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Abstract

Hyperparameter optimisation is central to the performance of machine learning models, yet
in production settings it is often skipped: full training runs are so slow that searching over
configurations becomes infeasible. In parallel, the field of Al has shifted from model-centric
towards data-centric Al, where performance is improved by curating the right data in the right
proportions. This thesis addresses both developments in practice, at a company performing
automated vehicle damage detection with YOLO models. It develops a compute-constrained
proxy model, trained in roughly an eighth of the full model’s time by reducing the amount of
data, architecture size, and image resolution, and uses it to optimise training hyperparameters
and training-data composition. Configurations found on the proxy are transferred to the full-scale
model, and the fidelity of that transfer is quantified through a purpose-built metric, the proxy
calibration ratio.

Within a controlled AdamW regime, proxy-constrained hyperparameter optimisation im-
proved full-scale test performance over untuned defaults in all three seeds. Optimising training-
data composition did not improve over either baseline; this negative result is fully diagnosed
rather than left opaque, while the comparison of transfer fidelity between the two parameter
spaces was inconclusive at three seeds. Transfer was class-asymmetric throughout: the majority
class (scratch) transferred faithfully in both studies, while the minority class (dent) transferred
weakly or, in the composition study, reversed sign at full scale. The calibration ratio proved in-
formative per class but degenerate at the aggregate level, where a near-zero denominator makes
it explode. A recurring finding is that the framework’s reliability depends on the alignment of
the evaluation sets: where validation and test diverged, as here, firm conclusions were limited.
The practical value of the approach therefore remains to be confirmed against the company’s
production model, which uses a different optimiser.

The thesis makes three contributions: empirical evidence that proxy-constrained hyperpara-
meter optimisation can improve full-scale test performance over untuned defaults, with class-
asymmetric transfer; a fully diagnosed negative result for data-composition optimisation, decom-
posing the outcome into the costs of the resampling mechanism, an aggregate objective blind to
per-class trades, and an insufficient search budget; and the introduction of the proxy calibration
ratio as a transfer-fidelity diagnostic, including its instability near the noise floor.
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Introduction

1.1 Background

Hyperparameter Optimisation (HPO) is an important part of the production of machine learning
models, often facilitating a significant improvement in performance over default configurations
(A Ilemobayo et al., 2024; Bergstra, Bardenet et al., 2011). However, the cost of performance
improvement is twofold: knowing how to find optimal configurations and the time spent finding
them.

One may tune a model manually, but this procedure requires domain knowledge and offers
no guarantees of optimality (Bergstra, Bardenet et al., 2011). More popular automated methods
are Grid Search and Random Search, which involve sampling across a grid or randomly from a
range of values across various parameters (Snoek, Larochelle and R. Adams, [2012). Although
these methods automate the search, they disregard previous evaluations when selecting new
configurations.

In an attempt to increase efficiency and converge toward optimality, more sophisticated meth-
ods use the evaluation results of previous configurations to inform the selection of new ones. The
most common among these is Bayesian Optimisation (BO), which focuses search on those regions
of the parameter space believed to yield the most promising validation scores (Bergstra, Bardenet
et al., 2011). BO, albeit more efficient than Grid or Random Search, can still be slow to converge
and computationally expensive. In large-scale production systems, where a single training run
can already consume significant compute and time, the cost of optimisation is therefore often
foregone, as it does not justify the marginal performance benefit.

This illustrates a disparity that recurs across machine learning research: methods that demon-
strate clear value in settings with abundant budget are rarely adopted in production environ-
ments where compute budgets are fixed. Continued research has responded to this along two
complementary lines. The first makes the search itself cheaper by allocating budget adaptively
across configurations, terminating unpromising trials before they consume a full training run;
bandit-based multi-fidelity methods such as Hyperband, and its combination with BO in Bayesian
Optimisation and Hyperband (BOHB), are the canonical instances (L. Li et al.,[2018; Falkner, Klein
and Hutter, 2018). The second makes each evaluation cheaper by conducting the search on a re-
duced subset of the training data using a smaller model (Swersky, Snoek and R. P. Adams, [2013).
This proxy configuration reduces search cost substantially, on the assumption that configurations
identified as promising under constrained conditions will transfer when the model is retrained at
full scale. These two mechanisms are not mutually exclusive, and whether the more aggressive
search machinery of the first line preserves that transfer once it is layered onto the proxy of the
second is not established.

In parallel, a broader shift from model-centric to data-centric Al has emerged in recent years
(Jakubik et al., 2024). This view emphasises that the composition of training data, not only the
model architecture and training procedure, is a primary determinant of final performance. One
aspect of this is data refinement: optimising which examples are included in training and in what
proportions. It is known that class imbalances can affect model performance and that not all data
points contribute equally to what a model learns.

Proxy-constrained Bayesian Hyperparameter and Data Composition Optimisation for 1
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CHAPTER 1. INTRODUCTION

Despite this, tuning data composition and training hyperparameters is typically treated in-
dependently in the literature (Zha et al., [2025). Furthermore, most HPO studies are conducted
without accounting for the compute constraints typical of production environments, limiting
their practical applicability (Bergstra, Bardenet et al., 2011} Bergstra, Yamins and Cox,|[2013). This
thesis addresses both dimensions within a single unified framework.

1.2 Research setting

The research is conducted at Lensor, a company specialising in automated vehicle inspection
and car damage detection. Lensor’s main products are Al-powered inspection gates through
which vehicles drive while cameras capture images that are processed by YOLO-based deep
learning models to detect surface damage. A full training run of Lensor’s production model takes
approximately twenty-eight hours, which has made hyperparameter optimisation prohibitively
expensive and left training configurations at their defaults.

Lensor’s setting is a precise instantiation of the two sources of suboptimality described above.
First, training hyperparameters are untuned due to model training times infeasible for a full
hyperparameter search. Second, the training dataset exhibits a hidden sub-type imbalance that
is invisible to the training objective. Therefore, this research seeks to investigate the possibility
of optimising first the training hyperparameters and second the data composition using a multi-
factor proxy model. The proxy model is defined by a reduced dataset, a smaller architecture, and
a lower image resolution, to respect the time and compute constraints. The goal of the investiga-
tion is to determine whether such optimum configurations under the proxy model extrapolate to
improved performance on a full-scale retrain model, compared to performance at default config-
urations. Additionally, the effect of algorithm choice on transfer for the training hyperparameters
is investigated to acquire a better understanding of the proxy model’s sensitivity and to inform
subsequent methodological choices for the optimisation of the data composition. The novelty of
this research lies in the quantification of this transfer through a newly defined proxy calibration
ratio, which compares the performance gain observed at full scale to the performance gain ob-
served at proxy scale, where gain is defined as the performance difference between the tuned and
untuned configuration.

1.3 Objective and research questions
To achieve the given objective, this thesis investigates the following research question:

To what extent do configurations optimised via a compute-constrained proxy model transfer to
full-scale car damage detection models, and does optimising training data composition under the
same proxy constraints provide more reliable transfer than optimising training hyperparameters?

To answer this question, the following sub-research questions (5Q) are addressed:

la) Given a fixed compute budget, does proxy-guided HPO of training parameters improve
full-scale model performance over untuned defaults?

1b) Does the choice of HPO algorithm affect how faithfully proxy-observed improvements
transfer to full-scale training?

2a) Does optimising training data composition with respect to damage sub-types under the
proxy framework improve detection performance over the baseline?

2b) Is the proxy calibration ratio for data-space parameters higher than for training hyperpara-
meters?

2 Proxy-constrained Bayesian Hyperparameter and Data Composition Optimisation for
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CHAPTER 1. INTRODUCTION

These sub-questions are investigated through two experimental studies. E1 optimises the
training hyperparameters, addressing Sub question 1a (5Qla) and Sub question 1b (SQ1b); E2
optimises the training data composition, addressing Sub question 2a (5Q2a) and Sub question 1b

(SQ1b).

1.4 Contributions

Through these two experimental studies, this thesis makes the following contributions:

First, it provides empirical evidence that proxy-constrained optimisation of training hyper-
parameters yields configurations that improve full-scale test performance over untuned defaults,
with a class-asymmetric transfer profile in which the majority class transfers more faithfully than
the minority class.

Second, it provides a fully diagnosed negative result for proxy-constrained optimisation of
training data composition. Rather than a bare failure, the outcome is decomposed into a quantified
resampling-mechanism cost, a search budget dominated by random startup, and a corner solution
that concentrated on the already-dominant stratum.

Third, it introduces the proxy calibration ratio, a diagnostic for proxy-to-full transfer fidelity,
and characterises its behaviour. In particular, it shows that the ratio can best be interpreted per
class, because an aggregate ratio conceals class-asymmetric transfer, and that its aggregate form
becomes unstable when the proxy gain approaches the run-to-run noise floor.

1.5 Thesis structure

The remainder of this thesis is structured as follows: Chapter 2 outlines the theoretical background
on object detection and the target models, alongside a literature review that contextualises the
research gaps. Chapter 3 examines the dataset and motivates the data composition optimisation
task. Chapter 4 details the methodology and experimental setup for both studies, followed by the
presentation of the results in Chapter 5. Finally, Chapter 6 interprets these findings in a broader
discussion, and Chapter 7 concludes the thesis.

Proxy-constrained Bayesian Hyperparameter and Data Composition Optimisation for 3
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2.1 Object Detection

2.1.1 Background

Object detection is the task of simultaneously localising and classifying objects within images or
video frames and is a core problem in computer vision. You Only Look Once (YOLO) models are
state-of-the-art object detection models, first introduced by Redmon et al. (2016), and currently
in use by Lensor for automated vehicle damage detection. YOLO models are Convolutional
Neural Networks (CNNs) that simultaneously predict bounding boxes and their respective class
probabilities in a single forward pass (Redmon et al.,|2016). Ultralytics has developed a versatile
ecosystem of YOLO variants, differing in speed, accuracy, and parameter count (Glenn and Qiu,
2026). Lensor specifically uses a YOLO26 model, released in early 2026 (Glenn and Qiu, 2026).

YOLO models have evolved considerably over successive iterations, with each addressing
shortcomings of its predecessor. One development is particularly noteworthy is the shift to
anchor-free models. Early YOLO models were anchor-based, relying on anchor boxes, reference
rectangles of fixed size and aspect ratio tiled across a feature map, to perform detection. In effect,
anchor boxes provide predefined templates against which objects are recognised, at the cost of
a set of hyperparameters governing their configuration, which often need tuning for the right
performance. YOLOX removed the need for anchor boxes, and thus for these hyperparameters
(Ge et al.,2021). Of particular relevance to this work, anchor-free detection carries no size prior,
and so generalises more readily to object-size distributions unlike the one the anchors would have
been fitted to. YOLO26 is likewise anchor-free meaning it predicts box geometry directly from
feature-map locations.

Fundamentals

A bounding box, sometimes called a Region of Interest (ROI), is a rectangular region that defines
the spatial location and boundaries of an object within an image. Object detection models predict
bounding boxes over regions of an image together with a confidence score, which reflects the
model’s joint estimate of whether an object is present and how likely it belongs to a particular
class (Redmon et al., 2016). A predicted bounding box B, is compared against the ground
truth bounding box Bg;, which marks the actual object of interest. Figure [2.1/shows an example
detection from Lensor’s pipeline.

4 Proxy-constrained Bayesian Hyperparameter and Data Composition Optimisation for
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@ Confidence: 0.6958

@ pre-labeling @ scratch (R

S

(b) The corresponding model prediction,
(a) Image from Lensor with bounding box showing confidence score, damage label
(red) for detected damage. (scratch), and size class (5-10cm).

Figure 2.1: An example object detection output from Lensor’s pipeline. The model predicts a
bounding box localising the damage region, a class label, and a confidence score.

To determine whether a predicted bounding box is correct, the Intersection over Union (IoU)
is used. IoU measures the spatial overlap between B, and Bg;:

area(B, N Bgt)

=—— - °° 2.1
area(B, U Bgt) @1)

yielding a value between 0 (no overlap) and 1 (perfect alignment). Given an IoU threshold 7,
predictions are then classified into three categories (Padilla, Netto and Da Silva, 2020):

* True Positive (TP): A detection whose IoU with a ground truth box meets or exceeds 7.

¢ False Positive (FP): A detection with no sufficiently overlapping ground truth box, either a
spurious detection or a misplaced one.

¢ False Negative (FN): A ground truth box for which no detection was made.

Object detection models typically emit many candidate boxes, several of which localise the
same object. In the conventional pipeline these duplicates are removed by Non-Maximum Sur-
pression (NMS), which retains, per class, the highest-confidence box and suppresses any lower-
confidence box whose IoU with it exceeds a fixed suppression threshold. This threshold is distinct
from the evaluation threshold 7 (Neubeck and Van Gool, 2006). YOLO26 instead adopts an end-
to-end pipeline in which NMS is foregone, the model produces a single detection per object
directly (Jocher et al.,2026). This end-to-end head is the default configuration and is the one used
throughout this work.

Evaluation accordingly proceeds in two stages, or three where NMS is retained. First, predic-
tions below a confidence threshold ¢ are discarded; the default value in recent YOLO models is
0.25 (Glenn and Qiu,[2026). Where NMS is used, the surviving predictions are then deduplicated.
Finally, the remaining boxes are matched against the IoU threshold 7 to assign TP, FP, or FN
labels.

From these, Precision (P) and Recall (R) are defined as (Padilla, Netto and Da Silva, 2020):

TP TP
" TP +FP ~ all detections

™ TP
T TP+FN  all ground truths

Precision measures the fraction of detections that are correct, while Recall measures the fraction
of ground truth objects that are found (R. Kaur and Singh, 2023). A good object detection system

P

2.2)

R

2.3)
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maximises both: finding all objects while producing few spurious detections. However, Precision
and Recall are both sensitive to the choice of confidence threshold 0; raising 6 increases Precision
but reduces Recall, and vice versa. Reporting performance at a single threshold is therefore
insufficient.

AP resolves this by integrating over all confidence thresholds. By varying 0 across all pos-
sible values, one traces a precision-recall curve, and AP is defined as the area under this curve
(Everingham et al., 2010):

1
AP=/ p(r)dr (2.4)
0

where p(r) is precision at recall level r. AP is computed independently per class. Averaging over
all N classes gives the mean Average Precision (mAP):

N
1
mAP = ;“ AP, (2.5)

where APc, is the average precision of class C;. mAP is the standard summary metric for object
detection (Everingham et al.,2010). In practice, computing the exact continuous integral is nearly
infeasible. Therefore, modern benchmarks approximate this area. Following the introduction of
the Common Objects in Context (COCO) dataset by Lin et al. (2015), AP is typically calculated
as the mean of interpolated precision values, sampled at 101 evenly spaced recall levels. The
mAP reported by Ultralytics for YOLO models relies on the COCO evaluation API, which strictly
implements this 101-point interpolation.

The IoU threshold 7 remains a second axis of evaluation. mAP@50 fixes T = 0.50, accepting
any detection with at least 50% spatial overlap as correct (Lin et al., 2015). mAP@50:95 averages
mAP over 7 € {0.50,0.55, ...,0.95}, penalising imprecise localisation more heavily. mAP@50:95
is therefore a stricter and more informative measure of production-level detection quality (Lin
et al.,[2015).

2.2 Hyperparameter Optimisation

2.21 Background

Developing effective Machine Learning (ML) models is a complex task. One aspect involves se-
lecting the appropriate algorithm, while another concerns determining the optimal configuration
for that algorithm.

This latter task is known as hyperparameter tuning. In contrast to parameter optimisation,
which occurs as the model learns from its training data, hyperparameter tuning is performed
before the final training process begins (Yang and Shami, 2020). Hyperparameters can dictate
elements of the model’s architecture, such as the number of nodes and layers in a neural network,
or govern the training process itself. Examples of the latter include the learning rate, batch size,
and number of training epochs.

Manual tuning refers to selecting these configurations by hand (Yang and Shami, 2020). While
it remains one of the simplest and most traditional approaches, manual tuning quickly becomes
ineffective as models grow in complexity, the number of parameters increases, and researchers
must navigate non-linear hyperparameter interactions and time-consuming model evaluations
(Yang and Shami, 2020).

The importance of identifying optimal hyperparameters cannot be overstated; several studies
demonstrate that rigorous tuning significantly improves final model performance (Wojciuk et al.,
2024; L. Liao et al., [2022).

Consequently, automating this search to systematically find the best-performing model config-
uration is defined as Hyperparameter Optimisation (HPO). This constitutes a central subdomain

6 Proxy-constrained Bayesian Hyperparameter and Data Composition Optimisation for
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of Automated Machine Learning (AutoML), which aims to automate the end-to-end development
and implementation of ML models (Hutter, Kotthoff and Vanschoren, 2019).

2.2.2 Problem Formulation

The process of finding the optimal hyperparameters can be defined mathematically as follows:
Let A denote a machine learning algorithm with N hyperparameters, where the domain of
the n-th hyperparameter is denoted A,. The joint hyperparameter configuration space is then
defined as
A=A XAy X---XAyn

and a specific configuration is written as A € A.
Hyperparameter domains are heterogeneous by nature: a hyperparameter may be real-valued,
integer-valued, binary, or categorical (Hutter, Kotthoff and Vanschoren, 2019). In practice, con-
tinuous and discrete domains are typically bounded, and the configuration space may exhibit
conditionality, where a hyperparameter is only active given the value of another (Hutter, Kotthoff
and Vanschoren, [2019).

Given a dataset D drawn from an underlying distribution M, split into training and validation
portions Dipain and Dy, the objective of HPO is to find the configuration A* that minimises a
validation loss £L:

A= arg min '£(ﬂ/h Dhrain, Dval) (2-6)
AEA

where A, denotes algorithm A instantiated with configuration A, trained on Dirain and evaluated
on Dy,. Several properties make this a particularly challenging optimisation problem. The
objective function £ is a black-box: it yields no gradient information and its analytical form is
unknown (Shahriari et al., 2016). It is expensive to evaluate, as each query requires a full model
training run. It is noisy, since results vary across random seeds. And the configuration space A
is typically non-convex and mixed-type, precluding the use of standard continuous optimisation
methods (Yang and Shami, 2020). Given these constraints, a large number of typical optimisation
algorithms, such as Gradient Descent or Newton’s method, are not applicable to the task of HPO.

2.3 Methods for HPO

Several hyperparameter optimisation algorithms exist, varying in complexity and subsequent
performance.

The simplest model-free methods are Grid Search and Random Search. In Grid Search, a
user specifies a finite set of values for each hyperparameter, and the algorithm evaluates the
Cartesian product of these sets (Hutter, Kotthoff and Vanschoren, 2019). However, the curse
of dimensionality manifests quickly, as the number of function evaluations grows exponentially
with the dimensionality of the hyperparameter space. Consequently, significant compute and
time are spent evaluating unimportant configurations, limiting the method’s effectiveness in large
hyperparameter spaces.

In Random Search, random configurations are sampled from the hyperparameter configura-
tion space until a specified search budget is exhausted (Hutter, Kotthoff and Vanschoren, [2019).
Random Search often outperforms Grid Search when certain hyperparameters are more import-
ant than others, a property that holds true in most practical scenarios (Bergstra and Bengio,[2012).
Furthermore, Random Search is typically used as a baseline in comparative hyperparameter
optimisation studies because it can achieve performance close to the optimum if given enough
resources (Bergstra, Bardenet et al., 2011; Bergstra, Yamins and Cox, |2013; Hutter, Kotthoff and
Vanschoren, [2019).

In contrast to Grid Search and Random Search, guided search methods offer a more intelligent
approach by utilising the results of previous function evaluations to inform the selection of the
next configuration. Among the most popular of these methods is Bayesian Optimisation.

Proxy-constrained Bayesian Hyperparameter and Data Composition Optimisation for 7
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2.3.1 Bayesian Optimisation

Bayesian Optimisation (BO) is a state-of-the-art framework for evaluating expensive black-box
functions and has thus emerged as an effective tool for efficient hyperparameter optimisation
(Bergstra, Bardenet et al., [2011; Snoek, Larochelle and R. Adams, [2012; Swersky, Snoek and R. P.
Adams, 2013).

The theory and underlying algorithms were first introduced by Kushner (1964), Zhilinskas
(1975), and Mockus (1975) and Mockus (1989), but gained significant traction after the work of
Jones and Schonlau (1998) popularised them. However, BO was firmly established as a tool
for hyperparameter tuning through the work of Snoek, Larochelle and R. Adams (2012). They
demonstrated that BO could find better hyperparameters faster than a human expert (via manual
tuning) for a CNN on the CIFAR-10 dataset, beating the state-of-the-art by over 3%.

Many papers have since emerged that utilise BO for hyperparameter tuning. For example,
some explore multi-task optimisation (Swersky, Snoek and R. P. Adams, [2013), while others
compare its performance against alternative methods like Random Search across different settings
(Bergstra, Bardenet et al.,2011; Bergstra, Yamins and Cox,2013). Notably, Bergstra, Bardenet et al.
(2011) found that BO outperforms Random Search in deep belief networks, which are a specific
class of deep neural networks. Furthermore, Bergstra, Yamins and Cox (2013) indicate that BO
identified the best-performing hyperparameter configurations on the CIFAR-10 dataset compared
to Random Search, achieving this in a fraction of the time for a single-layer network.

Algorithm BO is an iterative algorithm consisting of two primary components: a probabilistic
surrogate model to approximate the black-box function to be optimised (£) and an acquisi-
tion function. The acquisition function is responsible for determining the next sampling point
(Shahriari et al.,[2016).

At each iteration, the surrogate model is fitted to all observations of the target function
collected so far. The acquisition function then uses the predictive distribution of this probabilistic
model to determine the utility of candidate configurations, balancing the exploration of unvisited
regions against the exploitation of promising ones. Since evaluating the acquisition function is
computationally cheap relative to querying the black-box objective, it can be optimised thoroughly.

Acquisition Functions Among the acquisition functions proposed in the literature, Expected
Improvement (EI) (Jones and Schonlau, [1998) is a common choice:

E[I(A)] = E[max(fmin — ¥, 0)] (2.7)

This function admits a closed-form expression when the model prediction y at configuration
A follows a normal distribution:

E[I(A)]=(fmm—u(/\)) (fmm A )) qb(f“““ “(A)) (2.8)

where ¢(-) and ®(-) denote the standard normal density and cumulative distribution functions
respectively, and fmin is the best function value observed so far.

Surrogate models Gaussian Processs (GPs) are the most commonly employed surrogate models
for the black-box optimisation function (Kushner, 1964; Mockus, [1975; Snoek, Larochelle and R.
Adams, |[2012). Formally, a GP is fully specified by a mean function m(A) and a covariance function
k(A,A'):

fA) ~GP (mA), k(A,A")) 2.9

Given a set of observations D1 = {(A;, yz)}z 1, the GP posterior yields a predictive distribution
over the objective value at any unseen configuration A, with predictive mean p(A) and variance
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0%(A) available in closed form. It is precisely this predictive distribution that the acquisition
function consumes to determine the next configuration to evaluate, as described above.

The appeal of the GP as a surrogate lies in its ability to quantify uncertainty: regions of the
configuration space that have been densely sampled carry low predictive variance, while unvisited
regions carry high variance. This uncertainty estimate is what enables the principled exploration
and exploitation trade-off of BO.

An alternative surrogate model is the Tree-structured Parzen Estimator (TPE), introduced by
Bergstra, Bardenet et al. (2011). Rather than placing a GP prior directly over the objective function
L, TPE models the relationship between configurations and performance indirectly by fitting two
density estimators. Concretely, the observed configurations are partitioned into a set of well-
performing configurations ¢(A) and a set of poorly-performing configurations g(A), according to
a quantile threshold y on the observed objective values:

_ [ ity <y
P(Aly)—{gw ) 2.10)

The acquisition function is then approximated by the ratio £(1)/g(A), such that configurations are
proposed from regions where good performance is dense and poor performance is sparse. Each
density is estimated using a tree-structured kernel, which naturally handles the mixed-type and
conditional hyperparameter spaces common in practice.

A key advantage of TPE over GP-based surrogates is its scalability to high-dimensional con-
figuration spaces, provided there is sufficient search budget. GP inference scales cubically with
the number of observations and degrades in high dimensions, whereas TPE operates on each
hyperparameter dimension independently, making it considerably more tractable as the search
space grows (Hutter, Kotthoff and Vanschoren, 2019). Bergstra, Yamins and Cox (2013) exploit
this property explicitly, demonstrating that TPE scales effectively to hundreds of hyperparameter
dimensions in vision architectures. This makes TPE a particularly suitable surrogate for com-
puter vision models such as YOLO, where the configuration space is high-dimensional and model
evaluations are expensive.

2.3.2 Multi-Fidelity Optimisation and BOHB

A fundamental limitation of standard BO in the HPO setting is that each function evaluation
requires a full model training run, which quickly becomes prohibitive as model complexity and
dataset size grow (Krizhevsky, Sutskever and Hinton,[2017). Multi-fidelity optimisation addresses
this by evaluating configurations on cheap approximations of the true objective function first. The
concept of multi-fidelity stems from the work by Petrak (2000). In “Fast Subsampling Performance
Estimates for Classification Algorithm Selection” he noticed that using a subsample of the data
is an effective way to choose an algorithm across different configurations. In recent research,
examples of multi-fidelity methods include training on a data subset, with a reduced model, at
lower image resolution, or for fewer epochs. In some approaches, the process then only promotes
the most promising configurations to higher-fidelity evaluations (L. Li et al., 2018).

Successive Halving (SH) and Hyperband SH is one of the simplest multi-fidelity algorithm
selection methods, developed by Jamieson and Talwalkar (2016). Given a budget B and # initial
configurations, each configuration is evaluated for a minimum resource allocation r. The top
1/n fraction of configurations are then promoted to the next round with 1 times the resource,
and the remainder are discarded. This continues until a single configuration remains. The
procedure is efficient when many configurations can be ruled out cheaply, but introduces a
sensitivity to the choice of 7 and 7: a large n explores broadly but allocates little resource to each
configuration initially, while a small n evaluates each configuration more thoroughly but at the
cost of exploration.

Hyperband (L. Li et al., 2018) resolves this sensitivity by running multiple SH brackets in
parallel, each with a different n /7 trade-off spanning the spectrum from aggressive early elimina-
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tion to conservative full evaluation. Configurations within each bracket are sampled uniformly at
random. By treating HPO as a pure resource allocation problem rather than a modelling problem,
Hyperband achieves strong empirical performance with minimal assumptions, and outperforms
standard BO in wall-clock time on several benchmarks (L. Li et al., 2018). However, because new
configurations are always sampled randomly, Hyperband does not incorporate any information
about which regions of the configuration space have performed well, forgoing the surrogate-
guided proposal that makes BO sample-efficient. As such, SH and Hyperband are more related
to Random Search than BO with respect to sampling.

Bayesian Optimisation and Hyperband Bayesian Optimisation and Hyperband (BOHB), intro-
duced by Falkner, Klein and Hutter (2018), combines the resource allocation strategy of Hyperb-
and with the surrogate-guided proposal of BO. Specifically, BOHB replaces the random sampling
of new configurations in Hyperband with a TPE-based density ratio model. At each iteration, the
TPE model is fitted to all observations collected at the highest fidelity seen so far, and proposes
the next configuration by maximising the ¢(1)/g(A) ratio. The Hyperband bracketing and elimin-
ation schedule is retained unchanged. This yields an algorithm that simultaneously benefits from
the broad exploration and early stopping of Hyperband and the informed proposal distribution
of BO. Falkner, Klein and Hutter (2018) demonstrate that BOHB matches or outperforms both
Hyperband and standard BO across a range of benchmarks, achieving strong performance at
substantially reduced wall-clock cost.

24 Hyperparameter Optimisation (HPO) for Object Detection
Models

Various works investigate the effect of hyperparameter optimisation of YOLO models, albeit in
the context of different use cases. For example, in “Effectiveness of YOLO Architectures in Tree
Detection”, Moraes et al. (2025) investigate the impact of hyperparameter optimisation, while
comparing three different YOLO models, in the context of tree detection. Hoang, Lee and Park
(2025) use BO to optimise the hyperparameters of various YOLO models for fire detection, while
Pascual-Gonzélez et al. (2025) optimise the hyperparameters of a YOLOv8 model in the setting
of detection and assessment of invasive coronary angiography lesions. The hyperparameters to
be optimised are commonly related to training and include: learning rate, momentum, batch
size, weight decay, and (warm-up) epochs (Moraes et al., 2025; Hoang, Lee and Park, 2025;
Pascual-Gonzélez et al., |[2025). In all cases, optimisation of hyperparameters beats default con-
figuration performance, thereby highlighting the need for careful hyperparameter selection for
YOLO models.

2.5 Data Composition Optimisation

As highlighted by the research on hyperparameter optimisation (for YOLO models) described
above, most of the literature focuses on the optimisation of the training procedure for a given
dataset. This is in line with the belief that model optimisation is most important to producing
better Al systems; the cornerstone of model-centric AI. However, recent developments highlight
the importance of the selection and curation of data, birthing a new paradigm called data-centric
Al (Jakubik et al., 2024). The focus is not on accumulating more data, but rather on more
appropriate data (Jakubik et al., 2024).

In “A Survey of Dataset Refinement for Problems in Computer Vision Datasets”, Wan et al.
(2024) highlight class imbalance as one of the most common problems in the computer vis-
ion domain, also known as the imbalanced class learning problem. Class imbalance refers to an
uneven distribution of training samples across classes, which can cause models to favour the
over-represented class and degrade performance on minority classes (H. Kaur, Pannu and Malhi,
2020). Class imbalance may occur at the class prediction level or within classes. For the latter,
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most of the literature investigates the imbalance between easy and hard samples within a class
(Xu et al., [2025).

Addressing class imbalance is frequently done through sampling-based or loss-based ap-
proaches (Wan et al., 2024). Sampling-based approaches modify the training data directly by
changing which examples the model trains on, thereby altering the data distribution. This in-
cludes oversampling the minority class, undersampling the majority class, or a combination of
both (Wan et al., 2024; Buda, Maki and Mazurowski, 2018). However, in object detection, there
is a many-to-many relationship between images and classes, with one image possibly containing
multiple classes. Therefore, naive oversampling per class causes other classes to be oversampled
as well. As a result, Repeat Factor Sampling (RFS), introduced by Gupta, Dollar and Girshick
(2019), is a specific type of oversampling that tries to remediate this issue. RFS is an image-
level oversampling method that aims to increase the frequency of underrepresented classes by
specifically repeating the images that contain them during training (Gupta, Dollar and Girshick,
2019). The method is governed by two structural design choices: a category-level repeat factor r.,

defined as:
re = max(1, vt/ fo) (2.11)

and an image-level repeat factor:

i = maxt; (2.12)
cel

where f. is the fraction of training images that contain at least one instance of class c and t is
a hyperparameter that controls the threshold at which oversampling begins. Practically, if f. > ¢,
then there is no oversampling for class c. Then, during training, each image is repeated according
to its repeat factor #;. The use of a maximisation operator in Equation [2.12]entails that when an
image contains multiple classes, it inherits the most aggressive single class target.

Loss-based approaches, sometimes termed cost-sensitive learning (Wan et al.,|2024), leave the
training data unchanged but modify the loss function to change how the model learns from the
data it trains on. This can be done through simple heuristics such as inverse class frequency
weighting (Huang et al., 2016) or more principled meta-learning formulations. Among the
latter, Ren et al. (2018) propose a meta-learning algorithm that casts data weighting as a bilevel
optimisation problem: the outer loop assigns a continuous weight to each training sample and
updates those weights by minimising loss on a small, clean validation set; the inner loop trains
the model under the current weights. This establishes a key principle: that a held-out validation
signal can guide the assignment of importance to training data.

Two limitations persist across these approaches. First, both sampling and loss-based ap-
proaches are typically operationalised at the level of the class label, or at the level of the indi-
vidual sample (Ren et al.,[2018). Neither granularity targets imbalance defined along structural
axis definitions of the data, such as visually distinct sub-types (within a class). Second, when a
validation signal is used to direct data composition, as in Ren et al. (2018), weights are updated at
every gradient step through nested optimisation, binding the search inseparably to the training
loop. No transferable composition is produced that exists independently of the training run;
the optimised weights are a by-product of a completed trajectory, and cannot be evaluated at a
reduced scale, deployed, or re-used independently of the run that produced them.

A related but distinct question concerns whether data composition can be optimised prior
to training, in a manner that is driven by a validation signal, operates at a granularity defined
by structural sub-types of the data, and remains compatible with the cost constraints that make
HPO feasible in production settings. This question sits at the intersection of data-centric Al and
constrained HPO, and is taken up in the following section.

2.6 Constrained HPO

Lastly, we have already highlighted that the development of multi-fidelity methods attempts
to address the time- and compute-intensive nature of standard hyperparameter optimisation
methods. Essentially, in such a setting, a search is conducted on a cheaper approximation of the
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full training configuration to compare the performance of various hyperparameter configurations
before committing to expensive full-scale training.

In some studies, the transfer of best-found configurations on a subset of the data to the final
model is naturally assumed. For example, Wahyudi, Soesanti and Nugroho (2023) perform BO of
hyperparameters on just 25% of the training data, while testing the final results of the best-found
configurations on the test data. Other research specifically investigates the effect of searches
conducted under such proxy constraints. For example, Wojciuk et al. (2024) conduct a sub-study
investigating the performance difference when BO HPO is performed on a subset of the training
set as opposed to the full training set in classification CNNs. Interestingly, this study reports
higher accuracy on the test set when optimised on a data subset, and higher still when that subset
was also reweighted (Wojciuk et al., 2024), suggesting that proxy-constrained HPO can be not
only more efficient but potentially beneficial. However, this result is reported as an empirical
observation rather than a formally characterised finding: the degree to which proxy-observed
improvement predicts full-scale improvement is not quantified, and it remains unclear whether
this transfer holds consistently across different hyperparameter types, model scales, or dataset
sizes. Furthermore, all existing proxy HPO work, including Wojciuk et al. (2024), restricts the
search space to training procedure hyperparameters. Whether data composition parameters may
be similarly optimised under proxy constraints, and whether their effects extrapolate more or less
faithfully than training procedure parameters, has not been studied.

2.7 Research Gap

This chapter has reviewed the literature across four interconnected areas: hyperparameter optim-
isation methods, HPO for object detection models, data-centric Al and dataset refinement, and
constrained proxy HPO. Across these areas, four interconnected gaps emerge that jointly motivate
this research.

First, the transfer fidelity of proxy HPO has not been formally quantified. Existing proxy
HPO studies also typically employ one approximation technique like reducing data, whereas a
production-realistic proxy combines reduced data, a smaller architecture, and lower resolution,
the combined transfer behaviour of which remains uncharacterised.

Second, comparisons between HPO algorithms under proxy constraints have focused on raw
performance and wall-clock efficiency, not transfer fidelity. Whether BOHB’s broader exploration
produces configurations that transfer more faithfully than standard BO, a question its multi-
fidelity construction makes particularly natural in the proxy setting, has not been studied.

Third, data composition optimisation has not been framed at the sub-type level within a proxy
HPO pipeline. Existing approaches operate either at the individual sample level or at the class
level. Methods using a bilevel optimisation loop with a validation signal are coupled to full-
scale training and therefore infeasible under compute constraints. No work optimises sampling
weights over sub-types defined by structural axes of the data distribution, such as the damage
type and size class sub-types documented in Chapter 3.

Fourth, the comparative transfer fidelity of data composition parameters and training hyper-
parameters has not been studied. All existing proxy HPO work restricts the search space to
training procedure parameters.

These gaps motivate the four sub-questions of this thesis. The first two addresses Gaps 1 and
2 by examining whether proxy-guided HPO over a multi-factor proxy improves on an untuned
production baseline in automated vehicle damage detection, and whether the choice of HPO
algorithm affects transfer fidelity, focusing on BO and an adjusted version of BOHB . The last
two address Gaps 3 and 4 by examining whether sub-type sampling weights improve detection
performance and whether they transfer more faithfully than training hyperparameters.
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This section provides an overview of the data used in the research and highlights noticeable areas
of interest that motivate the subsequent methodology.

3.1 Dataset Overview and Capture Setup

Lensor utilises two gates to capture pictures across the entirety of cars driving through them. The
most recent gate, Umbra 3A, is covered and features eight cameras positioned at various angles.
Images are captured at a 2448 x 2048 pixel (px) resolution, and the total number of images taken
depends on the size of the car.

(@) The Lensor scanning gate. (b) Zebra stripe projection panels. (c) Structured light projected onto a
vehicle surface.

Figure 3.1: The Lensor structured light capture setup.

The gate features a mixture of diffused light and thin panels (see Figure that project a
structured light pattern onto the car. Deviated kinks in the pattern clearly highlight dents (see
Figure[3.1c), thereby assisting in damage detection.

The pictures are taken from different angles and stored on an Amazon cloud platform. All
images collected for damage detection are saved to iteratively bulk up the current datasets.
Subsequently, the AI models are constantly trained and updated.

All collected data, being a product of the production setting and thus receiving predictions,
is annotated (prelabelled). A team of moderators reviews the annotated data to add, confirm, or
remove the predicted labels for the detected ROIs. If bounding boxes are placed at an incorrect
position, the moderators adjust them appropriately. As a result, two main datasets emerge: a
moderated dataset, where all images have been reviewed, and a dataset containing the complete
scans. In effect, the moderated dataset is a subset of the complete scans dataset.

From these two datasets, a curated split was created to produce the training, validation, and
test sets. The data is currently partitioned into a 90/6/4 split, respectively, which effectively serves
asa90/10 splitbetween training and evaluation data. The testsetis used to benchmark production
performance and strictly contains data from the moderated dataset. Conversely, both the training
and validation sets contain a mix of moderated and un-moderated full-scan data. Over time, the
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training and (to a lesser extent) validation sets have grown as more data is collected through the
portal, while the test set has remained frozen to ensure fair and consistent model comparison.
This heavy allocation toward the training set is a deliberate choice, as complex tasks such as object
detection require substantial volumes of data to train faithfully (Bishop, 2006).

The only constraint Lensor maintains when adding further data to the train, validation, and
test sets is that a single licence plate can only appear in one split to prevent data leakage.

As such, the split between the train, validation, and test sets is random, bounded only by the
licence plate constraint and the requirement that the test set exclusively contains frames from the
moderated dataset.

Each image in the dataset is accompanied by extensive metadata, of which the most relevant

fields used are shown in Table

Table 3.1: Hierarchical structure of the Lensor dataset metadata.

Level Field Description Values / range
scan_id Unique identifier grouping UUID string
Scan all frames from a single
vehicle capture
dataset_split Train, validation, or test as- {train, validation, test}
signment
is_negative Whether the scan containsno  {True, False}
damage instances
frame_id Unique identifier for a single UUID string
captured image
Frame image_uri File path to the image string
camera_id Camera mounted on the pole ({1, 2}
iteration_id Spatial position around the integer € {0,1,...,35}
vehicle
damage_type Annotated damage category  {dent, dent_zone,
ROI scratch, scratch_zone}
size_class Annotated damage size bin {0-2cm, 2-5cm, 5-10cm,
10-30cm, 30+cm, small,

medium, large}

X_C, y_C Bounding box centre co- positive integer (px)
ordinates in pixels
w, h Bounding box width and positive integer (px)

height in pixels

14
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3.2 Label Architecture and Parsing

(a) Example of a single dent: the depression
bends the structured light pattern, creating a vis- (b) Example of dent zone: presence of multiple dent
ible circular distortion. circles in close proximity.

(c) Example of a single scratch. (d) Example of scratch zone.

Figure 3.2: Visual examples of the four types of damage.

Label Architecture Four main labels are used in the annotation of the ROIs in the data: scratch
zone, scratch, dent zone, and dent (see Figurefor examples). However, before training, scratch
zone is mapped to scratch, and dent zone to dent. Final predictions are scoped to either dents or
scratches. For most ROls, a size class is available, of which the core categories are: 0-2 cm, 2-5 cm,
5-10 cm, 10-30 cm, and 30+ cm. Some ROIs have a qualitative size label (small, medium, large) as
a result of an annotators’ experiment. However, that labelling has now been discontinued.

Parsing Upon parsing the images, all ROIs were extracted and collected in a table. Most
importantly, for each subset (train, validation, and test), duplicate frames and ROIs were removed.
These duplicates are present due to the fact that some damages are visible across multiple images,
and some frames that are in the complete scans dataset are also present in the moderated dataset.

Proxy-constrained Bayesian Hyperparameter and Data Composition Optimisation for 15
Automated Vehicle Damage Detection



CHAPTER 3. DATA

3.3 Class Distribution

3.3.1 Sub-type composition of the training set

Table3.2/shows the most important findings regarding the class distribution of damage types and
size classes for the ROIs in the training dataset.

Table 3.2: Cross-tabulation of the number of ROIs per damage sub-type and size class in the
training set.

Size Class Dent DentZone Scratch Scratch Zone  Total

0-2cm 1,438 1 691 59 2,189
2-5cm 4,916 0 2,258 640 7,814
5-10 cm 1,664 62 2,288 1,156 5,170
10-30 cm 601 91 2,194 1,859 4,745
30+ cm 203 155 610 1,140 2,108
Small 264 6 435 87 792
Medium 55 16 148 126 345
Large 20 5 19 233 277
Total 9,161 336 8,643 5300 23,440

The training set comprises 18,841 frames with 23,440 annotated ROIs across the four damage
sub-type labels, as shown in Table A total of 1,414 ROIs carry qualitative size labels (small,
medium, large), amounting to 6.0% of all training ROIs. These represent an experimental labelling
convention that is currently discontinued. Of the 18,841 training frames, 4,739 (25.2%) are negative
frames containing no damage annotations.

At the top training label level, the ratio between the scratch and dent classes is mild at 1.47:1
(Krawczyk, 2016). However, when considering class imbalance across damage type and size
class jointly, a considerably greater imbalance emerges. The most common cell, dent 2-5 cm,
contains 4,916 ROIs; the least common non-trivial cell, scratch zone 0-2 cm, contains 59 ROIs,
yielding an 83:1 ratio. The dent zone 0-2 cm cell (n = 1) is excluded from this ratio as a singleton
artefact reflecting the near-absence of dent zone annotations at the smallest size class rather than a
meaningful audit cell. This sub-type imbalance is entirely invisible to the model, which is trained
on binary scratch and dent labels.

16 Proxy-constrained Bayesian Hyperparameter and Data Composition Optimisation for
Automated Vehicle Damage Detection



CHAPTER 3. DATA

3.3.2 Cross-Split Comparison

Table 3.3: Damage sub-type proportions across train, validation, and test splits.

Damage Sub-type Train (%) Val (%) Test (%)

Dent 39.1 40.0 239
Dent Zone 1.4 0.0 0.0
Scratch 36.9 36.9 54.9
Scratch Zone 22.6 23.1 21.2
Total ROIs 23,440 2,778 1,752

Table 3.4: Cross-tabulation of damage sub-type and size class ROIs for the validation and test
sets.

(a) Validation set
Size Class Dent DentZone Scratch Scratch Zone Total

0-2 cm 73 0 72 2 147
2-5cm 377 0 433 11 821
5-10 cm 302 0 134 164 600
10-30 cm 227 0 370 242 839
30+ cm 132 0 17 222 371
Total 1,111 0 1,026 641 2,778
(b) Test set
Size Class Dent DentZone Scratch Scratch Zone Total
0-2 cm 30 0 78 0 108
2-5cm 191 0 393 41 625
5-10 cm 132 0 278 61 471
10-30 cm 47 0 172 149 368
30+ cm 19 0 40 121 180
Total 419 0 961 372 1,752

The validation set comprises 1,253 frames with 2,778 ROIs and 67 negative frames (5.3%). The
test set comprises 949 frames, 1,752 ROIs, and 179 negative frames (18.9%).

Comparing the train, validation, and test sets, several findings emerge. As shown in Table
dent zone is entirely absent from both validation and test sets. Therefore, per-class evaluation
cannot distinguish it from dent regardless of the training-label treatment; combined with its low
overall count (336 ROIs in train), this supports merging dent zone into the dent training label.
Furthermore, qualitative size labels (small, medium, large) appear exclusively in train.

At the training label level, Table shows that the validation set (1.50:1) is closely aligned
with the train set (1.47:1), whereas the test set diverges substantially at 3.18:1. The test set is
considerably more scratch-heavy than either the train or validation sets.

However, delving one level deeper, Table[3.4|displays the cross-tabulation of damage type and
size for the validation and test sets. Comparing this to Table[3.2} one observes that the modal cell
in the training set is dent at 2-5 cm, but for the validation and test sets, this is scratch at 2-5 cm.
Furthermore, from Table 3.4, one observes that the internal size distribution of each damage class
differs between the validation and test sets. For dent, we see that 33.9% of validation dent ROIs
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Table 3.5: Class ratio at training label level across splits.

Train Validation Test
Training Label Count %  Count %  Count %
Dent (incl. dent zone) 9,497 405 1,111 40.0 419 239
Scratch (incl. scratch zone) 13,943 59.5 1,667 60.0 1,333 76.1
Scratch:dent ratio 1.47:1 1.50:1 3.18:1

Table 3.6: Negative frame rate across splits.

Split Total Frames Negative Frames Negative Rate (%)
Train 18,841 4,739 25.2
Validation 1,253 67 5.3
Test 949 179 18.9

fall in the 2-5 cm modal size and 20.4% in the 10-30 cm tail, against 45.6% and 11.2% respectively
in the test set. Test dent is more concentrated in modal sizes, whereas validation dent is more size-
diverse. Scratch and scratch zone exhibit smaller within-class compositional differences between
the validation and test sets.

The negative frame rate comparison in Table reveals a further discrepancy. The train
(25.2%) and test (18.9%) sets are reasonably aligned, while the validation set (5.3%) is the outlier.

Taken together, the validation set deviates from the test set in negative frame rate, training-label
class proportions, and the within-class size distribution of the dent class.

3.4 Pre-Experimental Data Preparation

Label Collapse Given the findings from the data audit, ROIs annotated with qualitative size
labels (small, medium, large) were excluded from the training set. These account for 1,414 ROIs
(6.0% of training ROIs), are absent from both the validation and test sets, and cannot be reliably
mapped to the centimetre-based size classes used elsewhere in the dataset. Retaining them would
introduce an unresolvable asymmetry across splits. Removing them leaves 528 frames without
any remaining annotation. These frames are dropped rather than reclassified as negatives, since
their emptiness is an artefact of the label exclusion rather than a genuine absence of damage. The
training set is thereby reduced from 18,841 to 18,313 frames, with 22,026 ROIs remaining.

Validation Set Remediation Standard machine learning practice assumes that training, valid-
ation, and test sets are drawn from the same underlying distribution, as this is a prerequisite for
the validation set to serve as a reliable proxy for generalisation performance (Bishop,2006; James
et al., 2013). The data audit revealed systematic divergence between the validation and test sets
on two independent dimensions: negative frame rate and class proportions.

In Lensor’s context, the test set has been curated by hand to reflect the production environment
and is therefore treated as the distributional reference point. In the context of hyperparameter
optimisation, the validation set is used to guide the configuration search: candidate configurations
are evaluated against validation performance, and the best configuration is selected on that basis.
If the validation set does not reflect the production distribution, the search is guided toward
configurations that perform well on an unrepresentative signal, undermining the validity of the
optimisation process. It is therefore necessary to restructure the validation set to better reflect the
defining properties of the test set.

Although the scratch:dent ratio differs between the validation set (1.50:1) and the test set
(3.18:1), neither constitutes a severe class imbalance (Krawczyk, 2016). Resolving this would
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require holding out a disproportionate share of scratch-dominant scans from the training set,
depleting the sub-type diversity available for the data selection optimisation. The residual class
ratio gap is acknowledged as a known limitation.

Furthermore, the negative frame rate discrepancy is a significant concern. The validation set at
5.3% negatives versus the test set at 18.9% means that false positive behaviour on empty frames is
substantially underpenalised during optimisation. Nogueira-Rodriguez et al. (2023) specifically
found that an increased inclusion of negatives improved precision at an equal recall rate in a
medical object detection task, thereby emphasising the need for a similar negative sample rate
between optimisation and evaluation conditions.

Therefore, the validation set remediation prioritises matching the test negative frame rate over
strictly matching the class ratio.

Validation set remediation involved randomly sampling negative frames from the train set at
the scan level to avoid leakage, adding those to the validation set, and removing them from the
training set. In total, 194 frames were transferred. In the new validation set, there are 1,447 total
frames, of which 261 are negative, making the negative frame percentage 18.0%, which is much
closer to the test set.

Following the label collapse and the transfer of 194 negative frames to validation, the training
set comprises 18,119 frames, of which 4,545 (25.1%) are negative, and 22,026 ROIs.

The training set retains a higher negative rate (25.1%) than either evaluation set. This is not
remediated: the alignment that matters for the optimisation is between the validation signal that
guides the search and the test set that defines production performance.
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Methodology

This chapter outlines the overarching experimental framework and and justifies subsequent
choices in defining the research design.

4.1 Experimental Framework

The main purpose of this research is to investigate to what extent the results of an HPO process
on a proxy model transfer to a full model with respect to performance improvement. A proxy
model is defined as a model that emulates the full model with respect to configuration rankings,
but is of smaller size, trains on a reduced data set, and uses a smaller image size, thereby reducing
compute demands and improving the efficiency of the HPO process.

Two parameter spaces are investigated, each through its own experimental study:

¢ Experimental Study 1 (E1): proxy HPO transfer for training hyperparameters, comparing
Bayesian Optimisation (BO) and and adjusted version of Bayesian Optimisation and Hyper-

band (ABOHB) (see paragraph4.6.1).
¢ Experimental Study 2 (E2): proxy HPO transfer for training data composition.

Both studies follow the same two-phase structure. In the search phase, a hyperparameter
search is conducted on the proxy model, a cheaper approximation of the full training configur-
ation. The search phase produces a candidate configuration that is then carried to the retrain
phase, in which the best-found configuration is used to train both the proxy and the full-scale
model.

Connecting the two studies is the proxy calibration ratio p, the diagnostic introduced in
this thesis to quantify the transfer effect. It is computed identically for both studies, which is
what enables the central comparison of whether data composition parameters extrapolate more
or less faithfully than training procedure parameters under identical proxy conditions. The
ratio is defined formally, together with its interpretation and the conditions under which it is

interpretable, in Section
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4.2 Evaluation Metrics

All metrics used in this thesis are defined centrally in this section, as they are shared across E1
and E2.

421 mAP@50

mAP@50 is used as the optimisation signal for the BO and Adjusted Bayesian Optimisation with
Hyperband (ABOHB) search during the proxy phase. That is, in Equation[2.6] the validation loss
(£) is substituted with mAP@50, making it a maximisation rather than a minimisation problem.
At reduced data scale and image resolution, mAP@50:95 compresses configurations into a band
where differences between configurations are indistinguishable from noise, as the stricter IoU
thresholds penalise localisation imprecision that is a consequence of the proxy regime rather than
a meaningful signal about configuration quality. mAP@50, with its single IoU threshold of 0.50,
provides a coarser but more stable ranking signal under these conditions. mAP@50 is applied
consistently across all proxy phase evaluations so that rankings remain comparable.

4.2.2 mAP@50:95

mAP@50:95 is adopted as the primary reported metric for all full retrain conditions on the test set,
consistent with the COCO evaluation standard introduced by Lin et al. (2015). By averaging over
IoU thresholds from 0.50 to 0.95 in steps of 0.05, it penalises localisation imprecision more harshly
than mAP@50 and is therefore a more informative measure of fine-grained detection ability. All
full retrain results are reported as mean + standard deviation across three independent seeds.
mAP@50 is additionally reported for all full retrain conditions to enable the computation of the
calibration ratio in a consistent metric space, as described below.

4.2.3 Per-Class AP

Per-class AP for scratch and dent is reported separately for all full retrain conditions across both
experimental studies. Aggregate mAP can mask class-specific effects: a sampling weight that
improves dent AP at the expense of scratch AP would be invisible in the aggregate number,
which is precisely the failure mode that the second experimental study investigates.

4.2.4 Proxy Calibration Ratio

The proxy calibration ratio p is the primary novel metric of this thesis. It quantifies the degree to
which improvements found at proxy scale transfer to full production scale. It is defined as:

_ Asn @1)
Aproxy
where Aproxy is the mAP@50 improvement of the best-found configuration over its baseline at
proxy scale, and Ag is the mAP@50 improvement of that same configuration over the same
baseline after full retrain. Both terms are computed in mAP@50 space so that the ratio is inter-
pretable on a consistent scale.

Interpretation In effect, p expresses the full-scale effect as a proportion of the proxy effect. Its
magnitude is the size of the full-scale effect per unit of proxy effect, and its sign records whether
the full-scale effect moved with the proxy effect or against it. The metric is read on a continuum
anchored at zero, with the regimes set out in Table[d.1} A positive p admits a proportional reading:
the two scales agree on direction, and the magnitude measures how faithfully the proxy effect
reproduced. A p near zero records no transfer, in the sense that the effect did not materialise at full
scale. A negative p records a directional disagreement between the scales. Hence, its magnitude
is not a fidelity measure, since there is no directional agreement whose proportionality could be
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assessed; it establishes only that the proxy did not predict the direction of the full-scale effect.
Negative p can arise from either term. A negative numerator is the substantive case, indicating
a best-found proxy configuration that is no better than the baseline at full scale. A negative
denominator is the converse and, for a searched condition, the less expected case: a best-found
configuration that is worse than the baseline at proxy scale but nonetheless improves at full scale.

Table 4.1: Regimes of p. The magnitude is always the size of the full-scale effect per unit of proxy
effect; the sign records directional agreement between the two scales.

Regime  Reading

p=1 Faithful or understated transfer: the full-scale effect is at least as
large as the proxy predicted.

0<p <1 Attenuated transfer: the effect is real and in the predicted direc-
tion, but the proxy overstated it.

p=0 No transfer: the full-scale effect did not materialise. The sign of
p in this regime is not interpretable.

p<0 Reversal: the full-scale effect moved against the proxy.

Fidelity is not desirability p measures transfer fidelity, not whether an effect is wanted. A con-
figuration whose proxy-scale degradation reproduces proportionally at full scale transfers faith-
fully, and p is correspondingly positive, even though the outcome is harmful: the proxy correctly
quantified the damage the configuration would do. Whether an effect is beneficial is read from
the sign of Agy.

Conditions for interpretability p is a ratio, and its behaviour is governed by its denominator.
As Aproxy approaches zero, the ratio diverges: perturbations of the denominator well within the
run-to-run variation of a single training run produce arbitrarily large changes in p. Interpretability
degrades continuously as the proxy effect shrinks toward the noise floor. Where the proxy effect
is small enough that the resulting ratio cannot be read as a measurement of transfer, this is stated
explicitly.

4.3 Full Scale Retrain Model

The exploration of proxy models for HPO is driven by Lensor’s current computational bottleneck,
wherein excessive training times render direct HPO unfeasible.

Resolving Lensor’s issue directly would require a proxy model that remains as close to the
production setting as possible so that configurations can transfer directly. Optimiser choice, in
particular, must match at proxy and full scale, given its dependent relationship with the learning
rate, which is one of the parameters under investigation (see Section[4.6.2) (Johnson et al., [2024).
To illustrate this, Yuan, Hu and Lu (2022) compare variants of Stochastic Gradient Descent (SGD)
optimisers to Adam-based optimisers across various image classification and natural language
processing tasks. They found that the optimal learning rate for their SGD optimisers is of a
magnitude 10% to 10° larger than for the Adam-based optimisers.

However, Lensor’s production model uses the auto optimiser setting, which in YOLO26
defaults to Muon Stochastic Gradient Descent (MuSGD) (Glenn and Qiu, 2026). MuSGD applies
orthogonalised gradient updates designed to stabilise optimisation at a large scale. This makes
it well-suited to the production setting but inappropriate for the proxy regime, where reduced
data volume and model size (see Section[4.4) produce noisier gradients that benefit from adaptive
learning rates rather than orthogonalised SGD updates.
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Adam-family optimisers are well-suited to noisy gradient regimes (Montavon, Orr and Miiller,
2012), and Adam with decoupled Weight decay (AdamW) has performed particularly well for
YOLO-family detection models (Syamsul and Wibowo, 2024; Bhosale and Angal, 2025). AdamW
improves on vanilla Adam by correctly decoupling weight decay from the gradient update
(Loshchilov and Hutter,2019). Preliminary experiments confirmed that AdamW produced stable
convergence at proxy scale (Appendix[A.1.1]} run 7), whereas MuSGD at the same batch size pro-
duced a near-zero mAP@50, which is insufficient for configuration ranking. Therefore, AdamW
is significantly better suited for the proxy scale.

As a result, this research is conducted with a full-scale retrain model operating under an
AdamW regime, which is strictly mirrored in the proxy model to ensure consistency for a fair
calibration ratio.

Consequently, the full-scale retrain configuration serves as a controlled anchor against which
proxy-derived HPO improvements can be measured. Optimiser aside, it is heavily inspired by
Lensor’s production training pipeline in terms of dataset scale, image resolution, and batch size.

The full-scale retrain baseline does not reproduce the absolute performance of Lensor’s de-
ployed production model (Appendix run 16). This is a deliberate scope decision: the
research investigates proxy-to-full transfer under a consistent AdamW regime, evaluated on
Lensor’s production test set. No claim is made in subsequent chapters that absolute performance
values transfer directly to Lensor’s deployment. Rather, the investigation focuses on whether
HPO under the proxy regime identifies configurations that improve full-scale performance under
the same controlled optimiser. The full retrain configuration is detailed in Table
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4.4 Proxy Regime Design

4.4.1 Proxy Configuration

The goal of the proxy model is to rank hyperparameter configurations in the same relative
order as the full model would, while requiring substantially less compute per evaluation. Three
design requirements govern the proxy: it must produce a sufficiently stable mAP@50 signal to
distinguish meaningfully between configurations; its training dynamics must be close enough to
the full retrain regime for sensitivity rankings to transfer; and the combined proxy pipeline must
be fast enough to make numerous evaluations in the BO and ABOHB algorithms tractable within
the available compute budget.

Coleman et al. (2020) demonstrate that proxy models, produced through smaller architectures,
reduced epoch counts, or layer removal, preserve configuration rankings that correlate strongly
with those obtained under full training conditions. Absolute proxy performance is necessarily
lower than full retrain performance, but this is inconsequential when the goal is relative ordering
rather than absolute matching.

Three important levers govern the computational cost of a training run: model architecture,
training data volume, and image resolution (Swersky, Snoek and R. P. Adams, |2013; Wahyudi,
Soesanti and Nugroho, 2023; Coleman et al., 2020). The proxy configuration is therefore defined
by reducing all three relative to the full retrain, with each reduction justified on both practical
and methodological grounds below.

Model size The full-scale retrain model is yolo26m, with 20.4 million parameters (Glenn and
Qiu, 2026). Two smaller variants are available: yolo26s at 9.5 million parameters and yolo26n at
2.4 million parameters.

The proxy architecture must share broadly similar training dynamics with the full-scale re-
train model for hyperparameter sensitivity rankings to transfer reliably. yolo26n is excluded on
this basis: its 2.4 million parameters represent an 8.5x reduction from yolo2ém, spanning two
architectural size classes with meaningfully different depth multipliers, width multipliers, and
feature extraction stages. Parameters that appear insensitive on nano may matter substantially on
medium, not because the dataset scale differs, but because the architectures process gradients dif-
ferently. yolo26s, ata2.2x reduction, remains closer to the medium model architecturally, thereby
more closely sharing comparable feature extraction behaviour and making sensitivity transfer sub-
stantially more plausible. Furthermore, preliminary experiments (see Appendix confirm
that yolo26s at the selected proxy configuration already trains in approximately two hours per
run, providing more than sufficient compute reduction without the additional transfer risk of
nano.

Image Resolution The actual images are captured at a 2448 x 2048 px resolution, resulting in an
aspect ratio of approximately 1.2. The full retrain configuration trains at 1600 x 1600 px, following
Lensor’s training pipeline. Higher resolutions are infeasible given current Graphics Processing
Unit (GPU) Video Random Access Memory (VRAM) (see Section. Ultralytics resizes images
following the aspect ratio such that the longest side equals 1600 px, while padding the shorter side
to produce a 1600 x 1600 px input. Training on rectangular images was omitted since Ultralytics
reports that it may affect detection performance (Glenn and Qiu, 2026).

Selecting an appropriate proxy resolution required resolving a domain-specific conflict between
training efficiency and signal quality. Mosaic augmentation combines four images into a single
training example, rendering each sub-image at approximately half the input resolution.

Damage ROIs in the Lensor dataset are small relative to the total frame area. At sufficiently
low input resolutions, mosaic augmentation reduces ROIs to sizes so small that it degrades
the training signal. Preliminary experiments confirmed this effect: enabling mosaic at 1024
px reduced the validation mAP@50 by 25% compared to training without mosaic at the same
resolution (Appendix[A.1.1} runs 3 and 6).
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An image resolution of 1240 px was selected as the minimum at which mosaic augmentation
remains viable for this domain. At this resolution, each mosaic sub-image is approximately 620
px effective resolution, providing meaningfully more spatial context per ROI than at 1024 px.
Preliminary experiments at this configuration produced a mean validation mAP@50 of 0.123
across two independent runs (Appendix runs 7 and 8).

Proxy Data Subset Construction The proxy configuration uses a 25% subset of the training data
to make HPO-scale experimentation computationally feasible. Swersky, Snoek and R. P. Adams
(2013) demonstrate that a 25% data subset reduces optimisation time by 57% while preserving
configuration rankings, providing empirical justification for this fraction.

Two constraints governed the subset construction. First, sampling must operate at the scan
level rather than the frame level: frames within a scan capture the same physical car from
correlated positions and are not independent observations. Sampling individual frames would
create partial scans and inflate the apparent diversity of the proxy set. Second, the subset must
preserve the relative distribution of damage sub-types present in the full training set, so that the
optimisation signal observed at proxy scale reflects the same latent structure.

The second constraint is met by stratified sampling over the audit cells defined in Chapter[3} the
cross-product of damage type and size class. Purely negative scans carry no damage annotation
and are therefore treated as an additional sampling group, so that the negative frame rate is
preserved. We sampled 25% of scans within each group, applying a floor of one scan per group
to prevent rare sub-types from being absent from the proxy entirely.

The final proxy training set comprises 251 scans out of 979 (25.6%), with 4,991 frames, 6,490
ROIs, and 1,247 negative frames (25.0%), closely matching the train negative frame rate of 25.1%.
Table [4.2|confirms that the proxy scan distribution closely mirrors the full training distribution,
with all cell-level deviations remaining below 0.7 percentage points.

Table 4.2: Scan-level audit-cell distribution: train vs. proxy subset

Damage Type Size (cm) Train Scans Train % Proxy Scans Proxy %  Diff

Dent 2-5 254 30.38 64 29.77 -0.62
Scratch 5-10 105 12.56 27 12.56 0.00
Scratch 2-5 103 12.32 26 12.09 -0.23
Scratch 10-30 102 12.20 26 12.09 -0.11
Dent 5-10 52 6.22 13 6.05 -0.17
Scratch Zone 10-30 47 5.62 12 5,58 —0.04
Scratch Zone 30+ 42 5.02 11 512 +0.09
Dent 0-2 27 3.23 7 3.26 +0.03
Scratch 0-2 27 3.23 7 3.26 +0.03
Scratch Zone  5-10 27 3.23 7 3.26 +0.03
Dent 10-30 21 2.51 6 2.79 +0.28
Scratch 30+ 16 191 4 1.86 -0.05
Scratch Zone 2-5 9 1.08 3 140 +0.32
Dent 30+ 2 0.24 1 047 +0.23
Dent Zone 30+ 2 0.24 1 047 +0.23
Negative - 143 14.61 36 14.34 -0.27
Total 979 100.00 251 100.00

4.4.2 Remaining Configuration Settings

Batch Size GPU memory constraints at 1600 px production resolution limit the hardware batch
size to 4 for both yolo26m and yolo26s. Although larger batch sizes are feasible at proxy resol-
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ution (1240 px), the proxy configuration uses batch size 4 to match the full retrain setting. This
consistency is methodologically necessary for two reasons.

First, batch size interacts with learning rate through the linear scaling rule: larger batches
require proportionally larger learning rates to maintain equivalent gradient dynamics (S. Li et al.,
2024). Since learning rate is the primary dimension under investigation in E1 (see Section [4.6.2),
a batch size mismatch between the proxy and full retrain would introduce a systematic confound
into the calibration ratio.

Augmentation decisions Mosaic augmentation, first introduced by Bochkovskiy, Wang and
H.-Y. M. Liao (2020), combines four training images into a single composite example, increas-
ing contextual diversity per gradient update and improving small object detection by exposing
the model to a wider range of spatial arrangements. Multi-scale training complements this by
randomly varying the input resolution within each batch, encouraging scale-invariant feature
representations across the full range of damage sizes in the dataset. The number of degrees
dictates the range to which images may be randomly rotated to improve recognition at various
orientations. All settings are enabled consistently across proxy and full retrain phases, matching
the original Lensor production configuration and ensuring that augmentation does not contribute
as a confound to the proxy calibration ratio. The resolution constraint that mosaic imposes at
proxy scale is addressed by the 1240 px resolution selection described above.

Learning rate, Weight Decay, Warmup Epochs The learning rate chosen for the proxy and full
retrain configuration at baseline is 0.001, consistent with the most commonly chosen value for the
AdamW optimiser (Bishop, [2006; Syamsul and Wibowo, 2024). For Weight Decay and Warmup
Epochs, the default parameters present in the full-scale retrain model have been chosen, which
align with the defaults of the YOLO26 models in the Ultralytics library (Glenn and Qiu, [2026).
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4.4.3 Proxy Transfer

To ascertain the transfer validity potential of the proxy model’s best-found configurations, a
preliminary experiment was conducted on the mAP@50 behaviour of the proxy and full retrain
models on the validation set at different learning rates.

Learning Rate Sensitivity: Proxy (yolo26s) vs Full Retrain (yolo26m)

—@— Proxy — yolo26s, batch=4, 1240px (25% data)
0.25 - == Full retrain — yolo26m, batch=4, 1600px (100% data)

0.20

0.15 4

val mAP50
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(NaN weights)

0.05 7 \
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10~ 5x107* 103 5x1073 1072
Initial Learning Rate, Ir0 (log scale)

Figure 4.1: Learning rate sensitivity across proxy and full retrain configurations.

Figure [4.1] presents the validation mAP@50 response to learning rate across five values span-
ning the HPO search range, evaluated on the yolo26s proxy (batch=4) and the yolo26m full retrain.
Three conclusions can be drawn. First, all configurations agree at the extremes: at Ir0 > 5 x 107
performance degrades clearly across all curves, while performance peaks at the lowest tested
value of Ir0 = 107#, confirming the proxy correctly identifies which regions of the search space to
favour and avoid. Second, the curves exhibit a broadly similar shape: a monotonic decline from
Ir0 = 10~* onwards, and are approximately parallel with a consistent vertical offset reflecting the
absolute performance gap between proxy and full retrain scale. Third, the failure at Ir0 = 102 on
the full retrain and poor performance at both 1r0 = 5 x 1073 and 1r0 = 1072 on the proxy validate
the upper bound of the search space at 5 x 1073. Notably, both proxy and full retrain peak at
the leftmost tested value without sign of plateauing, suggesting the optimal learning rate may lie
below 107%; this motivates extending the lower bound of the search space to 107°. Overall, this
qualitative agreement supports the use of the yolo26s proxy for identifying viable learning rate
regions, and further supports the hypothesis that a proxy model may be useful for configuration
rankings in HPO for a more complex production model.
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4.5 Summary: Proxy and Retrain Comparison

Table displays the final proxy model and compares it with the full retrain configuration
designed to emulate the Lensor production model.

Table 4.3: Proxy and full retrain configurations

compared.
Setting Proxy Full Retrain
Model variant yolo26s  yolo26m
Parameters 9.5M 20.4M
Training data 25% 100%
Image size 1240px 1600px
Batch size 4 4
Optimiser AdamW  AdamW
Ir0 0.001 0.001
Momentum 0.937 0.937
Weight decay 0.0005 0.0005
Warmup epochs 3 3
Mosaic 1.0 1.0
Multi-scale True True
Degrees 5.0 5.0
Epochs 100 100
mAP@50 baseline  0.123 “ 0.214%
GPU hours ~217hrs ~15.73 hrs

? Mean of two independent runs (0.1226, 0.1229); run-to-
run variation +0.0003 confirms configuration stability.

b Single indicative run. Formal baseline mAP@50 is es-
tablished across three seeds in the Experimental Study
1 design.

2,b Performance is measured on the validation set.

4.6 Experimental Study 1 (E1): Proxy-Guided HPO

Experimental Study 1 (E1) evaluates whether proxy-guided Hyperparameter Optimisation (HPO)
can improve over untuned defaults when transferred to the full retrain configuration, and analyses
the difference between two HPO algorithms: Bayesian Optimisation (BO) and Adjusted Bayesian
Optimisation with Hyperband (ABOHB). The central hypothesis is that ABOHB’s multi-fidelity
mechanism allows it to explore more of the search space within the same cumulative compute
budget as BO. Whether this broader exploration translates into a configuration that improves
full-scale performance over the BO-best configuration, and whether the resulting calibration
ratios differ between methods, are treated as open empirical questions. The direction of any
calibration ratio difference is not assumed a priori: broader exploration could plausibly produce
configurations that transfer more faithfully to full scale, or, conversely, configurations that exploit
the proxy regime at the expense of full-scale generalisation.

4.6.1 Experimental Design

Table[d.4/outlines the experimental conditions for E1. For each algorithm used in the search phase,
all trials across the three runs will be pooled, from which the best-of-three configuration will be
selected for the retrain phase.
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Table 4.4: Experimental Study 1 experimental conditions. All proxy runs use the proxy configur-
ation defined in Section |4.4; all full retrains use the configuration in Section

Phase Model Condition Runs Notes

Search  Proxy BO search 3 20 evaluations per run
Search  Proxy ABOHB search 3 compute budget matched to BO
Train  Proxy  Baseline (untuned defaults) 3 3 independent seeds
Train  Proxy BO-best of 3 configs 3 3 independent seeds
Train  Proxy ABOHB-best of 3 configs 3 3 independent seeds
Train  Full Baseline (untuned defaults) 3 3 independent seeds
Train  Full BO-best of 3 configs 3 3 independent seeds
Train  Full ABOHB-best of 3 configs 3 3 independent seeds

Variance Decomposition Within each search, the YOLO training seed is fixed at 0 so that TPE
observes a deterministic objective surface; across the three independent searches, the TPE sampler
seeds are varied (42, 43, 44) to capture search-trajectory variance. At the retrain phase, for both
the proxy and full model, three seeds (42, 43, 44) drive Ultralytics’ single-seed mechanism, which
jointly controls weight initialisation, data order, augmentation sampling, and gradient noise. This
approach randomises multiple sources of variance, as recommended by Bouthillier et al. (2021).
Seeds are paired across conditions (baseline, BO-best, ABOHB-best), enabling matched-seed
analyses including the per-seed calibration ratio rather than a ratio-of-means.

For the calibration ratio p, specifically, it must be noted that the seed pairing does not remove
the instability of the ratio noted in Section it relocates it. Where a single seed’s Aproxy
falls near zero, that seed’s p diverges, and because the across-seed summary is an unweighted
mean, one such seed dominates the reported value. The per-seed ratios are therefore reported
in full, and the across-seed mean is treated as a summary that is meaningful only where every
contributing denominator does not converge to zero.

All retrain results are reported per seed and as mean + sample standard deviation across the
three runs. Given the small sample size, the calibration ratio is additionally reported with 95%
bootstrap percentile confidence intervals (DiCiccio and Efron,[1996), and findings across seeds are
framed in terms of effect size and directional consistency rather than null-hypothesis significance
testing. The intervals will serve as a descriptive statistic as opposed to an inferential measure
because of the limited inference they offer due to the small sample size.

Algorithm Comparison To enable a fair comparison between BO and ABOHB, both are matched
on cumulative training compute via post-hoc analysis. BO is allocated 20 evaluations per search
run; at 100 epochs per evaluation, this corresponds to a maximum theoretical budget of 2,000
training epochs. BO is run to completion across three seeds, and the average cumulative training
time across child training tasks (excluding queue wait and pipeline overhead) defines the matched
budget Tiraino- Post-hoc matching rather than runtime enforcement via ClearML’s time limit
parameter is used because that parameter is non-functional in the version of ClearML deployed
at Lensor: a units mismatch in its budget-tracking logic prevents the auto-stop condition from ever
firing within practical compute ranges. Post-hoc analysis is similarly employed by Falkner, Klein
and Hutter (2018) in HPO benchmarking and yields a more rigorous comparison than runtime
enforcement would, since it isolates algorithmic differences from orchestration variability such as
queue contention, container setup, and concurrency effects. ABOHB is run with an optimisation
time limit set to 1.1 X Tiain o in wall-clock minutes, providing a 10% margin to absorb empirically
observed orchestration overhead, and the number of configuration evaluations is set high enough
not to bind. Post-search, ABOHB trials are ordered by completion timestamp, and cumulative
training time is computed sequentially; the largest k satisfying cumulative training time < Tiain B0
defines the matched-budget set, and the best-performing configuration among trials 1 to k is
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selected as the ABOHB-best configuration.

A budget of 20 evaluations for BO is a deliberate design choice that reflects the compute-
constrained production setting this research targets. At approximately 2.16 hours per proxy
evaluation (Section [4.4), 20 evaluations amounts to roughly 43 GPU hours per search run, or
approximately two days of continuous compute. This budget may not guarantee full convergence
to the global optimum of the search space, nor does it aim to: the research question is explicitly
about whether a practically affordable HPO search produces a configuration that improves over
untuned defaults when transferred to full scale.

Implementation Both BO and ABOHB are implemented using the Optuna optimisation frame-
work (Akiba et al., [2019), integrated with the ClearML Machine Learning Operations (MLOps)
platform for experiment tracking and hyperparameter optimisation scheduling (ClearML 2024).
The original BOHB algorithm of Falkner, Klein and Hutter (2018) is implemented in hpBandster,
which presents installation challenges within Lensor’s containerised production environment due
to dependency conflicts in its Pyro4 and ConfigSpace requirements. We therefore implement an
adapted version of the algorithm in Optuna, following the practical implementation strategy of
Nguyen and Liu (2025). This implementation captures BOHB’s Hyperband-style multi-fidelity
pruning mechanism through Optuna’s HyperbandPruner, combined with a multivariate TPE
sampler for model-driven configuration sampling. It does notinclude BOHB’s budget-conditional
Kernel Density Estimation, in which separate density estimators are maintained per fidelity level
rather than pooling observations across budgets; this is acknowledged as a limitation. Therefore,
we refer to this specific method as Adjusted Bayesian Optimisation with Hyperband (ABOHB).

For BO, likewise, the multivariate TPE is used as a surrogate model to match the underlying
sampler used in the ABOHB implementation. This ensures that the two methods differ only in
their budget allocation strategy, thereby isolating the effect of multi-fidelity exploration from the
effect of surrogate model choice.

Both BO and ABOHB are run sequentially, without concurrent trial execution. Parallelism
would degrade the TPE sampler’s quality, since the sampler conditions only on completed trials,
and concurrent trials would be sampled from a model that has not yet observed the in-flight trials’
outcomes.

For the ABOHB implementation, the HyperbandPruner requires a parameter specification.
The minimum budget (bmin), maximum budget (bmax), and reduction factor (1) must be set. The
maximum budget corresponds to a full training round (100 epochs). The minimum budget defines
the lowest fidelity threshold at which configurations can be reliably evaluated and ranked.

According to L. Li et al. (2018), n should be tuned to practical user constraints. Larger values
of n correspond to more aggressive elimination at each rung, thereby reducing the number of
SH brackets in the Hyperband schedule. The default choice is 7 = 3, which for our byax = 100
and a theoretical bmin = 1 would produce five SH brackets, with the most aggressive bracket
evaluating configurations after just 1 epoch (Falkner, Klein and Hutter, [2018). However, because
the warmup epochs in our search space vary between 0 and 5, configuration evaluation must
take place after at least 5 epochs. Furthermore, the empirical training curves of the proxy model
(defined in Section [4.4; see Appendix[A.1.2) demonstrate that stability of the mAP@50 signal only
emerges around 10 epochs.

Consequently, we set bmin = 10 to prevent the premature termination of promising con-
figurations due to initialisation noise. Given n = 3, the maximum number of brackets is
Smax = [l0og,(100/10)] = 2, producing three SH brackets per cycle (L. Li et al., |2018). Theoretic-
ally, these brackets begin with 9, 5, and 3 configurations, respectively, with the final exploitation
bracket (s = 0) training its configurations for the full 100 epochs immediately. The actual num-
ber of cycles completed within the matched cumulative training compute budget is determined
empirically and matched to Tininpo post-hoc, as described above. The exact bracket-internal
scheduling depends on Optuna’s implementation, which may diverge slightly from the original
specification of Falkner, Klein and Hutter (2018).

All experiments are run on a single NVIDIA GeForce RTX 4090 GPU (24 GB VRAM). The
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environment utilises Python 3.10 and the Compute Unified Device Architecture (CUDA) 12.2
toolkit for hardware acceleration.

4.6.2 Search Space

Table 4.5/defines the HPO search space. The four parameters are selected from the pool of most
commonly tuned hyperparameters in YOLO-based detection models (Hoang, Lee and Park, 2025;
Wahyudi, Soesanti and Nugroho, |2023; Pascual-Gonzélez et al., 2025).

Table 4.5: HPO search space for Experimental Study 1.

Parameter Sampling Range Default
1r® log-uniform [107°, 5-1073] 1073
momentum uniform [0.900, 0.999] 0.937
weight_decay  log-uniform [107°, 1072] 5x107*
warmup_epochs uniform [0, 5] 3

Learning Rate and Momentum Learning rate is among the most influential hyperparameters
in neural network training, directly governing the magnitude of parameter updates at each step
(Bishop, [2006; Bengio, 2012; Smith, [2018). For AdamW, the parameter update rule is:

Tty

6t+1 = Qt - - - a/\Qt (42)

Oy + €
where 6; is the vector of network weights at step ¢, a is the learning rate, 7i; and 0; are the bias-
corrected first and second moment estimates of the gradient, € is a small constant for numerical
stability, and A is the weight decay coefficient. The first moment estimate 7z; is controlled by
B1, the momentum parameter. Learning rate and momentum are therefore structurally coupled
in the AdamW update: the effective step size at any given iteration is a joint function of both.
This interdependence means that independent screening of each parameter in isolation would
be uninformative; the optimal learning rate depends on which momentum value is active, and
vice versa. Joint search via BO is therefore not just preferable but methodologically necessary for
these two parameters given the fixed choice of AdamW.

Weight Decay The final term in Equation4.2, aA0;, is the decoupled weight decay introduced by
Loshchilov and Hutter (2019). Unlike standard Adam, AdamW applies weight decay directly to
the weights independently of the gradient scaling, giving it a clean and consistent regularisation
interpretation across all search configurations. However, at the proxy scale, the model is trained
on 25% of the full dataset, which reduces the implicit regularisation that arises from data volume
and sampling stochasticity. The optimal weight decay under these reduced-data conditions may
therefore differ from what is optimal at full scale. Whether that difference materialises remains
a question, making weight decay a parameter of particular interest in the cross-scale transfer
analysis.

Warmup Epochs Warmup epochs govern the initial ramp-up of the learning rate from near-
zero to its target value a, preventing destabilising gradient updates before the optimiser has
accumulated reliable moment estimates. The optimal warmup length is directly coupled to the
target learning rate: a higher learning rate requires a longer ramp, while an unnecessarily long
warmup delays convergence. Since the learning rate is under search, a joint search that includes
warmup epochs is of direct interest.
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4.7 Experimental Study 2 (E2): Data Composition Optimisation

Experimental Study 2 (E2) investigates whether optimising the training data composition with
respect to damage sub-types within the proxy framework improves detection performance, and
whether transfer under the proxy framework is more faithful for data-space parameters than for
training hyperparameters.

4.7.1 Motivation

SectionBestablished that the Lensor training data exhibits a mild class imbalance at the prediction-
label level (1.47:1, scratch:dent) but a substantial sub-type imbalance at the damage type x size
class level, reaching 83:1 after excluding cells with fewer than ten ROIs. This sub-type imbalance is
invisible to the training objective, since the loss is computed against the collapsed training labels,
under which scratch and scratch zone are treated as a single category, and dent and dent zone
are merged similarly. The most operationally relevant compositional issue in the data therefore
operates below the granularity at which the model is optimised.

E2 targets this hidden imbalance by treating the composition of the training set at sub-type
level as the object of optimisation. This level is operationalised as nine strata, defined by pooling
the audit cells along the damage type and size class axes (Section [4.7.2); the granularity used is
coarser than the full cross-product of these axes but finer than the prediction-level label.

To address the imbalance, a weighted resampling scheme is used, in which each weight is
attached to a stratum and governs its representation in the training set. Each stratum is assigned a
continuous weight, and the optimisation searches over these weights against a held-out validation
signal while the inner loop performs standard training of the proxy model under the resampled
data. This is the standard bilevel formulation of hyperparameter optimisation, with stratum
sampling weights as the search variables rather than training-procedure parameters. It inherits
from Ren et al. (2018) the principle that a validation signal can guide the assignment of importance
to training data, but differs from the per-step meta-optimisation of Ren et al. (2018) in where the
outer loop operates: Ren et al. (2018) recompute example weights at every gradient step against
a validation signal, so the optimised weights exist only relative to that specific training trajectory.
Here the outer loop runs offline, with BO searching over compositional configurations across
complete training runs. The optimised weight vector therefore exists as a standalone artefact that
can be re-used independently of the training run that discovered it.

The choice of resampling over loss reweighting is dictated by the granularity. Although loss
reweighting at sub-type granularity is mechanically conceivable, since per-ROI loss contributions
could be scaled by the weight of each ROI'’s stratum, Ultralytics (Glenn and Qiu, [2026) does not
expose per-instance loss weighting, making the implementation infeasible. Preferring resampling
over loss reweighting is also empirically supported: Buda, Maki and Mazurowski (2018) report
that oversampling is the dominant resampling strategy for CNNs under class imbalance and does
not induce overfitting, addressing the standard objection to with-replacement sampling.

The sampling strategy extends the basic principle of RFS (Gupta, Dollar and Girshick, 2019)
to solve the multi-class-per-frame problem, elaborated in Section It differs, however, in
the granularity at which it operates, in the use of searched weights rather than analytical ones
(Equation2.12), and in the aggregation function that determines which class governs the repetition
factor of a given image.

The optimisation is conducted within the same proxy framework used in E1, and the resulting
stratum weights are applied at full scale. The search is performed using the BO algorithm, with
the same surrogate model (multivariate TPE) and evaluation budget (20 evaluations).

The choice of BO follows from the results of E1, which indicate that BO finds configurations
that transfer more faithfully to full scale on the validation set, against which the proxy is optimised,
in all three seeds (Section [5.1.2). Since E2 is itself a transfer study evaluated against the same
validation signal, BO is at least as suitable as ABOHB and directionally preferable, so running
both algorithms would double the search cost for a comparison E1 has already provided.
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Furthermore, holding the algorithm, surrogate, search budget, and sampling mechanism
identical to E1 ensures that the proxy calibration ratio can be compared fairly across the two
parameter spaces, isolating the effect of the parameter space itself from differences in the search
procedure.

A note on the choice of objective is warranted. The search variables in E2 are the nine per-
stratum weights, but the objective the search maximises is aggregate validation mAP@50, the
same signal optimised in E1. The sub-type granularity therefore lies in the search variables
rather than in the objective: E2 asks whether adjusting the training composition at sub-type level
improves overall detection performance, not whether performance can be traded between classes.

Optimising the aggregate is dictated by two requirements. First, it matches the definition
of detection performance used throughout the thesis, so that SQ2a is answered on the same
terms as SQ1la. Second, and more consequentially, the cross-space calibration comparison (SQ1b)
requires E1 and E2 to optimise an identical signal; a per-class objective in E2 would confound the
comparison of calibration ratios with a difference in objective.

This choice carries a structural limitation at sub-type granularity. As the unweighted mean of
the per-class scores, an aggregate objective cannot register a compositional change that improves
one class at another’s expense: an equal gain and loss across two classes leave the mean unmoved.
The objective is, in this specific sense, blind to trades between sub-types even though the search
acts at sub-type level. This is a property of the aggregate objective and is noted here as a known
limitation of the design.

The remainder of this section develops the stratification design, the resampling mechanism,
and the search space in turn, before specifying the experimental conditions.

4.7.2 Stratification Design

The dataset audit identified substantial imbalance at the sub-type level defined by damage type
and size class, while imbalance at the training-label level remained mild. A natural starting point
is therefore the full cross-product of these two dimensions, yielding twenty positive audit cells
and a negative group, for twenty-one BO search dimensions in total.

However, there are three problems with this approach.

First, the literature reports that BO generally performs well for a search space of only 10-20
parameters (Moriconi, Deisenroth and Sesh Kumar, 2020). Second, although TPE is more tract-
able than Gaussian-process-based BO in high-dimensional configuration spaces, this advantage
is algorithmic rather than informational: fitting any surrogate that meaningfully concentrates
density on promising regions requires sufficient observations relative to dimensionality (Hutter,
Kotthoff and Vanschoren, 2019). Under the search budget of twenty evaluations adopted here
for parity with E1, a search over twenty-one parameters operates at one observation per dimen-
sion, at which point surrogate-guided search degenerates toward random sampling (Moriconi,
Deisenroth and Sesh Kumar, [2020; Hutter, Kotthoff and Vanschoren, [2019).

A third consideration concerns the per-cell signal that BO can learn from. Each weight
controls the representation of a cell’s ROIs in the training distribution, which in turn determines
how strongly the gradient updates of the model are pulled by examples from that cell. For BO
to learn whether a cell benefits from up- or down-weighting, varying its weight must produce a
proxy mAP differential that exceeds the noise floor of a single training run. While duplication
of frames does shape the model’s decision boundary by rebalancing gradient exposure (the
standard mechanism by which oversampling addresses class imbalance in CNNs, Buda, Maki
and Mazurowski, |2018), the magnitude of this effect is bounded by the visual diversity of the
cell: beyond a certain duplication count, the model has fit what the available frames can teach,
and further upweighting produces diminishing marginal effect on validation performance. Cells
with few unique frames therefore produce little mAP variation across the weight range: the
model exhausts what the few available images can teach, and additional upweighting reinforces
memorisation (overfitting) rather than learning, leaving BO without a usable signal.

Table {4.6| reports the number of unique frames per audit cell at proxy scale, defined as the
number of distinct images containing at least one ROI from that cell. Frame count is the relevant
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unit because sampling operates on frames rather than individual ROIs. The ROIs-per-frame
column confirms that the two possible units of account do not conflict: with the ratio close to one
in nearly all cells (the exception, dent 0-2 cm at 2.42, is not a sparse cell under either count and
is not a merge candidate), ranking cells by frames and by ROIs gives the same ordering, so the
sparsity identified below is not an artefact of counting frames rather than annotations. Two cells
are empty (dent zone, 0-2cm and dent zone, 2-5cm), and five further cells contain fewer than
100 unique frames. For these cells the diversity ceiling is reached quickly: pushing their weights
high in the search would lead the model to overfit on the small set of available frames rather than
learn anything new, and BO has no reliable mAP signal to distinguish good weight values from
bad ones across the range.

Table 4.6: Frame and ROI diversity per audit cell for the proxy dataset. Unique frames refers to
the number of frames that contain at least one ROI from the given cell. Frames containing ROIs
from multiple cells are counted in each, so the column does not sum to the training-set frame
total.

Audit cell Unique frames Total ROIs ROlIs / frame
dent zone, 0-2 cm 0 0 -
dent zone, 2-5 cm 0 0 -
scratch zone, 0-2 cm 19 20 1.05
dent zone, 5-10 cm 28 28 1.00
dent zone, 10-30 cm 47 48 1.02
dent zone, 30+ cm 49 57 1.16
dent, 30+ cm 75 77 1.03
scratch zone, 2-5 cm 155 184 1.19
scratch, 30+ cm 168 180 1.07
scratch, 0-2 cm 169 239 1.41
dent, 0-2 cm 204 493 2.42
dent, 10-30 cm 207 220 1.06
scratch zone, 30+ cm 284 308 1.08
scratch zone, 5-10 cm 286 344 1.20
scratch zone, 10-30 cm 445 518 1.16
dent, 5-10 cm 490 542 1.11
scratch, 2-5 cm 532 613 1.15
scratch, 5-10 cm 548 629 1.15
scratch, 10-30 cm 566 650 1.15
dent, 2-5 cm 932 1,327 1.42

Dent zone exhibits low frame diversity at all size classes, with two cells empty and the
remaining three below 50 unique frames. Scratch zone shows a related pattern at 0-2 cm: only 19
unique frames, consistent with the structural property that zone-level annotations apply to larger
affected regions rather than point damage.

Asaresult, it makes sense to merge these cells into others to increase the pool of frame diversity.
Alongside this, to bring the overall number of groups down, the size classes are reduced to small,
medium, and large. The twenty audit cells are thereby pooled into nine strata, shown in Table

Within damage types, the audit’s five size classes are collapsed to three: small (0-2cm),
medium (2-10 cm, combining 2-5cm and 5-10 cm), and large (10+cm, combining 10-30 cm and
30+ cm). The breakpoints reflect the size distribution observed in the audit: training mass for both
dent and scratch concentrates in the 2-10 cm range and tails off above 10 cm, so the medium and
large bins correspond to modal and tail behaviour respectively. The 0-2 cm range is preserved as
its own bin. Scratch zone retains two size bins rather than three, since its 0-2 cm cell has too little
diversity to stand on its own as a small class.

Note that the formed size bins (small, medium, large) are defined by deterministic aggregation
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Table 4.7: E2 stratum definitions with frame diversity at proxy scale.

Stratum Definition Unique frames Total ROIs ROls / frame
scratch small scratch, 0-2 cm 169 239 1.41
dent small dent U dent zone, 0-2 cm 204 493 2.42
dent large dent U dent zone, 10+ cm 324 402 1.24
scratch zone medium  scratch zone, 2-10 cm 414 548 1.32
scratch zone large scratch zone, 10+ cm 700 826 1.18
scratch large scratch, 10+ cm 712 830 1.17
scratch medium scratch, 2-10 cm 989 1,242 1.26
dent medium dent U dent zone, 2-10 cm 1,333 1,897 1.42
negative frames with no ROIs 1,247 0 -

of the audit’s cm-based size classes and are unrelated to the legacy small/medium /large annotator
labels excluded in the audit (Section [3). Those legacy labels were dropped because their cm
mapping was inconsistent across annotator sessions.

Each stratum in Table |4.7| receives a weight in the search space that dictates its presence in
the training distribution. The optimised weights enter the multinomial resampling procedure
described in Section[4.7.3]

Finally, for the nine defined strata, the search budget of twenty evaluations, adopted for parity
with E1, operates at roughly two observations per dimension. This is deliberately modest. The
budget is not chosen to guarantee convergence but to hold the search procedure identical to
E1, without which the cross-space calibration comparison (5Q1b) would be confounded, and to
remain within the production-feasible regime that motivates the proxy framework in the first
place.

4.7.3 Sampling Mechanism

Following the stratum definition, the sampling mechanism translates a proposed weight vector
into a resampled training set in which each stratum is represented in accordance with its assigned
weight. A structural feature of the mechanism is that strata are defined at the ROI level, while
the sampling operates at the frame level: YOLO trains on complete images and all ROIs in a
frame are presented to the model together, so it is frames that are drawn from the training set, not
individual ROIs. This level mismatch shapes two design choices, both of which adapt the image-
level resampling of RFS (Gupta, Dollar and Girshick, 2019): a multinomial-to-fixed-N draw in
place of stochastic rounding, and mean aggregation across a frame’s ROlIs in place of maximum
aggregation. Each is developed below.

Multinomial-to-fixed-N sampling

The sampling scheme must produce a training set of exactly N frames, where N is the size of the
original training set. This is required because the central comparison in E2 isolates the effect of
compositional change; if the resampled set size varied with the weight vector, observed differences
would conflate composition with training-set size. The mechanism must also operate identically
at proxy scale and full scale, with only N differing, so that the proxy-to-full transfer measurement
is not confounded by mechanism-induced variation.

A given frame i is assigned a probability

w ;
pi = frame; ) (4.3)

M
Z]‘:1 wframej

where Weame, is derived from the ROI stratum weights via the aggregation rule below, and M
is the number of frames in the original training set. The resampled training set is then constructed
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by drawing

(c1,...,cm) ~Multinomial(N; p1, ..., pm), (4.4)

where ¢; is the number of times frame i appears in the resampled set. By construction }}; c; = N
regardless of the weights.

This differs from RFS, which produces a per-epoch training list whose size fluctuates around
its expectation due to Bernoulli rounding of fractional repeat factors. The long-tailed dataset for
which RFS was developed, LVIS, did not require exact dataset-size control. For this investigation,
isolating composition from quantity is essential.

A known consequence of with-replacement sampling under uniform weights is that the res-
ampled set is a bootstrap of the original rather than the original itself. For uniform p; = 1/M
and N = M, the count c; for each frame is approximately Poisson(1l) distributed for large M
(Novak, |[2019), giving P(c; = 0) = ¢! and therefore 1 — e~ ~ 63% of frames receiving at least one
draw. This bootstrap effect is a property of with-replacement sampling and is constant across any
condition that uses the multinomial mechanism, regardless of the weight vector chosen.

Frame-to-weight aggregation

Strata are defined at the ROI level but sampling operates at the frame level, so the stratum weights
must be aggregated to produce a single Werame,; per frame. For a positive frame containing ROIs
in strata sy, . . ., sy with weights wy,, ..., ws,:

Wframe; = 2 (4.5)

—_
lygle
5

=

For a negative frame, Wiame; = Wnegative-

RFS uses maximum aggregation, where a frame inherits the repeat factor of its rarest class.
This fits the LVIS setting, where the primary axis of imbalance is rare-versus-common (Gupta,
Dollar and Girshick, 2019). For this investigation the axis of optimisation is different: the strata
partition damage sub-types and size classes, and their relative importance is what BO is searching
over rather than a quantity known a priori. Maximum aggregation would commit to a rarest-wins
structure that conflicts with the search; mean aggregation is neutral on the ordering and lets BO
discover the proportional structure directly.

The empirical viability of mean aggregation rests on most frames containing ROIs from a single
stratum, in which case the aggregation rule is the identity. For the proxy dataset, 76.6% of frames
contain ROIs from just one stratum, and for the full training dataset this is 78.4%. Pure-stratum
frames therefore dominate at both scales, and their proportions align within 1.8 percentage points
between proxy and full. As a result, for most of the dataset the probability of drawing a frame is
directly proportional to the weight of the stratum of its ROIs, limiting the dilution effect.

It should be noted, however, that a structural limitation of frame-level resampling for object
detection is that ROI-level composition cannot be controlled exactly through frame-level weights
when frames are mixed.

4.7.4 Search Space

The search space comprises one weight per stratum, sampled independently from a log-uniform
distribution over [0.2,5.0]. Three considerations motivate this parameterisation.

First, per-frame weights are normalised to a probability distribution before the multinomial
draw (see Equation [4.3), so the sampling distribution depends on the relative weights between
frames rather than their absolute values: scaling all weights by a constant factor leaves every
frame’s sampling probability unchanged. The compositional effect of a weight change is therefore
multiplicative rather than additive. Doubling a stratum’s weight from 1.0 to 2.0 changes the
resampled distribution by the same proportion as doubling it from 2.0 to 4.0, since both moves
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double that stratum’s weight relative to the rest. Log-uniform sampling aligns the search geometry
with this multiplicative structure, ensuring that TPE’s density estimates are calibrated to equal
proportional changes in the sampling distribution rather than to equal absolute changes in weight
values. A consequence of this parameterisation is that the neutral weight w = 1, at which the
multinomial reproduces the bootstrapped natural data distribution (Section[4.7.3), sits at the log-
midpoint of the chosen range, with up- and down-weighting explored at equal sampling density
on either side.

Second, the bounds permit meaningful redistribution of the training distribution without
allowing any stratum to approach degeneracy. The range spans a 5x departure from the neutral
weight in either direction, which is expected to be sufficient to produce substantial shifts in stratum
representation while ensuring that no stratum can reach zero or dominate the resampled set
within the chosen bounds. The realised compositional shifts under the frame-mean aggregation
mechanism are smaller in magnitude than the nominal 5x factor, as mean aggregation across
mixed-stratum frames dilutes the effect of any single stratum’s weight.

Third, the bounds comfortably cover the weight range produced by the principled heur-
istic baseline used in Condition B (Section [4.7.5), which yields normalised weights in the range
[0.56,1.73] across the nine strata. Placing this heuristic point well within the interior of the search
space leaves BO room to explore weight configurations substantially more aggressive than the
heuristic in either direction.

4.7.5 Experimental Design

To test the effect of data composition optimisation and assess transfer under the proxy framework,
the experimental design isolates three distinct effects: the cost of the multinomial resampling
mechanism, the compositional benefit of non-uniform stratum rebalancing, and the additional
value of BO-optimised weights over a heuristic. A naive comparison between an unmanipulated
baseline and BO-optimised weights would conflate all three. The four conditions described
below decompose them through pairwise comparisons in which each comparison holds all other
mechanisms constant. The full experimental setup is summarised in Table

Table 4.8: E2 experimental conditions. All proxy runs use the proxy configuration defined in
Section all full retrains use the configuration in Section Training hyperparameters are
locked to the E1 BO-best configuration throughout all phases.

Phase Model Condition Runs Notes

Search Proxy  BO weight search 3 20 evaluations per search seed
Train  Proxy Condition A 3 Reused from E1 (BO-best)
Train  Proxy Condition A’ 3 Independent seeds
Train  Proxy Condition C 3 Independent seeds
Train  Full Condition A 3 Reused from E1 (BO-best)
Train  Full Condition A’ 3 Independent seeds
Train  Full Condition B 3 Independent seeds
Train  Full Condition C 3 Independent seeds

Condition A: Natural Baseline

Condition A uses the natural training distribution, without any resampling mechanism, and the
BO-best training hyperparameters from E1. Since the same experiment was conducted in E1, the
existing retrains are reused here for comparison. Condition A therefore serves as the reference
against which both the bootstrap effect of the resampling mechanism (isolated by Condition A”")
and the compositional effects of rebalancing (Conditions B and C) are measured.
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Condition A’: Uniform Multinomial Baseline

Condition A’ isolates the cost of the multinomial-with-replacement mechanism independent
of any rebalancing. The multinomial resampling is applied with all nine stratum weights set
to 1.0. Under frame-mean aggregation, every frame therefore receives a frame weight of 1.0,
and the multinomial draws frames uniformly from the training set. Under this uniform draw,
approximately 37% of unique frames are absent from any given draw, with the remaining 63%
appearing with duplication. Condition A’ measures the performance cost this reduction in
effective unique-frame diversity introduces, independent of any compositional change.

Condition B: Square-Root Inverse-Frequency Baseline

Condition B introduces a non-uniform baseline against which BO-optimised weights are com-
pared. The heuristic applies inverse-frequency rebalancing to the stratum weights: for each
positive stratum s, the weight is set to ws = 1/+/ns, where n; is the ROI count for that stratum at
full scale; for the negative stratum, 5 is the frame count. Weights are normalised so the mean
across the nine strata equals one. The resulting normalised weights span [0.56, 1.73], with smaller
strata up-weighted and larger strata down-weighted relative to the neutral value of 1.

Under the multinomial sampling mechanism (Section [4.7.3), each frame is drawn with prob-
ability proportional to its frame weight (Equation [4.3). The expected fraction of the resampled
training set originating from stratum s is the sum of these frame probabilities across all frames
containing an ROI from s. For frames containing ROIs from only one stratum, the contribution
depends solely on wjs; for mixed-stratum frames the contribution is diluted, as the frame weight
averages w; with the weights of other strata present in the frame. Under the simplifying assump-
tion of pure-stratum frames, which holds for 76.6% of positive frames at proxy scale (Sectionf4.7.2),
the expected proportion of stratum s in the resampled training set is approximately:
wWs - Mg

S) R /.
He) Xjwj-n;

(4.6)

Substituting ws = 1/4/ns reduces this to square-root sampling (Mahajan et al.,[2018):

p(s) ~ ﬂ A7)
X\
Square-root sampling is the standard moderate rebalancing strategy in the long-tail object detec-
tion literature, used to dampen the bias induced by heavy-tailed class distributions without fully
equalising class representation (Mahajan et al., 2018). The weight form is used here in preference
to specifying probabilities directly because it matches the parameterisation of the BO search space,
allowing Condition B to be expressed as a specific point in that search space.
Condition B therefore applies a non-uniform rebalancing strategy grounded in the class-
balancing literature, providing a reference point against which the methodological proposition
of Condition C can be tested.

Condition C: BO-Optimised Weights

Condition C is the condition in which the stratum weights are optimised by BO over the search
space described in Section The BO search runs at proxy scale, and the resulting BO-best
weights from all three proxy searches are then applied at full scale for the retrain.

The proxy calibration ratio p for E2 is computed against Condition A’ as the denominator
baseline. The A’-anchored ratio isolates the transfer effect of compositional optimisation by
holding the resampling mechanism constant in both numerator and denominator.

Attribution Decomposition

The four conditions enable a pairwise attribution decomposition in which each comparison isol-
ates a single mechanism, summarised in Table
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Table 4.9: Pairwise comparisons enabled by the four-condition design. Each comparison isolates
one mechanism by holding all others constant.

Comparison Measures

A—A Bootstrap cost of multinomial mechanism
A’"—B Compositional benefit of heuristic rebalancing
A"—>C Compositional benefit of BO optimisation
B—C Value of automated search over heuristic
A—C Total operational benefit

Variance Protocol

Three retrain seeds (42, 43, 44) are used per condition, matched across conditions to enable paired
analysis, consistent with the variance protocol used in E1. Each seed jointly randomises weight
initialisation, data ordering, augmentation sampling, gradient noise, and (for A’, B, and C) the
multinomial draw, following the joint-randomisation protocol of Bouthillier et al. (2021).
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Results

This chapter describes the results of the experimental procedure outlined in ChaptSection
reports results from the training-hyperparameter HPO procedure. Subsection examines
whether HPO in the proxy model produces configurations that improve full-scale performance,
and reports the calibration ratio that formalises the transfer effect. Subsection[5.1.2]then analyses
whether the choice of HPO algorithm (BO vs ABOHB) affects the strength of that transfer.

Section [5.2| reports the results from the data composition optimisation. The first subsection,
analyses the performance of the proposed procedure against the ablation baselines, while
the second subsection, compares the calibration ratio of the two experimental studies.

5.1 Experimental Study 1 (E1)

5.1.1 Effect of proxy-guided HPO on full-scale performance (SQ1A)

Figure shows the mAP@50:95 performance of the full-scale model across three hyperpara-
meter configurations. The baseline configuration corresponds to the untuned hyperparameters;
BO-best and ABOHB-best correspond to the best configurations found by the BO and ABOHB
search procedures respectively. Full per-seed values are given in Table

The BO and ABOHB configurations exceed the baseline performance for all three seeds.
The configurations resulting from HPO performed on the proxy model therefore led to better
performance of the full-scale model on the test set in absolute terms. However, to attribute
this improvement specifically to the proxy-constrained HPO pipeline, we must account for the
confounding variables that separate Figure from the search setting. The full retrain on test
differs from the proxy search along three dimensions simultaneously: model scale, evaluation
metric, and evaluation set. We isolate each in turn using Figures

Figure[5.1a|displays the proxy model’s mAP@50 on the validation set. Full per-seed values are
given in T This mimics the setting in which configurations were evaluated and ranked
during HPO. Note that the proxy mAP@50 values shown here are slightly below those reported
in Table because the latter reflects search-phase evaluation at the fixed training seed used
during HPO (seed 0), while the former are retrains with seeds 42, 43, and 44 used for the variance
analysis. Figure 5.1b|shows the full model’s mAP@50 on the validation set; since the metric and
evaluation set match those of Figure the difference between these two figures isolates the
effect of model scale.

In the proxy model, the HPO process produces better mAP@50 across all three seeds for both
BO and ABOHB. In the full model, this effect is dampened. The BO configuration outperforms
the baseline in all three seeds, but the ABOHB configuration’s performance range overlaps with
the baseline.

Turning to Figure the same full model is evaluated on the validation set but with the
stricter mAP@50:95 metric. Comparing this to Figure isolates the metric effect. Absolute
values drop substantially, as expected: mAP@50:95 averages AP across multiple IoU thresholds
from 0.5 to 0.95 in steps of 0.05, with the strictest threshold requiring near-perfect overlap between
predicted and ground-truth bounding boxes. The metric incorporates localisation precision in
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Figure 5.1: Overview of confounding effects between the HPO signal (proxy mAP@50) on the
validation set and the performance measurement on test at mAP@50:95. Three retrain seeds per

condition; horizontal bars indicate the seed mean.
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addition to coarse detection capability. The general ordering of configurations is preserved, with
the BO and ABOHB tuned configurations producing visibly higher mAP@50:95 than the baseline.
The proportional rise from baseline to HPO configurations across both mAP@50 and mAP@50:95
implies that the HPO gain is not confined to coarse detection but includes localisation precision
as well.

Finally, returning to Figure the metric and scale are unchanged from Figure only
the evaluation set differs. Two observations stand out. First, all absolute mAP@50:95 values are
higher on the test set than on the validation set. Second, the relative ordering across configurations
differs: the gap between BO and ABOHB visible on validation collapses on test, with the two
methods producing nearly identical mAP@50:95.

The higher aggregate performance on test may reflect higher within-class AP on test, con-
centrated in the dent class: at baseline, test dent mAP@50:95 is roughly double its validation
counterpart, whereas the scratch class differs far less between the two sets. This within-class
gap is examined in the per-class analysis below. To separate the two classes, we reproduce the
four-panel analysis for scratch and dent individually.

scratch_mAP50 — proxy model, validation set scratch_mAP50 — full model, validation set
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Figure 5.2: Overview of confounding effects between the HPO signal (proxy mAP@50) on the
validation set and the performance measurement on test at mAP@50:95 for the scratch class.
Three retrain seeds per condition; horizontal bars indicate the seed mean.

Comparing Figures and[5.3] the four-panel pattern for scratch closely tracks that of the
aggregate, while dent deviates considerably. The similarity between aggregate and scratch arises
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Figure 5.3: Overview of confounding effects between the HPO signal (proxy mAP@50) on the
validation set and the performance measurement on test at mAP@50:95 for the dent class. Three
retrain seeds per condition; horizontal bars indicate the seed mean.
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because the aggregate mAP is the unweighted mean of the two per-class APs, and the scratch
class contributes substantially larger gains in absolute terms than dent. Following the line of
argumentation above, configurations found on the proxy model therefore transfer well to the full
model for the scratch class.

For dent, the picture is more complex. On the proxy model, both BO and ABOHB improve over
baseline. On the full model with mAP@50 on validation (Figure [5.3b), the HPO configurations
overlap with the baseline: only the BO mean is higher than baseline, while the ABOHB mean is
lower. The mAP@50:95 panel on the full model (Figure shows the ABOHB configuration
falling clearly below baseline, suggesting that the HPO gain for dent did not extend to localisation
precision. On the test set, however, both HPO configurations again beat the baseline.

This pattern indicates that the transfer of HPO-selected configurations is limited and validation-
specific for the dent class, while transferring more cleanly for scratch. The recovery of dent per-
formance on test points to within-class distributional differences between validation and test as
the operative mechanism. As established in the data audit, 33.9% of validation dent ROIs fall in
the 2-5 cm modal size and 20.4% in the 10-30 cm tail, against 45.6% and 11.2% in test. The training
set is also concentrated in the modal sizes (35.4% in 2-5 cm, only 9.6% in 30+ cm). A model trained
heavily on the modal size band evaluates better on a test set that mirrors this concentration than
on a validation set that places more weight on the size tail.

Quantifying transfer with the calibration ratio

To quantify the transfer effect described above, we compute the calibration ratio p, defined as the
per-seed ratio of full-retrain gain to proxy-retrain gain over the baseline on validation mAP@50.

Table 5.1: Proxy-to-full calibration ratio p on the validation set, computed as the per-seed ratio of
full-retrain to proxy-retrain mAP@50 gain over baseline.

BO ABOHB
Class Mean p 95% CI Mean p 95% CI
Aggregate  1.026 [0.492, 1.519] 0.491 [0.382, 0.680]
Scratch 1.954 [0.938,2.731] 0.885 [0.684, 1.000]
Dent 0.146  [-0.063,0.500] —0.585 [-1.750, 0.366]

Table [5.1) shows the calibration values across class type and algorithm choice. The p values
are the mean of three matched-seed ratios with 95% percentile bootstrap confidence intervals
(10,000 resamples). Per-seed p values are given in Appendix Table|A.7} Section [4.2.4/outlines the
interpretation of p’s value.

Figure|5.4|visualises the results shown in Table Several observations can be made. First,
both at aggregate level and for the scratch class, p > 0, indicating that the effect transfers in
the same direction at full scale. However, particularly for BO, the confidence intervals are very
wide, so the magnitude of the transfer effect cannot be read from them. At aggregate level, for
example, the interval for BO, [0.492, 1.519], spans from the proxy overstating the gain to the
proxy understating it. Across the three seeds, the per-seed aggregate p for BO spans 0.492 to
1.519 (Appendix Table[A.7), and this dispersion is the source of the wide bootstrap interval. The
dispersion arises from the ratio structure of p: each per-seed value divides a small full-retrain
gain by a small proxy gain, so modest seed-to-seed variation in either term produces large swings
in the ratio. In this case, the variation is a property of the full-retrain gains rather than of the
proxy signal, which is comparatively stable across seeds (Figure[5.1a).

For dent, p spans negative and near-zero values across both algorithms, indicating transfer
that is at best weak and, for ABOHB, directionally reversed. Since the aggregate is the unweighted
mean of the two per-class ratios and the scratch class carries the larger, positively-transferring
gain, the aggregate transfer effect is primarily scratch-driven.

44 Proxy-constrained Bayesian Hyperparameter and Data Composition Optimisation for
Automated Vehicle Damage Detection



CHAPTERS5. RESULTS

Calibration ratio p with bootstrap 95% Cl across class types

Validation
37 B @ BO
O ABOHB
2 A @
1 +— --
v |
s |- @ T
=5 0 !
(|
_1 -
_2 -
T T T
aggregate scratch dent
Class

Figure 5.4: Calibration ratio across classes for BO and ABOHB, with 95% bootstrap confidence
intervals.

Taken together, the proxy-guided HPO produces configurations whose absolute test-set per-
formance exceeds the baseline in all three seeds, with the scratch class driving most of the
aggregate gain. The transfer is class-asymmetric: scratch transfers faithfully, while dent trans-
fer is unreliable on validation and recovers on test, an asymmetry traced to within-class size-
distribution differences. The calibration ratio framework formalises these observations but has
limited precision at n = 3 due to baseline-driven full-retrain stochasticity. We now turn to the
question of whether the choice of HPO algorithm affects the strength of transfer.

5.1.2 Effect of HPO algorithm choice on proxy-to-full transfer fidelity (SQ1B)

To compare BO and ABOHB with respect to transfer fidelity, we consult the seed-level p values in
Appendix Table For all three seeds, pso > papons at the aggregate level (1.067 vs 0.412,1.519
vs 0.680, 0.492 vs 0.382). The within-seed paired differences are 0.656, 0.839, and 0.110, which are
all positive. This is a robust directional finding: the marginal confidence intervals on pgo and
pABoHB overlap at aggregate level, but because both ratios are computed against the same baseline
run within each seed, the baseline variability of the full retrain on validation, which dominates
the absolute estimates, shifts both ratios jointly and largely cancels in the paired difference. The
cross-method comparison is therefore more robust than either absolute level. We conclude that,
on the validation distribution, BO produces a stronger proxy-to-full transfer effect than ABOHB
in all three seeds.

This finding is initially surprising, because ABOHB found a configuration with higher absolute
proxy performance during the search itself, as shown in Table[5.2] The same ordering holds in the
proxy retrain for aggregate and scratch (Figures 5.2a). The ABOHB configuration produces
higher proxy mAP@50 across 2/3 seeds for the aggregate and 3/3 seeds for the scratch class. Yet
on the full model, the ordering reverses for aggregate validation mAP@50 (Figure and the
gap collapses entirely on test mAP@50:95 (Figure[5.1d).

An interesting note on the best-found configurations by both algorithms relates to the value
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Table 5.2: Best-found hyperparameter configurations from the BO and ABOHB proxy searches,
compared to the untuned baseline.

Hyperparameter Untuned default BO-best ABOHB-best
1r0 1.000x1073  2.038x107* 4.214x107*
Momentum 0.9370 0.9542 0.9496
Weight decay 5.000 x 1074 7.582x 107  3.596 x 1073
Warmup epochs 3 0 0
mAP@50 during search - 0.162 0.167

of the learning rate. Both selected learning rates (2.038 x 10~* for BO, 4.214 x 10~* for ABOHB)
sit above the 107 single-axis optimum suggested by the learning-rate sweep (Section .
The sweep varied the learning rate in isolation, with momentum, weight decay, and warmup
at their defaults, and so identifies the best learning rate for that fixed configuration. The search
instead moved all four parameters jointly: both configurations raised momentum, set warmup
to zero, and (for ABOHB) substantially increased weight decay. Because these parameters jointly
determine the effective optimisation dynamics, the learning rate that is optimal once they have
all moved need not match the one that is optimal with them held at their defaults.

To examine why ABOHB obtains higher proxy performance, we plot the per-search trajectories

in Figure
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Figure 5.5: Performance across the search trajectory for BO and ABOHB across three seeds. The
bold line represents the average, and the shaded band indicates the standard deviation.

Figure[5.5/shows the maximum-so-far (Figure|[5.5b) and last-reported (Figure validation
mAP@50 over cumulative HPO iterations. Across the three search seeds, ABOHB on average finds
a configuration with higher proxy mAP@50 than BO, and its last-reported trajectory rises more
steadily. The smoother ABOHB trajectory reflects the pruner: configurations that ABOHB judges
as unpromising are stopped early, so the last-reported values only include trials that survived to
higher fidelity. BO has no such pruning step, and every trial’s last-reported value contributes to
the trajectory regardless of how well it performed.

The ability of ABOHB to evaluate more configurations within the same compute budget
makes it more likely to find a configuration with an upward-biased proxy mAP@50: with more
evaluations on the same noisy validation signal, the best-of-set is more strongly inflated by lucky
noise rather than by systematic improvement. This is the selection-bias phenomenon discussed
for hyperparameter selection in Cawley and Talbot (2010), sometimes called the winner’s curse in
HPO. The transferable component of the proxy gain survives to full retrain; the noise component
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does not. The ABOHB configuration therefore has a higher proxy mAP@50 but a lower transfer
ratio, while the more conservative BO search arrives at a configuration whose proxy gain is more
representative of its full-retrain gain.

Looking at the absolute per-seed metrics on the full model rather than p, the picture is
consistent at the aggregate level: BO outperforms ABOHB on validation full mAP@50 in 3/3
seeds (Appendix Table [A.4). On test mAP@50:95, the gap between methods is marginal: BO
outperforms ABOHB at the aggregate in 2/3 seeds, on scratch in 2/3 seeds, and on dent in 1/3
seeds. The BO transfer advantage observed on validation therefore does not extend cleanly to test.
This is consistent with the validation/test distributional differences documented in Section[5.1.1}
which suppress most of the BO-vs-ABOHB difference once the evaluation set shifts.

In summary, ABOHB finds configurations with higher proxy mAP@50 than BO, but the BO
configurations transfer more faithfully to full scale on the validation distribution. The mechanism
is consistent with a selection-bias effect: the broader search of ABOHB produces noisier maxima
whose proxy values overstate the transferable improvement. On test, this advantage is no longer
detectable, and the two methods produce broadly comparable absolute performance. Atn =3
search seeds and n = 3 retrain seeds, this is a directionally consistent rather than statistically
significant finding, and a larger sample size would be required to formally characterise the BO-
vs-ABOHB calibration gap.
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5.2 Experimental Study 2 (E2)

The following section reports results from the data composition optimisation pipeline. Sub-
section examines whether Bayesian-optimised sub-type sampling weights (Condition C)
improve full-scale performance over the no-resampling baseline (Condition A) and the uniform-
weight resampling baseline (Condition A’), and decomposes the observed effects across the
four-condition ablation (Conditions A, A’, B, C). Subsection [5.2.2|then reports the proxy calibra-
tion ratio for Condition C and compares it to the training-hyperparameter calibration ratios from

Section

5.2.1 PerformanceImprovementwith Data Composition Optimisation (SQ2A)

The four experimental conditions (A: no resampling; A’: uniform-weight multinomial res-
ampling; B: square-root inverse-frequency heuristic; C: BO-optimised weights) are described
in Section All four conditions inherit the E1 BO-best training hyperparameters as a fixed
backbone, so any performance difference between conditions is attributable to data composition
alone.

Figure |5.6| presents the four-panel breakdown established in Section proxy validation
mAP@50, full validation mAP@50, full validation mAP@50:95, and full test mAP@50:95. Full
numerical results are given in Appendix Tables and

On the test-set headline metric (Figure 5.6d), the mean ordering is A (0.215) > B (0.200) > A’
(0.197) > C (0.194). Two observations follow. First, no resampled condition (A’, B, C) improves
over the no-resampling baseline A. Second, Condition C does not improve over Condition B or
over Condition A’ on aggregate test performance; C is the worst condition in all four panels. The
same pattern holds on validation (Figures 5.6¢), with C consistently below A’ and B.

The A — A’ decline is itself informative: A’ shares its training-hyperparameter backbone and
its stratum composition with A (Figure[5.9), differing only in that its training set is a multinomial
bootstrap of A with roughly 37% of unique frames dropped in expectation. The A — A’ drop
of 0.018 on test mAP@50:95 therefore isolates the diversity cost of the multinomial resampling
mechanism itself, independently of any compositional shift. This mechanism cost is quantified
formally in the attribution decomposition below.

The per-class breakdown in Figures|5.7|and [5.8| reveals a class-asymmetric structure that the
aggregate obscures. On the test set (Figures @, Condition C is the worst condition for
scratch (mean mAP@50:95 0.151 vs. A at0.200) but the best condition for dent (mean 0.236 vs. A at
0.231). Cis the only condition that improves dent over the no-resampling baseline A. Condition B
shows the opposite pattern: B is second-best for scratch and worst for dent among the resampled
conditions.

Condition C’s aggregate deficit is driven entirely by its scratch performance degradation
(—0.049 against A); the dent gain is real but too small to compensate (+0.006). Conditions B and
C move dent and scratch in opposing directions, which points to their compositional structure as
the operative mechanism.

Data Composition

Figure 5.9|reports the realised training composition per stratum under the four conditions. Two
observations bear on the interpretation. First, Conditions A and A’ produce closely matched com-
positions across all nine strata, with per-stratum realised proportions of A’ within 0.5 percentage
points of A on every stratum. This confirms that the uniform-weight multinomial preserves
stratum composition in expectation, so the A — A’ performance drop cannot be attributed to
compositional change and is instead attributable to the diversity loss of the multinomial mech-
anism. Second, the across-seed standard deviations for A’, B, and C are small on every stratum
(Standard Deviation (SD) < 0.005 throughout), so within-condition multinomial variance is neg-
ligible relative to across-condition compositional differences.
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Figure 5.7: Four-panel breakdown for the scratch class, Conditions A, A’, B, C. Three retrain seeds
per condition; horizontal bars indicate the seed mean.
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Figure 5.8: Four-panel breakdown for the dent class, Conditions A, A’, B, C. Three retrain seeds
per condition; horizontal bars indicate the seed mean.
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Figure 5.9: Training data composition under the different conditions.
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Figure 5.10: Upweight factor of Conditions B and C compared to the multinomial sampling
baseline A’.

Figure makes the compositional strategies of Conditions B and C directly comparable
by normalising each realised proportion to the corresponding A’ value. Condition C amplifies
dent_mediumby a factor of 1.80 relative to A’, raising its share of the training set from 25.3% (A’) to
45.5% (C). At the same time, scratch_mediumfalls to 0.37x (from 16.8% to0 6.1%), scratch_large to
0.29x% (from 10.5% to 3.1%), and scratch_zone_medium to 0.43X (from 7.0% to 3.0%). Aggregated
to the training-label level, C shifts total dent mass from 35.0% (A’) to 54.5%, a 1.56xX increase,
and combined scratch-label mass from 48.1% to 27.2%, a 0.57x decrease. In effect, Condition C
amplifies the stratum that is already dominant in the training data and starves the majority-class
training signal.

Condition B moves in the opposite direction. Its heuristic, square-root inverse-frequency
weighting, upweights the rare strata: scratch_small by 1.85x, dent_large by 1.38%, and
scratch_zone_medium by 1.29%, while modestly downweighting dent_medium to 0.77x. B pro-
duces the classic textbook rebalancing pattern, whereas C produces its inverse.

The per-class performance pattern in Figures |5.7| and [5.8|is the direct image of these com-
positional shifts. Condition C’s expanded dent training mass corresponds to its dent gain, and
its reduced scratch training mass corresponds to its scratch loss. Condition B’s mild scratch up-
weighting corresponds to its scratch gain, and its dent downweighting corresponds to its dent
loss. The mechanism produces the intended compositional shift, and the composition controls
per-class performance in the expected direction; the compositional trade encoded in Condition C
is what proves net-harmful on aggregate.
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Attribution Decomposition

To quantify the isolated effect of each mechanism step, Figure decomposes the total produc-
tion difference A — C into its four constituent single-step contrasts, plus the intermediate B — C
comparison of BO-guided composition against the heuristic. Bootstrap 95% confidence intervals
(Confidence Intervals (ClIs)) are computed from the three seed-paired deltas per contrast, with
B = 10,000 percentile resamples.

C2 attribution decomposition — 95% bootstrap Cl (n=3 seeds, B=10,000)
full-retrain test mAP@50:95.

-0.026

0.018

Aggregate

-0.008

-0.006

1+0.003

-0.049

0.033

-0.033

Scratch

-0.017

+0.016

-0.004f

0.011

+0.009

+0.020

+0.006

A

-0.03 —-0.02 -0.01 0.00

A test mAP@50:95

0.01 —-0.04 —-0.02 0.00

A test MAP@50:95

0.02 -0.03 -0.02 -0.01 0.00 0.01 0.02 0.03

A test mAP@50:95

Figure 5.11: Attribution decomposition of test mAP@50:95 differences across Conditions A, A’, B,
C. Point estimates are seed means; horizontal bars are 95% bootstrap confidence intervals (n = 3
paired seeds, B = 10,000). Full numerical results in Appendix Table

The A — A’ contrast isolates the multinomial mechanism cost. On aggregate, the mean
delta is —0.018 with 95% CI [-0.028, —0.007], negative in 3 of 3 seeds. This is the largest single
negative contribution in the decomposition, and it is driven almost entirely by scratch (-0.033,
CI [-0.045, —0.013], 3/3 negative); the dent effect is small (—0.004, CI [-0.011, +0.001]) and not
seed-consistent. The multinomial diversity loss, which the mechanism design anticipated as a
small cost, is in practice substantial and asymmetric across classes.

The A’ — B contrast measures the effect of the heuristic reweighting relative to uniform
resampling. On aggregate, the mean is +0.003 with CI [-0.004, +0.012], with per-seed deltas of
+0.012, —0.004, and 0.000: no directional consistency across seeds. Hence, there is no aggregate
signal at n = 3. The scratch effect, in contrast, is directionally consistent and its values exceed
zero: a mean of +0.016, CI [+0.010, +0.023] and 3/3 seeds positive. The heuristic improves
scratch specifically, consistent with its upweighting of the rare scratch strata; the dent effect is
directionally negative (—0.011) with a CI that brackets zero.

The A’ — C contrast measures the effect of BO-optimised weights relative to uniform res-
ampling. On aggregate, the mean is —0.008 with CI [-0.013, —0.003], 3/3 seeds negative: BO-
guided composition performs worse than uniform resampling. The scratch loss is clear (—0.017,
CI[-0.034, —0.003], 3/3 negative); the dent gain is directional, but its CI just touches zero (+0.009,
CI [-0.001, +0.021]).

The B — C contrast measures whether the BO search outperforms the heuristic. On aggregate,
it does not: mean —0.006, CI [-0.013, —0.003], 3/3 seeds negative. The class-level pattern is again
opposing: scratch —0.033, CI [-0.044, —0.019], 3/3 negative; dent +0.020, CI [+0.012, +0.031], 3/3
positive. Condition C is a decisively better bet than Condition B for dent alone and a decisively
worse one for scratch and for the aggregate.

The A — C contrast reports the total production effect, that is, the outcome a deployment
would see if BO-optimised resampling replaced no resampling. On aggregate, the mean is —0.026
with CI [-0.031, —0.020], 3/3 seeds negative. The scratch component (—0.049, CI [-0.052, —0.045])
accounts for essentially the whole aggregate loss; the dent gain (+0.006, CI [+0.000, +0.010]) is at
best marginal in magnitude, and its CI clips zero at the lower bound.
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Taken together, the decomposition shows that (i) the multinomial mechanism carries a class-
asymmetric cost that is not neutral, (ii) the heuristic recovers some of that cost on scratch specific-
ally, and (iii) Condition C’s compositional optimisation produces a scratch-for-dent trade whose
net effect on the production distribution is a clear loss. In no aggregate step of the decomposition
does BO’s optimisation contribute a positive delta.
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5.2.2 Proxy-to-Full Transfer Fidelity for Data Optimisation and Training Hy-
perparameters (SQ2B)

To quantify the transfer effect for the data composition search, the proxy calibration ratio p is
computed for Condition C on validation mAP@50, with A’ as the baseline. As in Section
p is defined per seed as the ratio of full-retrain gain to proxy-retrain gain over the baseline and
reported as the mean of three matched-seed ratios with 95% percentile bootstrap Cls. A’ was
chosen as the Condition C baseline because it is the counterfactual the compositional search
improves upon: it retains the multinomial mechanism with uninformed weights, isolating the
effect of the search itself. This mirrors the role of the untuned defaults baseline in the first
contribution and preserves the calibration-of-optimisation interpretation for p.

Condition C is compared against Condition A, that is, the BO-tuned training hyperparameter
configuration from Section[5.1.1} The Condition A per-class p values reported below are identical
to those already reported in Table Per-seed Condition C ratios and per-seed paired differences
are reported in Appendix Tables and

Calibration ratio p with bootstrap 95% Cl across class types Calibration ratio p with bootstrap 95% Cl across dent and scratch
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(a) Aggregate and per class p for Conditions A and C. (b) Per-class p for Conditions A and C.

Figure 5.12: Proxy calibration ratio p for the training-hyperparameter search (Condition A, from
El) and the data composition search (Condition C, from E2), on validation mAP@50, with 95%
bootstrap CL

Table 5.3: Proxy-to-full calibration ratio p for the data composition search on validation mAP@50
(Condition C), and the within-seed paired difference against the training-hyperparameter search
(Condition A), Ap = pc — pa. Condition A marginal p values are given in Table Per-seed
values in Appendix Tables and "The aggregate p and Ap are not interpretable: the
aggregate proxy gain is near zero, so the ratio is degenerate (Section[4.2.4). The values are shown
for completeness only.

Condition C Ap =pc-pa
Damage Mean p 95% CI Mean Ap 95% CI
Aggregate’ —11.934 [-37.056,2.870] —12.960 [-37.548,1.803]
Scratch 1.492 [0.912,1.917] -0.462 [-1.819, 0.979]
Dent -0.420  [-1.400, 0.160] —-0.565 [-1.337, 0.160]

The aggregate mean p for Condition C is —11.934 with CI [-37.056, +2.870]. Because p is
computed per seed and then averaged, this value is not a single ratio but the mean of three: the
per-seed aggregate proxy gains are —0.0122, +0.0097, and +0.0006 (shown here to four decimals
to expose the near-zero third seed; elsewhere metrics are reported to three), and the near-zero
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denominator of the third seed alone yields a per-seed ratio of approximately —37 (see Appendix
Table[A.10). The three-seed mean p is therefore dominated by a single degenerate denominator
rather than describing a central tendency, which is why the bootstrap CI spans two orders of
magnitude and the value is not interpretable at this sample size.

Separately, the smallness of the aggregate proxy gain is itself informative. Averaged across
seeds the aggregate proxy delta is —0.001, arising from C’s scratch-for-dent trade producing
near-cancelling per-class effects (mean per-class proxy deltas of —0.031 scratch and +0.029 dent).
The objective BO optimised therefore carried little aggregate gradient over the region the search
explored. The aggregate p is reported as evidence of this flatness rather than as a calibration
measurement, and the analysis proceeds per class.

For scratch, pc = 1.492 with CI [0.912, 1.917]. The proxy-observed scratch degradation
transferred faithfully to full scale; p is positive but both deltas in the ratio are negative. The ratio
is comparable in magnitude to pa scratch (1.954, CI [0.938, 2.731]); the marginal Cls overlap and
do not distinguish the two at n = 3.

For dent, pc = —0.420 with CI [-1.400, +0.160]. The negative sign indicates that the full-scale
dent delta reversed sign relative to the proxy delta: the proxy-observed dent gain of +0.029 val
mAP@50 did not merely fail to transfer to full scale but produced a loss on the validation dent
class. This is a stronger form of transfer failure than the near-zero p4 dent value (0.146, CI[-0.063,
+0.500]), which reflected weak but same-signed transfer.

To leverage the seed pairing across the two conditions, the within-seed paired difference Ap; =
pc,s — PAs is computed per class. Because both ratios share the same training-hyperparameter
backbone at retrain time (all Condition C retrains inherit the C1 BO-best hyperparameters, which
are the very hyperparameters Condition A was optimised over) and are computed against retrains
with matched training seeds, seed-driven full-retrain variance shared between the two ratios
cancels in the paired difference. Per-seed values are reported in Appendix Table[A.12} For scratch,
the mean paired difference is Ap = —0.462 with CI [-1.819, +0.979], negative in 2 of 3 seeds; for
dent, Ap = —0.565 with CI [-1.337, +0.160], negative in 2 of 3 seeds. Both paired differences are
directionally negative, but their bootstrap Cls bracket zero at n = 3, so the pairing does not resolve
the marginal-CI overlap. The aggregate paired difference inherits the denominator degeneracy
of the marginal aggregate pc and is not interpretable.

Taken together, the paired analysis provides directional evidence that Condition C data-space
sampling weights transfer no more faithfully than Condition A training hyperparameters, and
for dent transfer less faithfully, but it does not distinguish the two at this sample size.

This section showed that BO selected a corner solution in the compositional search space
(dent_medium dominant, most scratch strata suppressed) whose per-class trade did not transfer
symmetrically, and whose aggregate proxy gain was too small to support an interpretable calib-
ration ratio. The p pattern in Table[5.3]is a direct consequence of that solution: a scratch loss that
transfers cleanly, a dent gain that reverses at full scale, and an aggregate ratio whose denominator
is within the noise floor and therefore not interpretable.
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Following the results, this chapter seeks to explain the noted observations, discuss limitations,
and identify opportunities for further research.

6.1 Interpretation of the findings and limitations

The aim of this thesis was to test the feasibility of proxy-constrained optimisation across two
parameter spaces and to quantify the extent of transfer through a newly designed metric, the
calibration ratio.

The proxy framework was motivated by the time bottleneck that constrains conventional HPO
in production settings. The extent to which this feasibility comes at the cost of outcome quality is
the central question the results address.

Overall, an aggregate improvement in test performance was observed when optimising the
training hyperparameters, Experiment 1 (E1), in the proxy setting, for both choices of optimisation
algorithm. In contrast, the data composition optimisation, Experiment 2 (E2), produced no
improvement in the test setting, neither over the unsampled baseline (Condition A) nor over the
sampling baseline (Condition A”).

For E1, the aggregate gain was primarily scratch-driven: scratch realised a larger performance
gain over baseline than dent. For E2 the opposite held; a disproportionate performance loss
for scratch dragged the across-class average down to an aggregate degradation relative to both
baselines, while dent improved only marginally.

In both cases an asymmetric class outcome is observed, indicating that the best configuration
from the proxy search converged to favour a single class. Since aggregate mAP@50 is the un-
weighted mean of the two per-class APs, this asymmetry is not a property of class proportion but
of the magnitude and sign of the per-class changes. The unifying mechanism was the pursuit of
marginal returns over a scratch-dominant training landscape. In E1, the configurations steered
toward accruing gains to the majority class that supplies most of the gradient signal, and because
that gain was additive, scratch improved without dent having to worsen, so the equal-weight
mean remained positive. In E2, the marginal proxy returns pointed toward the under-trained
dent stratum, but because fixed-N resampling makes composition zero-sum, the dent gain came at
the direct expense of scratch mass, and the equal-weight mean turned negative. This exposes the
central difficulty of optimising over an aggregate metric: it cannot distinguish a real, transferable
gain in one class from a zero-sum trade that cancels across classes.

This difficulty stands on its own, but its effect may have been exacerbated by the search budget
constraint. To respect the time-practicality motivation of this research, a search budget of 20
evaluations was adopted. However, the search trajectories for both parameter spaces (Figures
and show no definite signs of convergence. In both cases, and especially for E2 (Figure
the maximum reported performance is still climbing at the end of the search. This is consistent
with the default TPE configuration, in which the first 10 evaluations are random startup trials
used to establish an initial model of the search space (Akiba et al., 2019), meaning over half the
budget was spent on pure exploration before the surrogate engaged. While convergence was not
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the intention, the aim was to assess whether meaningful optimisation could be achieved within
the budget. The evidence suggests instead that the best solutions for both parameter spaces may
reflect chance rather than strategic optimisation over a meaningfully explored space.

Last Reported Performance (Exploration) Max Performance (Best Found So Far)
Metric: mAP50 Metric: mAP50
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(a) Last-reported mAP@50 performance for BO across (b) Maximum reported mAP@50 performance for BO
three search runs. across three search runs.

Figure 6.1: Performance across the search trajectory for the BO data composition optimisation
across three seeds. The bold line is the mean; the shaded band indicates the standard deviation.

That the non-convergence was more detrimental for E2 may be twofold. First, its parameter
space was more than twice the size of the E1 space (nine parameters versus four), while the
budget was identical. As the number of possible configurations grows, the budget should grow
correspondingly, and in particular should exceed the random-startup period by a sufficient margin
to allow the surrogate to explore the space. Second, E2 operated on the data indirectly, with
mean frame-weight aggregation diluting the intended per-stratum weight effect. Because the
dent_medium stratum already held the highest proportion in the training set, its amplification
most likely produced the strongest mAP differential per unit of weight, biasing the search toward
a corner solution that concentrated on that stratum.

A comparable effect appears in E1, where the higher-performing proxy configuration identified
by ABOHB was most likely the product of selection on noisy maxima rather than a systematically
superior configuration.

Calibration ratio

The calibration ratio was introduced to quantify the transfer effect across both parameter spaces
under the proxy framework.

The results indicate, however, that especially at the aggregate level firm conclusions were
difficult to draw because of high variability. This was exacerbated by small denominator (proxy
gain) values, as reported in Section Because p is a ratio of small differences of noisy
quantities, its variance is dominated by baseline full-retrain stochasticity and grows without
bound as the denominator approaches the noise floor.

At the per-class level the ratio was more informative. It identified more faithful transfer for
scratch in both parameter spaces, and, for dent, weak transfer in E1 and sign reversal in E2.

Scratch transferred more faithfully in both studies because it is the majority training class
(roughly 60% of training ROIs) and its representation is preserved across the proxy and full
scales; what the proxy learns about scratch detection therefore scales up predictably. The dent
failures, by contrast, are not the same failure. In E1, dent transfer is weak because of the validation-
specific size-distribution mismatch established in the data audit: validation dent carries a heavier
10 cm+ tail on which detection is poorer, so proxy dent gains do not translate cleanly to the
validation distribution. In E2, the dent gain was a corner-solution artefact selected against a
near-flat aggregate proxy objective, and it reversed at full scale. The shared observation, faithful
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scratch transfer, thus most likely has a single cause, while the dent failures appear to have distinct
causes across the two studies.

For the comparison of algorithms, per-seed differential pairing was used, which cancels the
shared baseline term. From this, transfer under BO was found to be directionally more faithful
than under ABOHB on the validation set, consistent with a winner’s-curse effect in which the
broader search of ABOHB inflates a noisy proxy maximum whose noise component does not
survive to full retrain. At n = 3, and with the effect not detectable on the test set, this is directional
evidence rather than established superiority.

Precisely characterising the fidelity of cheap search, however, requires many full retrains, as
the current high variance shows. Reducing that variance would require additional expensive
full retrains, so the cost of the calibration instrument scales with exactly the budget the proxy
framework was designed to avoid. This is a structural limitation of the calibration-ratio paradigm
rather than of its application here.

Mechanism bias

Finally, as anticipated, there was a cost associated with the bootstrap effect of the multinomial
sampling mechanism, which on its own accounted for a —0.018 change in test mAP@50:95. Buda,
Maki and Mazurowski (2018) found that oversampling does not cause overfitting in CNNs, but
that result rests on full data retention. Multinomial-to-fixed-N instead drops roughly 37% of
unique frames in expectation. At proxy scale this compounds: beginning from only 25% of
the original dataset, a further reduction to roughly 63% of unique frames leaves the model
training on approximately 16% of the full dataset. Reduced diversity is particularly detrimental
to generalisation, an effect documented empirically for CNN image tasks (Barbedo, 2018), and its
impact is therefore amplified in the already data-scarce proxy regime, where it may additionally
have degraded the quality of the search itself.

Optimisation versus time trade-off

The proxy framework was designed to yield a hyperparameter optimisation pipeline feasible in
wall-clock time; the proxy model ran in approximately 2 hours against approximately 16 for the
full retrain.

The framework works when the proxy response exceeds the run-to-run noise floor and is
directionally stable across scales. The preliminary learning-rate experiment (Section sug-
gested that this held for a single-parameter search, though as a single-axis, single-seed sweep it
is indicative rather than conclusive.

It appears to work less well for multi-parameter, interacting search spaces whose per-parameter
importance and interactions may shift between proxy and full scale. The E1 search sat toward the
tractable end of this spectrum, whereas the nine-parameter E2 search sat toward the difficult end.

The stratum framework, in this light, was not given a fair test. It ran under an aggregate
objective that could not surface its per-class effects, over a mechanism-biased surface, and within
a budget half-consumed by random startup. Whether sub-type strata are an effective optimisation
unit therefore remains an open question, pending a per-class objective and an adequate budget.
This open question concerns the specific instantiation tested here, not data-composition optimisa-
tion as a class of methods; the cross-space transfer comparison the study was designed to make
(SQ1b) was itself inconclusive at three seeds, and is treated as such throughout.

6.2 Practical Implications and Recommendations

The findings of this thesis translate into three recommendations for Lensor. They are ordered by
immediacy and by the strength of the evidence supporting them: the first is a prerequisite for the
other two, the second and third are methodological directions that should only be pursued once
the first is in place. Throughout, a distinction is maintained between confidence in what to do and
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the strength of the underlying evidence: with three retrain seeds, the comparisons in this thesis
are directional and descriptive rather than statistically conclusive, and the recommendations are
scoped accordingly.

1. Align the validation distribution to the production reference before further optimisation.
The data audit established that the validation set diverged from the test set on negative frame rate
and on the within-class size distribution of the dent class (Section[5.1.1). This divergence is not
a peripheral issue: it is the mechanism to which the ambiguous dent transfer in E1 was traced,
and it is part of why the aggregate composition signal in E2 was difficult to interpret. Because
the validation set is the signal every proxy search optimises against, a validation set that does
not reflect the production distribution steers the search toward configurations that perform well
on an unrepresentative target. Partial remediation was performed here (matching the negative
frame rate) but the class-ratio gap was left unresolved. The first recommendation is therefore
to complete this remediation, aligning the validation distribution to the production reference on
both axes, before any further hyperparameter or data-composition search is undertaken. Every
subsequent recommendation depends on this foundation.

2. Treat proxy-guided hyperparameter search as a demonstrated mechanism whose applic-
ability to the production regime remains to be validated. E1 provides evidence that proxy-
constrained hyperparameter optimisation yields configurations that improve full-scale test per-
formance over untuned defaults in all three retrain seeds, with faithful transfer for the majority
(scratch) class and unreliable transfer for the minority (dent) class. This establishes the trans-
fer mechanism: improvements found cheaply on a reduced proxy can carry to full scale. The
improvement is measured relative to the AdamW thesis baseline, not relative to Lensor’s produc-
tion model, which uses the MuSGD optimiser and, as Appendix [A.T|shows, scores substantially
higher than the AdamW baseline used throughout this thesis. Whether proxy-guided search
yields comparable gains in the production optimiser regime is untested, and this regime gap,
rather than hardware alone, is the primary barrier to direct deployment. Two conditions would
need to be met to close it: the proxy would need to be run at, or validated against, production
resolution and batch size, which under current hardware trades off against the compute saving
the proxy exists to provide; and the search would need to be repeated under the MuSGD optimiser
to confirm the transfer holds outside the AdamW regime. The recommendation is therefore to
treat proxy-guided search as a validated and promising method whose transfer to the production
configuration is the next thing to establish.

3. Revisit data-composition optimisation only with a multi-objective formulation, a larger
search budget, and a remediated validation set. E2 returned a diagnosed negative result:
Bayesian-optimised sampling weights did not improve full-scale performance, and the calibra-
tion ratio did not exceed that of the training-hyperparameter search. The diagnosis identifies
three specific conditions under which the approach could be revisited more fairly, each following
directly from a cause of the observed failure. First, the aggregate objective could not, by con-
struction, distinguish a genuine improvement from a class trade that nets to zero, and the search
converged on exactly such a trade. Because fixed-N resampling makes composition a zero-sum
reallocation of training mass, a multi-objective or Pareto formulation is not a refinement but a
requirement: it is the only way for the search to see the per-class trade it is making rather than
optimise blindly over an averaged signal. Second, the nine-weight space searched at twenty
evaluations, with the first ten spent on random startup, left the surrogate little opportunity to
concentrate density; a budget scaled to the dimensionality of the composition space would be
needed to search it meaningfully. Third, the flatness of the aggregate signal was itself partly an
artefact of the validation set, so recommendation 1 is a prerequisite here as well. The recom-
mendation is not to abandon data-composition optimisation but to revisit it only once these three
conditions are met; the negative result reported here is a property of this specific instantiation,
not a verdict on the broader approach.
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Taken together, these recommendations describe a sequence rather than a set of parallel options:
remediate the measurement foundation, then build on it. The measurement fix is established and
immediate; the two methodological directions are promising but conditional, and neither should
be pursued on the current, partially misaligned validation set.

6.3 Limitations and Future Research

Limitations

The claims of this thesis are bound by two main limitations, both discussed where they arose and
summarised here.

All comparisons rest on three retrain seeds, a deliberate trade against the compute cost of
full retrains. The bootstrap confidence intervals reported throughout are therefore descriptive
summaries of per-seed dispersion rather than a basis for formal inference: at three observations,
a percentile bootstrap resamples the same three values, so its interval is bounded by their range.
Findings are accordingly framed in terms of directional consistency and effect size, with a dis-
tinction drawn between unanimous seed agreement, reported as directional evidence, and a bare
majority, reported as a lean but not a finding.

The calibration ratio was informative per class but unstable at the aggregate level whenever
the proxy gain approached the run-to-run noise floor (Section [6.1). This instability bounds the
aggregate transfer claims and is the reason the analysis proceeds per class throughout.

Future Research

The clearest direction this thesis opens is to establish more precisely when the proxy framework
yields an interpretable transfer measurement and when it does not. The two studies provide
contrasting cases: the four-parameter hyperparameter search produced a clean transfer signal,
faithful for the majority class, whereas the nine-parameter composition search produced an
aggregate signal too flat to interpret and a per-class comparison that was inconclusive at three
seeds. The contrast suggests that the framework’s usefulness depends on whether the proxy gain
clears the run-to-run noise floor at the optimised objective; where it does not, transfer cannot be
measured, let alone confirmed. Two cases cannot establish where that boundary lies in general,
and several directions for testing it follow directly from the present work.

Optimiser sensitivity. Beyond the recommendation to validate the framework under Lensor’s
production MuSGD optimiser, the effect of optimiser choice on proxy transfer is itself an open
question. Whether different optimisers are better suited at different scales would both delineate
the edges of the proxy framework’s viability and inform the broader relationship between scale
and optimiser choice.

Intermediate parameter spaces. This thesis compared two parameter spaces: training hyper-
parameters (E1) and data composition (E2). A natural intermediate is data augmentation, which
belongs to model training but acts directly on the data to improve generalisation. Crucially,
augmentation avoids the two properties that complicated E2: it applies to every image without
reallocating a fixed budget, and it does not dilute control through frame-level aggregation. Test-
ing whether augmentation parameters transfer under the proxy framework would help isolate
whether the difficulty seen in E2 is a property of data-space optimisation in general or of the
fixed-N resampling mechanism specifically.

Estimators of transfer fidelity. The instability of the calibration ratio near a small denominator
is not only a limitation but a prompt. Future work could develop estimators of transfer fidelity
that degrade more gracefully as the proxy gain shrinks, or reporting protocols that pair the ratio
with its denominator so its reliability is always visible. A practical rule already follows from
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the present findings: report the ratio per class, and treat an aggregate ratio as uninterpretable
whenever the aggregate proxy gain lies within the noise floor of a single retrain.
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Conclusion

This thesis set out to test the feasibility of compute-constrained proxy optimisation for car damage
detection across two parameter spaces, and to quantify the resulting transfer through a purpose-
built metric, the calibration ratio. The main research question asked: to what extent do configurations
optimised via a compute-constrained proxy model transfer to full-scale detection models, and does optimising
training data composition under the same proxy constraints provide more reliable transfer than optimising
training hyperparameters?

One finding frames the answers to both parts. The validation set diverged from the test set
on negative frame rate and on the within-class size distribution of the dent class, and because the
validation set is the signal every proxy search optimises against, this divergence propagated into
both experiments and bounds what any transfer measurement here can conclude. It is a primary
result rather than a peripheral limitation: a transfer study is only as reliable as the alignment
between the distribution it optimises on and the distribution it is judged against.

On the first part of the research question, proxy-optimised training hyperparameters do trans-
fer. Configurations found by both Bayesian optimisation and ABOHB on the 25% proxy improved
full-scale test mAP@50:95 over the untuned baseline in all three seeds. The transfer was not uni-
form across classes: it was carried by the scratch class, whose proxy gains scaled up predictably
because it is the majority training class with a representation preserved between proxy and full
scale, while dent transfer was weak and validation-specific, traceable to the within-class size-
distribution mismatch between the evaluation sets. Transfer therefore holds, but its reliability is
class-dependent, and the aggregate calibration ratio conceals this structure while itself being too
imprecise to support a magnitude claim.

On the second part, a distinction must be drawn between two questions the study posed. The
first is whether the specific composition pipeline improved performance; the second is whether
data-space parameters transfer more faithfully than training-space parameters. On the first,
the answer is a firm negative: the Bayesian-optimised composition degraded aggregate test
performance relative to both the unsampled and uniform-sampled baselines, and this negative
result was fully diagnosed. The search converged to a corner solution that amplified the already-
dominant dent_medium stratum at the direct expense of scratch training mass, a reallocation that
fixed-N resampling makes zero-sum and that an aggregate objective cannot see. On the second
question, however, the study is inconclusive. The per-seed paired comparison of calibration
ratios was directionally negative in only two of three seeds, with bootstrap intervals bracketing
zero, so it does not establish that data-space parameters transfer either more or less faithfully
than training-space parameters. This inconclusiveness is not incidental. The composition search
operated over a nine-parameter space, more than twice the dimensionality of the hyperparameter
search, under an identical budget half-consumed by random startup. The aggregate proxy gains
it found were small relative to the run-to-run variation of a single retrain and inconsistent in
sign across seeds, so the signal available to guide the search was weak; whether this reflects
a genuinely uninformative objective or a search that never reached a more informative region
cannot be determined at this budget. The hyperparameter search therefore operated under more
favourable conditions than the composition search, and the observed difference reflects those
conditions at least as much as any intrinsic property of the parameter spaces. Whether data-
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space parameters are inherently more or less transferable remains open, pending a per-class
objective and a budget matched to the dimensionality of the search. Critically, this is a negative
result for a specific instantiation of composition optimisation, not evidence that data-composition
optimisation transfers less faithfully than hyperparameter optimisation as a class of methods.

The calibration ratio, introduced to answer precisely this comparison, was itself only partly
ableto. Atthe per-class level it was informative, distinguishing faithful transfer from weak transfer
and from sign reversal. At the aggregate level its confidence intervals were too wide to support
magnitude claims, because the ratio divides small, noisy full-retrain gains and its variance grows
without bound as the denominator approaches the noise floor. Reducing that variance would
require additional full retrains, so the instrument’s cost scales with exactly the budget the proxy
framework exists to avoid. This tension, that precisely characterising cheap search is expensive,
is a structural property of the metric rather than a shortcoming of its application, and constitutes
a finding in its own right.

The contributions of this thesis are threefold. First, it demonstrates that proxy-constrained
hyperparameter optimisation produces configurations that transfer usefully to full-scale train-
ing within the tested optimiser regime, with transfer that is faithful for the majority class and
unreliable for the minority class. Second, it introduces the calibration ratio as a diagnostic for
proxy-to-full transfer, characterises its behaviour including its high variance at small seed counts,
and shows that per-class reporting is necessary because aggregate ratios mask class-asymmetric
transfer. Third, it provides a fully diagnosed negative result for data composition optimisation:
rather than a bare failure, the outcome is decomposed into a quantified mechanism cost from the
multinomial bootstrap, a corner solution induced by an aggregate objective over a mechanism-
biased surface, and a startup-dominated search budget, each of which is separately actionable.
The attribution decomposition that isolates these effects, and the observation that fixed-N res-
ampling renders compositional optimisation zero-sum across classes, are transferable beyond this
dataset.

These findings rest on three retrain seeds, which supports directional and effect-size claims but
not significance testing, so the bootstrap intervals reported throughout are descriptive summaries
of per-seed dispersion rather than a basis for formal inference. The further limitations that bound
these results, the deliberate validation-test divergence retained to preserve comparability between
the two studies, the AdamW optimiser regime, and the conditions under which the composition
search was run, are set out in Section [6.3]

Taken together, this thesis shows that compute-constrained proxy optimisation is a viable
route to feasible hyperparameter tuning for industrial car damage detection, that its value is
real but bounded by whether the proxy signal clears the run-to-run noise floor at the optimised
objective, and that where the framework did not yield a usable result, applied to training data
composition, the reasons were specific and diagnosable rather than opaque. The proxy model
is a practical instrument for the time-constrained production setting it was built for; establishing
where it works, and where it does not, is the contribution this work makes.
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Appendix

A.1 Methodology

A.1.1 Proxy configuration selection experiments

Table A.1: Proxy configuration selection experiments. All runs use yolo26s unless noted, with
momentum = 0.937, weight decay = 0.0005, warmup epochs = 3, degrees = 5.0, epochs = 100.
Proxy runs use 25% of the cleaned training set; baseline and production runs use 100%. mAP@50
is measured on the validation set. Run 16 uses the original uncleaned dataset and non-remediated
validation set. Out of memory (OOM) indicates the experiment failed due to insufficient GPU

memory.
# Type Model Opt. Imgsz Batch Ir0 Mosaic mAP50 hrs Note
1 Proxy s SGD 640 32 0.010 0.0 0.086 2.14 SGD baseline
2 Proxy s AdamW 640 32 0.001 0.0 0.090 222 AdamW vs SGD
3 Proxy s AdamW 1024 8 0.001 0.0 0.144 521 Higher resolution
4 Proxy s AdamW 1024 16 0.001 00 OOM -  Batch16 OOM
5 Proxy s SGD 1024 16 0.001 0.0 0138 5.08 SGD batch16
6 Proxy s AdamW 1024 8 0.001 1.0 0.108 1.33 Mosaic at 1024px
7 Proxy s AdamW 1240 4 0.001 1.0 0.123 216 Selected (run 1)
8 Proxy s AdamW 1240 4 0.001 1.0  0.123 218 Selected (run 2)
9 Proxy s AdamW 1240 8 0.001 1.0 0.138 1.71 Batch8
10 Proxy s AdamW 1240 8 0.001 0.5 0.135 1.70 Half mosaic
11 Baseline s AdamW 1600 8 0.001 1.0 0231 9.05 Mosaicon
12 Baseline s AdamW 1600 8 0.001 0.0 0.224 14.38 Mosaic off
13 Baseline s AdamW 1600 16 0.001 0.0 OOM - Batch 16 OOM
14 Baseline m AdamW 1600 8 0.001 1.0 OOM -  yolo26m batch 8 OOM
15 Baseline m AdamW 1600 4 0.001 1.0 0.214 15.73 Thesis baseline
16 Prod. m MuSGD 1600 4 0.010 1.0 0.366 28.56 Lensor production
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A.1.2 Preliminary Experiments: Training Plot Proxy Model
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Figure A.1: Validation mAP@50, mAP@50-95, Precision, Recall for a single run of the chosen
proxy model.
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A.1.3 Frame audit

Table A.2: Frame and ROI diversity per audit cell for the full dataset. Unique frames refers to the
number of frames that contain at least one ROI from the given cell. Frames containing ROIs from
multiple cells are counted in each, so the column does not sum to the training-set frame total.

Audit cell

Unique frames

Total ROIs

ROIs / frame

dent zone, 2-5 cm
dent zone, 0-2 cm
scratch zone, 0-2 cm
dent zone, 5-10 cm
dent zone, 10-30 cm
dent zone, 30+ cm
dent, 30+ cm

scratch zone, 2-5 cm
dent, 10-30 cm
scratch, 30+ cm
scratch, 0-2 cm
dent, 0-2 cm

scratch zone, 5-10 cm
scratch zone, 30+ cm
dent, 5-10 cm

scratch zone, 10-30 cm

scratch, 10-30 cm
scratch, 2-5 cm
scratch, 5-10 cm
dent, 2-5 cm

0

1

56
62
88
119
182
545
550
557
566
892
995
1,081
1,533
1,633
1,917
1,956
1,993
3,585

0

1

59

62

91
155
201
640
597
610
691
1,438
1,156
1,137
1,659
1,857
2,193
2,255
2,288
4,917

1.00
1.05
1.00
1.03
1.30
1.10
1.17
1.09
1.10
1.22
1.61
1.16
1.05
1.08
1.14
1.14
1.15
1.15
1.37

A.1.4 Strata counts on the full training set

Table A.3: E2 stratum definitions with frame diversity at full scale

C2 stratum Definition Unique frames Total ROIs ROIs / frame
scratch small scratch, 0-2 cm 566 691 1.22
dent small dent U dent zone, 0-2 cm 893 1,439 1.61
dent large dent U dent zone, 10+ cm 850 1,044 1.23
scratch zone medium  scratch zone, 2-10 cm 1,428 1,855 1.30
scratch zone large scratch zone, 10+ cm 2,588 2,994 1.16
scratch large scratch, 10+ cm 2,361 2,803 1.19
scratch medium scratch, 2-10 cm 3,648 4,543 1.25
dent medium dent U dent zone, 2-10 cm 4,895 6,638 1.36
negative frames with no ROIs 4,545 0 -
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A.2 Results

A.2.1 Experimental Study 1 performance metrics across both evaluation sets

Table A.4: Per-seed mAP@50 on the validation set across configurations, model scales, and
damage classes for E1. Means and sample standard deviations are computed over three retrain
seeds (42, 43, 44).

Configuration Scale Class Seed 42 Seed43 Seed44 Mean SD
Aggregate 0.1238 0.1198 0.1232  0.1223 0.0022

Proxy Scratch 0.1280 0.1170 0.1140 0.1197 0.0074

Baseline Dent 0.1190 0.1220 0.1320 0.1243 0.0068
Aggregate 0.2101 0.2054 0.2259 0.2138 0.0107

Full Scratch 0.2110 0.2150 0.2290 0.2183 0.0095

Dent 0.2100 0.1960 0.2230 0.2097 0.0135

Aggregate  0.1551  0.1487  0.1533 0.1524 0.0033

Proxy Scratch 0.1590 0.1430 0.1460 0.1493 0.0085

BO-best Dent 0.1510 0.1540 0.1600 0.1550 0.0046
Aggregate 0.2435 0.2493 0.2407 0.2445 0.0044

Full Scratch 0.2790 0.2860 0.2590 0.2747 0.0140

Dent 0.2080 0.2120 0.2230 0.2143 0.0078

Aggregate 0.1549 0.1601 0.1554 0.1568 0.0029

Proxy Scratch 0.1640 0.1570 0.1710 0.1640 0.0070

BOHB-best Dent 0.1460 0.1630 0.1400 0.1497 0.0119
Aggregate  0.2229 0.2328 0.2382 0.2313 0.0078

Full Scratch 0.2460 0.2550 0.2680 0.2563 0.0111

Dent 0.2000 0.2110 0.2090 0.2067 0.0059
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Table A.5: Per-seed mAP@50:95 on the test set across configurations, model scales, and damage
classes for E1. Means and sample standard deviations are computed over three retrain seeds (42,
43, 44).

Configuration Scale Class Seed 42 Seed43 Seed44 Mean SD
Aggregate  0.1421 0.1391 0.1302 0.1371 0.0062

Proxy Scratch 0.1040  0.1040  0.0846 0.0975 0.0112

Baseline Dent 0.1810  0.1740  0.1760 0.1770 0.0036
Aggregate  0.1815  0.1849  0.1790 0.1818 0.0030

Full Scratch 0.1450  0.1590  0.1550 0.1530 0.0072

Dent 0.2180  0.2110  0.2030 0.2107 0.0075

Aggregate  0.1605  0.1608  0.1664 0.1626 0.0033

Proxy Scratch 0.1300  0.1250  0.1360 0.1303 0.0055

BO-best Dent 0.1910  0.1970  0.1970 0.1950 0.0035
Aggregate  0.2170  0.2170  0.2118 0.2153 0.0030

Full Scratch 0.2050  0.2010  0.1940 0.2000 0.0056

Dent 0.2290  0.2330  0.2300 0.2307 0.0021

Aggregate  0.1561 0.1592  0.1608 0.1587 0.0024

Proxy Scratch 0.1160  0.1230  0.1270 0.1220 0.0056

BOHB-best Dent 0.1970  0.1960  0.1940 0.1957 0.0015
Aggregate  0.2148  0.2113  0.2165 0.2142 0.0027

Full Scratch 0.1920  0.1980  0.1980 0.1960 0.0035

Dent 0.2380  0.2240  0.2350 0.2323 0.0074

A.2.2 Experimental Study 1 validation AmAP@50

Table A.6: Validation AmAP@50 for Proxy and Full models across methods, damage classes, and
seeds. A is the difference between the best found configuration and the respective baseline.

Method Damage Seed 42 Seed 43 Seed 44

Proxy Full Proxy Full Proxy Full
Aggregate  0.031  0.033 0.029 0.044 0.030 0.015

BO Scratch 0.031  0.068 0.026 0.071 0.032  0.030
Dent 0.032 -0.002 0.032 0.016 0.028  0.000
Aggregate  0.031  0.013 0.040 0.027 0.032  0.012
BOHB  Scratch 0.036  0.035 0.040 0.040 0.057  0.039
Dent 0.027 -0.010 0.041 0.015 0.008 -0.014
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A.2.3 Experimental Study 1 full p results per seed

Table A.7: Per-seed proxy-to-full calibration ratio p on the validation set across damage classes and
HPO methods for E1. Mean is computed across the three matched-seed ratios; 95% confidence
intervals are percentile bootstrap (10,000 resamples).

Damage Method Seed42 Seed43 Seed44 Mean ClIlow CIhigh
Avoresate BO 1.067 1.519 0492 1026 0492 1.519
88T€62¢  BOHB 0.412 0.680 0382 0491  0.382 0.680
Seratch BO 2.194 2.731 0938 1954  0.938 2.731
BOHB 0.972 1.000 0684 0885  0.684 1.000

Dent BO ~0.063 0.500 0.000 0.146 —0.063 0.500
en BOHB ~0.370 0366 -1.750 —0.585 —1.750 0.366
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A.2.4 Experimental Study 2 performance metrics across both evaluation sets

Table A.8: Per-seed mAP@50 on the validation set across configurations, model scales, and
damage classes for E2. Means and sample standard deviations are computed over three retrain
seeds (42, 43, 44).

Condition Scale Class Seed42 Seed43 Seed44 Mean SD
Aggregate  0.1551  0.1487  0.1533 0.1524 0.0033

Proxy Scratch 0.1590  0.1430  0.1460 0.1493 0.0085

A Dent 0.1510  0.1540  0.1600 0.1550 0.0046
Aggregate  0.2435  0.2493  0.2407 0.2445 0.0044

Full Scratch 0.2790  0.2860  0.2590 0.2747 0.0140

Dent 0.2080  0.2120  0.2230 0.2143 0.0078

Aggregate  0.1500  0.1294  0.1412 0.1402 0.0103

Proxy Scratch 0.1480  0.1370  0.1340 0.1397 0.0074

N Dent 0.1520  0.1220  0.1490 0.1410 0.0165
Aggregate 02320  0.2213  0.2198 0.2244 0.0067

Full Scratch 0.2500  0.2290  0.2340 0.2377 0.0110

Dent 0.2140  0.2140  0.2060 0.2113 0.0046

Aggregate  0.1325  0.1445  0.1408 0.1393 0.0061

Proxy Scratch 0.1290  0.1360  0.1450 0.1367 0.0080

B Dent 0.1300  0.1530  0.1370 0.1400 0.0118
Aggregate  0.2282 02261  0.2246 0.2263 0.0018

Full Scratch 0.2540  0.2490  0.2630 0.2553 0.0071

Dent 0.2030  0.2030  0.1860 0.1973 0.0098

Aggregate  0.1378  0.1391  0.1418 0.1396 0.0021

Proxy Scratch 0.1140  0.1030  0.1100 0.1090 0.0056

C Dent 0.1620  0.1750  0.1740 0.1703 0.0072
Aggregate 01971  0.2056  0.1989 0.2005 0.0045

Full Scratch 0.1940  0.1980  0.1880 0.1933 0.0050

Dent 0.2000  0.2130  0.2100 0.2077 0.0068
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Table A.9: Per-seed mAP@50-95 on the test set across configurations, model scales, and damage
classes for E2. Means and sample standard deviations are computed over three retrain seeds (42,
43, 44).

Condition Scale Class Seed 42 Seed43 Seed44 Mean SD
Aggregate  0.1605  0.1608  0.1664 0.1626 0.0033

Proxy Scratch 0.1300  0.1250  0.1360 0.1303 0.0055

A Dent 0.1910  0.1970  0.1970 0.1950 0.0035
Aggregate 0.2170 0.2170 0.2118 0.2153 0.0030

Full Scratch 0.2050  0.2010  0.1940 0.2000 0.0056

Dent 0.2290  0.2330  0.2300 0.2307 0.0021

Aggregate  0.1450  0.1371  0.1369 0.1397 0.0046

Proxy Scratch 0.1080  0.1070  0.1060 0.1070 0.0010

N Dent 0.1820  0.1670  0.1680 0.1723 0.0084
Aggregate 01894  0.1973  0.2048 0.1972 0.0077

Full Scratch 0.1600  0.1610  0.1810 0.1673 0.0118

Dent 0.2180  0.2340  0.2290 0.2270 0.0082

Aggregate  0.1314  0.1504  0.1388 0.1402 0.0096

Proxy Scratch 0.1110  0.1130  0.1150 0.1130 0.0020

B Dent 0.1520  0.1880  0.1630 0.1677 0.0184
Aggregate 02015  0.1932  0.2049 0.1999 0.0060

Full Scratch 0.1760  0.1840  0.1910 0.1837 0.0075

Dent 0.2270 02020  0.2190 0.2160 0.0128

Aggregate 01385  0.1323  0.1338 0.1348 0.0032

Proxy Scratch 0.0717  0.0760  0.0832 0.0770 0.0058

C Dent 0.2050  0.1890  0.1840 0.1927 0.0110
Aggregate  0.1985  0.1905  0.1921 0.1937 0.0042

Full Scratch 0.1570  0.1480  0.1470 0.1507 0.0055

Dent 0.2390  0.2330  0.2370 0.2363 0.0031
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A.2.5 Experimental Study 1 validation AmAP@50

Table A.10: Validation A mAP@50 for Proxy and Full models across conditions, damage classes,
and seeds. A is the difference between the best found weight configuration from the search space
and the baseline (uniform sampling).

Seed 42 Seed 43 Seed 44
Proxy Full Proxy Full Proxy Full
Aggregate -0.012 -0.035 0.010 -0.016 0.001 -0.021

Condition Damage

C Scratch -0.034 -0.056 -0.034 -0.031 -0.024 -0.046
Dent 0.010 -0.014 0.053 -0.001  0.025  0.004
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A.2.6 Experimental Study 2 full p results per seed

Table A.11: Per-seed proxy-to-full calibration ratio p for the data composition search on the
validation set across damage classes. Mean is computed across three matched-seed ratios; 95%
ClIs are percentile bootstrap (B = 10,000).

Damage Seed 42 Seed 43 Seed 44 Mean ClIlow CIhigh
Aggregate 2870 -1.616 -37.056 -11.934 -37.056 2.870

Scratch 1.647 0.912 1.917 1.492 0.912 1.917
Dent -1.400 -0.019 0.160 -0.420 -1.400 0.160
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A.2.7 p difference between E1 and E2

Table A.12: Per-seed paired calibration-ratio difference Ap; = pc — pa on validation mAP@50.
Mean and 95% bootstrap CI on the mean paired difference (B = 10,000 percentile resamples).

Damage Seed 42 Seed 43 Seed 44 Mean CIlow CIhigh

Aggregate 1.803 -3.135 -37.548 -12960 -—37.548 1.803
Scratch -0.547 -1.819 0979 -0462 -1.819 0.979
Dent -1.337  -0.519 0160 -0.565 -1.337 0.160

A.2.8 Decomposition of costs between different conditions in E2

Table A.13: Difference in mAP@50:95 on the test set between given conditions

Attribution Damage Seed 42 Seed43 Seed44 Mean 95% CI

A— A Aggregate -0.028 -0.020 -0.007 -0.0183 [-0.028, -0.007]
A— A Scratch -0.045 -0.040 -0.013 -0.0327 [-0.045,-0.013]
A— A Dent -0.011 0.001 -0.001 -0.0037 [-0.011, 0.001]
A’—>B Aggregate 0.012 -0.004 0.000  0.0027 [-0.004, 0.012]
A’—B Scratch 0.016 0.023 0.010 0.0163  [0.010, 0.023]
A’—>B Dent 0.009 -0.032 -0.010 -0.0110 [-0.032, 0.009]
A’'—>C Aggregate -0.003 -0.007 -0.013 -0.0077 [-0.013,-0.003]
A'—C Scratch -0.003 -0.013 -0.034 -0.0167 [-0.034,-0.003]
A'—C Dent 0.021 -0.001 0.008  0.0093 [-0.001, 0.021]
B—C Aggregate -0.003 -0.003 -0.013  -0.0063 [-0.013,-0.003]
B—C Scratch -0.019 -0.036 -0.044 -0.0330 [-0.044,-0.019]
B—-C Dent 0.012 0.031 0.018  0.0203  [0.012, 0.031]
A—C Aggregate -0.019 -0.026 -0.020 -0.0260 [-0.031, -0.020]
A—-C Scratch -0.048 -0.053 -0.047 -0.0493 [-0.053,-0.047]
A—-C Dent 0.010 0.000 0.007  0.0057  [0.000, 0.010]
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