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Abstract

Coding agents are operating machine learning platforms, yet no systematic
study has established which platforms they can operate, and at what cost.
This thesis maps and measures that landscape.

A market assessment scores 39 machine learning platforms by whether
an agent can manage feature, training, and inference pipelines through a
Python software development kit, a command line interface, or a Model
Context Protocol server. It also examines platform agents and platform meta-
harnesses. Five platforms provide complete coverage through at least one
of the first two interfaces, and three through both. One of those three is
European. None provides full Model Context Protocol coverage.

MLPlatformAgentBench evaluates the interfaces on 22 tasks from feature
engineering through operations, restricting each agent to one interface and
basic shell tools. Across Hopsworks and Databricks, two American and
two European models, two interfaces, and, for Claude, two skill conditions,
coding agent and model choice made the largest performance difference.
Claude Opus in Claude Code solved 98% of runs, compared with 36% for
Mistral Large in Mistral Vibe. The interface changed how work was done,
not whether it succeeded. When the command line interface and software
development kit were similarly mature, progressive disclosure offered no
measurable advantage. Also, skills had no detectable effect on Claude
Code’s accuracy. Operating platforms differed detectably in accuracy only
for Mistral Large in Mistral Vibe, which was more accurate on Hopsworks.
The Hopsworks configuration also used fewer turns, less local time, and lower
Claude model invocation cost, but the design does not isolate platform from
execution period and coding agent version. The mean Claude run cost 1.06
against 2.32 US dollars. Claude Code then produced six optimized command
line interface variants and one optimized set of skills for each optimization.
None beat its corresponding baseline. This null result supports treating agent-
based interface optimizations as hypotheses requiring paired measurement.

Keywords

Machine Learning Platforms, Coding Agents, Large Language Models,
Benchmark, Command Line Interface, Software Development Kit,
Agent Skills, Sovereign Artificial Intelligence
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Sammanfattning

Kodningsagenter anviander maskininldrningsplattformar, men ingen systema-
tisk studie har faststillt vilka plattformar de kan anvinda och till vilken
kostnad. Denna avhandling kartldgger och miter detta landskap.

En marknadsbedomning podngsitter 39 maskininldrningsplattformar uti-
frdn om en agent kan hantera funktions-, tranings- och inferenspipelines via
ett Python-programvaruutvecklingskit, ett kommandoradsgranssnitt eller en
Model Context Protocol-server. Den undersoker ocksé plattformsagenter och
plattformsmeta-harnesses. Fem plattformar ger fullstindig tickning genom
minst ett av de tvd forsta grianssnitten, och tre genom bada. Ett av dessa tre
ar europeiskt. Ingen ger fullstindig Model Context Protocol-tickning.

MLPlatformAgentBench utvirderar grinssnitten pd 22 uppgifter fran
funktionsutveckling till drift, och begrinsar varje agent till ett grénssnitt
och grundlidggande skalverktyg. For Hopsworks och Databricks gjorde tva
amerikanska och tvé europeiska modeller, tva granssnitt och, for Claude, tva
fardighetsvillkor, kodningsagent och modellval den storsta prestandaskillna-
den. Claude Opus i Claude Code 16ste 98% av korningarna, jamfort med 36%
for Mistral Large i Mistral Vibe. Grinssnittet forandrade hur arbetet utfordes,
inte huruvida det lyckades. Nir kommandoradsgrianssnittet och program-
varuutvecklingspaketet var lika mogna, erbjod progressiv avslojande ingen
mitbar fordel. Fardigheter hade inte heller naigon mérkbar effekt pa Claude
Codes noggrannhet. Operativplattformar skilde sig mérkbart &t i noggrannhet
endast for Mistral Large i Mistral Vibe, vilket var mer exakt pd Hopsworks.
Hopsworks-konfigurationen anvinde ocksd firre varv, mindre lokal tid och
lagre kostnad for att anropa Claude-modellen, men designen isolerar inte platt-
formen fran exekveringsperiod och kodningsagentversion. Den genomsnittliga
Claude-korningen kostade 1,06 jimfort med 2,32 amerikanska dollar. Claude
Code producerade sedan sex optimerade kommandoradsgrianssnittsvarianter
och en optimerad uppsittning fardigheter for varje optimering. Ingen slog
motsvarande baslinje. Detta nollresultat stoder behandling av agentbaserade
granssnittsoptimeringar som hypoteser som krédver parade métningar.

Nyckelord
Maskininldrningsplattformar, Kodagenter, Stora sprdkmodeller,
Riktmaérke, Kommandoradsgrénssnitt, Programmeringsgranssnitt,

Agentfiardigheter, Suverin artificiell intelligens
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Chapter 1

Introduction

This chapter introduces the thesis. It describes how coding agents and machine
learning (ML) platforms meet at the platform’s interfaces and why the origin
of both has become a strategic question. It then states the problem, the research
questions, and the goals, presents the research methodology, and delimits the
scope. It closes with the structure of the remaining chapters.

1.1 Background

Coding agents based on large language models (LLLMs) have moved from gen-
erating isolated code snippets to carrying out complete software engineering
(SWE) tasks, planning their work, executing tools, reading the results, and
iterating until a goal is met. At the same time, machine learning (ML) systems
are increasingly built and operated on ML platforms that manage machine
learning operations (MLOps) and automated machine learning (AutoML)
tasks, organized around abstractions such as feature stores and the feature,
training and inference (FTI) pipeline architecture.

An agent can operate an ML platform through the same interfaces
a human engineer uses, a Python software development kit (SDK) and
a command line interface (CLI), and through interfaces built for agents,
Model Context Protocol (MCP) servers, ML platform agents, and skills,
plain-text documentation that vendors publish for coding agents. Whether
an agent succeeds at platform work, and what that work costs in tokens,
turns, and time, plausibly depends on which of these tools it is given.
These interfaces differ in how much of themselves they place in the agent’s
context window before any work begins, a property known as progressive
disclosure, which practitioners hold responsible for the efficiency of the CLI



2 | Introduction

but which has not been measured on platform work.

The question has a geopolitical dimension. Artificial intelligence (Al) has
become an instrument of competition between states, which restrict exports of
computing hardware, finance national infrastructure, and fund domestic model
companies. Sovereign Al strategies consequently treat the origin of models
and platforms as a strategic variable. Data held by American providers remains
subject to United States law regardless of where it is stored, and this matters
for ML platforms in particular because they store an organization’s proprietary
feature data. Whether European coding agents, models, interfaces, platforms,
and skills can match their American counterparts in operating ML platforms is
an open empirical question. The next section states the problem that follows.

1.2 Problem

This section states the problem in two steps. The first subsection
defines the problem, and the second derives the scientific and
engineering issues that are solved to address it.

1.2.1 Problem and Definition

No systematic study exists of which machine learning (ML) platforms a coding
agent can operate today, through which interfaces, and across which machine
learning operations (MLOps) and automated machine learning (AutoML)
tasks. No benchmark measures how the choice of interface and skills affects
what an agent accomplishes and what it costs. Analyst reports such as
Gartner’s Magic Quadrant evaluate whether platforms can manage and build
agents, but pay little attention to the interfaces through which a coding
agent can operate the platform itself, which ML.Ops and AutoML tasks those
interfaces cover, or how platforms compare on this. Coding agent benchmarks
target repository-level software engineering rather than platform operation.
This thesis therefore maps the landscape of ML platforms operated by agents
and measures, under controlled conditions, the effect of interface, skills,
model, and platform on what an agent accomplishes and what it costs. Doing
so raises the issues described in the next subsection.

1.2.2 Scientific and Engineering Issues

Measuring what an agent accomplishes on machine learning (ML) platforms
raises issues that existing benchmarks for large language models (LLLMs) and
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ML agents avoid. Tasks must be generated fresh and seeded, so that no
solution is already present in model training data, yet remain reproducible.
Success must be graded from the state the agent actually produced on the
platform to verify that the agent worked on the platform rather than computing
results locally. The agent must be verifiably confined to the one interface
under test, which requires enforcement rather than instruction. At the same
time, different coding agents, models, interfaces, and skills must run under
the same conditions and with the same tools, and none of it may restrict the
agents’ autonomy. Runs must be isolated so that provisioning, teardown, and
parallel execution do not contaminate each other. Every reported number
must be traceable to the exact run that produced it. Finally, ML platform and
model budgets limit the number of runs, so the statistical design must draw
its evidence from pairing across tasks rather than from repetition. The next
section states the research questions that follow from this problem.

1.3 Research Questions

The purpose of this thesis is to give machine learning (ML) platform vendors,
adopting organizations, and the research community an empirical basis for
the following three decisions about agent operated ML platforms, each
addressed by one of the three research questions (RQs):

* RQ1: Which ML platforms exist, and to what extent do their interfaces,
namely software development kits (SDKs), command line interfaces
(CLIs), and Model Context Protocol (MCP) servers as well as ML
platform agents, cover machine learning operations (MLOps) and
automated machine learning (AutoML) tasks when assessed against a
systematic set of coverage criteria?

* RQ2: How do European and American coding agents, based on frontier-
tier and lower-tier model products, compare in operating European and
American ML platforms across MLOps and AutoML tasks with and
without skills, measured by accuracy, model invocation cost, and turns?

* RQ3: To what extent can a coding agent optimize an ML platform’s
CLI and skills, and how does the optimized interface compare against
the platform’s unoptimized CLI and native SDK baselines on accuracy,
cost, and turns?

The economic, social, environmental, and ethical aspects of these research
questions are discussed in the reflections in Section 6.4. These are the
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cost of agent operated platform work, the sovereignty of the underlying
technology, the resource footprint of the experiments, and the confinement
of intelligent agents on production systems. The next section defines the
goals that follow from these research questions.

1.4 Goals

The goals are five deliverables. First, a market assessment of 39 machine
learning (ML) platforms answers RQ1. Second, MLPlatformAgentBench
(MLPAB), a benchmark of 22 seeded templates covering feature, training,
inference, and operations tasks together with capstone projects. Third, the
MLPAB meta-harness for evaluating coding agents operating ML platforms.
It wraps each coding agent in a sandboxed, policy-enforced session behind a
uniform application programming interface (API), and it executes treatment
grids across platforms, models, interfaces, and skill conditions with recorded
per-run provenance. Fourth, the executed comparison, 700 graded runs
across two platforms, four models, two interfaces, and two skill conditions,
answering RQ?2. Fifth, the optimization study, in which the agent produces
and evaluates six command line interface (CLI) variants and one optimized
skill set each, answering RQ3. The next section describes the research
methodology by which these deliverables are produced.

1.5 Research Methodology

The thesis follows a quantitative experimental method for software engineer-
ing (SWE) research. research question (RQ) 1 is answered by a structured
assessment against criteria fixed in advance, and every judgement records a
documenting source. The second and third RQs are answered by controlled
experiments in which treatments set the independent variables and expand
deterministically into run grids, while pinned versions and enforced interface
confinement hold the specified factors constant where possible. Analysis
uses planned contrast groups evaluated with paired non-parametric tests,
Holm adjustment within each group, and effect sizes reported alongside
significance. The treatment definitions are retained in the repository, and
the test choice for each metric is fixed in the method before the analysis is
implemented. The method chapter details the five phases, namely benchmark
construction, market assessment, scoping, planning, and operation. The
next section delimits the scope of the work.
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1.6 Delimitations

Due to financial restrictions, the committed experiments cover two of the five
platforms identified as leading, Hopsworks and Databricks, and four models
from two vendors, Claude Opus and Claude Sonnet against Mistral Large and
Mistral Medium, so conclusions about other platforms and models are out of
scope. The Model Context Protocol (MCP) is assessed in the market study
but not benchmarked, since no platform covers machine learning operations
(MLOps) and automated machine learning (AutoML) tasks completely. Each
cell of the design, meaning one combination of platform, model, interface,
skill condition, and task, holds a single run, so inference is based on paired
contrasts over the 22 tasks rather than on cell level estimates. The tasks
are generated rather than collected from production incidents, their scale is
bounded by the run budget, and they were not validated by machine learning
(ML) experts. The optimization study is limited to the European platform’s
command line interface (CLI) and a single American model, so the sovereignty
comparison does not extend to the optimization results. It also evaluates the
optimized artifacts on the task distribution from which they were derived.
Security questions, such as whether an unconfined agent escapes its intended
interface, are observed only incidentally through the enforcement logs and are
not studied. The chapter closes with the structure of the remaining thesis.

1.7 Structure of the Thesis

Chapter 2 provides the background on machine learning (ML) platforms, large
language models (LLMs), coding agents, and sovereign artificial intelligence
(Al), reviews the related work on meta-harnesses, ML agents and platforms,
benchmarks, and agent driven optimization, and closes with a summary
that leads to the gaps and derives the research questions (RQs). Chapter
3 presents the method, the construction and verification of the benchmark,
the market assessment criteria, and the scoping, planning, and operation of
the experiments. Chapter 4 reports the market assessment, the benchmark
comparison, and the optimization evaluation, together with their statistical
analysis. Chapter 5 discusses the findings, reconstructs from the run artifacts
why models underperform, and draws the practical implications. Chapter 6
concludes, states the limitations of the research results, which build upon
the delimitations defined above, outlines future work, and reflects on the
economic, social, environmental, and ethical aspects of the work.
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Chapter 2

Background

This chapter presents the foundational concepts that underpin this study.
As the thesis examines machine learning (ML) platforms, it begins with an
overview of artificial intelligence (Al) and its subfields, then moves from ML,
where the core learning paradigms of modern model training are introduced,
to ML engineering, emphasizing practical methods and tools for building
models, and further to machine learning operations (MLOps), with its focus on
automation and scalable operation of the ML lifecycle. Finally, it introduces
ML platforms, the technical infrastructure that supports all of these practices.

The chapter then explores large language models (LLLMs) in the context of
software engineering (SWE), beginning with deep learning (DL), the subset
of ML that enables the neural network architectures behind modern gener-
ative models, and generative artificial intelligence (GenAl), the theoretical
foundation for models that generate new content rather than merely analyzing
existing data. LLLMs are examined as the specific class of generative models,
followed by code generation as the SWE task to which they are applied, and
vibe coding as an emerging development practice that uses these models for
SWE tasks. Automated machine learning (AutoML) is then discussed as the
application domain in which LLMs are increasingly employed to automate
the construction of ML pipelines. Finally, sovereign Al is examined as the
geopolitical dimension of these models, establishing why the origin and scale
of the LLMs underlying coding agents, and the origin of the ML platforms
they operate, constitute strategic variables for this thesis.

As this research focuses on coding agents that use LLLMs to optimize
ML platform interfaces, it is essential to situate them within the broader
field of intelligent agents. For that, intelligent agents and the principles
of autonomy, reactivity, and proactiveness that define agent behavior are
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examined next. Distributed artificial intelligence (DAI) and multi-agent
system (MAS) are discussed to establish coordination and planning principles
for environments where multiple agents or agent components collaborate.
Software agents are then introduced as the bridge between theory and
practical implementation, leading to coding agents, the class of LLM-based
Al agents central to this thesis. Context engineering is also covered, as
the effectiveness of coding agents depends on how information is struc-
tured within their underlying LL.M’s context window, directly influencing
interactions with external tools and platforms.

Building on these foundations, the chapter then examines how coding
agents interact with external systems. It reviews the evolution of tool use
from early self-supervised approaches to the function calling paradigm, and
then examines the three interface types through which agents operate external
systems: the software development kit (SDK), the programmatic interface
through which a platform is operated from code, the command line interface
(CLI), an interface that enables agents to operate directly within the local
operating system, and the Model Context Protocol (MCP), the agent-native
protocol that attempts to standardize how agents discover and invoke external
capabilities. The CLI is examined from its early development in interactive
computing systems and early command interpreters, through the Bourne Shell,
to modern research on natural language to Bourne Again SHell (BASH)
translation. Agent skills are then reviewed as reusable behavioral abstractions
that guide agent planning and execution, culminating in agentic coding
manifests that provide agents with persistent project context and operational
rules. Finally, progressive disclosure is traced from its origin in graphical
user interface design to its application to skills, tools, and the CLI, as the
principle that determines how much of an interface reaches the model.

The next section reviews related work across four areas, with the aim
of identifying gaps in current research that motivate the research questions
(RQs). The first traces the harness from its first appearances to its component
definition, and fixes the meta-harness definition this thesis adopts. The second
examines ML, covering both approaches to specializing software agents for
ML workflows and the broader landscape of ML platforms. The third
addresses existing benchmarks for coding agents, data and feature engineering,
the CLI, and ML agents. The fourth explores existing research on optimizing
systems using agents. The chapter closes with a summary that synthesizes the
background and related work and derives the RQs guiding this thesis.
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2.1 Artificial Intelligence

Artificial intelligence (Al) is a broad term describing “algorithms capable
of performing tasks that typically require human intelligence, such as un-
derstanding natural language, recognizing patterns, making decisions, and
learning from experience” [1]. Early Al systems, including expert systems
and knowledge bases, were rule-based and designed to support users and
businesses in decision-making processes. Machine learning (ML), a subfield
of Al, focuses on algorithms that learn to solve tasks from data without explicit
programming. Deep learning (DL), in turn, is a subset of ML that uses neural
networks to detect correlations and patterns in large datasets.

While ML and DL primarily focus on analyzing and learning from data,
deep generative models (DGMs) aim to capture the underlying distributions
of a dataset to generate outputs that closely resemble real-world data [1].
When built on DL architectures, these models are considered generative
artificial intelligence (GenAl). Generative modeling allows these models not
only to replicate data patterns but also to understand the structure of the
information and produce coherent, structured outputs. This capability is
particularly effective in domains such as natural language processing (NLP),
where models are trained to comprehend and generate natural language.
Among the most prominent examples are large language models (LLMs),
such as generative pre-trained transformers (GPTs), which apply generative
modeling to language and are increasingly used for software code generation.
Development practices that rely primarily on these models for code generation
are commonly referred to as vibe coding.

2.1.1 Machine Learning

Machine learning (ML) is defined as “a set of methods that can automatically
detect patterns in data, and then use the uncovered patterns to predict future
data, or to perform other kinds of decision-making under uncertainty” [2].
ML methods are commonly divided into supervised learning, unsupervised
learning, semi-supervised learning, and reinforcement learning (RL).
Supervised learning involves learning a function that maps an input
to an output based on labeled examples. A training dataset consisting
of input—output pairs is used to infer this mapping [3]. In that dataset,
each input is represented as a d-dimensional vector of features. Features
correspond to a measurable property of the input [2]. For example, in a
weather prediction task, a single day could be represented as two features,
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the temperature and the day of the year, allowing the model to learn seasonal
trends. Supervised learning is usually applied when target outcomes are
known. Common tasks include classification, which assigns inputs to discrete
categories such as “rainy” or “not rainy”, and regression, which predicts
continuous values such as the temperature in degrees.

Unsupervised learning, in contrast, analyzes data without labeled outputs
or explicit human guidance [3]. Its objective is to identify patterns, structures,
or relationships within the data through techniques such as clustering,
dimensionality reduction, and anomaly detection. For example, clustering
can group customers with similar purchasing habits, while dimensionality
reduction can identify key factors in climate data.

Semi-supervised learning combines labeled and unlabeled data, which is
useful when labeled data is limited or costly to obtain [3]. By using the
structure of unlabeled data alongside available labels, the aim is to improve
predictive performance. Applications include machine translation, fraud
detection, and image classification where only a subset of images is labeled.

RL takes a different approach, involving an agent that learns to make
decisions through interaction with an environment [4]. The agent receives
rewards or penalties based on its actions and seeks to learn a policy that
maximizes cumulative reward over time. This approach is well suited for
sequential decision-making problems such as robotics, autonomous driving,
and game playing, but is less suited for simple prediction tasks.

While these learning paradigms provide the theoretical foundation for ML,
applying them effectively in practice requires a set of engineering principles,
a structured lifecycle, as well as tools and organizational practices.

2.1.1.1 Machine Learning Engineering

Several practical principles are essential for the effective application of ML [5].
Learning is determined by the combination of representation, evaluation,
and optimization, with generalization being the primary measure of success.
While large datasets contribute to improved performance, data alone is not
sufficient, and feature engineering often has a greater impact than algorithm
choice. A central challenge in ML is overfitting, which occurs when a
model learns the training data too closely and fails to generalize to new,
unseen data [6]. Generalization error decomposes into bias, when a model
captures incorrect patterns, and variance, when it captures random noise,
and overfitting is primarily a problem of excessive variance, whereas high
bias is characteristic of underfitting. Simple algorithms can outperform
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more complex ones under computational constraints, and ensembles of
models generally achieve better results than individual models. For example,
bagging combines multiple decision trees trained on different random subsets
of the data to reduce variance, while stacking combines predictions from
multiple models to improve overall accuracy.

Understanding these principles is critical not only for building models but
also for ensuring that their behavior can be trusted and communicated [7].
Interpretability refers to the extent to which a human can comprehend how
and why a model produces its outputs. It can be described along three
dimensions. Predictive accuracy measures how well the model approximates
the true underlying process. Descriptive accuracy evaluates how faithfully an
explanation reflects what the model has actually learned. Relevance considers
whether the explanation provides meaningful insights for a specific audience.

The artificial intelligence (Al) lifecycle, synonymously referred to as the
ML lifecycle, is usually organized in three phases [8]. The first is the design
phase, typically managed by a data scientist, and encompasses identifying and
formulating the problem, reviewing data and Al ethics, reviewing technical
literature on Al algorithms, applications, and pre-trained models, as well as
data preparation, data exploration, and external data acquisition. The second
is the development phase, carried out by AI/ML scientists, which involves
data pre-processing, building an initial model, augmenting data, developing
a benchmark, building multiple models, evaluating primary metrics such
as accuracy, precision, recall, and mean squared error, and explaining or
interpreting the model. The third is the deployment phase, managed by
the AI/ML engineer, and consists of evaluating secondary metrics such as
inference latency, throughput, memory footprint, and serving cost, deploying
the model and assessing risks, reviewing the deployment, operationalizing the
model, and monitoring and evaluating the model’s performance.

The most popular programming language in ML is Python [9]. Python
is a high-level interpreted programming language, meaning it abstracts
away most low-level hardware details, with the reference implementation
compiling source code to bytecode that an interpreter then executes, rather
than compiling it ahead of time into machine code [10]. Python supports
an open-source ecosystem of frameworks for ML engineering, including data
preparation, model training, and visualization [9]. Open-source software
is software whose source code is publicly available under a license that
permits anyone to inspect, modify, and redistribute it, typically subject
to conditions specified by the license [11]. Key tools include Numerical
Python (NumPy) for array programming and mathematical abstractions [12],
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Pandas for data analysis and manipulation, Scientific Python Toolkit (scikit)-
learn and TensorFlow as ML libraries [13], NetworkX for graph ana-
lytics, and Matplotlib for visualization [14].

Successful ML engineering also requires technical and organizational
practices across data, training, coding, deployment, collaboration, and gov-
ernance [15]. These include validating external data, versioning data,
models, and training scripts, automating deployment, monitoring models, and
ensuring fairness, accountability, and privacy. Applying them consistently to
production ML is the focus of machine learning operations (MLOps).

2.1.1.2 Machine Learning Operations

Development and operations (DevOps) emerged as a paradigm aimed at
reducing the gap between development and operations teams by promot-
ing collaboration, communication, and knowledge sharing [16]. Through
practices such as continuous integration and continuous delivery (CI/CD),
which support continuous testing, quality assurance, monitoring, logging,
and feedback loops, the goal of DevOps is to enable fast, frequent, and
reliable software releases. Within this paradigm, software engineers are
responsible for developing and operating systems, rather than only one of
the two. While the operational challenges associated with production ML
systems had already been identified in 2015 [17], MLOps subsequently
emerged as an ML engineering practice aimed at systematically automating
and operationalizing the ML lifecycle, and gained increasing attention in
both industry and academic literature around 2020 [18].

MLOps is defined as the process of producing “ML applications based on
code, data, and models in small and safe increments that can be reproduced
and reliably released at any time, enabling short adaptation cycles” [19].
Systems involved in MLOps can be categorized into three types: ML
platforms, ML applications, and ML automation frameworks. ML platforms
provide the architecture to operationalize the ML lifecycle through automated
ML pipelines. ML applications are custom pipelines designed to serve
a domain- or industry-specific purpose, such as drug discovery. ML
automation frameworks comprise specialized tools that enable the automation
of individual stages within these pipelines [20].

ML automation frameworks support different parts of the ML lifecy-
cle, including data pre-processing, model training, model management,
model deployment, and operations and monitoring. Popular frameworks
include MLflow, Airflow, Great Expectations, GitHub Actions, Kibana, and
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Grafana [21]. MLflow is an open-source platform for experiment tracking,
model registry, and lifecycle management [22]. Airflow is an open-source task
orchestration platform that schedules and manages complex workflows [23].
Great Expectations is a framework for profiling, validating, and documenting
data [24]. GitHub Actions is a component of GitHub, a web-based platform
for collaborative software development using Git [25], that automates software
development workflows [26]. Git is a version control system that tracks
changes to source code, enabling developers to work on a codebase while
maintaining a complete history of modifications [27]. Kibana and Grafana
are tools for visualizing and analyzing machine logs [28, 29].

As MLOps defines the practices and automation frameworks for
operationalizing ML, the effective implementation of these practices
depends on the ML platforms that support them.

2.1.1.3 Machine Learning Platforms

ML platforms operationalize the ML lifecycle, so their design reflects how
that lifecycle is structured. The ML lifecycle was traditionally organized
into two phases, model-centric ML and MLOps. As managing large
volumes of data has become increasingly central, this view has been ex-
tended into a three-phase lifecycle in which data-centric ML stands as an
independent phase preceding the other two [30].

Data-centric ML covers the collection, analysis, and understanding of data,
including quality checks, augmentation, labeling, and versioning. Model-
centric ML then covers initial model training, hyperparameter optimization,
and retraining. Hyperparameter optimization is the systematic tuning of
parameters that govern the learning process in order to improve model
performance [31]. Examples include the learning rate, which controls the step
size the model takes when updating weights during training [32], and regu-
larization strength, which limits model complexity to prevent overfitting [33].
MLOps finally covers model deployment, interpretability, and monitoring.

A core part of monitoring is measuring skewness and detecting drift,
which closes the loop back to data-centric ML by triggering the reevaluation
of new or changed data to ensure continued model performance. In the
context of ML platforms, skew refers to training—serving skew, a mismatch
between the data distribution a model was trained on and the distribution it
encounters at inference time, which arises from differences in how features
are computed across pipelines or from changes in the data itself, and which
degrades predictive performance if left undetected [34]. Similarly, drift
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refers to gradual changes in data distributions over time [35]. Four types
of drift are commonly recognized [36]. Data ingestion drift occurs when
the distribution of newly ingested features or labels significantly differs from
existing data. Feature drift refers to changes in the distribution of a recent
batch of feature data compared to the model’s training dataset. Concept
drift occurs when the relationship between input features and the target label
changes over time, causing the model to lose accuracy. Prediction drift
refers to a change in the distribution of a recent range of model predictions
compared to predictions on the training dataset.

Given the central role of data throughout the ML lifecycle, ML platforms
are fundamentally concerned with data management, aiming to provide highly
available infrastructure for managing feature data with unified application
programming interface (API) support [36, 37]. An API is a set of rules
and protocols that allows different software systems to communicate and
interact with each other in a standardized way [38]. One such platform is
the Hopsworks Feature Store, whose architecture is shown in Figure 2.1. The
platform supports columnar, row-oriented, and similarity search workloads,
as well as feature reuse, data transformations, and consistency between
feature engineering, model training, and model inference. Columnar stor-
age organizes data by columns, which is efficient for analytical queries
that access a few attributes across many rows [36], while row-oriented
storage organizes data by rows, which is better suited for transactional
operations that access all record attributes [36].
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Figure 2.1: The Hopsworks Feature Store for Machine Learning [37]

The system provides centralized access to feature data and organizes ML
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systems around three types of pipelines. The feature pipeline transforms
input data into features stored in the feature store. The training pipeline
reads features and labels to train models and registers them in a model
registry. The inference pipeline reads new features alongside a trained
model to produce predictions and prediction logs.

Features are organized into feature groups, which are mutable tables of
precomputed features, and feature views, which define the schema, filters,
and helper columns for a given model. Feature computation is supported
in three modes. Batch computations process large volumes of data at
scheduled intervals, generating features for subsequent training or inference.
Streaming computations continuously process incoming data in real time,
updating features as new events arrive. Request-time computations calculate
features on-demand at the moment a prediction is requested, ensuring that
the model has access to the most up-to-date information.

The platform also distinguishes between model-independent, model-
dependent, and request-time features, enabling reuse across multiple models.
External data sources can be integrated through services such as BigQuery,
which is a serverless data warehouse for large-scale analytics [39], Snowflake,
a cloud-based platform for data storage and analytics [40], Amazon Simple
Storage Service (Amazon S3), an object storage service for storing and
retrieving large datasets [41], the distributed file system (FS) Hopsworks
File System (HopsFS) designed for high-performance ML workloads [42],
the distributed in-memory database (DB) RonDB optimized for real-time
operations [43], and OpenSearch, a search and analytics engine for querying
and visualizing structured and unstructured data [44].

Having established how ML models are engineered, operationalized, and
supported by platforms, the following section examines deep learning (DL),
the subset of ML that underpins modern generative models.

2.1.2 Deep Learning

Deep learning (DL) is a subset of machine learning (ML) that can automat-
ically learn hierarchical representations from raw data, reducing the need
for manual feature engineering [45]. The term “deep” refers to the use of
multiple successive layers of representation, in contrast to “shallow” models
such as decision trees or support vector machines that do not learn through
layered transformations. Modern deep networks can consist of hundreds or
even thousands of layers, with architectures such as ResNet demonstrating that
networks exceeding 1,000 layers can be trained effectively [46]. A typical DL
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model consists of an input layer, one or more hidden layers, and an output
layer. Each layer is made up of interconnected nodes, where each connection
has an associated weight, forming a neural network. Each node computes
a weighted sum of its inputs and then produces an activation, which is the
output value passed to the next layer. A common non-linear activation function
is the rectified linear unit (RelLU), which outputs the input if it is positive
and zero otherwise. By applying RelLU, the network can bend and shape
its outputs to approximate complex functions in the data, such as detecting
edges in an image or predicting patterns in weather measurements.

During model training, the error quantifies the difference between the
model’s predictions and the desired outputs [47]. The goal is to minimize this
error by adjusting the network’s weights. Gradients, which indicate how the
error changes with respect to each weight, are computed and used to update the
weights in a direction that reduces the error. A common optimization method
is stochastic gradient descent (SGD), where the model processes small batches
of training examples, computes outputs and errors, and updates weights based
on the average gradient over the batch. To efficiently compute gradients across
multiple layers, backpropagation is used. Backpropagation applies the chain
rule of calculus to propagate the error from the output layer backward through
the network, allowing gradients for all weights to be calculated efficiently [48].

Convolutional neural networks (CNNs) are a prominent type of DL
network [49]. Their structure is inspired by neurons in human and animal
brains, and they are widely used in fields such as image recognition and
speech processing. Unlike fully connected networks, CNNs use shared
weights and local connections to take advantage of the spatial structure in
input data. This means only a small number of parameters are needed,
which simplifies the training process and speeds up the network. A
typical CNN consists of multiple convolutional layers followed by pooling
layers and fully connected layers at the end.

In addition to architectures such as CNNs, which are mainly
applied to analyzing and classifying data, DL also encompasses
models designed to generate new data. This approach is commonly
referred to as generative artificial intelligence (GenAl).

2.1.3 Generative Artificial Intelligence

Generative artificial intelligence (GenAl) is defined as “the production of
previously unseen synthetic content, in any form and to support any task,
through generative modeling” [50]. Early generative models relied on
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probabilistic modeling with handcrafted probability distributions to generate
synthetic data, but lacked the expressiveness to handle high-dimensional data,
such as images, video, or genomic sequences. Foundational implementations
included Restricted Boltzmann Machines (RBMs), which are shallow two-
layer networks where one layer represents visible inputs and the other captures
latent features [51]. Latent features are hidden variables that summarize
underlying patterns or structures in the data not directly observable in
the input [32]. Deep belief networks (DBNs) stack multiple RBMs to
learn progressively more abstract representations [47]. While capable of
unsupervised feature learning, both relied on Markov Chain Monte Carlo
sampling, a method for approximating probability distributions through
sequences of random samples [52], which limited their scalability [53].

A shift toward techniques based on neural networks followed, making
GenAl a de facto subtype of deep learning (DL). Variational autoencoders
(VAESs) introduced a probabilistic approach using an encoder-decoder archi-
tecture, where an encoder compresses input data into a compact latent repre-
sentation and a decoder reconstructs the output from that representation [54].
This allowed VAEs to model probability distributions in latent space, though
they tended to produce blurry samples, limiting their applicability in high-
fidelity image synthesis. Generative adversarial networks (GANs) took a
different approach, using two neural networks, a generator and a discriminator,
competing in an adversarial process [55]. While GANs achieved significant
improvements in output quality, they suffered from model collapse, training
instability, and sensitivity to hyperparameters, which are configuration settings
such as learning rate and batch size that are set before training and influence
how the model learns [31]. Subsequent variants addressed these limitations.
Deep convolutional GANs incorporated convolutional layers to improve the
quality and stability of image generation, while Wasserstein GANs replaced
the original loss function with the Earth Mover’s distance, a metric that
measures the minimum cost of transforming one probability distribution into
another [56], which helped stabilize training [53].

In parallel, the field of natural language processing (NLP) underwent
significant developments. The introduction of the transformer architecture
marked a turning point by replacing recurrent mechanisms, where inputs
are processed sequentially and each output depends on the previous step,
with self-attention, a mechanism that allows each element in a sequence
to directly attend to all other elements simultaneously [57]. This change
enabled parallelized training over entire sequences rather than step-by-step
processing. A transformer architecture is composed of stacked encoder or
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decoder blocks, where each block contains attention layers followed by feed-
forward networks. An attention layer produces context-aware representations
by allowing each element in a sequence to assign weights to all other elements
and combine their information accordingly. A feed-forward network is a
neural network layer that transforms each input independently using linear
layers followed by a nonlinear activation [58]. Encoder blocks map the
input sequence into a set of representations that capture both the meaning
of each element and its relationships to other elements in the sequence.
These representations are refined across multiple layers of attention and
transformation. Decoder blocks generate the output sequentially. At each step,
the decoder first applies self-attention over previously generated outputs, and
then applies cross-attention over the encoder’s full input representation. Not
all transformer models use both components. Encoder-only architectures such
as Bidirectional Encoder Representations from Transformers (BERT) [59]
are designed for understanding tasks, decoder-only architectures such as
generative pre-trained transformer (GPT) [60] focus on text generation, and
encoder-decoder architectures such as T5 [61] combine both for tasks that
require input understanding and output generation. These types of models
that rely on large-scale pre-training using large corpora of text are collectively
referred to as large language models (LLMs) [62].

2.1.3.1 Large Language Models

LLMs are models capable of executing a diverse range of NLP operations [63].
The most important concepts underlying an LLM include tokenization,
attention mechanisms, activation functions, normalization layers, training
methods and frameworks, data pre-processing, and parameter tuning. Modern
LLM:s can have billions (Bs) of parameters, which are the learned weights that
determine the model’s ability to capture patterns in language [64].
Tokenization refers to the process of parsing text into discrete units called
tokens, which can be characters, sub-words, symbols, or words. In the
attention mechanism, each token generates three vectors: a query, representing
what information the token is looking for, a key, representing what information
the token contains, and a value, representing the actual content to be passed
forward. Attention scores are computed by comparing each query against all
keys, and the output is a weighted sum of the corresponding values. Activation
functions such as rectified linear unit (RelLU) introduce non-linearity, while
normalization layers maintain stability during training by scaling and shifting
activations so that they have a consistent mean and variance, which helps
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prevent exploding or vanishing gradients. Training at scale is enabled through
parallelism strategies including data parallelism, pipeline parallelism, tensor
parallelism, and optimizer parallelism. Data pre-processing involves quality
filtering and data de-duplication. Parameter tuning techniques such as prefix
tuning, prompt tuning, and adapter tuning allow models to be adapted to
specific tasks without retraining all parameters. Beyond these architectural
foundations, L.LLMs can also be improved through human feedback.

Reinforcement learning from human feedback (RLHF) is a technique
for aligning model outputs with human preferences and consists of three
stages [65]. First, supervised fine-tuning trains the model on prompts
paired with desired responses, which can include plain prompts, few-shot
examples with query-response pairs, or user-based prompts for specific
use cases. Second, a reward model is trained that takes a prompt and
response as input and produces a scalar reward score. Third, the model is
optimized using a reinforcement learning (RL) algorithm such as proximal
policy optimization, where the model generates responses to prompts and
receives reward scores that guide its training [66].

In addition to training-time improvements, LL.Ms support in-context learn-
ing, a meta-learning method in which the model uses contextual information
provided in a prompt to solve specific tasks without updating its weights [67].
In-context learning takes several forms. Zero-shot learning provides only a
task description, while few-shot learning includes examples within the prompt.
Chain-of-thought prompting extends this by constructing intermediate rea-
soning steps that simulate human thinking, improving performance on tasks
requiring arithmetic, commonsense, and logical reasoning. Both of these
techniques are constrained by the model’s context window.

The context window defines the maximum number of tokens an LLM can
process in a single forward pass [68]. A forward pass refers to the process
in which input data flows through the neural network’s layers to produce an
output [47], such as predicting the next token. The computational cost of
this operation scales quadratically with context length due to the self-attention
mechanism, which computes relationships between every pair of tokens in
the input sequence. This trade-off must be considered when processing large
inputs, as model performance can become increasingly unreliable as the input
length grows, a phenomenon referred to as “context rot” in industry [69].

To make effective use of this limited context window, prompt engineering
emerged as “the practice of designing and refining input prompts to achieve de-
sired outputs from generative artificial intelligence (Al) models” [70]. Prompt
engineering extends in-context learning by maximizing model performance
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without adjusting model weights. Over time, entire design philosophies have
been developed around prompt construction, such as a problem-oriented, case-
driven, and knowledge-complete approach [71]. Problem-oriented means that
context is established based on questions posed by technical personnel in real-
world scenarios. Case-driven refers to including fault cases for the model to
learn from, and adding technical terminology and principles as knowledge
points. These problem descriptions and fault cases precede the actual
instruction. As a result, accuracy in executing tasks improves by up to 30%.

While LLMs benefit from effective prompt engineering and in-context
learning, they also encode and propagate societal biases present in their train-
ing data [72]. These biases manifest in two principal forms. Representational
harms arise when a model reinforces stereotypes or misrepresents groups,
for example by systematically completing “The nurse said that...” with
male pronouns despite real-world demographics. Allocational harms occur
when model outputs lead to unequal treatment, such as toxicity classifiers
producing higher false-positive rates for posts written in specific dialects,
resulting in disproportionate content removal. Detecting and measuring such
biases requires a layered evaluation approach combining intrinsic methods
that probe embeddings and likelihoods, extrinsic methods that assess output-
level disparities across tasks, and certification-based techniques that provide
statistical guarantees on fairness metrics. Remaining challenges include
evaluator bias, limited coverage of non-English languages and intersectional
groups, and the risk of over-correction where models achieve fairness by
refusing to engage with sensitive topics rather than responding equitably.

Despite these biases and the ongoing challenges in their detection and
mitigation, the general-purpose capabilities of LLLMs have made them partic-
ularly attractive for code-related tasks, leading to their widespread adoption
in software engineering (SWE), especially for generating code.

2.1.3.2 Code Generation

Within SWE, LLMs are applied across the entire software lifecycle, spanning
requirements engineering, software design, development, quality assurance,
maintenance, and management [73]. Among these, code generation and
program repair constitute the most prevalent tasks, with decoder-only ar-
chitectures being the most widely adopted.

The capabilities of LLLMs on such tasks are commonly evaluated using
SWE-bench, a standardized benchmark that measures a model’s ability to
resolve real-world SWE tasks [74]. The benchmark consists of 2,294 SWE
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problems drawn from real GitHub issues and corresponding pull requests
across 12 popular Python repositories. Given a codebase and an issue
description, a model is tasked with generating a patch that resolves the
issue, with success determined by whether the patched codebase passes
the associated test suite. Resolving these issues frequently requires under-
standing and coordinating changes across multiple functions, classes, and
files simultaneously, making SWE-bench a challenging testbed that goes
far beyond traditional code generation tasks. Early evaluations showed that
the best-performing model at the time, Claude 2, resolved only 1.96% of
issues. Since then, progress has been immense. Claude Opus 4.6 achieves
80.8% [75] and GPT-5.2 by Open Artificial Intelligence (OpenAl) achieves
80% on the SWE-bench Verified subset [76].

Despite these growing capabilities, LLLMs are prone to several categories
of errors in code generation, including misinterpretation of prompts, syntax
errors, hallucinated objects or attributes, missing corner cases, incomplete
generation, and prompt-biased code where the model excessively relies on
provided examples [77]. To mitigate these issues, providing additional context
such as example test cases or explicit library versions guides the model
toward more accurate output. Users should also test generated code and
remain mindful that it may not always be reliable.

A particularly challenging domain is DL, where graph-based structures
and implicit semantic constraints differ significantly from those in general-
purpose code. For that reason, Deep Evaluation (DeepEval), a benchmark
of 100 DL code generation tasks, was constructed to evaluate model per-
formance across three dimensions: syntactic quality, semantic accuracy, and
runtime executability [78]. Analysis of failure cases across these dimensions
reveals three recurring problems. Models frequently mismanage imports and
variables, owing to limited awareness of global context and a tendency to
hallucinate DL application programming interface (API) elements. They
struggle to organize API calls into coherent model structures when multiple
call sequences are required. They are also particularly prone to inter-
layer errors such as tensor shape mismatches, which stem from numerical,
type, and structural constraints in DL code.

Another concern is robustness, the ability of a model to produce correct
output when faced with semantically equivalent but syntactically varied inputs.
A study evaluating 25 popular LLMs across four programming languages
and 27 semantics-preserving code transformations found that current models
still exhibit notable robustness issues, although they outperform earlier pre-
ChatGPT code models [79]. The study revealed that instruction-tuned models
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are generally more robust than their base counterparts, that higher overall
performance correlates with smaller performance drops under transformation,
and that models are particularly sensitive to transformations altering program
control structure. While techniques such as adversarial training, in-context
learning, and code standardization were shown to improve robustness to some
extent, each also carried potential negative side-effects, indicating that no
single mitigation strategy is yet sufficient on its own.

Nonetheless, LLLMs are increasingly integrated into software development
workflows through the generation of initial code artifacts from documentation,
which can reduce effort in early-stage development, although subsequent
manual refinement by developers remains necessary. With the increasing
popularity of this practice, a term emerged to describe it.

2.1.3.3 Vibe Coding

The term vibe coding was coined by Andrej Karpathy in early 2025 to describe
a style of programming in which developers “fully give in to the vibes” and
delegate code writing entirely to LLLMs, interacting with the codebase through
natural language rather than reading or editing the code directly [80]. It has
since been formalized in the academic literature as “development practices
that foster intuition, expression, and human-Al collaboration” [81].

Four primary themes shape the practice. Tooling impact concerns tools,
workflows, and mindsets related to Al-assisted coding. Developer experi-
ence frames software development as intuitive, expressive, and flow-based.
Human-AI collaboration highlights interactions such as prompt iteration, co-
creative workflows, and task delegation. Cultural and organizational framing
examines how vibe coding influences team structures.

Three architectural patterns have been identified in vibe coding [82].
Firstly, conversational code generation involves a natural language prompt
followed by LLM processing, code generation, and user feedback. Sec-
ondly, multimodal expression processing accepts inputs beyond text, such
as sketches, and fuses them into a unified intent model before generating
code. Thirdly, context-aware generation analyzes the existing codebase,
extracts architectural patterns, interprets user intent, and produces code that
aligns with and integrates into the existing system.

Interaction patterns between the user and the LLM also vary [82].
Progressive refinement starts with a high-level description, generates initial
code, and iteratively adds constraints and specifications to produce improved
versions.  Explanation-driven development involves the user explaining



Background |23

generated code, followed by conceptual analysis and refinement. Hybrid
editing combines natural language guidance with direct code review, allowing
the user to alternate between describing intent and inspecting implementation.

While vibe coding uses LLMs to automate software development
through human-Al collaboration, a parallel line of research builds on
their demonstrated capabilities in DL code generation and explores
their use within automated machine learning (AutoML), where the
goal extends from generating individual code snippets to generating
complete machine learning (ML) pipelines.

2.1.4 Automated Machine Learning

Automated machine learning (AutoML) is defined as “the automated con-
struction of a machine learning (ML) pipeline on a limited computational
budget” [83]. A complete AutoML pipeline, as illustrated in Figure 2.2,
consists of four sequential stages. The first stage, data preparation, en-
compasses data collection, data cleaning, and data augmentation, ensuring
that the raw data is sourced, filtered of noise and inconsistencies, and
artificially expanded to improve model robustness. The second stage, feature
engineering, transforms the cleaned data into a refined feature set through
three complementary processes. Feature selection removes irrelevant or
redundant attributes. Feature extraction applies mapping functions to create
more compact representations. Feature construction generates new features
by combining existing ones. The third stage, model generation, is divided
into the search space and the optimization methods.

Data Preparation Feature Engineering Model Generation Model Evaluation
Data Feature Search Space Optimization Methods E ] E
Collection Selection 1| Low-fidelity i
Traditional Hyperparameter - 4
Models {)};ma;iz‘ation E E
(SVM, KNN) t| Early-stopping |:
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Surrogate Model E
:
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‘Weight-sharing ,i
Neural Architecture Search (NAS) ;

Figure 2.2: Overview of an AutoML pipeline [83]
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The search space defines the models that can be explored, ranging
from traditional ML models to deep neural networks. The optimization
methods are classified into hyperparameter optimization and architecture
optimization. Architecture optimization is responsible for tuning model-
related parameters such as the number of layers or neurons. When the
search space is restricted to deep neural networks and combined with
architecture optimization, this sub-field is referred to as neural architecture
search (NAS). The fourth stage, model evaluation, determines how well a
generated model performs. Several acceleration strategies are used to reduce
the computational cost of training every candidate to full convergence. These
include low-fidelity evaluation, early stopping, which halts training when
performance on a validation set ceases to improve [84], surrogate models,
which approximate the objective function to reduce the number of expensive
evaluations [85], and weight sharing, which allows candidate architectures to
reuse learned parameters rather than training from scratch [86]. Throughout
the pipeline, model generation and model evaluation operate in an iterative
feedback loop. Candidate models are generated, evaluated, and refined
until the best-performing pipeline is identified.

The integration of large language models (LLMs) into AutoML has led
to a new generation of ML systems that use natural language understanding
to reduce manual effort across the ML pipeline. An early example is Aliro,
a platform that combines LLMs with a built-in recommender system for
the selection of ML algorithms and hyperparameters [87]. Aliro supports
chat-based interaction, code editing, package installation, data visualiza-
tion, and data processing. Users provide an Open Artificial Intelligence
(OpenAl) application programming interface (API) key to enable LLM-
driven code generation, and the system offers the ability to save artifacts
produced by scripts, such as text and image files. Its key contribution is
the LLLM-based recommender system, which guides users through model
building without requiring deep expertise, as demonstrated in a use case
involving Alzheimer’s disease research using a random forest classifier, an
ML algorithm used for classification tasks [88].

Building on this direction, Large Language Model to Automated Machine
Learning (LLM2AutoML) proposed a zero-code AutoML framework that
integrates LILMs across intention understanding, model recommendation,
and hyperparameter optimization [89]. The framework employs prompt
engineering for intention extraction, in which the LLLM assumes the role of
an experienced ML expert, with prompts refined through iterative feedback
cycles. Key capabilities include feature extraction with recursive feature
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elimination to identify salient features, meaning those that contribute most
strongly to the predictive performance of a model [90, 91], as well as
automatic ablation studies and automated hyperparameter optimization. The
framework also introduces adaptive focal loss as an alternative to traditional
cross-entropy loss, a loss function that measures the divergence between
predicted probability distributions and actual class labels and is widely used
as the default objective in classification tasks [32]. Report generation is
also automated. The framework was evaluated on the Semiconductor Man-
ufacturing (SECOM) dataset to emulate semiconductor smart manufacturing,
comparing OpenAl ol-mini and Claude-3.5-Sonnet. Results showed that
LLM-recommended hyperparameter spaces improved model performance,
particularly in convergence speed and area under curve (AUC) values, a
metric that quantifies how well a classifier distinguishes between classes by
measuring the area under the receiver operating characteristic curve [49].
This demonstrated strong generalization capabilities and expert-level tuning
performance when integrated with search algorithms.

A systematic survey then provided the first software engineering (SWE)-
oriented, stage-wise mapping of LLM contributions across the full Au-
toML workflow, analyzing 34 studies published after 2022 [92]. The
survey organizes contributions into three stages. In the first stage, data
and feature engineering, LLMs support data acquisition through dataset
recommendation and summarization. For data cleaning, they enable adaptive
imputation, which dynamically selects strategies for filling in missing values
based on contextual cues in the data, and context-enhanced transformation,
which uses surrounding semantic information to decide how data values
are reformatted or standardized. Data augmentation is supported through
both modification of existing samples and synthetic data generation. For
feature engineering, [LILMs are employed across feature selection, extraction,
and synthesis, with frameworks integrating these into pipelines that enable
dynamic operator composition, the automated selection and chaining of
feature transformation operations at runtime. In the second stage, model
selection and hyperparameter optimization, retrieval-based methods match
task descriptions against curated model repositories to recommend candidate
algorithms, while generation-based methods synthesize selection logic or
entire architectures directly from natural language. For hyperparameter
optimization, execution-based methods iteratively refine configurations by
training models and observing real performance feedback, while prediction-
based methods bypass full training by using surrogate models to simulate
outcomes. In the third stage, workflow evaluation, agent-based methods
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deploy LLLM-powered agents that predict performance from task descriptions
or partial executions without completing full training cycles, while proxy-
based methods employ lightweight surrogate models or zero-cost heuristics,
approximation strategies that estimate metrics without exhaustive computa-
tion [93], to approximate key metrics in a single forward pass.

Across all stages, the survey identifies persistent challenges around
transparency, correctness, and robustness, and highlights that production-
grade adoption demands maintainability, interpretability, and traceability of
generated logic. Among its future research directions, the survey calls for
embedding ML workflow generation into full-stack data applications. It
argues that workflows should integrate upstream with data lakes, catalogs,
and schema managers to guarantee provenance and compliance, and down-
stream with dashboards, visualization layers, and application-specific front-
ends to support enterprise decision-making. A data lake is a centralized
repository that stores large volumes of raw, structured, semi-structured, and
unstructured data in its native format, allowing for flexible analytics and
processing [94]. This would allow LLM-generated AutoML workflows to
evolve from research prototypes into production-grade systems.

In addition to technical challenges, the deployment of AutoML in pro-
duction environments introduces important considerations related to data
sovereignty, governance, and regulatory compliance. These concerns un-
derpin the concept of Sovereign artificial intelligence (AI).

2.1.5 Sovereign Artificial Intelligence

Sovereign artificial intelligence (Al) refers to a nation’s capacity to develop,
operate, and control Al systems using domestic infrastructure, data resources,
workforce expertise, and commercial ecosystems, independent of foreign
platforms or corporations [95]. The concept gained prominence around 2020
within European policy discussions on digital sovereignty and data protection,
and its visibility was subsequently elevated by NVIDIA, whose chief executive
began promoting the term in late 2023. This contemporary usage should be
distinguished from an earlier one in the Al safety literature, where sovereign
Al denoted a hypothetical super-intelligent system acting independently on
a global scale [96]. Nations pursue Al sovereignty for several reasons [95].
National security is one, since reliance on foreign systems can introduce
vulnerabilities into critical infrastructure. Data privacy and control is another,
since domestically held data is shielded from foreign jurisdictions. Economic
competitiveness follows from the cultivation of a local Al ecosystem, and
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regulatory autonomy concerns standards of transparency and accountability.
Cultural and linguistic representation matters because models trained on local
data better support local languages and knowledge, and strategic autonomy
in times of geopolitical conflict completes the list.

The competition for sovereign Al has been theorized as a new phase of
state formation [97]. Building on the classical argument that enduring external
pressures generate domestic imperatives for capacity building, the Generative
Al-Making and State-Making framework argues that elites’ perception of
trans-boundary Al competition drives states to strengthen four capacities.
Extractive capacity is the ability to mobilize capital, data, and material
resources for an autonomous Al production system. Coercive capacity is
the authority to deploy non-market mechanisms such as export controls and
directive industrial policy. Delivery capacity is the ability to coordinate
stakeholders and provide public goods such as research networks and Al
education. Informational capacity is the ability to collect and analyze data on
technologies and global competition to support policy decisions. The frame-
work predicts that the sharper the perceived rivalry, the greater the strategic
investment, and that while states converge in strengthening these capacities,
their objectives diverge according to their position in the international system,
their geopolitical pressure, and their domestic endowments.

A comparative analysis of the United States, France, Brazil, and Singapore
substantiates this mechanism [97]. The United States, perceiving a direct
challenge from China, pursues explicit technological hegemony through
systematic export controls on advanced chips and through state-led financing
such as the $500 billion Stargate initiative. France, by contrast, frames its
strategy as a third way between the United States and China. Following an
early warning that the country risked becoming a data colony of the two
superpowers, it has shifted from market-oriented policy toward state-directed
cultivation of national champions such as Mistral Al, backed by a 109 billion
Euro investment plan explicitly framed as France’s answer to Stargate [98].
Brazil and Singapore illustrate that the race extends beyond the great powers.
Both link Al to sovereignty and pursue regional leadership by developing
large language models (LLMs) tailored to Portuguese and to Southeast Asia’s
languages and cultures, respectively. The resulting landscape is characterized
by United States—China bipolarity alongside rising regional technological
powers, with LLMs increasingly aligning geopolitical competition with
linguistic and ecosystem divides rather than purely territorial ones.

Achieving sovereignty in practice requires control over an interdependent
stack of resources, comprising energy and physical infrastructure, data and



28 | Background

cloud platforms, models and algorithms, financing, supply chain governance,
and human capital, where the capability of the whole is only as strong as
its weakest link [99]. At the model layer, sovereignty includes owning the
fundamental model artifacts, including the trained weights, the architecture,
the training data, and the surrounding software environment, which protects
against capability suspension, the risk that an external provider abruptly
restricts access due to political pressure or commercial shifts [99]. Measured
against these requirements, full-stack sovereignty is attainable only for the
United States and China [95]. The chip market is dominated by NVIDIA,
with roughly 80% of the global market for Al accelerators, and the data
center market by American hyperscalers, led by Amazon Web Services
(AWS), Microsoft Azure, and Google Cloud Platform. Moreover, data held
by American providers remains subject to extraterritorial United States law
regardless of where it is physically stored. Every other nation must therefore
settle for partial sovereignty, whose most attainable dimension is the domestic
development of culturally and linguistically appropriate models, a sovereignty
that is nonetheless exercised “at the whim of external forces” [95].

Within Europe, this partial sovereignty has produced substantial activity
at the model layer. The European Union (EU) appointed its first com-
missioner for technological sovereignty in 2024 and launched the InvestAl
initiative, mobilizing 200 billion Euro for Al development, including five
gigafactories dedicated to training next-generation models [95]. France
hosts Mistral Al, the most competitive Al actor outside the United States
and China, valued at $20 billion [98], as well as LightOn, Europe’s first
publicly listed generative artificial intelligence (GenAl) startup [97]. At
the EU level, the OpenEuroLLLM collaboration of 20 organizations aims
to develop open-source models covering all European languages by 2028.
European frontier models have thus emerged as deliberate alternatives to
their American counterparts, positioned to serve organizations for which
data residency, extraterritorial legal exposure, and the risk of capability
suspension are strategic rather than technical concerns.

For organizations that rely on LLMs to automate software engineering
(SWE) and machine learning (ML) workflows, the origin of the underlying
model is therefore a strategic variable, and so is the origin of the ML platform
on which these workflows operate, since the platform stores the proprietary
feature data on which concerns over data residency and extraterritorial
legal exposure center. Model tier constitutes a further practical variable,
as sovereign Al strategies emphasize compact, resource-efficient models
deployable under constrained budgets [99]. Whether European and lower-tier
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model products can match American frontier-tier products on such workflows,
and whether this holds across platforms of either origin, is an open empirical
question, motivating the comparative dimension of RQ2.

The models at the center of this competition do not automate such
workflows on their own.  They are part of LLM-based Al agents
equipped with specialized skills and tools, so the strategic questions
of origin and tier extend from the model to the agent built around
it. The following section examines these agents.

2.2 Agents

The concept of agents has a long history in artificial intelligence (Al),
originating in research on rational decision-making and autonomous behavior.
Early work formalized how individual agents perceive their environment,
form beliefs, and act on intentions. As these ideas matured, attention shifted
toward systems of multiple agents operating within shared environments, from
which distributed artificial intelligence (DAI) and multi-agent system (MAS)
emerged, concerned with coordination, planning, and strategic interaction.

The translation of these theoretical foundations into software led to
software agents, autonomous programs designed to operate continuously
within computational environments. While early software agents were
generally fragile and special-purpose, the convergence of agent architectures
with large language models (LLMs) has produced a new generation of
coding agents capable of interpreting developer goals, generating code,
and interacting with external tools. As these agents grow more capable,
their effectiveness increasingly depends on the context they receive and
how efficiently it is managed, motivating the examination of context en-
gineering, and, once the tools and skills available to an agent have been
introduced, of progressive disclosure, the principle that determines how
much of each of them occupies that context.

2.2.1 Intelligent Agents

Agents originated in research on rational decision-making and autonomous
behavior. A rational agent’s behavior is governed by three mental attitudes,
known as the belief-desire-intention (BDI) model [100]. Beliefs represent the
set of worlds the agent considers possible at a given point in time, referred
to as belief-accessible worlds. Desires represent the set of worlds the agent
would like to bring about, known as goal-accessible worlds. Intentions are
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the subset of desires that the agent has committed to realizing, which define
intention-accessible worlds. Decision-making emerges from comparing
belief-accessible worlds and selecting goals that are consistent with these
beliefs, such that for every belief-accessible world there exists a corresponding
goal-accessible world, although the converse does not necessarily hold.
Building on this formalization, the concept can be further specified in terms
of the observable properties that characterize intelligent agents in practice.

In information technology, an intelligent agent is most often a software
system characterized by autonomy, social ability, reactivity, and proac-
tiveness [101]. Autonomy is the ability to operate without direct human
interaction. Social ability is the ability to interact with other agents. Reactivity
is the ability to perceive the environment and respond to changes that occur in
it. Proactiveness means that agents do not simply respond to their environment
but exhibit goal-directed behavior. Agents can also be described as intentional
systems, where a first-order intentional system has beliefs and desires, but
no beliefs and desires about beliefs and desires. A second-order intentional
system has beliefs and desires about beliefs and desires.

Early applications of intelligent agents spanned a range of domains [102].
In manufacturing and logistics, agents were applied to traffic management,
flexible manufacturing, and plant control using modular architectures based
on behavior, resources, and intentions. In telecommunications, agent-
based systems addressed network control, service management, transmission
switching, and network design. On the internet, agents were deployed for
filtering, evaluating, and integrating information, often operating in teams
depending on user tasks and situational knowledge. Further applications
emerged in knowledge discovery and information analysis across large data
spaces, as well as in financial services, including mortgage sales, corporate
financial management, and portfolio management.

While the properties of autonomy, reactivity, and proactiveness
characterize individual agent behavior, many of the applications
described above involve multiple agents interacting within a shared
environment, so-called multi-agent system (MAS) studied in the
field of distributed artificial intelligence (DAI).

2.2.2 Distributed Artificial Intelligence

Artificial intelligence (Al) has traditionally focused on the capabilities of
individual systems, but many real-world problems are inherently distributed in
nature, involving multiple entities that must operate across different locations,
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manage separate sources of information, and pursue potentially conflicting
objectives [103]. Distributed artificial intelligence (DAI) emerged as a field
to address these challenges by combining principles from Al with distributed
computing. DAI encompasses two main areas: distributed problem solving,
which involves the decomposition and distribution of a problem-solving
process among subordinate nodes, and multi-agent system (MAS), which
focuses on the joint behavior of agents with some degree of autonomy.

A MAS consists of multiple individual agents that interact with each
other through communication and can act within a shared environment [104].
Different agents may have different spheres of influence and control over
different parts of the environment. Various relationships can exist between
agents, including coincidence, dependency, power relationships, and hier-
archies. Agents are assumed to be self-interested, possessing their own
preferences and desires. More specifically, dependency relationships between
agents can take several forms: independent, where no dependence exists
between agents, unilateral, where one agent depends on another, mutual,
where both agents depend on each other with respect to the same goal,
and reciprocal, where the first agent depends on the second for one goal
and the second depends on the first for another.

These relationships shape how agents reason about outcomes. Preferences
over outcomes are represented through utility functions, and the actual
outcome depends on the combination of actions performed by all agents [104].
Game-theoretic concepts such as dominant strategies and equilibria provide
the foundation for analyzing such strategic interaction, although the agents
examined in this thesis operate individually rather than strategically.

Coordination in MAS requires a structure within which agents can
interact in predictable ways, flexibility so that agents can operate in dynamic
environments, and appropriate knowledge and reasoning capabilities to
intelligently use both the structure and the flexibility [105]. Commitments
produce predictability, which agents need to reason about, while conventions
allow agents to respond flexibly to changing circumstances. Coordination
can thus be understood as a distributed goal search problem.

Closely related to coordination is the problem of planning, which de-
termines how agents structure their actions toward shared objectives [106].
Planning in MAS involves both individual plans and shared plans. A shared
plan for group action incorporates individual and mutual beliefs, and can
take several forms: full individual plans, partial individual plans, full shared
plans, partial shared plans, and shared plans of indefinite completeness. A
collaborative plan for action includes a mutual belief of a partial recipe for
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the action, individual intentions that the action be done, individual intentions
that collaboration succeed in performing the constituent sub-actions, and
individual or collaborative plans for the sub-actions.

While coordination, planning, and strategic interaction provided a theoreti-
cal foundation for MAS, translating these ideas into working software required
addressing practical concerns such as continuous operation, communication
standards, and integration with computing infrastructure. This led to the
emergence of software agents as a distinct area of research.

2.2.3 Software Agents

With the emergence of intelligent agents, research also focused on how
to integrate agents into software engineering (SWE) processes. A soft-
ware agent is defined as “a software entity which functions continuously
and autonomously in a particular environment, often inhabited by other
agents and processes” [107]. Such an agent can operate continuously
over a long period of time, learn from experience, and coexist with other
agents and processes within a computer system.

Distinguishing software agents from other agent types, one taxonomy
categorizes intelligent agents into biological, robotic, and computational
agents, with computational agents further divided into software agents and
artificial life agents. Software agents are further classified into task-specific
agents, entertainment agents, and viruses [108]. An alternative, more
extensive classification identifies seven types of software agents: collaborative
agents, interface agents, mobile agents, information agents, reactive agents,
hybrid agents, and heterogeneous agent systems [109]. Collaborative agents
emphasize autonomy and cooperation with other agents to solve problems
too large for a single agent. Interface agents emphasize autonomy and
learning to perform tasks on behalf of their owners, comparable to a
personal assistant, by observing and imitating the user, receiving positive
and negative feedback, receiving explicit instructions, and consulting other
agents for advice. Reactive agents do not possess internal models of their
environment, instead acting in a stimulus-response manner without a priori
specification of behavior. Hybrid agents combine philosophies from two or
more agent types, while heterogeneous agent systems integrate at least two
agents belonging to two or more distinct agent classes.

Building on these classifications, agent-based SWE emerged as an ap-
proach to modelling, designing, and implementing computer systems using
software agents [110]. The agent-oriented approach advocates decomposing
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problems in a way that allows agents to engage in flexible, high-level
interactions. Each agent maintains its own thread of control and decides
autonomously which actions to perform. This supports the engineering
of complex distributed systems in several ways. Agent behavior can be
based on the agent’s actual local state rather than an external entity’s
perception of it. It is not necessary to know all potential interactions in
advance. Agents are also designed to handle unanticipated requests and
to spontaneously generate requests for assistance. If unexpected events
occur, agents have the autonomy and proactiveness to try alternative actions.
Because schedules are built up dynamically through flexible interactions, they
can be readily adapted in the event of delays or unforeseen contingencies.
Additionally, explicitly defined relationships between system components
identify which agents need to coordinate their actions.

Alongside these developments, efforts were made to establish universal
communication languages for agents. Two approaches emerged: a procedural
approach, based on the exchange of sequential directives, and a declarative
approach, based on the exchange of assertive statements [111]. The procedural
approach was limited by its dependence on knowledge of the recipient
and its unidirectional nature. The declarative approach gave rise to agent
communication languages such as the Knowledge Interchange Format (KIF)
and the Knowledge Query and Manipulation Language (KQML).

However, both agent communication languages failed to achieve

widespread adoption and have largely fallen out of use. Early
software agents were similarly constrained, generally fragile and
special-purpose in nature [107]. Software agents have nonetheless

seen a resurgence in recent years. Today, coding agents combine the
principles of intelligent agents with the ability to generate, execute,
and maintain code using large language models (LLMs).

2.2.3.1 Coding Agents

The convergence of LL.LMs and software agents has led to a new generation of
LLM-based artificial intelligence (Al) agents [112], hereafter simply referred
to as agents. These agents typically consist of four components as depicted
in Figure 2.3: planning, memory, perception, and action.
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Figure 2.3: Basic framework of an Al agent based on an LLLM [113]

Planning and memory serve as the LLM-controlled brain, while the
agent interacts with its environment through perception and action to achieve
specific goals. The planning component decomposes complex tasks into
subtasks and schedules them accordingly, generating or adjusting plans as
needed. Memory records historical thoughts, actions, and environmental
observations. Perception handles multi-modal inputs such as textual, visual,
or auditory signals, and the action component executes concrete operations
to interact with and influence the environment, including the control and
use of external tools that extend beyond the inherent capabilities of LLMs.
User requirements are communicated to the agent’s LL.M-controlled brain
in natural language, that is, through vibe coding.

Based on this foundational understanding, coding agents are loosely
defined as agents that, rather than merely executing predefined technical
instructions, participate in interpreting a software developer’s explicit or
implicit goals, anticipate potential needs, and provide personalized outputs
based on usage patterns [114]. Most significantly, these agents are capable of
offering solutions that may exceed the developer’s own knowledge. Popular
examples of coding agents include Claude Code [115], which is closed-
source, GitHub Copilot [116], which is proprietary with some open-source
components, and OpenCode, an open-source alternative [117].

Common use cases for coding agents include automated program repair,
where traditional approaches rely on fault localization, semantic analysis,
or validation [118]. Coding agents can also automate version management
tasks such as upgrading dependencies, fixing compatibility issues, addressing
deprecated application programming interfaces (APIs), and handling syntax
changes. Additionally, coding agents support quality assurance and code
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review prior to human evaluation by suggesting optimizations, detecting
inconsistencies, and validating compliance.

Multiple coding agents can also collaborate within a multi-agent system
(MAS), where each agent assumes a specialized role in the development
process. One example in this domain is automated dependency upgrading,
implemented through a system comprising a summary agent, a control agent,
and a code agent [119]. The summary agent generates code summaries at
varying levels of granularity. The control agent identifies relevant code units
by first examining file-level summaries and then drilling down to finer-grained
representations, while also consulting migration guides when available. The
code agent receives the task along with the selected code units, implements the
required changes, and updates dependencies and configurations. After each
edit cycle, the project is compiled and tests are executed. If errors occur, logs
are returned to the control agent for further resolution, forming an automated
program repair loop. This process continues until the build succeeds or a
maximum retry threshold is reached. At that point, the framework supports
handover to human developers with a summary of the actions taken.

Empirical evidence suggests that coding agents are already contributing
meaningfully to real-world software projects [120]. Like human-written pull
requests, agentic ones primarily address bug fixes and feature development,
though they more frequently involve refactoring, documentation, and test
improvements, tend to serve multiple purposes within a single submission,
and include more code additions. Agentic pull requests achieve an 83.8%
acceptance rate with review times comparable to human contributions, though
still below the 91.0% rate for human-written ones, with most rejections
stemming from project context, such as overlapping changes or excessive
size, rather than flaws in the generated code. Nevertheless, 45.1% of merged
agentic pull requests required reviewer revisions, highlighting that while Al-
generated code provides a strong starting point, human oversight remains
essential to ensure correctness and adherence to project standards.

As coding agents continue to advance, their effectiveness increasingly
depends not only on their internal reasoning capabilities but also on the context
they receive and how efficiently it is managed within the constraints of the
context window. This growing need to optimize what information is presented
to agents, and how, motivates a closer examination of context engineering.
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2.2.3.2 Context Engineering

Especially in domains that require large volumes of textual input, such
as coding agents, techniques have been discovered that extend in-context
learning and prompt engineering by optimizing external context before adding
it to the model [121]. For example, in code completion, providing top-
k results to a coding agent after ranking source code using a keyword-
based search algorithm such as Okapi Best Matching 25 (BM25) can yield
a 3% improvement using Kotlin and a 9% improvement using Python.
File ordering also affects performance, as placing the most relevant files
closest to the cursor position and the least relevant files at the beginning
of the context ensures that when the context window is exceeded, the agent
truncates from the left, discarding the least useful files first, resulting in a
3% improvement for Python. Chunking strategies similarly influence results.
Standard chunking ignores import statements and segments code into objects,
classes, standalone functions, expressions, statements, and docstrings, and
achieves a 6% improvement over the best file-retrieval strategy and a 16%
improvement over the no-context baseline for Python. Method-level chunking
instead splits code into individual methods, but performs worse than standard
chunking for Python and similarly for Kotlin. Lastly, local scope context
trimming of prefix and suffix achieves a 3% improvement in Kotlin.

With such techniques in mind and as LLMs became the foundations of
modern software agents, prompt engineering evolved into context engineering,
defined as “the architectural design of Al systems in which model behavior is
shaped by dynamically constructed context beyond the immediate user prompt,
including persistent memory, external knowledge retrieval, tool invocation,
and policy enforcement mechanisms” [70]. What distinguishes context
engineering from prompt engineering is its focus on integrating external tools
in addition to user requirements and the model’s own perception, as well as
using memory mechanisms to achieve continuity across interactions.

One of the most prominent mechanisms to achieve such continuity is
retrieval-augmented generation (RAG). In a typical RAG pipeline, documents
are first segmented into passages, encoded as dense vector representa-
tions [122], and then stored in a vector database [123]. When a query is
received, a retriever encodes the query into the same embedding space and
retrieves the top-k most similar passages using approximate nearest neighbor
search. These passages are then concatenated with the original query into
a prompt, and an LLLM generates a response conditioned on both the query
and the retrieved context. By grounding responses in retrieved documents,
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RAG reduces hallucinations [124], model outputs “that appear nonsensical
or unfaithful to the provided source content” [125], and enables models to
access knowledge that was not present during training.

Alternatives to RAG promise increased accuracy in retrieving external
context and reduced token cost. One such approach is Mem(0, a memory
framework that operates through two phases, namely extraction and up-
date [126]. During extraction, salient facts are identified from new message
pairs using a conversation summary and recent message history as context.
During the update phase, each extracted fact is compared against existing
memories using semantic similarity, and an LLM determines whether to
add, update, delete, or ignore it. In its base configuration, MemO stores
memories as natural language text indexed by vector embeddings. An
extended variant, Mem(?, additionally represents memories as a directed
labeled graph in which entities serve as nodes and relationships as edges,
enabling relational reasoning across interconnected facts.

Whereas retrieval and memory govern what enters the context window,
tools determine how the model acquires information and acts upon it,
extending context engineering from a curatorial task into an interactive one.

2.2.4 Tools

The ability of large language models (LLLLMs) to use external tools through
application programming interfaces (APIs) has emerged as a key research
direction for overcoming inherent model limitations such as arithmetic errors
and outdated factual knowledge. Toolformer was the first approach to
demonstrate that tool use can be learned in a self-supervised way, without
requiring large amounts of human annotations [127]. The approach represents
API calls as linearized text sequences embedded within the token stream,
delimited by special tokens that mark the start of a call, the arguments, the
returned result, and the end of the call. At inference time, the model performs
auto-regressive decoding, the standard process by which a language model
generates text one token at a time, with each new token conditioned on all
previously generated tokens [128]. This proceeds normally until the model
generates a special token indicating that it expects a response from an API,
at which point decoding is paused, the host system parses the API name and
arguments from the generated tokens, executes the call against the appropriate
external tool, injects the result into the sequence, and resumes decoding. By
incorporating tools such as a calculator, a question-answering system, a search
engine, a translation system, and a calendar, Toolformer achieved substantially
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improved zero-shot performance across a variety of downstream tasks with
a 6.7 billion parameter model, often reaching performance competitive with
much larger models without sacrificing its core language modeling abilities.

Building on this foundation, Gorilla addressed the challenge that LL.Ms
remain largely unaware of which APIs are available and how to use them
in a frequently updated tool set [129]. Gorilla is a fine-tuned Large
Language Model Meta Artificial Intelligence (LLaMA) model that surpasses
the performance of generative pre-trained transformer (GPT)-4 on writing
API calls. Trained using retriever-aware training, Gorilla demonstrates
the ability to adapt to test-time document changes, allowing flexible user
updates or version changes, while substantially mitigating hallucination. To
evaluate the model, the authors introduced APIBench, a dataset consisting
of HuggingFace, TorchHub, and TensorHub APIs.

To bridge the gap between the limited tool-use capabilities of open-source
LLMs and the strong tool-use performance of closed-source models such as
ChatGPT, ToolLLM introduced a general tool-use framework encompassing
data construction, model training, and evaluation [130]. The framework
centers on ToolBench, an instruction-tuning dataset constructed automatically
using ChatGPT from 16,464 real-world Representational State Transfer
(REST)ful APIs spanning 49 categories collected from RapidAPI Hub.
RESTful APIs follow an architectural style, in which clients interact with
server resources through Hypertext Transfer Protocol (HTTP) methods such
as GET, POST, PUT, and DELETE, receiving responses in structured formats
such as the JavaScript Object Notation (JSON) [131]. HTTP is the standard
protocol used for communication between clients and servers on the web,
defining how requests and responses are formatted and transmitted [132].
JSON is a lightweight text-based data interchange format that represents
data as human-readable key-value pairs [133]. The construction process
involved three stages: API collection, instruction generation, and solution path
annotation using a depth-first search-based decision tree algorithm to enhance
reasoning capabilities. The resulting model, ToolLLaMA, demonstrated
the ability to execute complex instructions and generalize to unseen APIs,
exhibiting performance comparable to ChatGPT. ToolLLM also introduced
ToolEval, an automatic evaluator for assessing tool-use capabilities.

Additionally, the Berkeley Function Calling Leaderboard (BFCL) provides
a benchmark for evaluating [.LLLMs’ function-calling and tool-use capabilities
across real-world scenarios [134]. BFCL assesses both serial and parallel
function calls, supports multiple programming languages, and uses an abstract
syntax tree (AST)-based evaluation method that scales to thousands of func-
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tions. An abstract syntax tree is a hierarchical, tree-based representation of a
program’s syntactic structure in which each node denotes a language construct
and non-essential syntactic elements are omitted [135]. The benchmark com-
bines expert-curated and user-contributed functions with associated prompts,
and measures a model’s ability to abstain from unnecessary calls and reason
in stateful, multi-step agentic interactions. Evaluations across a wide range of
LLMs show that while flagship models perform well on single-turn function
calls, memory management, and long-horizon reasoning remain challenging.

A recent survey formally defined the function calling paradigm as the
mechanism through which LLMs “analyze user inquiries and engage with
defined functions, thereby facilitating precise responses through connections
to external sources, including databases, programming interfaces, and live
data streams” [136]. Unlike Toolformer, which required fine-tuning the
model on filtered API call examples, function calling provides the model
with structured function schemas at inference time, typically in JSON format,
describing the function name, its purpose, and the expected parameters with
their types. The model then determines whether a function is relevant
to the user’s query and, if so, outputs a structured object containing the
function name and extracted arguments rather than a natural language
response. The host application executes the function against the external
system and returns the result to the model, which uses it to compose its final
response. The survey describes this process as comprising three essential
phases. Preparation encompasses query analysis and function identification.
Execution evaluates whether a function call is necessary, extracts relevant
parameters, and oversees the operation. Processing concentrates on analyzing
outcomes and crafting appropriate responses.

Function calling defines how a model emits a structured invocation,
but every invocation ultimately lands on an interface that the target system
exposes. Agents operate such systems through three recurring interface
types, the first being software development kits (SDKs).

2.2.41 Software Development Kits

An SDK is a packaged collection of libraries, documentation, and code
examples through which developers operate a platform or service program-
matically from a general-purpose programming language [38]. Its functional
surface is an API. For a remote platform, the SDK typically wraps the
platform’s REST API in bindings for a particular programming language,
handling authentication, serialization, pagination, and retries so that platform
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operations appear as ordinary function calls.

The quality of an SDK therefore rests on the quality of its API [38].
A good API is characterized as easy to learn, easy to use even without
documentation, hard to misuse, and easy to read and maintain in the code
that uses it, and a public API can never be changed without breaking its
consumers [38]. Subsequent guidance framed the API as the user interface that
a software component presents to programmers, argued that design mistakes
multiply across every caller and every program built on top of the interface,
and recommended designing APIs from the perspective of the caller rather
than around the convenience of the implementation [137].

Apart from SDKs, the shell Bourne Again SHell (BASH) has become an
increasingly popular type of tool for software and coding agents that need
to interact directly with the local operating system and any command line
interface (CLI)-based tool installed on the host machine.

2.2.4.2 Command Line Interfaces

A CLI is a text-based interface through which users or programs issue
commands as typed strings and receive text output in return. The concept
can be traced at least as far back as early time-sharing systems, which allow
multiple users to interact with a single computer concurrently by rapidly
switching between their tasks. One example is the Compatible Time-Sharing
System developed at Massachusetts Institute of Technology (MIT) in the
early 1960s, which provided users with an interactive command interpreter
for managing files and executing programs from a terminal [138]. The
established synonym CLI, emphasizing the user-facing aspect rather than
the underlying interpreter, appeared as early as 1983 in research on user-
defined interfaces for electronic mail systems [139].

Unix, a general-purpose, multi-user, interactive operating system de-
veloped in the early 1970s, played a pivotal role in shaping the modern
CLI [140]. It introduced foundational abstractions such as a hierarchical
file system, uniform treatment of files and devices through a common
input/output interface, and process control primitives that remain central to
modern operating systems. The primary means of user interaction with
Unix was the Shell, a CLI that reads lines of text typed by the user and
interprets them as requests to execute programs. The Shell runs as an
ordinary user-level process rather than as a privileged part of the operating
system kernel, a design decision that established the enduring separation
between the operating system and its command interface.



Background |41

The Bourne Shell, introduced by Stephen Bourne as a successor to the
original Unix shell, unified interactive command execution with a general-
purpose programming language, establishing the shell not merely as a CLI
but as a scripting environment [141]. The Bourne Shell reads and executes
commands either interactively from a terminal or from stored files known
as shell procedures. Core features include input and output redirection,
which allows commands to read from and write to files rather than the
terminal. Pipelines connect the standard output of one command to the
standard input of another using the pipe operator. File name generation
through pattern matching with wildcard characters and control-flow primitives
enable the construction of complex command procedures.

The behavior of the Bourne Shell was later formalized by the Institute of
Electrical and Electronics Engineers (IEEE) as part of the Portable Operating
System Interface (POSIX) Shell and Utilities specification, a set of open
system standards based on Unix that defines the command language, built-
in utilities, and interactive facilities a conformant shell must provide [142].
BASH is an implementation of this standard that extends the original Bourne
Shell with additional features such as command-line editing, command
history, and job control [143]. It can be used interactively, accepting input
typed from a keyboard, or non-interactively, executing commands read from a
file or a string. It supports both synchronous execution, where the shell waits
for a command to complete before accepting further input, and asynchronous
execution, where commands run in parallel with the shell.

An early exploration of artificial intelligence (Al) agents operating CLIs
was Project Command Line Artificial Intelligence (CLAI) [144]. CLAI
provided a heavily instrumented version of BASH, enabling new end-user
interaction patterns such as natural language translation of command-line
tasks to their correct BASH syntax. It was open-sourced at the 34th
Association for the Advancement of Artificial Intelligence (AAAI) Conference
on Artificial Intelligence and led to the Natural Language Command to
Command (NLC2CMD) competition at the Conference on Neural Infor-
mation Processing Systems (NeurIPS) 2020, which challenged participants
to translate natural language descriptions of command-line tasks into valid
BASH commands [145]. The competition revealed several open challenges,
including the difficulty of handling underdetermined invocations where
natural language descriptions map to multiple valid command translations,
the need for session-level evaluation rather than isolated single-command
accuracy, and security concerns around command injection through ma-
nipulated training data. Participants also noted that the frequency of
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real-world commands follows a heavy-tailed distribution, suggesting that
focusing on a restricted but frequently used set of commands may yield
more practical accuracy than attempting full coverage.

Over the following years, work has focused on improving the evaluation
of natural language to BASH command translation. A study presented
a manually verified test dataset of 600 instruction-command pairs and a
training dataset of 40,939 pairs, increasing the size of previous datasets by
441% and 135% respectively [146]. The study also introduced a novel
functional equivalence heuristic that combines command execution with LLLM
evaluation of command outputs, determining the functional equivalence of
two BASH commands with 95% confidence, a 16% increase over previous
heuristics. Evaluation of popular LLMs demonstrated that parsing, in-
context learning, in-weight learning, and constrained decoding can improve
translation accuracy by up to 32%. However, the accuracy of state of the art
(SOTA) LLMs for this task remains low, highlighting that natural language
to BASH translation continues to be a challenging problem.

While function calling standardized how individual LLMs interact with
external tools, it did not address how to standardize the communication layer
between agents and the servers that host these tools, which is the problem
addressed by the Model Context Protocol (MCP).

2.2.4.3 Model Context Protocol

In late 2024, Anthropic launched the MCP, a universal open standard for
defining, discovering, and invoking external tools for Al applications [147].
Drawing inspiration from the Language Server Protocol, an open standard
originally developed by Microsoft that decouples programming language
support from code editors by defining a common interface through which any
editor can communicate with any language server for features such as auto-
completion and error checking [148], MCP introduces several features beyond
conventional function calling. The protocol decouples tool implementation
from usage, enabling developers to publish and describe external functions
dynamically, independent of any single model or agent framework. Dynamic
discovery and schema negotiation allow clients to list available tools at
runtime, retrieve capabilities, and invoke them in a uniform manner without
prior hardcoding or platform-specific adapters. Bidirectional communication
channels support both model-to-tool requests and tool-initiated events or
notifications back to the host. Access control and capability negotiation are
designed as first-class features, providing a foundation for more auditable and
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secure Al-to-tool interactions. In doing so, the MCP succeeds where earlier
agent communication languages such as Knowledge Interchange Format
(KIF) and Knowledge Query and Manipulation Language (KQML) did not.
Rather than prescribing a declarative language for inter-agent assertions, it
standardizes the narrower and more tractable problem of tool discovery and
invocation between an agent and its capability providers.

The MCP is guided by a set of principles that prioritize consistency,
simplicity, and long-term sustainability [149, 150]. It favors convergence
by enforcing a single well-designed solution rather than multiple competing
approaches, and emphasizes composability by relying on a small set of
core primitives instead of adding specialized features. Interoperability is
preferred over optimization, ensuring the protocol functions across diverse
systems with varying capabilities, while stability is prioritized over rapid
iteration to avoid irreversible design decisions. The protocol also avoids
compensating for temporary model limitations, instead focusing on endur-
ing capabilities, and values demonstrated implementations over theoretical
discussion. Pragmatism guides decision-making to balance usability with
design purity, and standardization is based on proven patterns rather than
speculative innovation, ensuring that extensions serve as experimentation
grounds before becoming part of the core specification.

An example of domain-specific MCP adoption is the Isabl Al Agent,
developed for the Isabl Platform, a precision oncology system broadly
adopted at Memorial Sloan Kettering Cancer Center and external research
institutions [151]. The platform manages hundreds of projects encompassing
over 105,000 sequencing experiments from approximately 70,000 individuals
and more than 4.7 petabytes of analytical data. To reduce the learning
curve imposed by the platform’s depth and schema complexity, the authors
developed an MCP server exposing Isabl tools such as API querying and
pipeline execution through a standardized interface, combined with retrieval-
augmented generation (RAG) over indexed documentation and a ReAct-style
agentic controller. ReAct is an approach that enables LLLMs to interleave
reasoning traces and task-specific actions, allowing them to plan, update,
and execute tasks while interacting with external sources for improved
performance, interpretability, and reliability [152]. The agent handles tasks
ranging from cohort discovery and multi-step genomic reasoning to automated
workflow submission via natural language, demonstrating how MCP can
bridge general-purpose LLMs with specialized scientific infrastructure.

A systematic study of MCP defines the full lifecycle of an MCP server as
comprising four phases [147]. The first phase is creation, in which developers
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define metadata, declare capabilities, and implement the server. The second
phase is deployment, in which the server is released to a platform and
registered with a host. The third phase is operation, in which the server actively
interprets user intent, accesses external resources, invokes tools, and manages
sessions. The fourth phase is maintenance, which covers version control,
configuration changes, and security auditing [147]. Since its release, MCP
has rapidly grown into a foundational architecture for Al-native applications,
with thousands of independently developed servers exposing model-accessible
interfaces to services such as GitHub, Slack, a workplace messaging platform
for team communication and collaboration [153], and Blender, an open-source
three-dimensional modeling and animation application [154].

A second study examined the architectural role of the MCP in multi-
agent systems (MASSs), interpreting it not merely as an integration protocol
but as an autonomous architectural layer that formalizes the topology of
interaction among hosts, clients, and servers [155]. The study identified
four mutually reinforcing principles derived from the protocol’s design. The
first is strict separation of concerns, which keeps cognitive functions such
as planning and synthesis distinct from execution and data access. The
second is security and governance by design, which relocates access control
and auditability to the server layer. The third is modular composability and
interoperability, which enables shared capability providers to serve multiple
agents across heterogeneous frameworks. The fourth is declarative context
provisioning, which transforms prompts and resources into managed assets
that can be discovered, versioned, and reused across workflows. The study
also proposed a lifecycle interpretation showing that MCP stabilizes system
evolution across creation, operation, and update phases, with a customer
support reference architecture demonstrating how narrowly scoped cognitive
roles can be coordinated by a host while relying on a shared capability layer.
However, the study noted that the broader ecosystem still faces unresolved
challenges around centralized oversight, multi-tenant configuration, cross-
component authentication, and trusted distribution.

Whether an agent reaches a system through the MCP or the CLI, the
interface exposes what can be invoked but not which invocations a given task
requires, in what order, or with what conventions. That procedural knowledge
is supplied separately, through agent skills examined in the following section.
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2.2.5 Agent Skills

In the context of agents, skills are defined as ‘“‘abstractions over useful
and reusable behaviors for the target tasks” [156]. SkillAct proposed a
prompting approach in which each skill is represented as a tuple of a name,
a set of instructions describing how to execute the skill, and examples of
the skill in use extracted from task trajectories. By appending these skill
descriptions to an agent’s prompt, the agent gains access to reusable behavioral
templates that guide its planning and action execution across different tasks.
The study demonstrated that skills can also be automatically extracted from
few-shot demonstrations by prompting a large language model (LLM) to
identify shared behaviors across trajectories, producing skills comparable in
quality to those written by human experts. Evaluated on Action Learning
From (ALF)World, a text-based simulated household environment built on
top of the Action Learning From Realistic Environments and Directives
(ALFRED) benchmark for embodied agents completing household tasks
in visually grounded settings [157], SkillAct improved success rates from
79.7% to 85.1% with extracted skills and to 88.0% with expert-written
skills when using generative pre-trained transformer (GPT)-4-turbo, with
analysis showing that skills primarily reduced plan execution errors such
as incorrect action syntax rather than planning errors.

This notion of skills as reusable, composable behavioral abstractions
encoded in natural language has since been adopted by practical coding agent
tools, where skills take the form of Markdown (MD) files containing instruc-
tions that extend the agent’s capabilities and can be invoked automatically or
on-demand. An MD file is a plain text file formatted using MD syntax, which
allows text, headings, code blocks, and lists to be easily written and read [158].

Recently, these abstractions have been implemented as agentic coding
manifests. Files such as Claude.MD provide agents with project context,
identity, and operational rules [159]. A Claude .MD file is a markdown file
placed in a project’s root directory that is automatically loaded into the context
of Claude Code, Anthropic’s coding agent [115], at the start of every session,
serving as persistent instructions that shape how the agent understands and
interacts with the codebase [160]. More recently, the AGENTS .MD format
has emerged as an open, standardized alternative, making these practices
broadly compatible across different coding agents [161].

A study analyzing 253 such files from 242 repositories found that
developers prefer a shallow hierarchical structure, typically using a single
primary heading with a moderate number of subsections [159]. Content
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is dominated by operational commands, technical implementation notes,
and high-level architecture descriptions, with many manifests also including
artificial intelligence (AI) role definitions to guide agent behavior. These
findings highlight the dual purpose manifests serve in agentic coding work-
flows. They function both as execution guides for technical tasks and as
frameworks for human-Al collaboration. This pattern echoes the elementary
operations concept from robotics, where a single structure encapsulated both
the agent-independent description needed for coordination and the agent-
specific implementation needed for execution.

What tools and skills have in common is that neither is placed in the
context window in full. The principle that governs how much of each reaches
the model is examined in the following subsection.

2.2.6 Progressive Disclosure

The principle that governs how tools and skills are exposed to an agent is
progressive disclosure, and predates agents by decades. It was introduced
in the retrospective on the Xerox Star, the first commercial system built
around a graphical user interface, as the principle that detail be hidden
from users until they ask or need to see it [162]. It responded to the
observation that systems overwhelm their users with choices, commands to
remember, and output that is largely irrelevant to the task at hand, because
they treat every possible action and every generated fact as equally likely to
matter. The Xerox Star applied it by hiding properties users are unlikely to
change until they indicate that they want to change them, and by displaying
property sheets on demand rather than permanently.

Progressive disclosure reached agents in three further steps as of 2025.
Anthropic reintroduced the term with agent skills, describing it as the design
principle that makes them scalable [163]. A skill is exposed to the model
in levels. Its name and description sit in the system prompt and carry just
enough information for the model to decide whether the skill is relevant, the
full instruction file is loaded only once it is, and bundled supplementary files
are read-only when the task requires them, so that the agent loads information
as needed rather than holding every skill in its context window. The principle
was then carried over to tools. An analysis of code execution with the Model
Context Protocol (MCP) observed that tool definitions consume context before
any tool is invoked and argued for writing them to files that the agent discovers
on demand, which costs no tokens until a definition is read and additionally
allows the agent to chain calls in code rather than passing every intermediate
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response through the context [164]. The step from tools to interfaces was made
explicit for the command line interface (CLI), where it was argued that CLI
tools already implement progressive disclosure through —he1p, which reveals
commands and their parameters hierarchically on request, so that a CLI attains
the context efficiency of skills without a separate framework around it [165].

What the Xerox Star hid from human users to spare their attention is
therefore hidden from agents to spare their context window. Progressive
disclosure is the mechanism to which the practitioner comparisons reviewed
in the related work attribute the token advantage of the CLI over the MCP,
and it is the property the interface contrast of this thesis tests, since a CLI
discloses its surface through help output as the agent needs it, whereas a
software development kit (SDK) requires the agent to know or infer the
application programming interface (API) it writes against.

While the preceding sections have established the theoretical foundations
of agents, tools, skills, and progressive disclosure, the following section exam-
ines how these concepts have been applied and evaluated in existing research.

2.3 Related Work

This section reviews existing research relevant to the present work. It is
organized into four subsections: meta-harnesses, machine learning (ML),
benchmarks, and systems optimization using agents. The first traces the
harness, the code, configuration, and execution logic around a model, and
then reviews the competing definitions of the meta-harness, the layer above
individual agent harnesses, and fixes the definition this thesis adopts. The
second examines ML from two perspectives: agents that automate ML
workflows and the platforms on which these agents and workflows are
executed. The third surveys benchmarks across four areas: coding agents, data
and feature engineering, the command line interface (CLI), and ML agents.
The fourth reviews approaches for optimizing systems using agents.

2.3.1 Meta-Harnesses

Before meta-harnesses emerge, harnesses appear first as software rather than
as aconcept. The agent —harness package is published to the Python Pack-
age Index in August 2023 as the component through which a benchmarking
platform runs its agents [166], a name for a piece of plumbing rather than for
a category. Scholarly use follows in 2025, when a benchmark paper reports
implementing an agentic harness that equips large language models (LLMs)
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with tools sufficient to produce accurate responses [167], applying the word
to the scaffolding around the model rather than to the model itself.

From there the term reaches practitioners. Mitchell Hashimoto, the
founder of HashiCorp and the author of the infrastructure as code tools Ter-
raform and Vagrant, which made the declarative provisioning of infrastructure
standard practice, describes harness engineering in early 2026 as the practice
of answering every agent mistake by engineering the environment so that the
mistake cannot recur, either by writing the correction into an agentic coding
manifest or by programming a tool that verifies the work [168]. Open Artificial
Intelligence (OpenAl) reports the same practice at production scale in the same
period, describing an agent-first codebase built around Codex [169]. What
these accounts leave implicit, LangChain makes explicit by decomposing the
term. In practice, an agent is a model plus a harness, and the harness comprises
every piece of code, configuration, and execution logic that is not the model
itself, namely the system prompt, the tools, skills, and Model Context Protocol
(MCP) servers exposed to the model together with their descriptions, the
bundled infrastructure of file system, sandbox, and browser, the orchestration
logic that spawns subagents and routes between models, and the hooks that
enforce deterministic steps such as compaction and lint checks [170].

Extending the concept of harnesses, the term meta-harness emerges in
2026 for the layer above individual agent harnesses. Three definitions
circulate, one from industry, one from research, and one from open source
tooling. Databricks introduced Omnigent as a meta-harness for combining,
controlling, and sharing agents, a positioning its chief technology officer has
since presented publicly [171, 172]. In this definition, a meta-harness is a
runtime layer above agent harnesses with a fixed architecture. A runner wraps
any agent, such as Claude Code, Codex, or a custom agent, in a sandboxed
session with a uniform application programming interface (API), and a server
provides policies and sharing and exposes every session over the terminal,
the app, and web APIs. Sessions, policies, and skills stay with the operator
regardless of which agent or model is running, and stateful policies track agent
actions and enforce guardrails such as cost budgets and permissions.

Research at Stanford defines the term through optimization rather than
operation [173]. Their meta-harness is an outer loop system that searches over
harness code, where the harness is the code that determines what information
to store, retrieve, and present to the model. An agentic proposer, itself a
coding agent, reads the source code, scores, and execution traces of all prior
candidates and proposes targeted edits, and the authors motivate the search
by showing that changing only the harness around a fixed model can produce
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a sixfold performance gap on the same benchmark. A meta-harness in this
sense is an optimizer that treats the harness as a searchable program.

A third definition comes from the CrewHaus whitepaper, which describes
a meta-harness as a compiler and control plane that accepts one high
level specification and emits a concrete runtime, with the recurring harness
primitives as its intermediate representation and the runtime architectures
as its backends [174]. A meta-harness in this sense is a build tool that
amortizes harness engineering across deployment shapes.

The three definitions share the view that the gain above individual
harnesses lies in a layer that treats agents and their harnesses as inter-
changeable components, and they differ in whether that layer operates agents,
optimizes them, or compiles them. This thesis adopts the Databricks
definition, since its subject is the operation of machine learning (ML)
platforms. The next subsection turns from the layer that operates agents
to the ML agents and platforms themselves.

2.3.2 Machine Learning

This subsection reviews the intersection of agents and platforms in the
context of machine learning (ML). It first examines existing approaches
to specializing software agents for automating ML workflows, and then
reviews existing surveys of ML platforms.

2.3.2.1 Agents

Various approaches have been proposed to create specialized agents
for automating ML workflows, forming a class of systems commonly
referred to as ML agents. These agents use large language models
(LLMs) to reduce manual effort across stages of the automated machine
learning (AutoML) pipeline and vary in their degree of platform
integration, tool interface design, and pipeline coverage.

One agent has been proposed that enables natural language interaction
throughout the entire ML workflow [175]. The agent implements an
end-to-end ML pipeline incorporating automatic data loading and pre-
processing, task identification, neural architecture selection, hyperparameter
optimization, and training automation. It introduces a data processing
approach that uses LLMs to automatically interpret and handle diverse data
formats without requiring manual pre-processing, as well as an adaptive
hyperparameter optimization strategy that combines LLM knowledge of
ML best practices with dynamic performance feedback. Evaluation on ten
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datasets spanning classification and regression tasks demonstrates increased
performance compared to traditional rule-based AutoML frameworks. While
the agent covers the complete AutoML pipeline including data preparation,
feature engineering, model generation, and model evaluation, it operates
through remote data ingestion rather than integration with an ML platform.

Introspective Monte Carlo Tree Search (I-MCTS) addresses the low-
diversity and suboptimal code generation that agents in AutoML often exhibit
by introducing an introspective process that iteratively expands tree nodes
through analysis of solutions and results from parent and sibling nodes [176].
The approach integrates an [LLLM-based value model to evaluate each node’s
solution prior to computational roll-outs, and implements a hybrid rewarding
mechanism that transitions from LL.M-estimated scores to actual performance
scores. Applied to various ML tasks, [-MCTS demonstrates a 4% absolute
improvement over strong open-source AutoML agents. While the approach
targets the complete AutoML pipeline, it focuses solely on the agent’s
search and reasoning strategy without considering platform integration or
tool interfaces such as a software development kit (SDK), a command line
interface (CLI), or the Model Context Protocol (MCP).

Within data lake systems, a second line of work integrates AutoML frame-
works and LLLMs into the Semantic Data Reservoir for Heterogeneous Datasets
(SEDAR) platform [177]. SEDAR is a semantic data lake that integrates
data ingestion, storage, processing, governance, and semantic enrichment to
support data integration, linking, profiling, and ML workflows [178]. The
work introduces a metadata model for capturing data analytics processes, a
Python package wrapping existing AutoML libraries, and a module utilizing
LLMs to automate ML tasks. A comparative evaluation indicates that AutoML
simplifies pipeline creation but limits user control and lacks robust data pre-
processing support, while LL.Ms can automate individual tasks such as code
generation but struggle to orchestrate complete workflows effectively. The
authors propose a vision integrating multi-agent frameworks with knowledge
graphs that capture historical experience from previous ML experiments. This
approach addresses data preparation, model generation, and model evaluation,
but does not employ an SDK, a CLI, or the MCP as tool interfaces, instead
relying on an integrated agent architecture within the data lake system.

A third study transforms a conventional application programming interface
(API)-based analytics platform into a set of MCP-based tools accessible
by agents, establishing a process to facilitate communication between data
analysts, agents, and the platform [179]. The resulting chat-based interface
allows analysts to query and execute analytical workflows using natural
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language. The framework is instantiated with open-source models and
achieves a 7.2% mean overall score increase compared to baselines, with
complementary user study data demonstrating superior task efficiency and
higher user preference scores relative to a traditional form-based interface.
While this approach employs the MCP as its tool interface, it is limited
to the data preparation stage of the AutoML pipeline and does not address
feature engineering, model generation, or model evaluation.

AutoMLPipeline is a closed-loop code generation framework that inte-
grates retrieval-augmented generation (RAG) with reinforcement learning
(RL) feedback mechanisms to produce deployment-ready pipeline code
for cloud-native ML platforms [180]. The framework uses a knowledge
base constructed from successful pipeline execution logs to guide gen-
erative pre-trained transformer (GPT)-4 in generating code that adheres
to platform-specific constraints, and introduces a pre-validation agent that
employs simulated execution environments to predict resource consump-
tion and detect dependency conflicts before deployment. Evaluation on
the CodeSearchNetwork (net) dataset augmented with Azure ML pipeline
specifications demonstrates a 43.7% improvement in first-submission success
rate and a 31.2% reduction in resource over-provisioning compared to vanilla
GPT-4 baselines. This approach is the closest to the present work in that
it generates executable code targeting the cloud platform Microsoft Azure,
covering data preparation, model generation, and model evaluation. However,
the framework does not address feature engineering, and it relies solely on
code generation without employing external tools such as an SDK, a CLI,
or the MCP to interact with the platform at runtime.

Having reviewed agents that automate ML workflows, the following
section turns to the platforms on which such workflows are executed.

2.3.2.2 Platforms

Beyond the Hopsworks Feature Store, numerous other data science and ML
platforms exist [181]. Gartner, an American research and advisory firm,
classifies vendors into four categories as displayed in Figure 2.4: leaders,
challengers, visionaries and niche players [182].

Leaders have mature platform strategies that use generative artificial intel-
ligence (GenAl) and agents, and innovate at a pace that outpaces competing
vendors [181]. Eight platforms occupy this category, including those from
Databricks, Google, Microsoft and Amazon Web Services (AWS). Chal-
lengers possess the operational capacity to serve broad enterprise needs but
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are constrained by limited geographic or industry focus. Alibaba Cloud is the
sole entrant in this category. Visionaries offer differentiated, forward-looking
solutions but lack sufficient recognition for end-to-end adoption, and include
five platforms from companies such as Snowflake, Statistical Analysis System
(SAS) and Cloudera. Niche Players, such as Alteryx and MathWorks, focus
on specific industries or user groups but have limited broader market traction.
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Figure 2.4: Gartner Magic Quadrant for Data Science and Machine Learning
Platforms [181]

While agents feature prominently in the evaluation, the interfaces through
which coding agents access these platforms receive little attention. CLIs and
SDKs are not assessed as agent-facing interfaces at all. Neither the availability
of an SDK, a CLI, an MCP server, or ML platform agents, nor the extent to
which these interfaces and agents cover feature, training, and inference tasks,
constitutes an evaluation criterion. Consequently, no systematic assessment
exists of which ML platforms a coding agent could operate today, through
which interfaces and agents, and across which machine learning operations
(MLOps) and AutoML tasks. Establishing this landscape is a prerequisite for
benchmarking coding agents on ML platforms and motivates RQ1.
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With the initial platform landscape established, the following
subsection reviews how agents operating on such platforms could
be evaluated, surveying existing benchmarks.

2.3.3 Benchmarks

The following subsections review existing benchmarks across four areas
relevant to the research questions (RQs): coding agents, data and feature engi-
neering, the command line interface (CLI), and machine learning (ML) agents.

2.3.3.1 Coding Agents

Existing benchmarks for coding agents span a broad range of
capabilities, including safety, data science, autonomous task
execution, repository-level code generation, automated program repair,
communication skills, and collaborative coding.

In the domain of safety, RedCode provides an evaluation platform
for assessing the security of code agents across unsafe code execution
and generation [183]. It covers 25 types of critical vulnerabilities
spanning websites, file systems, and operating systems, and evaluates
agents across multiple input formats including Python, Bourne Again
SHell (BASH), and natural language descriptions.

Several benchmarks target code generation in data-intensive and
repository-level contexts. Data Analysis (DA)-Code evaluates large language
models (LLMs) on agent-based data science tasks grounded in real and diverse
data, requiring complex data wrangling and analytics using Python and the
structured query language (SQL) [58]. Application World (AppWorld)
provides an execution environment of nine applications operable via 457
application programming interfaces (APIs), with 750 intelligent agent
tasks requiring rich and interactive code generation [184]. CodeAgent
introduces a framework with five programming tools for repository-level
code generation, evaluated on the CodeAgentBenchmark (bench) dataset
and HumanEval [185]. GitTaskBench assesses coding agents on 54 realistic
tasks across seven modalities and seven domains, pairing repositories with
automated evaluation harnesses and introducing an alpha-value metric to
quantify economic benefit [186]. ProjectEval simulates user interaction for
project-level code generation evaluation across three input levels [187].

Automated program repair represents another active area. A survey
traces the evolution from template and constraint-based approaches
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to LLM-powered systems, comparing retrieval-augmented, agent-
based, and agentless paradigms across benchmarks such as software
engineering (SWE)-bench, CodeAgent-Bench, and CodeRetrieval-
augmented generation (RAG)-Bench [118]. Model Diagram Code
(MDC)Agent addresses model diagram-to-code generation through a
collaborative multi-agent framework for parsing, generating, and verifying
code from model diagrams across 16 research domains [188].

Further benchmarks evaluate broader coding agent capabilities. Mas-
sive Multitask Agent Understanding (MMAU) provides offline evaluation
across five domains including tool use, data science and ML coding, and
contest-level programming, covering capabilities such as understanding,
reasoning, planning, problem-solving, and self-correction [189]. Human
Evaluation Communication (HumanEvalComm) assesses the communication
skills of LLLMs for code generation, evaluating their ability to ask clar-
ifying questions when problem descriptions contain inconsistencies, am-
biguities, or incompleteness [190]. CooperBench evaluates collaborative
coding through 600 tasks where two coding agents must coordinate on
independently implementable but potentially conflicting features, revealing
a 30% average drop in success when agents work together versus individ-
ually [191]. Code Semantic Question Answering (CoSQA)+ introduces
an automated pipeline for semantic code search evaluation with test-driven
agent annotation [192]. BenchAgents proposes a framework that uses LLMs
to automate benchmark creation for complex capabilities through planning,
generation, data verification, and evaluation agents [193].

While MMAU includes data science and ML coding as one of its
evaluation domains, it assesses general coding competence on ML tasks
rather than evaluating coding agents that operate an ML platform through
its interfaces. None of the reviewed benchmarks evaluates coding agents
performing feature, training, and inference tasks on an ML platform, jointly
measure accuracy, cost, and the number of turns required, or compare agents
of different origins and model tiers under the presence and absence of skills.

Having outlined the broader benchmarking landscape for
coding agents, the following section explores benchmarks that
specifically target data and feature engineering.

2.3.3.2 Data and Feature Engineering

Beyond general coding tasks, several benchmarks target the data-centric work
that precedes and surrounds model training. DSEvaluation (eval) broadens
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the evaluation scope from isolated code generation to the full lifecycle of
data science agents [194]. Rather than assessing only whether generated
code is correct, the paradigm continuously monitors the query, the retrieved
context from a stateful runtime session, the generated code, the execution
result, and the resulting session state through modular validators, including an
intactness validator that fails an agent for unintentionally modifying existing
variables. To reduce annotation effort, benchmarks are constructed through
an LLM bootstrapping process with humans in the loop, expressed in a
dedicated annotation language, yielding four benchmarks with 825 problems
drawn from tutorial exercises, question and answer pages, and platforms for
coding and data science competitions. Six agent frameworks were evaluated,
revealing that presentation errors and intactness violations are common failure
modes, that context selection, particularly code history, strongly influences
performance, and that multi-agent frameworks incur significantly higher costs
without demonstrating clear advantages over single-agent designs.

Data Science Benchmark (DataSciBench) extends this line of work
toward complex, multi-step data science prompts with uncertain ground
truth [195]. The benchmark comprises 222 prompts spanning six task types,
from data cleaning and exploration to visualization, predictive modeling,
mining, and report generation, with ground truth generated through a semi-
automated pipeline combining [LI.M self-consistency and human verification.
Its Intention-Function-Code framework maps each prompt to intent-specific
task types, verifiable evaluation functions, and programmatic validation
code, producing 519 test cases evaluated through 25 aggregate metrics.
Across 26 evaluated models, API-based models outperform open-source
counterparts, and the results expose persistent weaknesses in following fine-
grained instructions, calling appropriate tools, executing accurate plans, and
exporting required outputs. Even models proficient in reasoning tasks fail on
data science workflows for these reasons. Of the 26 models, however, 25
are raw LLMs invoked through a fixed agentic scaffold, with only a single
dedicated agentic model included in the comparison.

While these benchmarks cover broad data science workflows, Feature
Engineering (FeatEng) concentrates on the single most knowledge-intensive
stage within them and evaluates the ability of LLMs to perform feature
engineering on tabular data [196]. Given a textual description of one of
103 manually curated Kaggle datasets, including metadata and semantic
explanations of its columns, the model must generate a Python function that
transforms the raw data into a more predictive feature set. Quality is measured
objectively as the percentage error reduction of an eXtreme Gradient Boosting
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(XGBoost) model trained on the transformed data relative to a baseline trained
on the untransformed data. Success on the benchmark requires the integration
of multiple skills, including data interpretation, multi-step reasoning, code
generation, and, most distinctively, the application of world and domain
knowledge, such as enriching a dataset by mapping countries to their
approximate gross domestic product per capita. Analysis of generated features
confirms that strong domain knowledge based features have a statistically
significant positive impact on scores, and the benchmark exhibits a strong rank
correlation of 0.878 with Chatbot Arena ratings at a fraction of the evaluation
cost. The best-performing model at the time of publication achieved an average
error reduction of roughly 11%, only slightly above a constrained automated
machine learning (AutoML) baseline. Notably, models are evaluated in a
single pass by design, and the authors acknowledge that the protocol does not
assess iterative refinement, deferring agentic evaluation to future work.

Across all three benchmarks, evaluation takes place in generic Python en-
vironments built on libraries such as Pandas, Scientific Python Toolkit (scikit)-
learn, and XGBoost. None of them evaluates data or feature engineering
against an actual ML platform, its feature store, or its native tooling. Agents,
meanwhile, are covered only partially, as FeatEng deliberately excludes
agentic behavior, DataSciBench evaluates predominantly raw models, and
only DSEval places agent frameworks at the center of its design. FeatEng in
particular acknowledges this limitation explicitly and defers agentic evaluation
to future work. This thesis takes up that direction and extends it in two ways:
from single-pass LILMs to coding agents that iteratively refine their solutions,
and from local Python environments to an ML platform operated across the
full range of machine learning operations (MLOps) and AutoML tasks.

However,  operating a platform requires an  agent-facing
interface, and the following section therefore reviews benchmarks
and evidence on the CLI in this role.

2.3.3.3 Command Line Interface

Benchmarking of LLLM-based agents operating CLIs remains limited in
the academic literature. Terminal-Bench 2.0 is the only peer-reviewed
benchmark specifically designed to evaluate agents on tasks in computer
terminal environments [197]. It comprises 89 curated tasks inspired by
real workflows, each featuring a unique environment, a human-written
solution, and comprehensive tests for verification. Among its tasks, the
benchmark includes several ML-related challenges [198]. One task requires
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training a convolutional neural network (CNN) on Canadian Institute for
Advanced Research (CIFAR)-10, a widely used image classification dataset
consisting of 60,000 color images across ten classes [199], using the Caffe
framework, an early open-source deep learning (DL) library developed at
the Berkeley Vision and Learning Center [200].

Another task involves reconstructing and fine-tuning a PyTorch model
from a state dictionary [201], a serialized representation of a model’s learned
parameters. A third task requires implementing pipeline parallel training
for the Large Language Model Meta Artificial Intelligence (LLaMA) model,
a technique that partitions model layers across multiple devices to enable
training of large models that exceed the memory capacity of a single device. A
fourth task involves training a FastText model, a lightweight text classification
and word representation library developed by Facebook Research [202], on
review data. A fifth task requires building a command-line tool for inference
on Modified National Institute of Standards and Technology (MNIST), a
benchmark dataset of handwritten digit images commonly used for evaluating
image classification models [203]. These tasks partially address the model
generation and model evaluation stages of the AutoML pipeline. Evaluation
of frontier models and agents shows that none exceeds 65% on the benchmark,
with error analysis identifying areas for model and agent improvement.
However, Terminal-Bench 2.0 does not systematically cover the full AutoML
pipeline, including data preparation and feature engineering, does not evaluate
agents operating an ML platform, and does not compare CLI-based interaction
against a platform’s native software development kit (SDK).

In contrast to the scarcity of academic work, considerable practitioner
effort has been devoted to evaluating CLIs as tool interfaces for coding agents,
typically in direct comparison with the Model Context Protocol (MCP). This
discourse began in August 2025 and has continued since, primarily through
technical blog posts, GitHub discussions, and threads on platforms such as
Hacker News, and is reviewed here because it constitutes the only available
evidence on how CLI-based interfaces serve coding agents.”

An early pair of posts evaluated equivalent MCP and CLI versions of
a terminal-control tool across 120 runs, finding equivalent success rates
and similar costs between the two variants [204]. A follow-up argued that
established MCP servers such as Playwright MCP consume 13,700 to 18,000
tokens of context across 21 to 26 exposed tools, whereas a 225-token file
documenting four equivalent CLI scripts achieved the same functionality,

*Where available, the corresponding Hacker News discussion thread is included in the
bibliography entry of the primary source.
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a roughly 60-fold reduction [205]. Together, the posts converge on the
position that the choice between the two interfaces is largely determined
by tool design rather than the protocol itself.

A separate analysis quantified the context overhead of the MCP relative
to a CLI-based equivalent under a typical configuration of six MCP servers
exposing 84 tools in total [206]. The MCP integration was reported to load
the full JavaScript Object Notation (JSON) schema for every tool at session
start, consuming approximately 15,540 tokens, whereas an equivalent CLI-
based setup loaded only a lightweight listing of tool names and locations,
consuming approximately 300 tokens, with tool definitions discovered on-
demand. Across configurations ranging from a single tool call to 100 tool
calls per session, the CLI-based setup was reported to use roughly 92 to 98
percent fewer tokens than the MCP, and to remain cheaper than MCP-based
tool search mechanisms designed to mitigate the schema-loading overhead.

A GitHub-focused benchmark compared the MCP, the CLI, and a CLI
variant augmented with skills on five read-only tasks, holding the model and
prompts constant across 75 runs [207]. Token usage was reported to be 4 to
32 times higher for the MCP than for the CLI, attributed primarily to schema
injection. The evaluated server exposed 43 tools, all of whose schemas were
loaded into the conversation context regardless of which tools were used.
Reliability also differed substantially, with the CLI variants completing all
25 runs successfully and the MCP variant failing in 7 of 25 runs due to
remote connection timeouts. Augmenting the CLI with an 800-token skill
document reduced tool calls and latency by roughly one third compared to the
unaugmented CLI. The post nevertheless argued that the MCP’s overhead is
justified in multi-user, multi-tenant deployments where per-user authorization,
tenant isolation, and structured audit trails are required.

A complementary analysis framed the choice between the two interfaces as
a function of where in the software delivery lifecycle the agent operates [208].
CLI tools were argued to fit the inner loop of rapid local iteration because of
their low context-window overhead, their familiarity to models from training
data, and their composability through standard shell mechanisms, whereas
the MCP was argued to fit the outer loop of shared infrastructure because
of its centralized authentication, structured responses, and session state, with
production setups typically requiring both interfaces rather than one.

A further critique pushed back on the prevailing narrative that the CLI
uniformly outperforms the MCP, arguing that the comparison shifts substan-
tially depending on whether the CLI tools in question are well-known utilities
or bespoke implementations [209]. Standard tools such as git, curl, jq,
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or cloud provider CLIs were reported to be highly token-efficient because
models have encountered them extensively in training data and can invoke
them without explicit instruction. Bespoke CLIs, by contrast, were argued
to require descriptions in agentic coding manifests or progressive disclosure
of —help output to discover commands and parameters, characterized as
“the MCP schema, just without any structure” [209]. The post further
distinguished between MCP servers running locally over standard input and
output and remote MCP servers running over streamable Hypertext Transfer
Protocol (HTTP), arguing that only the former is meaningfully comparable
to a CLI, while the latter offers organizational benefits such as centralized
authentication, telemetry, observability, and dynamic delivery of prompts and
resources that are difficult to reproduce with locally distributed CLI tools.

Taken together, the practitioner comparisons cover terminal control,
browser automation and debugging, tool discovery overhead, GitHub work-
flows, the distinction between trained and bespoke tools, and the role of
interface choice across stages of the development lifecycle. Their findings
converge. CLI-based interfaces consume substantially fewer tokens because
tool definitions are discovered on-demand rather than loaded into the context
upfront, a pattern corroborated by a browser-debugging comparison reporting
33 percent higher token efficiency for the CLI [210] and by an industry report
finding three MCP servers consuming approximately 55,000 tokens before any
user message was processed [211]. CLI-based interfaces further achieve equal
or higher reliability and benefit from the familiarity of models with standard
utilities from training data, whereas the advantages of the MCP concentrate in
remote, multi-user deployments requiring centralized authentication, tenant
isolation, and audit trails. A single experiment additionally suggests that
augmenting a CLI with skills reduces tool calls and latency [207].

This asymmetry between practitioner activity and academic coverage
demonstrates that CLI-based interface benchmarking for coding agents is
academically underdeveloped. None of the practitioner comparisons is peer-
reviewed, and all of them target general software development rather than ML
workflows. Combined with Terminal-Bench 2.0, which covers only isolated
ML tasks, no benchmark, academic or practitioner, evaluates coding agents
operating an ML platform through a CLI across MLLOps and AutoML tasks,
compares CLI-based interaction against the platform’s native SDK, jointly
measures accuracy, cost, and turns, or isolates the contribution of skills.

The following section turns to benchmarks that eval-
uate agents on ML tasks.
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2.3.3.4 Machine Learning Agents

Several benchmarks have been proposed to evaluate agents specifically
on ML tasks, ranging from experimentation and engineering
to code generation for ML algorithms.

MILAgentBench introduces a suite of 13 tasks designed to assess whether
LLM-driven agents can perform ML experimentation effectively [212]. Tasks
range from improving model performance on CIFAR-10 to recent research
problems such as Baby Language Model (BabylLM), a shared task focused on
training language models on developmentally plausible amounts of data [213].
Agents can perform actions such as reading and writing files, executing code,
and inspecting outputs, following the ReAct framework. Evaluation across
several frontier models finds that a Claude v3 Opus agent achieves the highest
success rate at 37.5%, though performance varies considerably, spanning from
100% on well-established datasets to 0% on recent Kaggle challenges. The
benchmark identifies long-term planning and hallucination reduction as key
challenges. While MLLAgentBench evaluates agents across multiple stages
of ML experimentation, it does not assess agents operating an ML platform
through tool interfaces such as an SDK, a CLI, or the MCP.

MLGym provides both a framework and the benchmark MLLGym-Bench
for evaluating and developing LLLM agents on artificial intelligence (AI)
research tasks [214]. MLGym-Bench comprises 13 diverse, open-ended
research tasks spanning computer vision, natural language processing, re-
inforcement learning (RL), and game theory. Solving these tasks requires
a broad range of research skills, including generating hypotheses, creating
and processing data, implementing ML methods, training models, running
experiments, analyzing results, and iterating to improve performance. By
framing these tasks as a Gym environment, MLGym additionally enables
research on RL algorithms for training such agents. Evaluation of several
frontier models, including Claude 3.5 Sonnet, generative pre-trained trans-
former (GPT)-40, ol-preview, Llama-3.1 405B, and Gemini-1.5 Pro, shows
that current models can improve on given baselines, typically by finding
better hyperparameters, but do not generate novel hypotheses, algorithms, or
architectures. While MLGym broadens the scope of ML agent evaluation to
open-ended research and provides an extensible framework for developing
new learning algorithms, it does not evaluate agents interacting with an
ML platform through standardized tool interfaces.

Building on MLAgentBench, machine learning engineering (MLE)-bench
curates 75 ML engineering competitions from Kaggle to measure how well
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Al agents perform at real-world ML engineering tasks such as training
models, preparing datasets, and running experiments [215]. Human baselines
are established using Kaggle’s publicly available leaderboards. The best-
performing setup, Open Artificial Intelligence (OpenAl)’s ol-preview with
Artificial Intelligence-Driven Exploration in the Space of Code (AIDE),
achieves at least the level of a Kaggle bronze medal in 16.9% of competitions.
AIDE is an ML engineering agent that frames ML engineering as a code
optimization problem, using tree search over potential solutions to iteratively
refine and reuse promising approaches [216]. The benchmark additionally
investigates resource scaling for Al agents and the impact of pre-training
contamination. MLE-bench provides a broader and more challenging evalua-
tion than MLAgentBench, but similarly does not evaluate agents interacting
with an ML platform through standardized tool interfaces.

MILAIlgo-Bench, which references MLE-bench, introduces two tasks
focused on ML code generation [217]. The first requires generating code for
ML algorithms including both traditional and deep learning-based methods.
The second provides human-authored solution sketches and requires writing
ML code for practical tasks in Kaggle competitions. Evaluation using an
automatic framework with metrics such as task pass rate, relative performance,
and time overhead shows that the top-performing model at the time of publi-
cation, Claude 3.5 Sonnet, achieves a 48.8% completion rate on algorithm
implementation and 21.6% on Kaggle competitions. While MLLAlgo-Bench
evaluates model generation and model evaluation, it does not address data
preparation or feature engineering as autonomous stages, nor does it assess
agents operating ML platforms through tool interfaces.

In summary, existing ML agent benchmarks evaluate agents on experi-
mentation, engineering, and code generation tasks, but none assesses agents
performing feature, training, and inference tasks on an ML platform through
its native interfaces. No benchmark jointly measures accuracy, cost, and turns
for such workflows, compares coding agents of different origins and model
tiers, or isolates the effect of skills on agent performance. The following
subsection turns to approaches for optimizing systems using agents.

2.3.4 Systems Optimization Using Agents

Beyond automating machine learning (ML) workflows, a growing body of

work employs agents to optimize the systems on which such workloads run.
A first line of work applies frontier large language model (LLM) agents

to join order optimization, a classic database problem in which the number
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of possible execution plans grows exponentially with the number of joined
tables and where traditional optimizers frequently select poor plans due
to misestimated cardinalities [218]. Rather than placing the LLM in the
latency-critical path of the query optimizer, the approach frames the agent
as an offline experimenter that emulates the iterative tuning process of a
human database administrator. The agent is equipped with a single tool
that executes a candidate join order and returns its runtime alongside the
size of each computed subplan, and the validity of proposed orderings
is guaranteed through structured model outputs constrained by a grammar
admitting only valid reorderings. Evaluated on the Join Order Benchmark,
a suite of 113 queries designed to be difficult to optimize, the agent improved
upon the Databricks optimizer in 80% of cases, reducing query latency
by a geometric mean factor of 1.288 and lowering P90 latency by 41%,
thereby outperforming perfect cardinality estimates, smaller models, and a
recent offline optimizer. The approach constitutes an anytime algorithm
in which larger iteration budgets translate into further performance gains.
While this work demonstrates that agents can autonomously improve a data
system through iterative experimentation and feedback, the optimization target
is the execution plan of individual queries rather than the interfaces and
skills through which agents themselves operate a platform, and the setting
is a data platform rather than an ML platform.

database (DB)PlanBenchmark (bench) extends this direction from in-
dividual join orders to general physical plan optimization [219]. The
harness targets the DataFusion query engine and exposes physical query plans
through a compact serialized representation, to which an LLM proposes
localized edits applied as JavaScript Object Notation (JSON) patches. A
test-time optimization workflow combines semantic reasoning over column
semantics, value distributions, and domain context, which classical statistics-
based optimizers cannot exploit, with an evolutionary search that refines
candidate plans across iterations. The evaluation focuses on Online Analytical
Processing (OLAP) queries. OLAP denotes a class of database workloads
oriented toward analytical processing, in which complex, read-heavy queries
aggregate large volumes of data for reporting and decision support, in
contrast to transactional workloads that consist of frequent, small read and
write operations [220]. Because such queries are executed repeatedly,
small efficiency gains translate into substantial cumulative savings, and the
evaluation specifically targets join reordering and join-side selection, where
cardinality-estimation errors compound multiplicatively. Median speedups
reach 1.10 to 1.12 times on the Transaction Processing Performance Council
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ad hoc decision support benchmark (TPC-H) and 1.05 to 1.07 times on the
Transaction Processing Performance Council decision support benchmark
(TPC-DS), two standard suites of analytical structured query language (SQL)
queries over synthetic databases, with individual queries accelerated by up
to 4.78 times, and optimizations discovered at small scale factors are shown
to transfer to larger ones, supporting a low-cost small-to-large workflow.
As with agentic join ordering, however, the object of optimization is the
query plan itself. The approach neither optimizes the agent-facing interfaces
of a platform nor addresses ML workloads.

Closest to the present work is a study on data-centric optimization of
lakehouse agents, which optimizes the skills and agentic coding manifests
through which coding agents operate Bauplan, an agent-first branching
lakehouse [221]. The authors observe that when agents operate production
data systems, the textual artifacts surrounding them become part of the system
control surface and must be optimized and evaluated as such. Their central
insight is that a branching lakehouse turns agent evaluation from an output-
matching into a state-verification problem. Because the platform is headless,
with all interactions wrapped by a command line interface (CLI) and a typed
Python software development kit (SDK), and because Git-like data primitives
map every write to an immutable commit, agent-generated pipeline code
induces concrete, inspectable lakehouse changes. The optimization pipeline
generates task-verifier pairs from a taxonomy grounded in anonymized
production traces, executes candidate skills in isolated sandboxes, and scores
trajectories at three levels: tool traces, lakehouse state, and final response
quality. Using the black-box optimizer Genetic-Pareto (GEPA) with Claude
Code and claude-sonnet-4-6 as the agentic setup, optimized skills improved
held-out reward relative to their manually curated seeds by 12.0% on average
across a benchmark of 780 tasks, with gains of up to 28.6%. Notably, skills
involved in multi-skill tasks could not be optimized in isolation, which the
authors identify as motivation for jointly optimizing skills in future work.
While this study establishes that skills are optimizable system parameters
and that write-path verification enables reliable scoring, it differs from the
present work in two aspects. First, optimization is performed by a custom
optimization system that mutates skill text based on reward signals, rather
than by a coding agent that itself analyzes and improves the interfaces
through which it operates the platform. Second, the study optimizes skills
alone while holding the CLI and SDK constant, and does not compare
an optimized interface against the platform’s unoptimized CLI and native
SDK' baselines on accuracy, cost, and turns.
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Taken together, these studies demonstrate that agents can improve data
systems through iterative experimentation, that plan-level optimizations dis-
covered by agents transfer across scales, and that the textual artifacts sur-
rounding agents constitute optimizable system parameters. However, all
three operate on data platforms and query engines rather than ML plat-
forms, and none examines whether a coding agent can itself optimize
the CLI and skills through which it operates such a platform, nor how
the resulting interface compares against unoptimized CLI and native SDK
baselines. This gap motivates RQ3 of this thesis.

2.4 Summary

This chapter presented the foundational concepts and related work under-
pinning this thesis. The progression began with artificial intelligence (Al),
broadly defined as algorithms capable of performing tasks that typically
require human intelligence, and narrowed to machine learning (ML), its
subfield concerned with algorithms that learn to solve tasks from data
without explicit programming. ML engineering introduced the practical
principles governing effective model development, including the interplay of
representation, evaluation, and optimization, the challenge of overfitting, and
the structured Al lifecycle spanning design, development, and deployment.
Machine learning operations (MLOps) then extended these principles to the
operational level, drawing on development and operations (DevOps) practices
such as continuous integration and continuous delivery (CI/CD) to enable
fast, reproducible, and reliable releases of ML applications. ML platforms
were presented as the infrastructure supporting these practices, with the
Hopsworks Feature Store illustrating how feature pipelines, training pipelines,
and inference pipelines can be organized around a centralized feature store
with support for batch, streaming, and request-time computation.

The chapter then examined deep learning (DL), the subset of ML
that learns hierarchical representations through multiple successive layers,
reducing the need for manual feature engineering. Generative artificial
intelligence (GenAl) was introduced as the branch of DL concerned with
generating previously unseen synthetic content, tracing the evolution from
early probabilistic models such as Restricted Boltzmann Machines (RBMs)
and deep belief networks (DBNs) through variational autoencoders (VAEs)
and generative adversarial networks (GANs) to the transformer architecture,
which replaced recurrent mechanisms with self-attention to enable parallelized
training. Large language models (LLMs) were then presented as the class
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of transformer-based models capable of executing diverse natural language
processing (NLP) operations, with key concepts including tokenization,
attention mechanisms, reinforcement learning (RL) from human feedback,
in-context learning, the constraints imposed by the context window, and the
biases these models encode and propagate from their training data. Code
generation was discussed as the most prevalent application of LL.LMs within
software engineering (SWE), evaluated through benchmarks such as SWE-
bench and Deep Evaluation (DeepEval), alongside persistent error categories
and robustness limitations. Vibe coding was introduced as the emerging
development practice that uses these models, characterized by conversational
code generation, multimodal expression processing, and context-aware gen-
eration patterns. Automated machine learning (AutoML) was then discussed
as the automated construction of ML pipelines on a limited computational
budget, comprising data preparation, feature engineering, model generation,
and model evaluation, with LLM contributions reviewed across all four
stages. Finally, sovereign Al was introduced as a nation’s capacity to develop,
operate, and control Al systems using domestic infrastructure, data resources,
workforce expertise, and commercial ecosystems, independent of foreign
platforms, with the origin and scale of models and the origin of ML platforms
identified as strategic variables motivating the comparative dimension of RQ?2.

The discussion then shifted to agents, beginning with intelligent agents
defined by the properties of autonomy, social ability, reactivity, and proac-
tiveness, and formalized through the belief-desire-intention (BDI) model of
beliefs, desires, and intentions. Distributed artificial intelligence (DAI) and
multi-agent system (MAS) extended these concepts to environments where
multiple self-interested agents interact, introducing coordination through com-
mitments and conventions, planning through shared and collaborative plans,
and reasoning about outcomes through utility functions. Software agents
were presented as the practical translation of these theoretical foundations
into autonomous programs operating within computational environments,
classified into collaborative, interface, reactive, hybrid, and other types.
Coding agents were then introduced as specialized software agents, consisting
of planning, memory, perception, and action components, and capable of
interpreting developer goals, generating code, and interacting with external
tools. Context engineering was examined as the discipline of optimizing
external context before presenting it to the model, encompassing techniques
such as file ordering, chunking strategies, retrieval-augmented generation
(RAG), and memory frameworks like Mem0. Tools were then discussed
beginning with self-supervised tool learning through Toolformer, progressing
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through fine-tuned tool-use models such as Gorilla and ToolLLLM, and
culminating in the function calling paradigm, before the three interface types
through which agents operate external systems were examined. The software
development kit (SDK) was presented as the programmatic interface through
which a platform is operated from code. The command line interface (CLI)
was presented as a complementary tool interaction modality, tracing its origins
from early time-sharing systems and the Unix shell through the Bourne
Shell and Portable Operating System Interface (POSIX) standardization to
Bourne Again SHell (BASH), and reviewing research on natural language
to BASH translation. The Model Context Protocol (MCP) was presented
as the agent-native interface type, a universal open standard for defining,
discovering, and invoking external tools that supports dynamic discovery,
bidirectional communication, and access control. Skills were examined
as reusable behavioral abstractions over useful behaviors for target tasks,
represented as named instructions with examples that guide agent planning
and execution, and implemented in practical coding agent tools as Markdown
(MD) files and agentic coding manifests that provide agents with project
context, and operational rules. Progressive disclosure was traced from its
origin in graphical user interface design, where detail is hidden from users
until they ask or need to see it, through its reintroduction for skills, its
application to tool definitions discovered on demand, and its identification
in the ~help mechanism of the CLI, establishing the principle by which
an interface reaches the model in levels rather than in full.

The related work section examined four areas closely aligned with this
research: meta-harnesses, ML, benchmarks, and systems optimization using
agents. The meta-harnesses subsection traced the harness from a Python
package in 2023 through its first scholarly use to the component definition that
separates a model from the code, configuration, and execution logic around
it, and then reviewed three competing definitions of the layer above it, a
runtime layer that wraps any agent in a sandboxed session with a uniform
application programming interface (API), an optimizer that searches over
harness code, and a compiler that emits runtimes from one specification,
and adopted the first, since the meta-harness built for this thesis is such
a layer. The ML subsection reviewed both agents and platforms. ML
agents were examined as a class of LLM-based systems that automate
ML workflows, varying in pipeline coverage, platform integration, and tool
interface design. Existing approaches either cover the complete AutoML
pipeline without integration into an ML platform, employ tools but are limited
to a single interface type or pipeline stage, or integrate within platform
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architectures without standardized tool interfaces. The landscape of ML
platforms was surveyed through industry analysis, encompassing leaders such
as Databricks, Google, Microsoft, and Amazon Web Services (AWS), as well
as challengers, visionaries, and niche players. While agents are featured
prominently in these analyses, the interfaces through which coding agents
can operate the platforms, and how comprehensively these interfaces cover
feature, training, and inference tasks, are not assessed.

Benchmarking was reviewed across four areas. Coding agent benchmarks
span safety, data science, repository-level code generation, automated program
repair, communication skills, and collaborative coding, but none evaluates
agents performing ML tasks on ML platforms. Data and feature engineering
benchmarks evaluate models and agents in generic Python environments
rather than against an ML platform, with Feature Engineering (FeatEng)
explicitly deferring agentic evaluation to future work. CLI benchmarks remain
limited to Terminal-Bench 2.0 in the academic literature, while extensive
practitioner comparisons against the MCP consistently report CLI advantages
in token efficiency, reliability, and model familiarity, with MCP advantages
concentrated in multi-user, multi-tenant deployments. Yet none of this work,
academic or practitioner, covers MLOps and AutoML tasks, evaluates agents
operating an ML platform, or compares the CLI against a platform’s native
SDK. ML agent benchmarks evaluate experimentation, engineering, and code
generation tasks but do not assess agents operating ML platforms.

Systems optimization using agents was then reviewed through three
representative approaches. The first is agentic join order optimization, in
which an offline LLLM agent iteratively experiments with execution plans and
outperforms a commercial query optimizer. The second is harness-based
physical plan optimization, in which an LLM proposes localized plan edits
refined through evolutionary search on an open-source query engine. The
third is data-centric optimization of the skills and agentic coding manifests
through which coding agents operate a branching lakehouse. Together, these
studies demonstrate that agents can improve data systems through iterative
experimentation, that plan-level optimizations transfer across scales, and
that the textual artifacts surrounding agents constitute optimizable system
parameters. However, all three target data platforms and query engines rather
than ML platforms, and none examines whether a coding agent can itself
optimize the interfaces and skills through which it operates such a platform.

Across these areas, three gaps emerge. First, industry analyses evaluate
ML platforms on their capabilities but not on their agent-facing interfaces
and agents, leaving open which platforms a coding agent could operate
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today via an SDK, a CLI, an MCP server, or ML platform agents, and
how comprehensively these interfaces cover feature, training, and inference
tasks. Second, no benchmark evaluates coding agents operating ML platforms
across MLOps and AutoML tasks, and consequently nothing is known about
how coding agents of different origins and model tiers compare on such
workloads, how their performance varies across platforms of different origins,
or how much skills contribute to it, a comparison of particular relevance given
the emergence of European models and platforms alongside their American
counterparts. Third, while systems optimization research establishes that
agents can improve query plans and that skills constitute optimizable system
parameters, no study examines whether a coding agent can itself optimize
an ML platform’s CLI and skills, and how the result compares against the
platform’s unoptimized CLI and native SDK. This thesis addresses these
gaps through MLPlatformAgentBench (MLPAB), a benchmark for coding
agents operating ML platforms that measures accuracy, cost, and turns, and
by answering the following three research questions (RQs):

* RQ1: Which ML platforms exist, and to what extent do their interfaces,
namely SDKs, CLIs, and MCP servers as well as ML platform agents,
cover MLLOps and AutoML tasks when assessed against a systematic set
of coverage criteria?

* RQ2: How do European and American coding agents, based on frontier-
tier and lower-tier model products, compare in operating European and
American ML platforms across MLOps and AutoML tasks with and
without skills, measured by accuracy, model invocation cost, and turns?

* RQ3: To what extent can a coding agent optimize an ML platform’s
CLI and skills, and how does the optimized interface compare against
the platform’s unoptimized CLI and native SDK baselines on accuracy,
cost, and turns?

The next chapter presents the method by which these
three questions are answered.
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Chapter 3
Method

Answering the three research questions (RQs) of this thesis requires an
instrument that does not yet exist, namely a way to run coding agents against
real machine learning (ML) platforms under identical conditions and grade
what they actually produce on the platform, not what they claim to have
produced in their transcripts. Building that instrument is therefore part of
the method itself, alongside the experiments it enables.

The method consists of five phases, benchmark generation, market
assessment, comparison, optimization, and evaluation. It begins with the
instrument that all five depend on, MLPlatformAgentBench (MLPAB), a
benchmark and meta-harness for evaluating coding agents operating ML
platforms, whose construction is part of the method. The benchmark’s tasks
are generated as fresh, seeded instances of the feature, training, and inference
pipelines, including large language model (LLM) fine-tuning and serving,
complemented by operations tasks and two capstone projects. An agent’s work
is graded by reading the resulting platform state back through the platform’s
own data paths rather than by inspecting the agent transcript. The meta-
harness executes each task across a grid of conditions spanning the coding
agent, the platform, the interface given to the agent, and the presence or
absence of skills. The interface is the platform command line interface (CLI),
its Python software development kit (SDK), or its Model Context Protocol
(MCP) server, of which the committed experiments compare the CLI and
the SDK. For every run, the meta-harness records accuracy, cost, and turns,
alongside a detailed timing and tool call decomposition. The planning of
the experiments builds on the constructed meta-harness.

The market assessment phase answers RQ1 through a structured scoring
built on the benchmark. Candidate ML platforms are systematically scored on
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whether each of the agent-facing interfaces and agents, the Python SDK, the
CLI, the MCP server, and ML platform agents, covers the feature, training,
and inference stages that the benchmark operationalizes as well as operations.
An ML platform agent is a vendor-built, platform-specific agent that carries
out the feature, training, and inference workloads of its own platform, and
coverage in that class is credited to such an agent only. The second route by
which an agent operates a platform, a meta-harness that hosts general-purpose
coding agents in the platform in the sense adopted in the background, is scored
as a criterion of its own rather than folded into the vendor-agent class, because
the two differ in what they offer an agent. A vendor agent covers stages with its
own capabilities, while a meta-harness covers none by itself and instead admits
an arbitrary coding agent operating the platform’s other interfaces. Agents
that a vendor ships but that meet neither definition are recorded separately as
other software agents and are not scored. An other software agent is a software
agent published for the platform whose scope lies outside the machine learning
operations (MLOps) and automated machine learning (AutoML) tasks the
benchmark operationalizes, such as a software agent for analytics or office
work, or whose role is to suggest and generate rather than to execute, such
as an assistant that requires approval for every action. The category exists
so that the judgement is documented with its source rather than dropped,
and so that the presence of an agent product is not mistaken for coverage of
MLOps and AutoML tasks. The assessment also scores hosting support for
MCP servers, documented agent deployments, and a published set of skills.
The outcome of this assessment is an overview of which platforms cover the
feature, training, and inference pipelines in full, as well as operations, today,
and it determines which platforms are carried forward into the experiments.

The comparison phase answers RQ2 by running the benchmark against
two of the highest scoring platforms, one of American and one of European
origin, with four models spanning both origins and two scales, namely the
American models Claude Opus and Claude Sonnet, and the European models
Mistral Large and Mistral Medium. For each model and platform, a treatment
grid crosses both interfaces with both skill conditions across all tasks, so
that agents of different origins and scales can be compared on platforms
of different origins under identical tasks and grading.

The optimization phase addresses RQ3 by using a coding agent to generate
first six optimized variants of the European platform’s CLI, each isolating
a single design intervention, and then an optimized set of skills. The
evaluation phase runs both, individually and in combination, against the
same benchmark to compare them with the unoptimized CLI and the native
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SDK' baselines, completing the answer to RQ3.

This chapter begins by introducing experiments in software engineering
(SWE) as a research method and defining the terminology and process used
throughout this study. It then describes the benchmark generation phase,
whose tasks form the objects of study, the market assessment phase, which
answers RQ1 and determines which platforms can host the evaluation, and
the scoping of the experiments that realize the comparison, optimization,
and evaluation phases. The planning phase that follows describes the
meta-harness, the interfaces and skills under comparison, the independent
and dependent variables, the hypotheses, the experiment design as a set
of committed treatments, the execution protocol, the stochasticity controls,
the instrumentation, the analysis procedure, and the four dimensions of
validity. The chapter concludes with the operation of the experiments,
covering the implementation and preparation of the meta-harness, the ex-
ecution of runs, and the validation of the collected data. The analysis
and interpretation of the results, which applies descriptive statistics and
formal hypothesis tests to the data and interprets the findings in light of
the three RQs, follows in the next chapter.

3.1 Experiments in Software Engineering

An experiment in software engineering (SWE) is defined as “an empirical
enquiry that manipulates one factor or variable of the studied setting.
Based on randomization, different treatments are applied to or by different
subjects, while keeping other variables constant, and measuring the effects
on the outcome variables. In human-oriented experiments, humans apply
different treatments to objects, while in technology-oriented experiments,
different technical treatments are applied to objects” [222]. Experiments
are used to evaluate beliefs such as a theory or hypothesis by testing the
relationship between a treatment and an outcome, thereby allowing researchers
to draw conclusions about cause and effect [223].

Central to any experiment is the distinction between two types of vari-
ables [222]. Independent variables, also known as factors, are the variables
in the process that are controlled and manipulated by the experimenter.
Dependent variables, also known as response variables, are those whose
values are observed and measured to study the effect of changes in the
independent variables. An experiment studies the effect of changing one or
more independent variables while all other independent variables are held at
a fixed level. A treatment is one particular value of a factor, and the choice of
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which treatments to apply constitutes the experiment design. Treatments are
applied to combinations of objects, the entities being studied, and subjects,
the participants or tools applying or receiving the treatments, if any. An
experiment consists of a set of tests, where each test is a unique combination of
a treatment, a subject, and an object. The number of tests carried out directly
affects the experimental error, which is the estimate of how precisely one can
measure the mean effect of any experimental factor. The experimental error,
in turn, determines the confidence that can be placed in the results.

The experiment process consists of five main phases [222]. The first
phase is scoping, in which the goals and objectives of the experiment are
established. The goal is formulated from the research problem, and a
commonly suggested framework defines the scope in terms of the object
of study, the purpose, the quality focus, the perspective from which the
experiment is conducted, and the context in which it takes place.

The second phase is planning, in which the context is set, including the per-
sonnel involved and the environment. During planning, hypotheses are stated
formally as the null hypothesis, which represents the default assumption of
no effect, and the alternative hypothesis, which represents the expected effect.
The independent and dependent variables are identified, and the experiment
design is specified, including the instrumentation to be used. A critical aspect
of planning is addressing validity, which has four dimensions. Internal validity
concerns the reliability of the results and whether the observed effects can
genuinely be attributed to the treatment rather than to confounding factors.
External validity addresses how generalizable the results are beyond the spe-
cific experimental setting. Construct validity examines whether the treatment
truly reflects the cause construct and whether the outcome adequately captures
the effect construct. Conclusion validity concerns whether the observed
relationship between treatment and outcome is statistically justified.

The third phase is operation, which encompasses the three activities of
preparation, execution, and data validation. Preparation involves readying
the subjects and materials for the experiment. During the execution phase
the experiment is conducted. Data validation involves checking the collected
data for correctness and completeness before analysis.

The fourth phase is analysis and interpretation. In this phase, descriptive
statistics are used to summarize the data, and the researcher considers
whether the data set should be reduced, for example by removing out-
liers. A formal hypothesis test is then performed, and the results are
interpreted. If the evidence is sufficient, the null hypothesis may be
rejected in favor of the alternative hypothesis.
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The fifth and final phase is presentation and packaging, in which the
results are documented and compiled into a complete package that allows
others to understand, evaluate, and replicate the experiment.

The remainder of this chapter applies the first three phases of this
process to the experiments conducted in this study. The fourth phase,
analysis and interpretation, is carried out in the next chapter. The fifth
phase, presentation and packaging, is realized through this thesis itself and
through the public MLPlatformAgentBench (MLPAB) GitHub repository
[224], which packages the meta-harness, treatments, evaluation suites, and
results. Applying this process begins with the first phase of the method,
the generation of the MLPAB benchmark.

3.2 Benchmark Construction

This section describes how the MLPlatformAgentBench (MLPAB) benchmark
was constructed, covering the requirements that shaped its design, the
generation of its tasks with a coding agent, the resulting tasks and their
grading protocol, the two capstone projects derived from real world use
cases, and the verification of the benchmark itself before any experiment
was run. It begins with the requirements.

3.2.1 Design Requirements

Six requirements were fixed before any task was written, and every
task in the benchmark satisfies all of them.

The first requirement is ground truth by construction. The answer key
of every task is computed by committed deterministic pandas and numpy
code. No large language model (LLM) produces the ground truth, and the
platform under test is never used to compute it, so the correctness of the
answer key does not depend on the systems being evaluated.

The second requirement is assertion suite grading. Every run is graded by
assertions implemented in code, and the counts of passed, failed, and skipped
assertions are recorded. Each failed assertion carries a named diagnosis, so
a failure is attributed to a specific mistake rather than merely detected.

The third requirement is validity checks at generation time. Every
generated instance must pass two checks before it is handed to an agent.
The first check requires that the committed reference solution reproduces the
ground truth exactly, which proves that the task is solvable as stated. The
second check requires that every wrong answer differs from the ground truth,
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where a wrong answer is the result a plausible shortcut would produce, such as
aggregating over the wrong window or skipping a required filter. An instance
in which a shortcut yields the correct answer cannot distinguish the shortcut
from the solution, so it is rejected and the generator reseeds deterministically.

The fourth requirement is platform-neutral prompts. Tasks state their
required outcome in domain language, and never in platform primitives, so
the same prompt is valid on every platform and translating domain language
into platform mechanisms is part of what the benchmark measures.

The fifth requirement is fresh instances per run. Every run receives a
newly generated instance from a deterministic seed derived from the session,
task category, task, and repetition identifiers, and instance specific resource
names carry a suffix of six hexadecimal characters derived from the seed. The
seeding exists so that no instance matches a task or solution already present in
model training data, and so that no two runs share data or resource names.
Every run nonetheless remains reproducible from its seed.

The sixth requirement is separation of grading from the agent. Grading
is performed by code, never by an LLM judging the agent’s output, which
requires implementing a checker adapter for every supported platform. The
private answer key, comprising the ground truth and the wrong answers, is
materialized in a sibling directory outside the agent’s file system boundary,
and grading runs outside that boundary through these adapters, so the
agent can never observe the answer and a plausible transcript contributes
nothing to the grade. With these six requirements fixed, the next step
was to generate a benchmark that satisfies them.

3.2.2 Task Generation

The benchmark was generated with the coding agent Claude Code running
Claude Opus 4.8, operating under the experimenter’s direction and against
the six requirements above. Task construction followed the feature, training,
and inference pipeline architecture defined by Dr. Jim Dowling in Building
Machine Learning Systems with a Feature Store: Batch, Real-Time, and Large
language model (LLM) Systems [36], which defines a machine learning opera-
tions (MLOps) paradigm that organizes a machine learning (ML) system into
independent feature, training and inference (FT1) pipelines connected through
a feature store. The feature, training, and inference task groups each cover
the sub categories of the corresponding pipeline type, so that the benchmark
operationalizes the pipelines of RQ1 rather than an ad hoc task selection.
The FTI task groups and the operations group together cover MLOps and
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automated machine learning (AutoML), with operations covering use cases
such as alerting, lineage, and scheduled jobs. The 22-task benchmark extends
beyond MLOps tasks with LLM fine-tuning as part of the model training
group and LLM serving as part of the model inference group.

Two capstone projects complete the benchmark. Derived from the example
systems of Dowling’s book’s m1fs-book GitHub repository [225], they
reproduce its air quality forecasting and credit card fraud detection use cases
as fresh seeded instances, the former built from real Particulate Matter with an
Aerodynamic Diameter of 2.5 um or less (PM2.5) measurements joined with
Open-Meteo weather archives and the latter from a deterministic synthetic
transaction log [226], and each is graded by a held out predictive metric against
a calibrated per instance bar, root mean square error (RMSE) and receiver
operating characteristic (ROC) area under curve (AUC) respectively, together
with state checks that the feature group, training dataset, and registered model
exist on the platform, thereby measuring whether competence on individual
pipelines composes into full pipeline competence. Together, the pipeline and
operations tasks and the capstone projects form the benchmark presented next.

3.2.3 Task Overview

The benchmark consists of 22 tasks split across five groups. The feature,
training, and inference groups map directly onto the feature, training and
inference (FTI) pipelines, and together with the operations group they cover
machine learning operations (MLOps), while the automated machine learning
(AutoML) additions, large language model (LLLM) fine-tuning and serving,
sit inside the training and inference groups. Each task within each of
these groups adds one realistic complication that the agent must navigate,
such as overlapping redelivered export files whose rows must land exactly
once, out of order corrections, or schema breaking reloads. There are no
difficulty tiers. Table 3.1 describes the 22 tasks.
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Table 3.1: Short description of each of the 22 MILPlatformAgentBench
(MLPAB) tasks. Every task states its requirement in domain language and
is graded by reading the deliverable back from the platform. Full per-task
documentation, including the generator’s notes, an example prompt, the staged
files, and the enumerated assertion suite, is available in the GitHub repository
accompanying this thesis [227].

Task Description
Feature

ingest Register a feature table and load a full export whose
two files overlap so that every row lands exactly once.

backfill Load out of order batches containing corrections so
that the table holds each row’s latest revision.

mit Compute a model-independent transformation, a per
account rolling seven day sum with exact window
semantics, into a derived feature table.

validate Enforce documented data constraints, loading only

incremental_ load

full_reload

training_data

clean rows and reporting every rejected row identifier.
Load all daily increments and register a recurring
scheduled ingestion job on the platform.

Recreate a feature table after a breaking upstream
schema change instead of merging the new export into
the old data.

Build a point in time correct training dataset across
four feature tables with late arriving rows, duplicates,
and one table whose rows after the label time strongly
encode the label, so that ignoring the as of cutoff leaks
it.

Training

train Run a provided deterministic training script as a
platform job and land its predictions in an online
enabled feature table, bit exact.

mdt Apply a model-dependent transformation with statis-
tics fitted on the training split only, never on the
serving data.

register Register a provided model artifact in the platform’s

model registry with the exact provided metrics
attached.

continued on next page
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Table 3.1: Short description of each of the 22 MLLPAB tasks, continued.

Task

Description

11lm_finetuning

Run a provided deterministic fine-tuning script as a
platform job and register the resulting model with the
exact metrics the script produced.

Inference
batch

online

odt

1lm_serving

recsys

vector_ search

Batch score a whole entity population with point in
time correct feature values through an as of join that
must not look past the cutoff.

Materialize features for online serving and retrieve
them through the platform’s low latency read path
rather than from the source data.

Compute an on-demand feature at request time from
request parameters joined with a stored profile,
applying the exact formula.

Deploy a provided model as a real time endpoint and
invoke it correctly over the platform’s inference path.
Run a two-tower retrieval and ranking step with dot
product relevance, exclusion of already seen items,
and a deterministic tie break.

Load embeddings into the platform’s vector capable
store and run its native similarity search with the
correct Euclidean metric.

Ops
scheduled_jobs

alerting

lineage

Set up a recurring scheduled job on the platform from
a provided script and prove that it ran.

Create a job that is guaranteed to fail, attach an alert
to that failure, and report the configuration.

Build a derived feature table from two partially
overlapping sources, register the derivation, and
answer a lineage question.

Capstone
ccfraud

Build the full feature, training, and inference pipeline
for credit card fraud detection and publish per
transaction fraud probabilities that beat a calibrated
receiver operating characteristic (ROC) area under
curve (AUC) bar.

continued on next page
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Table 3.1: Short description of each of the 22 MILLPAB tasks, continued.

Task Description

airquality Build the full feature, training, and inference pipeline
for Particulate Matter with an Aerodynamic Diameter
of 2.5 um or less (PM2.5) forecasting and publish per
day predictions that beat a calibrated root mean square
error (RMSE) bar.

How each task is graded depends on the kind of deliverable
it declares, which is defined next.

3.2.4 Grading Deliverables

Each task declares one of three deliverable kinds, which determines how
it is graded. A table deliverable is a feature table on the platform, read
back through the checker adapter and compared against the ground truth
on schema, row count, and content. A dataset deliverable is a versioned
training dataset read back the same way. A platform deliverable additionally
requires platform state, such as a registered model, a recurring job, a real
time endpoint, or an alert, verified through the adapter’s state reads. One
checker adapter per platform implements the assertions through which grading
occurs, retrieving feature tables, reading rows and training datasets, and
reading platform state such as registered models, jobs, deployments, and
alerts. Grading therefore inspects the state the agent produced on the platform,
through the platform’s own data paths, rather than the agent’s transcript or
local files. The grading report records a per assertion result, and when
a delivered value matches the precomputed result of a plausible shortcut,
the report names that shortcut as the failure diagnosis.

Together, the deliverable kinds and grading through the platform’s own
read paths guarantee that the platform was actually invoked. A deliverable
can only pass its assertion suite if it exists on the platform, so a locally
computed result, a fabricated artifact, or a plausible looking transcript earns
nothing. This closes one of the two paths by which an agent could bypass the
platform, and the second path, producing the deliverable locally in the first
place, is closed at execution time by enforcement. Reconciling this restriction
with agent autonomy was among the hardest problems of the benchmark’s
construction. The agent must be prevented from working around the platform,
since a task rescued with local computation would measure the agent rather
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than the interface, while at the same time retaining the highest possible degree
of autonomy in planning its approach, discovering the interface’s capabilities,
recovering from errors, and deciding how to solve the task. Instructions
alone proved insufficient during development, since an agent facing a failing
interface readily rescues the task with local computation, so the constraint
was moved out of the prompt and into the environment, where grading by
state verifies the outcome, the allowlist enforces the path the agent is on,
and everything within that boundary is left entirely to the agent. Before
any agent was graded, the benchmark itself was verified.

3.2.5 Benchmark Verification

The benchmark was verified in three ways before any committed experiment
was run. First, the validity checks operate on every generated instance, so
a defective instance can never reach an agent. Second, the generators’ self
tests and the meta-harness’s unit test suite exercise the generators, graders,
and checker adapters, so grading is tested independently of any agent.

Third, because the benchmark was generated with Claude Opus 4.8 while
the experiments compare Anthropic and Mistral models, the benchmark,
including the task generators, graders, and prompts, was further checked
for errors with an agent from the other vendor. Mistral Vibe executing
Mistral Large 3 was run over the meta-harness and the task implementations
as an independent review pass, and the defects it surfaced were fixed
before any committed treatment was executed.

With the benchmark constructed, the next section assesses
which platforms cover the machine Ilearning operations (MLOps)
and automated machine learning (AutoML) tasks it operationalizes
and can therefore host the evaluation.

3.3 Market Assessment

Before any experiment can compare interfaces, RQ1 requires identifying a
broad candidate set of machine learning (ML) platforms, which interfaces
they offer, and to what extent those interfaces cover the feature, training, and
inference pipelines as well as operations. The market assessment answers this
through a criteria-based scoring of 39 candidate ML platforms.

The set of candidate platforms is drawn from three sources. The first
source is the vendor landscape reviewed in the related work chapter [181]. The
second source is the platform directory maintained at featurestore.org [228],
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a catalog of feature store and ML platform vendors maintained by one of the
assessed vendors. The third source is a monitoring of platform announcements
on Hacker News and LinkedIn between 30 January 2026 and 15 July 2026,
which captures platforms and interface releases that postdate the literature.

Each platform is assessed against 31 criteria. Two criteria capture
availability, namely whether the platform is actively maintained and whether
it is offered as a public software as a service (SaaS). Four criteria record
whether each of the three agent-facing interfaces and ML platform agents
exist at all, and the documenting source is recorded as evidence. For this
assessment, an ML platform agent is a vendor-specific agent supplied with
the product, through which the platform is operated natively. A meta-harness
developed by the platform vendor running inside or outside of the platform
is scored separately, as is agent deployments, which records whether the
platform documents hosting for agents. An agent the vendor ships that
meets neither definition is recorded as an other software agent without score.
The core of the assessment maps the MLPlatformAgentBench (MLPAB)
benchmark directly onto the platform. For each of the four, the Python
software development kit (SDK), the command line interface (CLI), the Model
Context Protocol (MCP) server, and ML platform agents, the assessment
scores whether it covers each of the four benchmark stages, namely the
feature, training, and inference pipelines and operations, yielding sixteen
stage-coverage criteria derived from those tasks. The remaining criteria are
hosting support for MCP servers, recorded as a standalone criterion, the
ML platform agent capabilities of running PySpark code, accessing a file
system, and providing dashboards, a documented meta-harness, documented
agent deployments, and the availability of agent skills. In addition, the
headquarters location of each vendor is recorded so that platforms of European
and American origin can be compared under RQ2.

All criteria are documented from public documentation and source code
repositories. The coverage of the SDK, CLI, and MCP interfaces was assessed
using the coding agent Claude Code running Claude Opus 4.8, which was
directed at each platform’s documentation and source repositories to probe
the interface surface, with every judgement reviewed by the experimenter
and the supporting source recorded alongside it. ML platform agents were
assessed from documented vendor-agent capabilities or documented meta-
harnesses under the same review rule. The ML platform agent criteria
are credited only if a documented source actively mentions a vendor-built
agent performing the corresponding platform work, and the meta-harness
criterion only if the vendor documents a harness that hosts general-purpose
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coding agents in the platform. An external agent that merely reaches a
generic public application programming interface (API) without any native
platform support does not satisfy the definition.

Each criterion is scored as fully supported, partially supported, or
unsupported, based on the documented capabilities. From these 31 recorded
criteria, the market coverage score reported in the results chapter aggregates
23 coverage criteria. These are the four stages each of the SDK and the CLI,
the four stages plus documented server hosting of the MCP, the four stages
plus the PySpark, file system, and dashboard capabilities of ML platform
agents, and one criterion each for a documented meta-harness, documented
agent deployments, and a published set of skills. Full support contributes one
point and partial support half a point. The four criteria recording whether each
interface exists, the availability and headquarters facts, and an other software
agent are not scored. A platform therefore scores high exactly to the extent
that its interfaces and agents can carry out the benchmark.

The scores are aggregated into a coverage score per platform, computed as
the number of fully supported scored criteria plus half the number of partially
supported ones, divided by the 23 scored coverage criteria. The leading
platforms are those that are actively maintained, offered as a public SaaS, and
score at least 35%, a rule applied uniformly to every assessed platform. The
resulting coverage matrix constitutes the answer to RQ1 and is reported in the
results chapter. It also determines the platforms carried into the experiments.
The benchmark is run against the highest scoring platform overall and the
highest scoring European platform, both of which provide a CLI and a Python
SDK with full coverage of the feature, training, and inference pipelines as
well as operations, and which therefore support the origin comparison of RQ2
without confounding platform origin with interface coverage.

The assessment has methodological limitations that bound what the answer
to RQI can claim. The scoring is a single pass by one coding agent with
author review, so no inter-agent reliability can be reported, and the judgements
inherit the accuracy of public documentation, which can lag or overstate actual
capability. The equal weighting of the 23 scored coverage criteria and the half
credit for partial support are modeling choices without an empirical basis, so
the tier boundaries should be read as a coarse ordering rather than a precise
ranking. Finally, using Claude Opus 4.8 to assess interfaces that Claude
models later operate introduces a mild circularity, which is limited by the fact
that the assessment scores whether documented coverage exists rather than
how well an agent performs with it. The candidate set is purposive rather
than exhaustive. Its source lists and news monitoring provide breadth, but
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there is no reproducible population frame, formal inclusion rule, or stopping
criterion, so counts apply only to the assessed set.

With the market assessed, the next section scopes the experiments that
answer the second and third research questions (RQs).

3.4 Scoping the Experiments

The overall goal of the experiments is to empirically compare command line
interface (CLI)-based and software development kit (SDK)-based interfaces
for coding agents operating machine learning (ML) platforms, to study how
the use of skills affects performance under each interface type across agents
and platforms of different origins and scales, and to evaluate whether a coding
agent can improve its own operating interface by optimizing the platform CLI
and its accompanying skills. The experiments require no human participants
to apply treatments. They are technology-oriented.

The objects of study are the 22 tasks of the MLPlatformAgentBench
(MLPAB) benchmark, spanning the feature, training, and inference
pipelines, extended by large language model (LLM) serving and
fine-tuning and complemented by operations and capstone projects,
instantiated as fresh, seeded task instances on one European and one
American platform selected through the market assessment.

A subject of study is the combination of a coding agent and an under-
lying LLLM. The meta-harness supports three coding agents, Claude Code
executing Anthropic models, Mistral Vibe executing Mistral models, and
Open Artificial Intelligence (OpenAl) Codex executing OpenAl models.
Codex is supported but is not part of the committed experiments, since the
origin comparison contrasts European and American agents, and OpenAl
Codex, like Claude Code, is an American stack, so including it would
have added cost without adding an origin contrast.

Each vendor’s models are accessible only through that vendor’s agent,
so model and coding agent cannot be varied independently, and a subject
is in practice the deployable combination of model and coding agent.
This coupling is deliberate, since the stack is also the unit a practitioner
usually chooses between, but it means that model contrasts are stack con-
trasts, a consequence discussed under validity.

The experiments evaluate four models chosen to span origin and
scale, each pinned to an explicit version-locked identifier such as
claude-opus-4-8. The American models are Claude Opus 4.8
as Anthropic’s flagship model and Claude Sonnet 4.6 at the medium
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scale, and the European models are Mistral Large 3 as Mistral’s flagship
model and Mistral Medium 3.5 at the medium scale. These four enable
the origin and scale comparison-demanded by RQ?2.

The treatments correspond to the manipulated factors, namely the interface
through which the agent operates the platform, either the CLI or Python
SDK, the set of skills provided to the agent, none, skills, or optimized, and
the optimization state of the CLI, the unoptimized CLI or one of six agent-
optimized variants. The purpose is comparative, measuring differences in
accuracy, cost, and turns between interface types, skill conditions, models,
and platforms, and evaluating the effect of agent-driven interface optimization
against the unoptimized CLI and native SDK baselines.

With the goal, objects, subjects, treatments, and purpose
established, the next phase specifies how the experiments are
structured to deliver on this scope.

3.5 Planning the Experiments

The planning phase defines how the experiments are structured to answer
the second and third research questions (RQs) in a controlled and repeatable
manner. It specifies the experimental setup, benchmark, variables, hypotheses,
procedures, and instrumentation, ensuring that observed differences can be
attributed to the manipulated factors rather than to external variation.

Planning begins by describing the meta-harness in which the experiments
are conducted, including the infrastructure on which it runs and the com-
ponents that make up the environment under evaluation.

3.5.1 Meta-Harness

The experiments are conducted within MLPlatformAgentBench
(MLPAB), as shown in Figure 3.1, a meta-harness for evaluating
coding agents operating remote machine learning (ML) platforms.
It is primarily organized into four component groups, configs,
evals, treatments, and the mlpab package.

The meta-harness defines the environment under evaluation, the sub-
jects, and the objects of study, and provides the infrastructure required to
execute repeated runs under consistent conditions.
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Figure 3.1: Architecture of the MLLPAB meta-harness

The configs group holds one platform definition per supported platform.
Each definition comprises one manifest per interface declaring where the
interface source is hosted, the pinned commit at which it is built, how it is
installed, authenticated, and tested, the credential keys it requires, a version
string written into the results, and the short prompt fragment that introduces
the interface to the agent. Alongside the interface manifests, each definition
contains a skills manifest pointing at the published set of skills at a
pinned commit, a boot strap step that prepares the platform account, and
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setup and teardown scripts that provision and remove platform resources
around each run, each supporting a verification mode.

The evals group defines the objects of study. It contains feature,
training, inference, and operations tasks together with capstone projects,
represented by feature, training, inference, ops, and capstone.
Each task is implemented as a generator and grader pair, together with one
platform adapter per platform implementing the platform reads through which
grading occurs. Platform definitions and evaluation suites are referenced
in treatments, numbered flat YAML Ain’t Markup Language (YAML) files
that each bind a model, an authentication mode, a repetition count, a per-
run time budget, a task list per category, a list of interface manifests, and
a list of skill conditions, and expand deterministically into the Cartesian
grid of runs over tasks, interfaces, and skill conditions. Each committed
treatment is reported in the results chapter, and its outputs are stored under a
matching directory in the results store, keyed by model, platform, interface,
interface version, skill condition, task, and repetition index.

Treatments are invoked by the m1pab Python package, which coordinates
every run. Its c1i module exposes the commands through which treatments
are started, monitored, and resumed, and its treatments and runner
modules expand a configuration into its run grid and move each run through
its lifecycle. Before any work begins, the preflight module verifies
everything the treatment needs and aborts if anything is missing. It builds
any missing interface artifact from its pinned source, verifies authentication
against the live platform, and statically verifies every skill bundle; for
Claude treatments it additionally invokes a short probe session to confirm
that the skills are visible to the agent. The interfaces and skills
modules then install the interface under test and inject the skills where
the condition requires it, and the docs module strips vendored agent
instructions, such as a source repository’s own CLAUDE . md file or . claude
directory, from every materialized interface source, so that no directive from
outside the treatment reaches the agent. One runner per coding agent,
claude_runner,mistral_runner,and codex_runner, wraps each
agent in a sandboxed, policy-enforced session behind the same application
programming interface (API), which is what makes MLLPAB a meta-harness
in the sense adopted in the background, while a shared agent prompt template,
prompts/agent .md, is assembled into every run so that task framing is
identical across agents, models, and conditions, differing only in the interface
fragment, in conditional blocks for the platform-under-test and local-baseline
modes, in the detected host environment, and in the time budget. During a run,
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the exec_gate and 1og_tool_call modules enforce the sandbox. The
latter runs as a pre-tool-use hook for the agent that supports one, deciding
each call before it executes and appending one record per call, while the
former applies the same enforcement logic as an intercepting shell for agents
that expose no hook mechanism, so that the confinement holds for every
agent. The st reaming module captures the agent’s output as it is produced.
Once the agent stops, the evals_provider module, which generates the
seeded task instance before the agent starts, executes the grading against the
platform state, the redact module removes credentials from all persisted
artifacts, and the results module appends one row per run to the results
store. Supporting artifacts complete the meta-harness. A .env file supplies
credentials, a Makefile automates installation and verification, and a unit
test suite under tests guards the mlpalb package itself.

Finally, the results store collects the logs and metrics of every run.
One row per run is appended to the single results table, a comma-separated
values (CSV) file at results/results.csv, and per run artifacts,
including the agent log, the per command record, the grading report, and any
local submission, are stored under the treatment’s results directory. Jupyter
notebooks stored alongside the results perform the subsequent analysis.

With the meta-harness in place, the next planning element is the pair of
interfaces under comparison and the skills that accompany them.

3.5.2 Interfaces and Skills

For each platform, the two interfaces under comparison is a versioned interface
based on the platform’s command line interface (CLI) and Python software
development kit (SDK). The native SDK is the natural baseline demanded by
RQ3. One capability parity correction was required because the European
platform’s CLI lacked the alerting command group present in the SDK,
which would have confounded interaction style with interface coverage on
the alerting task, so the missing command group was implemented and
contributed upstream. The pinned CLI under testis version 5.1+alerting
from the contribution fork, while the SDK is version 5.0.0 from a
pinned upstream commit. The same capability review found no task
coverage gap between the pinned interfaces of the American platform.
The introduction of each interface to the agent is deliberately minimal,
naming the command or module and its authentication and directing the
agent to discover capabilities on-demand, for the CLI through -help and
for the SDK through Python introspection.
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The skills factor has three levels. In the none condition, no skills are
installed. In the skills condition, the meta-harness installs the skills published
by the platform vendor, fetched at a pinned commit, in the run’s project skills
directory. In the optimized condition, introduced in the evaluation phase
and evaluated with Claude Code, the agent receives a set of skills authored
with a coding agent from the comparison phase run artifacts.

The RQ3 further asks whether a coding agent can improve the CLI
itself. To this end, six optimized CLI variants are generated with Claude
Code running Claude Opus 4.8 from the comparison phase run artifacts,
each branching off the pinned baseline CLI and adding exactly one design
intervention. Each variant is built into its own build home from its own pinned
commit, carries a distinct version string in the results, and is accounted and
graded as a CLI run, so variants are compared against the baseline through
the version column under otherwise identical conditions. For the combined
optimizations, each variant is paired with a copy of the optimized set of skills
extended by one skill documenting the variant’s added capability.

With the interfaces, skills, and optimization artifacts in place, the next step
is to define the variables that the experiments manipulate and measure.

3.5.3 Variables

The independent variables are interface type, with the two levels command
line interface (CLI) and Python software development kit (SDK), skill usage
with the three levels none, skills, and optimized, of which the optimized level
applies only to the evaluation phase, CLI optimization with the unoptimized
CLI and six optimized variants as levels, model, with four levels spanning the
American models Claude Opus and Claude Sonnet and the European models
Mistral Large and Mistral Medium, and platform, with two levels spanning the
European platform and the American platform. The fask is varied across the
22 tasks of the benchmark, and each task contributes one cell per condition.
The dependent variables are accuracy, measured per run as the binary
success indicator and the fraction of assertions passed by the read back
deliverable, cost, measured as the token consumption of the run’s model
invocations and as their monetary cost in United States Dollar (USD), both
derived from the coding agent’s token accounting, and furns, measured as
the number of model invocations within the run, decomposed further into
per category tool call counts, most importantly the number of interface
calls. This cost is the model invocation charge only. Platform compute,
storage, warehouse, cluster, and networking charges are outside the mea-
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surement. Because USD prices reflect vendor pricing decisions rather than
computational effort, cross-vendor cost comparisons carry this caveat, and
USD is reported as the practically relevant model charge, with token counts
recorded for descriptive comparison. Since each run’s assertion fraction is
already normalized within its task, averaging the fraction across tasks weights
every task equally regardless of how many assertions it contains. Latency
is recorded as an auxiliary measure and decomposed so that the local time
records the time spent using the interface on the client side, everything beyond
that within an interface call is attributed to the platform and recorded as
platform time, and time spent waiting on provider rate limits is recorded
separately. Platform-side latencies are subtracted in results.csv so that
they do not contaminate the interface latency measures, since they reflect
platform load rather than interface behavior, and the same holds for rate
limit waiting, which reflects provider load. A validity indicator records
whether the run produced a gradable outcome at all.

All other factors, including the task prompt template, coding agent config-
uration, sandbox contents and enforcement policy, platform provisioning, the
per-run time budget, and grading logic, are held constant across conditions
to isolate the effects of the independent variables, with one documented
exception, the command sandbox exclusion of the American platform’s CLI
binary described in the execution protocol. These variables enable the formal
statement of the hypotheses that the experiments test.

3.5.4 Hypotheses

Two hypotheses follow from the research questions. The first hypothesis ad-
dresses RQ?2 and concerns the interface and skills comparison, and the second
hypothesis addresses RQ3 and concerns the interface optimization evaluation.
The RQ1 is answered by the market assessment rather than by a hypothesis test.

The first hypothesis, for the interface and skills comparison, states as
its null form that there is no difference in accuracy, cost, turns, or time
between the command line interface (CLI) and software development kit
(SDK) interfaces, between the with skills and without skills conditions,
between models of different origins and tiers, or between platforms of
different origins. Its alternative form states that at least one of these
factors produces a systematic difference in at least one of these metrics.
These composite hypotheses are not tested as a single omnibus test but are
evaluated through planned contrast groups, each with its own paired test.
For the interface contrast the expectation is directional. The progressive
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disclosure of the CLI is expected to reduce token cost and turns relative
to the SDK, where the agent writes code from its prior knowledge of the
module and discovers mismatches through runtime errors, and to improve
speed as reflected in the auxiliary latency decomposition.

The second hypothesis, for the interface optimization evaluation, states
as its null form that the agent-optimized CLI variants and the optimized
set of skills do not change agent performance relative to the unoptimized
CLI with no skills or with the set of skills, and do not close the gap
to the native SDK baseline. Its alternative form states that optimization
changes performance, and that the effect may vary across optimization
variants, their combination with optimized skills, and the feature, training,
inference, operations, and capstone projects.

Testing these hypotheses requires a design that arranges the
variables into a concrete set of runs.

3.5.5 Experiment Design

The experiments realize the last three phases of the method in sequence.
The comparison phase executes treatment grids that cross both interfaces
with the none and skills conditions across all tasks, for multiple models
and platforms, and produces the data for RQ2. The optimization phase
produces first the six optimized command line interface (CLI) variants and
then the optimized set of skills with Claude Code running Claude Opus
from comparison phase run artifacts. The evaluation phase executes the CLI
optimization variants and the optimized set of skills on the European platform
and produces the data for RQ3, evaluating first the optimized CLI alone and
then its combination with the optimized skills. The optimization condition is
therefore a between phase factor rather than a within phase factor.

The design is realized as 21 numbered treatments that each expand into
a run grid, eight in the comparison phase and thirteen in the evaluation
phase. A cell of a grid is one combination of platform, model, interface,
skill condition, and task, and every committed cell is planned to run exactly
once. Each run executes a fresh seeded task instance with its own provisioning.
Statistical power derives from pairing conditions across the 22 tasks rather
than from repeated runs of the same cell. This is a deliberate trade-off that
spends the available budget on breadth across tasks, models, and platforms
rather than on repetition within cells. Each run is bounded by a one hour
compute budget, measured as elapsed time excluding rate limit waiting. Runs
within a treatment execute sequentially in the order of the deterministic
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expansion. Treatments themselves can execute in parallel because every run
is isolated in its own platform namespace. Completed cells are never re-
executed and are skipped when a treatment is restarted. Cells without a
completed attempt are re-run only on an explicit retry, which purges the
failed attempt and executes the cell cleanly. The schedule therefore remains
reproducible and completed results are never overwritten. The three phases
are described in turn, beginning with the comparison.

3.5.5.1 Comparison

The comparison phase comprises the grid treatments on the two selected
platforms. Treatments 1 to 4 cross both interfaces with both skill conditions
across the task templates, for Claude Opus, Mistral Large, Claude Sonnet,
and Mistral Medium. Treatments 18 to 21 execute the identical grid for
the same four models on the other platform. The planned comparisons are
evaluated on the 22 benchmark tasks: interface and delivered-skills effects
within each model and platform, model-stack differences within each platform,
and differences between the earlier European-platform runs and the later
American-platform runs within each model. This phase produces the data
used to test the first hypothesis, and its run artifacts, in particular the agent
logs and per command records of the European platform’s CLI runs, result in
the construction of the optimization artifacts in the optimization phase.

3.5.5.2 Optimization

In the optimization phase, first the six CLI variants and then the optimized
set of skills are produced for the European platform. Comparison phase
CLI runs on the European platform are analyzed through their per-run
artifacts to identify recurring sources of failure and of token, turn, and wall
clock inefficiency, such as one login and one process start per invocation,
verbose or unstable output that the agent must re-parse, and retries that
duplicate state. Each identified pattern is addressed either by one CLI
intervention, kept isolated on its own branch so that its effect is attributable,
or by the optimized set of skills, which is kept general and free of task-
specific content so that it cannot encode solutions to the benchmark. The
optimization itself is performed by Claude Code running Claude Opus 4.8,
operating on the interface source and the skills text.

The direction given to the agent is documented by the prompts below,
quoted verbatim except that vendor names have been redacted, since the
platform identities are reported only in the next chapter, and that one
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task name was removed as it did not make the final benchmark after all.
An exploratory prompt of 19 June 2026 considered both interfaces before
the optimization was narrowed to the CLI.

Consider the results for [the] CLI and software development kit
(SDK). How would you optimize both interfaces to improve task
success, reduce token usage and time spent on tasks.

The CLI optimization was directed on 22 June 2026 through
a proposal prompt and, after the agent had proposed the six
interventions, an implementation prompt.

Given the [...] CLI, and the results, what optimizations do you
propose to reduce cost_usd and wall_time_s without overfitting
the CLI to the benchmark.

implement all six changes in individual commits, generate six
additional cli.yaml files with the references and clear version
names — then generate six new treatments with opus and a slim
selection of tasks, i.e. ingest, train, batch, [...], ccfraud and
airquality

The skills optimization was directed on 23 June 2026
through a single prompt.

Do a second run using the baseline and optimizations. This time,
add skills. Use the original [...] skills for the baseline, add
a second baseline using optimized skills for the baseline, and
optimize the skills for each code optimization as well. The goal
remains to reduce local time, reduce cost, and improve the assert
rate.

One scoping consequence must be stated plainly. The optimization
inputs are runs on the same task templates that the evaluation phase runs
on, and fresh seeds change the data and resource names of an instance
but not the structure of its template. Whether the artifacts deliver this
improvement is measured in the evaluation phase.
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3.5.5.3 Evaluation

The evaluation phase evaluates the optimization artifacts on the European
platform with Claude Opus, holding the model, platform, tasks, and grading
identical to the comparison phase, and follows the two optimization steps
in sequence, first the optimized CLI alone, then the optimized CLI together
with the optimized skills. Treatments 5 to 10 evaluate each of the six CLI
variants without skills, isolating the effect of each intervention against the
unoptimized no skills CLI cells of treatment 1. Treatment 11 then evaluates
the unoptimized CLI with the optimized set of skills, isolating the skills
optimization effect against both the no skills and the skills CLI cells of
treatment 1. Treatments 12 to 17 finally combine each CLI variant with
each of its extended optimized set of skills, testing whether the two kinds of
optimization compose. Across all evaluation phase comparisons, the native
SDK cells of treatment 1 serve as the additional baseline.

With the design in place, the next planning element is the
protocol that governs each individual run.

3.5.6 Execution Protocol

The entire protocol is automated by the meta-harness. It starts a treatment with
a single command, mlpab start <treatment>, where the treatment
references its numbered YAML Ain’t Markup Language (YAML) configura-
tion file, which in turn references the interface configurations, and no manual
step occurs between the start of a treatment and the persistence of its results.

Each run proceeds through a fixed sequence of steps enforced by the meta-
harness. First, a fresh task instance is generated from the run’s deterministic
seed. The agent-visible inputs are staged into the run directory, while the
answer key is placed outside the agent’s boundary. Second, the platform
is provisioned for the run in its own namespace, a dedicated project or a
per-run dataset and resource prefix, depending on the platform’s isolation
primitive, and a verification step confirms that the platform is ready. The
interface’s authentication is verified per-run. Third, the per interface virtual
environment is cloned read-only into the run’s sandbox, the configured set of
skills is placed in the run environment for a skill condition, and the coding
agent is started inside the sandbox with the assembled prompt.

The prompt instructs the agent to complete the task in a single attempt.
The agent is a probe of the interface, may recover from errors, but is told
not to iterate over alternative approaches to polish a finished deliverable, and,
if the interface lacks a required capability, to state the missing capability
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plainly and stop rather than build a workaround. This single attempt protocol
reflects the measurement goal of the benchmark, since a partial or low quality
result produced through the interface is valid experimental data about that
interface. A run in which the agent correctly stops and reports a missing
capability is handled explicitly. Since no gradable deliverable exists, it is
recorded as invalid and scored as zero assertions in the accuracy aggregation
like any other invalid run, but unlike a crashed or timed out run, whose
counts are zeroed because partial figures would mislead, its token, turn,
and denial metrics are preserved and the reported gap is kept in the run’s
error field and artifacts, so interface coverage gaps can be separated from
agent failures during analysis rather than being conflated in the accuracy
metric. The constraint is enforced, not merely requested.

An allowlist rejects any command outside the interface under test and a
small set of basic shell utilities for inspecting the task inputs and writing
the local submission files, while local machine learning (ML) libraries, other
interpreters, and, in the command line interface (CLI) condition, all local
Python are rejected before execution with an explanatory denial message.”
For Claude Code the allowlist is applied through the coding agent’s tool
use hook. For the hook-less coding agents the same policy is interposed
as the shell through which they execute commands, so all coding agents
face an identical boundary, and every denial is recorded. This turns the
platform usage constraint from an instruction the agent might ignore into
a property of the environment. For the Claude runs, one further layer is
active. Claude Code ships a built-in command sandbox, and the meta-
harness enables it with its network gating configured per platform and its
file system gating left open, since file protections are already enforced
through the agent’s permission rules, which deny access paths such as the
answer key, and through the hook. Transient provider errors such as server-
side connection closures and model rate limits are retried with back-off,
the time spent waiting is recorded separately, and the waiting extends the
deadline rather than drawing on the budget, so provider load can neither
truncate a run nor contaminate the latency measures.

Fourth, after the agent terminates, the checker adapter reads the deliverable
back through the platform’s own data paths and executes the task’s assertion
suite, producing the grading report. This protocol describes all 22 tasks of the
benchmark. Deliverable reads are attempted exactly once and are not retried.
A live reliability probe of the platform’s query service during preparation
established that a read failure on a healthy service means the deliverable was

*The full allowlist is reproduced in Appendix A.
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never produced, so a failed read is recorded with its underlying reason and
graded as a missing deliverable rather than retried, and the preserved reason
allows any residual platform-side read anomaly to be identified during data
validation. Fifth, teardown removes the run’s platform namespace, and a
verification step confirms that nothing was left behind, so that subsequent runs
start from a clean platform. Finally, the meta-harness appends one row for the
run to results/results.csv and stores the run’s artifacts.

Beyond the execution protocol, additional measures are taken
to limit variation introduced by the underlying large language
model (LLM) and the environment.

3.5.7 Stochasticity Controls

Because the agents are driven by large language models (LLMs) accessed
through their vendors’ coding agents, run-to-run variation cannot be elim-
inated but is constrained as far as practical. Model versions are pinned
through explicit version-locked identifiers, interface builds and sets of skills
are pinned to fixed commits and content hashes, and task generation is seeded,
making those inputs to a run reproducible. The coding agent executables
themselves were not pinned. Interfaces are built locally from source at their
pinned commit rather than installed from a package index, so the interface
under test never drifts between runs, and where a provider does not publish
pricing for a pinned model, the price per token is fixed in the treatment so
that reported costs remain authoritative. The prepared virtual environments
are built once and cloned read-only, eliminating dependency drift within and
across runs. The prompt template, sandbox layout, enforcement policy, and
grading logic are identical across the runs of a condition, and the preflight
probes ensure that runs are only started against built interfaces, reachable
platforms, and responsive models. Vendored agentic coding manifests
shipped inside interface source repositories, such as project memory files,
are stripped at build time so that no vendor-authored directives leak into
the agent’s context outside the controlled skills factor.

Residual non-determinism nevertheless remains, arising from sampling
in the hosted models, whose decoding parameters are controlled by the
coding agents rather than the experimenter, from batching effects on shared
inference infrastructure, and from platform-side latencies that alter the
observation sequence the model conditions on. Under the single run-
per-cell design, this residual variation is not estimated within cells. In-
stead, conclusions are drawn from effects that are consistent across the 22
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benchmark tasks, which reduces reliance on any individual observation but
does not estimate or bound run-to-run variation.

The data needed to evaluate each run is captured by the
instrumentation built into the meta-harness.

3.5.8 Instrumentation

All runs are logged automatically by the m1pab package, the coding agents,
and the checker adapters, with the package acting as the central aggregation
point. Token and cost figures are derived from the per-run session transcripts
retained in the artifacts, summing the usage of every model invocation
including subagent calls and pricing prompt cache writes and reads at the
published multipliers, so the recorded cost is the cache-inclusive cost. Per
token prices are pinned in the treatment where the provider does not publish
them. Tool invocations are recorded one record per command, by two paths
that differ in how directly the record is tied to the enforcement. For the
agent that supports a pre-tool-use hook, the enforcement hook writes the
record itself, so the counted interface calls are, by construction, exactly the
calls the enforcement permitted. For agents that expose no hook, where
the same enforcement logic runs as an intercepting shell that records the
denials, the command log is reconstructed from the run transcript after
the run, so its counts describe the calls the agent issued rather than being
written by the enforcement path itself. Either way, the records yield the
per category call counts and the number of denied and failed commands.
Credential redaction is applied before text is printed or persisted to the paths
through which injected credentials can echo back, namely the captured output
of platform and interface subprocesses, the notes recorded for degraded
steps, and the error column of the results table.

The metrics are tracked per run in results/results.csv. Table 3.2
lists its columns, which together record the complete identity of the run’s cell,
its outcome, its resource consumption, and the pointer to its artifacts.

Table 3.2: Columns of the results table results/results.csv, grouped
by what they record. Every run appends one row.

Group Columns

Cell identity config, model, platform, interface, version,
skills, category, task, n

Run metadata started_at, error, run_dir

Outcome valid, success
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Table 3.2: Columns of the results table, continued.

Group Columns

Assertions asserts_passed, asserts_failed,
asserts_skipped, total_asserts

Timing wall time_s, rate_limit_wait_s,

platform_time_s, local_time_s, sleep_calls,
sleep_time_s

Tokens and cost input_tokens, output_tokens, total_tokens,
cost_usd

Invocations 11lm_calls, interface_calls, python_calls,
bash_calls, read_calls, write_calls,
edit_calls, glob_calls, grep_calls,
todo_calls, skill calls

Failures failed_commands, denied_calls

Within the timing decomposition, wall_time_s already excludes rate
limit waiting, which is reported separately in rate_limit_wait_s,
and decomposes exactly into platform_time_s plus local_time_s.
The results table reproduces every value reported in the results chapter
and identifies the artifacts backing each row, namely the agent log, the
per command record, and the grading report.

The remaining planning elements are the analysis procedure
and the assessment of validity.

3.5.9 Analysis

The dependent variables are analyzed according to the rules of this subsection.
Since each cell contains a single run, cells are not aggregated internally.
Instead, results are aggregated across tasks, reporting per condition the
success rate and mean assertion pass fraction as accuracy, and mean cost
and turns, both overall and separately for feature, training, inference, and
operations tasks and capstone projects. Invalid runs, in which no gradable
deliverable was produced, are reported separately and scored as zero as-
sertions passed, since producing a gradable deliverable is part of the task.
Runs terminated at the one hour deadline retain zero accuracy, but their
zero turn and local time fields are placeholders written when the process
was killed rather than observed values, so those two fields are treated as
missing in efficiency aggregates and paired tests.
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Hypothesis testing uses the paired structure of the design. Every
planned contrast of interest, command line interface (CLI) versus software
development kit (SDK), skills versus none, one model versus another,
one platform versus another, and each optimization versus its baselines,
is evaluated over the common tasks available to both conditions. Runs
terminated at the one hour deadline require a distinction between their metrics.
Such a run produced no valid deliverable, so its zero accuracy is a true
measurement and the run stays in the accuracy and cost contrasts. Its recorded
zero turns and zero seconds, however, are placeholders written because the
killed process never reported its final counts, while the run in truth consumed
the full hour. Treating these zeros as measurements would make the most
expensive runs look like the cheapest, so the turn and time values are treated as
missing instead, which reduces the affected turn and time contrasts to 17 pairs.
The reports therefore state both the paired sample size and, for signed-rank
tests, the number of non-zero paired differences. Task instances are seeded
from the treatment, so the interface and skills contrasts, which live inside
one configuration, compare identical seeded instances, whereas the model,
platform, and optimization contrasts compare different seeded instances of the
same task template, so instance level difficulty variation enters those contrasts
as noise rather than being controlled. The test is fixed per metric. The
binary success indicator is compared with McNemar’s test on the per-task
agreement table [229], and the assertion pass fraction, cost in United States
Dollar (USD), turns, and time are compared with the Wilcoxon signed-rank
test, using the normal approximation with tie correction because the paired
differences contain ties and zeros. The signed-rank test evaluates whether
the distribution of paired differences is centered on zero under its symmetry
assumption, and it is not interpreted as a distribution-free test of the arithmetic
median. Zero differences are discarded by the test, so the effective non-zero
sample is reported and rank-biserial values based on very few changes are
interpreted cautiously. The paired ¢-test, which evaluates whether the mean of
the task-wise differences differs from zero under an assumption of normally
distributed differences [230], is reported alongside as a sensitivity check only.
All tests are reported with effect sizes so that magnitude can be interpreted
alongside statistical significance. Cohen’s d is used for parametric tests as
the mean of the paired differences divided by their standard deviation [231],
and rank-biserial correlation is used for non-parametric tests to quantify the
strength and direction of the non-zero ranked differences [232].

Because the design yields many contrasts, the analysis is restricted to
defined contrast groups, one per manipulated factor. The interface contrasts
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compare the CLI with the SDK within each model and platform, the skills
contrasts compare skills with none within each interface, model, and platform,
the model contrasts compare models pairwise within each platform and
interface at matching skill conditions, the platform contrasts compare the
European with the American platform within each model, interface, and skill
condition, and the optimization contrasts compare each variant, the optimized
skills, and their combinations with the baseline CLI and the SDK. Within
each factor’s contrast group, the p values of all inferential outcomes and,
for optimization, both reference baselines are adjusted together for multiple
comparisons with the Holm procedure [233], and any contrast outside these
groups is reported as exploratory and descriptive. Conclusions for feature,
training, inference, and operations tasks and for capstone projects, based on
between two and seven tasks each, are likewise reported descriptively rather
than tested. Because the 22 tasks are an authored, fixed population rather
than a random sample from the space of machine learning (ML) platform
tasks, statistical inference generalizes to this benchmark, and generalization
beyond it is an argument from the benchmark’s construction rather than from
the tests. For RQ3, comparisons are made through the interface version
column at fixed model, platform, and task, contrasting each variant with
the baseline CLI and the native SDK on the same metrics, with particular
attention to cost, turns, and platform time reductions at unchanged or
improved accuracy. The treatment definitions are retained in the repository,
but the analysis rules of this subsection, the test per metric, the contrast
groups, and the adjustment procedure, were fixed in this chapter, but
their implementation postdates the execution of the experiments, so the
analysis is specified rather than preregistered, and this distinction is carried
into the limitations. The final planning element assesses the validity
of the conclusions this analysis can support.

3.5.10 Validity

The validity assessment covers the four validity dimensions, namely
internal, external, construct, and conclusion validity, and names,
for each threat, the design decisions of the meta-harness that
mitigate it. It begins with internal validity.

3.5.10.1 Internal Validity

Internal validity is threatened by the possibility that differences in accuracy,
cost, or turns reflect prompt sensitivity, stochastic variation in generation,
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or platform-side transients rather than a genuine effect of the manipulated
factors. Three design decisions of the meta-harness address this. The first
is partial reproducibility through pinning. Interface builds, sets of skills,
model identifiers, and task seeds are fixed before execution, so those inputs
can be regenerated exactly, with the coding agent executables as the exception
documented below. The second is isolation. Each run mints its own platform
namespace, so concurrent and consecutive runs cannot observe or corrupt
each other’s state, and teardown is scoped to exactly that namespace. Every
interface is built once into a prepared virtual environment that each run
clones read-only using copy on write file cloning, so runs never reinstall
dependencies or mutate shared state. The generated answer key is materialized
outside the agent’s file system boundary and additionally denied to the agent’s
tools by path. The third is enforcement over instruction. The restriction
to a single interface is enforced at execution time by the allowlist rather
than merely stated in the prompt. Further mitigations hold the prompt
template, sandbox, enforcement policy, provisioning, and grading identical
across conditions, with the sandbox asymmetries documented in the execution
protocol and discussed below, verify platform readiness before and cleanliness
after every run, and strip vendored agent instructions from interface sources
so that no uncontrolled directives enter the context.

Several threats to internal validity remain and must be carried into the
interpretation of the results. First, model and coding agent are confounded
by construction, since each vendor’s models run only through that vendor’s
coding agent, whose scaffolding, tool definitions, context management, retry
behavior, and decoding parameters differ from the other coding agents and
are outside the experimenter’s control. Any difference attributed to model
origin or tier is therefore strictly a difference between combinations of model
and agent, and the results are reported and interpreted at that level. The
enforcement mechanism is part of this confound in a weaker form, since
the identical allowlist policy is applied through a tool use hook for Claude
Code and through an interposed shell for the other coding agents, so the
timing and shape of a denial are not guaranteed to be identical even though
the policy and its logging are. The command sandbox layer described in
the execution protocol deepens the same confound, since it exists only in
the Claude coding agent, and within the Claude conditions it introduces
one interface asymmetry on the American platform, where the platform’s
command line interface (CLI) binary is excluded from the sandbox because it
cannot establish encrypted connections inside it, while the platform’s software
development kit (SDK) runs and all runs on the European platform execute
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their commands inside it. The allowlist and the path denies apply to every call
in every condition, so the enforcement of the interface restriction is unaffected,
but the execution environment of that CLI is not identical to that of the other
interface conditions. Removing both asymmetries would have required the
uniform container-based sandboxing that the local execution setup did not
provide and that future work names as the stronger design.

Second, because the coding agent versions were not pinned and the
two platforms were executed in sequence, the Claude platform contrasts
compare runs whose agent harness differs by several patch releases as well
as by platform, so they are comparisons between the earlier runs on the
European platform and the later runs on the American platform rather than
comparisons under a frozen harness. The intervening changelog documents
behavioral changes to the harness, but the data provide no overlap from
which to estimate their effect. The platform effect is therefore inseparable
from execution period and coding agent version.

Third, isolation guarantees state separation but not performance separa-
tion. Treatments executing in parallel on the European platform’s dedicated
cluster can contend for its resources, whereas the American platform absorbs
contention invisibly as a managed service, an asymmetry that can enter the
platform time measure and, through the budget, the outcome.

Fourth, with a single run per cell, any individual cell value carries sampling
noise, which is addressed by drawing conclusions only from effects that are
consistent across the 22 benchmark tasks rather than from individual cells.

Fifth, the run order was deterministic rather than randomized or coun-
terbalanced. Within each task the interface and skill conditions therefore
occurred in a fixed sequence, so short-lived changes in provider or platform
behavior could align with condition order even though the isolated namespaces
prevent state contamination. This is an additional reason to interpret the
contrasts as observed associations rather than isolated causal effects. How
far the results generalize beyond this setting is the concern of external validity.

3.5.10.2 External Validity

External validity is limited along five dimensions. First, the generated
benchmark, while designed to span feature, training, inference, and operations
tasks and capstone projects with realistic complications, is synthetic and may
not capture the full messiness of production data and workflows, and since the
tasks are an authored fixed population, statistical inference is to this benchmark
rather than to machine learning (ML) platform tasks at large.
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Second, although the meta-harness supports five platforms and three
coding agents, the committed treatments cover only the two selected platforms
with Claude and Mistral models due to financial restrictions, so cross
platform conclusions are strongest for the observed contrast between the
earlier European-platform runs and the later American-platform runs, and
generalization to the remaining supported platforms, to medium and low
coverage platforms, and to Open Artificial Intelligence (OpenAl) mod-
els under Codex is not directly supported.

Third, the optimization phase is conducted only on the European plat-
form’s CLI with a single model, so its findings establish feasibility rather
than generality across platforms and models.

Fourth, the optimization artifacts were derived from runs covering the
same authored templates later used for evaluation, while inference is reported
on the 22 retained benchmark tasks, so no held out tasks test whether
the optimized interface generalizes to unseen workloads. This restricts
RQ3’s answer to feasibility for a known workload.

Fifth, the 39 market candidates were assembled purposively from a vendor
landscape, literature, a vendor-maintained directory, and news monitoring
rather than through an exhaustive reproducible search with formal inclusion
and stopping rules. Counts and uniqueness claims therefore apply to the
assessed candidate set and should not be interpreted as complete population
estimates of every platform in the market. Whether the measured quantities
capture the intended constructs is the concern of construct validity.

3.5.10.3 Construct Validity

Construct validity depends on whether the grading adequately operationalizes
task success, on whether the benchmark is a platform neutral and model neutral
instrument, and on whether the recorded counts adequately operationalize
turns and cost. The meta-harness grades by state, not by transcript. A task
counts as solved only if the required artifact exists on the platform and passes
its assertion suite when read back through the platform’s own data paths by the
checker adapter, so a plausible transcript or a local file contributes nothing.
This measures the state the agent actually produced, which is the outcome
of interest for platform operation, makes grading robust against superficially
convincing agent output, and turns evaluation into a state verification problem,
following the direction established for branching lakehouses [221]. However,
its accuracy depends on the correctness of the checker adapters, which are
exercised by the meta-harness’s test suite and by the generators’ self tests
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during preparation, and on the single attempt read policy. That policy carries
a residual false negative risk. Because a deliverable read is attempted exactly
once, a brief platform outage at the moment the grader reads can mark a
deliverable as missing even though it exists. The reliability probe during
preparation established that such transients are rare on a healthy service,
the preserved failure reasons make them identifiable during data validation,
and the one transient query service timeout observed among the committed
runs was re executed under the retry rule, so no retained grade is knowingly
affected. The residual risk is accepted as the price of grading through the
platform’s own read path rather than the agent’s transcript, which is what forces
the agent to interact with the platform at all, at the cost of some flexibility
in how the grading can respond to platform conditions.

The benchmark is organized around the feature, training and inference
(FTT) architecture defined by Dr. Jim Dowling, the founder of the European
platform’s vendor, the capstone projects derive from that vendor’s affiliated
mlfs-book example systems, and the tasks were generated with a Claude
model while Claude models are among the evaluated subjects. Against the
platform-side of this concern, the FTT decomposition is the field’s organizing
abstraction for ML systems rather than a proprietary one, the same pipeline
stages structure the documentation of all high coverage platforms including
the American platform, the task prompts are phrased in domain language
and translated to each platform by its own adapter, and grading by state is
symmetric across platforms. Against the model side, the validity checks
constrain every task to a computable ground truth independent of any model,
and the cross-vendor review pass checked the tasks with a Mistral agent.
What these mitigations cannot exclude is a residual distributional proximity,
in phrasing, naming, and solution idiom, between the tasks and the priors of
the model class that generated them, since the review pass detects defects
rather than bias, and the public availability of the m1fs-book pipelines
means the capstone structure is plausibly represented in the training data of
all evaluated models, which fresh seeds mitigate only at the level of data and
resource names. Results on the platform origin contrast and on the capstone
projects are therefore interpreted with these caveats attached.

Cost is operationalized for Claude as the cache-inclusive billed cost de-
rived from the retained session transcripts, as described in the instrumentation,
while Mistral costs are lower bounds because cache usage is not retained, so
cost comparisons are made between Claude cells only. The United States
Dollar (USD) figure additionally operationalizes vendor pricing as much
as computational effort, a caveat attached wherever cost is interpreted, and
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token counts are recorded descriptively alongside. It covers model invocation
charges only and excludes platform compute, storage, warehouses, clusters,
and networking, so it is not a total cost of ownership or an end-to-end workflow
cost. Turns are measured as model invocations and decomposed into per
category tool calls counted by the same logic that enforces the allowlist, so
interface calls cannot diverge from what the agent was actually permitted to
execute. Because coding agents decompose work into invocations differently,
turn comparisons are well defined within a coding agent, across interfaces,
skills, and optimization conditions, and only indicative across coding agents.
Tool call counts do not distinguish substantive interface work from auxiliary
calls such as file reads, which is taken into account when interpreting turn
differences between interfaces. Latency is decomposed so that platform-side
latencies and provider rate limit waiting, which reflect neither the interface nor
the agent, are subtracted from the interface latency measures, so the resulting
local time is not end-to-end user waiting time. Deadline-terminated processes
do not emit final turn or timing metadata, so their zero placeholders are treated
as missing for efficiency analysis rather than as zero-resource observations.

The experiment operationalizes model tier through vendor product des-
ignations, such as Opus versus Sonnet and Large versus Medium. Pro-
prietary parameter counts and training compute are not observed and are
not assumed comparable across-vendors, so tier findings concern the eval-
uated product variants and combinations of model and agent rather than
measured parameter count or training scale.

3.5.10.4 Conclusion Validity

Conclusion validity depends on the paired design, in which tests are applied to
paired per-task differences over the common tasks available to both conditions,
and effect sizes are reported alongside significance. Missing final metadata
from deadline-terminated runs reduces affected turn and time contrasts to 17
pairs. The paired and non-zero sample sizes are reported alongside every test.
The latter matters because the Wilcoxon procedure discards zero differences,
so a rank-biserial value near one can come from very few changed tasks
and is interpreted together with its effective sample.

The principal limitation is that, with a single run per cell, within cell
variance attributable to large language model (LLLLM) non-determinism cannot
be estimated, so a paired difference on any individual task is compatible
with run noise, and only between condition differences that are consistent
across tasks and, where applicable, across platforms and models provide
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evidence, while differences observed for individual tasks or the five named
task categories are interpreted descriptively and with caution.

A second limitation is that the tasks are heterogeneous and commonly
authored rather than exchangeable random draws. The signed-rank symmetry
assumption is not guaranteed by this construction, so the paired ¢-test
is retained as a sensitivity check and inference remains restricted to the
benchmark. The multiplicity of contrasts is handled by adjusting all inferential
outcomes within each manipulated factor’s contrast group together with the
Holm procedure. The figures and statistics reported in the results chapter
are produced by the versioned analysis scripts stored alongside the figures
in the repository, which constitute the authoritative analysis pipeline, while
the exploratory notebook is retained for transparency but is not load bearing.
Conclusion validity is further supported by full provenance in a single table.
Every run appends exactly one row to the results comma-separated values
(CSV), carrying the complete identity of its cell, including the interface
version string and skills label, its outcome, and a pointer to its artifact
directory, so that any reported number can be traced to the exact run, prompt,
command sequence, and grading report that produced it, and re-running a
treatment never overwrites, since completed cells are skipped and retries
accumulate as new repetition indices. The retained treatment definitions
document the intended design, while the analysis implementation postdates
execution as stated above. The single model scope of the optimization phase
limits the strength of any inference specific to those optimizations.

With the experiments fully planned, the next phase concerns execut-
ing the plan by operating the experiments.

3.6 Operating the Experiments

The operation phase consists of three activities. Preparation readies the meta-
harness, the benchmark, and the platforms, execution carries out the commit-
ted treatments, and data validation checks the collected data for correctness
and completeness before analysis. The first of these activities is preparation.

3.6.1 Preparation

Preparation covers the work of readying the meta-harness, the benchmark,
and the platforms before any committed treatment was executed. It com-
prises implementing the mlpab Python package and its unit test suite,
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generating and verifying the benchmark, bootstrapping the platform ac-
counts, building the pinned interface artifacts, and verifying the meta-
harness end-to-end through the preflight checks. Once preflight passed
for every committed treatment, execution began.

3.6.2 Execution

The runs were executed between 17 June and 4 July 2026 by starting each
treatment through the meta-harness. The four comparison phase grids on the
European platform ran from 17 to 20 June, the optimization artifacts were then
produced from their run records, the thirteen evaluation phase treatments ran
from 22 to 24 June, and the four grids on the American platform ran from
29 June to 4 July. The chronological order therefore interleaved the logical
phases. The interface optimization required only the European platform’s
command line interface (CLI) run artifacts of the comparison phase, so
the remaining treatments could execute after the evaluation phase without
affecting the design, since every treatment was independent of every other
and no optimization artifact depended on the later treatments.

The committed design comprised 990 planned cells, 704 in the eight
comparison grids and 286 in the thirteen evaluation grids.

In aggregate, the retained runs consumed 175 hours of agent compute
time and a further 96 hours of rate limit waiting, which the budget and
the recorded wall times exclude, 37.2 million fresh input and output tokens
plus a substantially larger volume of separately billed cache traffic, at a total
model cost above 1,082 United States Dollar (USD), of which the Claude runs
account for 1,027 USD under the cache-inclusive accounting described in the
instrumentation and the Mistral figures remain lower bounds, 44,445 model
invocations, and 30,016 interface calls. The enforcement recorded 1,191
denied commands and 1,277 failed commands across the runs, confirming
that the allowlist was exercised in practice rather than remaining a dormant
safeguard, and 11 runs were terminated by the meta-harness at the deadline.
Nine runs exceeded the nominal one hour budget by up to 31 minutes.
In each case the recorded timing decomposition showed the excess inside
platform-side work, long running platform jobs or agent initiated waits on
them, because the deadline did not kill an in flight interface call, and all
nine runs completed with a gradable deliverable and were retained. The
final activity validated the data these runs produced.
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3.6.3 Data Validation

The collected data was validated before analysis by checking the results
table for correctness and internal consistency and by applying two data
reduction rules fixed in advance of the analysis.

Two predetermined reductions were applied: rows outside the committed
design were excluded, and for the only repeated cell the latest attempt was
retained. The analysis set therefore contained 986 unique cells, comprising
700 comparison rows and 286 optimization rows. Four planned comparison
observations were unavailable and excluded from aggregates, figures, and
tests. Incomplete bars show their retained and planned sample sizes.

The analyzed rows were matched to their committed treatment definitions.
Every analyzed row belonged to a committed treatment and no cell identity
occurred twice. Correctness was verified through the internal identities
of the schema, each holding on every analyzed row without exception.
Success implies validity, the passed, failed, and skipped assertion counts
sum to the assertion total, the wall time decomposes exactly into platform
time plus local time, and input and output tokens sum to the total token
count. The version column confirmed that every run executed against its
pinned build, with exactly one version string per platform and interface
pair, 5.1+alerting and 5.0.0 on the European platform and 1.3.0
and 0.117.0 on the American platform, and one distinct 5. 1+opt string
per command line interface (CLI) variant.

Of the 986 retained rows, 850 were valid and 136 were invalid, and every
invalid row carried a machine recorded reason in its error field.

MLPlatformAgentBench (MLPAB) ran on a 2021 M1 Max MacBook Pro
with 32 gigabyte (GB) of memory, macOperating system (OS) 26.5.1, Python
3.13.13, and GNU Make 3.81. The evaluated platforms run remotely, and the
meta-harness supports five platforms, including the two evaluated here.

With preparation, execution, and validation complete, the
next chapter reports the results and analysis.
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Chapter 4

Results and Analysis

This chapter carries out the fourth phase of the experiment process, analysis
and interpretation, on the outputs of the five method phases. It begins with
the market assessment, whose coverage matrix answers RQ1 and identifies
the platforms on which the experiments were conducted, followed by the
benchmark results and the optimizations evaluation.

4.1 Market Assessment

The market assessment scored 39 candidate machine learning (ML) platforms
against the criteria defined in the method chapter, mapping the agent-facing
interfaces and agents, the Python software development kit (SDK), the
command line interface (CLI), the Model Context Protocol (MCP) server,
and ML platform agents, onto the four automated machine learning (AutoML)
stages of the MLPlatformAgentBench (MLLPAB) benchmark, namely feature,
training, inference, and operations. The score extends the MCP class with
documented server hosting and the ML platform agent class with the PySpark,
file system, and dashboard capabilities available to the agent. From these
criteria, the market coverage score aggregates 23 coverage criteria: four
stages each for the Python SDK and the CLI, five for the MCP including
server hosting, seven for ML platform agents including their three additional
capabilities, one for a documented meta-harness, the second route by which a
coding agent operates a platform, one for a published set of skills, and one for
documented agent deployments. A fully supported criterion contributes one
point and a partially supported criterion half a point. Active maintenance, a
public software as a service (SaaS) offering, headquarters location, an agent
that meets neither agent definition, and the four entries recording whether each
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interface exists and where it is documented do not enter the score. Hopsworks
holds no ML platform agent under this definition. What its vendor publishes
is a meta-harness, the Hops Terminal, through which general-purpose coding
agents operate the platform, and it is scored as such.”

The central finding of the assessment, summarized in Figure 4.1, is
twofold. First, the MCP remains underdeveloped compared with the CLI
and the SDK. Of the 39 assessed platforms, 29 document a Python SDK,
27 a CLI, 18 an MCP server, and four document an ML platform agent in
the sense defined in the method, while five platforms cover all four stages
through their SDK, three through their CLI, and two through ML platform
agents, while not a single MCP server does. A further twelve vendors ship
an agent that does not meet that definition, a software agent for analytics or
office work such as Microsoft 365 Copilot, Google’s conversational analytics,
or Snowflake CoWork [234], an assistant that suggests rather than executes
such as the Statistical Analysis System (SAS) Viya Copilot, or a pipeline agent
confined to another domain such as Astronomer’s Otto. These are recorded
in the assessment but score nothing, because they do not carry out feature,
training, or inference workloads on the platform. The stage decomposition
of Figure 4.1 sharpens this contrast. Through the SDK, training is the best-
covered stage, reached by 50% of the market, whereas through MCP tools
and ML platform agents, training is the weakest stage, reached by 15%
and 6% respectively. The MCP and ML platform agents, the newer of the
four, therefore expose retrieval and operations far better than they expose the
model-building core of the lifecycle. The strongest MCP servers, those of
Teradata, Databricks, SAS, and Cloudera, still fall short of covering even a
majority of the stages in full. Second, no platform fully covers the entire
spectrum that the benchmark operationalizes, namely the feature, training,
and inference pipelines extended by large language model (LLM) fine-tuning
and serving, together with machine learning operations (MLOps), across the
SDK, the CLI, the MCP, and ML platform agents. Even Databricks, the
highest-scoring platform, covers this spectrum in full only through its SDK,
CLI, and ML platform agents, while its MCP server does not, and every
other platform leaves larger gaps. Two further findings complete the picture.
The supporting ecosystem for agent operation is thinner still. Only eight
vendors publish skills, nine document hosting for MCP servers, and seventeen
document deployments of an organization’s own agent in the platform. These
supporting artifacts and deployment paths therefore remain minority features.
The market is also geographically concentrated. Of the 39 vendors, 31 are

*The complete assessment matrix is reproduced in Appendix B.
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headquartered in the United States, six in Europe, of which three are in
Germany, two in Sweden, and one in Switzerland, and one in China, while
one is a distributed open-source project. Iguazio is counted under the United
States instead of Israel following its acquisition by McKinsey & Company.
Only a single European platform reaches the leading group, a finding directly
relevant to the sovereignty dimension of RQ2. Of the 39 platforms, 32 are
actively maintained and 20 are offered as a public SaaS.

Agent deployments - 44%
26%
31%
CLI A °
28%
MCP server hosting 23%
21%
15%
MCP tools u 220 I Feature
27% B Training
[ Inference
Bl Ops
Meta-Harness 8% Single criterion

ML platform agents

Python SDK 30%

Skills 21%
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Share of the 39 assessed platforms (full = 1, partial = 0.5)

Figure 4.1: Share of the 39 assessed platforms covering each AutoML stage
through the CLI, MCP, ML platform agents, and SDK, with full support
scoring one and partial support half. Agent deployments, MCP server hosting,
meta-harness, and skills are single criteria shown as gray bars. The axis is
capped at 50%, the next step above the largest share, for readability.

Figure 4.2 presents the five leading platforms and Figure 4.3 the remain-
ing 34, with each platform’s market coverage decomposed into the seven
scored interaction groups. The adjacent matrix shows active maintenance,
headquarters, public SaaS offering, and an agent that does not meet the ML
platform agent definition. None of these four facts enters the score, and every
scored criterion appears only in the bars, so nothing is counted twice across
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the two panels. The leading group is defined as the actively maintained,
publicly available platforms scoring at least 35%, a rule applied uniformly
to all 39 platforms on facts the matrix already records, so that a platform an
organization cannot adopt today does not lead the market. It excludes Teradata
at 39% and Iguazio at 33%, neither of which is offered as a public SaaS, the
latter following its acquisition. The leading five span 43% to 93%.
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Figure 4.2: Market coverage of the five leading platforms, decomposed into
the Python SDK and CLI groups of four stages each, the MCP group of four
stages plus documented server hosting, the ML platform agent group of four
stages plus the PySpark, file system, and dashboard capabilities available to the
agent, the documented meta-harness, the published skills, and the documented
agent deployments as single criteria each, out of 23 criteria points in total.
Headquarters are abbreviated as US for the United States, DE for Germany,
SE for Sweden, CH for Switzerland, and CN for China, and a dash marks a
distributed open-source project without a corporate seat.

The five leading platforms, shown in Figure 4.2, score
between 43% and 93%.
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Figure 4.3: Market coverage of the 34 platforms outside the leading group,
decomposed as in Figure 4.2. Acquired platforms carry their acquirer in
brackets. The axis is capped at 40%, the next step above the strongest score in
the group, for readability, and platforms with equal scores are ordered by their
number of satisfied facts. The four platforms at zero either expose no public
interfaces to assess or satisfy none of the scored interface criteria.
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All five are actively maintained public SaaS offerings, all five achieve
full or near full coverage of all four stages through both their Python SDK
and their CLI, all five publish skills, and all five document deployments of
an organization’s own agent. They differ primarily in the maturity of their
MCP servers and in whether the vendor ships an agent that operates the
platform at all, which only Databricks and Amazon SageMaker do, while
Hopsworks instead publishes a meta-harness and Microsoft and Google ship
agents aimed at office work and at conversational analytics. Four of the five
are American, and the sole European entrant is Hopsworks.

The remaining 34 platforms, shown in Figure 4.3, span scores from 39%
down to zero, and their coverage follows three recurring patterns. First,
coverage is centered on the SDK. The Python SDK is the strongest interface
for the majority of the group, only Iguazio and Abacus reach full coverage
of all four stages through their SDK, and no platform in the group does so
through its CLI, whose command surfaces are predominantly administrative
or infrastructure oriented rather than ML lifecycle interfaces, exemplified by
Teradata and Abacus, whose otherwise substantial coverage includes no ML
capable CLI at all. Second, MCP servers are common but partial. Thirteen
platforms in the group publish one, and for six of them, Teradata, SAS,
Cloudera, Astronomer, Bauplan, and Dremio, the MCP server is the strongest
interface the vendor offers, inverting the pattern of the leading group, while
MathWorks offers an MCP server as its only assessed agent operable interface,
yet in no case does it approach full coverage of the stages. Six platforms
in the group, Abacus, DataRobot, Dataiku, Modal, Konstanz Information
Miner (KNIME), and The Information Bus Company (TIBCO) Software,
document MCP server hosting without publishing a server of their own.
Third, the supporting ecosystem is largely absent, with only three vendors
in the group, Dremio, Domino Data Lab, and DataRobot, publishing skills,
and none documenting the combination of full coverage interfaces and skills
that the experiments of this thesis require. Teradata tops the group at 39%,
followed at 33% by Iguazio, whose acquisition by McKinsey & Company has
ended its availability as an active public offering, by International Business
Machines (IBM) Watson Studio, and by JFrog, whose ML product covers the
feature, training, and inference stages through its Python SDK atop a platform
otherwise oriented to artifact management, and then by FeatureByte at 30%,
the latter notable for ML platform agents assessed at full coverage of all four
stages atop a platform that otherwise offers only an SDK. Bauplan, whose
skill optimization study is the closest related work to RQ3 [221], sits mid
group at 17%, its agent first design notwithstanding, because its scope is
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data engineering rather than the MLOps and AutoML tasks the benchmark
operationalizes, so the training stage remains uncovered across all of its
interfaces and inference is reached only partially, through its MCP server.
The lower half of the group holds platforms with fragmentary interfaces,
typically a single partially ML capable SDK or CLI, including the feature
store specialists Chronon, Featureform, Chalk, and Feathr, the open source
Open Machine Learning Database (OpenMLDB), and Alibaba Cloud Platform
for artificial intelligence (Al), the sole Chinese vendor in the assessment,
whose public English language documentation supported credit only for a
partially ML capable CLI and a documented agent deployment. At the
bottom of the group, Aible and TIBCO Software score a single criterion
each, a documented agent deployment and documented MCP server hosting
respectively, and satisfy none of the stage coverage criteria. Four platforms
score zero, the proprietary internal platforms Apple Overton, Facebook
Facebook (FB)Learner, Spotify Ray, and Uber Michelangelo, which expose
no public interfaces to assess and are retained in the matrix only to document
the historical landscape from which the commercial market emerged. The
group also sharpens the sovereignty finding of the assessment. Of the six
European platforms assessed, five fall outside the leading group, with Dremio,
now part of System Applications and Products in Data Processing (SAP),
the strongest among them at 17%, so Hopsworks is the only such option
within the assessed candidate set at the assessment date.

In answer to RQI1, the assessed candidate set contains 39 identifiable
platforms, of which 32 are actively maintained, but agent operable coverage of
MLOps and AutoML tasks is concentrated in five leading platforms dominated
by American hyperscalers and platform vendors. The SDK remains the most
complete interface and the CLI reaches full coverage of all four stages on
exactly three platforms, Databricks, Hopsworks, and Amazon SageMaker,
whereas the MCP remains underdeveloped relative to both, reaching full
coverage on no platform at all, and skills exist for only eight vendors.
Consequently, no assessed platform fully covers the spectrum of feature,
training, and inference tasks extended by LLM fine-tuning and serving,
together with MLOps, across the SDK, the CLI, the MCP, and ML platform
agents. Full coverage of this spectrum through both a CLI and an SDK, the
precondition for the interface comparison of this thesis, exists on precisely
three platforms, and on exactly one platform of European origin.

The five leading platforms are also the five platforms supported by the
MLPAB meta-harness, each with its own platform definition and checker
adapter, so the benchmark can be executed against any of them. Of these, the
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committed experiments run on Databricks, the highest scoring platform, and
Hopsworks, the highest scoring European platform and fourth overall, the pair
selected by the method’s rule of taking the highest scoring platform overall
and the highest scoring European platform. Both provide a CLI and a Python
SDK with full coverage of the feature, training, and inference pipelines as
well as operations, so the interface comparison of RQ2 measures interaction
style rather than coverage gaps, both publish skills, so the skills condition
exists on both platforms, and they contrast an American with a European
vendor, so the platform origin dimension of RQ2 can be studied without
confounding origin with interface coverage. Amazon SageMaker, the only
other platform with full CLI and SDK coverage of all four stages, is American,
and no European platform besides Hopsworks reaches even the upper half
of the remaining group. Hopsworks therefore enters the experiments as
the European platform and Databricks as the American platform, with the
interface version strings recorded in the results table, 5.1+alerting and
5.0.0 on Hopsworksand 1.3.0and 0.117.0 on Databricks, identifying
the pinned CLI and SDK builds under test. The remainder of this section
introduces the two platforms selected for this study, the European platform
Hopsworks and the American platform Databricks, in detail.

4.1.1 Hopsworks

Hopsworks, headquartered in Sweden, scores 48%, the fourth highest of
the assessment, and is the only non American platform in the leading
group, indeed the only European platform in the entire assessment with
more than fragmentary agent operable coverage of the benchmark stages.
The platform is built around its feature store and the feature, training
and inference (FTI) pipeline architecture of feature, training, and inference
pipelines introduced in the background chapter [37, 36], and its interface
surface is notable for being consolidated in a single open source repository.
The Python software development kit (SDK) [235], the command line
interface (CLI) [236], the Model Context Protocol (MCP) server [237],
and the skills [238] are all developed in the hopsworks—api source
tree. Both the SDK and the CLI achieve full coverage of all four stages,
allowing an agent to register feature groups, run materialization and validation,
build point in time correct training datasets through feature views, execute
training jobs, register models, deploy online and batch inference, and manage
jobs, schedules, and alerts, the last capability completed on the CLI by
the alerting command group contributed upstream as part of the capability
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parity correction described in the method chapter.

The MCP server, by contrast, was present in the source tree at assessment
time but documented only login, project management, and feature-store
handle-retrieval tools, so no stage coverage was credited to it, and no hosting
for MCP servers is documented. Hopsworks does not supply a vendor-
specific platform agent. It satisfies the meta-harness criterion through the
Hops Terminal, which hosts different coding agents, such as Claude Code,
within the platform itself, presented publicly by the vendor [239]. The meta-
harness scores as a single criterion rather than as stage coverage, because
it supplies no capability of its own. What it admits is an arbitrary coding
agent operating the platform through the same full-coverage CLI and SDK,
which the assessment already scores in those classes. The platform’s agent
deployment guides document the corresponding agent deployments fact [240].
Its combination of a full-coverage CLI and SDK, skills, and European origin
makes it the natural counterpart to Databricks, and it enters the experiments
as the European platform. The following subsection turns to that counterpart.

4.1.2 Databricks

Databricks achieves the highest coverage score of the assessment at 93%, and
is the only platform to reach full or near full stage coverage across all four of
these interfaces and agents. The platform is organized around the lakehouse
architecture, unifying data engineering, machine learning (ML), and analytics
workloads over shared governed storage, and exposes the full ML lifecycle
to agents through two complementary programmatic interfaces. Its Python
software development kit (SDK), comprising the general purpose Databricks
SDK for Python [241] together with the dedicated feature engineering package
for its feature store [242], allows an agent to create and populate feature
tables, assemble training datasets, launch and monitor training jobs, register
models, deploy and query serving endpoints, and manage schedules and
alerts, covering all four benchmark stages in full. Its command line interface
(CLI) [243] matches this coverage stage for stage, spanning workspace, jobs,
serving endpoint, and quality monitoring command groups, which makes
Databricks one of only three platforms whose CLI alone can carry the
entire MLPlatformAgentBench (MLPAB) benchmark.

The agent-native surface is equally developed. The Model Context
Protocol (MCP) interface, provided through the artificial intelligence (Al)
Development (dev) Kit [244], fully covers inference and operations but only
partially covers the feature and training stages, and Databricks is additionally
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one of the few vendors to document hosting for custom MCP servers, deployed
as apps on the platform itself [245]. Databricks is the only platform to satisfy
both agent criteria. Its ML platform agent, Genie Code [246], is assessed at
full coverage across all four stages, and its meta-harness, Omnigent, wraps
any agent, including Claude Code and custom agents, in a sandboxed session
with a uniform application programming interface (API), with a server that
provides policies and sharing and exposes every session over the terminal, the
app, and web APIs [171, 172]. Its documented agent framework additionally
provides infrastructure for organizations to build and launch their own agents
on the platform [245]. A repository of more than thirty skills in the agent-
skills specification format [247] supplies the skills condition on this platform
in the experiments. Among the additional ML platform agent capabilities,
PySpark support and dashboards are fully supported, while file system access
is assessed as partial because agents interact with workspace files and volumes
rather than a general-purpose file system. Databricks therefore presents the
most complete agent-facing surface in the assessed market, consistent with
its position as a leader in the vendor landscape reviewed in the related-work
chapter [181], and it enters the experiments as the American platform.
With the market assessed and both platforms introduced, RQ1 is answered,
and the next section reports the results of the comparison phase, in which the
coding agents operate both platforms across interfaces and skill conditions.

4.2 Benchmark

The benchmark comparison answers RQ2. The retained table contains 700
comparison rows. Of these, 174 nominal Mistral skills rows are retained
for provenance but excluded from comparative figures and tests because
the treatment was not delivered, leaving 526 valid treatment comparison
rows. The 286 optimization rows are analyzed with the optimization results.
Figures 4.4 and 4.5 show the mean assertion pass fraction per model,
interface, and skills condition on each platform.
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Figure 4.4: Mean assertion pass fraction per model, interface, and skills
condition on Hopsworks. Invalid runs are scored as zero. Gray encodes the
command line interface (CLI) and blue the software development kit (SDK),
light shades the none condition and dark shades the skills condition, which
was delivered to the Claude agent only, so the Mistral models appear without
a skills condition. Hatched bars are incomplete and report their retained and
planned sample sizes. A cross at the baseline marks an incomplete bar whose
observed value is zero.
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Figure 4.5: Mean assertion pass fraction per model, interface, and skills
condition on Databricks, encoded as in Figure 4.4.
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The dominant factor in Figures 4.4 and 4.5 is the model. Claude
Opus passes 98% of assertions and solves 98% of its runs completely,
Claude Sonnet passes 96% and solves 92%, Mistral Medium passes 83%
and solves 80%, and Mistral Large passes 47% and solves 36%. The
aggregate of Mistral Large conceals a platform split rather than a uniform
weakness, as it passes 72% of assertions on Hopsworks but 22% on
Databricks, where most of its SDK runs fail to produce a valid deliverable.
Every other model performs nearly identically on the two platforms, with
per platform pass fractions within two percentage points of each other.
Within each model, the interface and skill variants lie close together, which
anticipates the outcome of the planned contrasts.

Interface, SDK vs CLI
hw opus - — A O | (@)
hw opus +sk = A A‘ (@)
hw mistral-large - = A (@)
hw sonnet - — A (@)
hw sonnet +sk — A O o]
hw mistral-medium - — 3]
db opus - = A @ O
db opus +sk = O A O
db mistral-large - — A o]
db sonnet - — A O (@)
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db mistral-medium - = O A
1 1 1 1 1 1 1 1
-1.00 —-0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00

rank-biserial correlation of the paired differences

[ ] pass fraction A uns @ Holm p < 0.05, filled
B model cost time O not significant, open

Figure 4.6: The interface contrasts of RQ?2, stratified by skills condition.
Each row is one paired Wilcoxon contrast over the benchmark, each dot
the rank biserial correlation of the paired differences for one metric, filled
when significant after Holm adjustment across all inferential outcomes of the
interface factor. Positive values mean the SDK has the higher value, and rows
marked +sk are the skills stratum.
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Figure 4.7: The skills contrasts, decomposed as in Figure 4.6, restricted to
the Claude cells because the skills treatment was not delivered to the Mistral
agent. Positive values mean the skills condition has the higher value.
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Figure 4.8: The platform contrasts, decomposed as in Figure 4.6. Positive
values mean the later Databricks runs have the higher value, and rows marked
+sk are the skills stratum. Because coding agent version moved with platform,
the contrast does not isolate a platform effect.

The interface contrasts did not reject the planned accuracy null hypotheses.
Stratified by skill condition to avoid pooling correlated observations, none
of the twelve contrasts in Figure 4.6 is significant after factor-wide Holm
adjustment on the assertion pass fraction, and McNemar’s test on the per-
task success indicator likewise finds no significant contrast. The Claude
models contribute both skill strata while the Mistral models contribute only
the no skills stratum, since the sets of skills never reached their agent, as
the skills analysis below establishes. Aggregated over the analyzed cells,
the SDK reaches a mean pass fraction of 87% against 85% for the CLI, a
descriptive difference that no test supports. The efficiency metrics separate
the interfaces on turns. The SDK completes tasks in significantly fewer turns
in two of the twelve contrasts, with eleven of the twelve effects pointing in that
direction, and time separates the interfaces in one contrast. Cost inference
is restricted to the eight Claude contrasts, since the Mistral runner did not
retain the separately billed cache usage, and none remains significant after
the factor-wide adjustment. Descriptively, the mean Claude run costs 1.87
United States Dollar (USD) through the CLI against 1.51 USD through the
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SDK, since every CLI turn rereads the growing cached context at the cache
read rate, so many small turns are not cheap once cache traffic is billed. The
paired t-test reported as a sensitivity check agrees with the rank based tests
in direction in eleven of twelve contrasts on turns and on time, and seven of
eight on cost. The directional expectation stated in the hypotheses, that the
progressive disclosure of the CLI reduces model invocation cost and turns
relative to the SDK, is therefore supported for neither metric, reversed for
turns and unsupported for cost. The CLI agent works in many small steps,
issuing one command per turn and reading its output, while the agent using
SDKs batches many operations into fewer but heavier script executions.

The skills analysis carries a delivery caveat established by the post
execution audit. The skills were installed at the Claude coding agent’s
discovery location, the Mistral session logs list no platform skill, and the
Mistral skills rows record zero skill invocations against 140 skill invocations
in the Claude skills rows, so the skills condition was a no op for the Mistral
agent. Those rows are therefore excluded from every figure and contrast
group, Mistral appears throughout with its no skills condition only, and the
skills contrast group is restricted to the eight Claude contrasts in Figure 4.7.
Within these contrasts, no statistically detectable difference in accuracy was
found between the skills and none conditions. None of the eight contrasts
is significant after factor-wide Holm adjustment on the pass fraction or under
McNemar’s test on the success indicator, and the descriptive Claude aggregate
is 96% with skills against 97% without them. Only one efficiency contrast
remains significant across the group. Claude Sonnet on the Databricks CLI
needs fewer turns with skills. No cost or time contrast survives the factor-wide
correction. On these tasks, no statistically detectable difference in accuracy
was found for the Claude models in either direction, which is a statement
about detectability rather than established equivalence, and the data support
no statement at all about skills for the Mistral models.

The platform contrasts compare the two platform configurations and
separate their observed efficiency from accuracy. Aggregate accuracy is 91%
on the earlier Hopsworks runs against 82% on the later Databricks runs, but
Figure 4.8 shows that the gap is carried entirely by Mistral Large, whose
SDK contrast is the only significant accuracy contrast in the group, with a
rank biserial correlation of one, and the only McNemar significant one, with
thirteen tasks flipping against Databricks and none the other way. For the
other three models no difference in accuracy is statistically detectable. The
efficiency picture is one sided. The Databricks runs are significantly more
expensive in four of the eight Claude model-invocation-cost contrasts, take
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significantly more turns in eight of the twelve contrasts, and significantly more
local time in four. The mean Claude run costs 2.32 USD there against 1.06
USD on Hopsworks, and among runs with observed efficiency metadata the
mean run consumes 67 turns and 667 seconds of local compute time against
30 turns and 304 seconds. Invalid runs concentrate in the Databricks runs as
well, 35 of 262 against 16 of 264. The Databricks configuration therefore uses
roughly twice the measured turns, model invocation cost, and local time, with
no statistically detectable accuracy difference for any model except Mistral
Large. Because platform, execution period, and coding agent version move
together, the contrast does not identify a platform effect, and origin, vendor,
architecture, and deployment model add further inseparable differences.

The model contrasts in Figure 4.9 identify one pronounced model-
stack outlier rather than a general ordering among model tiers. Because
the Mistral models carry no skills-condition cells, pairs at that condition
exist only between the Claude models, leaving 28 pairwise model-tier
contrasts within platform, interface, and skill condition. Of these, five
are significant on the pass fraction after factor-wide Holm adjustment and
five under McNemar’s test on the success indicator, and every significant
accuracy contrast involves Mistral Large on the losing side, while no contrast
separates Claude Opus, Claude Sonnet, and Mistral Medium from each
other on accuracy. The efficiency separation is broader, with 16 of 28 turn
contrasts, 11 of 28 time contrasts, and four of the eight Claude cost contrasts
significant. Three of the cost contrasts favor Claude Sonnet over Claude
Opus on Hopsworks, where its runs cost half as much, while the fourth
favors Claude Opus on the Databricks CLI, where Sonnet’s far higher turn
count reverses its price advantage. The supportable conclusion is therefore
that the evaluated combination of Mistral Large and its agent produces the
largest and most consistent accuracy separation on this benchmark, not that
model tier formally outranks every other factor.
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Figure 4.9: The model contrasts, pairwise between models within each
platform, interface, and skills condition, decomposed as in Figure 4.6. Pairs
at the skills condition exist only between the Claude models because the
skills treatment was delivered to their agent only. Positive values mean the
model named second has the higher value, and rows marked +sk are the
skills condition. Every significant accuracy contrast involves Mistral Large.

The breakdown across the four machine learning operations (MLOps) task
categories and the capstone projects in Figures 4.10 to 4.14 shows where the
remaining differences sit, and each figure exposes a distinct pattern.

In the feature pipeline, shown in Figure 4.10, Claude Opus, Claude Sonnet,
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and Mistral Medium sit at or near the 100% ceiling on both platforms, while
Mistral Large is the outlier, dropping to 63% on the Hopsworks CLI and
further to 19% on the Databricks CLI and 10% on the Databricks SDK.
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Figure 4.10: Mean assertion pass fraction of the feature pipeline tasks per
model, interface, and skills condition. Invalid runs are scored as zero. The
skills condition was delivered to the Claude agent only, so the Mistral models
appear without it. Hatched bars are incomplete and report their retained and
planned sample sizes. A cross at the baseline marks an incomplete bar whose
observed value is zero.

Training tasks, reported in Figure 4.11, sit at 100% for every Claude cell on
both platforms and for Mistral Medium on Hopsworks, and Mistral Large again
collapses on the Databricks SDK to 17%, so training discriminates almost
exclusively between Mistral Large on Databricks and everything else.
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Figure 4.11: Mean assertion pass fraction of the training pipeline tasks,
decomposed as in Figure 4.10.

The inference pipeline, plotted in Figure 4.12, shows the largest in-
terface signal in the category breakdown, with the Hopsworks SDK pass-
ing 98% of these tasks against 77% for the CLI, consistent with infer-
ence rewarding the programmatic composition of deployment, request, and
read back that the SDK expresses naturally.
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Figure 4.12: Mean assertion pass fraction of the inference pipeline tasks,
decomposed as in Figure 4.10.

Operations tasks, displayed in Figure 4.13, are at 100% for every
combination except Mistral Large, which falls to 67% on the Hopsworks CLI
and to 33% on both interfaces of Databricks, so this category discriminates
on the model axis rather than by interface or skills.
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Figure 4.13: Mean assertion pass fraction of the operations tasks, decomposed
as in Figure 4.10.

The two capstone projects, presented in Figure 4.14, which compose a
full pipeline from feature engineering to serving, are the hardest task group
on both platforms, with a mean pass fraction of 76% against 87% over
the four MLOps categories. Claude Opus still passes 100% and Claude
Sonnet at least 92%, whereas both Mistral models drop to 0% on the
Databricks SDK and to at most 42% on the Hopsworks CLI. Competence
on individual pipelines therefore does not fully compose into competence
on their combination for the weaker models.
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Figure 4.14: Mean assertion pass fraction of the capstone projects,
decomposed as in Figure 4.10. The capstones are the hardest task group on
both platforms.
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Figure 4.15: Solve rate against displayed model invocation cost per solved task
on a linear scale for the low-cost range (0 to 2 USD), one marker per model,
interface, and skills condition. Circles are CLI and triangles SDK cells. Filled
Claude markers carry skills, and the Mistral models appear only in the none
condition because the skills were not delivered to their agent. Claude costs
are cache-inclusive, while Mistral costs are lower bounds because their cache
usage is not retained. Platform infrastructure charges are outside this measure.
The staircase is computed from the displayed values. Only comparisons
among Claude markers identify cost dominance, and any segment determined
by a Mistral lower bound is not an identified Pareto frontier.
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Figure 4.16: Solve rate against displayed model invocation cost per solved
task on a linear scale for the high-cost range (2 USD and above), encoded as

in Figure 4.15.
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Figure 4.17: Solve rate against large language model (LLM) turns per solved
task on a linear scale for the low-turn range (0 to 50 turns), encoded as in
Figure 4.15.
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Figure 4.18: Solve rate against LLM turns per solved task on a linear scale for
the high-turn range (50 turns and above), encoded as in Figure 4.15.
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Figures 4.15, 4.16, 4.17, and 4.18 relate these outcomes to resource
use. Under the cache-inclusive accounting, model invocation cost per solved
task spans 0.62 to 4.64 USD across the Claude cells and is descriptively
lower on Hopsworks than on Databricks. The Mistral points show only
minimum possible costs because their cache usage is not retained, so they
support neither a reliable cross-vendor cost ordering nor membership in a
common cost frontier. Among the reliable Claude cells, Claude Opus buys
near complete coverage at 1.2 to 2.0 USD per solved task. Deadline-killed
runs lack final turn metadata, so turn-frontier points are shown only for
cells with complete observations. Among those cells Claude Opus uses
the fewest turns, solving Hopsworks tasks in about 24 LLM turns, and
observed counts are descriptively higher on Databricks.

In answer to RQ?2, the largest observed differences in what an agent
accomplishes on a machine learning (ML) platform were associated with the
combination of model and agent, followed by the platform configuration, and
not with the interface or with the skills where they were delivered. The
interface changes how the work is done rather than whether it succeeds. Two
of the twelve turn contrasts significantly favor the SDK, no accuracy difference
between the interfaces is statistically detectable in any contrast, and under
cache-inclusive accounting the CLI holds no cost advantage, so none of the
accuracy null hypotheses was rejected, two turn null hypotheses were rejected,
and the directional cost expectation of the hypotheses is not supported. Skills,
evaluated on the Claude agent, show no statistically detectable difference
in accuracy in the eight Claude contrasts and produce only one significant
efficiency contrast, fewer turns for Claude Sonnet on the Databricks CLI,
so the accuracy null hypothesis was not rejected for the delivered skills
contrasts and the data support no skills conclusion for the Mistral models. The
earlier Hopsworks runs show no statistically detectable accuracy difference
from the later Databricks runs for three of four models, exceed them for the
fourth, and use roughly half the observed turns, Claude model invocation
cost, and local time. This contrast does not isolate platform or platform
origin because coding agent version and execution period move with the
platform, while vendor, architecture, and deployment model also differ. The
strongest capability limit of the benchmark appears where tasks compose into
systems rather than in any single factor, since even the best cells lose more
assertions on the capstones than on any single pipeline group.
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4.3 Optimizations

The evaluation phase addresses RQ3 with thirteen further treatment grids,
all on Hopsworks with Claude Opus, the platform and model pairing on
which the comparison phase baseline is strongest. Because the optimizations
are derived from and evaluated on the same task templates with a single
model and platform, this phase is an exploratory case study of feasibility
rather than a general test of agent driven interface optimization. The
optimization phase produced six agent optimized command line interface
(CLI) variants and one optimized skill set, each authored by Claude Code
running Claude Opus from the run artifacts of the comparison phase. Table 4.1
lists the proposed changes. Each variant isolates one optimization on top
of the pinned baseline CLI, and the optimized skills replace the original
skills with condensed CLI first guidance. The evaluation executed every
variant without skills, the optimized skills on the unmodified CLI, and
every variant combined with the optimized skills extended by one further
skill that documents that variant’s optimization to the agent, each over the
22 benchmark tasks, and compares them against the treatment 1 baselines.
Figure 4.19 reports accuracy, Figures 4.20 to 4.22 the efficiency metrics, and
Figures 4.23 and 4.24 the planned optimization contrasts.

Table 4.1: The six agent optimized CLI variants and the optimized skills
produced by the optimization phase. Each CLI variant isolates one change
on top of the pinned baseline CLI.

Optimization Proposed change

optl-batch Adds a batch command that executes many commands
in a single process with a single login.

opt2-session-reuse Resolves feature groups against the project’s own
feature store first and persists a cache of project and
feature store identifiers across invocations.

opt3-compact—-json Emits compact JavaScript Object Notation (JSON)
and switches to JSON output by default when standard
output is not a terminal.

opt4-idempotent Makes feature group creation idempotent through an
if exists flag and rewrites errors to name the corrective
command.

opt5-quiet Adds a global quiet flag and strips null valued keys

from JSON output.
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Table 4.1: The proposed interface optimizations, continued.

Optimization Proposed change

opté6-stable-output Fixes the JSON key order and sorts listings determin-

istically.
optimized skills for each CLI ~ Replaces the original skills with a condensed CLI first
optimization set of general platform guidance, written without task

names or assertion specific steps to avoid overfitting
the benchmark.
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Figure 4.19: Mean assertion pass fraction of the optimizations on Hopsworks
with Claude Opus, without skills and with the optimized skills. Invalid runs
are scored as zero. The dashed lines mark the unmodified baseline CLI without
skills and the software development kit (SDK) without skills.

No optimization exceeds the baseline in accuracy. The unmodified CLI
passes 95% of assertions without skills, opt 4—idempotent matches this
value exactly, and every other optimization lies between 86% and 92%, with
the combinations of variant and optimized skills occupying the lower half of
that range. The optimized skills on the unmodified CLI reach 94%. The
SDK reference sits at 100%, so no optimization closes the interface gap
from above either. The efficiency picture in Figures 4.20 to 4.22 is equally
flat. The baseline completes a task in a mean of 26 turns for 1.41 United
States Dollar (USD) of cache-inclusive cost in 219 seconds of local compute
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time, the variants without skills span 24 to 28 turns, 1.36 to 1.56 USD,
and 211 to 278 seconds, and the combinations with skills reach 31 turns,
1.81 USD, and 326 seconds for optl-batch with skills.

no skills === baseline CLI, no skills
B+ optimized skills === SDK, no skills
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Figure 4.20: Mean local compute time per-task of the optimizations,
decomposed as in Figure 4.19. The dashed lines mark the unmodified baseline
CLI without skills and the SDK without skills.
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Figure 4.21: Mean model invocation cost per-task of the optimizations,
decomposed as in Figure 4.20. Platform infrastructure charges are outside this
measure.
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Figure 4.22: Mean large language model (LLM) turns per-task of the
optimizations, decomposed as in Figure 4.20.

No statistically detectable difference was found between these treatments
and their like-for-like CLI baselines. The bare variants and the optimized
skills are tested against the unmodified CLI without skills, each variant with
skills against the unmodified CLI with optimized skills, and the optimized
skills additionally against the skills baseline promised in the method. The
optimized set of skills reaches 94% assertion accuracy against 95% for both
the skills and no skills baselines, and no CLI-baseline contrast is significant
on pass fraction, success, model invocation cost, turns, or time after the factor-
wide Holm adjustment. Against the SDK without skills, no optimization
differs significantly in accuracy, cost, or time, while two combinations, the
idempotence and quiet-output variants with optimized skills, take significantly
more turns. The SDK descriptively uses fewer turns, but the factor-wide
correction supports that difference for only those two combinations.
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Optimization arm vs like for like CLI baseline
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Figure 4.23: The optimization contrasts against like-for-like CLI baselines,
each row a paired Wilcoxon contrast with rank biserial effect sizes and
significance after Holm adjustment across all outcomes and both reference
baselines. The bare variants and the optimized skills are compared against the
unmodified CLI without skills, the optimized skills are additionally compared
with the skills baseline, and each variant with skills is compared against the
unmodified CLI with the optimized skills, isolating the CLI change at a fixed
skill condition.
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Optimization arm vs SDK without skills
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Figure 4.24: The optimizations against the SDK without skills, decomposed
as in Figure 4.23, with significance using the same factor-wide correction,
answering whether any optimization closes the interface gap.

In answer to RQ3, no statistically detectable difference was found between
any optimization and its like-for-like baseline on any evaluated metric,
including optimized skills against the skills baseline. None of the planned
optimization null hypotheses was rejected. No optimization demonstrates
an advantage over the native SDK, and two of the thirteen instead require
significantly more turns than it after factor-wide correction. The baseline
pairing of Claude Opus and the unmodified Hopsworks CLI already passes
95% of assertions in 26 turns per-task, leaving the optimizations little room
to demonstrate value on this benchmark, and the observation that the added
machinery of skills and batch execution makes runs descriptively heavier
without making them better is itself the finding.

The next chapter discusses these results, reconstructs from the run artifacts
why models underperform, and draws the practical implications.
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Chapter 5

Discussion

This chapter interprets the results of the three research questions (RQs). It
first discusses the benchmark results of RQ2, then reconstructs from the run
artifacts why models underperformed where they did, and closes with the
optimization results of RQ3 and their practical implication.

5.1 Benchmark Results

The clearest message of the benchmark is that the evaluated combination
of Mistral Large and its agent produces the largest accuracy separation,
while no statistically detectable difference in accuracy was found for the
interface or for skills in the Claude cells where they were delivered. Dif-
ferences also appear between the two platform configuration, but platform,
execution period, and coding agent version are inseparable in that contrast,
so it cannot identify an isolated platform effect. The practical result is
therefore narrower than a general factor hierarchy. This benchmark exposes
a pronounced weakness in one evaluated stack, while the contribution of
platform architecture requires a frozen-harness comparison.

The model-tier comparison also contains a cost observation, though a
chastened one after the accounting correction. Claude Sonnet passes 96%
of assertions against 98% for Claude Opus, and whether its lower token
price reaches the bill depends on the platform. On Hopsworks Sonnet’s
runs cost half as much as Opus’s at similar turn counts, and three of the
four cost contrasts there are significant in its favor, while on Databricks
Sonnet consumes nearly three times the turns of Opus, and the cache traffic
of those turns makes its runs costlier, significantly so on the command
line interface (CLI). Among the Claude models, a lower per token price
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therefore lowers the cost per completed run only while the interaction
economy holds. Mistral’s unrecorded cache usage prevents any reliable
cross-vendor cost ordering, so its displayed lower bounds do not identify
a cheaper alternative. Tier performance is not monotone within a vendor,
as Mistral Medium outperforms Mistral Large by 36 percentage points on
this benchmark, a gap driven by the larger model’s grounding failures rather
than by raw capability. Together these observations suggest that the model
invocation price of agent operated platform work is governed as much by
interaction economy, the turns and the cache traffic they imply, as by per
token rates, which matters directly for the resource constrained deployments
that sovereign artificial intelligence (Al) strategies emphasize.

The interface result deserves a mechanical reading. The software
development kit (SDK) descriptively uses fewer turns, and two of twelve turn
contrasts are significant. No accuracy difference between the interfaces is
statistically detectable anywhere, and under cache-inclusive accounting the
CLI holds no cost advantage either. The run artifacts show why. A CLI agent
works in many small steps, issuing one command per turn, reading its short
output, and deciding the next command, while an SDK agent batches whole
phases of a task into a single script whose execution consumes one turn. The
directional hypothesis expected the progressive disclosure of the CLI to save
both cost and turns, and the corrected data support neither saving. Every
turn re-reads the growing cached context at the cache read rate, so the many
small steps of the CLI multiply exactly the traffic that cache billing prices, and
the initial appearance of a CLI cost advantage was an artifact of accounting
that omitted this traffic. The turn economy favors the SDK, while the model
invocation cost data provide no evidence for the expected CLI saving. The
conditional form of this finding is the practical one. Where a platform’s CLI
and SDK are similarly mature and coverage matched, as they are here after
the parity correction, progressive disclosure yields no statistically detectable
benefit in accuracy or cost, the CLI did not reduce turns, and a cheaper
interface has to be demonstrated rather than assumed. The accuracy null itself
carries the ceiling caveat, since Claude Opus already passes 98% of assertions
on either interface, so a harder benchmark that separates the strongest models
could still uncover an interface accuracy signal that this one cannot resolve.

The skills result also has a mechanical explanation in the artifacts, and
a cautionary one. For the Claude models the skills are largely redundant on
this benchmark, since Claude Opus passes 98% of assertions without them,
leaving no headroom for guidance to add value, and the only efficiency contrast
surviving factor-wide correction is a turn reduction for Claude Sonnet on the
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Databricks CLI. A harder benchmark that pushes the strong models off the
ceiling could restore this headroom and might expose an accuracy contribution
of skills that this benchmark cannot detect. For the Mistral models the audit
found the skills were not ignored but absent, since the meta-harness installed
the skills where only the Claude agent discovers them, so what the design
intended as a skills comparison across both agent vendors was in fact a Claude
only one. An earlier reading of the Mistral logs, that the weaker models fail
to consult deployed guidance, does not survive this finding, since guidance
that never enters the agent’s context cannot be consulted. What remains
supportable is narrower. Written guidance did not lift models that already
verify their work, and whether it lifts the models that would need it most is
exactly the question the Claude-only evaluation leaves unmeasured.

The platform contrasts show an interaction-economy difference between
the two platform configurations. For three of the four models no accuracy
difference is statistically detectable, while the Databricks runs consume
roughly twice the turns, measured Claude model invocation cost, and local
time of the Hopsworks runs and also produce roughly twice the invalid
runs. The artifacts provide a plausible platform-side mechanism. Agents
on Databricks spend turns provisioning warehouses, waiting on statement
execution, and navigating the catalog and schema hierarchy before task logic
runs, work that has no counterpart on the smaller platform. Because the
coding agent version moved with the platform, however, the artifacts do not
make the aggregate difference an identified platform effect. The fourth model
turns this difference into a capability cliff, examined next.

5.2 Model Underperformance

The collapse of Mistral Large on the Databricks software development
kit (SDK), 18% against 84% on Hopsworks, was initially suspected to
have a dependency cause, namely that feature store work on Databricks
requires a second package beyond the general SDK, the dedicated feature
engineering client, and that Mistral failed to discover it while the Claude
models did. Inspection of the retained benchmark-task artifacts rejects
this explanation. The feature engineering package appears only in a small
minority of the Claude Opus SDK runs, concentrated in the capstones,
while Opus passes the remaining tasks with the general SDK and plain
structured query language (SQL) statement execution. The differentiator
was not which package the agent found but how it worked. Opus begins
by enumerating the real application programming interface (API) surface
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of the client object, writes a polling helper so that every SQL statement
is driven to completion and checked, and reads its own deliverable back
before declaring success. Mistral Large instead repeatedly hallucinates
method signatures, writes to the deprecated workspace file system root that
the platform has disabled, fires statements without checking their state, and
ends failed runs by asserting that the deliverable exists when it does not.
One batch scoring run even performed an explicitly mocked table write
and then reported the task complete. After several such errors the model
tends to conclude, falsely, that the SDK does not support the operation, and
downgrades to a local file or a prose recommendation.

The same behavior explains the command line interface (CLI) weakness
of Mistral Large on both platforms. Its logs show hallucinated legacy
command syntax from a predecessor version of the Databricks CLI, and a
characteristic quoting failure in which backtick quoted SQL identifiers inside
double quoted shell arguments open command substitution, so the sandbox’s
interface allowlist rejects fragments of the SQL text as foreign commands.
Rather than switching quoting strategy, the model escalates to denied tools
and then submits a missing capability report, in one run deleting the feature
group it had already created before giving up. The near parity of Mistral
Large on the Hopsworks SDK, where it writes plain Python against a single
client, indicates that the observed deficit is associated with grounding and
verification discipline rather than the benchmark’s machine learning (ML)
content, and it suggests that scores earned through an SDK do not transfer
automatically to CLI operation for weaker models.

The remaining underperformance has three smaller anatomies. First,
every one of the eleven budget timeouts in the committed grids belongs
to a Mistral model, seven of them on the two capstones, and the artifacts
show Mistral Medium being killed by the one hour budget with the feature
group, training dataset, and registered model already on the platform but the
predictions not yet written, so the capstone deficit of the weaker models is
partly time pressure on composition rather than inability. Second, Mistral
Medium’s weakest cell, the Databricks SDK, is not the discovery failure of
its larger sibling but verification negligence, since it finds the correct APIs
quickly, then leaves tables empty after failed inserts and reports success after
checking only that the table exists, never its row count. Third, the isolated
33% cells of Claude Sonnet on Hopsworks dissolve under inspection into
one run killed by a mid response connection failure and one genuine off by
one in a ranking query, a reminder that with one run per cell the extreme
cells of the grid carry sampling noise, which is why the analysis is based
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on paired contrasts over 22 tasks rather than on individual cells.

The capstone projects deserve their own note, since they are the only
structural weakness shared by all models. Even cells that pass every
single pipeline task lose assertions on the capstones, and the failing asser-
tions are the late ones, the prediction table, the metric threshold, and the
registry entry, never the early feature engineering. Composing pipelines
into a system multiplies the surface on which one unverified step silently
invalidates the rest, which is precisely the failure mode that the read back
grading of this benchmark is designed to expose.

5.3 Optimization Results

The optimization result of RQ3 is a null with a sharp practical edge. All
six command line interface (CLI) variants encode changes that practitioner
intuition and the agent’s own optimization phase considered beneficial,
batching, session reuse, compact output, idempotence, quietness, and de-
terminism, and the optimized skills condensed platform guidance into the
form the literature recommends. None produced a statistically detectable
improvement on any evaluated metric against its like-for-like baseline. Part
of the explanation is a ceiling effect, since the baseline pairing of Claude
Opus and the unmodified CLI already passes 95% of assertions in 26 turns,
and part is that the optimizations address frictions a strong model already
routes around, while the model whose failure modes they would target,
Mistral Large, was never part of the evaluation phase.

The practical edge is a warning about unvalidated optimization. Ev-
ery optimization here looked reasonable before measurement, and several
practitioners would ship any of them as an obvious improvement, yet none
differed detectably from its paired baseline. In most production settings
no benchmark exists to catch this, since teams adopt agent-facing interface
changes, prompt additions, and skill files on plausibility alone, and the cost
of a counterproductive change is diffuse, a few percent more tokens and turns
on every task, invisible without paired measurement. The seeded, read back
graded design of MLPlatformAgentBench (MLPAB) is deliberately cheap to
rerun, and this experiment demonstrates the workflow it enables, treating every
agent-facing change as a hypothesis that must beat a paired baseline before it
ships. The absence of such regression measurement for agent interfaces is, on
this evidence, not a hypothetical risk but the default state of practice.

The final chapter concludes from these findings, states the
limitations of the work, and outlines future work.
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Chapter 6

Conclusions and Future Work

This chapter closes the thesis. It draws the conclusions from the results of
the three research questions (RQs), states the limitations that qualify them,
outlines the future work that follows from both, and reflects on the economic,
social, environmental, and ethical aspects of the work.

6.1 Conclusions

This thesis asked which machine learning (ML) platforms a coding agent
can operate today, how the interface and its surrounding artifacts shape that
operation, and whether an agent can optimize its own operating interface. It
answered these questions by constructing MLPlatformAgentBench (MLPAB),
a benchmark of 22 seeded task templates across the feature, training, and
inference pipelines, operations, and two capstones, each graded by reading
the produced state back through the platform’s own data paths, and by
executing the committed treatments, eight comparison grids across two
platforms, four models, two interfaces, and two skill conditions, and thirteen
evaluation grids for the optimization study.

For RQ1, the assessment of 39 candidate platforms showed that agent-
operable coverage of machine learning operations (MLOps) and automated
machine learning (AutoML) tasks is concentrated in five leading platforms
dominated by American vendors. The software development kit (SDK)
remains the most complete interface, while the Model Context Protocol
(MCP), despite being agent-specific, reaches full stage coverage on no
platform. ML platform agents, defined as vendor-built agents that carry out
the feature, training, and inference workloads of their own platform, exist
on four platforms and reach full stage coverage on two, while skills exist for
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only eight vendors and a documented meta-harness on three, Omnigent on
Databricks, the Hops Terminal on Hopsworks, and CoCo on Snowflake [248].
Full coverage through both a command line interface (CLI) and an SDK,
the precondition for the experimental interface comparison, exists on exactly
three platforms and on exactly one platform of European origin. The assessed
landscape an agent can operate is therefore real but narrow, and its supporting
ecosystem of deployment infrastructure and skills is younger still.

For RQ?2, the largest observed differences in what an agent accomplishes
are associated with the combination of model and agent, with no statistically
detectable difference in accuracy for the interface or the delivered skills.
Claude Opus solves 98% of its runs and Mistral Large 36%, a gap wider
than any produced by the other measured conditions. The interface changes
how work is done rather than whether it succeeds, since two of twelve turn
contrasts significantly favor the SDK, no accuracy difference between the
interfaces is statistically detectable in any contrast, and under cache-inclusive
accounting the CLI holds no cost advantage. Where a platform’s CLI and SDK
are similarly mature and coverage matched, progressive disclosure therefore
yields no statistically detectable benefit in accuracy or cost, and the CLI did
not reduce turns. Skills, evaluated on the Claude agent, show no statistically
detectable difference in accuracy within the eight Claude contrasts, plausibly
because the Claude models already operate near the ceiling without them. The
earlier Hopsworks runs show no statistically detectable accuracy disadvantage
for three of four models, an advantage for the fourth, and use roughly half
the measured turns, Claude model invocation cost, and local time of the later
Databricks runs. Because coding agent version and execution period move
with platform, this is not an isolated platform or origin effect. The model-
stack gap is the larger observed sovereignty-relevant difference in this dataset,
but origin remains confounded with vendor, model class, and agent harness.

For RQ3, an agent can produce plausible optimizations of its own
operating interface, but on this benchmark no statistically detectable difference
was found between any optimization and its like-for-like baseline on any
evaluated metric, including optimized skills against the skills baseline.
Feasibility is demonstrated in an exploratory in sample setting, benefit is
not. The constructive reading, developed in the discussion, is that every
agent-facing change should be treated as a hypothesis to be tested against
a paired baseline, and the benchmark built for this thesis is precisely the
instrument that makes such regression measurement cheap.

Beyond the answers to the research questions (RQs), the thesis leaves three
durable artifacts. The market assessment matrix documents the agent-facing
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surface of 39 platforms with per criterion sources. MLPAB is a meta-harness
for benchmarking agents that operate and optimize ML platforms. It wraps
each coding agent in a sandboxed, policy-enforced session behind a uniform
application programming interface (API), adds seeded task generation, state
based grading, and recorded per-run provenance, and extends to further
platforms, models, and interfaces at the cost of an adapter. And the
capability parity correction contributed upstream to the European platform’s
CLI remains available to every user of that interface.

6.2 Limitations

The validity analysis of the method chapter states the threats that were
accepted at design time, and the results sharpen several of them into concrete
limitations. Statistical power comes from pairing across the 22 tasks rather
than from repetition, since every cell holds a single run. The inspection
of the extreme cells in the discussion showed what this means in practice,
as isolated cell values as low as 33% dissolved into one connection failure
and one genuine off by one error, so individual cells of the grid must not be
read as stable estimates, and only the paired contrasts carry evidential weight.
Because the tasks are an authored fixed population, that evidence extends
to this benchmark, and generalization beyond it is an argument from the
benchmark’s construction rather than from the tests. Two further qualifications
apply to the analysis itself. Task instances are seeded per treatment, so only
the interface and skills contrasts compare identical instances, while the model,
platform, and optimization contrasts compare different seeded instances of
the same templates, leaving instance difficulty in their error term. And
while the test choices were fixed in the method, the analysis implementation
postdates execution and no equivalence margins were defined, so null results
throughout this thesis mean no statistically detectable difference rather than
demonstrated equivalence. Zero differences discarded by the signed-rank
test can reduce the effective sample, so the reports state both paired and
non-zero counts. Deadline-killed runs retain zero accuracy, while their zero
turn and time placeholders are excluded from efficiency analysis because
final metadata was not emitted, reducing affected turn and time contrasts
to 17 pairs. A third qualification concerns cost. A post execution audit
found that the original cost accounting omitted the separately billed prompt
cache usage, understating Claude costs by more than a factor of four and
initially producing an apparent cost advantage of the command line interface
(CLI) that did not survive correction. Claude costs were re-derived from the
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retained transcripts, Mistral costs remain lower bounds, and cost conclusions
are based on Claude contrasts only. Moreover, the measure covers model
invocation charges rather than platform compute, storage, warehouse, cluster,
or networking costs, so it is not total cost of ownership. The episode is
itself an instance of the measurement discipline this thesis advocates. A
fourth qualification concerns treatment delivery. The skills were installed
at the Claude coding agent’s discovery location and the preflight skill probe
was skipped for the other agents, so the Mistral agent never received the
skills condition, a failure found in the same audit. The skills conclusions
are therefore Claude only, the cross-vendor model contrasts at the skills
condition were excluded as not treatment equivalent, and verifying treatment
delivery per coding agent is a lesson the meta-harness carries forward. A
fifth qualification concerns the coding agent versions, which were not pinned
and, for Mistral Vibe, not recorded. The Claude runs drifted from patch
release 2.1.179 to 2.1.197 between the earlier Hopsworks and later Databricks
executions, and the intervening changelog includes behavioral changes to the
harness. The platform findings are consequently comparisons between the
earlier Hopsworks runs and the later Databricks runs in which agent version
and execution period move with platform, and the size of that confound cannot
be estimated from these data. Pinning and recording the coding agent version
joins the audit findings as a requirement for future runs.

The comparative conclusions inherit the confounds of the design. Models
run inside their vendors’ coding agents, so every model difference is a
difference between combinations of model and agent, and the collapse of
Mistral Large on the CLI, driven by hallucinated command syntax and quoting
failures, may partially reflect its harness rather than the model alone. The
one hour budget interacted with model speed in a way that the results made
visible, since all eleven timeouts belong to Mistral models and seven of
them cut capstone runs that had already built most of the pipeline, so the
capstone deficit of the weaker models conflates ability with time. The
committed grid covers two platforms and four models, and Open Artificial
Intelligence (OpenAl) models were not executed, so the model-stack and
platform conclusions are strongest for the eight committed grids and indicative
beyond them. The Hopsworks interface contrast likewise compares the
contribution-fork 5.1+alerting CLI with the distinct upstream 5.0.0
software development kit (SDK), so it establishes coverage-matched interface
configuration differences rather than an entry-point-only effect. The command
sandbox layer adds two smaller environmental differences stated in the
method, since it exists only in the Claude coding agent and, within the
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Claude conditions, the Databricks CLI binary had to be excluded from it,
so the interface conditions were not byte identical environments. Uniform
container-based sandboxing, which was not possible on the local execution
host, would remove both differences and is named in future work. Runs were
deterministically ordered rather than randomized or counterbalanced, leaving
condition order exposed to short-lived provider and platform changes.

The optimization results carry the narrowest scope. The variants were
authored by and evaluated with a single model on a single platform’s CLI,
on the same task templates from which they were derived, and no tasks
are held out. The evaluation showed a ceiling effect, since the baseline
already passes 95% of assertions, and the discussion noted the resulting blind
spot, namely that the optimizations most likely to matter are those targeting
the failure modes of weaker models, such as a quoting robust command
surface, which the evaluation phase never paired with a weaker model. The
null result of RQ3 is therefore a statement about optimizing an interface
that a strong model already operates well, not about agent driven interface
optimization in general. The comparison also reuses the treatment 1 baseline
executed with Claude Code 2.1.179-2.1.183 against optimizations executed
later with version 2.1.185, so it is a chronological baseline-versus-variant
configuration in which the interface artifact, task seed, execution period,
and coding agent patch level are not fully separable.

A further limitation concerns the discrimination power of the benchmark
against state of the art (SOTA) models. The category breakdown showed that
Claude Opus, Claude Sonnet, and Mistral Medium sit at or near the 100%
ceiling on the feature, training, and operations tasks on both platforms, so
within those categories the benchmark cannot separate the strongest models
from each other and is therefore too weak to discriminate the frontier of
current approaches. The remaining discrimination comes from the inference
tasks, where the interface gap is visible, and from the capstones, where
composed pipelines still separate models. As frontier models continue to
improve, more of the current tasks are likely to saturate, and preserving
discriminative power will require harder templates, larger data volumes that
force the distributed execution paths of the platforms, or adversarially authored
task content, all named in the future work section.

Finally, the benchmark itself carries provenance caveats stated in the
method chapter. The benchmark is organized around the feature, training
and inference (FTI) architecture associated with Hopsworks, the capstone
projects derive from that vendor’s public example systems, and the tasks were
generated with a Claude model whose model peers are among the evaluated
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subjects. The mitigations, platform neutral prompts, per platform adapters,
state based grading, computable ground truths, and a cross-vendor review,
remove the mechanical forms of this proximity but not the distributional
one. The platform contrast, the capstone results, and the sovereignty
discussion are therefore descriptive of the evaluated pairings and do not
identify a general effect of geographic origin.

6.3 Future Work

Future work divides along the three roles that MLPlatformAgentBench
(MLPAB) plays in this thesis, as a benchmark, as a meta-harness for
benchmarking agents that operate and optimize machine learning (ML)
platforms, and as an instrument for interface optimization.

As a benchmark, the most pressing extension is to raise its difficulty
ceiling. The category breakdown showed that Claude Opus, Claude Sonnet,
and Mistral Medium sit at or near the 100% ceiling on the feature, training,
and operations tasks on both platforms, so this benchmark cannot separate
the strongest models from each other on those categories, and any future
frontier model will likely saturate the remaining ones. A next-generation
benchmark should be hard enough that even the highest performing model
achieves only a low pass fraction, so that the metric retains discriminative
power across model releases. Concrete levers include composing longer
end-to-end pipelines that magnify late-stage failure, introducing scale that
forces distributed execution, and authoring tasks whose intended solution
deliberately falls outside the priors of current frontier models. The remaining
extensions raise realism alongside difficulty. The generated datasets are small
by design so that runs stay within budget, and scaling the task instances
to terabytes would test whether agents can operate the distributed execution
paths of the platforms rather than their convenience paths. The tasks could
also carry more caveats of the kind that separate careful from careless
engineering, though this is harder than it sounds, since caveats authored
by a frontier model are plausibly within the priors of that model class, so
genuinely adversarial task content has to come from practice. Given time
and access, collecting real use cases from platform customers, ideally the
erroneous and abandoned ones that agents and engineers alike have failed
to crack, would replace authored difficulty with encountered difficulty. In
the same direction, the model tier question deserves systematic treatment.
Claude Sonnet delivers near frontier accuracy here, and its lower token
price halves the cache-inclusive model invocation cost per run on Hopsworks
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while its higher turn count makes it the costlier model on Databricks, so
mapping how low a product tier can be while still operating a platform
reliably remains necessary to identify the real price floor of agent operated
ML work. A complete economic evaluation should additionally combine
model invocation charges with platform compute, storage, warehouse, cluster,
and networking charges, and report end-to-end wall-clock time alongside
the local interface measure. Beyond single tasks, the benchmark could
become multidimensional, including collaboration with real users and with
other agents, resolving support tickets end-to-end, and observing how ML
engineers actually interact with an autonomous colleague. A further step
would simulate the day-to-day of an ML engineer over days and weeks,
with multiple tools, synchronous and asynchronous workloads, long running
training jobs, stakeholder communication, and the continuous improvement of
deployed models. At the far end, as agents outgrow benchmarks that seemed
unsolvable only a few years ago, an economic benchmark suggests itself, in
which the agent takes customer requests, turns them into tasks, builds and
serves a model, and is measured by whether the result sells.

As a meta-harness for benchmarking, the natural next comparison is
between the two routes the market assessment scores separately, the vendor-
built platform agent and the coding agent hosted in a meta-harness. A
vendor agent’s narrower scope may buy security and traceability advan-
tages that this thesis could not measure, and its existence is motivated
by exactly the difficulty this work confirmed, namely that constraining a
general coding agent to one interface is hard.

The inverse experiment is equally interesting, running agents without
the allowlist and measuring when and how they break out of the intended
interface or search for workarounds, which turns the enforcement layer
from a control into an object of study. A stronger form of this is real
sandboxing, in which the environment rather than a tool list bounds the
agent, which would also give every coding agent and interface an identical
containerized environment, removing the command sandbox asymmetries
that the local setup of this work accepted, and where it becomes testable
whether prompting alone can hold a fully intelligent agent to its goals.
Because nothing in the meta-harness is specific to ML platforms beyond the
adapters, building equivalent benchmarks for other industries and platforms
would show whether the findings on interfaces, skills, and model origin
transfer, and the comparison of American and European coding agents could
be repeated wherever such benchmarks exist. Within the present domain,
the three remaining leading platforms, Amazon SageMaker, Microsoft Azure
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Machine Learning, and the Google platform, are already supported by adapters
and await full grids, newer model generations could be evaluated in full
grids, and the Model Context Protocol (MCP) could be benchmarked in
the individual pipelines where vendors do cover it, even though no vendor
covers all of them. Finally, a controlled deployment in which Databricks
and the other platforms run on the same hardware as Hopsworks, with the
coding agent executable pinned across all treatments, would remove both
the managed-service asymmetry and the version confound and allow the
platform architectures themselves to be compared.

For optimization, the design of this thesis was a single shot across two
variables, the command line interface (CLI) and the skills, and its null result
motivates iteration rather than abandonment. One extension optimizes a
single variable over multiple rounds, feeding each round’s benchmark results
back to the optimizing agent and testing whether the interface converges
toward a measurable improvement. A second gives the agent the interface
source code and a live platform and asks it to discover new capabilities
rather than polish existing ones. The central difficulty of both is the one this
thesis leaves sharpest, namely finding an evaluation target that the optimizing
agent cannot overfit, since any fixed benchmark that guides optimization
eventually stops measuring generality, and held out tasks, rotating seeds,
and real workloads are the obvious but untested remedies.

6.4 Reflections

The work carries economic, social, environmental, and ethical aspects beyond
its technical questions, and this section reflects on each in turn.
Economically, the thesis puts numbers on a shift that is already under
way, the transfer of machine learning (ML) platform operation from specialist
working hours to managed model invocations. The committed runs completed
22 realistic machine learning operations (MLOps) and automated machine
learning (AutoML) tasks per grid at a model charge of roughly one to
three United States Dollar (USD) per solved task for the capable models, a
price at which routine platform work becomes accessible to organizations
that cannot staff a platform team. The same accounting carries a warning.
The initial cost figures understated the true bill by more than a factor of
four because prompt cache traffic was not priced, so organizations that
adopt agents on the strength of unaudited cost dashboards can misjudge
their spending badly, and the cache-inclusive accounting developed here
is directly reusable for that audit. The measured interaction economy
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also shows that the cost of agent work is governed as much by turns and
cache traffic as by per token prices, which makes cost a design property
of interfaces and not only a procurement decision.

Socially, the sovereignty dimension of RQ2 addresses a question European
organizations face under data residency and strategic autonomy constraints,
namely whether choosing European technology sacrifices capability. The
results give a differentiated answer, since the European platform matched
the American one in accuracy for three of the four evaluated models, while
the European models trailed the American ones as complete combinations
of model and agent. Evidence of this kind supports procurement and
policy decisions that would otherwise rest on vendor claims. The work
also touches the changing role of the ML engineer, whose platform work
the agents here perform end-to-end, shifting the human contribution toward
specifying, reviewing, and measuring agent work. The thesis itself, whose
use of large language models (LLMs) is disclosed in the acknowledg-
ments, is a first hand instance of that shift.

Environmentally, LLLM inference consumes energy, and the experiments
consumed 175 hours of agent compute and 37.2 million fresh tokens plus a
substantially larger volume of cache traffic. Three design choices limit and
justify this footprint. The generated datasets are deliberately small, so no
run trains at production scale, the seeded benchmark makes every further
comparison cheap rather than requiring new exploratory runs, and the null
result of the optimization study shows why such measurement matters at
large, since unvalidated interface changes that add a few percent of tokens
and turns to every task would waste energy invisibly at deployment scale,
and paired regression measurement catches them before they ship.

Ethically, the central concern is an intelligent agent operating a production
grade system. The experiments confine the agents through an allowlist
and treat holding an agent to its intended interface as an open problem,
and the future work names the breakout experiment that would study it
directly. The benchmark uses seeded synthetic data throughout, so no
personal data was processed and no human subjects were involved, and the
one residual data protection concern, platform credentials in run artifacts,
was answered with purging, rotation, and automatic redaction. Finally,
the thesis documents its methods, audits, limitations, and null results in
full, providing the transparency that evaluation work owes its readers. In
terms of the United Nations Sustainable Development Goals, the work
contributes to goal 9 on industry, innovation, and infrastructure, and to
goal 12 on responsible consumption and production.
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Appendix A

Command Allowlist

This appendix reproduces the command allowlist enforced during every run,
taken from the enforcement hook in the MLPlatformAgentBench (MLPAB)
repository. A command is allowed if its program is the interface under test, a
shell keyword or builtin, or a basic file and text utility. Every other program
is denied before execution with an explanatory message, and every denial is
recorded. The interface under test is the Python interpreter in the software
development kit (SDK) condition, and in the command line interface (CLI)
condition the platform’s CLI binary restricted to its documented services
together with its documented auxiliary binaries.

The allowed shell keywords and builtins are if, then, elif, else,
fi, for,while, until, do, done, case, esac, in, select, func—
tion, time, {, }, [[, 11, !, :, ., true, false, test, [, ], cd,
pwd, echo, printf, export, set, unset, local, read, source,
command, which, type, exit, return, pushd, popd, wait, shift,
getopts, let, declare, alias, and umask.

The allowed basic file and text utilities are 1s, cat, head, tail,
tac, nl, wc, £find, stat, file, du, df, tree, realpath, read-
link, basename, dirname, cp, mv, mkdir, rmdir, rm, 1n, touch,
chmod, grep, egrep, fgrep, sed, awk, cut, sort, uniqg, tr,
diff, cmp, comm, tee, fold, column, rev, paste, join, xxd,
od, hexdump, split, expand, unexpand, date, sleep, gzip,
gunzip, zcat, bzip2, bunzip2, xz, unxz, tar, unzip, zip,
shasum, md5sum, sha256sum, and cksum.

These utilities move or inspect bytes, such as writing the local submission
files and reading the task inputs, and perform no platform work outside the
interface. The list deliberately excludes general purpose interpreters, such as
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node, ruby, and perl, and network tools, such as curl and wget, which
would allow an agent to bypass the interface under test. sleep is included
so that an agent waiting on a remote job can pause between polls instead of
spending a model turn on every poll, as a bounded foreground pause that
performs no platform work, while backgrounding remains blocked.
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Appendix B

Complete Market Assessment

Table B.1 reproduces the 23 scored coverage criteria of the 39 assessed
platforms, generated directly from the assessment data in the accompanying
repository, with each platform name and each mark linking to its documenting
source in the digital version. The availability, headquarters, hosting, and
skills facts are shown in Figures 4.2 and 4.3.

Table B.1: The 23 scored coverage criteria of the 39 assessed platforms,
ordered by market coverage. F, T, I, and O denote the feature, training,
inference, and operations stages, H denotes documented MCP server hosting,
Py, Fs, and Db denote the PySpark, file-system, and dashboard capabilities
available through ML platform agents, M denotes a documented meta-harness,
S a published set of skills, and A documented agent deployments. A filled
circle marks full support, an open circle partial support, and a dash no
documented support. The trailing column O is not scored, and a dagger
there records an other software agent, namely a software agent the vendor
ships that is not an ML platform agent, such as one for analytics or office
work, an assistant that suggests rather than executes, or a pipeline agent
confined to another domain. In the digital version, each platform name links
to the platform website and each mark links to the documenting source for its
interaction class, where one is recorded.
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Table B.1: Scored coverage criteria (continued).
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Local Variables:
mode: latex
TeX-master: t
End:
The following command is used with glossaries-extra
\setabbreviationstyle [acronym]{long-short}
The form of the entries in this file is \newacronym{label}{acronym}{phrase}
or \newacronym[options]{label}{acronym}{phrase}
see "User Manual for glossaries.sty" for the details about the options, one example is shown below
note the specification of the long form plural in the line below
\newacronym|[longplural={Debugging Information Entities}]{DIE}{DIE}{Debugging Information Entity}
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The following example also uses options
\newacronym[shortplural={0Ses}, firstplural={operating systems (0OSes)}]{0S}{0OS}{operating system}
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\newacronym{IQL}{IQL}{Independent Q-Learning}

example of putting in a trademark on first expansion
\newacronym|[first={NVIDIA OpenSHMEM Library (NVSHMEM\texttrademark)}]{NVSHMEM}{NVSHMEM}{NVIDIA OpenSHMEM L]
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% A

\newacronym{AAAI}{AAAI}{Association for the Advancement of Artificial Intelligence}
\newacronym{AI}{AI}{artificial intelligence}

\newacronym{AIDE}{AIDE}{Artificial Intelligence-Driven Exploration in the Space of Code}
\newacronym{ALF}{ALF}{Action Learning From}

\newacronym{ALFRED} {ALFRED }{Action Learning From Realistic Environments and Directives}
\newacronym{Amazon S3}{Amazon S3}{Amazon Simple Storage Service}
\newacronym{AMQP } { AMQP } { Advanced Message Queuing Protocol}
\newacronym{API}{API}{application programming interface}

\newacronym{AppWorld} {AppWorld}{Application World}

\newacronym{AQA}{AQA}{analysis questions and answers}

\newacronym{AST}{AST}{abstract syntax tree}

\newacronym{AUC}{AUC}{area under curve}

\newacronym{AutoML} {AutoML}{automated machine learning}

\newacronym{AWS}{AWS}{Amazon Web Services}

% B

\newacronym{B}{B}{billion}

\newacronym{BabyLM}{BabyLM}{Baby Language Model}
\newacronym{BASH}{BASH}{Bourne Again SHell}
\newacronym{BDI}{BDI}{belief-desire—-intention}
\newacronym{Bench}{bench}{benchmark}
\newacronym{BERT } {BERT}{Bidirectional Encoder Representations from Transformers}
\newacronym{BFCL}{BFCL}{Berkeley Function Calling Leaderboard}
\newacronym{BI}{BI}{business intelligence}
\newacronym{BM25}{BM25}{Okapi Best Matching 25}
\newacronym{BSD}{BSD}{Berkeley Software Distribution}

% C

\newacronym{CASSIA}{CASSIA}{Collective Agent System for Single-Cell Interpretable Annotation}
\newacronym{CI/CD}{CI/CD}{continuous integration and continuous delivery}
\newacronym{CIFAR}{CIFAR}{Canadian Institute for Advanced Research}
\newacronym{CLAI}{CLAI}{Command Line Artificial Intelligence}

\newacronym{CLI}{CLI}{command line interface}

\newacronym{CNN}{CNN}{convolutional neural network}

\newacronym{CoSQA}{CoSQA}{Code Semantic Question Answering}
\newacronym{CSV}{CSV}{comma-separated values}

$ D

\newacronym{DA}{DA}{Data Analysis}
\newacronym{DAI}{DAI}{distributed artificial intelligence}
\newacronym{DB}{DB}{database}

\newacronym{DBN}{DBN}{deep belief network}
\newacronym{DataSciBench}{DataSciBench}{Data Science Benchmark}
\newacronym{DBPlanBench}{DBPlanBench}{Database Plan Benchmark}
\newacronym{DeepEval}{DeepEval}{Deep Evaluation}
\newacronym{dev}{dev}{development}
\newacronym{DevOps}{DevOps}{development and operations}
\newacronym{DevTool}{DevTIool}{development tool}
\newacronym{DGM}{DGM} {deep generative model}
\newacronym{DL}{DL}{deep learning}

% E

\newacronym{eng}{eng}{engineering}
\newacronym{Eval}{eval}{evaluation}
\newacronym{EU}{EU}{European Union}



% F

\newacronym{FB}{FB}{Facebook}

\newacronym{ feat}{feat}{feature}
\newacronym{FeatEng}{FeatEng}{Feature Engineering}
\newacronym{FS}{FS}{file system}
\newacronym{FTI}{FTI}{feature, training and inference}

% G

\newacronym{GAN}{GAN}{generative adversarial network}
\newacronym{GB}{GB}{gigabyte}

\newacronym{GCP}{GCP}{Google Cloud Platform}
\newacronym{GDPR}{GDPR}{General Data Protection Regulation}
\newacronym{GenAI}{GenAI}{generative artificial intelligence}
\newacronym{GEPA}{GEPA}{Genetic-Pareto}
\newacronym{GPT}{GPT}{generative pre-trained transformer}
\newacronym{GPU}{GPU}{graphics processing unit}

% H

\newacronym{H20}{H20}{Dihydrogen Monoxide}

\newacronym{HDFS}{ HDFS}{Hadoop Distributed File System}
\newacronym{HN} {HN} {Hacker News}

\newacronym{HopsFS}{HopsFS}{Hopsworks File System}
\newacronym{ HTTP } { HITP } { Hypertext Transfer Protocol}
\newacronym{HumanEvalComm} {HumanEvalComm} { Human Evaluation Communication}

s I

\newacronym{I-MCTS}{I-MCTS}{Introspective Monte Carlo Tree Search}
\newacronym{IBM}{IBM}{International Business Machines}
\newacronym{IDE}{IDE}{integrated development environment}
\newacronym{IEEE}{IEEE}{Institute of Electrical and Electronics Engineers}
\newacronym{ IPYNB}{IPYNB}{Interactive Python Notebook}

% J
\newacronym{JSON} {JSON}{JavaScript Object Notation}

% K

\newacronym{KIF}{KIF}{Knowledge Interchange Format}
\newacronym{KNIME}{KNIME}{Konstanz Information Miner}
\newacronym{KQML} { KOML} { Knowledge Query and Manipulation Language}

$ L

\newacronym{LLaMA}{LLaMA}{Large Language Model Meta Artificial Intelligence}
\newacronym{LLM}{LLM}{large language model}

\newacronym{LLM2AutoML}{LLM2\-Auto\-ML}{Large Language Model to Automated Machine Learning}

% M

\newacronym{MCP}{MCP}{Model Context Protocol}
\newacronym{MD}{MD}{Markdown}

\newacronym{MDC}{MDC}{Model Diagram Code}
\newacronym{MIT}{MIT}{Massachusetts Institute of Technology}
\newacronym{ML}{ML}{machine learning}
\newacronym{MLE}{MLE}{machine learning engineering}
\newacronym {MLP }{MLP}{multi-layer perceptron}
\newacronym{MLPAB}{MLPAB}{MLPlatformAgentBench}
\newacronym{MLOps}{MLOps}{machine learning operations}
\newacronym{MMAU} {MMAU}{Massive Multitask Agent Understanding}
\newacronym{MNIST}{MNIST}{Modified National Institute of Standards and Technology}
\newacronym{MAS}{MAS}{multi-agent system}

% N

\newacronym{NAS}{NAS}{neural architecture search}

\newacronym{net}{net}{network}

\newacronym{NeurIPS}{NeurIPS}{Conference on Neural Information Processing Systems}
\newacronym{NLC2CMD} {NLC2\-CMD } {Natural Language Command to Command}
\newacronym{NLP} {NLP}{natural language processing}
\newacronym{NumPy}{NumPy}{Numerical Python}

% 0

\newacronym{OAuth}{OAuth}{Open Authentication}
\newacronym{OLAP } {OLAP}{Online Analytical Processing}
\newacronym{OpenAI}{OpenAI}{Open Artificial Intelligence}
\newacronym{OpenMLDB}{OpenMLDB}{Open Machine Learning Database}
\newacronym{OS}{0OS}{operating system}

% P
\newacronym{POSIX}{POSIX}{Portable Operating System Interface}

\newacronym{PM2.5}{PM2.5}{Particulate Matter with an Aerodynamic Diameter of 2.5\, \textmu m or less}

% R



\newacronym{RAG}{RAG}{retrieval —augmented generation}
\newacronym{RBM}{RBM}{Restricted Boltzmann Machine}
\newacronym{ReLU}{ReLU}{rectified linear unit}
\newacronym{REPL} {REPL}{read-eval-print loop}
\newacronym{REST}{REST}{Representational State Transfer}
\newacronym{RL}{RL}{reinforcement learning}
\newacronym{RLHF } {RLHF } {reinforcement learning from human feedback}
\newacronym{RMSE } {RMSE}{root mean square error}
\newacronym{RNA}{RNA}{ribonucleic acid}
\newacronym{ROC}{ROC}{receiver operating characteristic}
\newacronym{RQ}{RQ}{research question}

% S

\newacronym{S}{S}{source}

\newacronym{SaaS}{SaaS}{software as a service}

\newacronym{SAP}{SAP}{System Applications and Products in Data Processing}
\newacronym{SAS}{SAS}{Statistical Analysis System}
\newacronym{scikit}{scikit}{Scientific Python Toolkit}
\newacronym{SciSciGPT}{SciSciGPT}{Science Science Generative Pre-trained Transformer}
\newacronym{SDK}{SDK}{software development kit}
\newacronym{SECOM} { SECOM}{ Semiconductor Manufacturing}
\newacronym{ SEDAR}{ SEDAR}{Semantic Data Reservoir for Heterogeneous Datasets}
\newacronym{SGD}{SGD}{stochastic gradient descent}
\newacronym{SOTA}{SOTA}{state of the art}

\newacronym{SQL}{SQL}{structured query language}

\newacronym{SS}{SS}{search string}

\newacronym{SWE}{SWE}{software engineering}

s T

\newacronym{TIBCO}{TIBCO}{The Information Bus Company}

\newacronym{TPC-DS}{TPC-DS}{Transaction Processing Performance Council decision support benchmark}
\newacronym{TPC-H}{TPC-H}{Transaction Processing Performance Council ad hoc decision support benchmark}
\newacronym{TUI}{TUI}{text-based user interface}

\newacronym{TTY}{TTY}{teletypewriter}
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newacronym{USD}{USD}{United States Dollar}
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newacronym{VAE} {VAE}{variational autoencoder}
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X
newacronym{XGBoost } { XGBoost } {eXtreme Gradient Boosting}
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Y
\newacronym{YAML}{ YAML}{ YAML Ain't Markup Language}
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