Meta-overfitting and Overtuning of Small
Language Models Binary Classification
Task Fine-tuning

Laith Agbaria (s4036328)

Supervisors:
Andreas Paraskeva, Sietse Schroder & Jan N. van Rijn

BACHELOR THESIS— DATA SCIENCE AND ARTIFICIAL INTELLIGENCE

Leiden Institute of Advanced Computer Science (LIACS)
liacs.leidenuniv.nl August 11, 2026


liacs.leidenuniv.nl

Abstract

Hyperparameter optimization is essential for fine-tuning pre-trained language models, yet it
often relies on noisy validation performance that could diverge from true generalization perfor-
mance on unseen data. This thesis empirically investigates the prevalence and magnitude of
meta-overfitting, which is the estimate difference between validation and test performance, and
overtuning, which is the phenomena where perceived improvements on validation performance
lead to worse test performance of incumbents.

We conducted a total of 480 experiments by running 30 independent iterations for 16
configurations of tasks, models, and samplers, with each iteration consisting of 30 consecutive
optimization trials. In the experiments we evaluated four pre-trained small language models
(two decoders and two encoders) on two binary classification tasks, utilizing both a non-adaptive
random search and an adaptive Tree-structured Parzen Estimator Bayesian optimization as
hyperparameter configuration samplers within a fine-tuning hyperparameter search space.
By logging both the validation and test accuracy performances throughout the optimization
trials, we collected data for trend visualization by generating plots using aggregated means
and standard deviations.

Our results show that both meta-overfitting and overtuning appear in all experimental con-
figurations, with their magnitude being largely affected by the task selection while consistently
increasing as the optimization trials progress for both tasks. Hyperparameter configuration
sampling methods appear to affect the magnitudes of both meta-overfitting and overtuning,
while the number of model parameters appear to affect only the magnitude of overtuning.
Model architecture does not appear to affect either meta-overfitting or overtuning on its
own, however when considered with parameter count, there appears to be a relation with the
magnitudes of meta-overfitting.

With this research and the results within, we highlight the importance of accounting
for both meta-overfitting and overtuning in hyperparameter optimization for fine-tuning
workflows, providing insights that could be accounted for in the creation of more reliable
machine learning models.
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1 Introduction

Automated machine learning workflows aim to make the training of models an accessible and
streamlined process [3], which is useful in reducing the need for manual trial-and-error while also
increasing the efficiency and reproducibility during hyperparameter optimization [13]. Automated
hyperparameter optimization formalizes the task of searching for a configuration that optimizes an
evaluation metric within a pre-determined search space [0], this is useful in cases where the search
space is extremely vast or experimental reproducibility is important [11] as well as in the training
of foundational models.

With transformer-based language model use becoming widespread as foundational models [7], it
is becoming more important to develop the academic understanding of fine-tuning of pre-trained
models [12]. Running hyperparameter optimization studies requires many training trials to evaluate
the performance of various configurations [13], which is computationally expensive when it comes
to large language models that sometimes contain billions of parameters which need to be calculated
and updated. Small language models are useful as computationally cheap and efficient tools for
understanding the behaviors of their larger counterparts [15], this is particularly useful in situations
with limited resources such as early stages of research

As hyperparameter optimization studies are unable to access large scale test data, trained
models are typically evaluated using a representative validation dataset that is obtained from the
same distribution as the test dataset [13]. However, in the same way a model can overfit its weights
to the training data, a hyperparameter optimization study is also able to overfit the configuration
selection to the validation data [9]. This causes unintended effects such as over-promising on model
performance, referred to as meta-overfitting [17], and the selection of a configuration with worse
test performance due to continued search, known as overtuning [16]. These phenomena occur due
to the optimization methods relying on the validation dataset, which could contain stochastic noise
or hidden biases that distract the trained models from true general patterns.

While meta-overfitting and overtuning have been studied and documented in traditional machine
learning setups, there appears to be an academic gap in the field when looking at language models,
specifically focusing on automated hyperparameter optimization of fine-tuning for transformer-
based models. Understanding how these two phenomena behave in this context, and how they are
affected by common variables such as hyperparameter configuration sampling methods and model
architecture, can be considered crucial for reliable machine learning practices.

The objective of this thesis to explore meta-overfitting and overtuning as a result of automated
hyperparameter optimization, utilizing unseen test dataset performance during the fine-tuning of
small language models on classification tasks. By strictly segregating training, validation, and
test datasets during multiple fine-tuning tasks, we will analyze the divergence between validation
accuracy performances and that of hidden test accuracy that is intended to represent real-world cases.
Through an empirical investigation, we will clarify how different hyperparameter configuration
sampling methods as well as model architectures and number of parameters contribute to missing
optimal configurations and providing overly optimistic performance estimates.

To fulfill our research objective, this study addresses the following central question:

e To what extent does hyperparameter optimization lead to meta-overfitting and overtuning in
the fine-tuning of small language models?

We investigate this overarching question through the exploration of three primary sub-questions:



a How do meta-overfitting and overtuning of incumbents evolve across fine-tuning evaluations?

b How do non-adaptive hyperparameter fine-tuning methods such as random search compare
to sequential adaptive methods such as Bayesian optimization with regards to their resulting
meta-overfitting and overtuning?

¢ How do different model architecture and number of parameters affect the susceptibility to
meta-overfitting and overtuning from hyperparameter optimization methods?

After this introduction, we will give an academic review of relevant work in Section 2, which is
then followed by an explanation of the experiments used to study and answer the research questions
in Section 3. The results of the experiments, as well as the analysis and explanation, are shown
and used to answer the research questions in Section 4, with a summary conclusion and further
research suggestions in Section 5.

2 Background

In this thesis we study meta-overfitting and overtuning that arises from the automated hyperpa-
rameter optimization of transformer-based small language model fine-tuning, and in this section we
will provide an academic overview for each of the mentioned concepts.

2.1 Language Model Fine-tuning Mechanics

Transformer architecture based models are now the leading models which perform exceptionally
well on a wide variety of tasks [7], utilizing attention mechanisms to map long-range dependencies
across text sequences to solve natural language problems [20)].

Language models can typically be categorized using a combination of two architectural classes
which depend on their attention routing; encoder models (e.g. BERT), which utilize bi-directional
self-attention to construct contextual representations of text [10], and decoder models (e.g. GPT-2),
which utilize causal masked self-attention to predict tokens sequentially [14]. These structural differ-
ences result in the encoder models achieving better performance in natural language understanding
tasks that require utilizing the full context representations, such as sentiment classification and
textual entailment [22], while decoder models outperform in tasks that require autoregressive token
generation, such as open-ended questions and zero-shot instruction following [5].

Regardless of their specific architectures, these models all go through a stage of unsupervised
learning on large and diverse unlabeled corpora to learn generalized semantic representations and
syntax [12]. By building a broad representation, a pre-trained model is able to effectively adapted
to numerous similar downstream tasks with less annotated data, allowing for improved performance
and faster convergence. Additionally, small language models are emerging as computationally
cheap and highly efficient substitutes to their larger counterparts in early stages of research and
testing, achieving faster fine-tuning speeds due to the reduced number of parameters while retaining
comparative accuracy performances [15, 7].

To improve a pre-trained model’s performance on a specific downstream task, it is typically
fine-tuned using an automated hyperparameter optimization workflow [13, 11], utilizing transfer
learning and a task specific architectural head in updating the model weights through supervised
learning on curated datasets.



2.2 Hyperparameter Optimization Frameworks

Hyperparameter optimization formalizes the task of searching for a hyperparameter configuration
A for a machine learning model, within a designated search space A, which optimizes an evaluation
metric ¢(A) [6]. This task could be effectively automated to allow for higher efficiency and more
reliability than the manual human trial and error process, as an algorithm could work without
biases and practically without pause between searches.

Within each automated hyperparameter optimization study [I3], multiple configurations are
sampled using a search algorithm, and each configuration trial then trains and validates the
model on the provided dataset. After a configuration trial is completed or pruned, it is scored
using the evaluation metric and compared with other completed trials, the best performing trial
is then selected as the current incumbent. The various methods of choosing hyperparameter
configurations each have their benefits and detriments, however this thesis only focuses on two
prominent optimization algorithms, namely:

2.2.1 Random search

An unguided and non-adaptive optimization method that randomly samples hyperparameter
configurations from a uniform distribution over the bounded search space [5], it can run multiple
trials in parallel and is a simple algorithm suited for high dimensional search spaces.

Despite its simplicity, random search is an effective optimization method due to it not suffering
from grid-allocation inefficiencies, which come with repeated costly explorations of an important
hyperparameter value against less consequential ones while exploring continuous dimensions.
However, because it treats each trial independently, it fails to exploit historical evaluation data to
guide the search toward high-performance regions.

2.2.2 Bayesian optimization

A sequential adaptive optimization framework that treats the evaluations of hyperparameter
configurations as a black-box optimization problem, constructing a probabilistic surrogate model
to approximate validation performance across the search space based on historical trials [19, 2].

Tree-structured Parzen Estimators are an implementation of Bayesian optimization which
estimate the probability of a hyperparameter configuration being higher than a past performance
threshold, as opposed to the Gaussian process which estimates the performance of hyperparameter
configurations. The mathematical change causes the computation complexity to grow linearly with
the number of trials, which makes it efficient for single-objective optimization [1].

An acquisition function mathematically balances exploration of uncertain regions and exploita-
tion of known high-performing regions, proposing optimal configurations based on the results of
prior trials. However, Bayesian optimization’s effectiveness can decline in high-dimensional, highly
noisy, or irregular search spaces, where selecting or accurately approximating the objective function
be challenging.

2.3 Meta-overfitting

Previous work by Cawley et al. (2010) [9] demonstrated how machine learning models could exhibit
at a form of overfitting at the model-selection during hyperparameter optimization through selection



bias, in which the model validation performance continues to improve despite the test performance
beginning to stagnate or even worsen.

This overfitting occurs because the hyperparameter optimization process uses validation as an
optimization target to select the best configuration, which could unintentionally guide the selection
towards validation specific noise or biases and cause it to be overly optimistic relative to its actual
general performance. This divergence between validation and test performances in incumbents of
sequential trials is referred to as meta-overfitting [17], and it contains two distinct mechanisms, i.e.,
selection-based meta-overfitting and adaptive meta-overfitting, which we will explain in distinct
sections.

2.3.1 Selection-based meta-overfitting

This is driven by the volume of configurations evaluated, as when a hyperparameter optimization
method tests a large number of distinct hyperparameter settings, it increases the statistical
probability that a configuration will randomly have an inflated validation performance. This
configuration amplifies the stochastic noise or biases within the validation set, making its performance
less indicative on general unseen data. Selection-based overfitting can affect all hyperparameter
sampling methods.

2.3.2 Adaptive meta-overfitting

This mechanism is driven by the feedback loop inherent to adaptive hyperparameter sampling
methods such as Bayesian optimization, because the samplers actively utilize validation performance
feedback from past trials to propose future configurations, the method actively learns to exploit
the stochastic noise or biases within the validation set. As successive hyperparameter suggestions
become increasingly customized to the nuances of the validation set, the divergence between
validation and test performance increases.

2.4 Overtuning

Aside from causing overly optimistic model performance expectations, overfitting at the hyper-
parameter level can also cause the selection of a hyperparameter configuration incumbent that
performs worse on general unseen data compared to prior incumbents, which is referred to by
Schneider et al. [16] as overtuning. This evaluation error is caused by the same validation noise
that causes meta-overfitting, and it highlights the need to know the correct incumbent selection
criteria and optimization stopping point.

Overtuning has been shown to have several factors which increase its probability and magnitude,
which are:

e Dataset size: There is a negative relation between sample size and overtuning. Smaller
datasets have a correspondingly smaller validation sets, leading to more statistical variance
and unstable performance results, while larger datasets, or those employing cross-validation,
would have more of a buffer that reduces stochasticity.

e Model flexibility: Highly flexible models, such as neural networks, demonstrate higher
vulnerability to overtuning and with higher magnitudes, being particularly prominent in
binary classification tasks.



e Configuration sampling method: Bayesian optimization methods, such as SMACS3, slightly
increase the odds of non-zero overtuning, while random search substantially increases the
magnitude.

e Number of optimization trials: There is a positive direct relation between number of sequential
trials and the probability of overtuning, however this relation plateaus at higher iterations. The
effect of number of trials on the magnitude of existing overtuning has not been academically
established.

e Task metric: Classification tasks, specifically binary classification, are more susceptible to
overtuning than regression tasks, with accuracy being more sensitive to overtuning than other
methods such as log loss. While this is not studied in this thesis, it is still relevant to mention
due to the use of accuracy on binary classification to study the other effects.

Recent work by Schroder et al. (2026) [18] tackles mitigation strategies for overtuning, however
as incorporating them into this thesis would further expand the scope of study, we have resolved to
continue without applying any of the studied strategies.

Both meta-overfitting and overtuning are directly or indirectly caused by the stochastic nature
of validation performance, and are in a way the consequence of hyperparameter optimization’s
test-blind judgment.

2.5 Formal Notation

In order to rigorously quantify meta-overfitting and overtuning, we take the following adapted
mathematical notations:

For the duration of the hyperparameter optimization we fix the datasets Dirain, Dyar, and Dyeg
with all datasets being mutually exclusive, such that:

Dtrain N Dval = Dval N Dtest = Dtest N Dtrain =9

which are all generated using the same distribution P,, with n4.4in, Twa, and ns observations
respectively such that:

Dy = {(xj,yi)}2) ~Ppy CX XY for s € {train, val, test} (1)

where X C R? is the d-dimensional input feature space, and J) = {1,...,k} is the categorical label
space space for k-unique classes.

Referencing Bischl et al. (2023) [0] to define the training of a machine learning model, we take
a machine learning algorithm (inducer) Z which has the hyperparameter configuration A € A and
maps it to a model f or its associated parameter weights vector 0 trained on Dirain:

:Z;Dtrain : A — H7 A = f

where A is the hyperparameter configuration space, and #H is the model (hypothesis) space.
From here we formally define a trained model as:

~

f = IDtmm ()‘) (2)



which we utilize in the formal definition of the accuracy metric function:

Acewacy(£.D) = 750 3 1Uf(@) =) Q
(z,y)€D

and since D, and D, are fixed, we are able to define the following objective functions:

Accya(A) == Accuracy(Zp,,,., (N), Dyar) (4)
Acciest(A) := Accuracy(Zp,,,. (X)), Diest) (5)

From the objective function Accyes(A) in Equation (5), we define the hyperparameter optimiza-
tion goal function to be finding the hyperparameter configuration which results in the maximal test
accuracy performance, estimated using validation through Equation (4):

A* := arg max Accyq(A) (6)

AEA

Given the sequential nature of optimization trial evaluations, we define the trajectory as the ordered
incumbent sequence for T trials as (A*y,..., A*r), such that:

A= arg max Accyy(A) (7)

}\G{)\*l,..‘,k*t}

where ¢ is a trial index in the range 1 <t < T.
Using these definitions, we reference the work of Schroder et al. (2025) [17] to formulate our
definition of meta-overfitting as:

M(Al, ey At) = Accval(A*t) — ACCtest(A*t) (8)

to denote the difference between validation and test accuracy performance of the incumbent after
observing t sequential trials. This is modified from the original difference between test and validation
loss for each configuration that was used in the original work. It is limited to values between [—1, 1]
where a positive-valued output from this equation could be therefore interpreted as the extent to
which the optimizer is overly optimistic about model performance, while a non-positive output
would mean the optimizer is correctly estimating or underestimating the model performance.
Finally, we adapt the overtuning definition given by Schneider et al. (2025) [16] to obtain:

Q(Al, Ce 7At) = )\*t,e?)\l“ial}i“’)\*t}ACCteSt(A*tl) — ACCtest(A*t) (9)

which describes the difference between highest observed incumbent test accuracy performance in ¢
sequential trials and the test accuracy performance of the latest observed incumbent. Therefore
the output of this equation is limited to [0, 1], where a positive-valued output implies overtuning
and stopping earlier or choosing the incumbent differently would have prevented the selection of a
configuration with worse test performance.



3 Experiment setup

For this study, we utilized 10 NVIDIA RTX 4060 GPUs with each running its own instance of an
experiment [1], repeated three times to obtain a total of 30 independent samples containing 16
unique hyperparameter optimization setups obtained from the two datasets, four models, and two
hyperparameters configuration sampling methods.

The experiments iterate over tasks by loading their training dataset which is shuffled and
split, then for each dataset we iterate over the cartesian product of models and samplers to create
a hyperparameter optimization study, sampling from the configuration space with the goal of
maximizing validation accuracy.

A log of evaluation history is made at the end of each trial, with all trial logs being saved for
later processing at the end of each combination.

3.1 Design and Dynamics

For this thesis we developed an experiment framework using the HuggingFace “Transformers” library
[23], integrated with Optuna [2] automated hyperparameter optimization tool. The experiments
execute fully independent hyperparameter optimization studies for each combination of dataset,
language model, and hyperparameter sampling method, with each routine running for 7" = 30
complete trials and no pruning. During each trial ¢, the model performance on validation and test
progression is monitored by evaluations at set intervals, the number of which can be controlled and is
set to five evaluations per epoch for the entirety of the study. Each experiment randomly generates
then uses a seed that is used for all model and configuration optimizer (sampler) combinations
using the same dataset, this is done to ensure fairness and reproducibility.

At each evaluation, the HuggingFace “Trainer” calculates and records both Acc,q(A) and
Acciesi(A) of the not yet fully trained model for the given study task simultaneously in addition
to the loss and trial data, this is to allow easier data handling and analysis after the completing
of the experimentation. It is crucial to note that while Acc.q is recorded in the log history, the
value is never exposed to the Optuna samplers or optimization logic due to it being intended as an
isolated and strictly hidden metric. After a trial ¢ is complete and the configuration \; is added to
the trajectory, the incumbent is selected according to Equation (7) for the trajectory (Aq, ..., A;)
using the highest observed Acc,q(A) during training for each configuration.

After a study completes all its trials, we are able to measure the progression of meta-overfitting
and overtuning by using each trial’s best performing evaluation checkpoint and comparing it to
prior trials in the same study. By using an aggregate mean and standard deviation of 30 repetitions
for each study combination, we are able to plot the progress of both phenomenon’s estimates over
trials and compare their final results.

3.2 Models, Data, and Samplers

For this study we utilized four small language models obtained from HuggingFace due to their
small storage cost, high computational efficiency, and ease of use. To examine the susceptibility
of different model architectures to we select a pair of decoder and encoder small language models
with about 32 million parameters each, then to examine the effects of parameter counts we select
another pair of decoder and encoder models with fewer than 5 million parameters.



Model Identifier Approx. Parameters | Architecture Type
sshleifer/tiny-gpt2 2.1 Million Decoder
google/bert_uncased L-2 H-128_A-2 4.4 Million Encoder
EleutherAI/pythia-31im 31 Million Decoder
microsoft/MiniLM-L12-H384-uncased 33 Million Encoder

Table 1: Structural specifications of selected pre-trained Small Language Models.

We utilized datasets two binary classification tasks for the fine-tuning, with the training data
of each task training dataset being partitioned with shuffling according to the following splitting
procedure to avoid data leakage:

e One third (33.3%) of all training data is split to form the test set (D) intended for analysis
only,

e One fifth (20%) of the remaining training data is split to form the validation set (D,q;) which
Optuna utilizes to optimize hyperparameter configuration,

e All remaining training data is used as the training set Dy,.q;, during fine-tuning.

The selected tasks for this study were the SST-2 sentiment binary sentiment classification of
movie review sentences from the GLUE benchmark [22], and the BoolQ binary response reading
comprehension task from SuperGLUE [21]. This selection comes from considerations about medium
and small dataset sizes on the results, to observe the effects of meta-overfitting and overtuning in
both cases.

Task |Dirain| | |Poat| | |Ptest| | Number of classes
GLUE - SST2 35919 8980 | 22450 2
SuperGLUE - BoolQ 5027 1257 3143 2

Table 2: Dataset specifications of selected fine-tuning tasks.

Finally, to navigate the configuration search space, we utilized adaptive and non-adaptive
samplers from Optuna for hyperparameter optimization method to study their effects on both phe-
nomena, random sampler for the non-adaptive optimization and tree-structured Parzen estimators
for the adaptive optimization.

Sampler Adaptive Method
RandomSampler False Random search
TPESampler True Bayesian optimization

Table 3: Optuna samplers used for hyperparameter optimization



3.3 Search Space Configuration

The hyperparameter optimization configuration search space A ranges across six hyperparameters,
that affect both the model learning and training costs. As this research has a focus on automated
hyperparameter optimization, the search space intentionally spans wide ranges of value of common
hyperparameters.

Hyperparameter Type Domain / Range Scale / Options
Batch size Categorical {4, 8, 16, 32, 64} Discrete options
Number of epoch Integer (2, 5] Linear interval

Learning rate Numeric [1076,1077] Logarithmic scale
Scheduler Categorical | {linear, cosine, constant, polynomial} | Discrete options
Warm-up ratio Numeric 0,107 Linear interval

Weight decay Numeric [1076,1072] Logarithmic scale

Table 4: Formal hyperparameter search space configurations inside the Optuna objective loop.

The study evaluates each configuration trial based on the highest validation accuracy performance
Accyqi(N), this value is then compared to prior trials to determine the incumbent with the best
performing configuration.

4 Results

By taking the results of the 480 hyperparameter optimization studies, we generated the figures to
analyze the extent meta-overfitting and overtuning across trial progression and setups. Utilizing
these visualization we analyze and explain insights related to meta-overfitting and overtuning across
two task datasets, relating them to the selection of hyperparameter sampling method, architecture
type, and number of parameters.

Throughout the results section, meta-overfitting and overtuning will be measured on the
best validation performance step for each trial, this is visually demonstrated in Figure 1 where
meta-overfitting M is shown as the vertical (accuracy percentage) difference between the dashed
horizontal lines and overtuning G is shown as the difference between the red horizontal lines.

4.1 Task Differences

While the core aims of our research do not include studying the effects of various tasks on meta-
overfitting and overtuning, they do have a measurable influence [16] that must be understood before
beginning the analysis of our studied factors.

We observe in Figure 2 the growth trajectories of meta-overfitting and overtuning for models
trained on the tasks GLUE: SST-2 and SuperGLUE: BoolQ (Table 2), which show clear trends
towards higher estimates across both tasks and phenomena. In Figure 2a we can observe the final
percentage difference between validation and test accuracy performance (measured meta-overfitting
M) is equal to 0.2% in the case of SST-2 and just below 0.9% for BoolQ, while in Figure 2b the test
accuracy performance percentage difference between the best and currently selected incumbents
(measured overtuning G) is approximately 0.04% for SST-2 and 0.28% for BoolQ.



tiny-gpt2 performance on SST-2 using RS for 5 epochs

MiniLM-uncased performance on BoolQ using TPE for 5 epochs
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Figure 1: Example validation and test accuracy performance of the best performing trial with 5
epochs, used to visually highlight meta-overfitting (both) and overtuning (left).

The dataset of the BoolQ task had much fewer total data points, roughly 14% that of SST-2,
which explains the observed the differences in growth trajectories and variance band sizes, as there
is more possibility for noise and biases in either the validation dataset or the examination test
dataset that would affect the calculations of performance and incumbent selection.

Dataset Comparison: Meta Overfitting Dynamics Dataset Comparison: Overtuning Dynamics
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Figure 2: Average progression of meta-overfitting M (left, 2a) and overtuning G (right, 2b) over 30
progressive trials with one standard deviation band, obtained from 240 hyperparameter optimization
studies for each task dataset. Both figures show a clear progressive increase in estimate for both
tasks, while also highlighting the effect of having a smaller dataset (BoolQ) on exaggerating both
phenomena.

More detailed visualizations of task choice influence on meta-overfitting and overtuning is
available in Appendix A, the individual results for the GLUE: SST-2 trials can be found in
Appendix B and those for SuperGLUE: BoolQ in Appendix C.
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4.2 Analysis and Explanation

By establishing the need to separate the results based on dataset, we can begin analyzing the visual
patterns that appear for both meta-overfitting and overtuning progression when separated into
pairs for each of our studied factors. Beginning with a comparison of random search and TPE in
Section 4.2.1, followed by examining the effects of model architecture in Section 4.2.2; and finally
examining the influence of model parameter count in Section 4.2.3.

4.2.1 Sampler comparison

The effects of the choice between adaptive and non-adaptive hyperparameter configuration sampling
methods on meta-overfitting and overtuning have been documented and discussed previously by
Schroder et al. (2025) [17] and Schneider et al. (2025) [16], with their results showing that adaptive
methods lead to more meta-overfitting and more frequent, albeit lower in magnitude, overtuning.

We observe in the results of Figure 3 that meta-overfitting of models optimized using TPE
and those using random search are quite similar in early trials, however in later trials when the
black-box model has developed enough to navigate an approximate performance space we see a
growing difference between both methods.

Models fine-tuned using the GLUE: SST-2 dataset (Figure 3a) experienced more similar meta-
overfitting values across both sampling methods than when using the SuperGLUE: BoolQ dataset
(Figure 3b), however meta-overfitting from random search in both tasks appears to stagnate in
later trials while TPE continues to grow.

Meta-overfitting

Meta Overfitting Dynamics over HPO Trials (S5T2) Meta Overfitting Dynamics over HPO Trials (BoolQ)
030 1 Sampler 1471 sampler
— RS — RS
0.25 4 TPE 1.2 4 TPE
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g g o r
0.05 1
0.2 _’//
0.00 0.0
—0.05 1 T T T T T T T —0-21 T T T T T T T
o 5 10 15 20 25 30 o 5 10 15 20 25 30
HPO Trial HPO Trial
(a) GLUE: SST-2 (b) SuperGLUE: BoolQ

Figure 3: Average meta-overfitting (M) progression over 30 hyperparameter optimization trials for
Bayesian optimization (blue) and random search (orange), showing results of GLUE: SST-2 on the
left and SuperGLUE: BoolQ on the right.

Similarly, Figure 4 shows optimization studies using TPE to sample hyperparameter configura-
tions experience more overtuning in later trials, with overtuning from random search across both
tasks beginning to plateau earlier and with a lower value. This appears to be inconsistent with the
results of Schneider et al. (2025) [16], however it could be possibly be due to the vast differences
between the experiment structures.
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Overtuning
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Figure 4: Average overtuning (G) progression over 30 hyperparameter optimization trials for
Bayesian optimization (blue) and random search (orange), showing results of GLUE: SST-2 on the
left and SuperGLUE: BoolQ on the right.

4.2.2 Architecture effect

During the writing of this thesis, we were unable to find any prior work that investigates the
differences in meta-overfitting and overtuning due to language model architecture, as such the
following results could function as a baseline in future research.

Figures 5 and 6 each contain two sub-figures that show the trajectories of either meta-overfitting
or overtuning, showing their growth throughout the optimization trials for both tasks. The
trajectories in each sub-figure represent either decoder (blue) or encoder (orange) models, with
encoder models having consistently higher average meta-overfitting and overtuning. The difference
between the different architecture averages is always within a standard deviation, which makes it
difficult to disregard the possibility of random chance when considering the experiment contains
four models.
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Figure 5: Average progression of meta-overfitting over trials depending on model architecture with
a standard deviation band, for SST-2 (left) and BoolQ (right).
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Figure 6: Average progression of overfitting over trials depending on model architecture with a
standard deviation band, for SST-2 (left) and BoolQ (right).

trial meta-overfitting values by architecture then sub-grouping the distributions of parameter count.

combination of model architecture and parameter count, with decoder models showing less meta-

During the analysis of our results, we noticed that the combined effects of model architecture and
number of parameters showed a possible relation to meta-overfitting. To investigate this possible
effect, we generated a box plot for the meta-overfitting of each fine-tuning task (Figure 7), grouping

The generated Figure 7 supports this suspected relation between meta-overfitting and the

overfitting with more parameters while encoder models show more meta-overfitting with more
paramters.
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Meta-overfitting
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Figure 7: Box plot of per trial meta-overfitting (M) separated in each sub-figure by model
architecture (decoder on left, and encoder on right) and number of parameters (~ 32M in blue,
and > 5M in orange).

4.2.3 Parameter count influence

Similarly to model architecture, there appears to be no published works that study the influence of
language model parameter count on either meta-overfitting or overtuning, however Schneider et al.
(2025) [16] do mention that model flexibility influences the probability and magnitude of overtuning
and as such models with more parameters (i.e. higher flexibility) should demonstrate this relation.

Looking at the influence of just model parameter count in meta-overfitting shown in Figure 8,
we observe no signs of a relation. Small models (~ 32M parameters) and tiny models (> 5M
parameters) appear to have nearly identical growth trends across both tasks, and neither having
consistently more meta-overfitting. We take this as evidence that the number of model parameters
does not have a noticeable effect on the magnitude of meta-overfitting, meaning that meta-overfitting
is more affected by training influences or more significant model differences.

On the other hand, Figure 9 does show visual evidence that the number of model parameter
does influence overtuning, with tiny models having more exaggerated overtuning with further
possible growth had the trials continued as the values had not yet plateaued after 30 trials on the
SuperGLUE: BoolQ task.
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Figure 8: Average meta-overfitting (M) progression over 30 hyperparameter optimization trials
for small models under ~ 32M (blue) and tiny models > 5M (orange), showing results of GLUE:
SST-2 on the left and SuperGLUE: BoolQ on the right.
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Figure 9: Average overtuning (G) progression over 30 hyperparameter optimization trials for small
models under ~ 32M (blue) and tiny models > 5M (orange), showing results of GLUE: SST-2 on
the left and SuperGLUE: BoolQ on the right.

5 Conclusion and Further Research

In this thesis we tackled an academic gap in the field of hyperparameter optimization meta-overfitting
and overtuning, focusing on the automated fine-tuning of transformer-based small language models.
We provided empirical insights regarding the trajectories of both phenomena over trials, as well as
the effects of hyperparameter sampling method, model architecture, and number of parameters.
Our results found that both phenomena appeared in all combinations of tasks, samplers, and
models, with the trajectories of meta-overfitting continuing to grow till the 30th trial across
both examined classification tasks, while overtuning showed signs of reaching a plateau in later
trials. Additionally, the task with fewer data points showed significantly higher values for both
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meta-overfitting and overtuning, matching the results of Schneider et al. (2025) [10].

As for our investigations into the effects of different samplers, architectures, and parameter
counts, we found that the hyperparameter configuration sampling method resulted in visual evidence
of influencing the magnitude of meta-overfitting, as did the combination of model architecture
and parameter count. For overtuning we found that the sampling method was once again visually
evident as having an effect, with the addition of parameter count.

Through our empirical exploration we combine the fields of hyperparameter overfitting and
language model research, creating a framework for future studies as well as baselines that could be
directly used. We also publish the code and resulting detailed logs as artifacts for public use.

Further Research

Our experiments were limited by physical computational and time restraints, as running the experi-
ments took approximately two days. These constraints have reduced the number of models available
for use and limited the task possibilities to those with smaller training datasets. Additionally, the
coding complexity limited us to using classification tasks with accuracy being the most suitable
metric for binary classification, which prior work has shown to be more vulnerable to overtuning [16].

We attempted to add statistical testing to this thesis with the aim of strengthening the evidence
of the claims, however the base assumptions required for ANOVA testing are not met in our study,
the identification and execution of a suitable statistical test remains a direction for future work.

Further research can be done by incorporating the results of fine-tuning more models within
the same setup, allowing for more concrete proof of the observed outcomes. Another possible
modification to the original experiment that we consider worth further investigation is increasing
the number of trials in each hyperparameter optimization study, as this will allow clear observations
of the behavior of meta-overfitting over longer studies, as well as highlight the observed effect of
parameter count on overtuning.

Alternatively, a repetition of the same experiment with different tasks or metrics could prove to
be of high interest, as that would allow for comparisons usable in making generalizations. Finally,
expanding the work by including cross-validation, which is shown to mitigate both meta-overfitting
and overtuning, or a selection of the overtuning mitigation strategies discussed by Schroder et al.
(2026) [18] would ground the results to more common fine-tuning practices.
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A Expanding on task differences

Figure 10 shows the average meta-overfitting (M) and overtuning (G) trajectories of every model-
sampler combination over 30 fine-tuning trials in hyperparameter optimization studies on GLUE:
SST-2 and SuperGLUE: BoolQ, with the values for the smaller BoolQQ dataset being noticeably
larger in both phenomena with both tasks showing growth in meta-overfitting and overtuning.

Meta-overfitting comparison on GLUE: SST-2 Meta-overfitting comparison on SuperGLUE: BoolQ
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Figure 10: Top row: Average progression of meta-overfitting of various model /sampler combinations
over 30 trials from 30 hyperparameter optimization studies on SST-2 (left) and BoolQ (right).
Bottom row: Average progression of overtuning of the same trials.

By grouping each of our studied effects into box plot distributions we obtain Figure 11, in which
we can observe the relation of sampling method on meta-overfitting and overtuning (Figures 11a
and 11d) as Bayesian optimization shows more of each phenomena. We can also observe a large
difference in overtuning for parameter counts for BoolQ in Figure 11f, which is the primary cause
for the main effect statistically significant result. Finally, Figures 11b and 11le show signs of a
possible influence from model architecture which does not appear as statistically significant in any
of the ANOVA summaries, with encoder models having higher averages and denser distributions on
both meta-overfitting and overtuning compared to decoder models.
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Dataset Comparison: Final Meta Overfitting by Sampler
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Figure 11: Box plots show the calculated of meta-overfitting and overtuning when isolating based
on sampling method (left, 11a and 11d respectively), model architecture (center, 11b and 11e), and
number of model parameters (right, 11c and 11f).
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B Individual results of GLUE: SST-2

The progression of meta-overfitting (M, orange) and overtuning (G, blue) (Eq (8) and (9)) for
each model fine-tuned on GLUE: SST-2 are shown in Figure 12, with the mean trajectories for
Bayesian optimization and random search being split in both phenomena and bands surrounding
these trajectories being one standard deviation obtained from 30 repetitions.

Visually, decoder models (tiny-gpt2 and pythia) show more differences between the sampling
methods on both phenomena, while encoder models have less deviations in both sampling methods.
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Figure 12: Progression of average meta-overfitting and overtuning for individual models fine-tuning
on SST-2, with a standard deviation band obtained from 30 iterations.

The validation and test accuracy performance of progressive GLUE: SST-2 fine-tuning hyper-
parameter optimization trials are plotted in Figure 13, with each model being displayed in a row
and split by sampling method into two adjacent sub-figures. Each dot represents the accuracy
performance of a given trial with the x-axis representing performance on the validation dataset,
and the y-axis representing performance on the test dataset. Additionally, the color of each dot
indicates how far along the optimization study the trial is, ranging from blue to red to represent
start to end.

The larger models (pythia and MiniLM-uncased) show clear signs of being stuck with low
performance values, which we suspect might be do to the range of hyperparameter configuration
space. Obtaining a hyperparameter configuration that is not conducive to learning actual patterns
in the data could be causing the model to either consistently head towards less optimal weights, or
learn at such a low rate that the learning time is insufficient to have a noticeable improvement.

The decoder models performed worse on this binary classification task, with the best per-
formances being around the 84% to 92% range compared to the 92% to 96% range of encoders.
Bayesian optimization methods show higher concentrations of later trials near the best performance
estimates, while later trials are spread randomly across the performance ranges. Finally, comparing
the right-most trials (best validation) to the x=y baseline provides intuitive understanding on
why overfitting at the hyperparameter level could occur, which is especially clear when looking at
Bayesian optimization.
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Validation vs Test Accuracy of BO bert-uncased on GLUE: SST-2
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Figure 13: Accuracy performance results of each trial for all SST-2 fine-tuning studies, separated
by model and sampling method with each colored dot representing a trial.
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C Individual results of SuperGLUE: BoolQ

The progression of meta-overfitting (M, orange) and overtuning (G, blue) (Eq (8) and (9)) for each
model fine-tuned on SuperGLUE: BoolQ are shown in Figure 14, with the mean trajectories for
Bayesian optimization and random search being split in both phenomena and bands surrounding
these trajectories being one standard deviation obtained from 30 repetitions.

Visually, the larger models (pythia and MiniLM-uncased) experienced less variance and over-
tuning than the smaller models, while all models show increased meta-overfitting and overtuning
by the final trials when using Bayesian optimization regardless of size.

Meta-Overfitting (Random) Meta-Overfitting (Bayesian) ~ ----- Overtuning (Random) —-- Overtuning (Bayesian)
+1 SD Band (Random) +1 SD Band (Bayesian) +1 SD Band (Random) +1 SD Band (Bayesian)

tiny-gpt2 pythia bert-uncased MiniLM-uncased

Meta-Overfitting

Overtuning

0.51 4 0.5 1 0.5 4 0.51
< - o, o aiatided

.....
_________

e B / o Y
o — 1 s — 1 b —— — 1 e ————
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
HPQ Progress on BoolQ Dataset (Sequential Trials)

Figure 14: Progression of average meta-overfitting and overtuning for individual models fine-tuning
on BoolQ, with a standard deviation band obtained from 30 iterations.

The validation and test accuracy performance of progressive SuperGLUE: BoolQ fine-tuning
hyperparameter optimization trials are plotted in Figure 15, with each model being displayed in a
row and split by sampling method into two adjacent sub-figures. Each dot represents the accuracy
performance of a given trial with the x-axis representing performance on the validation dataset,
and the y-axis representing performance on the test dataset. Additionally, the color of each dot
indicates how far along the optimization study the trial is, ranging from blue to red to represent
start to end.

As the BoolQ dataset does not have many data points that could be used for training, most
models experienced a phenomena where they were sometimes unable to learn and improve their
performance with certain hyperparameter configurations. This resulted in the performances to
center around two values, with an exception of the bert-uncased model which did not appear to
encounter this worse performing local minimum.

The decoder models performed worse on this binary classification task, with the best per-
formances being around the 60% to 70% range compared to the 65% to 75% range of encoders.
Bayesian optimization methods show higher concentrations of later trials near the best performance
estimates, while later trials are spread randomly across the performance ranges. Finally, comparing
the right-most trials (best validation) to the x=y baseline provides intuitive understanding on why
overfitting at the hyperparameter level could occur.
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Validation vs Test Accuracy of BO bert-uncased on SuperGLUE: BoolQ
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D ANOVA

The ANOVA (analysis of variance) statistical method that can be used to compare the average
scores of multiple groups to see if any is significantly different from the others, which allows for
testing of the multiple groups without inflating the chances of statistical errors.

Due to the skewed distributions of meta-overfitting and overtuning, using normal factorial
ANOVA could result in false positives. However, there are a few ideas which could be explored
with regards to the selection of the statistical method, the first being the fANOVA method and the
second being running the experiments on more datasets to allow for the Wilcoxon Signed-Rank
test multiple times and accounting for multiple testing.

The summary tables below show the results of both the four-way ANOVA results which would
average the effects of both tasks and the task separated three-way ANOVA results, all tables show
the degrees of freedom, sum of squares, F-value, p-value, and ng. The results were originally only
considered the results of p-value to determine the significance and 7712, to determine the effect size,
a p-value equal to or less than .05 was taken as statistically significant and an 777% < .06 being a
small effect, ng < .14 is a medium effect, and 775 > .14 being a large effect. Significant effects are
highlighted in both bold and underline.

Table 5 shows that task choice had a significant effect on both meta-overfitting and overtuning
(p-values under .001 for both phenomena) and the effect size was of a medium scale, these results
highlight the importance of taking the underlying fine-tuning task into account when making any
assumptions regarding the effects.

Hyperparameter configuration sampling method is shown to have a statistically significant effect
of a small scale as a main effect to both meta-overfitting and overtuning, while model parameter
count showed a significant effect of small scale on overtuning on its own and when combined with
task choice. Model architecture didn’t show a significant effect on either phenomena on its own,
however the interaction with model parameter count did on a small scale for meta-overfitting
even after adding the interaction with task. All other effects and interactions are statistically
insignificant.

Tables 6 and 7 provide a summary of the ANOVA results for the separated GLUE: SST-2 and
SuperGLUE: BoolQ performances respectively, which together highlight the observation that the
studied effects had more significance in the smaller BoolQ task. This observation does not change
our stated results from Table 5, as they are the number of data points from each task are equal
and therefore the outcomes are averaged out to better match datasets which neither highlight
nor inhibit the influence of our studied effects. This point is broadly addressed in Section 5 and
Appendix A, which states the benefits of introducing different tasks and conducting the experiment
with different models.
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Table 5: Four-way ANOVA results for meta-overfitting and overtuning

Meta-overfitting Overtuning

Source df SS F p SS F p
Main Effects

Task (T) 1 64.773 57.425 .000 .110| 7.170 48.096 .000 .094
Sampler (S) 1 6.931 6.144 .014 .013 | 0.622 4.171 .042 .009
Architecture (A) 1 1.275  1.130 288 .002 | 0.038 0.254 .614 .001
Parameter count (P) 1 0.107  0.095 .758 .000 | 1.024 6.867 .009 .015
2-Way Interactions

T xS 1 3.912 3.468 .063 .007 | 0.228 1.532 .216 .003
T x A 1 0.686 0.608 .436 .001 | 0.038 0.254 .614 .001
T x P 1 0.759 0.673 .412 .001 | 0.757 5.081 .025 .011
S x A 1 0.020 0.018 .894 .000 | 0.300 2.015 .156 .004
SxP 1 0.007  0.006 .936 .000 | 0.044 0.293 .589 .001
AxP 1 11.210 9.938 .002 .021 | 0.016 0.109 .741 .000
3-Way Interactions

TxSxA 1 0.177  0.157 .692 .000 | 0.141 0.946 .331 .002
TxSxP 1 0.004 0.004 .951 .000 | 0.122 0.816 .367 .002
TxAxP 1 9.667 8.570 .004 .018 | 0.021 0.142 707 .000
SxAxP 1 0.419 0.372 542 .001 | 0.036 0.243 .622 .001
4-Way Interaction

TxSxAxP 1 0.041  0.037 .848 .000 | 0.009  0.060 .807 .000
Residual (Error) 464 | 523.372 - - ~169.171 - - -

Table 6: Three-way ANOVA results for meta-overfitting and overtuning from GLUE: SST-2

Meta-overfitting Overtuning
Source df SS F p SS F p
Main Effects
Sampler (S) 1 0.214 1.167 .281 .005 | 0.048 5.641 .018 .024
Architecture (A) 1 0.045 0.247 .620 .001 | 0.000 0.000 1.000 .000

Parameter count (P) 1 0.148 0.806 .370 .003 | 0.010 1.170  .280 .005
2-Way Interactions

S x A 1 0.158 0.860 .355 .004 | 0.015 1.737 .189 .007
S x P 1 0.000 0.001 975 .000 | 0.010 1.144  .286 .005
AXxP 1 0.029 0.155 .694 .001 | 0.000 0.019 .891 .000
3-Way Interactions

SxAxP 1 0.098 0.536 .465 .002 | 0.005 0.538 .464 .002
Residual (Error) 232 | 42.616 - - —11.985 - - -
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Table 7: Three-way ANOVA results for meta-overfitting and overtuning from SuperGLUE: BoolQ

Meta-overfitting Overtuning
Source df SS F p SS F p
Main Effects
Sampler (S) 1 10.628  5.129 .024 .022 | 0.802 2.769 .097 .012
Architecture (A) 1 1.915 0.924 337 .002| 0.038 0.254 .614 .001

Parameter count (P) 1 0.718 0.347 .557 .000 | 1.024 6.867 .009 .026
2-Way Interactions

S x A 1 0.039 0.019 .891 .000 | 0.427 1.473 .226 .006
S x P 1 0.011  0.005 .941 .000 | 0.155 0.537 .464 .002
AxP 1 20.848 10.061 .002 .042 | 0.037 0.129 .720 .001
3-Way Interactions

SxAxP 1 0.362  0.175 .676 .001 | 0.041 0.140 .709 .001
Residual (Error) 232 | 480.756 - - — | 67.186 - - -
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