead of only maximizing surface-level coverage.

Addressing these challenges will require both system design and model
adaptation. On the system side, future work will likely require advanced
memory mechanisms, multi-agent coordination, formal intermediate repre-
sentations, validators, and execution feedback. On the model side, reinforce-
ment learning can be used during fine-tuning to align foundation models
with domain-specific requirements, for example by improving retrieval be-
havior, reasoning procedures, or code generation under domain constraints.
Across all these directions, the core challenge remains the same: transform-
ing general-purpose AI into reliable systems whose reasoning is grounded in
the structure and constraints of the domain.
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Abstract

Deep neural networks (DNNs) have revolutionized artificial intelligence
but often lack performance when faced with out-of-distribution (OOD)
data, a common scenario due to the inevitable domain shifts in real-
world applications. This limitation stems from the common assumption
that training and testing data share the same distribution—an assump-
tion frequently violated in practice. Despite their effectiveness with
large amounts of data and computational power, DNNs struggle with
distributional shifts and limited labeled data, leading to overfitting and
poor generalization across various tasks and domains. Meta-learning
presents a promising approach by employing algorithms that acquire
transferable knowledge across various tasks for fast adaptation, elim-
inating the need to learn each task from scratch. This survey paper
delves into the realm of meta-learning with a focus on its contribution
to domain generalization. We first clarify the concept of meta-learning
for domain generalization and introduce a novel taxonomy based on the
feature extraction strategy and the classifier learning methodology, of-
fering a granular view of methodologies. Additionally, we present a de-
cision graph to assist readers in navigating the taxonomy based on data
availability and domain shifts, enabling them to select and develop a
proper model tailored to their specific problem requirements. Through
an exhaustive review of existing methods and underlying theories, we
map out the fundamentals of the field. Our survey provides practical
insights and an informed discussion on promising research directions.



I.1 Introduction

Traditional machine learning approaches assume training and testing data
are independent and identically distributed (i.i.d.). However, this assump-
tion often fails in practice due to variations in data acquisition conditions,
such as changes in sensor types, lighting conditions, or environmental fac-
tors, leading to substantial performance degradation whenmodels encounter
new domains [41]; thus, they cannot cope with the out-of-distribution (OOD)
challenge [7]. A domain can be defined as a specific distribution of data
characterized by its own set of features, statistical properties, and underly-
ing concepts [85]. Domain generalization (DG) and domain adaptation (DA)
techniques evolved to deal with domain shifts to address out-of-distribution
problems [28, 87]. When we have two distinct domains, namely the source
and target domains, we can apply domain adaptation techniques, which fo-
cus on adapting a model trained on a source domain to perform well on a
target domain. Meanwhile, domain generalization aims to generalize over
any domain, allowing models trained on one set of domains to perform well
on unseen domains. It is important to note that DA techniques assume ac-
cess to target domain data [56, 65], whereas DG techniques assume no ac-
cess to the target domain data, which makes it a much harder problem to
solve. Compared to DA, DG is more applicable in practice. First, machine
learning models are trained on a specific large dataset to perform well on
that exact task. However, in real-world scenarios, we often face new tasks
with limited labeled data available. Essentially, collecting labeled data and
retraining the model for such "unseen" domains can be extremely costly and
time-consuming. Also, it is often impossible to enumerate all the "unseen"
domains in advance. Accordingly, enhancing the generalization capability of
machine learning models is crucial.

Meta-learning has emerged to enable a model to quickly adapt and learn
from a small amount of data or even generalize to unseen tasks [38]. Meta-
learning algorithms leverage prior knowledge, patterns, and experiences ac-
quired from similar or related tasks to make learning transferable [69]. Re-
cently, some meta-learning algorithms have been used for domain general-
ization, allowing models to generalize across various domains with limited
or no access to all domains during training. These algorithms learn a more
generalized representation by identifying patterns that generalize across un-
seen domains. For instance, consider the PACS dataset [27], which comprises
images from four distinct domains: photo, art, cartoon, and sketch. The goal
is to train a model on a subset of these domains, such as photos, art, and
cartoons, in such a way that it can also accurately classify sketches despite
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never having “seen" sketches during training. This challenges the model to
extract domain-invariant patterns essential for classifying images across all
four domains. This “learning-to-generalize" paradigm aligns with the hu-
man learning process, where knowledge acquired from multiple situations
enables individuals to adapt quickly to new situations [25].

Recently, there has been a growing interest in developing meta-learning
methods for domain generalization. These methods aim to address the limi-
tations of conventional machine learning approaches by incorporating meta-
level learning procedures that enhance a model’s ability to generalize across
domains. More specifically, these models achieve cross-domain generaliza-
tion by learning from a variety of tasks and domains during training, which
prepares them to handle distributional shifts and enables more effective gen-
eralization. It is important to note that in domain generalization via meta-
learning, the assumption is that there are zero target domain examples during
training, contrasting with typical meta-learning that often focuses on few-
shot learning for task adaptation.

Wang et al. [92] and Zhou et al. [50] discussed recent advances in domain
generalization, covering the formal definition of the problem, related fields,
and theoretical foundations, and they highlight commonly used datasets and
applications. Additionally, Liu et al. [53] recently explored the OOD general-
ization problem, which addresses scenarios where the test data distribution
differs from the training data. Their review encompasses methodologies cat-
egorized into unsupervised representation learning, supervised model learn-
ing, and optimization. Viltala et al. [89] published one of the first surveys on
meta-learning to formalize self-adaptive learner models. Huisman et al. [38]
later provided a comprehensive survey on meta-learning to explore the com-
mon challenge of how to leverage meta-knowledge to improve the perfor-
mance of learning algorithms. Hospedales et al. [37] also discussed various
perspectives on meta-learning by providing a novel taxonomy and inves-
tigating the utility of the most commonly used meta-learning algorithms.
Vettoruzzo et al. [88] have recently examined meta-learning algorithms, dis-
cussing their benefits and challenges, and categorizing methods into metric-,
model-, and optimization-based techniques, with a focus on achieving con-
sistent evaluation metrics and computational efficiency. In contrast to pre-
vious works, to our best knowledge, this paper is the first survey collecting
literature and highlighting the overall potential of meta-learning for domain
generalization. In this paper, we offer a fresh perspective and a new taxon-
omy for classifying meta-learning approaches designed for generalization to
unseen domains.

As a more detailed explanation, this survey paper provides a systematic
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overview of existing meta-learning methods tailored for domain generalization.
We introduce the concept of domain generalization and clarify its signifi-
cance in real-world machine learning applications. Subsequently, we delve
into the theoretical foundations of meta-learning and explain its applicabil-
ity to the domain generalization setting. The paper reviews various frame-
works and methodologies employed in existing meta-learning approaches
for domain generalization, highlighting their strengths and limitations. Ad-
ditionally, we present a taxonomy to help with the effective categorization of
these algorithms. Furthermore, we survey the datasets and evaluation proto-
cols prevalent in this research area and point out the principal challenges and
open questions for future study. Our goal is to present an extensive reference
for researchers and practitioners interested in understanding and advancing
the field of meta-learning for domain generalization.

The rest of this survey is structured as follows. In Section I.2, we pro-
vide background information on the topic and introduce the fundamental
concepts of meta-learning and its applicability to the domain generalization
setting. Section I.3 presents a taxonomy that can be used to categorize tech-
niques that will be discussed in this survey. We then proceed to explore the
different frameworks of meta-learning methods for domain generalization
in Section I.4. Section I.5 discusses the widely adopted datasets and evalu-
ation protocols employed in the field. In Section I.6, we cover the crucial
applications of meta-learning for domain generalization and its significance
in practical machine learning scenarios. Section I.7 discusses the significance
of the findings, key challenges, and promising research directions. Finally,
Section I.8 summarizes the main points of the survey and their implications.

I.2 Background

While deep learning models have achieved remarkable results in specific
tasks, developing models that can generalize across tasks and domains re-
mains a challenge. Initially, we will provide a concise overview of related re-
search areas, highlighting their unique characteristics, with a comparison of
the discussed learning paradigms available in Table I.1. Subsequently, wewill
delve into more details of meta-learning and domain generalization, along
with providing a formalization of meta-learning for domain generalization,
as it represents a research area specifically aimed at addressing the challenges
of generalization across various tasks and domains.
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I.2.1 Different Learning Paradigms

In real-world applications, data availability is often limited and conditions
change over time. A practical machine learning model must adapt to these
changeswithout retraining from scratch, as traditional retraining is resource-
intensive and inefficient. To address this challenge, several learning paradigms
have been introduced. This section briefly introduces the key learning paradigms
to build intuition for designing efficient machine learning models.

I.2.1.1 Incremental Learning

Incremental learning involves gradually training a model on new data over
time. Themodel is updated incrementally as new data arrives, often in batches.
However, previous data is often not retained, so incremental learning can
suffer from catastrophic forgetting of earlier concepts. It is also necessary
to carefully design training data to avoid bias and ensure that the AI system
can generalize from the new data [7, 33, 97]. The other important challenge
is to deal with non-stationarity in the data, which can prevent the AI system
from converging on a solution. Incremental learning can be done online or
offline [34].

I.2.1.2 Online Learning

Online learning involves training a model on data that becomes available
in a sequential order, sample-by-sample or mini-batch by mini-batch [36].
The model is updated each time a new sample/mini-batch arrives. Online
learning algorithms aim to perform updates efficiently to accommodate new
data but do not explicitly retain old knowledge.

I.2.1.3 Continual Learning

Continual learning refers to the ability of a model to learn sequentially over
time from a stream of data. The goal is to learn new tasks without forget-
ting previous knowledge, handling different distributions in the data over
time [14]. It involves retaining previously learned knowledge and effectively
integrating new knowledge.

I.2.1.4 Transfer Learning

Transfer learning refers to the process of reusing a pre-trained model as the
basis for a new model, where a model trained on one task is repurposed
for a second related task to allow rapid progress when modeling the second
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task [64]. Essentially, transfer learning involves using the knowledge learned
from one task to improve the performance of another related task.

I.2.1.5 Multi-task Learning

Multi-task learning is a machine learning approach in which we try to learn
multiple tasks simultaneously, optimizing multiple loss functions at once.
The goal of multi-task learning is to improve learning efficiency and predic-
tion accuracy for the task-specific models, when compared to training the
models separately [99]. It leverages shared representations, which can help
other tasks be learned better.

I.2.1.6 Meta-Learning

Meta-learning refers to the process of learning how to learn [25]. It involves
training a model to learn new tasks quickly with minimal data by leveraging
knowledge learned from previous tasks. The goal of meta-learning is to learn
a good initialization of the model’s parameters that can be adapted quickly to
new taskswith only a few samples (also referred to as few-shot learning) [82].
In other words, it transfers knowledge frommany source tasks, so it can learn
a new task more quickly, more proficiently, and more stably [37].

I.2.1.7 Domain Adaptation

DA focuses on adapting a model from one source domain to perform well
on a related target domain [3, 6, 13, 40, 55]. It assumes some similarity or
overlap between the two domains. It leverages labeled data from the source
domain and unlabeled/limited labeled data from the target domain. Also, it
is closely related to transfer learning, which also aims to transfer knowledge
from the source domain to the target domain.

I.2.1.8 Domain Generalization

DG goes a step further in comparison to DA. It involves training a model
on multiple source domains with the goal of making it perform well on any
unseen or new target domains [27, 60, 78]. So, it does not assume access to
target domain data during training. DG addresses the challenge of adapting
to diverse and unknown domains by learning representations that capture
the underlying invariant factors across various domains.
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Table I.1: Comparison of Different Learning Paradigms Highlighting Simi-
larities and Dissimilarities Among Meta-Learning, Domain Gen-
eralization, and Related Learning Approaches.

Learning Paradigm p(X) Consistency Y Consistency Test Access p̂(Y |X;θ1)

Incremental/Online Learning [36] minθEp(D)[ℓ(D;θ)]
Continual Learning [15] minθEp(T )Ep(Dτ )[ℓ(Dτ ;θ)]
Transfer Learning [86] minθEp(DT )[ℓ(DT ;θ)]2

Multi-task Learning [77] minθsh,θτ Ep(T )Ep(Dτ )[ℓ(Dτ ;θ
sh,θτ )]3

Meta-Learning [94] minθEp(T )Ep(Dτ )[ℓ(D
tr
τ ,Dteτ ;θ)], Dτ =Dtrτ ∪Dteτ 4

Domain Adaptation [23] minθEp(DT )[ℓ(DT ;θ)]
Homogeneous DG [50] minθEp(S)Ep(Ds)[ℓ(Ds;θ)]

5

Heterogeneous DG [81, 95] minθEp(S)Ep(Ds)[ℓ(Ds;θ)]
1 In this table, we use θ to denote the set of all trainable parameters in the model.
2 DT represents the target domain.
3 θsh and θτ denote the shared and the task-specific parameters, respectively.
4 Dtrτ and Dteτ indicate the meta-train and meta-test splits of task τ’s data, respectively.
5 Ds and S represent a dataset from source domain s and a set of source domains, respectively.

I.2.2 Meta-learning for Domain Generalization: Promises and
Challenges

Meta-learning is considered a promising approach for DG, as it trains mod-
els to build transferable knowledge that can be efficiently applied to different
tasks and domains. This aligns with the goal of DG to generalize to unseen
domains. By training on a variety of learning tasks, meta-learning enables
models to acquire knowledge that is transferable across different domains.
In other words, meta-learning enables models to learn how to learn, which
significantly enhances their ability to adapt to new and unseen domains by
leveraging previously acquired knowledge. This adaptability is crucial for
DG, where the goal is to generalize beyond the training domains (see Table I.2
for a comparison between traditional machine learning and meta-learning).
In meta-learning, models are trained episodically where each task or episode
simulates a domain shift. This procedure effectively equips the model with
the ability to handle domain shifts by encouraging the development of fea-
tures that are robust to the variations between training and test domains. By
repeatedly encountering a variety of tasks, the model learns to extract fea-
tures that are crucial for performance across different domains, rather than
overfitting to the idiosyncrasies of any single domain. These robust features
are more likely to be relevant in unseen domains, thus improving the overall
generalization of the model. Additionally, the intrinsic sample efficiency of
meta-learning can lead to more effective utilization of limited data. Meta-
learning is designed to achieve high performance with fewer examples by
leveraging the knowledge gained from previous tasks. This sample efficiency
is particularly beneficial in scenarios where data from new domains is scarce
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or expensive to obtain.
One of the main challenges of using meta-learning for DG is ensuring a

sufficient diversity of learning tasks during themeta-training phase. Without
enough diversity, the model may lack the capacity to generalize effectively
to completely new domains. Additionally, the degree of the distributional
shift between the training domains and the test domain can be substantial.
If the unseen test domain differs significantly from the training domains, the
model may encounter difficulties in generalizing. Furthermore, while meta-
learning is designed to be sample-efficient, in reality, it often requires a large
number of tasks to achieve high performance, which might not always be
feasible or accessible. It is also important to note that effective domain gen-
eralization often requires understanding causal relationships within the data,
which meta-learning algorithms might not capture without proper inductive
biases or domain knowledge integration.

I.2.3 Formalization of Meta-Learning for Domain Generaliza-
tion

In meta-learning, the goal is to solve new unseen tasks by leveraging the
knowledge gained from solving N previous tasks. Each task Ti corresponds
to a dataset Di = {(xij , y

i
j ) |xj ∈ X , yj ∈ Y}

n
j=1, where Di is divided into a

support set DSi and a query set DQi . It is important to note that in meta-
learning, all tasks are sampled from a unique task distribution p(T ).

In domain generalization, we are given data fromM different source do-
mains and aim to performwell on a new unseen domain, known as the target
domain. Specifically, each domain di is defined as follows:

di ≜ {pi(x),pi(y|x)}, (I.1)

where pi(x) refers to the distribution of the input data for domain di , and
this distribution may vary across different domains. The term pi(y|x) repre-
sents the conditional probability distribution of the target y given the input
data x. In a homogeneous DG setting, pi(y|x) is assumed to be consistent
across all domains, meaning the label space is the same. However, in a het-
erogeneous DG setting, pi(y|x) can vary, as there can be disjoint label spaces
across different domains.

For instance, consider the PACS [27] dataset for homogeneous DG; this
dataset comprises images from 4 distinct domains: photo, art painting, car-
toon, and sketch. Each domain shares the same set of 7 classes for labeling.
Tasks are drawn from these varying domains, each with its unique statisti-
cal characteristics. Consequently, there is a significant domain shift between
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Table I.2: This table outlines the key differences between traditional ma-
chine learning and meta-learning across various aspects such as
tasks, training datasets, purpose, loss functions, weights, and the
role of these weights. The comparison highlights how meta-
learning enhances adaptability and generalization to new and un-
seen domains by leveraging knowledge from a variety of tasks, in
contrast to traditional machine learning which typically focuses
on optimizing performance for a specific task.

Machine Learning Meta-Learning

Task Image recognition, semantic analysis of text
Training Dataset Typically a large

dataset annotated
for the current task

Variety of tasks, often
organized into training
episodes. Each episode

contains a small amount of
data from a particular task.

Purpose Learn to perform a specific
task from a dataset

Learn to perform specific
tasks and also adapt to
new tasks using only a
few examples or new

datasets (domains) with
unseen distributions.

Loss Function A mathematical function
that measures the

discrepancy between
the predicted output and
the ground truth output

Measures not only the
prediction error on

the current task (same
as machine learning

loss) but also optimizes
adaptability to new tasks.

Weights Learned parameters
that are adjusted
during the training
process to minimize
the loss on that task

Base-level weights which
are task-specific, and
meta-level weights or
hyperparameters that

guide the learning process
across tasks and datasets

(different domains).
What are these
weights good for

Transforming the raw
features into a more
representative space
(for example, a more

linearly separable space
for classification tasks)

Should be able to ignore
features only relevant to
domain differences (robust

against domain shift),
focusing on the features
relevant to the task.

tasks, necessitating a model capable of generalizing across these different do-
mains to effectively handle tasks from varied distributions. In contrast, the
Visual Decathlon (VD) [70] dataset includes 10 different domains, each en-
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compassing a variety of categories, and is thus suitable for designing tasks for
heterogeneous DG.While the aforementioned datasets focus onmulti-source
DG, where the model is trained across several source domains to provide
representations that generalize to novel unseen domains, there are scenarios
where only a single source domain is available. In these cases, the model is
expected to generalize to target domains without prior exposure to multiple
source domains. This challenge is known as single-domain generalization.
Additionally, some problems require the model to handle an open-set of tar-
get domains as opposed to a limited or closed-set of target domains. This
requirement significantly increases the difficulty of domain generalization
problems.

As it can be conceived, a domain can be viewed as a special case of a
task from the perspective of meta-learning. Therefore, the meta-learning
paradigm can also be applied to domain generalization problems, where each
domain is treated as if it were a distinct task, defined by a specific source Si
and associated with a dataset Di . It’s also worth mentioning that we can
leverage zero-shot learning capabilities for new unseen domains when inte-
grating domain generalization techniques with meta-learning.

I.3 Taxonomy

To advance DG through meta-learning, it is important to get an overview of
the existing approaches and their similarities and differences. Here, we in-
troduce a taxonomy and its key dimensions (axes) with which different meta-
learning approaches can be analyzed. The taxonomy provides two axes, the
discriminability axis, and the generalizability axis, representing how amodel
learns to generalize to unseen domains. This taxonomy aims to highlight the
interaction and knowledge transferability between data points from different
domains and classes. The end goal is to meta-learn domain-agnostic features
and discriminative classifiers that perform well on unseen domains.

Compared to other meta-learning techniques, a unique characteristic of
DG is its design principle that prevents the model from adapting to specific
test domains. This is because, by definition, DG focuses on generalizing to
completely unseen test domains, unlike domain adaptation, where the model
has some form of access or exposure to information from the test domain
during training. This distinct feature requires the meta-learning approach to
generalize instead of adapt. Consequently, it is crucial to balance the trade-
off between domain-invariant and domain-specific features [8]. Specifically,
in classification tasks, the domain-specific features that are learned must be
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Maximization of 
Intra-Domain 

Distances  

Minimization of 
Inter-Domain 

Distances  

Maximization of 
Inter-Class 
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Distances  

MLDG - 2017Episodic Training for DG - 2019

Feature-Critic Networks - 2019 MetaReg - 2018

MetaVIB - 2020S-MLDG - 2020

DADG - 2022MetaNorm - 2021

M-ADA - 2020

Uncertainty-Guided Model Generalization - 2021

MetaBIN - 2021

Memory-Based Multi-Source Meta-Learning - 2022

MASF - 2019

Meta‑learning the Invariant Representation - 2022

Figure I.1: An illustrative diagram of the meta-learning taxonomy for do-
main generalization. The quadrant chart highlights two princi-
pal axes: the first axis (the generalizability axis) represents the
strategy of the feature extractor, contrasting the Minimization of
Inter-Domain Distances with the Maximization of Intra-Domain
Distances; the second axis (the discriminability aixs) depicts the
classifier training process, distinguishing between the Minimiza-
tion of Intra-Class Distances and Maximization of Inter-Class
Distances. This diagram visually organizes domain generaliza-
tion approaches, illustrating their distinct mechanisms for pro-
moting generalization across unseen domains.

carefully curated to enhance class separability even for unseen domains. The
taxonomy presented in this survey is designed to address these aspects. We
divide the categorization into two principal axes: the first concerning the
treatment of domain features by the feature extractor (generalizability) and
the second relating to the training methodology of the classifier within the
model (discriminability).
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I.3.1 Generalizability Axis

The feature extractor is a pivotal component in domain generalization, as
it determines how the model perceives and processes data from diverse do-
mains to learn generalized representations applicable across various settings.
Approaches along this axis can be divided into two categories: (1)Minimiza-
tion of Inter-Domain Distances and (2) Maximization of Intra-Domain Dis-
tances.

I.3.1.1 Minimization of Inter-Domain Distances

Some approaches aim to extract domain-invariant features byminimizing the
distance between feature representations across different domains. The pri-
mary objective is to identify and harness the characteristics that are consis-
tent across domains. In other words, these methods mainly focus on directly
inducing invariant representations without diversifying inputs, concentrat-
ing on the consistent and discriminative aspects of the data. By doing so,
they reduce the model’s sensitivity to the idiosyncrasies of any given do-
main, thereby enhancing the robustness of the model against the shifts that
occur in novel environments.

I.3.1.2 Maximization of Intra-Domain Distances

Alternatively, certain approaches seek to construct a feature extractor capa-
ble of handling a more extensive variety of data by maximizing inter-domain
distances. These methods utilize strategies like data augmentation, noise in-
jection, and domain randomization to expand the training data spectrum and
encourage the model to learn features that are broadly applicable rather than
domain-specific. By exposing the model to a more diverse set of modified in-
puts, these methods strive to replicate the variability that the model will en-
counter in real-world scenarios, thus promoting the learning of features with
better generalizability. Through the explicit diversification of inputs from
a domain, these approaches develop feature extractors prepared to handle
greater variance in the data.

I.3.2 Discriminability Axis

The performance of DG models is highly dependent on the effectiveness of
the classifier’s training methodology. The strategies in this context are cat-
egorized into two groups based on how the classifier manages distances: (1)
Minimization of Intra-Class Distances and (2)Maximization of Inter-Class Dis-
tances.
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I.3.2.1 Minimization of Intra-Class Distances

Most approaches simply rely on minimizing the distances between instances
within the same class. The intention is to encourage the model to group
similar examples together. This method ensures that the model’s predictions
are consistent for similar instances.

I.3.2.2 Maximization of Inter-Class Distances

Some methodologies also explicitly maximize the distance between differ-
ent classes by incorporating triplet loss to train the classifier. This not only
minimizes inter-class distances but also explicitly maximizes intra-class dis-
tances. By doing so, the model is encouraged to learn robust representations
that distinctly separate different classes. The use of triplet loss helps to de-
velop a feature space where classes are well-delineated, resulting in clearly
separated clusters. This enhances the classifier’s discriminative power and
its ability to generalize across domains.

Taken together, these two axes allow us to categorize domain generaliza-
tion techniques based on how they train the feature extractor and classifier
components to improve generalization. Methods can differ in whether they
align or diversify representations across domains, as well as how they dis-
tinguish between classes during training, as illustrated in Figure I.1.

Application of the taxonomy In Figure I.2, we present a decision graph
to guide readers through the taxonomy to select the most appropriate meta-
learning method for DG based on data availability and domain shifts. It
categorizes meta-learning approaches based on the strategies employed for
the feature extractor (generalizability axis) and the classifier training pro-
cess (discriminability axis), facilitating an understanding of the relationships
between various methods and their underlying principles.

I.4 Methodologies

In recent years, there has been significant interest in utilizing the meta-
learning procedure to create models for DG. In this section, we will explore
individual meta-learning methods for DG by describing the methodologies
and motivations behind their designs. We discuss the strengths and weak-
nesses of each method in detail.

Meta-learning focuses on building a general model that can be used to
adapt rapidly to new situations. For the first time, Li et al. exploited the idea
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Figure I.2: A decision graph illustrating how to apply the taxonomy of
meta-learning approaches for domain generalization. The de-
cision graph categorizes techniques based on the two key as-
pects: the generalizability axis, which focuses on the feature ex-
tractor’s strategy (minimizing inter-domain distances or max-
imizing intra-domain distances), and the discriminability axis,
which focuses on the classifier’s training process (minimizing
intra-class distances or maximizing inter-class distances). This
decision graph helps the reader navigate through the taxonomy,
providing use cases, strengths, and weaknesses for each category
to make the concepts more tangible, applicable, and actionable.

behind meta-learning for DG by dividing the data from multiple source do-
mains into non-overlappingmeta-train andmeta-test sets to simulate domain
shifts in the training procedure. Therefore, wewill discuss DG throughmeta-
learning, starting with meta-learning for domain generalization (MLDG) and
proceeding accordingly.

I.4.1 MLDG

Recent meta-learning studies have focused on learning good weight initial-
izations for few-shot learning, particularly Model-Agnostic Meta-Learning
(MAML) [25]. Li et al. [26] proposed MLDG (meta-learning for domain gen-
eralization), which draws inspiration from the MAML approach and trains
models capable of performing well on OOD data by transferring knowledge
across domains instead of tasks. It is important to note that DG assumes

54



I.4. Methodologies

zero training examples from the target domain, in contrast to conventional
meta-learning methods like MAML, which address few-shot scenarios using
few training examples of new tasks. Through the meta-learning framework,
MLDG will be exposed to domain shifts during training, enhancing its abil-
ity to handle domain shifts in various situations by learning general repre-
sentations. Accordingly, they divide data from multi-source domains into
meta-train and meta-test sets to simulate domain shifts. In the meta-train
phase, parameters θ of the model are updated by gradient descent using the
meta-train sets Str . As a result, the following steps will be taken:

∇θ = ℓ′θ(Str ;θ),
θ′ = θ −α∇θ ,

(I.2)

where α is the meta-train (inner loop) learning rate. Following that, in the
meta-test phase, we determine the loss using the meta-test sets (virtual-test
domains) Ste with the parameters obtained in the meta-train phase. Conse-
quently, this phase involves calculating gradients over gradients to update
the model’s parameters. The parameters update can be formulated as:

θ = θ − β
∂(ℓ(Str ;θ) +γℓ(Ste;θ′))

∂θ
, (I.3)

where ℓ is the loss function ,and β is the meta-test (outer loop) learning rate,
and γ weights meta-train and meta-test.

MLDG is built on top ofMAML and improves the generalization ofMAML,
which is model-agnostic and easily applicable to reinforcement learning (RL)
problems. However, Like MAML, it is computationally expensive since it re-
quires the calculation of second-order derivatives.

I.4.2 MetaReg

Balaji et al. [2] introducedMetaReg (domain generalization usingmeta-regularization)
that incorporates a regularization term trained using meta-learning to en-
courage models to extract domain-invariant features and reduce sensitivity
to domain-specific variations to train models that are robust to domain shifts.
Their proposed model consists of a feature network ψ along with p task net-
works θi for p source domains. The feature network is designed to extract
more general features, and the tasks networks are utilized to enforce domain-
specificity in the networks so that they can apply regularizers to make them
domain-invariant. Therefore, they implement the meta-learning framework
to train the regularizer term and incorporate it into the loss function. The
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regularizer term will be trained using every pair of source domains (a,b).
This procedure can be expressed by the following set of equations:

β1← θ
(k)
a

βt = βt−1 −α∇βt−1[L(a)(ψ(k),βt−1) +Rφ(β
t−1)]

∀t ∈ {2, . . . , l}

θ̂
(k)
a = βl

(I.4)

φ(k+1) = φ(k) −α∇φL(b)(ψ(k), θ̂
(k)
a )|φ=φ(k) (I.5)

Where Eq. (I.4) describes the inner loop of the meta-learning paradigm
that performs l steps of gradient descent using meta-train set on a new task
network with parameters θ(k)

a which is the base model’s task network pa-
rameters of the ath domain at iteration k to obtain θ̂(k)

a . In addition, Eq. (I.5)
refers to the outer loop of the meta-learning strategy, which incorporates the
meta-test set to minimize the unregularized loss with parameters θ̂(k)

a with
respect to the regularizer parameter φ. By using the trained regularizer, we
fine-tune a new model on the entire source dataset. To further add, weighted
L1 loss is used as the regularization function, i.e., Rφ(θ) =

∑
iφi |θi | to build

a learnable weight decay mechanism and diminish domain-specific charac-
teristics in task networks.

Although MetraReg increases the training complexity and requires sev-
eral domains for practical training, it is easily applicable to deep neural net-
works and helps reduce overfitting.

I.4.3 Feature-Critic Networks

Feature-Critic Networks introduced by Li et al. [51] is tailored for heteroge-
neous domain generalization by drawing inspiration from the meta-learning
framework. The proposed model meta-learns a loss function that promotes
domain robustness. In this way, they train a robust feature extractor that
can be used with any classifier for addressing various problems from differ-
ent domains. More specifically, they introduced a learnable auxiliary loss
ℓω

(Aux) resulting from optimizing the feature-critic network hω to encour-
age the base network to extract domain agnostic features, as illustrated in
Figure I.3.

Based on the following equations, parameters θ of the base network is
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Figure I.3: Visual representation of the Feature-Critic Networks for het-
erogeneous domain generalization, depicting the base network’s
feature extraction guided by an auxiliary loss from the feature-
critic networks to promote domain-invariant feature extraction.
The domain-invariant features are generated by minimizing the
inter-domain distances.

computed using the meta-train data Dtr :

θ(OLD) = θ −α∇θℓ(CE)(Dtr |θ),
θ(NEW) = θ −α∇θ(ℓ(CE)(Dtr |θ) + ℓω(Aux)(Dtr |θ)),

(I.6)

where ℓ(CE) is the cross-entropy loss, and the auxiliary loss ℓω(Aux) is defined
as follows:

ℓω
(Aux) :=

1
N

N∑
i=1

sof tplus(hω(fθ(xi))), (I.7)

where fθ is the feature extractor. Also, the softplus function is applied to
ensure the output is non-negative.

In order to determine parameters ω of the feature-critic network, the
following optimization will be used with the meta-test data Dval :

min
ω

tanh(ℓ(CE)(Dval |θ(NEW))− ℓω(CE)(Dval |θ(OLD))). (I.8)

The tanh function can be considered a softer version of gradient clipping
in this context.

Ultimately, we can utilize gφ◦fθ , where the trained base network fθ will
serve as a fixed feature extractor for target domains, and gφ would be the
classifier. For heterogeneous DG, we have N distinct classifiers, denoted as
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gφ1
, gφ2

, . . . , gφN . On the other hand, in the homogeneous DG, we have a
single classifier gφ that can be shared across all domains.

Feature-critic networks can effectively dealwith heterogeneousDGwhere
label spaces differ. Nevertheless, there is no guarantee that the gradients of
the feature-critic networks will not conflict with those from the supervised
loss, which could negatively affect the performance of the model.

I.4.4 Episodic Training for DG

A novel framework for DG is proposed by Li et al. [48] based on episodic
training that resembles the meta-learning training approach. In particular,
they used episodic training to train a deep neural network, decomposed into
feature extractor and classifier components. Each component is trained by
simulating interactions with a poorly tuned partner for the current domain.
Moreover, to construct episodes, the framework uses data from domain A
to be processed by the classifier trained on domain B, which has not been
exposed to data from A, and vice versa. This cross-domain exposure ensures
that each component becomes sufficiently robust at handling OOD data, as
depicted in Figure I.4.

Figure I.4: Overview of Episodic Training for DG framework, illustrating
the regularization process where a feature extractor is trained
with classifiers from different domains and vice versa, promoting
out-of-distribution robustness.

The intuition of the episodic training using a mismatched classifier is
to regularize the feature extractor by asking it to produce features robust
enough that even an arbitrary classifier will be able to perform properly. Ac-
cordingly, three episodic training strategies are introduced: 1) Train feature
extractor to support classifiers from other domains; 2) Train classifier to ac-
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cept features from other domains; 3) Train feature extractor to support a
randomly initialized classifier.

The proposed approach requires only a simple modification of the train-
ing procedure and does not rely on special data augmentation or optimiza-
tion algorithms. It also allows for heterogeneous label spaces across domains
since no classifier needs to be shared. However, there is a risk that the feature
extractor could learn degenerate representations if the randomness imposed
overwhelms the true objectives of the training.

I.4.5 Meta-learning the Invariant Representation

Learning invariant representations across source domains has shown effec-
tiveness for DG. However, overfitting to source domains can limit gener-
alization to a target domain that differs greatly from the sources. Jia et
al. [40] proposed a meta-learning algorithm via bilevel optimization to im-
prove the out-of-domain robustness of the learned invariant representation.
Most meta-learning algorithms share a common limitation: they use task ob-
jectives directly as the inner-loop and outer-loop objectives. This approach
can be suboptimal because it is highly abstracted from the feature repre-
sentation. To address this issue, the authors focus on a meta-learning ap-
proach aimed at reducing the discrepancy between the target domain and
source domains, where in each training iteration, any domain can become
the meta-target domain while the rest serve as the meta-source domains.
Specifically, they developed a bilevel meta-learning procedure based on the
first-order MAML framework, which achieves high computational efficiency.
The paper employs a Y -discrepancy measure [101] to quantify domain dis-
crepancy, effectively capturing both covariate and conditional shifts between
domains. Notably, Y -discrepancy has been utilized in previous research for
domain invariance learning [102]. The primary goal of this algorithm is to
minimize the Y -discrepancy between the source domains and the target do-
main. A gradient-based meta-learning algorithm is provided to solve the
bilevel optimization problem efficiently. The algorithm alternates between
sampling meta-tasks, updating the feature embedding and classifiers on the
meta-training set, and updating the meta-parameters based on the meta-test
performance. The inner-loop objective aims to minimize discrepancy across
different source domains, while the outer-loop objective aims to minimize
discrepancy between source domains and a potential target domain. In par-
ticular, adversarial learning is employed to estimate and minimize the Y -
discrepancy between domains in both the inner and outer loops of the bilevel
meta-learning algorithm. In essence, this meta-learning approach reduces
the discrepancy between the target domain and the convex hull of the source
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domains as depicted in Figure I.5. This enables learning a robust invariant
representation for improved domain generalization.

Figure I.5: Depiction of the meta-learning for invariant representation
method. (a) Compared to the ERM baseline, (b) domain invari-
ance learning decreases the discrepancy among source domains
and excels in source-domain classification, yet it may still result
in significant errors on the target domain. (c) The proposed ap-
proach employs bilevel meta-learning to further minimize the
discrepancy between the target and source domains, enabling a
hypothesis learned from the source domains to generalize effec-
tively to the target domain.

The introduced model learns a robust invariant representation that gen-
eralizes well to unseen domains by optimizing the feature embedding to min-
imize the discrepancy between meta-source and meta-target domains during
training. However, like other domain generalization methods, the effective-
ness of the proposed approach may depend on the diversity of the available
source domains. If the source domains lack diversity, the learned invariant
representation may not generalize well to significantly different target do-
mains.

I.4.6 MASF

Model-agnostic learning of semantic features (MASF) has been presented by
Dou et al. [16], in which two complementary losses that explicitly regularize
the semantic structure of the feature space are introduced. This approach
aims to enhance domain generalization within the meta-learning framework
by splitting source domains into meta-train and meta-test sets to simulate
domain shift through an episodic training procedure. In more detail, MASF
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suggests enforcing semantic features through global class alignment and lo-
cal sample clustering, as illustrated in Figure I.6. These supplementary losses
are explicitly derived in an episodic learning procedure.

Figure I.6: Overview of the MASF approach for Domain Generalization, Fψ ,
and Tθ represent the feature extractor and task network, respec-
tively, with Fψ′ and Tθ′ being their updated versions after inner
gradient updates on the task loss Ltask .Mφ is the metric embed-
ding network, and Dk represents different source domains. (a)
Illustration of gradients flow of episodic training with domain
shift simulation; (b) Global alignment for consistent class rela-
tionships across domains; (c) Local sample clustering to promote
the Maximization of Inter-Class Distances.

The objective of global class alignment is to structure the feature space
such that it preserves the learned inter-class relationships on unseen data
via explicit regularization. By ensuring consistent class relationships, knowl-
edge transfer across domains is facilitated, thus improving domain general-
ization. This inter-class alignment is done by exploiting what the model has
learned about class ambiguities in the form of per-class soft labels and en-
forcing their consistency within each two distinct domains by minimizing
the symmetric KL divergence between their soft confusion matrix created
from the collection of soft labels.

The objective of local regularization is to enhance robustness by promot-
ing feature compactness, grouping features of samples within the same class
closely together while being distinct from features of different classes. This is
crucial to prevent ambiguous decision boundaries and sensitivity to unseen
domain shifts. As a result, an embedding network is utilized to process the
extracted features. The output of this network is then used to measure the
distance between the input features of randomly selected pairs of samples
from all domains. The training procedure employs either contrastive loss or
triplet loss.

The proposed model captures inter-class relationships and ensures intra-
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class compactness, improving the generalization of the model; however, ap-
plicability to large-scale problems with many classes may be a challenge.

I.4.7 S-MLDG

Li et al. [46] proposed a framework for sequential learning for domain gen-
eralization (S-MLDG) based on the MLDG to enhance its performance by
incorporating sequential learning and lifelong learning. They train a base
DG model sequentially along a trajectory spanning the source domains, op-
timizing the cumulative performance across the entire trajectory instead of
individual steps. In the case of MLDG, it recursively applies MLDG along
the trajectory, simulating lifelong DG learning, as shown in Figure I.7. This
approach encompasses more unique DG episodes compared to the base algo-
rithms. WhileMLDG considers N distinct domain-shot episodes, this method
considers N! distinct domain-shift episodes. Furthermore, the approach de-
fines a loss function that aggregates the performance on each step of the
trajectory through domains. Additionally, it incorporates shuffling domain
orders and sampling new batches for each iteration, ensuring diversity and
preventing overfitting.

Figure I.7: Illustration of the S-MLDG training procedure, showing the se-
quential training across multiple domain trajectories with ran-
dom sequences to simulate lifelong learning and increase the di-
versity of domain-shift episodes.

The fast first-order approximation, denoted as FFO-S-MLDG, constitutes
a streamlined variant of the S-MLDG algorithm, drawing inspiration from
Reptile to mitigate its computational overhead. FFO-S-MLDG uses a first-
order approximation of the original S-MLDG algorithm, enabling it to be
trained more quickly and efficiently.

Although the training complexity is higher compared to MLDG due to
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the optimization over domain trajectories, this approach consistently demon-
strates improvements over strong baselines on multiple benchmarks. This is
due to its ability to generate more unique DG episodes.

I.4.8 MetaVIB

Meta variational information bottleneck (MetaVIB) has been introduced by
Du et al. [18] as a probabilistic meta-learning model to handle uncertainty
and domain shifts for domain generalization by learning domain-invariant
representations using variational auto-encoders. In order to address the un-
certainty associated with predictions on the unseen target domain, the model
represents classifier parameters as distributions inferred from source domains.
In a similar manner to other algorithms, source domains are split into meta-
train and meta-test sets in each training episode to simulate domain shift, as
illustrated in Figure I.8. MetaVIB is derived from novel variational bounds of
mutual information by leveraging the meta-learning setting. Also, the meta-
learning objective maximizes performance on meta-test while minimizing
domain divergence via MetaVIB. As a result, MetaVIB learns to gradually
narrow domain gaps to achieve domain invariance, while maximizing pre-
diction accuracy through episodic training. This encourages learning effi-
cient representations that preserve information for prediction but remove
domain-specific statistics, thereby enabling the learning of domain-agnostic
representations.

MetaVIB explicitly addresses the uncertainty associated with predictions
for new domains through probabilistic modeling. Also, by limiting the infor-
mation flow from the inputs to onlywhat is relevant for the classification task
through the information bottleneck. This prevents the model from encoding
irrelevant domain-specific details. However, it does not explicitly align dis-
tributions across domains, implying a certain level of domain shift might
remain.

I.4.9 M-ADA

Qiao et al. [68] introduced Meta-learning based Adversarial Domain Aug-
mentation (M-ADA) as an effective single domain generalization method.
Recognizing that acquiring data from multiple training domains might not
be feasible due to constraints such as budget or privacy concerns, they pro-
posed generating fictitious domains through adversarial training to use in
the meta-test phase. As shown in Figure I.9, the model consists of a task
model and a Wasserstein Autoencoder (WAE).
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Figure I.8: Computational graph of the MetaVIB model for domain gener-
alization, depicting the training process where domain-invariant
representations are learned. Global parameters (Θ) and classi-
fier parameters (ψ) are optimized over source domains, which
are split into meta-train (Ds) and meta-test (Dt) sets to simulate
domain shifts within each episodic training phase. During the
test phase, Θ generates representations for the target domain,
while ψ is used for predictions of data from the source domain.
While this is a typical example of the inter-domain minimization
and intra-class minimization paradigm, the distinctive feature of
MetaVIB lies in its explicit probabilistic modeling approach.

The task model with parameters θ encompasses a feature extractor F,
which maps the input space to embedding space z, and a classifierC that pre-
dicts labels from the embedding space z, using cross-entropy as its loss func-
tion Ltask . Moreover, Lconst imposes a semantic consistency constraint on
the adversarially augmented samples x+. It ensures that the augmented do-
mains S+ remain close to the source domain S within the embedding space.
Accordingly, Lconst is defined as:

Lconst =
1
2
∥z − z+∥22 +∞· 1 {y , y

+}, (I.9)

where 1 {·} is the 0-1 indicator function, so Lconst will be∞ if x and x+ have
different class labels. Essentially,Lconst governs the capacity for generalizing
beyond the source domain, a measure facilitated by theWasserstein distance.

In addition, the task model learns from domain augmentations with the
assistance of a WAE, denoted as V , with parameters ψ. V consists of an
encoder Q(x|e) and a decoder G(x|e), where x and e denote the input and
bottleneck embedding respectively. Also, they utilized Maximum Mean Dis-
crepancy (MMD) as the distance metric (De) to minimize the divergence be-
tween Q(x) and a priori distribution P (e). Therefore, we can pre-train V
using the following optimization on the source domain S :

min
ψ
∥G(Q(x))− x2∥+λDe(Q(x),p(e)), (I.10)
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Figure I.9: Overview of M-ADA method for single domain generalization
using adversarial domain augmentation. The architecture em-
ploys a task model comprising a feature extractor F and classi-
fier C, alongside a Wasserstein Autoencoder (WAE), to generate
fictitious domains.

where λ is a hyper-parameter. Following this, the reconstruction errorLrelax
should be maximized for domain augmentation:

Lrelax = ∥x+ −V (x+)∥2. (I.11)

WAEs use the Wasserstein distance metric to measure the distribution
distance between the input and reconstruction. As such, the pre-trained V is
better equipped to capture the distribution of the source domain, and maxi-
mizing Lrelax ensures larger domain transportation. Finally, the overall loss
function is:

LADA = Ltask(θ;x)−αLconst(θ;z) + βLrelax(ψ;x), (I.12)

where α and β are two hyper-parameters used to balance Lconst and Lrelax.
M-ADA offers a novel adversarial domain augmentation approach using

relaxed constraints; however, it requires pre-training a Wasserstein autoen-
coder, which subsequently adds computational overhead.
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I.4.10 MetaNorm

While batch normalization is essential in training deep neural networks,
small batch sizes and distribution shifts can destabilize batch statistics. MetaNorm,
introduced byDu et al. [19], ensures effective batch normalization under such
conditions. It uses a meta-learning setting to infer adaptive normalization
statistics from limited samples instead of relying on direct calculations of
batch statistics, which can be unreliable with small batches or distribution
shifts. Unlike the transductive batch normalization (TBN) method, which
uses the same statistics for both meta-train and meta-test phases, MetaNorm
applies a non-transductive approach. Given that test samples may not al-
ways be available, MetaNorm is designed to learn to generate statistics only
from the support set, and at the meta-test time, it directly applies the model
to infer statistics for new tasks.

MetaNorm employs two separate feed-forward networks known as hy-
pernetworks. One is for inferring µ, denoted as f ℓµ (·), and the other for in-
ferring σ , denoted as f ℓσ (·), in order to find the statistics for each individual
channel in each ℓ convolutional layer in the meta-learningmodel. In essence,
the hypernetworks accept sample activations as input and produce the esti-
mated statistics as output. During the meta-training phase, the estimated
statistics of the support set are applied for normalization of both support
and query samples:

a′ = γ

 a−µs√
σ2
s + ϵ

+ β, (I.13)

where γ and β are jointly learned with parameters of the hypernetworks
during the meta-training and directly applied at meta-test time, and ϵ is a
small scalar to prevent division by zero.

As a final step, it minimizes the following KL term to learn the normal-
ization statistics:

|Ds |∑
i

DKL[qφ(m|ai)||pθ(m|Ds)], (I.14)

where q(m|ai) and p(m|Ds) are defined as a Gaussian distribution based on
their respective estimated statistics, and also ai is a sample from the meta-
source domain Ds. MetaNorm learns to generate its own appropriate statis-
tics and applies them to the samples in the meta-target domain. Notably,
in the meta-target domain, the KL term is not used; instead, each example
generates its own normalization statistics.
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Although adding hypernetworks to infer normalization statistics slightly
increases the overall model complexity, MetaNorm overcomes the issues of
batch normalization with small batches and domain shifts, offering a promis-
ing approach to domain generalization through meta-learning.

I.4.11 DADG

Discriminative Adversarial Domain Generalization (DADG) is a novel frame-
work proposed by Chen et al. [10] that integrates Discriminative Adversarial
Learning (DAL) for extracting domain-invariant features and Meta-learning-
based Cross-Domain Validation (Meta-CDV) for training a robust classifier.
DAL aims to learn a domain-invariant feature representation to minimize
domain variance. It achieves this by training a feature extractor to confuse
a domain discriminator, which is tasked with predicting the domain of the
features. Further, as depicted in Figure 1, the Gradient Reversal Layer (GRL)
is placed between the feature extractor and the domain discriminator in the
DAL component. During forward propagation, the GRL functions as an iden-
tity transform, conveying the features unchanged to the discriminator. Con-
versely, during backpropagation, the GRL reverses the gradient by multiply-
ing it by a negative scalar (e.g., -λ), thereby updating the parameters of the
feature extractor θm into θm+1. This reversed gradient, originating from the
discriminator, encourages the feature extractor to create domain-invariant
representations that deceive the discriminator.

Subsequently, Meta-CDV applies the feature extractor to supervised learn-
ing by training a classifier cϕ with parameters ϕ. This is done in a meta-
learning manner, where the classification model will be trained on the do-
mains seen in the previous step to update θm+1 to θm+2 and update ϕm
to ϕm+1. The model’s performance is then validated on cross domains to
enhance the classification model. It should be noted that this evaluation is
performed using the updated parameters θm+2 and ϕm+1. In essence, the
optimization of the classification model involves the third derivative with
respect to θ and the second derivative with respect to ϕ. Particularly, Meta-
CDV simulates train/test domain shifts by training the model on seen do-
mains and validating it on a held-out domain, thereby making the classifier
more robust.

DADG learns domain-invariant features using adversarial discriminative
learning with GRL, which enables the adversarial mechanism in a simple
way. However, the effectiveness of the discriminative adversarial learning
component can diminish as the number of source domains increases.
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Figure I.10: Illustration of the DADG framework, which combines Discrim-
inative Adversarial Learning (DAL) featuring a Gradient Re-
versal Layer (GRL) for creating domain-invariant features with
Meta-learning-based Cross-Domain Validation (Meta-CDV) to
improve the performance of classifiers across unseen domains.

I.4.12 Uncertainty-guided Model Generalization

Qiao et al. [67] proposed a unique solution for single domain generalization
using Bayesian meta-learning, called uncertainty-guided model generaliza-
tion. The primary strategy of this method is to augment the source domain’s
capabilities, not only in the input space, as most current data augmentation
methods do, but also in the label space, guided by an uncertainty assessment.
As illustrated in Figure I.11, instead of directly augmenting the input space,
they introduce an auxiliary network ψ = {φp,φm} to create feature pertur-
bations h+ by adding softplus of Gaussian noise e ∼N (µ,σ ) to generate new
domain S+ from domain S . The distribution parameters (µ,σ ) represent the
uncertainty with respect to the backbone θ. This uncertainty is further uti-
lized to predict learnable parameters (a,b,τ), which are used to construct
learnable label mixup. In learnable label mixup, learnable parameters (a,b)
are used to define λ ∼ Beta(a,b) to mixup S and S+ to achieve in in-between
domain interpolations. Notably, learnable parameters (a,b) control the di-
rection and strength of domain interpolations. As a result, the following
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equations are used:

h+ = λh+ (1−λ)h+,
y+ = λy + (1−λ)ỹ,

(I.15)

where ỹ represents a label-smoothing version of y. Particularly, label smooth-
ing is carried outwith a probability of τ , whichmeans that we allocate a value
of ρ ∈ (0,1) to the true class and equally distribute 1−ρ

c−1 to the others, where
c represents the number of classes. Moreover, by learning a and b, the model
can learn to modulate the Beta distribution to produce optimal λ values that
result in efficient interpolations between S and S+. Accordingly, this process
results in consistent domain shifts in both input and output via φp and φm,
enhancing generalization across unseen domains.

Figure I.11: Schematic representation of the uncertainty-guided model gen-
eralization approach, where an auxiliary network ψ introduces
feature perturbations to form a new domain S+. This pro-
cess utilizes uncertainty in the form of distribution parameters
(µ,σ ) to guide the creation of domain-augmented data and la-
bel mixup, thereby enabling the model to generalize to unseen
domains by interpolating between the original and perturbed
features and labels.

The authors proposed a practical Bayesianmeta-learning framework that
optimizes θ andψ to maximize the posterior p(S+). In other words, they uti-
lized Bayesian inference tomaximize the posterior of domain augmentations,
approximating the distribution of unseen domains.
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While uncertainty-guided augmentation provides a mechanism to ap-
proximate unseen target distributions, relying solely on randomized sam-
pling procedures to cover the wide range of target domains may be inade-
quate for real-world distribution shifts.

I.4.13 Memory-based Multi-source Meta-learning

Zhao et al. [105] proposed a memory-based meta-learning method to address
multi-source DG for person re-identification (Re-ID) called Memory-based
Multi-source Meta-Learning (M3L). The purpose of person Re-ID is to match
persons with the same identity across multiple camera views. Existing works
have shown the effectiveness of meta-learning in classification tasks, but its
parametric classifier falls short for Re-ID. This is due to the open-set nature
of Re-ID tasks, with each domain having numerous and unique identities.
Consequently, the M3L framework is equipped with a memory-based mod-
ule that applies the identification loss in a non-parametric way, preventing
instability in meta-optimization commonly associated with traditional para-
metric methods. Specifically, this framework maintains a feature memory
Mi for each source domain DiS consisting of ni slots, where each slot saves
the feature centroid of the corresponding identity. Identification loss is then
computed using the similarities between these features and memory cen-
troids as follows:

LM = − log
exp(M[i]T f (xi)/τ)∑ni
k=1 exp(M[k]T f (xi)/τ)

, (I.16)

where f (·) is the feature extractor and τ is the temperature factor. In addition,
the following triplet loss is utilized to train the model:

LT ri = [dp − dn + δ]+, (I.17)

where dp represents the Euclidean distance between an anchor feature and
a hard positive feature, while dn signifies the Euclidean distance between an
anchor feature and a hard negative feature. Also, δ is defined as the margin
of the triplet loss and [·]+ = max(·,0). As a result, the sum of LT ri and LM
constitutes the meta-train loss (Lmtr ) and meta-test loss (Lmte).

Furthermore, M3L incorporates ameta batch normalization layer (MetaBN)
that injects meta-train feature statistics into meta-test features, diversifying
them and enabling the model to simulate an expanded range of feature varia-
tions. In this way, through iterative generalization processes frommeta-train
to meta-test domains, the model avoids overfitting due to domain bias and
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Figure I.12: Overview of the M3L framework designed for person Re-ID.
The training process includes dividing the source domains into
one meta-test domain and multiple meta-train domains in each
iteration. The model utilizes memory-based identification and
triplet loss for the meta-training phase and then optimizes the
meta-test loss on a copy of the model that has been updated
with the meta-train loss (maximization of inter-class distance).
MetaBN is also applied during the meta-test stage to enhance
feature diversity (maximization of intra-domain distance). Fi-
nally, the aggregated meta-train and meta-test losses are used
to update the original model for improved domain generaliza-
tion.

acquires domain-invariant representations that generalize well on unseen
domains.

During training, as shown in Figure I.12, source domains are divided into
meta-train and meta-test sets at each iteration, employing a meta-learning
approach to simulate the train-test process of DG. Therefore, it is necessary
to consider the following optimization to build generalizable representations:

min
Θ
Lmtr(Θ) +Lmte(Θ′), (I.18)

where Θ represents the network parameters, while Θ′ denotes the parame-
ters of the model optimized by Lmtr .

Although MetaBN further enhances generalization ability by diversify-
ing meta-test features, the memory module adds computational overhead in
maintaining and updating centroid features for each identity.

I.4.14 MetaBIN

Choi et al. [11] proposed Meta Batch-Instance Normalization (MetaBIN) as
an effective heterogeneous single domain generalization method for person
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re-identification (Re-ID). The main goal is to simulate unsuccessful gener-
alization scenarios by combining batch-instance normalization layers with
meta-learning to address challenging cases caused by both batch and in-
stance normalization layers. A key feature of MetaBIN is its learnable bal-
ancing parameters between Batch Normalization (BN) and Instance Normal-
ization (IN), which, depending on their bias, cause the DG model to experi-
ence under-style-normalization and over-style-normalization scenarios dur-
ing meta-learning. Under-style-normalization occurs in the BN model when
the model struggles to distinguish identities of samples with unexpected
styles from unseen target domains. Conversely, over-style-normalization
arises in the IN model, which, while efficient at eliminating instance-specific
style information, can inadvertently filter out discriminative information; re-
fer to Figure I.13 for more information.

MetaBIN consists of a classifier gφ with parameter φ to predict identities
and a feature extractor fθ with parameters θ where θ = (θf ,θρ). Here, θρ
signifies the balancing parameters between BN and IN, and θf represents the
remaining parameters.

In the base model updating process, classifier parameters φ and feature
extractor parameters θf are updated by minimizing the cross-entropy loss
along with the triplet loss according to the following:

Ltri = [dp − dn + δ]+, (I.19)

where dp represents the Euclidean distance between an anchor feature and
the hardest positive sample, while dn signifies the Euclidean distance be-
tween an anchor feature and the hardest negative sample. Also, δ is defined
as the margin of the triplet loss and [·]+ =max(·,0).

In the meta-learning step, source domains are split into meta-train set
Dmtr and meta-test set Dmte. First, in the meta-training phase, only θρ is
updated to obtain θ′ρ using Dmtr to simulate over-style-normalization and
under-style-normalization cases via the aggregation of the following losses:
the intra-domain scatter loss (Lscat), the inter-domain shuffle loss (Lshuf ),
and the triplet loss (Ltri ). The intra-domain scatter loss is used to spread the
feature distribution for each domain by minimizing the cosine similarity be-
tween each sample and its domain centroid. The inter-domain shuffle loss is
introduced to shuffle or mix up the distributions across different source do-
mains by minimizing the distance between anchor samples and inter-domain
negatives while maximizing the distance between anchor samples and intra-
domain negatives. In summary, the intra-domain scatter loss Lscat and inter-
domain shuffle loss Lshuf are used to simulate over-style-normalization sce-
narios where styles are confused. At the same time, adding the triplet loss
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Figure I.13: Visualized here are scenarios where generalization is unsuc-
cessful, along with the MetaBIN framework. (a) Under-style-
normalization where, the BN model fails to recognize iden-
tities in novel domains due to a lack of style variation in
the training data. (b) Over-style-normalization, where the
IN model excessively removes style information, including
identity-discriminative features. (c) The main idea behind the
MetaBIN framework is to adjust the balance between BN and
IN, simulating and learning from both types of normalization
errors within a meta-learning framework, thereby enhancing
the model’s ability to generalize to unseen domains without
overfitting to source domain styles.

enhances intra-class compactness regardless of style differences to simulate
under-style-normalization. Next, in the meta-testing phase, the model with
parameters θf and θ′ρ is evaluated on Dmte, and θρ will be updated using
Ltri . Note that θρ contains channel-wise balancing parameters ρ for each
normalization layer, with some channels biasing θρ toward IN to remove
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unessential style info, while others retain BN properties.
MetaBIN improves generalization to unseen domains without needing

extra networks or data augmentation; however, it may not perform well on
datasets with complex variations or highly different styles between domains,
as it relies on the simulated scenarios to learn a robust representation.

I.5 Datasets and Evaluations

In the DG and domain adaptation (DA) fields, datasets are specifically con-
structed to represent various ’domains’—each a unique distribution of data
that captures a certain variation in the input space. These variations can
include changes in visual appearance, sensor modality, environmental con-
ditions, or even different tasks. The purpose of these multi-domain datasets
is to simulate real-world scenarios where a model trained on limited domains
must perform well on another unseen domain. The richness and diversity of
domains within these datasets are pivotal to developing and benchmarking
algorithms that can generalize beyond their training data.

Several important datasets, commonly used in the fields of DG and DA,
have been examined in studies that leverage meta-learning for DG. Given
the fundamental overlap between DA and DG, datasets from DA can also
be applied to DG purposes, and vice versa. Each dataset, associated with a
specific application, is summarized in Table I.3 and will be discussed in this
section. This discussion will be followed by an overview of the evaluation
strategies commonly employed in DG, which differ from the more straight-
forward evaluation systems used in DA.

I.5.1 Datasets

In the DG landscape, datasets serve as critical benchmarks for evaluating al-
gorithmperformance across varied scenarios. We beginwith RotatedMNIST [28],
a synthetic dataset based on the original MNIST. It comprises six domains,
each containing images of various digits modified by rotations ranging from
0 to 90 degrees at 15-degree intervals. This dataset is instrumental in assess-
ing DG algorithms for handwritten digit recognition. Additionally, to serve
a similar purpose, another dataset, known as Digits-Five [110], has been
introduced, which includes five sub-datasets: MNIST [44], MNIST-M [6],
SVHN [62], SYN [6], and USPS [39], where each of them can be considered a
different domain.

For object recognition, a task particularly sensitive to domain shifts, no-
table benchmarks include VLCS [22], Office-Home [22], PACS [27], CIFAR-
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Table I.3: Overview of Key Datasets Used in Domain Generalization Based
on Their Application, Highlighting the Number of Domains,
Number of Classes, Number of Samples, and Their Description.

# Domains # Classes # Samples Description

Handwritten Digit Recognition

Rotated MNIST [28] 6 10 70,000 Rotations (0, 15, 30, 45, 60, and 75)
Digits-Five [110] 5 10 215,695 MNIST [44], MNIST-M [6], SVHN [62], SYN [6], and USPS [39]

Object Recognition

VLCS [22] 4 5 10,729 VOC2007 [21], LabelMe [76], Caltech-101 [24], and SUN09 [98]
Office-Home [22] 4 65 15,588 Art, Clipart, Product, and Real-World

PACS [27] 4 7 9,991 Photo, Art painting, Cartoon, and Sketch
CIFAR-10-C [35] - 10 60,000 Artificial Corruptions of CIFAR-10 [42]

Visual Decathlon [70] 10 - 1,659,142 10 Different Datasets ([4, 12, 42, 43, 59, 61, 62, 63, 75, 83, 84])

Action Recognition

IXMAS [96] 5 11 1,650 5 Different Camera Views, and 11 Different Subjects ([49])

Semantic Segmentation

SYNTHIA [73] 15 13 2,700 5 Different Locations, and 5 Different Weather Conditions ([90])

Person Re-Identification

Market-Duke [72] 2 - 69,079 Market-1501 [107] and DukeMTMC-ReID [108]

Sentiment Classification

Amazon Reviews [5] 4 2 > 340,000 Books, DVDs, Electronics, and Kitchen Appliances

10-C [35], andVD [70]. VLCS contains images from four domains (VOC2007 [21],
LabelMe [76], Caltech-101 [24], and SUN09 [98]) (see Figure I.14) and five
classes. Office-Home includes images of objects from Art, Clipart, Product,
and Real-World domains, spanning 65 categories. PACS covers four con-
trasting domains (Photo, Art painting, Cartoon, and Sketch as depicted in
Figure I.14) with seven object classes. VD contains ten diverse domains, in-
cluding handwritten characters, pedestrians, traffic signs, etc., with varying
image categories and sizes suitable for heterogeneous DG. Also, CIFAR-10-
C [35] is a robustness benchmark comprising CIFAR-10 [42] test images cor-
rupted through 19 distortion types across five severity levels.

IXMAS [96] dataset addresses the domain generalization challenge in
action recognition, which relies on learning generalizable representations
within video understanding. It includes recordings of 11 actions performed
by various actors, captured from multiple angles and with different cameras,
to introduce domain shifts.

In autonomous vehicle development, semantic segmentation is essential,
yet deep neural networks have not fully bridged the performance gap in un-
explored environments. SYNTHIA [73] dataset, with its synthetic images of
different locations and weather conditions, supports research to overcome
this limitation.

Person Re-Identification (Re-ID) is another area where DG is paramount,
especially for security and surveillance. While traditional Re-ID has been
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Figure I.14: Example images from two prominent domain generalization
benchmarks, illustrating different types of domain shifts. In
(a), the PACS dataset highlights domain shifts primarily due to
changes in image style. In (b), the VLCS dataset reveals domain
shifts caused by variations in environment, scene, and view-
point, reflecting dataset-specific biases.

confined to the same camera views, cross-dataset Re-ID seeks to general-
ize from source to target views across varied resolutions, viewpoints, and
lighting conditions. Key datasets like Market-1501 [107] and DukeMTMC-
ReID [108] are essential in the advancement of this field.

Lastly, the Amazon Reviews [5] dataset, containing reviews from do-
mains such as books, DVDs, electronics, and kitchen appliances, is crucial
for sentiment classification in natural language processing.

I.5.2 Evaluations

For evaluating domain generalization algorithms, three principal strategies
are commonly employed: (i) Leave-one-domain-out validation, which is the
most prevalent strategy that is applicable when multiple source domains are
available during training. It involves leaving out one source domain as the
validation set while using the others for training. However, the final re-
sults heavily rely on the selection of the validation domain, leading to re-
sults that may lack stability. (ii) Training-domain validation, where a subset
of the training data is held out for validation to select the best model. How-
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ever, since there is still a divergence between real-world unseen data and the
training subset, it may not achieve optimal performance. (iii) Test-domain
validation: which involves using a random subset of the target domain data
for model selection. This method can lead to the best performance since the
validation and test data share the same distribution. However, it presupposes
access to the target domain data, which may not be feasible in real-world
applications. Using test domain data for model selection can yield mislead-
ing results, as an unrepresentative or excessively easy subset may result in
optimistic performance, or a challenging subset may lead to pessimistic re-
sults [31]. Careful interpretation of results obtained using this method is
therefore necessary.

In general, the average accuracy is used as the primary metric to report
the performance of a DG model across held-out domains. For image classi-
fication on Cifar-10-C [35], the mean Corruption Error (mCE) metric deter-
mines model robustness to corruptions, while Relative mCE (RmCE) com-
pares corruption robustness relative to a baseline by accounting for clean
data performance. This enables fairer comparisons between models. For se-
mantic segmentation models evaluated on the SYNTHIA [73] dataset, the
standard mean Intersection Over Union (mIoU) is calculated for each un-
seen domain to quantify segmentation accuracy. Additionally, the VD-score
metric assesses models trained on the diverse VD [70] dataset by evaluating
performance across its ten distinct image classification tasks.

I.6 Applications

In real-world scenarios, finding sufficient labeled data to effectively train a
model often proves challenging. This difficulty is compounded when the
model encounters OOD data during testing. As such, domain generalization
through meta-learning has emerged as a highly desirable solution. It enables
a model to be trained on one or multiple domains and to be applied to unseen
domains without the need for retraining. This approach not only alleviates
the risk of overfitting but also diminishes the costs and time associated with
domain-specific retraining, thus boosting the model’s adaptability and oper-
ational efficiency.

The applicability of domain generalization models is evident across var-
ious disciplines, such as medical imaging, intelligent fault diagnosis, com-
puter vision, and natural language processing. For example, Liu et al. [54]
utilized meta-learning for domain generalization to segment prostate MRI
images, demonstrating its potential in medical analysis. Ren et al. [71] pro-
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posed Meta-GENE, a model-agnostic meta-learning framework designed for
fault diagnosis in industrial prognostics and health management scenarios,
which can operate in both homogeneous and heterogeneous DG settings.
Wang et al. [91] applied the technique for cross-lingual semantic parsing,
and Balaji et al.[2] utilized it for sentiment analysis within the Amazon Re-
view dataset. In the area of person re-identification (Re-ID), both Choi et
al. [11] and Zhao et al. [105] leveraged meta-learning for DG to recognize in-
dividuals across varying postures and perspectives. Moreover, meta-learning
for DG has been applied in cross-view action recognition by Li et al. [48] and
robot control through reinforcement learning by Li et al. [26]. Qiao et al. [68]
showcased its utility in semantic segmentation for street scenes, and Dou et
al. [16] explored its application in multi-site brain tissue segmentation.

Further extending the applications, DG has been employed in face anti-
spoofing [79], image compression [103], and various medical diagnostics, in-
cluding Parkinson’s disease detection [60], activity recognition [20], chest
X-ray analysis [58], and EEG-based seizure detection [1]. Other studies have
used domain generalization for speech utterance recognition [66, 78], fault
diagnosis [50, 52, 106], and brain-computer interaction [32]. Additionally,
DG has found its place in brain-computer interfacing [32], and promising
advancements have been made in time series forecasting for financial mar-
kets [17].

The extensive applications of meta-learning for DG position it as a focal
point of interest for future research and commercial endeavors. The algo-
rithms developed under this paradigm equip models with rapid generaliza-
tion and adaptation capabilities, even in the absence of target domain data.
Such a capacity is a stepping stone towards creating more powerful AI sys-
tems capable of tackling diverse real-world problems. By integrating domain
generalizationwithmeta-learning, we can unlock zero-shot learning capabil-
ities for novel, unseen domains, enabling generalization across various tasks
and domains without requiring additional data.

I.7 Discussion and Future Directions

This survey has examined diverse strategies for DG usingmeta-learning. The
presented taxonomy provides a structured view of the field, categorizing ap-
proaches based on the treatment of the input domain and classifier train-
ing strategies, as discussed in Section I.3. Initially, DG models employing
meta-learning predominantly focused on the minimization of inter-domain
distances and the minimization of intra-class distances, aiming to find a com-
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mon representation across domains and cohesive grouping of class instances,
as this approach is themost intuitiveway to developDGmethods usingmeta-
learning. However, recent algorithms have been exploring the effectiveness
of the Maximization of Inter-Class Distances or the Maximization of Intra-
domain Distances to fully exploit the advantages of meta-learning. For in-
stance, MASF [16] leverages the Maximization of Inter-Class Distances. It is
the first model in meta-learning for DG that follows this paradigm, resulting
in improved class discriminability and enhanced generalization to unseen
domains. Furthermore, M-ADA first introduced the concept of maximizing
intra-domain distances through meta-learning, laying the groundwork for
future models that employ this strategy. This approach aims to diversify the
input feature space, thereby enhancing the robustness of the feature extrac-
tor, particularly when there are limited training domains available. Recently,
methods such as Memory-Based Multi-Source Meta-Learning (M3L) [105]
andMetaBIN [11] have been developed, leveraging the Maximization of both
Intra-Domain and Inter-Class Distances. This strategic combination is de-
signed to diversify the feature space within each domain while simultane-
ously ensuring that features remain discriminative for classification tasks.
These methods are beneficial for use cases where different classes are not
easily distinguishable, such as Re-Identification (Re-ID), by further diversi-
fying input features and enhancing class discriminability.

The choice of strategy in DG models tends to vary depending on the
nature and number of available training domains. When multiple diverse
domains are available for training, employing a technique that minimizes
inter-domain distances is a natural choice, as it exploits the diversity of the
available data to extract domain-invariant features. On the other hand, if the
training data is limited to a few domains, models that maximize inter-domain
distances are preferable, as they focus on augmenting the input or feature
space to create a generalizable model capable of performing well across var-
ious domains during inference. In particular, recent advances in generative
AI allows more realistic synthetic data generation and diversification, which
further enhance algorithms that maximize intra-domain distances.

Additionally, in scenarios where data points within a dataset are highly
similar to each other, it is beneficial to utilize models that emphasize the
Maximization of Inter-Class Distances. This approach encourages a clear
separation between classes, enabling the model to learn effective embedding
representations that facilitate discrimination between classes based on dis-
tance.

To alleviate the weaknesses of existing meta-learning approaches for DG
which has been explored in Figure I.2, a promising future direction is to cre-

79



I. Domain Generalization through Meta-Learning: A Survey

ate a novel distance metric that that captures the intra- and inter-domain
characteristics. This metric can be utilized as a guidance for selecting appro-
priate methods to enable rapid adaptation to new domains.

It is also worth mentioning that the exploration of biologically plausi-
ble models in meta-learning has gained some attention and aims to bridge
the gap between artificial learning systems and the mechanisms underly-
ing learning in biological organisms. While artificial neural networks have
achieved impressive results on meta-learning benchmarks, they differ sub-
stantially from the learning processes in biological systems, such as the hu-
man brain. As of recent, there has been growing interest in developing meta-
learning models that are more biologically grounded and mimic the human
learning system. One such model incorporates a memory system designed to
prevent catastrophic forgetting, functioning similarly to an episodic memory
system [29]. This model enhances the generalization capabilities of spiking
neural networks by simulating an efficient episodic memory capable of stor-
ing vast amounts of information and linking similar underlying patterns. A
promising direction for future development is to create innovative policies
formemory adaptationwithin this model to handlemore complex tasks, such
as DG. By implementing these policies, the model can better ignore noise and
outlier data andmap similar classes from different domains to the samemem-
ory representation. This would empower the model to effectively tackle data
from diverse domains, enhancing its generalization capabilities.

DG is a critical challenge in federated learning, where multiple clients
collaboratively train a model without sharing their raw data, enhancing pri-
vacy and security [100]. However, the domain of the target test data on
the server can differ greatly from the training data of each client. This dis-
crepancy leads to decreased performance of the federated model on the tar-
get domain. RFDG [30] has integrated domain generalization into feder-
ated learning via a reinforcement learning-based feature decorrelation policy
that enables clients to reweight samples from a global perspective to learn
domain-invariant knowledge. The replay mechanism also addresses chal-
lenges posed by mini-batch training. This field represents a potential area
where we should incorporate meta-learning for DG to enhance adaptability
to different clients with limited labeled data. By leveraging meta-learning
techniques, the federated model can quickly adapt to new clients by learning
from a small number of labeled examples, even when there are significant
distributional shifts between the source and target domains. Accordingly,
meta-learning can be used to learn a shared feature extractor that is robust
to domain shifts, allowing the model to extract transferable knowledge from
the source domains and effectively apply it to the target domain, thereby im-
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proving its ability to generalize to diverse and unseen domains encountered
in real-world federated learning scenarios.

Although the presented approaches have made notable progress in do-
main generalization using meta-learning, there are still interesting avenues
for future research. One such direction is Generalizable Label Distribution
Learning (GLDL), which aims to learn a Label Distribution Learning (LDL)
model that can generalize well to unseen target domains. LDL is a machine
learning paradigm that assigns a label distribution to each instance, indicat-
ing the relative importance or description degree of each label. By reflect-
ing the varying degrees of association between labels and instances, LDL
provides a more detailed representation of label information. Consequently,
leveraging the full distribution of labels can enhance model performance on
complex tasks. A recent work by Zhao et al. [104] has expanded the scope
of domain generalization research by addressing the specific challenges of
LDL. In this work, the DICE framework was proposed, which learns to ex-
tract domain-invariant feature-label correlations and label-label correlations.
It achieves this by aligning the prior distributions and label correlation ma-
trices across different source domains. This work opens up new possibilities
for applying meta-learning techniques to the GLDL problem, potentially en-
abling more robust and generalizable LDL models that can handle distribu-
tion shifts between source and target domains. Exploring the integration of
meta-learning strategies with GLDL could lead to further advancements in
this emerging area of research.

It is also important to note another key challenge that still needs to be
addressed in this area of research: enabling algorithms to go beyond pattern
recognition to understand and exploit data causality [74]. This understand-
ing is essential for models to make consistent predictions across domains,
particularly when existing correlations are unreliable [9, 57, 80]. Therefore,
it is essential to provide meta-learning models with proper inductive biases
that can guide the learning process toward causal inference. Inductive biases
help in shaping the hypothesis space, enabling the model to prioritize learn-
ing generalizable patterns that reflect underlying causal relationships as op-
posed to spurious correlations. Despite challenges, meta-learning has valu-
able potential for DG if steered to grasp causal structures rather than merely
mimic data. Developing meta-learning frameworks that inherently capture
causal relationships will be pivotal for achieving true domain-agnostic capa-
bilities.
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I.8 Conclusions

Meta-learning has experienced rapid growth in interest in recent years and
has been applied to many significant research topics in machine learning,
including DG. In this paper, we focus on meta-learning for DG, a promis-
ing field that has attracted many researchers. We provide a comprehensive
review of existing methods and present a detailed taxonomy based on two
primary axes crucial for designing effective models, as well as an overview
of relevant datasets, benchmarks, and applications. The taxonomy provided
in this survey offers a roadmap for understanding the diverse strategies that
underpin current research in the field. It is clear that both the feature extrac-
tion and classifier training processes are critical to the development of DG
models. Furthermore, we share insights from our analysis of these methods
and identify potential research challenges that could guide future research
directions. We hope that this survey will assist newcomers and practition-
ers in navigating this growing field and will also highlight opportunities for
future research.
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Abstract

The objective of domain generalization (DG) is to enable models to
be robust against domain shift. DG is crucial for deploying vision-
language models (VLMs) in real-world applications, yet most existing
methods rely on domain labels that may not be available and often am-
biguous. We instead study the DG setting where models must gen-
eralize well without access to explicit domain labels. Our key idea is
to represent an unseen target domain as a combination of latent do-
mains automatically discovered from training data, enabling the model
to adaptively transfer knowledge across domains. To realize this, we
perform latent domain clustering on image features and fuse domain-
specific text features based on the similarity between the input image
and each latent domain. Experiments on four benchmarks show that
this strategy yields consistent gains over VLM-based baselines and pro-
vides new insights into improving robustness under domain shift.



II.1 Introduction

Traditional machine learning methods often assume training and test data
are drawn from the same distribution. However, in practical applications
such as autonomous driving and intelligent robotics, models must operate
in complex and unpredictable environments, where it is nearly impossible
for training data to cover all possible scenarios. This discrepancy, known as
domain shift, is the central concern of the Domain Generalization (DG) prob-
lem [16], which aims to leverage training data from one or multiple source
domains so that the model performs well on unseen target domains.

With the rapid advancement of languagemodels in natural language pro-
cessing (NLP), vision models have been integrated with them, giving rise to
vision-language models (VLMs) [15] such as CLIP [11]. Pre-trained on large-
scale image–text pairs, VLMs exhibit strong zero-shot classification capa-
bilities [11]. However, zero-shot classification requires carefully designed
prompts, and manually crafting prompts is both time-consuming and sub-
optimal. To address this, CoOp [52] introduced prompt learning, replacing
hand-crafted prompts with learnable parameters (soft prompts) optimized on
downstream tasks. While such methods surpass manual prompts in classifi-
cation, soft prompts are prone to overfitting source domains [8], thus limiting
generalization and yielding unsatisfactory DG performance. This motivates
us to improve prompt learning for more robust generalization under domain
shifts.

Many high-performing DG methods rely on domain labels during train-
ing [1, 13, 14]. Yet in practice, assigning precise domain labels to each im-
age is difficult, and domain boundaries are often ambiguous. For example,
in autonomous driving, images under slightly different weather or lighting
conditions may not fit predefined categories such as “sunny” or “cloudy.” In
such cases, algorithms depending on explicit domain labels often fail, limit-
ing their applicability.

Inspired by [9], we propose Latent Domain Prompt Fusion (LDPF),
which automatically discovers latent domains and adapts prompts accord-
ingly to enhance the DG ability of VLMs. Our method performs latent do-
main clustering on domain-specific style features, removing the need for
domain labels and potentially capturing intrinsic characteristics more accu-
rately than manual annotations. We design a dual-part soft prompt with
domain-agnostic and domain-specific components, balancing invariant and
specialized information. Finally, we introduce a domain-similarity–based fu-
sion module that dynamically combines learned soft prompts during infer-
ence, improving visual–textual alignment.
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Our main contributions are:

1. A novel soft prompt learning framework (LDPF) for domain general-
ization of VLMs, which does not rely on domain labels via latent do-
main clustering, making it suitable for complex real-world scenarios.

2. A novel fusion mechanism that represents the target domain as a lin-
ear combination of source latent domains, enabling adaptive prompt
integration and more robust modality alignment.

3. Extensive evaluation on four benchmarks, with detailed analyses demon-
strating the effectiveness of our approach.

II.2 Methodology

II.2.1 Problem setup

Specifically, we consider aMulti-SourceDomainGeneralization (MSDG) prob-
lem with L source domains Sl = {(xli , y

l
i )}

nl
i=1, each associated with a joint dis-

tribution P lXY . Note that P
l
XY , P

l′
XY ,∀l, l

′ ∈ {1, · · · ,L} and l , l′ . The goal of
the MSDG problem is to learn a predictive function f : X →Y using source
domain data such that it minimizes the prediction error on an unseen target
domain Starget , P

target
XY , P lXY ,∀l ∈ {1, · · · ,L} [16]:

min
f

E[L(f (xtarget), ytarget)], (II.1)

where L(·, ·) is the loss function. For simplicity, we assume that the source
and target domains share the same label set.

II.2.2 Soft prompt design

In our settings, each prompt is divided into three parts: domain-agnostic,
domain-specific, and class label:

pk = [v]1[v]2 · · · [v]M1︸              ︷︷              ︸
domain-agnostic tokens

[d]1[d]2 · · · [d]M2︸              ︷︷              ︸
domain-specific tokens

[CLASS]k . (II.2)

Here, [v] represents the domain-agnostic tokens, [d] is the domain-specific
tokens, and [CLASS] represents the class label.M1 andM2 are hyperparam-
eters that control the lengths of the two types of prompts, and k represents
the k-th class.
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(a) Latent Domain Prompt Fusion (LDPF) framework.

(b) Latent domain model. (c) Modality alignment.

Figure II.1: Overview of the proposed framework. During training, the im-
age and text encoders are frozen, and the Latent Domain Model
assigns latent domain labels to guide the learning of domain-
specific prompts. At inference, the model estimates the similar-
ity between the input image and each latent domain, and fuses
text features accordingly for better modality alignment, i.e., in-
creasing the cosine similarity between image feature and the
corresponding positive text feature.

All domains share a single domain-agnostic prompt, while an indepen-
dent domain-specific prompt is trained for each latent domain. The train-
ing is performed in two stages. In the first stage, only the domain-specific
prompts are used, and themodelminimizes the classification lossLdsp within
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each latent domain:

Ldsp = −
1
N

Ns∑
s=1

∑
(x,y)∈Ds

K∑
k=1

yk logP (ŷ = k|x,ds), (II.3)

Here, N denotes the total number of samples, Ns is the number of latent
domains, Ds represents the set of all samples assigned to domain s, and ds

denotes the domain-specific prompt corresponding to domain s.
In the second stage, the domain-agnostic prompt is concatenated with

the domain-specific prompts, and the model minimizes the classification loss
Ldap across all domains:

Ldap = −
1
N

∑
(x,y)∈D

K∑
k=1

yk logP (ŷ = k|x,p), (II.4)

whereD represents the set of all samples. During this step, only the domain-
agnostic prompt is updated, ensuring that it serves as a complementary com-
ponent that captures domain-invariant knowledge, thereby enhancing gen-
eralization.

II.2.3 Latent domain model

To extract domain features from the outputs of the image encoder, we design
a two-layer MLP network, referred to as the Domain Feature Extractor. To
ensure that the extracted domain features are as independent of class infor-
mation as possible, we employ an auxiliary classifier trained in an adversarial
manner against the extractor:

Ladv = −
1
N

∑
(x,y)∈D

K∑
k=1

yk logP (ŷ = k|h(f (x))), (II.5)

where h(·) represents the auxiliary classifier, and f (·) denotes the image
encoder. The resulting domain features are then clustered using k-means,
which assigns each sample a latent domain label. We set the number of clus-
ters to k = Ns, a hyperparameter tuned via the validation set, strictly inde-
pendent of ground-truth domain labels. The cluster centroids are stored and
later used during inference to compute similarities between input images and
latent domains.
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II.2.4 Prompt fusion mechanism

This mechanism generates an adaptive text feature that aligns with the target
image despite domain shift. We represent the text features from different
domains as a set of basis vectors and obtain the fused feature for class i via
a weighted linear combination:

f̃k =
Ns∑
s=1

αsf
s
k , (II.6)

where fsk is the text feature of class k in domain s, and αs is its fusion weight.
The weights are derived from the cosine similarity between the domain fea-
ture and each latent domain centroids cs:

αs =
exp(cos(h(f (xi)),cs)/τ)∑Ns
j=1 exp(cos(h(f (xi)),cj )/τ)

. (II.7)

II.2.5 Training and inference

During training, the backbone encoders are kept frozen, and only the pa-
rameters of the soft prompts and the Latent Domain Model are updated. We
adopt a Gradient Reversal Layer (GRL) [6] to implement adversarial learning.
The Kuhn-Munkres algorithm [10] is used to stabilize cluster–label assign-
ment. Total loss function is as follows:

L = Ldsp +λ(Ldap −Ladv), (II.8)

where λ = 2
1+exp(−10p) − 1 [6]. At inference, the Latent Domain Model esti-

mates domain similarities, which guide the adaptive fusion of text features.
The classification probabilities that the input image xi belongs to class k can
then be computed using the following formula:

P (yi = k|xi , f̃) =
exp(cos(f̃k , f (xi))/τ)∑K
j=1 exp(cos(f̃j , f (xi))/τ)

. (II.9)

II.3 Experiments

II.3.1 Datasets and implementation details

We conduct experiments on four benchmark datasets: Office-Home [39],
mini-DomainNet [19], PACS [27], and Terra Incognita [1]. Ourmethod builds
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on CLIP with a ViT-B/16 [5] backbone, where the encoders are kept frozen
during training. We set the domain-agnostic prompt length to 4, the domain-
specific prompt length to 8, the number of latent domain to 3, while follow-
ing the same hyperparameter settings as CoOp. Trained for 20 epochs on
Terra Incognita, and for 30 epochs on the other datasets. For all datasets, we
followed the leave-one-domain-out evaluation protocol as in [19]. Each ex-
periment was conducted three times, and we report the average performance
along with the standard deviation.

II.3.2 Main results

For comparison, we adopt a series of VLM-based baselines. Besides zero-
shot CLIP, we include several prompt-learning approaches, as CoOp, Co-
CoOp [51], BPL [4], StyLIP [3], and DDSPL [13], as well as an adapter-based
method CLIPCEIL [14]. It is worth noting that both DDSPL and CLIPCEIL
require access to domain labels during training, and we add them as refer-
ence.

Table II.1: Performance comparison of different methods. We reproduce the
results of Zero-shot CLIP and CoOp, while ∗ indicates that the
result is reported in [13], † indicates that the result is reported
in [14]. All methods employed the ViT-B/16 backbone. The best
result is highlighted in bold and the second is underlined.

Category Method Office-Home mini-DomainNet PACS Terra Inc Average

Without domain label

Zero-shot CLIP 82.03 84.10 96.10 33.95 74.05
CoOp [52] 83.52 84.42 96.32 47.52 77.92
CoCoOp [51] 80.70∗ 85.81∗ 96.73∗ 50.40† 78.41
BPL∗ [4] 84.02 85.28 96.86 - -
StyLIP∗ [3] 84.63 - 98.05 - -
LDPF (Ours) 85.13±0.32 85.82±0.17 96.81±0.15 47.65±0.96 78.85

With domain label CLIPCEIL† [14] 85.43 - 97.55 52.98 -
DDSPL∗ [13] 85.59 86.23 98.08 - -

The results are shown in Table II.1. From the results, our method con-
sistently outperforms strong baselines such as Zero-shot CLIP, CoOp, and
CoCoOp. In particular, on Office-Home and mini-DomainNet, it achieves
the second-best average accuracy, only behind DDSPL, while surpassing all
other methods that do not rely on domain labels. On PACS and Terra Incog-
nita, the performance is comparatively weaker, suggesting room for further
improvement. We analyzed the possible reasons in Section II.3.4. Overall,
our approach yields an average gain of +4.8% over Zero-shot CLIP, indicat-
ing that it provides a robust generalization boost to CLIP despite not relying
on domain labels.
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II.3.3 Ablation study

Table II.2: Ablation study results on Office-Home dataset.

Model Average

Remove DAP 84.91
Remove DSP 84.30
Remove Ladv 84.80
Remove latent domain clustering 84.53
Greedy Fusion 84.52
Average Fusion 85.05
LDPF (Ours) 85.13

Table II.2 reports the results of our ablation study. Removing any sin-
gle component leads to performance degradation, confirming their effective-
ness. The first two tests highlight the critical role of domain-specific prompts
in our framework. Interestingly, replacing latent domain clustering with
manually annotated domain labels results in worse performance, suggest-
ing that human-defined domains may not fully capture image-specific styles
and can even mislead the model. Experiments on the fusion mechanism fur-
ther show its ability to leverage inter-domain similarities for fusion, though
the gain over simple averaging remainsmodest, indicating potential for more
advanced fusion strategies in future work.

II.3.4 Upper bound analysis

We train one soft prompt per latent domain and fuse their text features at
inference. As a tractable oracle, we consider selection instead of fusion: for
each sample, an oracle chooses the most accurate single prompt. This yields
the bound

Usel = P
(
∃s : ŷs(x) = y

)
, (II.10)

i.e., the probability that at least one domain-specific prompt predicts cor-
rectly. Note that selection is a special case of fusion (a degenerate convex
combination with a one-hot weight), and fusion can also create new repre-
sentations by combining prompts; therefore the true oracle for fusion satis-
fies Ufuse ≥Usel. In our analysis, we report Usel as a conservative, easy-to-
compute upper bound.

We illustrate the results on the two most representative datasets, Office-
Home and Terra Incognita, in Fig. II.2. The other two datasets show trends
similar to Office-Home. As observed, on Office-Home the gap between our
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(a) Office-Home (b) Terra Incognita

Figure II.2: Oracle upper bound Usel on two datasets.

method andUsel is only 2.98%, indicating that the proposed fusion effectively
integrates information from different soft prompts to yield accurate predic-
tions. In contrast, on Terra Incognita the gap widens to 12.05%. This suggests
that individual soft prompt tend to be highly specialized: one may handle
certain conditions (e.g., infrared/night images) well while others fail badly.
A simple similarity-based fusion averages over such inconsistent predictions,
often suppressing the correct soft prompt instead of amplifying it. Therefore,
Terra Incognita reveals that soft prompt complementarity is strong but can-
not be exploited by naive fusion, highlighting the need for more adaptive
fusion/selection strategies.

II.4 Conclusion

In this work, we studied a prompt learning–based domain generalization
method for VLMs without relying on domain labels. Our framework rep-
resents an unseen target domain as a linear combination of source latent do-
mains, allowing adaptive transfer of knowledge. Experiments on four bench-
marks confirm the effectiveness of this formulation, while our upper bound
analysis highlights both the promise and the current limitations of simple
fusion. Future work will explore learning-based fusion or gating strategies
to better exploit the complementarity among prompts.
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Abstract

Traditional methods for making software deployment decisions in the
automotive industry typically rely on manual analysis of tabular soft-
ware test data. These methods often lead to higher costs and de-
lays in the software release cycle due to their labor-intensive nature.
Large Language Models (LLMs) present a promising solution to these
challenges. However, their application generally demands multiple
rounds of human-driven prompt engineering, which limits their prac-
tical deployment, particularly for industrial end-users who need re-
liable and efficient results. In this paper, we propose GoNoGo, an
LLM agent system designed to streamline automotive software deploy-
ment while meeting both functional requirements and practical indus-
trial constraints. Unlike previous systems, GoNoGo is specifically tai-
lored to address domain-specific and risk-sensitive systems. We evalu-
ate GoNoGo’s performance across different task difficulties using zero-
shot and few-shot examples taken from industrial practice. Our re-
sults show that GoNoGo achieves a 100% success rate for tasks up
to Level 2 difficulty with 3-shot examples, and maintains high perfor-
mance even for more complex tasks. We find that GoNoGo effectively
automates decision-making for simpler tasks, significantly reducing the
need for manual intervention. In summary, GoNoGo represents an effi-
cient and user-friendly LLM-based solution currently employed in our
industrial partner’s company to assist with software release decision-
making, supporting more informed and timely decisions in the release
process for risk-sensitive vehicle systems.



III.1 Introduction

In the automotive industry, decisions about when to release software, partic-
ularly embedded software in risk-sensitive systems, carry immense weight.
The complexity of modern vehicles, with their multiple levels of integration,
further complicates this process. Each integration level involves one or more
gating steps, with tests conducted to verify whether gate criteria are fulfilled.
Gate failures can delay the integration of all dependent subsystems, regard-
less of their individual quality. In this intricate process, release managers,
bearing the responsibility of gatekeeping could greatly benefit from assis-
tance to make faster and better decisions.

Large language models (LLMs) present an interesting avenue for provid-
ing such assistance. In particular, LLMs have demonstrated strong capabil-
ities in zero- and few-shot settings with in-context learning [4]. Recent ad-
vancements have improved reasoning [48], exemplar selection, and prompt
design [4]. Companies now use LLMs for software engineering tasks like
API testing, code generation, and documentation and research studies have
already shown test automation improvements over the state-of-the-art [28].

However, when applying LLMs to risk-sensitive domain-specific tasks,
several unique challenges must be addressed. In our research with indus-
trial partners, the most prominent challenges include 1) Incorporating spe-
cific logic and terminology relevant to the domain; 2) Understanding and
parsing high-level queries or vague language used by non-expert stakehold-
ers and translating them into actionable plans, 3) Enabling interpretability so
that domain experts can explain system functionality to stakeholders with-
out excessive complexity, 4) Operating efficiently to meet the time-critical
demands of organizational applications, mitigating potential bottlenecks re-
lated to limited LLM licensing or infrastructure, and 5) Designing the system
to enable ease of troubleshooting and maintenance, ensuring that any issues
can be quickly identified and resolved.

To address these challenges, we propose a multi-agent system that en-
codes domain-specific requirements using in-context learning. This system
comprises two primary LLM agents: a Planner and an Actor (refer to Fig-
ure III.2). The Planner, which forms the core of the system, comprehends
and decomposes user queries into step-by-step instructions for data analy-
sis [18]. The Actor then synthesizes and generates executable scripts from
these higher-level instructions. Within the Actor, a coder LLM utilizes the
self-reflection mechanism besides a memory to produce the most effective
Python script optimized for querying the given data for each instruction gen-
erated by the Planner [2, 28].
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Field Definitions:
euf: End User Function (EUF) of the test case.
...

Task planning:
Your role is to plan tabular data analysis tasks. You do this by 
decomposing a user query into predefined steps that need to 
be performed to finish the analysis.
...

Goals:
Decompose the user query into actionable steps to be 
performed with Python and pandas.
...

Constraints:
Do NOT make assumptions about values in any column, only 
use values that are explicitly provided to you.
...

Query: For each release candidate, list the test case functions that 
fail the most.

Result: releasecandidate function
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Figure III.1: An actual example demonstrating the use of the LLM-based
multi-agent system for automating ad-hoc tabular data anal-
ysis.

This system provides an interface for end-users at our industrial part-
ner, illustrated by Figure III.1, which shows a real-world example of its use.
It allows end-users, like release managers, to interpret results from a busi-
ness and safety perspective without needing detailed technical knowledge.
For example, they can simply receive a short table that reports the test case
functions that have failed the most for each release candidate as shown in
Figure III.1. By reviewing this information, release managers can make well-
informed decisions on whether to release the software or not, ensuring that
it meets both business objectives and safety standards in the automotive in-
dustry. This approach can significantly reduce time and resources by elimi-

115



III. GoNoGo: An Efficient LLM-based Multi-Agent System for Streamlining
Automotive Software Release Decision-Making

nating the need for various database and programming experts to achieve
the desired results for end-users. Our agent automates test data analysis
across multiple vehicle development integration levels, providing detailed
reports on component functionality and system interactions. This assists re-
lease managers in making informed decisions about software readiness for
release, accelerating development while enhancing gatekeeping reliability.
Our contributions can be summarized as follows:

• We highlight the practicality of the proposed LLM-based intelligent
assistant in making software release decisions within the automotive
industry. This is achieved by enhancing two key capabilities:

– Domain-specificity: We design a framework to handle unstruc-
tured queries from non-expert stakeholders in the automotive in-
dustry by mapping generic language to domain-specific logic us-
ing in-context learning.

– Risk-sensitivity: We incorporate two predefined atomic oper-
ations to restrict the action space and improve the risk-sensitive
aspect of the planner.

• Experiments on a total of 50 crafted test queries show that our pro-
posed system is effective at analyzing data and deriving the required
insights for software release decision-making.

• Our system, now deployed and actively used within our industrial
partner’s company, has demonstrated significant improvements in the
software release decision-making process besides saving time, improv-
ing accessibility, reducing reliance on specialized analysts, and accel-
erating overall workflow.

The remainder of this paper is structured as follows: Section III.2 pro-
vides an overview of the manual process behind automotive software release
decisions and the need for streamlining operations. Section III.3 details our
approach, including a description of the architecture of our LLM-basedmulti-
agent system and an explanation of the Planner and Actor agents. Further-
more, in Section III.4, we present our experimental setup and results. Sec-
tion III.6 provides an overview of similar research in LLMs for data analysis.
Finally, Section III.7 concludes the paper by summarizing key findings and
discussing the broader implications of our work in the context of industrial
software release management and risk-sensitive systems.
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III.2 Manual Process of Release Decisions: Insights
From the Industry

Deciding to go ahead, or not, with a software release in the automotive in-
dustry is a complex task involving multiple stakeholders and extensive data
analysis. This section reviews the current, and typical of the industry at large,
manual workflow and the need for streamlining.

Vehicle development progresses through multiple phases, each becom-
ing more complex as more components are integrated. Numerous tests are
conducted at each stage to ensure functionality and identify revisions, gen-
erating vast amounts of data. Software components require repeated testing
and validation, adding to this data.

Projectmanagers, verification engineers, and quality engineers need clear
analytics and insights from these tests in order to make software release deci-
sions. Extracting essential information is time-consuming. Quality engineers
analyze data for continuous improvement, while release engineers need spe-
cific information to make informed release decisions.

Within this process, statisticians provide an overall view of the data to
project managers and quality engineers for future business decisions. Man-
ual data processing is necessary due to the critical nature of these deci-
sions and their impact on consumer safety. However, this approach is time-
consuming and prone to errors, partly due to the differing perspectives of
technical data analyzers and statisticians, who may not fully understand the
project managers’ goals.

A critical and typical stage in this process is “Testing on Closed Track,”
where vehicles equipped with the necessary software release undergo sys-
tematic and rigorous testing of their systems in a controlled environment.
After these tests, release managers analyze large amounts of data to decide
whether to move to the next test stage. This involves manually querying data
to generate reports that support informed decisions. Errors or delays in this
analysis can hinder timely software release, affect business goals, and delay
subsystem integration.

The deployment of an intelligent assistant has the potential to facilitate
software release decisions in the automotive industry [41], particularly dur-
ing the critical testing on a closed track phase. In this work, we have fo-
cused on designing such an LLM-based multi-agent system to address the
challenges of this specific stage. By rapidly processing test data from closed
track testing, the system can generate comprehensive reports tailored to dif-
ferent stakeholders’ needs. For example, it can quickly compile summaries
of failed tests, highlight software performance trends across vehicle models,
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or analyze a specific component’s behavior under various conditions. Con-
sequently, this reduces the time spent on initial analysis, allowing release
managers to focus on interpreting results and making informed decisions.
This not only accelerates the development process but also enhances the ac-
curacy and reliability of the information used in release decisions, ultimately
contributing to maintaining high safety and quality standards in automotive
software development.

III.3 GoNoGo: Intelligent SoftwareReleaseAssistant

III.3.1 System Requirements

After discussing current needs and opinions about the software release anal-
ysis and decision-making processes with our industrial partner, we identified
the following main challenges in automating data analysis:

Understanding User Queries The systemmust interpret queries, typically
presented in natural language [16], within the specific domain context,
using any provided domain-specific knowledge.

Translating User Queries to Actionable Steps The system needs to con-
vert the user’s query into concrete steps, breaking down complex queries
into simpler tasks, determining the order of operations, and selecting
appropriate data manipulation or analysis techniques. Additionally,
the action space must be carefully managed to adhere to risk-sensitive
requirements.

Execution and Result Preparation The systemmust execute the planned
actions, interact with data using scripts (e.g., querying databases, per-
forming calculations, applying filters), and compile the results into the
desired format for the user.

These steps rely heavily on the LLM’s domain-specific knowledge and rea-
soning ability, crucial for effective query instruction planning [38]. Conse-
quently, this work explores techniques for enhancing the reasoning capabil-
ities of LLM agent systems, particularly for the analysis of tabular data in
industrial contexts.

III.3.2 System Architecture

Our approach to automating tabular data analysis leverages LLMs to cre-
ate an intelligent system capable of interpreting natural language queries,
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executing complex analyses, and delivering desired results. The system ar-
chitecture consists of two main components: the Planner supported by a
Knowledge Base and Examples for few-shot learning and the Actor includ-
ing coder LLM, memory module, and some Plugin components. Figure III.2
illustrates the overall architecture of the developed system.

Planner

LLM

Examples

Knowledge Base

Actor

Memory

Coder LLM with 
Self-​reflection

Plugins

Plan

GoNoGo Agent
Running time: <= 120 secs

High-​level 
Query

Result Table
<= 20 records (rows)

Figure III.2: Architecture of the LLM-based multi-agent system GoNoGo
along with the illustration of the interaction procedure of the
system. GoNoGo receives high-level queries from the end user,
performs the required data manipulations, and outputs the re-
sult table as a decision support resource. GoNoGo comprises
a Planner agent, which interprets queries and devises anal-
ysis strategies using Chain-of-Thought prompting and self-
consistency, supported by a Knowledge Base and Examples for
few-shot learning. The Actor includes a Coder LLM with a
Self-reflection mechanism, utilizing Memory and Plugins for
code generation and error resolution. The total running time
of GoNoGo for one user query is approximately 120 seconds,
which satisfies typical user requirements.

III.3.2.1 Planner

The Planner is the core of our system, responsible for interpreting user queries
and devising appropriate analysis strategies. One of the core challenges
of designing an LLM-based multi-agent system is the inherent inaccuracy
of prompting. As decision-making becomes more distributed over multiple
LLM agents, the uncertainty within the multi-agent system increases. To
mitigate this, we centralize the complexity within the Planner, which is re-
sponsible for the majority of design choices. By focusing on the Planner as
the main agent for refinement, we aim to create a system that is both inter-
pretable and easily maintainable.
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Our problem consists of two main aspects: domain-specificity and risk-
sensitivity. These two characteristics frequently manifest together in real-
world applications, particularly in fields such as healthcare and automo-
tive, where unreliability and inaccuracies can have significant consequences.
However, there is a noticeable gap in addressing both aspects simultaneously,
let alone demonstrating such systems in practice. As part of our system, we
want to explicitly address both of these aspects. As the Planner is the compo-
nent with the most decision-making responsibility, these two requirements
are encoded into the Planner prompts as depicted in Figure III.3.

Planner Prompting Strategies

Domain-​specificity Risk-​sensitivity

Knowledge Base Integration
Few-​shot Learning
Analytical Constraints
Query Plan Optimization

Pre-​defined Atomic Actions:
Slicing
Operation

Chain-​of-​Thoughts (CoT) Prompting
Self-​consistency

Figure III.3: Planner prompting strategies addressing domain-specificity
and risk-sensitivity in the LLM-based agent system for tabu-
lar data analysis.

III.3.2.2 Domain-specificity

The Planner utilizes a Knowledge Base containing a structured description
of the data and its attributes to provide the necessary context and domain-
specific information in the prompts given to the LLM, enhancing the system’s
performance and applicability [14]. The Knowledge Base serves as a com-
prehensive repository of metadata, including detailed descriptions of data
tables, possible states and values for essential fields, and domain-specific ter-
minologies, as well as the semantic meanings of various data elements. This
enables the system to understand and interpret high-level queries and de-
vise appropriate analysis plans by using this information as input prompts
for the Planner, taking advantage of in-context learning. This integration
ensures that the entire pipeline, from query interpretation to result genera-
tion, is informed by relevant domain knowledge, enabling the LLM agent to
provide more accurate, relevant, and specialized responses to user queries.

In our system architecture, we also feed some input-output pairs as exam-
ples into the Planner, allowing few-shot learning alongside the Knowledge
Base. This combination enables the Planner to interpret user queries more
effectively, drawing on both general knowledge and specific task examples
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to formulate appropriate analysis plans. This approach makes the system a
powerful tool for automated tabular data analysis across various industries
and use cases.

Helpful prompts serve as constraints, enhancing the LLM’s reasoning
capabilities [12]. For example, constraints help the model understand that
queries should account for more than just binary states for some fields. Re-
trieving records with ‘A’ and its opposite doesn’t always mean retrieving all
records, as other non-binary states might exist. For instance, ‘successful’
and ‘failed’ tests don’t encompass all possible test statuses; there may be ad-
ditional statuses to consider, such as ‘N/A’, that the model should take into
account.

The focus is on pushing the model to generate an optimized query plan.
This involves narrowing down data through filtering and selection before
performing sorting and other operations on the reduced dataset to mini-
mize processing. Accordingly, designed constraints help the agent explore
the characteristics of each field and the data, providing more accurate plan-
ning.

III.3.2.3 Risk-sensitivity

We guide the Planner with two pre-defined atomic actions to limit the action
space of the planner: slicing and operation. Slicing involves specifying the
columns to select and the conditions for filtering rows from the data to be
analyzed. Operation involves describing the operations (such as max, mean,
count, etc.) to be performed on the values of one or more columns of the data
obtained from the slicing step. The steps should be returned as a Python list,
with each step described in natural language, including all relevant values
and column names.

Also, we leverage Chain-of-Thought (CoT) prompting to further enhance
the reasoning capabilities of our LLM-based agent [43]. This technique in-
corporates intermediate reasoning steps into the prompt, guiding the model
to break down complex problems into smaller, more manageable steps [33].
This approach mimics human-like reasoning and problem-solving processes.
Additionally, CoT promptingmakes the agent’s decision-making processmore
transparent by explicitly showing the reasoning steps, allowing users to un-
derstand how the agent arrived at a particular conclusion or analysis result.

We combine CoT prompting with few-shot learning by providing exam-
ples that not only show input-output pairs but also include the intermediate
reasoning steps. This synergy further enhances the agent’s ability to handle
diverse and complex data analysis tasks [9].

121



III. GoNoGo: An Efficient LLM-based Multi-Agent System for Streamlining
Automotive Software Release Decision-Making

To further improve reasoning, we employ self-consistency in conjunc-
tion with CoT prompting. This involves generating multiple independent
reasoning paths for the same query, comparing them for consistency, and
using majority voting to determine the most reliable outcome [42]. By con-
sideringmultiple reasoning paths, the system becomes less likely to bemisled
by a single flawed chain of thought. As a result, for queries with potential
ambiguity, self-consistency can help identify different valid interpretations
and provide a more comprehensive answer.

III.3.2.4 Actor

The Actor is responsible for carrying out the analysis plans devised by the
Planner. It consists of several interacting components: Coder LLM with Self-
reflection, Memory, and Plugins, as depicted in Figure III.2.

The Coder LLM is responsible for generating executable scripts based
on the Planner’s instructions. This component is crucial as it translates ab-
stract plans into concrete, executable code that can interact with the data
using the required Plugins and perform the necessary analysis. It includes a
Self-reflection mechanism, which works in tandem with a Memory module.
This Memory stores generated code, error messages, execution results, and
contextual information about the current task [7].

The Self-reflection mechanism is a sophisticated process that allows the
Coder LLM to critically analyze its own output and decision-making process.
When an error occurs during script execution, the Self-reflection mechanism
activates, providing feedback to the Coder LLM. This feedback loop enables
the LLM to analyze error messages within the task context [10, 28], facilitat-
ing iterative improvement of the generated code.

The Self-reflection mechanism offers several advantages: It enables the
Coder LLM to autonomously identify and correct errors by continuously an-
alyzing and reflecting on its own output, thereby reducing the need for exter-
nal debugging and intervention. This mechanism promotes a cycle of contin-
uous improvement, allowing each iteration to refine the scripts for progres-
sively better performance and reliability [25]. By utilizing the Memory mod-
ule, the Coder LLM can make context-aware adjustments, considering pre-
vious errors, execution results, and specific task requirements, which leads
to more precise and contextually appropriate code generation. Automated
error correction and iterative refinement result in a more efficient coding
process, speeding up the development cycle and enhancing the robustness
and reliability of the final scripts. Additionally, the self-reflective capabil-
ities minimize the need for human intervention in the debugging process,
enabling engineers to focus on more complex and high-level tasks.
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This architecture enables the Actor to not only generate code for data
analysis tasks but also to troubleshoot and improve its own output, resulting
in a more robust and reliable automated data analysis system.

III.3.3 System Implementation

The system uses Azure OpenAI’s GPT-3.5 Turbo for both the Planner and
Actor agents. The Planner utilizes specially designed prompts for task plan-
ning, defining the entire data analysis task by specifying the details of each
step in the plan. Moreover, the Actor uses predefined prompts to generate
the required Python code for executing each step of the provided plan with
the pandas library, performing tasks on the given data.

III.4 Experiments

III.4.1 Data

The data used for analysis at our industrial partner is called “GoNoGo” data
and is updated after testing each function of every software component in
each vehicle. This internal company data contains about 40 different fields
and is critical for release decisions, as it includes detailed information regard-
ing the performance and functionality of software components. It provides
the necessary information for determining whether to advance a vehicle to
the next phase of development and allow it to be driven on open roads. Al-
though the data is updated after each test, we used a dataset of 55,000 records
to report our experiments.

Stakeholders often ask questions like “What are the test case functions
that fail the most for release candidate X?” or “What is the Y-status of X?”
where X is the release candidate’s name and Y is a specific functionality. An-
swering these questions requires domain knowledge and an understanding of
the data to extract and communicate the answers accurately. By analyzing
this data, release managers can determine if a vehicle meets the necessary
criteria to progress to the next development phase or be driven on public
roads. This ensures that only vehicles that meet stringent safety and quality
standards are advanced, maintaining high standards in automotive software
development.

III.4.2 Benchmark Overview

To evaluate the GoNoGo system’s performance, we developed a benchmark
based on 15 initial analysis tasks. These tasks were defined with the help
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of release engineers, quality engineers, and verification engineers. We iden-
tified the most common high-level queries and criteria frequently used by
these end users in their workflows. Our goal was to design tasks that cap-
ture the nuances and complexity of the demanding queries necessary for
their decision-making processes. These tasks were then translated into ex-
plicit table analysis queries that GoNoGo could process, ensuring that the
benchmark reflects real-world scenarios and challenges typically encoun-
tered by these professionals. We created definitive ground-truth solutions for
these queries using Python, breaking down the solutions into smaller code
chunks representing operations such as filtering, grouping, and sorting. For
each query, we generated a series of query ablations by incrementally adding
code chunks and formulating corresponding queries that these chunkswould
solve. This method expanded our original 15 queries into 50 query ablations,
each with a corresponding ground-truth solution and Python code.

In this way, we established queries with four levels of difficulty:

Level 1 These are the simplest queries, typically involving a single opera-
tion such as filtering or sorting.

Level 2 These queries combine two or three basic operations, such as mul-
tiple filtering followed by sorting.

Level 3 These queries involve more than three operations, potentially in-
cluding grouping and aggregating.

Level 4 These are the most complex queries, requiring multiple advanced
operations such as grouping and aggregating, for calculating statistics,
beyond basic filtering and sorting.

This incremental approach to query complexity allows us to assess GoNoGO’s
performance at various levels of difficulty. It helps identify at which point, if
any, the system’s performance begins to degrade, and provides insights into
its capabilities in handling increasingly complex table analysis tasks.

This benchmark allows for objective evaluation of the GoNoGo’s ability
to handle increasingly complex table analysis tasks, ensuring a comprehen-
sive assessment of its performance across a spectrum of difficulty levels.

III.4.3 Evaluation

The evaluation process involves comparing the GoNoGo system’s results
against manually generated ground-truth results. The comparison is based
on a strict matching criterion [8]. For a match to be considered successful,
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Table III.1: Performance evaluation of the GoNoGo system with varying
numbers of example queries across different levels of task dif-
ficulty.

# Examples Task Difficulty # Total Tasks # Success # Failed Performance

0-shot

1 16 3 13 18.75%
1-2 32 6 26 18.75%
1-3 44 9 35 20.45%
1-4 50 11 39 22%

1-shot

1 16 15 1 93.75%
1-2 32 27 5 84.37%
1-3 44 32 12 72.72%
1-4 50 34 16 68%

2-shot

1 16 16 0 100%
1-2 32 31 1 96.87%
1-3 44 38 6 86.36%
1-4 50 41 9 82%

3-shot

1 16 16 0 100%
1-2 32 32 0 100%
1-3 44 41 3 93%
1-4 50 45 5 90%

the system’s output must contain the same columns as the ground truth.
Additionally, each record in the system’s output must exactly match a cor-
responding record in the ground truth, including all values across different
fields. The system’s output must also contain the same number of records as
the ground truth, with no missing or extra entries. This strict matching en-
sures that the output is not just similar, but identical in structure and content
to the expected result. If the agent’s output satisfies all these criteria when
compared to the ground truth, the task is marked as successful; otherwise, it
is considered a failure. The model’s performance is then quantified by cal-
culating the success rate, defined as the ratio of successful tasks to the total
number of tasks.

III.4.4 Results

We present our experiment results on the GoNoGo system in Table III.1. We
evaluated its performance across different levels of task difficulty using 0-
shot, 1-shot, 2-shot, and 3-shot examples. GoNoGo achieved high perfor-
mance with 3-shot examples.

Initially, we assessed GoNoGo’s ability to handle the simplest queries
involving basic operations like filtering or sorting (Level 1). We then in-
crementally increased the complexity by including queries that combined
Level 1 and Level 2 difficulties, followed by those incorporating Level 1 to
Level 3 difficulties. Finally, we evaluated GoNoGo’s performance on the full
spectrum of tasks, including the most complex queries (Level 4), which re-
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quire multiple operations such as filtering, sorting, grouping, and calculating
statistics.

Our observations indicate that GoNoGo with 3-shot examples is partic-
ularly effective for solving queries with task difficulty up to Level 2 and can
handle these tasks without error. For more complex tasks involving Level 3
or Level 4 difficulties, human intervention is recommended to perform the
necessary manipulations and computations, rather than relying solely on the
automated system.

III.5 Threats to Validity

We identify the following threats to the validity of our study:

Limitation of the Created Benchmark Our study relies on a benchmark
specifically created for evaluating the system. While this benchmark
is designed to be comprehensive, it may not cover all potential sce-
narios and edge cases encountered in real-world applications. Efforts
have been made to design queries and tasks to be as comprehensive as
possible by involving verification engineers to mitigate subjectiveness.
However, despite these efforts, the limitation remains that it may not
capture every potential scenario and edge case. This limitation could
affect the generalizability and robustness of our findings.

Selection of the Foundation Model The choice of the foundation model,
in this case GPT-3.5 Turbo, which is considered a widely used LLM in
recent studies, might influence the results. Different foundation mod-
els, such as GPT-4, GPT-4o, Claude 3, or LLaMA 3, may yield better
performance levels and interpretations of the same tasks. However,
we limited the project to using GPT-3.5 Turbo and focused on improv-
ing its reasoning and planning capabilities. Besides, our framework is
flexible and can be easily applied to different pre-trained models. The
dependency on a single model means that our conclusions may not
hold if another model were used.

III.6 Related Work

The application of tabular data in machine learning holds significant po-
tential, ranging from few-shot learning for data analysis to end-to-end data
pipeline automation.
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Integrating LLMwith tabular data presents several substantial challenges
[18]. Most foundation models are not trained on tabular data, making it diffi-
cult for them to process and interpret this type of data effectively. Tomitigate
this issue, pre-training LLMs using tabular data or fine-tuning on specific
tasks are two commonly adopted options. [15] described different phases
and strategies for LLM training, and [40] provided guidelines for enterprises
who are interested in fine-tuning LLMs.

In particular, recent literature has seen a growing interest in pre-training
and self-supervised learning (SSL) approaches using tabular data. [21] em-
phasizes SSL for non-sequential tabular data (SSL4NS-TD), categorizingmeth-
ods into predictive, contrastive, and hybrid learning, and discussing applica-
tion issues such as automatic data engineering and cross-table transferabil-
ity. In contrast, [30] introduces TapTap, a novel table pre-training method
that enhances tabular prediction and generates synthetic tables for various
applications. Finally, [26] introduces Tabular data Pre-Training via Meta-
representation (TabPTM), which enables training-free generalization across
heterogeneous datasets by standardizing data representations through dis-
tance to prototypes. The common theme across these works is the enhance-
ment of tabular data handling through innovative pre-training and SSL tech-
niques, though they differ in their specific methodologies and application
focuses, ranging from generating synthetic data to improving model gener-
alization and manipulation capabilities. [29] proposes Tabular Foundation
Models (TabFMs), leveraging a pre-trained LLM fine-tuned on diverse tabu-
lar datasets to excel in instruction-following tasks and efficient learning with
scarce data.

Pre-training aims to enhance LLMs’ capability of handling tabular data
in general. However, it does not necessarily improve their performance on
specific tasks. On the other hand, fine-tuning pre-trained LLMs have demon-
strated potential for enhancing tabular data manipulation on specific tasks.
[31] introduced TableLLM, a robust 13-billion-parameter model designed for
handling tabular data in real-world office scenarios. In particular, TableLLM
incorporates reasoning process extensions and cross-way validation strate-
gies, outperforming existing general-purpose and tabular-focused LLMs. [14]
explored zero-shot and few-shot tabular data classification by prompting
LLMs with serialized data and problem descriptions, achieving superior per-
formance over traditional deep-learning methods and even strong baselines
like gradient-boosted trees. [34] addressed question answering over hybrid
tabular and textual data, fine-tuning LLaMA 2 using a step-wise pipeline, re-
sulting in TAT-LLM, which outperforms both prior fine-tuned models and
large-scale LLMs such as GPT-4 on specific benchmarks. [24] focused on ap-
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plying LLMs to predictive tasks in tabular data, enhancing LLM capabilities
through extensive training on annotated tables.

Industrial considerations One known issue is that LLMs oftenmemorize
tabular data verbatim, leading to overfitting. [2] highlights that despite their
nontrivial generalization capability, LLMs perform better on datasets they
were exposed to during training compared to new, unseen datasets. This in-
dicates a tendency towards memorization, necessitating robust testing and
validation protocols. This issue is particularly critical for companies’ inter-
nal data and tasks that a foundation model has not encountered before, as
public benchmarks do not necessarily predict performance on these internal
tasks. In addition, it is worth noting that some applications have stringent
data privacy policies, a concern increasingly being addressed in the litera-
ture [3, 5, 46]. In our work, we assume that the data resides within a secure
local network, and we do not address data privacy issues in this paper. In
industrial settings, practical constraints such as interpretability, user-centric
adaptation, ease of development andmaintenance, latency requirements, and
IT infrastructure limitations are crucial. Our objective is to design a system
that addresses these industrial needs without unnecessary complexity and
excessive resources typically required by pre-training and fine-tuning LLMs.

III.7 Conclusion

Wepresent theGoNoGo, an LLM-basedmulti-agent system designed to stream-
line software release decisions in the automotive industry by analyzing and
deriving insights from real-world data using Python code. We have employed
this system within our industrial partner’s company, which is significantly
assisting release managers and reducing the number of engineers engaged
in this process, allowing them to focus on their high-level tasks.

The impact of our system extends beyond automation, transforming how
automotive companies manage their software release cycles. It reduces the
time and effort required for data analysis while increasing decision accuracy
and reliability. This shift allows engineers and managers to focus on higher-
level tasks, accelerating the overall development and deployment process by
bridging the gap between raw data and actionable insights, driving the indus-
try towards more efficient, data-driven software release practices. Without
GoNoGo in place, our industrial partner would experience more wasted time
and effort across various teams and employees, with the decision-making
process becoming significantly prolonged. Pilot users have reported saving
approximately 2 hours per person each time they make a decision, highlight-
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Abstract

Ensuring reliable data-driven decisions is crucial in domains where an-
alytical accuracy directly impacts safety, compliance, or operational
outcomes. Decision support in such domains relies on large tabular
datasets, where manual analysis is slow, costly, and error-prone. While
Large Language Models (LLMs) offer promising automation potential,
they face challenges in analytical reasoning, structured data handling,
and ambiguity resolution. This paper introduces GateLens, an LLM-
based architecture for reliable analysis of complex tabular data. Its
key innovation is the use of Relational Algebra (RA) as a formal in-
termediate representation between natural-language reasoning and ex-
ecutable code, addressing the reasoning-to-code gap that can arise in
direct generation approaches. In our automotive instantiation, Gate-
Lens translates natural language queries into RA expressions and gener-
ates optimized Python code. Unlike traditionalmulti-agent or planning-
based systems that can be slow, opaque, and costly to maintain, Gate-
Lens emphasizes speed, transparency, and reliability. We validate the
architecture in automotive software release analytics, where experi-
mental results show that GateLens outperforms the existing Chain-
of-Thought (CoT) + Self-Consistency (SC) based system on real-world
datasets, particularly in handling complex and ambiguous queries. Ab-
lation studies confirm the essential role of the RA layer. Industrial
deployment demonstrates over 80% reduction in analysis time while
maintaining high accuracy across domain-specific tasks. GateLens op-
erates effectively in zero-shot settings without requiring few-shot ex-
amples or agent orchestration. This work advances deployable LLM
system design by identifying key architectural features—intermediate
formal representations, execution efficiency, and low configuration
overhead—crucial for domain-specific analytical applications where ac-
curacy, traceability, and stakeholder trust are paramount.



IV.1 Introduction

Reliable decision-making in data-intensive domains depends on the ability
to accurately analyze large volumes of structured data. In sectors such as
automotive manufacturing, healthcare, finance, and regulatory compliance,
critical decisions hinge on interpreting tabular datasets that capture test re-
sults, operational metrics, or validation records. These datasets often pass
through gating steps—critical checkpoints where predefined quality or com-
pliance standards must be met. Failures at these gates can cascade through
interconnected processes, delaying dependent workflows regardless of their
individual quality. Analysts tasked with safeguarding decision quality must
process vast quantities of data. While essential for ensuring accuracy and
reliability, this process is time-consuming and prone to human error in data
interpretation.

The software industry’s transition from manual to automated processes
has entered a new erawith the emergence of Large LanguageModels (LLMs) [4,
23]. Companies are increasingly integrating these AI agents into their work-
flows, seeking more cost-effective and optimized solutions for complex soft-
ware engineering tasks [19]. However, direct application of LLMs to struc-
tured data analysis for decision support is hindered by limitations in inter-
pretable reasoning and understanding of technical specifications [2, 26].

To address these challenges, we introduceGateLens, a reasoning-enhanced
LLM agent [27] for reliable tabular data analysis to support decision-making
in domain-specific contexts. We validate the architecture in the automotive
software release domain, where the need for precise, transparent, and effi-
cient analysis is particularly acute.

A key challenge in LLM-based analytical agents is the potential mis-
match between natural-language reasoning and the actual computation im-
plemented in generated code—a reasoning-to-code gap that becomes more
pronounced as analytical complexity increases. GateLens addresses this chal-
lenge by integrating structured relational analysis with domain-specific ex-
pertise through a reasoning layer built on Relational Algebra (RA) as an
extension of Chain-of-Thought (CoT). This reasoning layer systematically
breaks down complex validation tasks into discrete, formally grounded an-
alytical steps. We adopt this approach to address essential limitations of
vanilla CoT for our work: its reasoning steps are opaque and often cannot
be mapped directly to executable code, its operations are not compositional
and cannot be independently reused or debugged, and its reasoning is un-
structured with operations blended together without clear intent or formal
grounding. In contrast, our RA-based reasoning layer aims to ensure that
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Input Query: "Find customers from California who purchased items over $50"

Chain of Thought (CoT)
Play-dough reasoning: Fused chain of abstract thoughts
blended together without clear, independently meaningful
steps.

THOUGHT 1

"The query needs customers from California  with
orders over $50 ..."

THOUGHT 2

"I should filter by state  and amount , then join
customer and order tables ..."

THOUGHT 3

"The final result should have customer names and

IDs  where these conditions hold..."

Relational Algebra (RA) Statements
Lego-like blocks: Each relational algebra operation is a discrete, reusable step built
on top of the previous one.

california_customers ←
σ(state='CA')(customers)

Filter customers from California

customer_id name state

C1 Alice CA

C3 Charlie CA

orders_over_50 ← σ(amount > 50)
(orders)

Filter orders over $50

order_id customer_id amount

O1 C1 75

O3 C3 120

merged_data ← california_customers
⋈ orders_over_50

Join filtered datasets

customer_id name amount

C1 Alice 75

C3 Charlie 120

final_result ← π(customer_id,
name)(merged_data)

Project customer columns

customer_id name

C1 Alice

C3 Charlie

GENERATED CODE python

california_customers = customers[customers['state'] == 'CA']

orders_over_50 = orders[orders['amount'] > 50]

merged_data = pd.merge(california_customers, orders_over_50, on='customer_id')

final_result = merged_data[['customer_id', 'name']].drop_duplicates()

Figure IV.1: Comparison of conventional Chain-of-Thought (CoT) reason-
ing and its extension using Relational Algebra (RA) state-
ments. (Left) CoT employs unstructured, fused reasoning
where multiple analytical concepts are blended together in in-
formal thoughts without clear separation. Operations cannot
be independently mapped to executable code snippets, mak-
ing reasoning steps opaque and difficult to debug in isola-
tion. (Right) RA-based reasoning adopts a structured, composi-
tional approach where each relational algebra operation (filter-
ing, joining, projecting) is a discrete, formally grounded step.
Each operation is independently interpretable, reusable, and
can be directly mapped to executable code. The color-coding
illustrates how RA maintains clear boundaries between dis-
tinct analytical steps, whereas CoT conflates multiple opera-
tions within single reasoning thoughts. This structural distinc-
tion enables transparent, formally grounded reasoning that can
be systematically verified and debugged at each stage.

each step is independently interpretable and reusable, reasoning is grounded
in formal relational algebra, and intent is made explicit through well-defined
operations. Figure IV.1 illustrates this distinction between our structured
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RA-based approach and conventional CoT reasoning.
GateLens simplifies three critical aspects of release validation:

1. Test Result Analysis: Analyzing test execution outcomes is founda-
tional to release validation. This involves analyzing pass/fail patterns across
comprehensive test suites, identifying recurring failures, and validating test
coverage metrics. In automotive software, where a single release might in-
volve a large number of test cases across multiple vehicle functions, this task
becomes particularly demanding. Release engineers must not only identify
failed tests but also understand their patterns, assess coverage adequacy, and
evaluate test execution stability.
2. Impact Assessment: Impact Assessment is a systematic process for eval-
uating how software issues affect vehicle functionality and safety during re-
lease validation. It involves three phases: first, a critical failure analysis iden-
tifies the root cause and immediate effects of an issue, such as an ABSmodule
causing a 200ms brake signal delay that exceeds the 100ms threshold. Sec-
ond, a component-level impact evaluation traces how the issue propagates
through interconnected systems, assessing both direct effects, like problem-
atic emergency braking, and indirect effects, such as reduced stability control
performance. Finally, an integration risk assessment quantifies the severity
of these impacts against safety thresholds and functional requirements, cate-
gorizing issues like the ABS delay as system-wide risks with critical severity.
This structured process enables engineers to understand system-wide effects,
ensuring all safety and functionality requirements are met before release.
3. Release Candidate Analysis: The final quality gate involves evaluating
Release Candidates (RCs) against predefined quality gates and criteria. This
encompasses analyzing whether a particular RC meets all quality thresholds,
identifying potential release blockers, and validating compliancewith release
requirements. In automotive software, where releases must meet stringent
safety and quality standards, this analysis requires careful validation of each
RC against established criteria, ensuring all prerequisites for a safe and reli-
able release are satisfied.

The traditional release validation process demands extensive manual ef-
fort. Release engineers meticulously analyze test results, assess impacts, ver-
ify RCs against quality gates, and report findings to stakeholders, such as
release managers. As automotive software systems grow increasingly com-
plex, these manual workflows become more challenging, time-consuming,
and error-prone.

This work aims to streamline release validation by automating key analy-
sis workflows, enabling engineers to focus on high-value analysis and discus-
sion. By providing deeper analytical insights, the proposed approach reduces
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the time needed to deliver accurate validation results, empowering release
managers to make informed decisions more efficiently. Our contributions
can be summarized as follows:

• We design an architecture optimized for time- and safety-critical en-
vironments, minimizing LLM invocations while preserving reasoning
depth for reliable tabular analysis. GateLens operates in a zero-shot
setting, avoiding the need for few-shot examples or multi-agent co-
ordination, which improves generalizability, execution speed, reduces
maintenance overhead, and enhances transparency.

• We introduce a scalable and maintainable framework for automotive
software release validation, developed in response to observed limita-
tions in traditional planning-based multi-agent system. GateLens han-
dles diverse user querieswith higher robustness and clarity, supporting
effective decision-making across a wider range of release engineering
tasks.

• We conduct a comprehensive empirical evaluation, including compar-
isons with a CoT+SC system, ablation of the RA module, and perfor-
mance across multiple LLMs (GPT-4o and Llama 3.1 70B). These exper-
iments demonstrate GateLens’s performance advantages in complex
and ambiguous queries.

• We report on real-world industrial deployment in a partner automo-
tive company, where GateLens reduces analysis time by over 80% and
demonstrates strong generalization across user roles, highlighting its
practical value and deployment-readiness in safety-critical release val-
idation workflows.

IV.2 Background and Motivation

Software release decisions in the automotive industry involvemultiple stake-
holders and extensive data analysis. Modern vehicles integrate hundreds of
software components, each requiring rigorous testing and validation. The
process advances through distinct phases: component-level testing, integra-
tion testing, system-level validation, and vehicle validation testing. Component-
level testing verifies individual software modules, integration testing ensures
proper interaction between components, system-level validation examines
the complete system behavior, and vehicle validation testing evaluates soft-
ware performance under real vehicle conditions on closed tracks.
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The development cycle grows in complexity with each integration phase.
This increasing complexity presents challenges in managing large-scale test
results, tracking interdependencies between components, correlating test fail-
ures across different subsystems, and maintaining historical context for re-
curring issues. The iterative nature of software testing and validation further
expands this data ecosystem.

The wide range of stakeholders in the release process creates additional
challenges in data interpretation and presentation. Project managers need
high-level progress indicators, verification engineers require detailed techni-
cal insights, quality engineers focus on trend analysis and improvement met-
rics, and release engineers need specific release-readiness indicators. This
variety of perspectives necessitates different views of the same underlying
data, making the analysis process more complex.

This diversity is reflected not only in perspective but also in the level of
granularity required from the underlying data. For example, senior manage-
ment may ask high-level questions such as: “List all vehicles that have not
yet received global approval,” seeking a consolidated overview without ref-
erence to schema details or subsystem-specific attributes. In contrast, release
managers or verification engineers may pose highly specific queries such as:
“What are the baseline, phase, RC, and EUF values for RM-320 in the latest
test suite?” These questions rely on detailed knowledge of domain terminol-
ogy and schema structure. Although both types of queries operate on the
same data foundation, they demand substantially different views and levels
of abstraction.

Release managers function as gatekeepers in the software deployment
pipeline. They handle test result analysis, cross-system impact assessment,
decision-making, stakeholder coordination, and safety compliance verifica-
tion. The manual workflow introduces vulnerabilities: time-intensive pro-
cessing, potential errors in interpretation, decision delays, and communica-
tion barriers between technical and business teams.

Within this process, statisticians provide an overall view of the data to
project managers and quality engineers for future business decisions. The
existing manual approach faces several limitations, particularly regarding
time and resource constraints. These include labor-intensive data analysis,
delayed response to critical issues, limited capacity for comprehensive anal-
ysis, and bottlenecks in the release pipeline. Communication challenges fur-
ther complicate the process, with misalignment between technical analysts
and statisticians, varying interpretations of project requirements, inconsis-
tent reporting formats, and knowledge transfer gaps.

Internal Testing on Closed Track represents a crucial validation phase.
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Release managers must analyze extensive datasets to evaluate progression
readiness. The manual query process for report generation can impact re-
lease timelines, business objectives, and subsystem integration schedules.

The deployment of intelligent assistants presents opportunities to ad-
dress these challenges through automated data processing and analysis, stan-
dardized reporting frameworks, real-time insights generation, and stakeholder-
specific view generation. However, current automation solutions, including
basic LLM implementations, face limitations in understanding complex tech-
nical specifications, maintaining structured analysis steps, handling domain-
specific requirements, and processing automotive validation data systemati-
cally.

These limitations highlight the need for enhanced solutions combining
domain expertise with advanced analytical reasoning capabilities. Such solu-
tions must facilitate efficient decision-making while maintaining high safety
and quality standards in automotive software development [41]. Effective
intelligent assistants can transform the release decision process, enabling
release managers to prioritize result interpretation and strategic decision-
making over routine data analysis.

IV.3 Approach and Methodology

The complexity of automotive software release validation demands a system
that can bridge the gap between human-centric inquiries and precise tech-
nical analysis. GateLens addresses this challenge by utilizing LLM agents to
transform natural language queries into actionable insights through system-
atic analysis. At its core, GateLens must fulfill three fundamental require-
ments:
1. Query Understanding: The system must accurately interpret diverse
user queries, ranging fromhigh-levelmanagement questions to detailed tech-
nical inquiries about specific test cases.
2. Query Transformation: The system needs to transform these interpre-
tations into structured formal expressions, ensuring consistent and verifiable
reasoning structures.
3. Analysis Execution: The system must generate and execute precise
analysis code that processes validation data according to these formal ex-
pressions.

The architecture of GateLens is driven by these fundamental require-
ments, establishing a systematic pipeline for transforming user queries into
analytical results. The system leverages RA to enhance LLMs’ reasoning ca-
pabilities and transform user queries into formal relational operations. To
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support this transformation, GateLens employs domain-specific data schemas
that guide its relational modeling and enhance the generation of RA expres-
sions. This approach ensures both accessibility for non-technical stakehold-
ers and the precision required for automotive software validation.

Figure IV.2: GateLens top-level architecture: The system processes high-
level queries from the end user, generates the necessary data
manipulation code using the enhanced reasoning layer with
the help of RA, executes it, and outputs the result table as a
decision-support resource.

IV.3.1 System Overview

The primary objective of GateLens is to generate executable code that per-
forms precise test data analysis based on user queries. The system’s work-
flow consists of two main phases: query interpretation and code generation.
As illustrated in Figure IV.2, GateLens first processes user queries through
an LLM agent that translates natural language inputs into formal RA expres-
sions. This translation incorporates a detailed relational model of the test
data, ensuring precise specification of automotive domain concepts. The re-
sulting RA expressions serve as a pivotal intermediate representation that
is more transparent to both LLM agents and humans. In the second phase,
these formal expressions are passed to the coder agent, which generates exe-
cutable desirable code, such as SQL or Python code, to perform the required
analysis on the test data and produce results.

IV.3.2 Core Components

The system architecture consists of two primary components that work in
tandem to transformnatural language queries into executable code: the query
interpreter agent and the coder agent. The query interpreter agent first
translates user queries into RA expressions, providing a structured frame-
work for analytical reasoning. The coder agent then converts these formal
expressions into executable code, completing the transformation pipeline.
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This two-stage approach ensures both analytical precision and efficient im-
plementation, where the prompt engineering flow and prompt structure are
presented in Figure IV.3.

IV.3.2.1 Query Interpreter

The query interpreter agent is responsible for converting user queries into
formal RA expressions, providing a precise framework for analytical rea-
soning. Before initiating this translation, the agent consults the knowledge
base, comprising the data schema and domain-specific context. The data
schema provides a detailed understanding of the dataset, including its re-
lational modeling, field descriptions, data types, and enriched metadata cap-
turing domain-specific acronyms and terminology mappings. This glossary-
enhanced schema is injected into the prompt context, enabling accurate res-
olution of domain-specific terms into formal schema attributes during RA
construction.

To handle imprecise queries without compromising data privacy or ex-
ceeding LLM context windows, GateLens employs a selective strategy for
exposing categorical information. For low-cardinality attributes (e.g., fields
with only a few distinct categories such as test status), all valid options are
explicitly enumerated within the schema metadata. In contrast, for high-
cardinality attributes, actual database values are never exposed; instead, the
schema specifies structural patterns or expected formats (e.g., standard pre-
fixes or identifier conventions). This hybrid design keeps the prompt con-
text compact and privacy-preservingwhile providing the LLMwith sufficient
context to generate accurate filtering conditions.

Using this information, the agent verifies whether the query is relevant
and within the scope of the dataset [25]. This validation step ensures that
only supported and meaningful queries are processed, improving both ac-
curacy and efficiency. Once the query is confirmed to be in scope, the agent
leverages the data schemas to interpret and decompose the query into formal
RA expressions.

The agent’s primary function is to map natural language queries into for-
mal RA expressions, enhancing LLM reasoning through structured decompo-
sition [18]. This approach extends traditional Chain-of-Thoughts (CoT) [43]
reasoning by constraining the model to think within a formal system frame-
work [48]. Instead of generating free-form solutions, the agent must express
analytics using standard relational algebra notations through a limited set
of standard operations: selection, projection, union, set difference, cartesian
product, and rename as basic operations, as well as derived operations such
as join, intersection, and division and complemented by aggregation func-
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tions like average, minimum, maximum, sum, and count.
By limiting operations to this standard set, the agent effectively handles

ambiguous queries through formal translation, ensures technical precision,
and prevents deviation from analytical requirements. The formal nature of
RA enables query optimization, which the agent incorporates by prioritizing
data reduction operations early in the expression chain. This optimization
strategy involves applying filters first, then performing expensive operations
on the reduced dataset, thereby minimizing processing time and resource
utilization.

The translation to RA offers two significant advantages. First, it makes
the analytics more transparent in technical terms, allowing for clear inter-
pretation and validation of the reasoning process. Second, it ensures that ev-
ery solution generated is precisely defined and feasible for implementation,
preventing the agent from proposing impractical or undefined analytical ap-
proaches.

IV.3.2.2 Coder

The coder agent is responsible for generating executable code from given
RA expressions. Upon receiving an RA expression, the agent follows precise
instructions to produce code that delivers the final analytical results. This
capability allows the agent to generate complete, self-contained code at once,
eliminating the need for step-by-step generation and execution phases.

To ensure the generated codemeets quality standards, we designed prompts
that specifically instruct the LLM to include essential validationmechanisms.
The prompts explicitly require data type validation instructions for numer-
ical and categorical field handling, null value checking procedures to main-
tain data integrity, validation of numerical operations, and validation of join
conditions to ensure proper matching of key columns between tables.

By generating the entire code in a single pass rather than through itera-
tive refinement, the agent significantly reduces processing overhead, system
response time, and resource consumption while minimizing potential errors
that could arise from multiple execution steps. This streamlined yet precise
approach ensures both efficiency and reliability in the analysis pipeline, fully
aligned with the formal rigor of RA expressions and improving overall sys-
tem responsiveness to user queries.

IV.3.3 Data Handling

A key architectural decision in GateLens is its indirect interaction with test
data. Rather than exposing sensitive test data directly to LLM agents, which
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Figure IV.3: Overview of the prompt engineering flow and prompt structure
within the GateLens system architecture.

could raise privacy concerns [3] and exceed input context limitations, the
system operates on data schemas and relationalmodels. This approach serves
multiple critical purposes:

• Privacy Protection: Sensitive automotive test data remains secure
within the organization’s infrastructure

• Scalability: The system can handle large-scale test datasets thatwould
exceed LLM context windows

• Knowledge Integration: Data schemas and relational models serve
as an essential knowledge base, providing necessary structural under-
standing without raw data exposure

The final execution of the generated code runs on the test data in the target
environment, maintaining data privacy while delivering precise analytical
results.
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IV.4 Experimental Evaluation

In this section, we aim to answer the following research questions:

RQ1: How effectively does GateLens address user queries and deliver accu-
rate results across various query categories?

RQ2: How robust is GateLens in handling out of scope queries and imprecise
queries?

RQ3: How does the RA reasoning procedure contribute to the overall per-
formance of GateLens?

RQ4: To what extent does RA-based reasoning eliminate the need for in-
context learning?

IV.4.1 Experimental Setup

To address the research questions introduced in Section IV.4, we designed and
conducted extensive experiments to evaluate the performance of GateLens.

The experimental data comprises two distinct benchmarks. The first
benchmark consists of 50 queries designed with the assistance of release en-
gineers, quality engineers, and verification engineers. To assess GateLens’s
performance across a spectrum of query complexities, these queries are cat-
egorized into four difficulty levels. The four levels of query difficulty are
defined as follows:
Level 1 Simple queries involving a single operation such as filtering or sort-
ing.
Level 2 Queries combining two or three basic operations, such as multiple
filtering followed by sorting.
Level 3 Queries involving more than three operations, potentially including
grouping and aggregating.
Level 4Complex queries requiringmultiple advanced operations beyond ba-
sic filtering and sorting, such as grouping and aggregating for statistical cal-
culations.

The second benchmark is derived from real-world user queries collected
from production logs at our partner company. These queries were sourced
from the historical logs of an agentic system that employed awell-established
tabular data reasoning approach combining CoT [43] prompting with Self-
Consistency (SC) [42]. This system was used in production to support soft-
ware release analytics, and the collected queries reflect a wide range of user
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roles, query types, and domain-specific requirements. While this system per-
forms effectively in many scenarios, its limitations become apparent as the
range of roles and users expands, leading to a significant diversification of
queries. This broader query diversity exposes the system’s reliance on few-
shot examples, making it less capable of handling highly complex, ambigu-
ous, or ill-defined queries that require greater flexibility and adaptability.
Nevertheless, this preliminary system played a critical role in data collec-
tion for GateLens by providing query logs used to develop and validate our
approach. From these logs, we filtered out near-duplicates and selected 244
frequently repeated unique queries, whichwe then organized into eight func-
tional categories based on their purposes. The ground truth for the 244 real-
world queries was established through a two-stage manual annotation pro-
cess: two domain experts independently solved an initial subset of 20 queries
to align on interpretation and expected outputs, after which the remaining
queries were divided and annotated following the agreed-upon criteria, with
periodic cross-checks to ensure consistency.

In order to assess GateLens’s performance, we run experiments with two
large language models (LLMs): GPT-4o, a leading commercial model, and
Llama 3.1 70b, a recently released open-source model. We also benchmark
GateLens against the CoT+SC [20] agentic system currently used to support
the company’s release decisions. Our comparative analysis is designed to
quantify the improvements introduced by GateLens’s novel architecture.

To address the challenge of handling out-of-scope user queries during
real-time interactions, GateLens incorporates an in-scope filtering mecha-
nism as explained in Section IV.3.2. This mechanism ensures that the system
only attempts to process queries that fall within its scope, thereby improving
reliability and reducing errors. Performance evaluation focused on two key
aspects:

1. Quality of responses: Measured using precision, recall, and F1 Score,
which reflect the system’s ability to address relevant queries correctly.

2. Coverage of relevant queries: Ensuring the system does not reject a
significant proportion of valid queries, thus maintaining broad appli-
cability.

Additionally, an ablation study is conducted to examine the contribution
of the RA reasoning mechanism of GateLens.

In our experiments, the evaluation of system performance is based on
the following definitions: A True Positive (TP) occurs when the system
produces a result that matches the manually generated ground-truth result,
specifically when the final output of the executed code matches the expected

149



IV. GateLens: A Reasoning-Enhanced LLM Agent for Automotive Software
Release Analytics

ground-truth output. A False Positive (FP) occurs when the system pro-
vides an incorrect result, meaning the executed code produces output that
differs from the ground-truth. A False Negative (FN) occurs when the sys-
tem fails to provide any result for a query. True Negatives (TNs) are not
applicable since we focus on valid queries producing meaningful output.

Based on these definitions, we calculate Precision, Recall, and F1 scores
to assess the performance of the system. Precision ensures that incorrect re-
sults are minimized, recall ensures relevant queries are addressed, and the
F1 score balances the two to provide an overall assessment of system per-
formance. By relying on a closed-set benchmark with established ground
truths, these metrics enable us to rigorously isolate and measure the impact
of our architectural choices during lab validation, setting the stage for the
real-world industrial evaluation detailed in Section IV.6.

IV.4.2 Performance in Addressing UserQueries (RQ1)

Table IV.1: Comparison of average token consumption and reduction be-
tween CoT+SC and GateLens across four difficulty levels. The
evaluation was conducted on the first benchmark, which con-
sists of 50 designed queries with annotated difficulty levels, with
both agents utilizing GPT-4o.

Level # Queries GateLens with GPT-4o GateLens with Llama 3.1 70B CoT+SC with GPT-4o CoT+SC with Llama 3.1 70B
Precision Recall F1 Score Precision Recall F1 Score Precision Recall F1 Score Precision Recall F1 Score

1 16 100% 100% 100% 100% 43.75% 60.87% 93.33% 87.5% 90.32% 100% 93.75% 96.77%
2 16 100% 100% 100% 100% 62.5% 76.92% 100% 81.25% 89.66% 92.31% 75% 82.76%
3 12 100% 100% 100% 100% 50% 66.67% 91.67% 91.67% 91.67% 90.91% 83.33% 86.96%
4 6 100% 100% 100% 100% 33% 49.62% 66.67% 66.67% 66.67% 60% 50% 54.55%

Total 50 100% 100% 100% 100% 47.31% 63.52% 87.91% 81.77% 84.57% 85.81% 75.52% 80.26%

Table IV.2: Performance comparison of GateLens and the CoT+SC system
across different categories on the second benchmark, which con-
sists of 244 real-world queries.

Category # Queries GateLens with GPT-4o GateLens with Llama 3.1 70B CoT+SC with GPT-4o
Precision Recall F1 Score Precision Recall F1 Score Precision Recall F1 Score

Column Operations 17 64.7% 64.7% 64.7% 50% 11.76% 19.04% 76.47% 76.47% 76.47%
Complex Multi-Condition Queries 77 86.3% 81.82% 84% 100% 24.68% 39.59% 84.75% 64.94% 73.53%
Conditional Calculations 8 100% 87.5% 93.3% 100% 37.5% 54.55% 87.5% 87.5% 87.5%
Data Filtering 32 89.66% 81.25% 85.25% 90.91% 31.25% 46.51% 86.21% 78.13% 81.97%
Duplicate Removal 78 87.67% 82.05% 84.77% 100% 23.08% 37.5% 75.93% 52.56% 62.12%
Grouping and Aggregation 10 80.0% 80.0% 80.0% 100% 30% 46.15% 83.33% 50% 62.5%
Metadata Queries 13 91.67% 84.61% 88.0% 100% 15.38% 26.66% 46.15% 46.15% 46.15%
Table Generation 9 88.89% 88.89% 88.89% 100% 44.44% 61.53% 88.89% 88.89% 88.89%
Total 244 86.02% 81.14% 83.51% 92.61% 27.26% 41.44% 83.15% 63.52% 70.61%

Weconducted experiments to compare the performance of GateLens across
the two introduced benchmarks. The first benchmark, consisting of 50 queries
categorized by difficulty levels, was used to evaluate and compare the per-
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formance of GateLens and CoT+SC. Both systems were tested using GPT-4o
and Llama 3.1 70B as their underlying LLMs. The results are summarized in
Table IV.1.

The results demonstrate that GateLens with GPT-4o significantly out-
performs GateLens with Llama 3.1 70B, indicating GPT-4o’s superior capa-
bility for interpreting and generating RA. Similarly, CoT+SC with GPT-4o
outperforms its Llama 3.1 70B variant, with the performance gap growing
as query complexity increases. CoT+SC performance declines with query
complexity. This underscores the importance of the RA reasoning mecha-
nism in GateLens, which enables effective handling of complex, unstructured
queries by decomposing them into logical, structured expressions. Most no-
tably, GateLens with GPT-4o achieved optimal performance on this bench-
mark, maintaining 100% accuracy across all difficulty levels. This stems from
integrating RA reasoning into our framework. By translating queries into
RA expressions, GateLens explicitly captures the logical structure of opera-
tions, enhancing both the clarity and precision of the generated code. The
intermediate RA conversion allows the system to focus on the relevant ta-
ble operations while filtering out irrelevant elements in the query, greatly
enhancing the problem-solving capabilities of the LLM agent.

For the second benchmark, results in Table IV.2 show that GateLens (GPT-
4o) and CoT+SC (GPT-4o) significantly outperformed GateLens with Llama
3.1 70B. This performance disparity is primarily due to the strict code gener-
ation requirements of the task, including table filtering, merging strategies,
and key-value mapping operations, where GPT-4o demonstrated markedly
superior capabilities.

GateLens with GPT-4o outperformed CoT+SC (GPT-4o) across most cat-
egories, particularly evident in Metadata Queries (those seeking basic table
information). For example, when processing the query "Giveme the list of re-
lease candidates," the CoT+SC system often fails to identify the correct field.
A common failure mode in CoT+SC occurred when user queries included ty-
pographical errors or incorrect casing in field names, with the system directly
using the erroneous fields without correction. GateLens addresses this lim-
itation through its query-to-RA transformation process, which incorporates
the database’s relational model, adjusts query fields to match table formats,
and can handle fuzzy matching to detect and correct field names, enabling
the system to resolve typographical errors and ambiguous queries effectively.
This approach improves accuracy and resilience, particularly in real-world
scenarios where user queries may not always adhere to strict formatting
standards.

In addition, compared to the CoT+SC solution, GateLens uses signifi-
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Table IV.3: Comparison of average token consumption and reduction be-
tween CoT+SC and GateLens across four difficulty levels. The
evaluation was conducted on the first benchmark, which con-
sists of 50 designed queries with annotated difficulty levels, with
both agents utilizing GPT-4o.

Level Agent Avg Input Tokens Avg Output Tokens Avg Total Tokens Token Reduction

1 CoT+SC 11,905 186 12,091 —
GateLens 2,239 420 2,658 ↓ 78%

2 CoT+SC 13,747 368 14,116 —
GateLens 2,428 701 3,129 ↓ 78%

3 CoT+SC 14,726 441 15,168 —
GateLens 2,432 698 3,130 ↓ 79%

4 CoT+SC 17,103 452 17,555 —
GateLens 2,505 847 3,352 ↓ 81%

cantly fewer tokens due to its effective use of RA as the intermediate repre-
sentation and its zero-shot architecture. In Table IV.3, we compare the token
usage of both systems across different difficulty levels. Notably, while the
CoT+SC approach requires increasingly massive input contexts, primarily to
accommodate few-shot examples, GateLens maintains a highly compact in-
put footprint. As the query difficulty increases, the token reduction becomes
evenmore significant, demonstrating the efficiency and scalability of the RA-
based approach in handling complex queries.

RQ1 findings: GateLens with GPT-4o achieved 100% F1 score on the first
benchmark across all difficulty levels and 83.51% F1 score on the second
benchmark with 244 real-world queries. It outperformed CoT+SC (GPT-4o)
by approximately 13 percentage points on real-world queries, indicating
that the RA reasoning mechanism effectively addresses both complex log-
ical operations and real-world noise, such as typos and ambiguous field
names.

IV.4.3 Robustness: HandlingOut of Scope and ImpreciseQueries
(RQ2)

To assess the robustness of our approach in handling diverse user queries
under real-world conditions, we conducted further experiments focusing on
filtering out-of-scope queries aswell as processing imprecise queries. For this
purpose, the data analysis team at our industrial partner company manually
selected 37 out-of-scope queries and 50 imprecise queries from the histori-
cal logs of the first-generation system, which are used to perform targeted
evaluations.

Out-of-scope queries are those that cannot be meaningfully answered
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using the available data. For example, a query like "What is the most beau-
tiful truck?" requires subjective judgment and cannot be resolved through
database operations; it should be identified and filtered as out of scope. On
the other hand, imprecise queries are those that can be answered using the
database but contain ambiguous or inexact terms. For instance, a query such
as "Find some trucks for cases that are NOK" is considered imprecise because
while it seeks truck names where test results are "NOK" (failed), it uses am-
biguous terminology - referring to "trucks" instead of the actual database field
"name", and mentions "NOK" without specifying the "test_result" field. Such
imprecise queries require mapping informal language to precise database
fields and conditions for proper execution.

IV.4.3.1 Handling Out of Scope Queries

We compared GateLens with other models; the results can be found in Ta-
ble IV.4. The results demonstrate that GateLens with GPT-4o achieved the
best performance, particularly in terms of precision, which is approximately
40% higher than other models, indicating GateLens’ ability to avoid generat-
ing incorrect results.

The superior precision of GateLens with GPT-4o can be attributed to
two key aspects of its design. First, its robust filtering mechanism ensures
that out-of-scope queries are identified and excluded early in the processing
pipeline, preventing irrelevant results. Second, the conversion of raw natural
language queries into structured RA expressions enables the model to isolate
and capture task-relevant components of a query. This structured approach
considerably decreases erroneous outcomes and enhances themodel’s ability
to handle complex and diverse query formulations in real-world scenarios.

Table IV.4: Model comparison for out-of-scope queries.

Model Precision Recall F1 Score
GateLens with GPT-4o 92.5% 100% 96.10%

GateLens with Llama 3.1 70B 52.94% 97.30% 68.57%
CoT+SC with GPT-4o 51.10% 89.19% 64.97%

CoT+SC showed significantly lower precision due to the variability of
real-world queries and the inconsistency of user narratives, which often con-
tain amix of relevant and irrelevant content. This variability increases uncer-
tainty and poses challenges for models that struggle to identify task-relevant
information. Although all models demonstrated high recall, this did not
translate into accurate processing.
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Table IV.5: Model comparison for imprecise queries.

Model Precision Recall F1 Score
GateLens with GPT-4o 92.86% 78% 84.78%

GateLens with Llama 3.1 70B 92.86% 26% 40.63%
CoT+SC with GPT-4o 90% 36% 51.43%

IV.4.3.2 Handling Imprecise Queries

To further assess the robustness of our approach, we evaluated its perfor-
mance in handling imprecise queries, which posed two primary challenges.
First, some queries are informal and conversational in style, appearing un-
related to data analysis but actually carrying relevant intent. Second, many
queries referred to fields using terms differing from the column headers.

The results of these experiments are presented in Table IV.5. As shown,
GateLens with GPT-4o demonstrates the best overall performance. In terms
of precision, all methods performed relatively well, indicating that when re-
sults are generated, they are likely to be correct. However, our method sig-
nificantly outperformed the others in recall, highlighting its ability to handle
a larger portion of the imprecise queries. As a result, GateLens with GPT-4
achieved a substantially higher F1 score compared to other methods, demon-
strating that it not only processes most queries but also produces accurate
results for them.

The observed performance gap between GateLens with GPT-4o and the
other models can be attributed to their inherent limitations. Specifically, the
Llama 3.1 70B model struggled to interpret user queries that deviated from
the exact column header descriptions in the database schema. In such cases,
Llama 3.1 70B often converted only the clearly defined parts of the query into
RA, leading to incomplete execution and reduced accuracy. On the other
hand, CoT+SC exhibits low recall, as it is highly susceptible to confusion
by ambiguous query elements. This causes CoT+SC to frequently generate
incorrect code that fails execution, significantly lowering its recall rate.

RQ2 findings: GateLens demonstrates high robustness in real-world con-
ditions. It effectively filters out-of-scope inputs, achieving approximately
40% higher precision than the baseline system. Furthermore, it handles im-
precise or informal queries with superior performance, more than doubling
the recall (78% vs. 36%). This confirms that the system can manage ambigu-
ous user inputs without sacrificing the accuracy of the generated code.
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Figure IV.4: Comparison of the original method and themethodwithout the
RA module across different datasets.

IV.4.4 Effectiveness of the RA module (RQ3)

To evaluate the impact of the RA module that converts user queries into RA
expressions, we conducted experiments by removing the RA module from
the framework and comparing the results to the original system. The out-
comes, shown in Figure IV.4, demonstrate significant performance degrada-
tion across both benchmarks when operating without the RA module.

In the first benchmark, performance declined most notably for Level 4
queries, showing a drop exceeding 27%. These queries, which involve ad-
vanced operations like grouping, aggregating, and statistical calculations,
demonstrated that RA translation is particularly crucial for handling queries
with multiple, intricate operations. Similarly, the second benchmark shows
decreased performance in complex tasks such as multi-condition filtering,
duplicate data removal, and table generation, further emphasizing RA’s ef-
fectiveness in managing complex database operations.

The RA module maintained consistent performance for simpler queries,
demonstrating its versatility across varying complexity levels. By transform-
ing natural language into precise, logical representations, the RA module
serves as a key bridge between user intent and code execution. This trans-
lation process enables the code generator to produce accurate, efficient exe-
cutable code for data analysis tasks.

RQ3 findings: The RA module is a critical component for handling query
complexity. Removing it results in substantial performance degradation
(over 27% for complex queries), confirming that translating natural lan-
guage to RA provides necessary structural guidance for accurate code gen-
eration.
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Figure IV.5: Comparison of GateLens against CoT+SC across different num-
bers of few-shot examples.

IV.4.5 Role of Few-Shot Examples (RQ4)

To investigate the effect of including few-shot examples in prompts, we con-
ducted experiments by varying the number of examples provided to both
GateLens and CoT+SC. This experiment is performed on the first benchmark
containing 50 designed queries, with results illustrated in Figure IV.5.

The results demonstrate that GateLens relies heavily on its RA trans-
lation process, achieving 100% F1 even in a 0-shot setting without any ex-
amples. Interestingly, when a small number of examples are added, Gate-
Lens becomes slightly biased toward them, leading to a minor degradation
in performance (dropping to 95.92% at 2 examples). However, it regains op-
timal performance at 3 examples and remains at 100% thereafter. In contrast,
CoT+SC’s performance heavily depends on in-context examples, achieving
only 42% F1 with 2 examples and showing suboptimal results without suffi-
cient few-shot examples. Performance improved steadily with more exam-
ples, reaching 84.57% at 50 examples.

RQ4 findings: GateLens does not require many-shot examples to achieve
high performance, delivering optimal results in a 0-shot setting. This con-
trasts with CoT+SC, which depends on carefully curated examples. This
independence from few-shot examples makes GateLens more efficient for
real-time applications by reducing context size and computational over-
head.

IV.5 Qualitative Assessment Examples

To provide a closer view into the inner workings of the GateLens frame-
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Table IV.6: An example of an input query and its corresponding relational
algebra expressions translated using a domain-specific database
schema, along with the executable code generated from the rela-
tional algebra and the resulting output produced when executed
over the database.

Stage Content

Input Query Compute the relative frequency of not run tests for each RC and function

Relational Step 1: R0← σresult_status="NotRun"(df)
Algebra Step 2: R1← γreleasecandidate,function,countNotRun→count(R0)

Step 3: R2← γreleasecandidate,function,totalcount→count(df)
Step 4: R3← R1 ▷◁R1.releasecandidate=R2.releasecandidate∧R1.function=R2.function R2
Step 5: Result← γR3.releasecandidate,R3.function,relativeFrequency→ R3.count

R3.totalcount
(R3)

Python Code
# S t e p 1 : S e l e c t rows where r e s u l t _ s t a t u s i s " NotRun "
R0 = d f [ d f [ ’ r e s u l t _ s t a t u s ’ ] == ’ NotRun ’ ]

# S t e p 2 : Group by r e l e a s e c a n d i d a t e and f u n c t i o n ,
count " NotRun " e n t r i e s
R1 = R0 . groupby ( [ ’ r e l e a s e c a n d i d a t e ’ , ’ f u n c t i o n ’ ] ) . s i z e ( )

. r e s e t _ i n d e x ( name= ’ count ’ )

# S t e p 3 : Group a l l rows by r e l e a s e c a n d i d a t e and f u n c t i o n ,
count t o t a l e n t r i e s
R2 = d f . groupby ( [ ’ r e l e a s e c a n d i d a t e ’ , ’ f u n c t i o n ’ ] ) . s i z e ( )

. r e s e t _ i n d e x ( name= ’ t o t a l c o u n t ’ )

# S t e p 4 : J o i n R1 and R2 on r e l e a s e c a n d i d a t e and f u n c t i o n
R3 = pd . merge ( R1 , R2 , how= ’ i nne r ’ ,

l e f t _ o n =[ ’ r e l e a s e c a n d i d a t e ’ , ’ f u n c t i o n ’ ] ,
r i g h t _on =[ ’ r e l e a s e c a n d i d a t e ’ , ’ f u n c t i o n ’ ] )

# S t e p 5 : Compute r e l a t i v e f r e q u e n c y o f " NotRun " t e s t s
R3 [ ’ r e l a t i v e F r e q u e n c y ’ ] = R3 [ ’ count ’ ] / R3 [ ’ t o t a l c o u n t ’ ]
r e s u l t = R3 [ [ ’ r e l e a s e c a n d i d a t e ’ , ’ f u n c t i o n ’ ,

’ r e l a t i v e F r e q u e n c y ’ ] ]

Output RC Function Freq
ALIEN func_001 0.833333
ALIEN func_002 0.142857
ALIEN func_003 0.125000
ALIEN func_004 0.142857
PACMAN func_001 0.325000
...

...
...

Total rows: 3,662

work, we analyze two representative examples. Each example presents the
relational algebra solution generated from the input query using a domain-
specific relational model, the corresponding executable code created from
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Table IV.7: An example of an incorrect implementation where the rela-
tional algebra translation is semantically correct but the gener-
ated code fails to properly implement the projection operation,
returning all occurrences of the baseline value rather than the
distinct value as specified by the relational algebra.

Stage Content

Input Query What is the latest baseline on RM-320?

Relational Step 1: R0← σname="RM-320"(df)
Algebra Step 2: max_date←MAX(πdate(R0))

Step 3: R1← σdate=max_date(R0)
Step 4: Result← πbaseline(R1)

Python Code
# S t e p 1 : S e l e c t rows where t h e t r u c k name i s RM−320
R0 = d f [ d f [ ’ name ’ ] == ’RM−320 ’ ]

# S t e p 2 : I d e n t i f y t h e l a t e s t d a t e from th e s e l e c t e d rows
max_date = R0 [ ’ d a t e ’ ] .max ( )

# S t e p 3 : S e l e c t rows t h a t have t h i s l a t e s t d a t e
R1 = R0 [ R0 [ ’ d a t e ’ ] == max_date ]

# S t e p 4 : P r o j e c t t h e b a s e l i n e f i e l d
r e s u l t = R1 [ ’ b a s e l i n e ’ ] . r e s e t _ i n d e x ( drop=True )

Output Baseline
23_T2_w2509_ABC_12
23_T2_w2509_ABC_12
23_T2_w2509_ABC_12
23_T2_w2509_ABC_12
23_T2_w2509_ABC_12
...

Total rows: 132 (all duplicates)

the relational algebra statements, and the resulting output after execution.
Table IV.6 represents an example that produces the desirable result. The

agent correctly decomposes the input query into a sequence of relational al-
gebra statements that include filtering, grouping by release candidate and
function, counting entries with the status “NotRun,” joining the intermedi-
ate results, and finally computing the relative frequency. This process shows
how the system is capable of understanding the semantics of the query, ap-
plying the required relational transformations, and leveraging the domain-
specific schema to produce the correct result. This stepwise reasoning lays
the foundation for semantic decomposition and precise query interpretation,
which then naturally translates into valid executable code.

Table IV.7 is an example that illustrates a failed case. Although the rela-

158



IV.6. Industrial Deployment: Lessons Learned

tional algebra translation is semantically sound, the resulting code does not
correctly apply projection—it returns all occurrences of the same baseline
value rather than the distinct value expected by the relational algebra. This
issue arises because the plan omits the duplicate-elimination operator (δ),
which should be used to ensure the final result contains unique entries. As a
result, while the output does not match the intended result, it is still poten-
tially useful to the end user, as it contains relevant baseline information.

Overall, these examples highlight how the reasoning-enhanced LLMagent
supports accurate and explainable code generation by decomposing user queries
into relational algebra operations that align closely with domain-specific re-
quirements. The relational modeling serves as a crucial guide for transform-
ing natural language queries into semantically coherent, executable plans.

IV.6 Industrial Deployment: Lessons Learned

Table IV.8: GateLens (zero-shot) vs CoT+SC (few-shot) performance across
different roles on the second benchmark. For each role tested,
CoT+SC was trained using examples from the other two roles
only (leave-one-role-out approach).

Roles # Queries GateLens CoT+SC (Few-shot with All Roles) CoT+SC (Few-shot with Leave-One-Role-Out)
(244 in total) F1 Score F1 Score Without Mechanic Without Project Without Software

Mechanically-oriented 36 94.25% 80.60% 73.85% ↓ (-6.75%) 86.57% 80.60%
Project-oriented 193 80.21% 78.93% 78.93% 76.22% ↓ (-2.71%) 78.40%
Software-oriented 15 100% 100% 100% 100% 82.76% ↓ (-17.24%)

The deployment of GateLens at a partner automotive company has pro-
vided valuable insights into integrating AI-assisted analytics into complex
industrial workflows, specifically for streamlining decision-making in auto-
motive software release validation.

Automotive software integration at the company typically occurs across
three hierarchical stages: subsystem (control unit), system (multiple control
units), and full vehicle levels. Each stage involves extensive testing, with re-
sults stored in a central database. Critical Go/No-Go decisions are made at
these stages to determine whether a release meets quality thresholds. How-
ever, stakeholders from diverse backgrounds—including project managers,
mechanical engineers, and software engineers—must query the raw data to
evaluate product quality. Many lack expertise in data analytics, creating bot-
tlenecks and delays in the decision-making process.

Previously, these analytics were managed by a small team of 2–3 full-
time analysts, who were often overwhelmed by the volume and diversity of
requests. Scaling the team to meet the current demand would have required
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tripling its size. GateLens addresses this challenge by automatingmuch of the
workload, enablingmore efficient decision-making. Currently, GateLens is in
an extended pilot phase, supporting a pool of 60-80 users. The analytics team
has transitioned to a support role, helping stakeholders articulate their needs
into clear, actionable prompts for the system. User adoption of GateLens has
progressed in phases:

• Small-Scale Pilot: The initial deployment within the analytics team
established benchmarks.

• Expanded Pilot: Five additional users from varied backgrounds con-
tributed to refining the benchmarks.

• Wider Rollout: The current phase involves a larger group of 60–80
users. Feedback has been highly positive, with stakeholders recogniz-
ing GateLens’s ability to simplify and accelerate complex analyses.

Since the launch, the number of both new and recurring users has grown,
encompassing diverse roles and types of queries, thereby demonstrating the
tool’s increasing utility and trust. GateLens significantly reduces the time
and effort required for complex analyses, but the shift towards automation
also requires users to take on more responsibility in defining and clarifying
their needs. The transition from a primarily supportive tool to a more fully
automated system is ongoing, demanding a gradual approach with careful
calibration to ensure the tool continues to meet evolving needs.

As the system was opened to a broader audience, the diversity of query
types increased substantially. While the initial CoT+SC-based agent per-
formed well for a relatively homogeneous user group, its performance be-
came increasingly sensitive to the coverage of few-shot examples. Approaches
that rely heavily on few-shot prompting are inherently constrained by exam-
ple selection and may struggle with previously unseen query patterns. This
sensitivity limits their scalability in dynamic industrial environments where
new query types continuously emerge. For this reason, we prioritized archi-
tectural choices that improve robustness and generalization across roles and
query styles.

To explore the system’s generalizability, we categorized the roles within
the company into three groups: mechanically-oriented, project-oriented, and
software-oriented roles. Mechanically-oriented roles typically focus on truck-
specific data filtering. Project-oriented roles often combine meta-queries
with conditional filters for release management and statistical analysis. Soft-
ware roles emphasize truck software applications and user functions. We can
see fromTable IV.8, both GateLens (zero-shot) and CoT+SC (few-shot) exhibit
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differences in system performance across these groups, which is likely stem-
ming from the complexity and variety of their typical queries. Nevertheless,
the results demonstrate that GateLens is capable of supporting all groups to
a high degree. To further evaluate CoT+SC’s dependency on few-shot ex-
amples, we conducted a leave-one-role-out experiment. In this approach,
examples from a specific role are excluded in each iteration. For instance,
’without software’ indicates that all examples from the software-oriented
role have been removed, while the total number of examples is maintained
by substituting them with examples from other roles. This highlights the po-
tential challenges with the robustness and generalizability of techniques that
rely on few-shot examples. This is a crucial factor to consider in industries
where diverse teams collaborate and a wide range of queries may arise.

The impact of automated systems, such as GateLens, on the release pro-
cess has been substantial. Compared to the previous manual process, Gate-
Lens has reduced the time required for Go/No-Go analytics by more than
80%, significantly improving operational efficiency. Crucially, the reported
80% reduction reflects an operational end-to-end improvement that includes
the time engineers spend verifying system outputs. In safety-critical in-
dustrial environments, AI-generated results are never accepted without val-
idation; therefore, laboratory correctness metrics alone are insufficient to
assess real-world impact. A traditional LLM pipeline that directly trans-
lates a natural-language query into executable code and returns a final re-
sult is not practical in this context. When such black-box outputs are cross-
checked against existing dashboards—a natural and common validation strat-
egy—any discrepancies become difficult to diagnose. If the reasoning process
is opaque, engineers cannot trace the source of the error, which directly un-
dermines trust and limits usability. On the other hand, when the reasoning
process is expressed in natural language, it becomes possible to follow where
thingswent wrong, but precise intervention remains difficult because natural
language is inherently fuzzy and imprecise.

In contrast, GateLens generates an explicit relational algebra (RA) plan
that decomposes the input query into logical, stepwise building blocks before
producing executable code. This intermediate representation mirrors how
experienced developers would structure complex analyses. As a result, engi-
neers can inspect whether the decomposed plan is logically sound before or
alongside reviewing the final output. This makes discrepancies diagnosable
rather than opaque; the RA-based intermediate representation decreases the
effort required for validation and actively builds user trust over time. Con-
sequently, stakeholders can now focus on high-level decision-making, freed
from the burden of data preparation and analysis.
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A key advantage of GateLens lies in its domain-specific design. Unlike
general-purpose tools like TaskWeaver [33] or AutoGen [45], GateLens is
tailored to automotive workflows, making it easier to understand, debug, and
adapt to automotive common procedures. This focus on domain relevance
ensures that the system aligns more closely with stakeholders’ needs while
providing reliable and nuanced support.

Post-deployment monitoring revealed practical failure modes that high-
light challenges of LLM adoption in industrial settings. Most issues did not
stem from complex reasoning errors, but from ambiguities in user queries.
The two most common cases were: (i) implicit constraints, where users as-
sumed a specific test environment or time frame without stating it explicitly,
and (ii) highly localized team jargon that led to incorrect schema mappings.
To address these issues, we systematically documented recurring patterns,
refined prompt guidelines, and extended the schema metadata with an ex-
plicit jargon glossary, incorporated as domain-specific context to improve
term-to-column alignment. This process also repositioned the central ana-
lytics team toward supporting clearer, more explicit query formulation.

In summary, the deployment of GateLens demonstrates how domain-
specific AI solutions can transform critical workflows in the automotive sec-
tor. By automating labor-intensive processes and enhancing decision-making,
GateLens has delivered measurable improvements in efficiency and user sat-
isfaction. However, its success depends on ongoing refinement and careful
management of the transition to full(er) automation. Balancing automation
with user empowerment remains crucial, particularly in a complex industry
like automotive, where diverse stakeholder needs must be met.

GateLens represents a promising step forward, showcasing the potential
of AI-driven systems to improve not only the automotive domain but also
other industries requiring robust, scalable solutions for intricate processes.

IV.7 Related Work

General-purpose LLMs are primarily designed for and trained on natural lan-
guages. Working with tabular data requires specialized adaptations to ef-
fectively handle its structured and heterogeneous nature [10, 39, 43]. First,
the structured tabular data is typically transformed into serialized text. The
performance of the LLM may depend on this transformation [28]. Subse-
quently, the serialized text data is used as input to the LLM for various tasks,
such as question-answering, summarization, or logical reasoning. Common
approaches to improve LLM performance include prompt engineering, pre-
training, fine-tuning, and Retrieval-Augmented Generation (RAG).
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Pre-training and fine-tuning [8, 14, 31, 40, 47] often face scalability con-
cerns. Although resource-efficient training techniques have been proposed
tomitigate the substantial computational demands of LLMs [13, 22], in safety-
critical applicationswith evolving data and requirements, training LLMs presents
significant challenges due to the constant need for rigorous validation and
verification. This ongoing necessity substantially increases resource demands
for development and maintenance, potentially exceeding the capacities of
many companies. Techniques such as RAG have been employed to dynami-
cally integrate external knowledge bases during inference, reducing the need
for frequent model updates [11, 49]. However, such methods can pose chal-
lenges in safety-critical industrial settings as well, since both retrieval mod-
ules and model components must undergo synchronized updates to main-
tain relevance, reliability, and compliance with validation and verification
requirements. Costs would also be especially high with fine-tuning since re-
tuning would be needed when new and improved base LLMs are released
and should be incorporated.

Prompt engineering techniques are among the most resource-efficient
methods for improving LLM output [16, 35]. From a user standpoint, when
the input is natural language, prompting techniques can be broadly catego-
rized based on the type of language generated by the LLM. These include out-
puts in natural language, structured languages [25], or symbolic languages.
When the generated language is natural language, LLMs often fail to con-
sistently follow instructions, particularly when the instructions are complex
or require precise, step-by-step execution [32]. This inconsistency arises be-
cause natural language, while flexible and expressive, can be ambiguous and
prone to misinterpretation by LLMs. Structured languages include general-
purpose languages (e.g. Python) [46], query languages (e.g. SQL) [9, 21, 29],
configuration formats (e.g. YAML or JSON), or other Domain-Specific Lan-
guages (DSLs) [7, 12]. These languages are subsequently interpreted and/or
executed by either external tools, the same LLM, or another LLM agent. This
approach offers significant advantages, as it enables precise execution of
tasks. Another popular type of output is symbolic languages. Literature
shows that symbolic representations provide a more rigorous framework
for articulating premises and intent, which can enhance reasoning capabili-
ties [30].

In this paper, we introduce a novel prompt-only (training-free) approach
that bridges natural language and executable code through RA, a symbolic
formalism designed for relational modeling and ideally suited for analyzing
tabular data. Unlike prior work that often relies on complex multi-agent
planning, our approach leverages RA as a lightweight intermediate repre-
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sentation to enable precise query normalization, disambiguation of natural
language input, and efficient code generation. RA acts as an abstraction layer
that can target multiple execution backends (e.g., Python, SQL), providing
adaptability across systems. In GateLens, we generate Python code to sup-
port practical industrial deployment and high-performance execution. Gate-
Lens is training-free, feed-forward (single-pass, without looping or multi-
agent orchestration), and thus easier to verify, trace, maintain, and trust –
qualities critical for safety-critical industrial applications.

IV.8 Discussion and Conclusions

This study introduced GateLens, a reasoning-enhanced LLM architecture for
reliable tabular analysis, applied to domain-specific software release vali-
dation in the automotive industry. By introducing RA as an intermediate
representation before code generation, GateLens addresses the “Unfaithful
Chain-of-Thought (CoT) reasoning” problem in code generation, where rea-
soning steps in CoT explanations do not accurately reflect the model’s actual
thought process [38]. Specifically, GateLens divides the analysis into two
steps: (1) natural language queries are first translated into RA expressions,
and (2) these RA expressions are then converted into executable code. We
use Python as our target language in step (2) due to its widespread use in our
partner company and the model’s strong performance in Python, which ben-
efits frommore extensive training data. However, this step is also compatible
with RA-to-SQL generation, enabling flexibility across backends. The inclu-
sion of the RA reasoning module is a critical factor in improving robustness
and scalability, as evidenced by superior F1 scores in both benchmarking and
industrial evaluations.

Our findings regarding few-shot learning (RQ4) highlight a notable ar-
chitectural advantage of GateLens over conventional few-shot learning ap-
proaches. While CoT+SC’s performance improves with more examples, this
approach introduces several practical and technical challenges. Increasing
example count expands input context size, which increases inference time
and computational cost due to the quadratic complexity of Transformer-
basedmodels—particularly problematic for real-time and resource-constrained
applications [1, 6]. This also escalates operational costs through increased
token usage (higher cloud API fees) and computational demands [6]. Ad-
ditionally, the quality and selection of examples significantly impact perfor-
mance [15]; poorly chosen or noisy examples can degrade reasoning and lead
to overfitting or failure to generalize on complex tasks [34, 50]. As more ex-
amples are added, the risk of including irrelevant or contradictory rationales

164



IV.8. Discussion and Conclusions

amplifies, potentially confusing the model and reducing accuracy [5, 50].
Moreover, the larger context risks exceeding the maximum length, which
can lead to truncation or lost information [1], compromising the model’s re-
sponse quality. In long contexts, critical content may be ignored, resulting in
a phenomenon known as “lost in the middle,” which adversely affects overall
performance [24]. Finally, crafting high-quality, task-specific CoT examples
is labor-intensive [36, 37], and while many-shot in-context learning (ICL)
may improve performance on specific tasks, generalization to new tasks re-
mains limited without careful prompt engineering. GateLens circumvents
these issues by achieving optimal performance in a zero-shot setting, rely-
ing on logical RA translation rather than usingmanually designedmany-shot
examples. By maintaining a compact input footprint, GateLens reduces aver-
age total token consumption by approximately 79% compared to the CoT+SC
baseline in our production logs, leading to proportionally lower inference la-
tency and API usage costs.

While our lab-based quantitative metrics provide a critical, controlled
baseline for comparing architectural choices andmeasuring robustness against
ground truths, we acknowledge that precision and recall on curated queries
cannot guarantee absolute correctness in open-ended deployment. There-
fore, these lab validations serve primarily to complement—rather than re-
place—our industrial evaluation. In real-world deployment serving 60-80
users, GateLens demonstrates significant practical value through its user-
friendly interface and robust query processing capabilities, with users par-
ticularly appreciating the flexibility to input, debug, and refine queries easily.
This marks a substantial advancement in industrial data interaction, success-
fully handling complex and ambiguous querieswhile providing practical sup-
port for faster decision-making in safety-critical software release processes.
GateLens demonstrates significant practical advancements by reducing anal-
ysis time by over 80% while maintaining high accuracy in test result inter-
pretation, impact assessment, and release candidate evaluation.

Our implementation insights highlight the advantages of focusing on
training-free and single-pass agent systems by foregrounding the perception
phase in the code generation pipeline. This modular architecture opens op-
portunities for incorporating emerging LLM capabilities while preserving the
system’s practical utility in safety-critical industrial applications. A phased
deployment program is ongoing and shows that multiple stakeholder groups
can be supported, though the evolving roles and analytical needs require
continued refinement.

Although instantiated in the automotive release domain, the GateLens
architecture can be applied to other domains with comparable analytical
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requirements. Its core components—the RA-based intermediate reasoning
layer, the separation between query interpretation and code generation, in-
scope validation, and zero-shot operationwithout reliance on few-shot examples—
do not depend on automotive-specific properties. Adapting the system to a
new domain primarily requires replacing the schema and domain knowl-
edge base, while preserving the architectural reasoning pipeline. Domains
characterized by structured tabular data, complex stakeholder queries, and
safety- or compliance-critical decision-making (e.g., healthcare analytics, fi-
nancial auditing, or certification workflows) share these properties, suggest-
ing broader applicability.

Future work will focus on validating this architectural transferability and
testing alternative LLM configurations to enhance reliability across other
safety-critical industries. By bridging the gap between flexible natural lan-
guage interaction and rigorous analytical standards, this approach demon-
strates the potential for reasoning-enhanced LLMs to transform industrial
workflows across a broad spectrum of critical applications.

IV.9 Threats to Validity

The validity of our findings is subject to several potential threats. First, this
framework depends on well-defined, static schemas for accurate query de-
composition, which fundamentally limits its effectiveness in environments
with incomplete or frequently changing schemas. Second, the benchmarks
and query scenarios used for evaluation, derived from historical data and
real-world queries, may not fully capture the diversity and complexity of po-
tential use cases, which could impact the robustness of the system in broader
deployments. Finally, the system’s performance depends on the specific LLM
configurations used, such as GPT-4o and Llama 3.1 70B, and their ability to
interpret and generate RA expressions. Future work will address these limi-
tations through broader domain testing, expanded evaluation scenarios, and
alternative LLM configurations.
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