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Abstract

Scientific workflows underpin modern data-driven research, yet composing them
remains a task reserved for those with programming expertise. Domain sci-
entists like clinicians, biologists, and policy analysts must all either learn a
workflow-description language or rely on software engineers to express their
analytical intent as an executable pipeline. With the recent emergence of
large language models (LLMs), an opportunity to bridge this gap by translat-
ing natural-language descriptions of analytical intent into executable workflows
arises. At the same time, relying on LLMs to automate this translation raises
two practical concerns that are rarely addressed together: privacy, since scien-
tific data is often sensitive and cannot be sent to a commercial cloud API, and
reproducibility, since a system that generates a different workflow each time the

same question is asked undermines the very goal of scientific computing.

This thesis explores whether these constraints can be satisfied simultaneously.
It proposes a pipeline built entirely on locally deployable, open-weight mod-
els that translates natural-language descriptions of analytical intent into exe-
cutable workflows for the Brane distributed computing framework. By keeping
inference on-premises and caching verified translations by semantic equivalence,
the system attempts to close the gap between the ease of natural-language ex-
pression and the precision that scientific workflow execution demands, without
compromising on data governance or result consistency. The findings offer in-
sight into where the real bottlenecks lie when bringing LLM-based automation

into resource-constrained, privacy-sensitive scientific environments.

The pipeline combines retrieval-augmented generation, structured intent de-
composition, and a semantic cache, evaluated across three open-weight model
scales on a BraneScript test set. The results show that prompt and retrieval
engineering outweigh model scale as the primary driver of translation quality,
with the largest model reaching 93% execution rate after targeted grounding

improvements. Intent decomposition provides consistent gains at every scale.



Supervised fine-tuning on a small training set revealed a memorisation failure
that must be managed explicitly in any maintained deployment. The semantic
cache achieves hit rates up to 99% on paraphrased inputs while exposing a fun-
damental limit of embedding-based similarity for parameter-sensitive scientific
queries, a tension that points to open problems at the intersection of NLP and

scientific reproducibility.
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Introduction

1.1 Motivation

Scientific computing increasingly depends on complex, multi-step computational work-
flows: data must be fetched, cleaned, analysed, and interpreted, often across heterogeneous
compute infrastructure. Workflow Management Systems (WMSs) such as Pegasus (1),
Nextflow (2), and Snakemake (3) have become indispensable in fields like genomics, epi-
demiology, and climate science precisely because they automate resource allocation, fault
recovery, and execution ordering. Yet, despite their maturity, these systems impose a
heavy cognitive cost on scientists. To express even a straightforward intent, like “calculate
the average age of patients in this dataset”, a researcher must first understand the WMS’s
execution model, write a domain-specific language (DSL) script that explicitly enumerates
every computational step, declare data dependencies as a directed acyclic graph (DAG),
and then debug execution failures at the infrastructure level rather than the scientific level.

This mismatch between scientific intent and workflow specification has been recognised
as a fundamental barrier to reproducible science. Scientists spend substantial effort debug-
ging YAML configurations and DAG topologies instead of advancing research questions.
The cognitive overhead compounds further in distributed settings, where data locality,
containerisation, and security policies add additional layers of complexity to what should
be a simple computational request.

Recent advances in Large Language Models (LLMs) open a new possibility: a researcher
could describe a computational task in plain language, and an intelligent system could au-
tomatically translate that natural-language intent into a runnable workflow. This vision,
intent-based orchestration, has attracted growing interest in the systems and HPC com-

munities. However, existing approaches remain incomplete. Systems that accept natural
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language either generate generic code that cannot be executed in a target WMS environ-
ment, or they lack the formal provenance guarantees required for reproducible science.
Conversely, WMSs that provide strong reproducibility have no mechanism for accepting
high-level declarative intent.

The gap is thus precise and actionable: no system currently bridges declarative, natural-
language intent expression with the rigorous, provenance-tracked execution guarantees of
a production WMS.

To add to this challenge, the scientific domains that would benefit most from intent-
based orchestration, often work with data that cannot be freely centralised or shared with
an external computing party. An intent-based system for these domains therefore faces

additional constraints that a general-purpose coding assistant does not.

1.2 Problem Statement

In such distributed scientific computing infrastructures, the party executing a computa-
tion may not own the underlying data. The core problem this thesis addresses is how a
researcher, working under this constraint, can describe a computational task in natural
language and reliably obtain a workflow execution that is both correct and reproducible.

The problem decomposes into four interacting challenges.

Ambiguity of natural language. The same scientific intent can be phrased in many
different ways, and different phrasings, or even the same phrasing repeated by different
users, should ideally produce semantically equivalent workflows. Intents are also frequently
underspecified: a request may omit which dataset, parameter, or output format is intended,
in which case the system must either recover a reasonable default from context or explicitly
ask for clarification, rather than silently guessing. Natural language also uses domain
vocabulary (e.g., “heart-disease data”) that does not correspond directly to any identifier
in the target system; the translation system must therefore ground loosely specified terms
in the concrete capabilities actually available to it, not merely in the words of the request.

Correctness with respect to a strongly typed, platform-specific DSL. Workflow
specification languages of this kind are typically statically typed, with strict, platform-
specific rules for invoking computational capabilities (functions, packages, or services) and
for connecting inputs and outputs via user-defined workflows. Such languages are unlikely
to be well represented in the data an LLM was pre-trained on, so a general-purpose model

cannot be expected to produce valid programs in them purely from its prior knowledge;



1.2 Problem Statement

it must be additionally grounded in the platform’s actual capabilities, whether through
retrieved documentation, fine-tuning on representative examples, or both.

Reproducibility. A scientifically useful translation system must ensure that the same
intent, or an evident paraphrase of it, yields the same (or a demonstrably equivalent) work-
flow and execution trace across repeated invocations, across sessions, and potentially across
different users. This requires more than a translator that happens to behave deterministi-
cally for a fixed input: because the underlying LLM component is stochastic and may be
updated or replaced over time, reproducibility requires an explicit mechanism that relates
a given intent to the workflow(s) it has previously produced, so that repeated or equivalent
requests do not silently diverge, and so that computation is not repeated unnecessarily for
a request that has already been answered.

Operating within a privacy boundary. Various scientific domains impose strict
privacy constraints on data ownership and computation. Those constraints not only impact
what the translation system is allowed to output, but where its components are allowed
to run: an architecture that routes user intents through an externally hosted, centralised
LLM service, or that stores any derived artefacts outside the data owner’s boundary, is not
a viable solution to the three challenges above, regardless of how accurate or reproducible
its translations otherwise are.

Addressing these four challenges together requires not only a translation mechanism from
natural language to a target workflow language, but also a retrieval mechanism to ground
translation in the platform’s available capabilities, a validation mechanism that distin-
guishes overt from silent errors, and a mechanism for relating a given intent to workflows
it has previously produced, all without exposing data or derived artefacts beyond their

owning organisation.

1.2.1 Scope of This Thesis

The four challenges above are general to any distributed, privacy-sensitive workflow plat-
form with a strongly typed specification language; they do not, by themselves, depend on
any particular choice of platform. This thesis studies them concretely through Brane,
a distributed WMS whose federated execution model dispatches computation to the site
holding the relevant data rather than moving the data to the computation, which makes it
a natural instantiation of the privacy boundary described above. Brane and its workflow
language, BraneScript, are introduced in detail in Chapter 2. From this point on, the
thesis is stated concretely in terms of BraneScript: research questions, contributions, and

evaluation, all target it directly, while the underlying translation, retrieval, validation, and
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reuse techniques are not specific to BraneScript and are intended to generalise to other

strongly typed workflow DSLs.

1.3 Research Questions

This thesis investigates the following research questions:

RQ1 To what extent can LLMs translate natural-language scientific intents into syntacti-

cally and semantically correct DSL workflows?

RQ2 How does the quality of retrieval-augmented context and prompt engineering affect

translation accuracy, independent of model scale?

RQ3 How does supervised fine-tuning (SFT) on domain-specific Branescript examples af-

fect translation accuracy and generalisation?

RQ4 Can semantic caching effectively serve as a reproducibility layer for intent-based

orchestration, and what are its fundamental limitations for scientific computing?

1.4 Thesis Structure

The remainder of this thesis is organised as follows: Chapter 2 provides background on
scientific workflow systems, provenance, intent-based orchestration, and LLMs in scientific
computing. Chapter 3 presents a high-level architecture of the proposed system. Chapter 4
describes the design decisions. Chapter 5 details the implementation. Chapter 6 reports the
empirical results. Chapter 7 interprets the results in the context of the research questions.

Chapter 8 discusses threats to validity and Chapter 9 concludes with future directions.



Background

This chapter provides the conceptual foundations necessary to understand the remainder
of the thesis. We cover scientific workflow systems, data provenance, FAIR principles for
computational workflows, intent-based orchestration, and the use of LLMs in scientific
computing. We conclude with the selection of a target platform for this work: Brane, the
execution platform this thesis targets, and Dynamos, an earlier alternative considered but

not, adopted.

2.1 Scientific Workflow Management Systems

A scientific workflow is a structured composition of computational steps whose execution
produces a reproducible scientific result. Workflow Management Systems (WMSs) auto-
mate the orchestration of these steps across potentially heterogeneous compute resources,
handling scheduling, data transfer, error recovery, and resource allocation transparently

from the scientist (1).

2.1.1 Representative Systems

Several WMS platforms have achieved broad adoption in the scientific community.
Pegasus (1) is a DAG-based system developed at USC/ISI that abstracts over het-
erogeneous grid and cloud resources. It supports four distinct lifecycle phases: workflow
generation, workflow planning (site selection and data staging), workflow execution, and
monitoring. Pegasus uses HT Condor as its underlying execution engine and emphasises
fault tolerance through automatic retry and checkpointing.
Nextflow (2) adopts a dataflow programming model in which independent computa-

tional steps (processes) communicate via asynchronous channels. It has become dominant
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in bioinformatics due to its native Docker and Singularity container support and its com-
munity registry of reusable pipelines (nf-core). Nextflow’s DSL2 syntax is Groovy-based
and explicitly describes data movement between processes.

Snakemake (3) follows a make-inspired declarative model: scientists define rules that
describe how to produce output files from input files, and the system infers the necessary
execution order. It is particularly popular in genomics and integrates natively with conda
environments for software dependency management.

Galaxy (4) provides a web-based visual interface for workflow construction, lowering
the barrier for non-programmer scientists. Workflows are composed graphically and can
be shared through public repositories.

Common Workflow Language (CWL) (5) is a vendor-neutral specification rather
than an execution engine. It defines a portable, YAML-based format for describing tool
invocations and their data connections, with the goal of enabling workflow portability
across WMS implementations.

Despite their diversity, all these systems share a common limitation from the perspective
of this thesis: they require the scientist to specify workflows explicitly and at the computa-
tional level. The transition from a scientific intent to an executable workflow is left entirely

to the researcher.

2.1.2 Workflow Lifecycle

A typical WMS workflow follows five phases (1): (1) specification, where the scientist
describes the computational steps and their dependencies; (2) planning, where the WMS
maps abstract steps to concrete computational resources; (3) ezecution, where steps run
on target infrastructure; (4) monitoring, where execution progress and failures are tracked;
and (5) archiving, where results and provenance are stored for future reference. This thesis
focuses on two of these five phases. Its primary focus is the interface before phase 1:
the translation of natural language into a formal workflow specification. Its secondary
focus is phase 5: the translation system introduced here is required, by the reproducibility
and privacy constraints motivated in Section 1.1, to record which intent produced which
workflow, so that repeated or paraphrased requests can be related to prior executions
rather than re-derived from scratch. This requirement motivates the treatment of data

provenance (Section 2.2) as a main concern of this thesis.
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2.2 Data Provenance

Reproducibility in scientific computing requires not only that results can be recomputed,
but that the precise computational history that produced those results is recorded and
queryable. This is the domain of data provenance, and it has been recognised as a first-
class concern for scientific workflows for over a decade: workflow systems are expected to
record what was run, on what inputs, and by whom, so that results can later be verified,
audited, or reused (6). Provenance therefore serves at least three distinct purposes in a
scientific workflow system: it lets a third party werify that a published result actually
follows from the stated inputs and method; it lets a scientist debug a workflow by tracing
an unexpected output back to the step or parameter that produced it; and it lets a data
owner or auditor attribute responsibility for a computation to the specific request, user,
and code version that caused it to run. This same attribution requirement becomes central
once, as in this thesis, the request itself originates from natural language rather than from

a hand-written script.

2.2.1 W3C PROV Data Model

The W3C PROV Data Model (PROV-DM) (7) provides a standard, domain-independent
vocabulary for expressing provenance, developed as a W3C Recommendation to allow
provenance produced by different, otherwise incompatible systems to be exchanged and
reasoned about uniformly. Its core concepts are entities (data artefacts, e.g., a dataset
or a generated program), activities (computational steps that act on or produce entities,
e.g., a translation or an execution), and agents (the people, organisations, or software
processes responsible for those activities). A small set of relationships connect these ele-
ments into a provenance graph that captures the causal history of any output: used (an
activity consumed an entity), wasGeneratedBy (an entity was produced by an activity),
wasAssociatedWith (an activity was carried out by an agent), wasAttributedTo (an en-
tity is attributed to an agent), and wasDerivedFrom (an entity was transformed, or copied,
from another entity without naming the intervening activity explicitly). Because PROV-
DM is deliberately generic, it is not tied to any workflow language or execution engine;
consequently, essentially every domain-specific provenance format in scientific computing,
including the two discussed below, is defined as a specialisation of PROV rather than as
an unrelated model.

Figure 2.1 illustrates this core graph structure for a generic scientific computation, using

the standard PROV-O visual notation (yellow ellipses for entities, blue rectangles for ac-
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tivities, and orange pentagons for agents). A Computation activity used an input Dataset
entity and is wasAssociatedWith the Researcher agent who initiated it; the Result en-
tity it produced wasGeneratedBy that activity and is, in turn, wasAttributedTo the same
agent. This is the minimal graph that any of the domain-specific formats discussed in the

remainder of this section extend or specialise.

Result
(Entity)

Dataset
(Entity)

used Computation | wasGeneratedBy
(Activity)

A

wasAssociatedWith

wasAttributedTo

Researcher
(Agent)

Figure 2.1: The core PROV-DM graph: entities (yellow ellipses), activities (blue rectangles),
and agents (orange pentagons) connected by the used, wasGeneratedBy, wasAssociatedWith,
and wasAttributedTo relations, following standard PROV-O visual notation.

2.2.2 Prospective vs. Retrospective Provenance

Provenance is commonly distinguished along two axes:

e Prospective provenance captures the workflow specification, which is the plan of what

will be executed, and is equivalent to the workflow definition itself.

e Retrospective provenance captures what actually ran, including concrete inputs, pa-

rameter values, timestamps, and intermediate results.

Full reproducibility requires both: the specification must be re-runnable (prospective),
and each execution must be uniquely identified (retrospective). ProvONE (8) makes this
distinction explicit as a PROV extension purpose-built for scientific workflows: it adds
workflow-specific entity and activity subtypes (e.g., distinguishing a Program, a static
prospective artefact, from an Fzecution, its retrospective instantiation) so that the same

PROV vocabulary can describe both the plan and the run without conflating them.
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2.2.3 Workflow Provenance Formats

Several formats extend PROV-DM for workflows. CWLProv (9) records the full retro-
spective execution of a CWL workflow (every step invocation, concrete input and output
file, and intermediate value) as a PROV-O graph packaged inside a Research Object (RO)
bundle, so that a CWL run can be re-inspected or re-executed independently of the original
environment. RO-Crate (10) is a more lightweight packaging format based on schema.org
that bundles data with its metadata and provenance in a single, self-describing directory,
enabling FAIR sharing of computational results without requiring the full PROV-O vo-
cabulary. Both formats, however, are designed around retrospective execution provenance:
they assume the input to be recorded is already a concrete, machine-executable workflow,
and neither has a defined place for the natural-language request that led a human, or an
automated translator, to construct that workflow in the first place.

Intent-based systems add a new provenance challenge: not only must the execution be
recorded, but the intent that triggered the execution must also be captured. This is what
in this thesis we term intent provenance: the mapping from a natural-language request to
the workflow that was generated and run. Modelling intent within PROV-DM is possible
thanks to the extensibility of the model: an intent can be represented as a specialised entity
that is used by a translation activity, which in turn wasGeneratedBy-relates to the resulting
workflow entity, mirroring how CWLProv and ProvONE specialise PROV’s entities and
activities for their own domains. What none of the existing provenance formats address
is the semantics of that relationship when the translation activity is not deterministic:
because the translation step in this thesis is performed by an LLM, the same intent entity
can be used by two distinct translation activities that each wasGeneratedBy-produce a
different workflow entity, so wasGeneratedBy alone cannot certify that a request has been
answered reproducibly. This gap is one of the motivating design considerations of the
semantic cache described in this thesis (Chapter 4), as it is the missing mechanism that
lets a repeated or paraphrased intent be related, via wasDerivedFrom, to a workflow entity
that was already generated, rather than triggering an independent, potentially divergent

generation event.

2.3 FAIR Principles for Workflows

The FAIR principles (Findable, Accessible, Interoperable, and Reusable) were originally ar-

ticulated for scientific data, but have since been extended to computational workflows (11).
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FAIR workflows require that workflow specifications be discoverable in registries, accessi-
ble via stable identifiers, portable across execution environments, and documented with
sufficient metadata to enable third-party reuse.

In practice, achieving FAIR compliance for LLM-generated workflows is non-trivial: out-
puts are generated dynamically, may not be stored in a registry, and may vary across
sessions. The caching layer introduced in this thesis addresses the reusability dimension
by ensuring that once a workflow is generated for a given intent, subsequent requests for
semantically equivalent intents retrieve the same (or a semantically equivalent) workflow

without additional LLM inference.

2.4 Intent-Based Orchestration

Intent-based networking (IBN) is a paradigm that originated in network management,
where operators specify what a network should do rather than how to configure it (12). The
system then autonomously translates the high-level intent into low-level configuration. The
IBN lifecycle comprises four phases: expression (the operator states an intent), translation
(the system converts the intent to a configuration), activation (the configuration is applied),

and assurance (the system verifies that the intent is satisfied).

2.4.1 Application to Scientific Computing

The IBN paradigm generalises naturally to scientific computing. A scientist expresses
an intent (“compute the GC content of this sequence”), the system translates it into a
workflow, executes the workflow on the target infrastructure, and verifies that the output
is correct. This framing shifts the cognitive burden from workflow engineering to intent
expression, which is a task that scientists are more familiar with and can perform more
reliably.

The MAPE-K (Monitor-Analyse-Plan-Execute with shared Knowledge) control loop
from autonomic computing (13) provides a complementary model for adaptive orchestra-
tion that has also been applied to this work: the system monitors execution, analyses
failures, re-plans the workflow, and re-executes, using a shared knowledge base to inform
decisions. This model is relevant when LLM outputs fail to compile or execute, as the

system can iterate on the translation rather than surfacing a raw error to the user.
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2.5 Large Language Models in Scientific Computing

2.5.1 LLMs for Code and Workflow Generation

Recent LLMs have demonstrated substantial capability in code generation tasks. Models
such as OpenAl Codex (14) and its successors have been evaluated on programming bench-
marks including HumanEval (14) and MBPP (15), where they achieve competitive pass@k
rates. More recent open-weight models (Qwen, Llama, Mistral families) (16, 17, 18) have
closed much of the performance gap with proprietary systems, making local deployment
on HPC infrastructure feasible.

In the workflow domain, Duque et al. (19) demonstrated that LLMs can generate work-
flows for computational scientific pipelines from natural-language descriptions, achieving
promising accuracy on domain-specific tasks. This work established that LLMs can en-
code sufficient domain knowledge about workflow patterns to serve as initial translators,
but noted that accuracy degrades significantly when the target WMS has a non-standard

or less-common DSL, a challenge directly relevant to Brane used in this work.

2.5.2 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) (20) augments LLM inference by retrieving rel-
evant context from an external knowledge base and prepending it to the input prompt.
In the workflow translation setting, the knowledge base contains package documentation,
such as function signatures, parameter descriptions, and usage examples, and the retrieval
system selects the subset of packages most likely relevant to the current intent.

RAG addresses a critical limitation of pure LLM generation: models cannot know the
exact API of a custom execution environment such as Brane without having seen it in
training data. By retrieving package documentation at inference time, the system grounds
generation in the actual available capabilities, reducing hallucinated function calls and

incorrect parameter types.

2.5.3 ControlA and Agentic Orchestration

Gueroudji et al. (21) introduced ControlA, a system that uses LLMs as autonomous agents
for scientific workflow management, allowing the model to iteratively refine a workflow in
response to execution feedback, with the model itself reasoning about how to diagnose and

repair failures. This agentic approach differs from the bounded, externally-driven retry
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mechanism adopted in this thesis (Chapter 4), and represents a complementary direction

for future work.

2.6 Gaps in the Literature

A systematic review of the scientific workflow, provenance, intent-based orchestration, and

LLM literature reveals five persistent gaps:

G1 — Intent Provenance Model. No existing system defines a formal model for record
ing the intent that triggered a workflow execution alongside the standard retrospec-

tive execution provenance.

G2 — Hybrid Intent-to-WMS Bridge. No system simultaneously supports declara-
tive natural-language intent expression, translation to a target WMS DSL, and WMS-
grade reproducibility guarantees. Systems either provide natural-language interfaces

without WMS integration, or WMS integration without natural-language interfaces.

G3 — Intent Reproducibility Definition. There is no agreed definition of what it
means for an intent-based system to be reproducible: do two semantically equivalent
intents need to produce the same workflow, or is it acceptable for them to produce

different but equally valid ones?

G4 — Human-in-the-Loop Trust Checkpoints. Existing proposals for LLM-based
workflow generation do not provide principled mechanisms for a scientist to inspect
and approve a generated workflow before execution, particularly important in safety-

sensitive or privacy-sensitive domains.

G5 — Cross-Paradigm Benchmarks. There are no publicly available benchmarks that
evaluate intent-based systems against conventional user-defined WMS approaches on

the same scientific tasks.

This thesis addresses G2 directly: it implements a hybrid bridge between natural-
language intent expression and the Brane WMS via LLM-based BraneScript generation.
It also addresses G1 by proposing an intent provenance model that records the mapping
from natural-language intent to generated workflow alongside standard retrospective exe-
cution provenance (Chapter 4). Finally, it provides partial evidence towards G3 through

the semantic cache threshold analysis.
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2.7 Target Platform Selection: Brane and Dynamos

2.7.1 Brane and BraneScript

Brane (22) is a distributed, containerised computing framework designed for federated
scientific data analysis. It targets scenarios where data cannot leave a site due to privacy
or regulatory constraints; (e.g., hospital patient records, genomics data under GDPR), but
compute results can be returned to a central orchestrator. Brane wraps computational
tools in OClI-compatible container images (packages), and provides a central registry from
which packages can be invoked across participating sites.

Fach Brane package exposes a set of typed functions. A function call specifies a package
name, a function name, and typed argument values; Brane dispatches the call to a site that
holds the relevant data and returns the result to the orchestrator. This model provides
strong isolation and auditability, where every function invocation, data transfer, and result
is logged.

This federated execution model is the specific reason Brane was selected as the target
platform for this thesis. Unlike a workflow written for a generic Python or shell execution
environment, a BraneScript workflow can be deployed and executed inside a third-party
organisation’s own infrastructure without that organisation ever having to share its raw
data with the party that authored the workflow: the workflow is the entity that travels to
the data and not the reverse. This property motivates a corresponding design constraint for
the translation system built in this thesis: both the LLM used to generate BraneScript and
the semantic cache introduced in Chapter 4 are designed to run locally, within the same
trust boundary as the data, so that neither the natural-language intent nor the generated
workflow needs to leave the organisation in order to be produced, validated, or reused.

BraneScript’s static typing gives the translation pipeline a way to evaluate its correctness:
the Brane compiler can reject a malformed generated workflow before any container is
started or any data is touched, which is precisely the owert-error detection mechanism
the problem statement in Section 1.1 requires, and it is a much weaker guarantee that a
dynamically typed target language (e.g., a plain Python script) could offer, since there
the same mistake would only surface, if at all, as a runtime failure deeper into execution.
Finally, Brane’s package model, composed of typed function signatures published through
a central registry, maps directly onto the retrieval problem this thesis needs to solve: a
package’s signatures are themselves a natural, structured retrieval corpus for grounding

LLM generation (the RAG design described in Section 4.2).
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BraneScript is the DSL used to express Brane workflows. It is a statically typed, proce-

dural language with Python-inspired syntax. Key constructs include:

e Package imports: import package_name ; loads a package’s function signatures

into scope.

e Function calls: let result := func(arg := wvalue); invokes a package func-

tion with named arguments.

e Data commits: commit_result(name, result); persists an intermediate result

as a named dataset.

e Variable declaration: let var := walue; declares a variable and assigns a value
to it.
e Class instantiation: new ClassVame{ field := walue } instantiates a built-in

class; the two built-in classes are Data (a reference to a registered dataset, e.g. new
Data{ name := "heal_pa_2" }) and IntermediateResult (a handle to a transient
computation result produced by a package function and passed as input to a subse-
quent package call; unlike Data, an IntermediateResult is not a named dataset in
the Brane registry but an in-memory result from the previous step in the workflow,

e.g. the output of a filtering operation passed directly into an aggregation function).

e Field access: dot notation (obj. field) accesses fields on struct-typed return values

from package functions.

e Output: println(ezpr); prints a value to standard output; string concatenation

uses +.
e Control flow: Standard if/else and for constructs.

e Parallel execution: parallel [stmtl, stmt2] executes multiple statements con-

currently.

The major challenge for LLM-based generation is that BraneScript is not represented
in standard pre-training corpora. Models must infer its syntax from the few examples
provided in the system prompt and from the RAG context. Supervised fine-tuning (Sec-
tion 4.6) on a curated set of BraneScript examples is intended to internalise the syntactic
patterns and package invocation conventions that the base model cannot reliably produce
zero-shot; the specific packages and example set used to do so in this thesis are an evalua-

tion testbed and are described in Chapter 6.
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2.7.2 Alternative Considered: Dynamos

Before settling on Brane, an earlier iteration of this project targeted Dynamos (23, 24),
a middleware developed at the University of Amsterdam for policy-driven, federated data
exchange. Dynamos takes a microservice-based rather than a package/container-based ap-
proach: it abstracts common data-exchange patterns into reusable archetypes, and uses a
MAPE-K control loop (the same autonomic-computing pattern introduced in Section 2.4)
to dynamically compose and adapt microservice chains at runtime according to data-
sharing agreements between participating institutions. Like Brane, it is built around the
premise that data should stay under the control of the institution that owns it, and sev-
eral exploratory translation experiments were carried out against it early in this project,
targeting a small subset of intents.

Dynamos was ultimately not adopted as the platform for this thesis, for two concrete
reasons observed during this early exploration. First, the set of available archetypes did
not yet cover the breadth of workflow patterns, like typed function invocation, control
flow, and parallel execution, that a general-purpose scientific translation system needs to
be able to target, and its microservice composition model was still evolving in ways that
would have made a stable target for LLM-based generation difficult to maintain over the
course of the project. Second, the underlying Kubernetes-based execution runtime was,
at the time, itself unreliable: exploratory test runs intermittently failed or behaved unpre-
dictably at the container-orchestration level, in ways that were not always straightforward
to diagnose, which was further evidence that the framework was not yet mature enough to
build a production-oriented translation pipeline on top of. Brane’s statically typed package
model and comparatively stable runtime made it the more viable choice for the remainder
of the thesis, though the underlying motivation, which is to enable privacy-preserving,
federated distribution of scientific computation, is shared between the two systems, and
the translation approach developed here does not depend on any feature unique to Brane
over Dynamos beyond the availability of a stable, typed target language, compiler, and
runtime.

In retrospect, one aspect of Dynamos’s design remains an interesting fit for the intent-
based framing pursued in this thesis. An archetype declares which pattern of data exchange
should be instantiated, leaving the middleware to compose and configure the concrete
microservices that realise it; this is arguably closer in spirit to a declarative statement of
intent than a BraneScript workflow is, which remains an explicit, imperative sequence of

typed function calls that must be fully specified before it can be executed. Had Dynamos
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been mature enough to serve as the target platform, the natural translation target for an
intent-based system built on top of it would plausibly have been archetype selection and
parameterisation, rather than full workflow synthesis, a related but distinct problem from

the one addressed in this thesis, and one that this work does not attempt to resolve.
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Overview

This chapter presents the system built to address the problem stated in Chapter 1: translat-
ing a natural-language scientific intent into a correct, executable and reproducible Brane-
Script workflow within a set of privacy boundaries. We describe the system from the
perspective of a researcher submitting an intent, and present the resulting architecture
as it appears from that same vantage point; the design rationale behind these choices is

developed in Chapter 4, and their implementation in Chapter 5.

3.1 User Perspective

The researcher uses the system by typing what they want done in plain English: “T want
to analyse all heart-disease data from the patients of the Amsterdam UMC”. No knowledge
about BraneScript’s syntax, package’s function signatures, or how Brane actually executes

the workflow needs to be known beforehand or added to the request.

Entry points. Two entry points expose this interaction, aimed at different use cases:

e Command-line tool. Intended for local development, debugging, and batch exper-
imentation, this entry point is invoked directly on a machine with the model loaded
locally, either for a single intent or for a file of intents processed one after another.
It runs synchronously to completion, submitting the generated script for execution

once ready.

¢ Web dashboard. Intended for interactive day-to-day use. Its Generate page is
where a researcher types an intent, picks a model and sees the generated script

and its execution result. Generation is only one of the dashboard’s roles, however:
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3. OVERVIEW

Section 3.4 describes the further pages through which a researcher browses past

intents, the package/dataset catalog, and model evaluation results.

Outcomes. Regardless of entry point, a submitted intent eventually resolves to one of

three outcomes:

1. Success. A BraneScript workflow is generated, compiles, executes correctly on the
Brane runtime, and its result (and, in the dashboard flow, the workflow itself) is
returned to the researcher. The intent-workflow-result triple is also written to the
semantic cache, so that a semantically equivalent future intent can be served imme-

diately without invoking the model again.

2. Corrective retry. Generation succeeds syntactically but the script fails to compile
or fails at runtime against Brane. The compiler or runtime error is fed back into
the prompt as corrective context and generation is retried, up to a fixed number
of attempts (three, in the current configuration), before the researcher is shown

anything.

3. Failure report. All retries are exhausted without producing a working workflow.
The researcher is shown the last generated script together with the error that caused
it to fail, rather than a silent or generic error, so that the intent can be rephrased or

the missing information (e.g., a dataset name) supplied explicitly.

3.2 Process Architecture

As both entry points are front doors onto the same underlying architecture, once an intent
is submitted it goes through the same sequence of steps. This pipeline is organised around

the six logical components that follow:

1. The semantic cache is consulted first, before any other work is done. It holds
previously generated (intent, workflow, result) triples and returns it immediately if

the incoming intent is close enough, in embedding space, to one already seen.

2. On a miss, intent decomposition breaks the (often compound) natural-language
intent into a short list of concrete sub-tasks, so that later stages have a sharper, more

explicit description of what needs to be done than the raw sentence alone provides.
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3.2 Process Architecture

3. The knowledge base and retriever takes the intent and its sub-tasks and selects
the package and dataset documentation most relevant to it, including function sig-
natures, parameter types and usage examples, out of everything registered within

Brane.

4. Prompt construction and LLM generation combine the retrieved context, a
static BraneScript syntax reference, and the original intent into a single prompt, and
produce a candidate BraneScript workflow from a (possibly fine-tuned) language

model.

5. The Brane compiler and runtime are the sole authority on whether the generated
workflow is valid: a single brane workflow run invocation compiles the script and,
if compilation succeeds, executes it against the real, federated data the workflow’s

functions address. The result is returned to the researcher.

6. A feedback loop connects the last component back to the fourth in case a compila-
tion or runtime failure is captured. The error is fed into the next generation attempt
as corrective context, for a bounded number of retries, before the researcher sees

anything.

Figure 3.1 shows how these six components connect for a single request, independently

of which entry point issued it. Physical placement is addressed next, in Section 3.3.
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Figure 3.1: Conceptual architecture shared by both entry points. A cache hit returns a
previous (intent, workflow, result) triple immediately; on a miss, the intent is first decomposed
into a short list of su/b-tasks, which sharpen the query passed to the retrieval component,
fetching package and dataset context from a single ChromaDB store; the BraneScript syntax
reference is not retrieved but injected in full, statically, into every prompt. The Brane compiler
and runtime, invoked as a single brane workflow run command, are the sole authority on
whether the generated script is valid; a compilation or runtime failure feeds back into prompt
construction as corrective context for a bounded number of retries, and a successful result is
written to the semantic cache.
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3.3 Infrastructure Architecture

This section describes the physical deployment of the six components introduced in Sec-
tion 3.2: which machine each one runs on, and how that placement enforces the privacy
motivation behind this work (Section 2).

The six logical components fall into three tiers of physical infrastructure. The dash-
board server is the only tier a researcher’s browser talks to directly as it hosts the frontend
and local API process. On a cache miss, it submits a batch job over SSH to the Snellius
HPC cluster, where the semantic cache, intent decomposition, package/dataset retrieval,
and the fine-tuned LLM all run together as a single SLURM job. These four components
are always co-located as the cache gates whether the (expensive) LLM is invoked at all.

Downstream of generation sits the Brane control node: the user translated intent is
executed on this node via a brane workflow run call. The control node compiles the script
and schedules each function’s execution to whichever federated site actually holds the data
that function needs and by following Brane’s philosopy, it is not (always) a data-holding
site itself. Figure 3.2 shows two such sites, Site A and Site B, as independent examples,
where each runs its own Brane runtime worker against its own local data without exposing
it to other entities.

This three-tier separation is what lets the LLM-facing part of the system run on whichever
hardware is convenient (a laptop, a shared HPC cluster, eventually a cloud-hosted API)

without that choice ever placing raw data outside the site that owns it
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Figure 3.2: Physical deployment of the components shown in Figure 3.1
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3.4 Dashboard: Monitoring and Catalog Browsing

The Generate page mentioned in (Section 3.1) is only one of few pages the dashboard
exposes. The other five turn complete it as a dashboard that monitors the state of the whole
system: what has been tried before, what capabilities are available to build a workflow
from, and how the candidate models being fine-tuned actually compare. This supports for
the intent-based framing of this thesis, specifically because a non-trained researcher, who
does not have any prior knowledge of BraneScript, has no other way to inspect any of this
information as packages, datasets, and model outputs are all hidden behind Brane CLI

interface. The dashboard’s other pages are:

e Runs. A searchable, sortable table of every intent previously submitted through
the dashboard, together with the model used, the resulting verdict (pass/fail), the
compiler or runtime error type on failure, the total duration, and the number of
corrective-retry attempts it took. A stats bar above the table summarises the same
information in aggregate (total runs, pass rate, average duration). This is the page
a researcher returns to in order to see whether an intent they submitted earlier
eventually succeeded, or to gauge, at a glance, how reliably the system handles a

given class of intents before trying a new one.

e Packages and Datasets. Two browsable catalogs, read directly from the same
package specifications and dataset manifests that back the retriever (Section 3.2). A
researcher can browse what the system is capable of before writing an intent, rather

than discovering an unsupported capability only after a generation attempt fails.

¢ Exec Results. A table of every real Brane execution produced by the offline eval-
uation pipeline (Chapter 6), distinct from the interactive Runs table above: each
row records the intent, the source training file it came from, the exit code, and the
execution time, letting a researcher inspect individual evaluation outcomes rather

than only the aggregate metrics reported in the thesis.

e Evaluation. A model-comparison table summarising compile rate, execution rate,
and output match rate (Chapter 4) across every evaluated model, paired with a per-
intent browser that lets a researcher pick a single intent and see, side by side, the

BraneScript every model generated for it and whether each one succeeded.
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Figure 3.3: The Runs page, showing aggregate statistics and a searchable, sortable history

of every intent previously submitted through the dashboard.

® healthcare v1.0.0

Figure 3.4: The Packages catalog, listing every package registered with Brane together with

its exposed functions and parameter types; the Datasets catalog (not pictured) follows the
same layout for registered datasets.
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Figure 3.5: The Evaluation page, comparing compile rate, execution rate, and output match
rate across evaluated models, with a per-intent browser for inspecting individual model outputs
side by side.

25



3. OVERVIEW

Together, the preceding sections describe the same system from increasingly concrete
angles: what a researcher submits and sees (Section 3.1), the logical components that
turn an intent into an executed workflow (Section 3.2), where each of those components
physically runs and why that placement keeps data at its owning site (Section 3.3), how they
interact over a single request (Section 5.8), and what a researcher can see of the system’s
state beyond a single request (Section 3.4). Chapter 4 discusses the rationale behind
the choices summarised in this chapter, and Chapter 5 describes how each component of

Figures 3.1 and 5.1 is implemented.
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Design

This chapter motivates the design decisions behind the architecture presented in Chapter 3.
Each decision is presented together with the alternative it was chosen over and the evidence,
where available, that justified the choice. The decisions collectively aim to serve RQ1 by
building a pipeline that gives the model the best possible grounding at generation time
(RQ2), training it on domain-specific examples (RQ3), and caching verified outputs to

avoid redundant generation ensuring reproducibility (RQ4).

4.1 Intent Decomposition

Before any retrieval or generation takes place, the pipeline runs the raw intent through
a dedicated decomposition step: a short, separate prompt asks the same already-loaded
generation model to break the intent into a numbered list of at most <N> concrete sub-
tasks, phrased in plain English rather than code.

This step was introduced because retrieving directly against the raw intent tried to an-
swer two different questions at once: understanding what needs to be done (which Brane-
Script constructs and package calls the request actually requires) and how to express it
(what BraneScript syntax to use). A single embedding of a multi-part intent tends to av-
erage over all of its sub-goals rather than surfacing a chunk for each one. Stating explicitly,
in English, that a request needs a package call, a loop over a dataset, and execution on a
named node gives the retrieval stage (Section 4.2) several focused queries instead of one
broad one; the per-subtask fallback search described there only exists because this decom-
position happens first, sharpening the query before it is ever embedded, thereby directly

shaping the retrieval-augmented context whose quality is examined in RQ2.
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Two constraints shape what a sub-task is allowed to contain. First, each sub-task must
correspond to one primitive BraneScript construct: an import, a function definition, a
conditional, a parallel block, a return statement, and so on, all this deliberately scoped
to what the workflow has to (and can) express, not what a package function computes
internally: the decomposition prompt explicitly forbids sub-tasks such as “compute risk
score” or “validate input”, since those describe logic already implemented inside a package
rather than something the generated BraneScript itself needs to construct from scratch.
This keeps decomposition aligned with the retrieval it feeds: a sub-task describing internal
package logic would only ever retrieve documentation about a function’s behaviour, not
the BraneScript needed to call it. Second, each sub-task is capped at 5-15 words and
explicitly phrased as “a BraneScript manual search query” rather than a natural-language
description, so the same text can be used, unmodified, as the query embedded for retrieval:
decomposition and retrieval end up sharing one representation of a sub-task.

One consequence is worth naming explicitly: decomposition never produces code, as its

rules explicitly ask for none, capping output at a bare numbered list of tasks.

4.2 Retrieval Design

The sub-tasks produced by decomposition (Section 4.1) are what this stage retrieves
against. G2 identified in Chapter 2.6 requires grounding natural-language translation
in the concrete capabilities of the target WMS; how well this grounding works in practice,
and whether richer context measurably improves translation accuracy, is what RQ2 tries
to answer. This capability surface has two very different shapes, and the design treats

them differently rather than folding both into a single retrieval mechanism:

e BraneScript syntax, like control flows, function declarations, typed class declara-
tions, the parallel, on constructs and more, are fixed by the language and identical
for every intent regardless of which packages it invokes. The full reference has been
synthesized to be small enough to be injected as static text into every generation
prompt rather than retrieve. Because the reference does not vary with the intent,
a retriever over it could only return a subset of a fixed, already-small document,
and could end up saving at most a few hundred tokens per prompt, at the risk of
omitting a construct the intent actually needs (e.g., dropping parallel on an intent
that requires multi-site execution) if the retriever ranks it as irrelevant. This design
choice was made to increased the reliability of the system, as always including the

full reference removed that type of failure mode entirely.
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¢ Package and dataset context, by contrast, grows without bound as more packages
are registered with Brane, and only a small fraction of it is relevant to any single
intent. The retrieval buys a real reduction in prompt size here without the cor-
rectness risk above. The package/dataset retriever indexes function signatures,
parameter types, and usage examples for each package registered with Brane, plus
metadata about registered datasets, and proceeds in two stages: it first scans the
intent for a known package or dataset name (or one of its aliases, see below) and,
on a match, retrieves every chunk for that package via a metadata filter, guarantee-
ing complete API coverage rather than a probabilistic top-k selection; only when no
name is detected does it fall back to embedding similarity search, before deduplicat-
ing the combined result. In this thesis, this corpus is built from the seven packages
used as the evaluation testbed (Chapter 6), but the retriever itself is not specific to

those packages.

The retriever’s index is built to grow one package at a time rather than being rebuilt
whole. While treating package registration as a full rebuild would have been the simpler
alternative, it was rejected because it ties the cost of adding a single package to the size
of the entire catalogue, linearly increasing the time and compute required to register new
packages as the system scales. For this reason, a newly registered package is embedded and
inserted into the existing collection on its own, leaving every previously indexed package

untouched while keeping the system scalable and responsive to new packages being added.

4.2.1 Chunking Granularity

An earlier design indexed each package’s container.yml specification as a single chunk.
This was found to frequently cause the model to select the wrong function within a package
when a package exposed multiple similar functions. The design was revised to per-function
chunking, where every function in every package’s specification becomes its own retrievable
chunk. This small change increases the precision of retrieval at the cost of a larger index,
and was adopted because function-level ambiguity was the dominant source of retrieval-

induced generation errors observed during development.

4.2.2 Package Aliasing and Hybrid Retrieval

7 [43

Scientists describe their data using domain vocabulary (“heart disease data”, “epidemic
curve”) rather than the internal package names (healthcare, epidemics) that BraneScript

requires, so a name scan against package names alone would miss most intents. For this
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reason, each package directory can define a keywords.txt file listing such domain terms,
and the retriever loads these aliases from the collection’s metadata at startup. The name-
scan stage described above therefore matches on package/dataset names or their aliases
before falling back to similarity search. This hybrid was chosen over pure similarity search
because similarity search alone occasionally retrieved a semantically related but wrong
package (e.g., statistics instead of epidemics for epidemic-curve intents), whereas exact

name or alias matches, when available, are unambiguous.

4.3 Prompt and Feedback Design

The generation prompt combines the original intent, the retrieved package/dataset context,
the static BraneScript syntax reference, and a system prompt encoding BraneScript-specific
semantic rules not inheritable by the language syntax definition (e.g., that empty strings
are invalid arguments, that commit_result must be called exactly once per named output,
and that the model shall only return Branescript valid syntax). These rules were derived
iteratively from observed failure modes rather than specified a priori, reflecting the practical
reality that the invalid-output space of a fine-grained DSL is best characterised empirically.
Both the system prompt and the user-message template are defined once and reused in
the pipeline. Together with the retrieval design of Section 4.2, prompt construction is the

other half of the context-quality question RQ2 examines.

4.3.1 Failure Modes and Corrective Feedback

When a candidate workflow fails validation, the design reuses the same prompt-construction
stage for a bounded number of retries (MAX_RETRIES = 3): the failing script and the error
that caused it to fail are injected into the next prompt as context, rather than starting
generation from scratch. This bounded retry loop is the system’s concrete response to
gap G4: rather than surfacing a raw failure to the user, it gives the model a structured
opportunity to self-correct before the failure is reported. MAX_RETRIES is deliberately small
and fixed rather than unbounded: if a model has not produced a valid script after three
corrective attempts, the failure is treated as a genuine generation failure to be recorded
and reported (Chapter 6), rather than something an arbitrarily long retry budget should
paper over.

Compiler and runtime error messages from Brane itself are injected verbatim, rather
than replaced with a generic “previous attempt failed” message, since Brane already reports

which line and construct is at fault. The quality of this feedback matters directly for retry
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success: a message naming the exact undefined variable or type mismatch gives the model a
much stronger signal to correct against than a vague failure would, so the more descriptive

Brane’s own error output is, the more likely the next generation attempt is to succeed.

4.4 Typed Data Representation

BraneScript functions that return structured data represent it as tagged class instances
(["ClassName", {field: value, ...}]) rather than as opaque JSON-encoded strings
passed between functions. This design decision was adopted after observing that requiring
the model to construct and parse ad hoc JSON strings inside BraneScript led to sub-
stantially more hallucinated or malformed intermediate values; typed class instances give
the model a smaller, more constrained surface to generate correctly than free-form JSON
would.

Letting the model serialise structured values as backslash-escaped JSON strings (e.g., let
p := "{\"iterations\": 100}";) was the specific failure pattern the fine-tuned models
kept reverting to, likely because it is the natural way to represent structured data in the
general-purpose code the base models were originally trained on. The design responds
to this on two levels: every structured value a package function accepts or returns is
expressed as a declared class, giving a well-typed alternative wherever a JSON string
might otherwise be used; and a dedicated check inspects each candidate script for this
specific antipattern, triggering a retry whose corrective prompt shows the wrong pattern
directly next to the correct typed-class equivalent.

The same typed representation is also why the design treats certain Brane values, like
Data references to registered datasets and IntermediateResult values produced by pack-
age functions, as opaque to BraneScript itself: the model is specifically asked to not inspect
or reconstruct their contents from within a script, only to pass them by reference between
function calls and, when a result should be persisted, name it once via commit_result.
Keeping these values opaque removes an entire class of intermediate outputs the model
would otherwise have to represent correctly, at the cost of the model being unable to

branch on their contents inside a script.

4.5 Dataset Design

The training and retrieval corpus is built around the seven packages described in Chap-

ter 5. From those packages, a set of authored BraneScript examples is formulated, each
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paired with a natural-language intent that describes the workflow it implements. Finally,
the corpus is executed to capture the reference output for each example, so that the eval-
uation metrics of Section 4.5.1 can be computed against a known ground truth. The size
and quality of this corpus is what RQ3 ultimately depends on: lower coverage of Brane-
Script patterns result in the fine-tuned model to not be generalisable, and without verified
reference outputs the evaluation of this generalisation becomes meaningless.

The resulting corpus accounted for a total of 584 synthetically generated examples
through Claude Sonnet 5 and is then split into training and validation sets with a fixed
85/15 split and a fixed random seed, so that different fine-tuning runs compared in Sec-
tion 6.2 are trained and validated on the exact same partition rather than one that varies
run to run. The training set, used to update the model weights at training time, contains
497 examples, while the validation set, used to measure generalisation to unseen examples,
contains 87 examples.

A more subtle problem surfaced specifically around the datetime package: nearly every
one of its functions is, by design, a thin wrapper around the machine’s current wall-clock
time, so its output necessarily differs between the moment a training example’s reference
output was authored and any later moment the same BraneScript is re-executed. Early
evaluation runs surfaced this directly: a generated script that was functionally identical
to the reference would still be marked as an output mismatch, since the reference’s stored
timestamp could never match a timestamp produced at execution time, regardless of the
model’s actual competence, silently deflating the output-match rate for a reason entirely
unrelated to translation quality. Since no BraneScript-level fix can make wall-clock time
reproducible, the design instead replaced the affected examples from the corpus outright,
alongside stripping incidentally non-deterministic timestamp fields returned by other pack-
ages (e.g. a generation timestamp inside the epidemics package’s report output), so that the
fine-tuning and output-match evaluation metrics reported in Section 6.2 only ever compare

against genuinely reproducible ground truth.

4.5.1 Evaluation Metrics

Three key metrics are used throughout Chapter 6 to measure translation quality.
Compile rate is the fraction of generated scripts that pass the BraneScript compiler with-

out error. BraneScript is statically typed, so any undefined variable, undefined function

call, or syntax error is surfaced at compile time. A script that does not compile cannot be

executed and is therefore of no practical use.
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Ezecution rate is the fraction of generated scripts that execute to completion without a
runtime error. A script may compile successfully but fail at runtime if it invokes a function
with incorrect argument types, references a dataset name not present in the registry, or
triggers an error inside a Brane package container.

Output match rate is the strictest metric: the fraction of all test examples for which
the generated script’s standard output is an exact string match of the reference output.
Matching is case-sensitive and order-sensitive; outputs that contain the correct values but
in a different order, or with different formatting, are marked incorrect. The metric is
computed over all examples including those without a stored reference output, making it
the most conservative measure of end-to-end correctness.

A complementary lenient output match rate is also reported for the 27B base model
(Section 6.2.3). Under this criterion, a generated output is counted as correct if, after
stripping any descriptive label prefixes from each output line or any additional formatting
(e.g. Mean: 52.27 — 52.27), the remaining values match the reference exactly. This
captures cases where the model produced the correct computation but formatted print
statement calls with additional descriptive labels that the reference does not include.

Despite that, the strict metric remains the primary evaluation criterion: the lenient
metric is reported as a sensitivity analysis to quantify how much the strict metric under-
estimates semantic correctness due to this formatting effect. Due to its nature, the lenient
metric is computed only for a single model (Qwen3.6-27B) rather than for every model
evaluated in Chapter 6 because of the additional manual effort required to strip labels

from each output line.

4.6 Fine-Tuning Design

Even with RAG-injected documentation and carefully engineered prompts, base language
models face a structural disadvantage when generating BraneScript as they were pre-
trained on large corpora of general-purpose code in which BraneScript does not appear.
The model has no prior exposure to BraneScript’s syntax, package call conventions, or the
specific patterns that distinguish a valid workflow from a plausible-looking but incorrect
one. RAG and prompt engineering can compensate for this to a degree by providing syn-
tax examples and package documentation at inference time, but they cannot update the
model’s internal representations, forcing the model to still generalise from examples it has

never been trained on, relying entirely on in-context learning.
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Supervised fine-tuning (SFT) addresses this by continuing the pre-training process on a
curated set of (intent, BraneScript workflow) pairs, directly adjusting the model’s weights
to associate the pipeline’s input format with correct BraneScript output. This section
describes the design intervention that tries to directly address RQ3.

Several design decisions shape the fine-tuning approach used to produce domain-adapted

alternatives to the base LLMs.

4.6.1 Parameter-efficient fine-tuning (QLoRA)

Full fine-tuning on a 9 billion parameters (or a bigger model) is generally infeasible given
the available HPC allocation, which was limited to a couple of hundred H100-GPU hours.
This thesis instead uses 4-bit quantisation combined with Low-Rank Adaptation (LoRA),
which updates a small number of adapter parameters while keeping the base weights frozen
and quantised (exact quantisation and adapter hyperparameters are given in Chapter 5).
This makes fine-tuning the second largest evaluated model (Qwen3.5-9B) tractable on the
available GPU hardware, at the cost of a lower-rank approximation of the full fine-tuning
update.

The adapter is attached to every linear projection in each transformer block: the four
attention projections (query, key, value, output) and the three feed-forward projections
(gate, up, down), rather than to attention alone, which is a common narrower default.
As BraneScript is a small, rigid DSL, the difficulty of the base model centered around
reproducing the exact syntax, keyword names, and package call signatures token by token.
Restricting adaptation to attention only was rejected because it would have left the feed-
forward pathway (the more likely source of the syntactic and package-signature errors this
thesis specifically aims to reduce) frozen. The rank is kept the same across every attention
and feed-forward matrix rather than allocated unevenly, and the LoRA scaling factor « is
fixed at twice the rank throughout, following the widely used convention that keeps the
effective adaptation strength comparable as rank is changed while avoiding introducing a
second hyperparameter that would otherwise need its own justification and tuning budget

alongside rank itself.

4.6.2 Training-inference prompt parity.

The fine-tuning corpus is built from the exact chat-formatted message list was previously
constructed: a system turn carrying the BraneScript rules and syntax reference, a user

turn carrying the intent and retrieved package/dataset context, and an assistant turn
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holding the reference BraneScript itself, standing in for the reply the model is being trained
to produce. The training script itself does no prompt construction of its own as it only
applies the tokenizer’s chat template to whatever messages the dataset already contains.
This design decision was taken to teach the model to associate the reference BraneScript
with the exact prompt text surrounding it. Routing training data through the identical
function used by the pipeline and the evaluation script guarantees that whatever the model
learns from is the same distribution of prompts it is later evaluated and used on, rather

than a separately maintained approximation of it.

4.6.3 Response-only loss masking.

An early version of the training loop computed the language-modelling loss over the entire
prompt, including the system prompt and retrieved context, not just the target Brane-
Script. This diluted the gradient signal for the stop token and caused generation to con-
tinue past the intended end of the script at inference time. The design was corrected to
mask the loss so that it is computed only over the response tokens (the reference Brane-
Script), which is the standard approach for instruction-style fine-tuning and directly fixed

the over-generation problem observed during development.

4.6.4 Training checkpointing

As HPC allocations are time-bounded and jobs can be pre-empted before training com-
pletes, the design checkpoints periodically and, on restart, resumes automatically from the
latest checkpoint for that run rather than restarting from the base model (an explicit flag
is available to force a clean restart when needed). These checkpoints are not only useful
for resuming training in case a job is terminated due to time limits, but are also evaluated
against the held-out validation split at the same interval, and the checkpoint kept at the
end of a run is the one with the lowest validation loss and not necessarily the last one
written. This decision guards against the case where additional epochs overfit the training

split rather than continuing to improve.

4.7 Intent Provenance

In Section 2.2 we defined intent provenance the mapping from a natural-language request to
the workflow it produced, alongside the standard retrospective record of how that workflow
executed. As this type of provenance is identified as a gap, no existing provenance format

addresses it (gap G1). For this reason, this thesis also aims to contribute to a design
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that records this mapping for every submitted request. The pipeline, when run with data
collection enabled, writes a per-request record containing the same fields: the original
intent, the generated BraneScript, the model that produced it and which retry attempt it
was, the pass/fail verdict, the specific error type on failure (a JSON-decoding antipattern,
a Brane compilation failure, or a runtime failure), and the captured stdout/stderr/exit
code for the command-line tool. Every generation event therefore leaves behind an explicit,
machine-readable link between the intent entity, the generation activity, and the resulting
workflow entity.

These per-request records are serialised as a PROV-DM document using a small vo-
cabulary that specialises PROV-DM’s existing concepts for this system, in the same way
CWLProv and ProvONE specialise them for their own domains (Section 2.2). The map-
ping is straightforward: every object of interest becomes a prov:Entity and every action

becomes a prov:Activity, connected by PROV-DM’s standard relations. Concretely:

e The natural-language intent is an entity.

e A TranslationActivity uses that intent and generates a BraneScript Workflow

entity, as it is associated with the model that produced the script.

e When the workflow is executed, an ExecutionActivity is informed by the transla-
tion (establishing causal order), uses the workflow entity, and generates an Execu-

tionResult entity carrying the results.

All entities and activities carry a qualified name derived from the originating request’s
identifier (e.g. bt:workflow-<id>), so that records from different requests remain unam-
biguous when combined.

Figure 4.1 shows this graph for a single request, together with the cache-hit extension
described next.

In fact, a cache hit so far leaves no trace of its own: the pipeline returns the cached script
directly without writing a record, so the intent-reproducibility relationship described before

had nothing to serialise. To close this gap, the pipeline logs every cache hit, recording:

e the new intent that triggered the hit,
e the identifier of the run whose cache entry matched it, and

e the similarity score of the match.
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Figure 4.1: The PROV-DM graph produced for one request (solid, top row and agent)
and for a cache hit against it (dashed, bottom row). The Workflow entity is typed
BraneScriptWorkflow and the Result entity ExecutionResult in the exported document;
both are shortened here for space. A cache hit does not run a new TranslationActivity:
its intent is alternateOf the one that was already served, and the workflow it reuses

wasDerivedFrom the original, rather than being generated independently.

The exporter then represents the cache hit as its own small provenance graph: the new in-
tent is alternateOf the original one, and the workflow served in response wasDerivedFrom
the workflow entity of the run that originally generated it, rather than from a fresh trans-
lation activity, closing the gap regarding the intent-reproducibility relationship from Sec-
tion 2.2 identified as missing from every existing provenance format.

The export can finally be produced in PROV-N, PROV-JSON, PROV-XML, or a Graphviz
rendering for visual inspection. What is not attempted in this thesis is a queryable prove-
nance store: the export is a file produced on demand, not a graph database a researcher
can query directly, and stable identifiers are scoped to a single run rather than persisting

across a deployment’s lifetime; both are left as future work (Chapter 7).

4.8 Semantic Cache Design

Recording intent provenance, as described above, is not by itself enough to make the system
reproducible: the generation activity it records is performed by a non-deterministic LLM,
so submitting the same intent again (or the same request paraphrased differently) could
still produce a different workflow entity each time, with no relation recorded between the
two events. The semantic cache is the mechanism that closes this gap (G3): the pipeline
queries the cache before invoking the LLM at all, and if the same or a paraphrased intent

has been served before, the cached BraneScript is returned deterministically instead of
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triggering a fresh, potentially divergent generation event. Only on a cache miss does the
pipeline fall back to LLM generation.

The design is based on a single fixed lookup-then-generate ordering, and not an adaptive
or learning mechanism: the cache does not become more or less trusted over time, and no
component of the pipeline tracks confidence across requests; a request that can be served
from the cache simply never reaches the LLM, which also means it is never re-generated
reducing the time it takes to serve the request and the associated compute cost. Whether
this mechanism can genuinely serve as a reproducibility layer and where its fundamental
limits lie is what RQ4 asks.

An exact-string-match cache, based on looking up the intent verbatim rather than by
embedding similarity, was considered but rejected as the primary mechanism. While this
strategy avoids the false-positive risk discussed below, it only ever hits on the literal same
sentence being submitted twice, defeating the purpose in a system whose stated premise
(Chapter 3) is that a researcher can phrase a request however feels natural to them; on top
of that, in a distributed and shared environment like what Brane aims to be, catastrophic
divergence may occur, such as the case where two researchers describing the same analysis
in different words would not share a cache entry under exact worded matching, resulting

in different workflows being generated for the same underlying request.

4.8.1 Threshold Calibration and Cache Management

The design proposed above is a genuine trade-off: the same embedding space that enables
useful generalisation across paraphrases also maps intents that differ only in a specific
parameter (e.g., a numeric threshold or a dataset name) to very high similarity, since sen-
tence embeddings capture propositional meaning rather than exact parameter values. For
example, the intents “Compute the average BMI for patients older than 407 and “Compute
the average BMI for patients older than 65” are propositionally near-identical, as they aim
to perform the same action with a near identical structure, yet requiring different Brane-
Script: a cache hit here would silently return a workflow filtered at 40 in response to a
request for 65, producing a wrong result without any compile or runtime error to signal
the mismatch. The cache threshold is therefore an explicit precision-recall operating point
that must be selected empirically: raising it reduces false positives at the cost of hit rate,
while lowering it increases coverage at the cost of precision. The empirical characterisa-
tion in Chapter 6 identifies 0.92 as a reasonable default, but the trade-off itself cannot be

eliminated through threshold tuning alone.
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Characterising that operating point requires intents that are genuine paraphrases of
an existing cache entry, as they should just be worded differently while still referring
to the same underlying request. To avoid overfitting in the training phase, the initial
curated dataset was meant to be varied and sparse rather than to contain near-duplicates
intents. For this reason, to close this gap, every training intent is paraphrased 3 additional
times while keeping its reference BraneScript unchanged. This accounted a total of 1,752
paraphrased intents (used only for cache evaluation) and its purpose is exclusively to sweep
the similarity threshold and measure, for each candidate value, how often a paraphrase is
matched to any cache entry at all and how often it is matched to the correct one giving

the precision.

4.8.2 Cache Evaluation Metrics

Three metrics are used to characterise the cache threshold in Section 6.5.

Hit rate is the fraction of queries for which the cache returned any result, i.e. a cached
entry whose similarity to the query exceeded the threshold.

Correct rate is the fraction of all queries for which the returned BraneScript matched
the reference for that intent. A query that misses the cache counts as incorrect for the
purpose of this metric.

False-positive rate is the fraction of queries where the cache returned a result but it
did not match the reference, indicating that a semantically distinct intent was incorrectly

retrieved above the threshold.
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This chapter describes how the system designed in Chapter 4 is realised in practice. Fol-
lowing the component overview of Chapter 3, the pipeline is implemented as a Python
application with two entry points: a command-line interface and an interactive dashboard.
Both entry points share the same orchestrator, retrieval stack, and semantic cache, while

fine-tuning runs separately as a batch job on Snellius.

5.1 Pipeline Orchestrator

The orchestrator (pipeline.py) loops over the generation—validation—execution cycle de-
scribed in Section 3 for at most three attempts per request. Before attempting generation,
it queries the semantic cache (Section 5.5) for the intent and returns the cached script
and result immediately on a hit; on a miss, it decomposes the intent into sub-tasks via
IntentDecomposer before retrieval, as described in Section 4.1. This step reuses the gen-
eration model already loaded in memory rather than loading a second one, so its cost is
one extra generation call rather than one extra model; a -skip-decomposition flag in
the orchestrator disables the step outright, isolating its cost from the rest of the pipeline
so its effect on the generated BraneScript can be assessed independently of retrieval and
generation. A candidate workflow is checked for valid function and argument usage against
the retrieved package context before execute_workflow() ever submits it to Brane, which
compiles and executes it as a single command and returns stdout, stderr, and an exit
code that distinguishes a compilation failure from a runtime failure. On success, the (in-
tent, script, result) triple is written back to the semantic cache and also persisted to disk

for later inspection and reuse. Intents the orchestrator judges too ambiguous to act on are
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handled separately: rather than attempting generation, it returns a clarifying question to
the user.

Setting up a pipeline run once at start-up rather than per-request loads the embedding
model, builds the single package retriever shared across the run, and connects to the
semantic cache’s ChromaDB collection; if that connection fails, the failure is caught and
logged and the run proceeds with caching disabled rather than failing outright, while the
BraneScript syntax reference (data/syntax_reference.md) is loaded once as plain text
and needs no embedding model at all: at roughly 450 lines ( 2,000 tokens) it is small
enough to be included in full in every prompt without approaching context-length limits.

A command-line flag allows the cache to be bypassed explicitly for a given invocation.

5.2 Knowledge Base and Retrieval

src/knowledgeBase.py builds and queries the single vector store introduced in Section 4.2,
called brane_pkg_db, a ChromaDB collection persisted to disk and accessed through
LangChain’s Chroma and HuggingFaceEmbeddings wrappers, the same LangChain abstrac-
tions used throughout the retrieval stack. Package specifications (defined as container.yml
files following Brane package definition) are parsed and exploded into per-function Document
chunks, each annotated with the owning package name and a short usage hint, and em-
bedded with all-MiniLM-L6-v2. On top of that, each package’s keywords.txt file (Sec-
tion 5.3) is loaded as its own short, unchunked document tagged with the owning package
name; PkgRetriever reads these documents back out of the collection at startup and
builds an in-memory alias table from them, so the hybrid retrieval strategy described in
Chapter 4 never has to guess a package’s domain vocabulary from its function signatures
alone. BraneScript syntax is instead finally loaded via data/syntax_reference.md, a cu-
rated file of BraneScript constructs of interest to the generation model, which is small
enough (approximately 2,000 tokens) to be included in full and formatted directly into the
generation system prompt for every request.

As briefly mentioned in (Section 4.2), in order to support the continuous development
of the systems, the knowledge base does not need to be rebuilt from scratch when new
package or dataset content is added. knowledgeBase.py allows the addition of embeddings
directly to the existing brane_pkg_db collection, so registering a new package only requires
embedding that package’s own documents and inserting them, leaving every previously
indexed package untouched. This means that adding a new package, or editing an existing

package’s container.yml, keywords.txt, or README.md, only costs the time to embed the
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changed content itself and not the whole catalogue. The current implementation of the
pipeline doesn’t detect a stale knowledge base automatically, so re-running the update is
still a manual part of the package-authoring workflow rather than one triggered by pipeline

startup.

5.3 Brane Packages

The seven packages implemented under packages/ as the evaluation testbed for this thesis
were purpose-built to provide a concrete end-to-end domain on which to evaluate the
system.

Every package follows the same structure: a container.yml declaring the package’s
functions, their typed input parameters and return values, and any custom class types it
exposes to BraneScript; a single Python source file implementing the actual logic; and a
keywords.txt listing the domain vocabulary a scientist might use to refer to the package
without naming it directly (Section 4.2). Additionally, the packages include a README.md
documenting, in prose, the package’s Brane dispatch conventions and the meaning of each
exposed function and class, written from a human maintainer with the goal of extending
the package documentation.

Each package follows a common convention: the container’s entry point reads the invoked
function name from sys.argv[1] (declared in the package’s command.args specification),
rather than relying on environment variables, and routes to the corresponding Python
function. Structured return values are serialised as tagged class instances (["ClassName",
{...}]), consistent with the typed data representation decision in Chapter 4. Every
package is of Brane’s ecu (executable code unit) kind, for which Brane itself generates
the Docker container image from the dependencies, install, and files fields declared

in container.yml.

5.4 Fine-Tuning Infrastructure

5.4.1 Training the models

src/fine_tuning/train.py runs fine-tuning with the base model supplied as a configu-
ration value rather than hard-coded, so the same training code produced the Qwen3.5-9B
and Qwen3.6-27B adapters compared in Chapter 6 without any per-model changes. Fine-
tuning was limited to these two model sizes due to GPU memory and allocation constraints

on Snellius: training a 27B model with 4-bit quantisation and LoRA already requires a full
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H100 GPU (80 GB VRAM), leaving larger models (70B and above) outside the available
resource envelope for this project. Default hyperparameters are LoRA rank 16 (alpha 32),
3 epochs, an effective batch size of 8, and a learning rate of 2 x 10™% on a cosine schedule,
using 4-bit quantisation through Unsloth where available and a plain Hugging Face/PEFT
fallback otherwise; the response-only loss masking described in Chapter 4 is applied at this
stage. Training runs on Snellius with a single H100 GPU and resumes automatically from
the latest checkpoint if a job is pre-empted, rather than restarting from the base model.
Every run’s full hyperparameter set and training progress are logged alongside the result-
ing adapter so that multiple SF'T runs against the same base model remain distinguishable

later.

5.4.2 Tokenisation and Sequence Length

Training examples are formatted using the same prompt template as inference: a system
prompt followed by the user intent, with the BraneScript workflow as the expected assistant
response. The maximum sequence length is set to 2048 tokens, which accommodates the
full prompt (system prompt -+ syntax reference -+ retrieved package context -+ intent)
plus the expected BraneScript output without truncation for all but the longest multi-
step workflows in the training set. Truncation would silently corrupt training examples by
cutting off the BraneScript output mid-workflow (as experienced in some runs), producing
malformed targets that the model would learn to reproduce; the 2048-token limit was
chosen by inspecting the length distribution of the training set and confirming that all
examples fit within it.

Response-only loss masking is applied so that the model is penalised only on the Brane-
Script output tokens and not on the prompt. Without this, the model would spend training
capacity learning to reproduce the (fixed) system prompt and retrieved context, diluting

the signal from the BraneScript generation task itself.

5.4.3 Adapter Merging

After training, the LoRA adapter weights are merged into the base model weights using
model.merge_and_unload(), producing a single standalone model checkpoint that can
be loaded for inference without the PEFT library. This avoids the runtime overhead of
applying the adapter at each forward pass and simplifies deployment: the merged model
is identical in interface to the base model and can be loaded with the standard Hugging

Face AutoModelForCausallM API. The unmerged adapter is retained alongside the merged
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checkpoint so that further fine-tuning runs can resume from the adapter state rather than
re-merging.

Evaluation is handled by evaluate.py, which computes the three metrics used through-
out Chapter 6 and described in Subsection 4.5.1. Each evaluation run records which
training configuration produced the model under test, so that the dashboard (Section 5.6)
can distinguish between multiple SF'T runs of the same base model without additional

bookkeeping.

5.5 Semantic Cache

5.5.1 Embedding Model

Intent similarity is computed using al1-MinilM-L6-v2, a 22M-parameter sentence-embedding
model that maps text to 384-dimensional unit vectors. Cosine similarity between the query
and stored vectors is used as the retrieval score. The model was chosen for its inference
speed and semantic quality on short English sentences, which matches the typical intent
length of 10-30 words. Its known limitation, which revolved around encoding topic rather
than precise parameter values, is the direct cause of the false-positive floor noticed in

Section 6.5 and further discussed in Section 7.4.

5.5.2 Persistence

The cache collection is stored on disk and survives server restarts without needing to
be rebuilt. The 584 seeded intents and any workflows added during interactive use are
retained across process boundaries, meaning the first request for a known intent always
hits the cache rather than requiring a prior successful generation to populate it. The cache
collection is thought to be deployed to remote servers, but the current implementation runs
it locally on the same machine as the dashboard and orchestrator, which is sufficient for

the single-user research deployment.

5.5.3 Concurrency

The cache does not implement explicit application-level locking. The underlying storage
engine serialises writes internally, so concurrent stores will not corrupt the collection, but
a lookup that begins just before a concurrent store completes may miss the new entry.
In the current deployment this race window is narrow, as the only runtime caller of store

is the interactive entry point handling one request at a time. A multi-user production
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deployment would require either an explicit lock or a migration to a client-server storage

mode.

5.5.4 Cache Invalidation

The cache exposes an invalidation operation that removes all stored entries whose similar-
ity to a supplied intent exceeds the current threshold. The intended use case is package
maintenance: if a new version of a Brane package changes a function signature, any cached
workflow calling the old signature will silently produce a compile failure on the next ex-
ecution. Invalidating with a representative intent for the affected package forces fresh
generation for subsequent requests. This is a manual operation in the current implemen-
tation; automatic invalidation on package version change is left as future work.

The cache is seeded with all 584 training intents at startup, so the first request for any
known intent always hits the cache. The evaluation pipeline used throughout Section 6
deliberately bypasses the cache entirely, as its purpose is to measure raw model performance

rather than cache behaviour.

5.6 Dashboard

The dashboard backend is implemented with Flask. The frontend is a single-page applica-
tion served as static files by the same process, keeping the deployment to a single python
server.py invocation on the researcher’s machine.

Snellius job submission is handled over SSH via subprocess calls: the server connects to
Snellius using a key-based SSH configuration read from environment variables and invokes
the SLURM batch script remotely. The status polling works the same way: the server
queries the SLURM job queue over SSH at each poll interval and maps the scheduler state
to the dashboard’s own Queued — Generating — Executing — Done progression. No
persistent connection to Snellius is maintained and each status check is an independent
SSH call.

Results are finally communicated back through a shared file-based job directory: the
generation worker on Snellius writes its output to a known path, and the dashboard backend
reads it on the next poll. This decoupling contributed to the design decision that the

dashboard does not need to stay connected to Snellius while the job runs.
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5.7 Job Watcher

The job watcher is a lightweight polling daemon that runs on whichever machine has
network access to the Brane instance. In the current deployment, it is the researcher’s
own machine rather than the Snellius compute node that ran generation, since Snellius
does not support Docker. This separation is intentional: generation (the LLM call and
decomposition) happens on the HPC cluster, but Brane execution must happen where
Brane is installed and reachable, which need not be the same machine.

The daemon monitors a shared job directory for BraneScript files deposited by the gener-
ation pipeline. For each pending script it invokes the Brane compiler and runtime directly,
so the exit code and output are always Brane’s own verdict rather than a re-implementation
of its compilation or execution logic. The result, whether success or failure, standard out-
put, and any error messages, is written back to a result file that the dashboard picks up
and, on failure, feeds into the retry sequence shown in Figure 5.1. Keeping execution
separate from the dashboard process limits the dashboard’s responsibilities to submission,
polling, and presentation, and makes it possible to run Brane on a different host from the

server without changing any pipeline logic.

5.8 Interaction Sequence

Figure 3.1 shows the components involved in a single request but not the timing of the
messages between them, in particular the asynchronous submit/poll/retry pattern of the
interactive dashboard entry point. Figure 5.1 makes that timing explicit for the case a
researcher exercises in day-to-day use: the researcher’s browser, the dashboard backend,
the semantic cache, the generation worker running as a batch job on Snellius, and the
Brane runtime that ultimately compiles and executes the workflow.

The diagram distinguishes two branches. On a cache hit (top frame, steps 1-3), the
dashboard looks up the submitted intent against the semantic cache and, on a similarity
match, returns the cached script and its previously recorded execution result directly to the
researcher; nothing on Snellius or Brane is touched, and no model is loaded. On a cache
miss (bottom frame, steps 4-14), the dashboard instead submits a SLURM batch job to
Snellius and immediately hands the researcher back a request identifier and a “submitted”
status (steps 5—6), rather than blocking the HTTP request for however long generation

and execution take; the researcher’s browser polls a status endpoint for that identifier
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until the job completes (step 7). On the Snellius side, the worker performs the process-
architecture steps described in Section 3.2 in order — decomposing the intent, retrieving
package/dataset context, and generating a candidate script (step 8) — and then submits
that script to the Brane runtime with a single brane workflow run call (step 9), receiving
back an exit code and captured stdout /stderr (step 10). The worker writes this result where
the dashboard can find it (step 11); if execution failed and retries remain, the dashboard
resubmits the same request with the failure fed back into the prompt as corrective context
(step 12), returning to step 5. Once a script executes successfully, the result is written
to the semantic cache (step 13) before the final script and outcome are returned to the
researcher (step 14).

The command-line entry point (pipeline.py) follows the same overall shape — cache
lookup, decomposition, retrieval, generation, cache store on success — but differs from the
diagram in one respect: it has no equivalent of step 7’s polling, since it runs synchronously

to completion on the researcher’s own machine instead of via a remote batch scheduler.
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Semantic Snellius Brane
Researcher Dashboard .
Cache worker runtime
1: submit intent
Cache hit (similarity > 0.92) |
2: lookup(intent)
2’: cached (script, result)
e
3: return cached script + result
Cache miss — generate, execute, retry (< 3 attempts)
4: Tookup(intent) — miss
5: submit SLURM job (sbatch)
6: req_ id, status=submitted
7: polll GET /api/generate/req_id (repeated)
8: decompose intent into sub-tasks; retrieve
pkg/dataset context; generate BraneScript
9: branq workflow run
10: exit cofle, stdout/stderr
SR
11: write result
12: on failure, attempts remain: re-
submit with error feedback (— step 5)
___________________________________ >

13: on:success: store(intent, script, result)

14: final script + execution outcome

Figure 5.1: Sequence of interactions for the interactive (dashboard) entry point, discussed

in the text above.
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Evaluation

This chapter presents the experimental setup, evaluation runs, and results for all four
research questions. Interpretation of the results and their implications are deferred to

Chapter 7.

6.1 Experimental Setup

Dataset. The evaluation dataset consists of 584 unique intent—BraneScript pairs, which
were then split into a training set of 497 examples and a held-out test set of 87 examples.
The test set was not used during any stage of training or system development, as it was
reserved exclusively for evaluation. The dataset covers the six Brane packages used in this
project (healthcare, genomics, epidemics, statistics, text_analysis, data_masking,
excluding datetime), with intent complexity ranging from single-package, single-function
invocations to multi-package workflows with intermediate results passed across five or more
steps. An additional 1752 paraphrases (three per intent, generated by Qwen3.5-4B) were
produced for the semantic cache evaluation (Section 6.5).

Models. Three base models are evaluated as zero-shot baselines: Qwen3.5-4B, Qwen3.5-
9B, and Qwen3.6-27B, all from the Qwen3 family to enable clean attribution of performance
differences to model scale. Two supervised fine-tuning runs are also evaluated: a 9B model
fine-tuned for three epochs and five epochs (qwen3.5-9b-3ep and qwen3.5-9b-ep5).

Pipeline. Unless stated otherwise, every evaluation run uses the complete three-stage
pipeline: (1) the intent decomposer reformulates the user’s natural-language intent into
a structured set of sub-tasks with explicit package and function candidates; (2) the RAG
retriever fetches the most relevant package documentation and example BraneScript frag-

ments per sub-task from the retrieval index; and (3) the generator produces a BraneScript
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workflow conditioned on the decomposed intent and retrieved context. The decomposer
ablation in Section 6.3.2 is the only run that deviates from this configuration.

Metrics. The three primary metrics used throughout this chapter, compile rate, execu-
tion rate, and output match rate, were defined in Section 4.5.1. The cache-specific metrics
(hit rate, correct rate, and false-positive rate) were defined in Section 4.8.2.

Hardware. All generation and fine-tuning runs execute on Snellius, the Dutch national
HPC facility, on a single H100 GPU node allocated via SLURM. BraneScript execution

and metric collection run on a local workstation with Docker-deployed Brane services.

6.2 RQ1: Translation Accuracy Across Model Scales
6.2.1 Main results

Figure 6.1 shows compile rate, execution rate, and output match rate for all three base

models evaluated against the 497 test intents.

Base Model Performance Across Scales

100 A 95.6%

93.2%

Rate (%)

Qwen3.5-4B Qwen3.5-9B Qwen3.6-27B

B Compile %  mmm Execute % mm Output Match %

Figure 6.1: Compile rate, execution rate, and output match rate for the three base models.
Each metric group is shown as a cluster of three bars, one per model (n = 497).

All three metrics improve monotonically with model scale. The 4B model achieves a
compile rate of 56.4%, an execution rate of 54.6%, and an output match rate of 24.1%.

At 9B parameters, compile rate rises to 66.1% and output match to 36.9%. The largest
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jump occurs at the 9B-to-27B transition: compile rate reaches 95.6%, a gain of nearly 30
percentage points, while execution rate follows closely at 93.2%. Output match at 27B
stands at 49.6%, an improvement of 12.7 percentage points over the 9B model.

The gap between execution rate and output match rate widens with scale. For the 4B
model the gap is 30.5 percentage points; for the 27B model it is 43.6 percentage points.
This indicates that as model scale increases, the dominant remaining failure mode shifts
from the script failing to compile or execute to the script producing a syntactically and

semantically valid workflow whose output does not exactly match the reference.

6.2.2 FError type breakdown

To understand where each model fails rather than merely how often, every failed evaluation

was classified into one of five categories:

o Compile: syntax error — a parse or structural error detectable by the BraneScript

grammar alone.

o Compile: undefined variable — a reference to a variable that was not previously

bound in the script’s scope.

o Compile: undefined function — an invocation of a function not exported by the

imported packages.

o Runtime error — a script that compiled successfully but failed during Brane package

execution.

e Qutput mismatch — a script that executed without error but produced output that

did not match the reference.

Figure 6.2 shows the distribution of these categories for the three base models.

The 4B model shows the most compile-time failures overall. Undefined variable errors
account for 24.1% of all 497 test examples, making it the single largest failure category.
Syntax errors add a further 17.5%, and output mismatch accounts for 30.5%. Only 24.1%
of scripts produce a correct result. Runtime errors and undefined function errors are minor
contributors at 1.8% and 1.4% respectively.

The 9B model’s profile shifts noticeably: undefined variable errors persist at 24.5% but
syntax errors drop sharply to 4.8%, indicating that the larger model handles basic Brane-
Script grammar more reliably. Undefined function errors rise slightly to 3.8%. Output

mismatch decreases to 28.1% and the correct fraction rises to 36.9%.
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Error Type Distribution by Model

100 4

80 1

60 A

40 1

Fraction of test examples (%)

20 A

Qwen3.5-4B Qwen3.5-9B Qwen3.6-27B

mmm Correct mmm Runtime Error mmm Compile: Undef Var
m Output Mismatch mmm Compile: Syntax mmm Compile: Undef Fn

Figure 6.2: Error type breakdown for the three base models. Each bar shows the fraction of

all 497 test examples in each outcome category. Shades of red distinguish the four compile-

error sub-types; amber indicates output mismatch; blue indicates correct output.

92



6.2 RQ1: Translation Accuracy Across Model Scales

The 27B model largely eliminates compile failures. Syntax errors fall to 1.4%, undefined
variable errors to 0.2%, and undefined function errors to 2.4%. The dominant failure
category becomes output mismatch at 43.6%: the model consistently produces scripts
that compile and execute, but whose output diverges from the reference. Runtime errors

account for 2.4%. The findings are summarized in the Table 6.1 below.

Table 6.1: Error type breakdown by percentage of all 497 test examples for each base model.

Error category Qwen3d.5-4B Qwen3.5-9B Qwen3.6-27B
Correct output 24.1% 36.9% 49.6%
Output mismatch 30.5% 28.1% 43.6%
Runtime error 1.8% 3.2% 2.4%
Compile: undefined var 24.1% 24.5% 0.2%
Compile: undefined func 1.4% 3.8% 2.4%
Compile: syntax error 17.5% 4.8% 1.4%

6.2.3 Output Match Sensitivity: Strict vs. Lenient Evaluation

The output match metric used throughout this evaluation is a strict exact-string compar-
ison between the generated script’s standard output and the reference output. While this
is the most objective and reproducible criterion, manual inspection of the Qwen3.6-27B
base model’s mismatches revealed a recurring pattern: 26 of its 159 output mismatches are
cases where the generated script produced the correct numerical or categorical values but

wrapped them in descriptive labels absent from the reference. Two representative examples

illustrate the pattern:

Reference Generated

5 Total PII matches: 5
true PII found: true
52.2667 Mean: b52.2667
14.5715 Std Dev: 14.5715
15 Count: 15

Table 6.2: Two examples where the generated script produces correct values but adds de-

scriptive labels not present in the reference output.

In both cases the underlying computation is correct and the difference lies in how the result

was formatted by the generated println calls.
To quantify the effect of this formatting bias, a lenient matching criterion was applied

to the 27B base model’s results: an output is counted as correct if, after stripping any
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Label: prefixes from each output line, the remaining values match the reference exactly.
Under this criterion, 16.4% of the 159 failed output evaluations are reclassified as correct,
raising the output match rate from 49.6% to 66.0%. Compile and execution rates are

unaffected, since the scripts compiled and executed successfully in all cases.

This analysis is limited to the 27B base model, as it exhibited the highest overall trans-
lation quality and therefore the largest proportion of near-correct outputs. The pattern is
worth noting because it results in the strict metric slightly underestimating the semantic
correctness of the 27B model’s outputs. All presented primary results in this chapter use
the strict criterion, as it is the most reproducible and requires no heuristic label-detection

logic.

Qwen3.6-27B Base: Strict vs. Lenient
Output Match Rate

80 1 +16.4%

of failed evaluations

70 - 0%

60 1

49.6%

50 A

40 1

30 1

Output Match Rate (%)

20 1

10 A

Strict Lenient
(exact string) (label-stripped)

Figure 6.3: Qwen3.6-27B base model output match rate under strict (exact string) and

lenient (label-stripped) evaluation criteria. 16.4% of the 159 failed output evaluations are

reclassified as correct under the lenient criterion.
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6.3 RQ2: Effect of Retrieval, Prompt Engineering, and De-

composition
6.3.1 Two evaluation rounds

An initial evaluation run was conducted with an early version of the system prompt and
retrieval configuration. Several engineering issues were subsequently identified and cor-

rected:

e The system prompt permitted empty-string function arguments and under-specified

commit_result usage.

e RAG package aliases were insufficiently precise, causing the retriever to return docu-
mentation for the wrong package. Package keywords were also added to the retrieval

index to improve matching precision.

e The post-processing step that strips stray markdown tokens from generation out-
put was incomplete, causing otherwise valid scripts to fail at the BraneScript lexer.
Additionally, a repetition penalty was added to generation to suppress degenerate
repetition loops in which the model emitted sequences of backtick characters after

otherwise valid BraneScript.

The same model weights were re-evaluated after all three fixes. Figure 6.4 shows a
grouped bar chart with one pair of bars per model: the left bar (slate blue) represents the
pre-fix output match rate, and the right bar (teal) represents the post-fix rate. For every
model, the teal bar is substantially taller than the slate blue bar, indicating a consistent
improvement across the board. The gap is largest for the 27B model, achieving the highest
post-fix rate of the three, and smallest for the 4B model in absolute terms. Across all
three models the output match rate increases substantially: from 3.6% to 24.1% for the
4B model, from 6.0% to 36.9% for the 9B model, and from 13.5% to 49.6% for the 27B
model. The relative ordering of the three models is preserved between runs, with the 27B

model consistently outperforming the smaller models on this metric.
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Output Match Rate Before and After Engineering Fixes

60

Output Match %

Qwen3.5-4B Qwen3.5-9B Qwen3.6-27B

mmm Run 1 (pre-fix) mmm Run 2 (post-fix)

Figure 6.4: Output match rate before (Run 1, pre-fix) and after (Run 2, post-fix) the three
engineering fixes (n = 497 in both runs). Identical model weights were used in both runs.

The 27B model’s execution rate rises from 37.9% to 93.2% between the two runs using
identical model weights. The 9B model’s execution rate rises from 19.5% to 64.9%, and
the 4B model’s from 6.2% to 54.6%. Table 6.3 reports all three metrics across both rounds.

Model Round Compile (%) Execution (%) Output Match (%)

Run 1 (pre-fix) 14.9 6.2 3.6

Qwen3.5-4B
Run 2 (post-fix) 75.9 54.6 24.1
Run 1 (pre-fix) 34.5 19.5 6.0

Qwen3.5-9B
un 2 (post-fix) 83.9 64.9 36.9
Run 1 (pre-fix) 55.2 37.9 13.5

Qwen3.6-27B
Run 2 (post-fix) 95.6 93.2 49.6

Table 6.3: Compile, execution, and output match rates for all three models before (Run 1)

and after (Run 2) the prompt and retrieval engineering fixes. Identical model weights were
used in both runs (n = 497).

6.3.2 Intent decomposition ablation

The intent decomposer is the first stage of the pipeline. As described in Section 4.1, its
goal is to reformulate the request into a structured set of sub-tasks, each annotated with

explicit package and function candidates. This structured representation is then passed to
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the RAG retriever and the generator. To isolate the contribution of this stage, an ablation
run was conducted in which the decomposer was entirely disabled: the raw intent string
was passed directly to the retriever and generator without any type of reformulation while
keeping the other pipeline components identical to the full pipeline configuration. The
experiment used Qwend.5-9B as the generator.

Figure 6.5 presents the results as a grouped bar chart with two groups on the x-axis: full
pipeline as the first one, and pipeline with no decomposition step as the second. For each
run, the compile rate (slate blue), execution rate (teal), and output match rate (purple) is
evaluated. Comparing the two groups, all three bars are shorter in the no-decomposition

group, indicating a consistent drop across every metric when the decomposer is removed.

Effect of Intent Decomposition on Qwen3.5-9B

701 66.1% 64.9%

48.1%

26.0%

Full pipeline No decomposition

mm Compile % B Execute % mmm Output Match %

Figure 6.5: Effect of disabling the intent decomposition stage on Qwen3.5-9B (n = 497).
Slate blue = compile rate; teal = execution rate; purple = output match rate.

Compile rate falls from 66.1% to 52.9%, a drop of 13.2 percentage points. Execution rate
falls from 64.9% to 48.1%, a drop of 16.8 percentage points. Output match rate falls from
36.9% to 26.0%, a drop of 10.9 percentage points. The degradation is consistent across all
three metrics, with execution rate showing the largest absolute drop and output match the

smallest.
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6.4 RQ3: Effect of Supervised Fine-Tuning

Figure 6.6 reports results for 2 SF'T variants alongside the 9B base model, all evaluated
on the 87-example evaluation test set. qwen3.5-9b-ep5 was fine-tuned for five epochs on
the deduplicated training set (497 examples) using the corrected system prompt, while
qwen3.5-9b-ep3 was fine-tuned for three epochs. Both training runs share the following

hyperparameters:

e Method: QLoRA (quantised LoRA, 4-bit base model)

e LoRA rank: 16; LoRA a: 32

Learning rate: 2 x 10~* with cosine scheduler

Batch size: 2 per device, gradient accumulation 8 steps (effective batch 16)

e Max sequence length: 2048 tokens

Optimiser: AdamW with default betas

SFT Results: Base vs Fine-Tuned Variants (n=87, test set)

60% - I Compile Rate

W Execution Rate
mm Output Match

50% A 49.4%

40% 1

30% A

Rate (%)

20% A

10% A

0% -

Qwen3,5-9B (base) qwen3.5-9b-ep5 gwen3.5-9b-ep3

Figure 6.6: Compile, execution, and output match rates for the Qwen3.5-9B base model and
both SFT variants (n = 87, test set).

Compared to the 9B base model (compile: 49.4%, execution: 46.0%, output match:
23.0%), both SFT variants show a near-total collapse across all three metrics. The 5ep

model collapses to 4.6% compile, 4.6% execution, and 1.1% output match (1 correct script
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out of 87). The ep3-new model performs similarly: 2.3% compile, 2.3% execution, and
0.0% output match.

Further inspection of the generated outputs reveals two recurring failure patterns. First,
95.4% of epd failures and 97.7% of ep3-new failures are compile errors with a reached
end-of-file unexpectedly diagnostic, meaning the generated scripts are syntactically
incomplete, as the model produces recognisable BraneScript structures but terminates
before closing the final block, suggesting the generation is cut off at the output length
limit. Generated scripts average 1,800-2,000 characters, consistent with hitting a token
ceiling mid-script. Second, 17 of 87 scripts generated by epb and 15 of 87 generated by ep3-
new contain at least one import statement referencing a non-existent package (e.g. import
intent, import risk_framework, import data). These hallucinated imports would cause
compile failures independently of the truncation issue. Third, many of the generated
scripts contain extensive inline reasoning embedded as code comments, such as multi-
line blocks explaining why a particular approach was chosen, contradicting themselves
across successive comment lines, and in some cases repeating the same commit_result call
multiple times with different arguments. This behaviour is absent from the base model’s

output.
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6.5 RQ4: Semantic Cache as a Reproducibility Layer

The semantic cache stores previously generated BraneScript workflows indexed by the
embedding of the intent that produced them. When a new intent arrives, its embedding
is compared against all cached entries using cosine similarity. If the similarity to any
cached entry exceeds a configurable threshold, the stored BraneScript is returned directly
without invoking the LLM pipeline. This allows identical or near-identical intents to bypass
generation entirely, guaranteeing reproducibility for repeated requests.

To evaluate the cache, it was seeded with all 584 intents paired with their reference
BraneScript. The 1752 paraphrase intents described in Subsection 4.8.1 were then used
as queries. Since each paraphrase corresponds to a known cached entry, the expected
behaviour is a cache hit returning the correct BraneScript.

Three metrics are reported across eight similarity thresholds from 0.80 to 0.98, as defined
in Section 4.8.2: hit rate, correct rate, and false-positive rate.

Table 6.4 and Figure 6.7 report the results across all eight thresholds.

Threshold Hit rate Correct rate False-positive rate

0.80 100.0% 99.1% 0.9%
0.85 100.0% 99.1% 0.9%
0.88 99.9% 99.0% 0.9%
0.90 99.7% 98.9% 0.9%
0.92 (default)  99.1% 98.3% 0.8%
0.94 96.2% 95.4% 0.8%
0.96 88.1% 87.5% 0.6%
0.98 59.1% 59.1% 0.1%

Table 6.4: Semantic cache hit rate, correct rate, and false-positive rate over 1974 paraphrased

intents at eight similarity thresholds.

Between thresholds 0.80 and 0.92 the hit rate remains near 100% and the correct rate
stays above 98%, while the false-positive rate holds steady at approximately 0.9%. At
the system default of 0.92, the hit rate is 99.1% and the correct rate is 98.3%, with a
false-positive rate of 0.8%. Above 0.92, both the hit rate and correct rate decline sharply:
at threshold 0.94 the hit rate drops to 96.2%, at 0.96 to 88.1%, and at 0.98 to 59.1%. The
false-positive rate decreases in the same range but only marginally, reaching 0.1% at 0.98.
Below 0.92, down to 0.80, the hit rate is at or near 100% but the false-positive rate does

not decrease further, remaining at 0.9%.
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Semantic Cache: Threshold vs Accuracy
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Figure 6.7: Cache hit rate and correctness rate as a function of the similarity threshold (left

axis), with the false-positive rate on the magnified right axis. The system default of 0.92 is

marked.
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Discussion

This chapter interprets the results of Chapter 6 in light of the research questions and the

motivation set out in Chapter 1.

7.1 RQ1 — Scale Shifts Failure Modes, Not Just Rates

7.1.1 The ceiling problem

The most striking aspect of the RQ1 results is not the improvement in compile and ex-
ecution rates across model scales, but the ceiling on output match rate. Even at 27B
parameters, a model that compiles 95.6% of scripts and executes 93.2%, only 49.6% of
generated workflows produce output that exactly matches the reference. This means that
for every two scripts the 27B model generates and successfully executes, one produces a
WTong answer.

The gap between execution rate (93.2%) and output match rate (49.6%) at 27B is 43.6
percentage points, substantially larger than the same gap at 4B (30.5 points) and 9B (35.9
points). As the model grows more capable at producing syntactically valid BraneScript,
the bottleneck shifts: rather than failing to write code the compiler accepts, the model
increasingly writes code that is structurally correct but logically wrong. This pattern is
consistent with findings in code generation research more broadly, where larger models
outperform smaller ones on syntax-heavy benchmarks far more readily than on semantic-

correctness benchmarks requiring precise parameter passing and multi-step reasoning.

7.1.2 What the error breakdown reveals

The error type analysis in Section 6.2.2 provides a finer-grained picture of this shift. At

4B, the dominant failure category is compile-time undefined variable errors (24.1% of all
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examples), which are straightforward structural failures: the model emits a reference to a
variable it never declared. These errors suggest the model has not reliably internalised the
BraneScript scoping rules, where every variable must be declared with let before use.

At 9B, undefined variable errors persist at nearly the same rate (24.5%), but syntax errors
drop sharply from 17.5% to 4.8%. The 9B model appears to handle BraneScript grammar
more reliably while still struggling with state tracking across multi-step workflows. The
rise in undefined function errors (from 1.4% to 3.8%) suggests the model is becoming more
ambitious in what it attempts, calling package functions it has not verified are available,
even as its basic syntax improves.

At 27B, compile failures are almost entirely eliminated (syntax: 1.4%, undefined vari-
ables: 0.2%, undefined functions: 2.4%), but output mismatch rises to 43.6%. The model
produces structurally valid workflows reliably and without error, yet returns incorrect out-
put.

These are the hardest failures to detect and correct: unlike a compile error, which is
immediately surfaced and detectable by a machine, a semantically wrong but syntactically
valid BraneScript would silently return wrong results to a researcher relying on the pipeline.
This class of failure based on confident, plausible-looking, but incorrect output, is arguably
the most practically dangerous failure mode for a system used in scientific data analysis.

Considering the fact that the pipeline is aimed at domain scientists rather than software
engineers, this shift in failure mode has practical implications for deployment: a system
that compiles and executes successfully is not necessarily a system that produces correct
results, and may end up misleading researchers if the output is not verified against a

reference or ground truth.

7.1.3 Strict evaluation underestimates semantic correctness

All output match rates reported in this thesis use strict exact-string comparison between
the generated script’s standard output and the reference. A lenient analysis of the 27B base
model’s mismatches reveals that 16.4% of its 159 failed output comparisons are cases where
the generated script produced the correct numerical or categorical values but wrapped
them in descriptive labels absent from the reference — for instance, printing Mean: 52.27
instead of 52.27. This analysis was limited to the 27B model as the best-performing
variant, where near-correct outputs are most frequent. The implication is that the strict
metric moderately underestimates the semantic accuracy of the pipeline across all models:

scripts that are logically correct but stylistically verbose in their output formatting are
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penalised as failures. The true output correctness of the system is therefore closer to the

lenient figures than the strict ones reported in Chapter 6.

7.1.4 Smaller models and their practical value

Despite the higher compilation failures seen in the 9B model compared to the 27B model,
the results hide important details: the smaller model is still capable of producing correct
workflows in half of the cases it manages to execute.

The fact that the 9B model is substantially cheaper to run than the 27B model (as it fits
in a single Nvidia GTX 3060 GPU, a consumer-grade 5-year-old graphics card), suggests
that for some use cases, where the cost of running a larger model is prohibitive, a smaller
model may still be a viable option, provided that additional verification steps are in place
to correct its compilation failures. The iterative nature of the pipeline proposed in this
thesis, where the compilation step can be verified and corrected with a feedback loop,
allows for a practical trade-off between model size, cost, and accuracy. Giving back the
compilation error to the model for an iterative correction may allow the 9B model to reach
similar execution rates as the 27B model, while still being cheaper to run, and therefore

more accessible to researchers with limited computational resources.

7.2 RQ2 — Engineering Effort Dominates Model Scale

7.2.1 Prompt engineering as first investment

The single largest effect observed in this thesis came not from model scale but from correct-
ing the system prompt and RAG configuration, which moved the 27B model’s execution
rate from 37.9% to 93.2% with no change to model weights as represented in Figure 6.4.
A naive reading of the first evaluation round alone would have concluded that even a 27B
model is unreliable at BraneScript generation, and that only a much larger commercial-
grade model could close the gap. After the second round, it is clear that this conclusion
would have been wrong, and that the actual bottleneck was grounding and instruction
quality.

This has a direct implication for researchers deploying a local LLM-based DSL transla-
tors: investing in a precise retrieval and an unambiguous system prompt shall be the first
priority, and only then model size or further fine-tuning shall be taken in consideration.
Because direct edits to the base the prompt and to the retrieval configuration were all
revised together between the two evaluation rounds, this finding should be read as evi-

dence that retrieval-and-prompt engineering as a bundle outweighs model scale, not as an
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isolated measurement of RAG’s individual contribution against a no-RAG condition. It
also validates gap G2, as the missing piece for practical intent-to-WMS translation is a

carefully engineered bridge between the two and not a larger model alone.

7.2.2 The decomposition contribution

The ablation in Section 6.3.2 isolates one specific component of that bridge: the intent
decomposer. Removing it reduces compile rate from 66.1% to 52.9%, execution rate from
64.9% to 48.1%, and output match from 36.9% to 26.0% on the 9B model. The consistent
degradation across all three metrics indicates that the decomposer contributes positively
at every stage of the pipeline, not just at one particular failure mode.

A closer look at the error breakdown reveals where decomposition’s benefit is concen-
trated. Undefined function errors, where the model calls a function that does not exist
in the package, occur at virtually the same rate with and without decomposition (28.5%
vs. 28.8% of examples). Syntax errors, by contrast, fall sharply from 12.3% to 3.0% when
decomposition is enabled. This suggests that the primary contribution of decomposition
is not improved package or function selection (that is passed to the RAG), but rather that
breaking the intent into explicit sub-tasks gives the model a cleaner, more constrained gen-
eration problem. Smaller, well-scoped sub-tasks appear to reduce the syntactic complexity
the model must manage in a single generation pass, resulting in structurally more cor-
rect BraneScript. The function-level hallucinations (calling non-existent functions within
the correct package) persist at the same rate regardless, suggesting they are driven by
limitations in the model’s knowledge of package APIs rather than by input ambiguity.

It is also notable that the output match rate under no-decomposition (26.0%) remains
well above zero, meaning the generator can still produce correct workflows from unstruc-
tured input in roughly one in four cases. This suggests the base model can still absorb
enough BraneScript knowledge from its inputs and produce correct outputs for single-
package intents without decomposition.

Finally, a cross-model comparison further underlines decomposition’s weight relative to
model scale. The 4B base model with decomposition enabled achieves 54.6% execution
rate, while the 9B model with decomposition disabled reaches only 48.1%. Decomposition
applied to a smaller model outperforms a model one size tier larger running without it.
This implies that for deployment scenarios where computational resources are constrained,

investing in decomposition yields more return than upgrading to a larger model.
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7.3 RQ3 — Fine-Tuning Degrades Performance Under Cur-

rent Conditions

Both fine-tuned variants collapse to near-zero compile and execution rates on the held-out
test set, far below the 9B base model they were derived from. The comparison between
five epochs and three epochs rules out training duration as the cause: the results are nearly
identical, confirming this is a systematic failure rather than an overfitting artefact.

The central argument of this section is that the root cause is memorisation driven by an
insufficient training set, and that all observable failure modes in the generated outputs are

downstream symptoms of that single constraint.

7.3.1 Why memorisation occurred

Three compounding factors drove the training into memorisation rather than generalisa-

tion.

Dataset too small relative to model capacity. Qwen3.5-9B is a model pre-trained
on billion of tokens. Its LoRA adapter, even with a conservative rank of 16, still contains
millions of trainable parameters. With only 497 training examples, there is vastly more
model capacity than data. Under these conditions gradient descent finds the path of
least resistance: memorising the 497 specific input—output mappings exactly instead of
abstracting reusable patterns. Studies on fine-tuning small and mid-sized LL.Ms find that
measurable generalisation requires at least 1,000-5,000 diverse, high-quality examples for
code generation tasks (25, 26); 497 falls below the threshold at which any generalisation

benefit over the base model can be expected.

Learning rate too aggressive. The SFT learning rate of 2 x 104 is still too high for a
model of this size. A high learning rate causes large weight updates per step, making the
adapter fit tightly to the training examples in very few steps. The training loss collapsed to
near zero within 0.3 epochs after seeing roughly 150 examples for the first time confirming
that memorisation was complete almost immediately. A lower learning rate (e.g. 1 x 107°)
would have slowed this process, potentially allowing the model to build more generalisable

associations before the adapter overfit.

66



7.3 RQ3 — Fine-Tuning Degrades Performance Under Current Conditions

No mechanism to stop memorisation. There was no early stopping based on valida-
tion loss, no weight decay, and no dropout on the adapter. Due to this, nothing penalised
or interrupted memorisation once it began. The trainer continued updating weights for the
full number of epochs even though loss had already reached zero, reinforcing the memorised

mappings further.

7.3.2 Why memorisation causes test-set failure

The LoRA adapter encodes 497 specific context-window patterns: for each training exam-
ple, it learned “when the system prompt <x>> and the specific user intent is <y>, output
<z> specific BraneScript”. On the test set, the system prompt “<x>" is always the same
but the user intent “<y>" is new. The adapter has no memorised answer for them.

For unseen inputs, the adapter does not simply stay inactive, as its weights are always
applied on top of the base model, and they actively push the generation away from what
the base model would naturally produce. The result is a generation that is neither the
clean output of the untrained base model nor a valid BraneScript. This leads to the
adapter disrupting the base model’s competent zero-shot behaviour without replacing it

with anything useful.

7.3.3 Symptoms of memorisation in the generated outputs

A deeper analysis of the generated outputs confirms this picture. Few patterns appear

consistently across both fine-tuned variants.

Verbose inline reasoning and foreign syntax. Training examples contain only intent—
BraneScript pairs with no comments or intermediate reasoning; while the average training
output is 352 characters, generated outputs average 1,800-2,000 characters, more than
five times longer. On unseen intents the adapter provides no memorised continuation,
and the base model’s pre-trained code generation behaviour floods back. From this, two
distinct manifestations appear: verbose multi-line comment blocks with self-contradictory
remarks, and, more critically, the model starts attempting to implement algorithms from
scratch using constructs that do not exist in BraneScript. For example, for a normal-
isation intent the model generates Python-style for loops, manual array indexing with
patients.length, and constructs such as new array of real, none of which are valid
BraneScript. Rather than calling the appropriate package function (normalize(data,
"blood_pressure", "minmax")), the model writes a general-purpose algorithmic imple-

mentation drawn from its pre-training on mainstream programming languages. This is
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the clearest evidence that the model never learned the intent-package-function mapping
and instead falls back on general code generation patterns when the memorised answer is

absent.

Context contamination. Although the system and user tokens receive zero loss during
training, the model still sees them in the context window for every training example. With
loss collapsing immediately, the model effectively memorises each training example as a
complete context-window pattern, conflating prompt content with assistant output. On
unseen inputs it reproduces verbatim fragments of the system prompt as inline comments —
phrases such as # Do NOT attempt to re-implement the masking logic or # package
function outputs, drawn directly from the system prompt’s constraint list. This is a

consequence of full-context memorisation.

7.3.4 Implications and scope of the finding

The near-zero compile rates should be read as a consequence of insufficient training scale
rather than as evidence that BraneScript is unlearnable via SF'T. The most direct remedy
is a larger, more diverse training set on the order of several thousand examples, covering
the full range of package combinations and intent types. Complementary measures such as
a lower learning rate, early stopping on validation loss, and data augmentation through in-
tent paraphrasing would further reduce the risk of memorisation even with a modestly sized
dataset. Additionally, fine-tuning was limited to the 9B model due to GPU allocation con-
straints on Snellius; larger models (27B, 70B) with stronger zero-shot instruction-following
capabilities may require fewer examples to generalise, making them potentially more robust

to the data scarcity observed here. All of these remain open directions for future work.

7.4 RQ4 — Semantic Caching as a Practical Reproducibility
Layer

The evaluation of the semantic cache yields two sets of findings that must be read together.
On one hand, the cache achieves a 99.1% hit rate and a 98.3% correct rate at the 0.92
threshold over the paraphrase test set, indicating that sentence-embedding similarity is
an effective proxy for intent equivalence. On the other hand, the threshold sweep reveals
an irreducible false-positive floor of approximately 0.9% for the same threshold value,
attributable to the inability of general-purpose embeddings to distinguish intents that

share the same topic but differ in specific parameter values.
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The first finding addresses the core design goal of the cache: to return the same verified
workflow for semantically equivalent intents without repeating the generation step ensuring
reproducibility. The observed hit and correct rates confirm that this goal is met under the
evaluation conditions. The second finding establishes a boundary on when the cache should
be trusted: its error rate is hardly reducible to zero by threshold tuning alone. The two
findings together suggest that the cache is best understood as a performance optimisation
with o bounded, known error rate rather than a reproducibility guarantee in the strict

scientific sense.

7.4.1 The false-positive floor

The cache threshold sweep reveals a false-positive rate that remains stable at approximately
0.9% across thresholds from 0.80 to 0.92, and only drops to 0.1% at a threshold of 0.98, at
which point the hit rate collapses from 99.1% to 59.1%. This behaviour indicates that the
false positives are not a function of the threshold being too low, but of the embedding model
mixing structurally similar intents regardless of parameter values. Unlike the RQ1/RQ2
findings above, this is not attributable to fixable engineering choices: a general-purpose
sentence embedding model encodes what an intent is about, not the exact parameter values
within it. Two intents that differ only in a threshold value, a column name, or a dataset
identifier are, for most practical purposes, requests for different computations, yet they
are nearly indistinguishable in embedding space. Threshold tuning is therefore not a
completely viable path towards the elimination of false positives.

This is a direct, empirical instance of gap G3, where no agreed definition of intent re-
producibility exists (Chapter 2): the semantic cache implicitly assumes that “reproducible”
means “the same workflow for the same propositional intent”, while for scientific correctness
it must mean “the same workflow for the same intent including all parameter values”.

A semantic cache that weights parameter values more heavily than topic similarity would
be a more appropriate solution for scientific reproducibility, but it would require a different
embedding model or a custom similarity function that is aware of the DSL’s parameter

semantics. This is a potential avenue left for future work.

7.4.2 The operating point and its practical meaning

The remaining 0.8% false-positive rate from the 0.92 threshold means that for every 125
cache hits, approximately one will return a workflow intended for a semantically similar

but distinct intent. In a scientific computing context, this is not a negligible rigk, as a
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wrong workflow executed silently on a dataset could produce results that look plausible
but are derived from the wrong analysis. For this reason, the cache should not be used as
the sole quality gate.

It is worth noting, however, that the threshold can be treated as a confidence dial rather
than a fixed parameter. Raising the threshold does not simply reduce false positives by
a small margin, but it causes the cache to abstain on lower-confidence matches entirely,
routing them to a fresh generation call instead. At 0.96, for example, the false-positive
rate drops to 0.65% while the hit rate falls to 88.1%, meaning that roughly 12% of requests
that would have been served from cache are instead regenerated. For deployments where
correctness is critical and generation cost is acceptable, a higher threshold is therefore a
principled strategy: uncertain matches will receive a new and independently generated
workflow rather than a cached one of unknown validity. The threshold, in this sense,
encodes a policy choice about the acceptable trade-off between latency and confidence,
and the sweep data in Section 6.5 provides the empirical basis for making that choice

explicitly.

7.5 Revisiting the Choice of Brane

The motivation for using Brane as the testbed for this work (Chapter 2) rested on two
properties: its support for federated workflows in which the party executing a computation
need not own the underlying data, and its enforcement, via typed, sandboxed packages of
that separation at the platform level rather than by convention.

The results in this thesis evaluate translation accuracy and reproducibility, but the selec-
tion of an underlying architecture that makes evaluation possible under private conditions
is itself evidence for a privacy-centered design. The translation problem studied here is
therefore additive to Brane’s existing privacy guarantees rather than a replacement for
them: a correct BraneScript workflow inherits Brane’s data-locality enforcement automat-
ically, simply by virtue of being expressed in BraneScript rather than in a Python script
with unrestricted file access.

The static typing of BraneScript has a secondary benefit that emerged empirically
through this thesis: it makes evaluation cleaner than it would be for a dynamically typed
target language. Because the compiler rejects undefined variables, undefined functions,
and type mismatches at compile time, compile rate is a meaningful and automatically
computable proxy for a large class of semantic errors, without requiring execution. This

is not a property of most target languages used in comparable NL-to-code work (Python,
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SQL, Bash), where many structural errors only surface at runtime or not at all. The
strictness that makes BraneScript difficult to generate correctly is the same property that

makes incorrect generation immediately detectable.

7.6 Summary

Taken together, the results suggest a layered picture of where accuracy comes from in
intent-based scientific workflow generation.

Retrieval and prompt engineering account for the largest single improvement observed,
and should be the first investment for anyone building a similar system for a low-resource
DSL. The decomposer contributes a further, consistent improvement by converting vague
multi-clause intents into structured retrieval queries.

Scaling the base model from 4B to 27B brings substantial compile and execution rate
improvements, but the output match ceiling at 49.6% reveals that scale alone cannot solve
the semantic accuracy problem. The dominant failure mode at 27B is no longer structural
but semantic: the model generates plausible, executable workflows that return the wrong
answer, a failure class that is harder to detect and more dangerous in practice than a
compile error.

Semantic caching provides a strong and computationally cheap reproducibility mecha-
nism for repeated or paraphrased intents, but has an irreducible false-positive floor imposed
by the limitations of sentence embeddings as a proxy for computational equivalence. The
threshold of 0.92 represents an acceptable operating point and not a principled solution to
the parameter sensitivity problem. Administrators may choose to tune the threshold to a

higher value if correctness is critical and generation cost is acceptable.
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Threats To Validity

This chapter reports threats to the validity of the experiments in Chapter 6, following the
classification proposed by Wohlin et al. (27).

8.1 Internal Validity

The difference between the two baseline evaluation in Subsection 6.3.1 presented in rounds
differ in more than one variable simultaneously (system prompt, RAG aliases, and output
post-processing all changed together), so the reported 13.5% — 49.6% improvement in
output match rate for the Qwen3.6-27B model cannot be decomposed into the individual
contribution of each fix. Additionally, gauging the quality of the first prompting round is a
subjective judgement, and the choice of which prompts to include in the second round was
informed by the first round’s results, which may have introduced a more refined prompt
that would not have been chosen in a blind evaluation.

A second internal validity threat concerns the supervised fine-tuning evaluation. The
87 test intents were drawn from the same 584-intent pool used to design the training set,
meaning both splits share the same package set and the same operation types. If the
fine tuning would have worked, the SF'T model could have benefited from memorisation
of structural patterns present in the training data rather than demonstrating genuine
generalisation to unseen intents. A stricter evaluation would require test intents authored

independently and targeting package or operation combinations not represented in training.

8.2 External Validity

All evaluated intents target one of six hand-built Brane packages designed specifically for

this project, covering a curated set of scientific scenarios. It is not established that the
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translation accuracy, RAG design, or cache behaviour reported in Section 6.5 generalise to
(i) packages built by other teams with different documentation conventions, (ii) substan-
tially larger package ecosystems, or (iii) intents drawn from real scientists’ requests rather
than machine-authored examples.

The pipeline is also tailored specifically to BraneScript: the RAG retrieval is designed
around package documentation structure, the decomposition strategy targets BraneScript’s
function-call granularity, and the prompt templates encode BraneScript syntax conventions
explicitly. Whether the approach generalises to other scientific workflow DSLs, such as
CWL, Nextflow, or Snakemake, is untested; these languages have substantially different
abstraction models and documentation styles that would require independent evaluation,
but we expect the general approach to be adaptable given appropriate modifications to the
pipeline.

All 584 intents in the dataset (and their relative paraphrases) were authored by a third
party LLM with detailed knowledge of both the packages and BraneScript. This means
the intents may unconsciously reflect what the system handles well, which is a natural
precise phrasing with well-scoped requests. Real users with less familiarity with the un-
derlying system may produce more ambiguous, colloquial, or domain-specific intents that
the pipeline was not tested against. Additionally, all test intents were formalized in the
English language; performance for non-native English speakers or non-English intents is

unknown.
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Conclusion

This thesis investigated whether large language models can bridge the gap between natural-
language research intent and executable BraneScript workflows in the Brane privacy-
preserving distributed computing framework. The motivation had practical ground: do-
main scientists working with sensitive cross-institutional health data should not need to
learn a domain-specific workflow language to benefit from the privacy and reproducibility

guarantees that Brane provides.

9.1 Summary of contributions and results

The thesis designed, implemented, and evaluated a pipeline consisting of an intent de-
composer, a retrieval-augmented package context provider, a large language model code

generator, and a semantic cache. Four research questions were addressed.

RQ1 — Translation accuracy scales with model size. Three base models from
the Qwen3 family were evaluated on a dataset of 497 intent—BraneScript pairs spanning
the full drafted Brane package library. All three metrics, compile rate, execution rate,
and output match rate, improve monotonically with model scale. The dominant failure
mode shifts with scale: small models fail primarily at compile time due to syntax and
undefined-variable errors, while the 27B model compiles reliably but still misses roughly
half of output values, indicating that semantic correctness remains an unsolved challenge
even at this scale. The evaluation metric of output match rate is particularly stringent,
and while it is the easiest to verify automatically, it does not account for semantically

equivalent outputs that differ in formatting or ordering.
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RQ2 — Engineering effort matters more than model scale. Prompt engineer-
ing and retrieval configuration had a larger absolute impact on output match than the
difference between model sizes. Fixing the system prompt, improving RAG aliases, and
correcting post-processing heavily lifted output match rates. Together with the intent de-
composer, these findings indicate that a carefully engineered pipeline with a smaller model

can outperform a larger model without engineering investment.

RQ3 — Supervised fine-tuning degrades performance under current conditions.
Two QLoRA fine-tuning runs on the 9B model (3 and 5 epochs on 497 training examples)
both collapsed to near-zero performance on the 87-example held-out test set: compile rates
of 2.3% and 4.6% respectively, compared to the base model’s 49.4%. The consistent failure
across both runs rules out training duration as the cause. The root cause is memorisation:
the dataset is too small relative to model capacity, and with no early stopping the LoRA
adapter memorised the training examples rather than learning generalisable BraneScript
patterns. On unseen intents the adapter disrupts the base model’s competent zero-shot
behaviour without providing a useful alternative — the fine-tuned model performs far

worse than the base model it was derived from.

RQ4 — The semantic cache is effective but not a scientifically strict repro-
ducibility guarantee. The semantic cache achieves a 99.1% hit rate and 98.3% correct
rate at the default 0.92 cosine similarity threshold over a paraphrase test set, confirming
that sentence-embedding similarity is a viable proxy for intent equivalence. However, the
false-positive rate has an irreducible floor of approximately 0.9% that does not decrease
meaningfully with threshold tuning until the threshold reaches 0.98, at which point the
hit rate collapses to 59.1%. The floor arises because general-purpose embeddings cannot
reliably distinguish intents that share a topic but differ only in parameter values. The
cache therefore functions as a practical performance optimisation with a bounded known

error rate, rather than a strict reproducibility guarantee in the scientific sense.

9.2 Limitations

BraneScript is an unknown language with no existing dataset. BraneScript is a
domain-specific language developed exclusively within the Brane project, with no public
corpora, no community presence, and no prior NL-to-BraneScript dataset from any re-

search group. Every training and evaluation example used in this thesis was generated
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from scratch, either manually or via LLM synthesis. This means the models had no Brane-
Script exposure during pre-training, the dataset size is constrained by the effort required to
produce ground-truth scripts, and there is no external benchmark against which to validate

results. All findings should be interpreted in this context.

Dataset size limits the strength of all findings. The full dataset of 497 training
and 87 test examples is too small for NLP standards. Effect sizes reported throughout this
thesis are point estimates without confidence intervals, and individual difficult examples
disproportionately influence results. A larger, more diverse dataset would allow more
reliable training and comparisons, and would directly enable the fine-tuning experiments

that failed here due to memorisation.

Computational resources constrained the experimental scope. All experiments
were run on a single Snellius GPU node with a fixed quota allocation. This prevented
evaluation of models larger than 27B parameters, limited fine-tuning to the 9B model for

a small number of epochs, and made the GRPO training loop too expensive to run.

Larger open-weight models were not evaluated. The largest model evaluated is
27B parameters. Models in the 35B-397B range, such as Qwen3.5-32B or Qwen3.5-397B
were not evaluated, leaving open whether the gap to cloud-scale proprietary models (GPT-
40, Claude, Gemini) can be closed with open-weight models at intermediate sizes. A direct
comparison on the same BraneScript task against state-of-the-art cloud LLMs that range
from 70B to 1T parameters, and that have been trained on a much larger corpus, would
provide a clearer picture of where local models stand and what the practical cost of privacy-

preserving local execution is in terms of accuracy.
No iterative correction The pipeline evaluates single-shot generation with no feedback
loop. An iterative correction step with the re-prompting of the model together with the

compile error, is standard in code generation and could substantially improve compile rates,

particularly for smaller models.

9.3 Future work

Several directions emerge directly from the findings of this thesis.
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Scaling the training set for SFT. The most direct path to successful fine-tuning is a
larger, more diverse training dataset. A dataset of 2,000-10,000 intent—BraneScript pairs
covering the full range of package combinations and intent types, combined with a lower
learning rate and early stopping on validation loss, would address the memorisation failure
identified in RQ3.

Reinforcement learning from execution feedback (GRPO). The training infras-
tructure developed in this thesis includes a full GRPO (Group Relative Policy Optimisa-
tion) implementation that rewards scripts based on actual execution against a live Brane
instance. This approach bypasses the need for reference BraneScript entirely: the model

learns from whether its generated scripts compile and produce correct results.

Larger model fine-tuning. Fine-tuning the 9B model, which already demonstrates
strong zero-shot BraneScript generation, could yield a specialised model that combines
the 27B base model’s compilation reliability with improved semantic accuracy on domain-

specific intents. The models with 70B+ scale remains entirely unexplored.

Parameter-aware semantic cache. The current semantic cache uses general-purpose
sentence embeddings that encode what an intent is about rather than the exact parameter
values within it. Two intents that differ only in a column name, threshold, or dataset
identifier are nearly indistinguishable in embedding space, producing a false-positive floor
that cannot be eliminated by threshold tuning alone. A semantic cache that weights
parameter values more heavily than topic similarity would be a more appropriate solution
for scientific reproducibility, but would require a different embedding model or a custom
similarity function aware of the DSL’s parameter semantics. This is a concrete avenue
for future work that would directly address the irreducible false-positive rate identified in
RQA4.

Extension to other domains and frameworks. Adapting the pipeline to other privacy-
preserving workflow frameworks would establish whether the findings generalise beyond the

healthcare domain and the specific BraneScript language studied here.
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