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Abstract

Learning curves show the relationship between an algorithm’s performance and the amount of
training data, shedding light on its learning behaviour. This information proves valuable in
machine learning tasks such as model selection or data acquisition. To use learning curves
for these purposes, it is crucial to study and improve our understanding of the wide range
of learning curve behaviours and shapes. Consequently, previous studies contributed to this
goal by producing learning curve databases, enabling researchers to study learning curves
more effectively. Our thesis contributes by building a learning curve database that uniquely
focuses on learning curves for various hyperparameter configurations of the gradient boosting
algorithm. We describe the process of creating the database and briefly analyse the learning
curves to study their behaviour. To showcase the value of our learning curve database, we
conduct two experiments focused on machine learning tasks. In these experiments, we observed
that the gradient boosting surrogate outperformed both the random forest and ridge models
in predicting learning curves for unseen configurations. Separately, we found that mmf4
performed better than random forest and the baseline in terms of accuracy, while random
forest outperformed the others in ranking performance. Although we succeeded in producing
a learning curve database and demonstrated its potential to support research, future work
could improve various aspects of the database. The experiments also have room for refinement.
Future research would improve the setup, include statistical testing, and focus more on the
behaviour and shapes of curves.
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1 Introduction

In machine learning, the learning curve is a widely used tool for visualising an algorithm’s learning
behaviour. It typically depicts the performance relative to a specified resource. We denote two
types of learning curves [10]. Iteration-wise curves illustrate a model’s performance over the number
of training iterations (e.g., epochs), as commonly seen with neural networks. Sample-wise curves
instead depict the performance for different amounts of training data.

Recent studies highlight the utility of learning curves in machine learning tasks [10, 16]. For
instance, in model selection, learning curves allow us to estimate which models will perform better
than others. This enables us to discard less promising candidates early and allocate resources to
those with greater potential. Furthermore, methods such as learning curve extrapolation can help
determine the value of training models with additional resources, which allows us to estimate the
minimum resources needed to obtain a sufficiently performing model.

Learning curves do not always show the same shapes and behaviours, which means using them for
these tasks is not as straightforward. For instance, it becomes easier to extrapolate learning curves
when they align well with a parametric formula. However, extrapolating models may struggle when
the curves exhibit ill behaviour. Various types of ill-behaviours exist, as displayed in Figure 1, and
studying these different learning-curve behaviours is essential if we want to utilise learning curves
effectively in machine learning.

Peaking Dipping Phase Transition
0.6 0.9 4
o 0.25 4 0.4+ 06 4 .
0.20 0.3
24 <
02 o5 | . 0.4 o7 d
1] 1 HI!H] ZI]‘UU 0 |l|!IMlI\ 2["‘!\]” 0 |UlIP|]ﬂ Elﬁllllﬂ ‘!”[‘IUIJ 0 '_’“Hl 100 0 '3!"‘]\ i} 10000
non-monotone non-monotone non-monotone non-monotone monotone
non-convex non-convex convex non-convex non-convex

Figure 1: Ill-behaved learning curves on OpenML CC-18 datasets, plotting validation error against
training set size. They illustrate phenomena such as peaking, dipping, and sudden phase transitions.
Taken from [17].

Several empirical learning curve databases were developed to facilitate studies on learning curves.
The most extensive of these is the Learning Curve Database (LCDB) [11], containing sample-wise
curves for a variety of algorithms and datasets. They built on the original database in LCDB 1.1
[17] , improving the methodology and addressing issues from the previous version.

However, existing databases tend to focus on many different algorithms and datasets at the
cost of using only the default or a few distinct hyperparameter configurations per algorithm. With
our thesis, we want to build a learning curve database that does the opposite.



1.1 Contributions

The primary purpose of our thesis is to develop a learning curve database for various configurations
of the gradient boosting algorithm and demonstrate its utility in machine learning tasks such as
model selection and data acquisition.!

We focus on a single algorithm, gradient boosting [1], and produce 1,000 unique configurations for
each of ten classification datasets. Thus, we limit the number of algorithms and datasets to create
a large quantity of configurations. For each configuration, we perform nested cross-validation and
record the validation and test scores for different amounts of training data. This allows us to build
sample-wise learning curves for each dataset, where each curve corresponds to a unique configuration.

In addition to a brief visual analysis of our learning curves, we conduct two experiments where
our learning curves are used for a specific machine learning task to validate the utility of our database.

In the first experiment, we train surrogate models on our learning curves and their corresponding con-
figurations. Then we analyse and compare how the trained models predict learning curves for unseen
configurations. This task addresses hyperparameter optimisation; how surrogate models that map
configurations to learning curves can be leveraged to predict the performance of other configurations.

For the second experiment, we extrapolate partial curves of various sizes to a fixed target, using
different types of models. We evaluate and compare these models using several performance metrics,
enabling us to study their strengths and weaknesses for this task.

1.2 Thesis outline

In Section 2, we review related work on learning curves and their use in supervised learning, including
works on learning curve databases. Section 3 describes the database design and implementation.
Additionally, it contains a brief visual analysis of the created learning curves. Section 4 presents
the experiments, including the setups, results, and analyses. Section 5 concludes with a summary
of the thesis, listing the key findings and results of our work. It also discusses the limitations and
possible improvements for future research.

!Database available: https://github.com/Rivdnb/Experimental-learning-curve-database


https://github.com/Rivdnb/Experimental-learning-curve-database

2 Related Work

In this section, we introduce the use of learning curves in machine learning, specifically supervised
machine learning, and discuss relevant work that has inspired this thesis. We also explain how our
thesis contributes compared to other similar research.

2.1 Literature reviews: Use cases & Curve characteristics

Two recent literature reviews provide complementary perspectives on learning curves in supervised
learning. They extensively discuss potential applications of learning curves in research and conclude
that further research is needed to deepen our understanding.

The authors of [10] provide a survey oriented towards methods that use or extrapolate learn-
ing curves to support decision-making in supervised learning. They categorise literature along three
axes: the decision-making situation, the technical question at hand, and the resources used for
modelling the learning curve.

In contrast, the authors of [16] comprehensively discuss the shapes and properties of learning curves,
such as monotonicity, convexity, and peaking. They dive into the origins of learning curves and
related terminology, and reinforce the importance of understanding these shapes for research and
other applications.

MNlustrated in Figure 2, they list at least three different decision-making situations in which
learning curves serve as a crucial instrument.

1. Quantitative data acquisition: This situation entails determining the required amount of data
to achieve a satisfactory performance. We can extrapolate learning curves to estimate the
performance benefit of acquiring additional training data.

2. Early stopping of model training: It can be valuable to stop training as soon as possible
to minimise the use of training resources. For instance, if we can predict when a model’s
performance becomes satisfactory, we can stop training early and save on resources.

3. Early discarding in model selection: Learning curve extrapolation enables us to estimate which
models may perform better than others down the line. We can apply this in model selection,
where we aim to discard non-competitive candidates as early as possible. Successive halving
[6] and Hyperband [3] are examples of techniques that exploit learning curve information by
evaluating and discarding candidates at different points of the curves.
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Figure 2: According to [10], there are three types of decision-making situations in which learning

curves are commonly used. In these figures, the x-axis represents the budget in a given unit, and
the y-axis represents performance measured by a given metric. Taken from [10].

They also separate modelling approaches utilising learning curve models from those that do not.
Learning curve models fit functional relationships to a partial curve to extrapolate the curve. Curve
properties, such as smoothness and monotonicity, can affect the performance of these models. To
cope with this, practical implementations contain counter-measures such as restarts, parameter
bounds, and discarding poor fits.

However, other approaches can also answer many questions regarding learning curves. Surro-
gate models [3] serve as a relevant example for our thesis. These models can use information from
other learning curves to predict learning curve values for different learners.

2.2 Learning curves databases

The main inspiration for this thesis is the Learning Curves Database (LCDB). This research aimed
to enable robust studies of learning curves to increase our shared understanding of their behaviour
and shapes. Two different iterations of the LCDB were published:

In LCDB 1.0 [11], the authors created an initial database of sample-wise learning curves gen-
erated from various classification algorithms and datasets. They used the database to analyse the
presence of learning curve behaviours. They concluded that the majority of learning curves do not
exhibit ill-behaviour but instead display behaviours such as monotonicity and convexity.

However, the authors of the next iteration, LCDB 1.1 [17], found these conclusions premature and
performed a deeper analysis on the frequency of various learning curve behaviours. Through this
analysis, they aimed to discover how these behaviours affect tasks such as curve fitting and model
selection. They also improved the database by addressing previous limitations. Some examples of
improvements include: adding feature scaling, handling missing data, and improving the learning
curve resolution.



The authors found a significant amount of ill-behaviour using their improved LCDB 1.1, which
contrasts with the findings in the LCDB 1.0 paper. They described their findings on curve ill-
behaviours, discussing their frequency and differences for various learning algorithms. They conclude
that many causes of ill-behaviour remain unknown, and hope that their database enables researchers
to investigate them.

This thesis draws substantial inspiration from the LCDB papers, particularly in their meth-
ods for creating learning curves. However, the LCDB papers and our thesis differ in multiple
aspects. Aside from the scope of the study, the main difference lies in that our database contains
curves from many configurations of a single learning algorithm. In contrast, their database con-
sists of curves for many different learning algorithms but only deploys their default hyperparameters.

Another difference lies in their experiments, which focus on studying the behaviour and char-
acteristics of learning curves. Instead, our experiments focus on showcasing the utility of our
learning curve database in supervised learning tasks.

Other notable works on learning curve database include the LCBench [18], Task-Set [9], and
BUTTER [2]. They focus on epoch-wise curves for neural networks, making them incomparable to
this thesis and the LCDB papers, which instead focus on sample-wise curves.



3 Development of the learning curve database

This section covers the methods and details of creating the learning curve database. We focused on
only one learning algorithm: gradient boosting. This algorithm incrementally combines multiple
base learners to form a prediction. We chose the scikit-learn [12] GradientBoostingClassifier imple-
mentation, which uses regression trees as base learners.

This implementation has multiple hyperparameters that influence the algorithm’s functioning
and performance. We measure performance for different hyperparameter values while also varying
the amount of training data. As a result, we created learning curves for different hyperparameter
values.

3.1 Attributes of a learning curve

Each learning curve has a corresponding hyperparameter configuration. We describe a hyperparam-
eter configuration in our case as a 6-tuple of hyperparameter values (Ir, est, md, mss, msl, ss). In
other words, a combination of values assigned to these six hyperparameters is called a hyperparam-
eter configuration, or a configuration for short. Table 1 shows the description and possible values of
the hyperparameters. The ranges partially align with recent work [13].

Hyperparameter Description Data type Range Sampling
Decides how much an in-
Learning rate (Ir) dividual tree contributes float64 [0.01,0.2] log-uniform

to the predictions.

N _estimators (est) 226u22§1?§; gigj;‘;;eam’ int64 {50,51,...,300} uniform

The maximum tree depth

Max._depth (md) of the base learners.

int64 {3,4,...,20} uniform

The minimum samples re-
Min_samples_split (mss) quired to split an internal int64 {2,3,...,8} uniform
node.

The minimum samples re-

Min_samples_leaf (msl) quired at a leaf node. int64 {1,2,3,4} uniform
The fraction of samples
Subsample (ss) used to fit the base learn- float64 [0.5,1.0] uniform

ers.

Table 1: The gradient boosting hyperparameter selection. We give the value range, data type,
sampling method, and a short description for each hyperparameter. Hyperparameters as taken
from scikit-learn [12].



We produced the configurations by randomly sampling values within the ranges shown in Table
1. Our learning curves show the cross-validation performance of a configuration across different
training data sizes. We specifically implemented nested cross-validation, as described in more detail
in Section 3.4.

We refer to the different training set sizes as anchors, which aligns with recent work [11]. We
formally define the anchors as follows.

ni — { [16 - 28/2] |k € ZT} = [16,23,32, ...]

We generated the learning curves for our database by averaging the cross-validation accuracies for
each anchor. Figure 3 shows an example of a produced learning curve with the mean cross-validation
accuracy and standard deviation given per anchor.
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Figure 3: Example of a produced learning curve. The bold line represents the mean cross-validation
accuracy, while the shaded area represents the standard deviation of the accuracy over all folds.

3.2 Datasets

To obtain a diverse range of performance landscapes, we gathered 10 different datasets that produced
unique sets of learning curves.

We selected datasets from OpenML [15] based on specific attributes. These attributes are the
number of instances, dimensionality, and the majority class percentage. Using filtering, we selected
the most downloaded and liked datasets that do not contain missing values.



Some datasets include categorical features; however, we did not apply preprocessing, as they were
already label-encoded. Lastly, we decoded any UTF-8-encoded values to enable the data to work
with the gradient boosting classifier. We show the selection of datasets and their attributes in Table
2.

Dataset (ID) #lInstances #Features Categorical? #Classes Majority class %

texture (40499) 5500 41 N 11 0.091
mfeat (12) 2000 217 N 10 0.100
waveform (60) 5000 41 N 3 0.338
EEG (1471) 14980 15 N 2 0.551
banknote (1462) 1372 5 N 2 0.555
steel (1504) 1941 34 N 2 0.653
phoneme (1489) 5404 6 N 2 0.706
nomao (1486) 34465 119 Y 2 0.714
blood (1464) 748 5 N 2 0.762
churn (40701) 5000 21 Y 2 0.858

Table 2: The dataset selection with the number of instances, features, and classes. We also include
the OpenML dataset IDs and the majority class percentage, and show which datasets contain
categorical features.

3.3 Implementation and Hardware

Due to the computational cost of generating learning curves, a single computer system was insuf-
ficient for this task. Therefore, we performed this work using the computing resources from the
Academic Leiden Interdisciplinary Cluster Environment (ALICE)? provided by Leiden University.

ALICE provided ample CPUs, enabling us to parallelise and speed up the creation of the learning
curves. We utilised different partitions that differ in CPU hardware specifications, as documented
in the ALICE wiki. Although the partitions differ in hardware, all runs used the same Python and
library versions. We also applied fixed random seeds per dataset, as described in Section 3.4. These
measures resulted in semi-reproducible learning curves, since slight variations may appear due to
hardware differences.

We wrote the script that generated the learning curves in Python. Instances of this Python
script generated a random configuration at run-time and then produced a learning curve corre-
sponding to it. It then stores the learning curve in a JSON file corresponding to the used dataset.
We can create multiple learning curves per instance, but we produced only 1 to 2 per instance
because ALICE enabled us to run hundreds of instances simultaneously.

2ALICE wiki: https://pubappslu.atlassian.net/wiki/spaces/HPCWIKI/pages/37519361/ALICE
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3.4 Methods

We generated 1,000 unique configurations of the gradient boosting classifier for each dataset. Then,
we performed nested cross-validation [14] with each configuration to create the learning curves. The
nested cross-validation consisted of five outer splits, each with five inner splits, yielding a total of
25 inner splits.

In this section, we will describe the process of our nested cross-validation, visually presented
in Figure 4. This process largely aligns with the methods from recent work. [17] We will conclude
this section by explaining how the nested cross-validation forms the learning curves.

Dataset

. - 20

D_I'U(__'.
00" Inner split (5x) 282
Inner Train Inner Validation

Repearedly subsample (16,23,...)
¥

. Inner Train
. Subsample

Figure 4: The process of our nested cross-validation. The blue and red areas represent the outer
and inner sections, respectively.

3.4.1 Outer & Inner split

First, we randomly shuffled the dataset and split it into an outer training set and an outer test set
with a 90%/10% ratio. We stratified our splits to maintain the class balance in the test set. We
used a fixed seed per dataset, which allows fair comparisons between

Secondly, we performed an inner split, which divided the outer training set into an inner training
set and an inner validation set. Similarly to the outer split, we stratified the split with a 90%/10%
ratio. We tied the random seed of an inner split to the dataset and to the outer split iteration. This
design allows each outer split to have different inner splits, while maintaining consistency between
anchors and configurations.



3.4.2 Subsampling, training & validation

At this stage, we subsampled the first « instances from the inner training set to match anchor
«. We then trained the classifier on this subsample and validated it on the inner validation set,
yielding an accuracy score [12]. The trained classifier is also tested on the outer test fold, also
yielding an accuracy score.

3.4.3 Creating the learning curves

We repeated this process for each of the 25 inner splits and performed the complete cross-validation
for every anchor. Thus, for each anchor, we obtained 25 individual validation and test scores, along
with the mean validation and test scores. We subsampled the anchors monotonically, meaning the
subsample of an anchor is always a subset of a larger anchor.

The individual and mean scores per anchor are saved, together with the corresponding con-
figuration, dataset, and random seed. We also save the run-time per configuration, but we do not
use it in this work. Importantly, we used only the mean validation scores per anchor to build
learning curves in this thesis. However, it is entirely possible to form learning curves using the
mean test scores from our database, or even a combination of the two types of scores.

3.5 Visual inspection

We produced 1,000 learning curves per dataset. The learning curves show differences in behaviour
between datasets, which we analyse in this section. Analysing the learning curves can help us
understand the impact of these different behaviours on specific tasks, such as learning curve
extrapolation (Section 4.2).

First, we created the mean learning curve for each dataset. Since each learning curve contains a
configuration’s cross-validation score for each anchor, we can average the scores per anchor across
all learning curves to obtain the mean learning curve for a dataset. It is important to note that
in this visual inspection, the cross-validation scores are equal to the mean validation errors for a
configuration, rather than the mean validation accuracies.

Figure 5 shows the mean learning curves. These should roughly represent the learning curves
per dataset in shape. We observe differences in the steepness and shapes of the curves. For ex-
ample, the blood curves tend to be flatter than curves of other datasets, while the mfeat curves
seem steep at the first anchors and flatten afterwards. Another example is the S-shaped EEG curves.

Secondly, we examine the interquartile range (IQR) of cross-validation scores to analyse the
variation in the curve sets. The IQR represents the amount of variation in cross-validation scores
across configurations. We calculated the IQR per anchor as the difference between the 25th and
75th percentiles of cross-validation scores for that anchor.

10
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Figure 5: The mean learning curves for each dataset. The x-axis shows the anchors, and the y-axis
shows the mean cross-validation scores across configurations.
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Figure 6: The IQR of the learning curves for each dataset. The x-axis shows the anchors, and the
y-axis shows the IQR of the cross-validation scores.
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In Figure 6, we show the IQR of the learning curves. We observe significant differences between
the datasets. We show the learning curve distribution of the EEG and nomao datasets in Figure 7
to illustrate these differences. We see in Figure 7a that the variation of the EEG learning curves
significantly increases in the higher anchors. In contrast, we see in Figure 7b that there is less
variation in the nomao learning curves.
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(a) Distribution of the EEG learning curves,
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(b) Distribution of the nomao learning curves

Figure 7: The distribution of the EEG and nomao learning curves, represented by the five-number
summary over the anchors. The solid lines on the outside represent the minimum and maximum;
the darker-shaded area represents the IQR; and the dashed line represents the median.
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4 Database usage: Curve prediction & Extrapolation

We conducted two experiments to demonstrate the use cases of our database in research and
machine learning. In the first experiment, we trained surrogate models on our generated learning
curves to predict learning curves for unseen hyperparameter configurations. The second experiment
involves learning curve extrapolation, where we train models on partial curves and assess their
extrapolation performance across different fronts.

4.1 Surrogate model performance

For this experiment, we train different regression models on learning curves and their corresponding
configurations. The regressors then predict learning curves for unseen configurations. We will
analyse the surrogates’ performance for every dataset and also inspect the performance differences
between anchors.

4.1.1 Surrogate models

Table 3 shows the selection of surrogate models. We chose a limited number of models that work
well out of the box. These include two ensemble learners: random forest and gradient boosting,
alongside a linear learner with ridge. We used the scikit-learn [12] implementation of these three
models. This selection enabled comparison among different ensemble models, with the linear model
serving as a baseline. To save time and keep the experiment simple, we chose not to optimise the
models’” hyperparameters and instead used their default values.

Regression model Description Citation
An ensemble learner, fits and aver-
RandomForestRegressor ages the predictions of multiple decision [1]
trees.

An ensemble learner, incrementally com-
GradientBoostingRegressor bines multiple regression trees to form [/]
a prediction.

A regularised linear regression model,
Ridge using linear least squares as loss func- [7]
tion with L2 regularisation

Table 3: The regression models selected to function as surrogate models. We included a short
description of the models.

13



4.1.2 Setup

The setup for this experiment was a 5-fold cross-validation. Since we had 1,000 learning curves
per dataset, splitting resulted in each fold containing 200 learning curves. We shuffled the learning
curves before the split to increase fold-to-fold variation. We also implemented controlled randomness
to shuffle the curves by tying the random seed to the current iteration.

Then, we trained the surrogate models on four training folds and validated them on the re-
maining fold. We repeated this process for five iterations, where each iteration a different fold served
as the validation fold. We chose to train and validate the models on the full learning curves, using
the configurations as features. The learning curves themselves served as the labels, represented as a
series of scores. We performed 10 cross-validation iterations for each dataset, yielding a total of 50
distinct validation folds per dataset.

4.1.3 Performance Metric

For each predicted learning curve in the validation set, we calculated the prediction error per anchor
and also the mean error over all anchors. We considered the root mean square error (RMSE) and
the mean absolute error (MAE) to evaluate the models. The RMSE emphasises lower error values
more than the MAE. We decided that the RMSE was a better fit, since the surrogates produced
relatively small error values.

4.1.4 Results

In this section, we discuss the results of this experiment. We first compare the performance of
the surrogates per dataset. Then, we compare the surrogates’ performance in predicting different
anchors of the learning curves.

Figure 8 shows a violin plot of the surrogates’ performance per dataset. Each violin represents the
distribution of RMSE scores across 50 validation folds for a specific surrogate-dataset combination.
We observe that the random forest and gradient boosting surrogates outperform the ridge surrogate
for all datasets. Furthermore, we note that the gradient boosting surrogate slightly outperforms
random forest across most datasets while exhibiting less variance.

Interestingly, the performance gap between surrogates is more pronounced for datasets such
as EEG, texture, and mfeat. This disparity may stem from the learning curves of these datasets,
which display more variance than those of other datasets, as illustrated in Figure 6.

Lastly, the violins for the steel dataset exhibit greater performance variance than those for other
datasets. We can again attribute this to the learning curves of this dataset, which display more
variance in the middle anchors and near-zero variance in the higher anchors, as shown in Figure 6.
This difference in variance likely accounts for the variation in the surrogates’ performance.

14
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Figure 8: Violin plot of the models’ RMSE scores per dataset. Each violin contains a box-and-whisker
plot that displays the distribution of RMSE.

In Figure 9, we show the surrogates’ performance for different anchors. While we generally observe
higher RMSEs in the early anchors and lower ones in the later ones, we also see inconsistent
relationships between RMSE and anchor size. Instead, it is more likely that performance is affected
by the variance in the learning curves, especially since we use only 10 datasets. If we compare
Figure 9 with Figure 6, we can see that the variance of the steel and EEG curves correlates with
the RMSE increase in Figure 9 around the 91 and 2048 anchors, respectively.

15
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Figure 9: The performance of the surrogate models for each anchor. The solid lines represent the
mean RMSE over all datasets, while the dotted lines indicate the median RMSE over all datasets.
To ensure a fair comparison of performance among the anchors, we include only the anchors that
appear in at least half of the datasets.

To provide more insight, we show the surrogate model’s performance across anchors for the EEG
and steel datasets in Figure 10. The aforementioned correlation between the variance of the
learning curves and the performance of the surrogates is clearly reflected again in Figures 6 and
10. Interestingly, ridge seemed to be impacted more by this correlation than the other two surrogates.

In summary, there is strong evidence that ensemble learners, such as random forest and gra-
dient boosting, are better at predicting learning curves for unseen configurations than a linear
model like ridge. The models’ performance also seemed to depend mainly on the amount of variance
in the learning curves, which can vary across datasets and anchors.
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(a) Surrogate models’ mean and median RMSE per anchor for the EEG dataset.
0.035
—&— Random Forest
Gradient Boosting
—— Ridge

0.030

0.025

0.020
[50]
[}
=
o

0.015

0.010

0.005

0.000
16 23 32 46 64 91 128 182 256 363 512 725 1024 1449

Anchor

(b) Surrogate models’ mean and median RMSE per anchor for the steel dataset.

Figure 10: The surrogate models’ performance per anchor for the EEG and steel datasets. The solid
lines represent the mean RMSE, while the dotted lines indicate the median RMSE. The x-axis
labels are inconsistent across the figures because the datasets have different numbers of anchors.
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4.2 Learning curve extrapolation

In this experiment, we assess our models’ ability to extrapolate learning curves. The models
extrapolate partial curves of different sizes to a set target anchor. In short, the goal is to compare
the models’ performance in learning curve extrapolation while observing the impact of different
partial curve sizes.

4.2.1 Models

We picked two different types of models. Firstly, we chose the mmf4 model to represent learning

curve models. This choice aligns with recent work [I 1], where this model performed best at their
extrapolation task. Secondly, we chose scikit-learn’s [12] random forest regression model to contrast
mmf4.

We did not perform hyperparameter optimisation because we did not want the models to have
access to the target anchor’s scores. We set the model hyperparameters to their default values for
simplicity.

4.2.2 Process

In this experiment, we define the partial curves as the learning curves that the models extrapolate
to a target anchor. The target anchor is the anchor for which the models predict a score.

At the start, the partial curve only consists of the first anchor ’16’. Then we iteratively add
the following anchors until the partial curve includes all the anchors preceding the target anchor.
We chose 2897 as the target anchor so that at least half of the datasets can extrapolate to it.
Table 4 shows the selection of datasets for this experiment.

Dataset (ID) #Instances F#Features Categorical? #Classes Majority class %

texture (40499) 5500 41 N 11 0.001
waveform (60) 5000 41 N 3 0.338
ceg (1471) 14980 15 N 2 0.551
phoneme (1489) 5404 6 N 2 0.706
nomao (1486) 34465 119 Y 2 0.714
churn (40701) 5000 21 Y 2 0.858

Table 4: The dataset selection for this experiment. We include the OpenML dataset ID [15], the
majority class percentage, and the numbers of instances, features, and classes. We also show which
datasets contain categorical features.

We trained the random forest model on all the partial curves at once. The model would then predict
the test anchor score for each curve. We fit the mmf4 model on each partial curve separately, and
then extrapolated it to the target anchor. To fit the model, we were allowed to perform five random
restarts if the training MSE exceeded 100, and we used the best parameters based on the training
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MSE. For this, we make use of a fixed random seed. This mmf4 setup mostly aligns with recent
work [11].

We chose this setup because we wanted the models to use information only from the partial
curves. In different contexts, where we would train models on another set of full curves, for example,
it would be unsuited to compare regressors like random forest to mmf4, which is not inherently
able to utilise other curves as information.

We compare the two models with a baseline called 'Last’. This baseline aligns with recent work
[7, 11]. To create this baseline, we used the same datasets and learning curves to iteratively grow
partial curves, with the target anchor set to 2897. The baseline is then built iteratively by using
the last anchor in the partial curves as the prediction. The target anchor scores again serve as the
true scores.

4.2.3 Performance Metrics

We decided to use the RMSE as the measurement metric for similar reasons as the first experiment.
We also measured the ranking performance with a metric called Top-100 precision error. It represents
the set difference between the top 100 scores in the actual ranking and those in the ranking of the
model’s predictions.

4.2.4 Results

0.30
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—=— MMF4
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16 23 32 46 64 91 128 182 256 363 512 725 1024 1449 2048
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Figure 11: The learning curve extrapolation performance in RMSE. The solid lines represent the
mean RMSE over the datasets, while the dotted lines represent the median RMSE over the datasets.
The shaded area represents the interquartile range. The x-axis shows the last anchor in the partial
curves, with the target anchor set to 2897.
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In Figure 11, we display the extrapolation performance in RMSE for different partial curve cut-offs.
We notice that the performances of the random forest and Last models are nearly identical. Since
the random forest model is trained only on partial curves and lacks information about the target
anchor, we theorise that the tree-based design leads it to extrapolate toward the score of the highest
anchor it has seen, which would be the last anchor in the partial curve.

On the other hand, we observe that the mmf4 model clearly outperforms the other models,
particularly after the first few anchors. However, for the last two anchors, it struggles to do the
same. Since the learning curves tend to flatten out at these anchors, it becomes hard to outperform
Last and, consequently, random forest.
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Figure 12: The learning curve extrapolation performance in Top-100 precision error. The solid lines
represent the mean error across datasets, while the dotted lines represent the median error across
datasets. The shaded area represents the interquartile range. The x-axis shows the last anchor in
the partial curves, with the target anchor set to 2897.

In Figure 12, we show the extrapolation ranking performance for different cut-offs in the partial
curves. This metric measures their ability to predict the ranking of the actual scores. We observe
that random forest slightly outperforms the baseline and clearly outperforms mmf4, especially in
the higher anchors. The random forest model likely benefits from being trained on the learning
curves and having access to their configurations, which mmf4 and Last miss out on.

To summarise, we observed how the models perform at extrapolating in different aspects. mmf4
performed best at extrapolating exact scores for unseen anchors, whereas random forest struggled
in this setup. However, we observed that random forest performed best at predicting rankings of
scores for unseen anchors, due to its ability to leverage learning curve configurations for predictions.
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5 Conclusions

In this section, we summarise our thesis, state our conclusion, and discuss the limitations of our
research. We also address the possibilities for future research.

5.1 Summary and Concluding Remarks

This thesis produced a new learning curve database, focusing on curves of various unique hyper-
parameter configurations of the gradient boosting algorithm. These curves were briefly analysed
and then used in two experiments, demonstrating how this database can support machine learning
tasks.

We wrote a Python script to produce the learning curves and ran it on the ALICE computer cluster.
In the script, we performed cross-validation with the gradient boosting algorithm for different
hyperparameter configurations. We used various amounts of training data (anchors), for which
the validation and test performance were produced and stored. Instances of our database consist
of these scores, plus information such as the used random seed, run time, and the corresponding
configuration and database. The validation and test scores can both serve to create learning curves,
but for our thesis, we built them only using the mean validation scores per anchor.

By visually inspecting the learning curves, we found differences in curve behaviour across datasets,
including characteristics like curve shapes and variation. We found that the curve variation can
differ significantly between datasets and also among anchors within each dataset. These observations
provided insights into the wide range of learning curve behaviours and offered context for the two
experiments that utilised these curves.

These two experiments aimed to demonstrate how our database supports machine learning research
tasks. In the first experiment, we predicted learning curves for unseen hyperparameter configurations
with surrogate models. We trained these surrogates on full learning curves and then performed
regression in a cross-validation setup. The results showed a diverse range of surrogate performance
for multiple sets of learning curves. We produced a violin plot of their error rate and found that
the random forest and gradient boosting surrogates outperformed ridge for all datasets. We also
observed that across most datasets, gradient boosting slightly outperformed random forest in terms
of error and consistency.

We also plotted the surrogates’ error rate for different anchors. We analysed the mean, median, and
interquartile range to study their performance. We generally observed an inconsistent relationship
between error rate and anchor size. However, we speculated that the variance in performance
correlated with the variance of the learning curves. To further investigate this, we inspect the
surrogates’ performance for two different sets of learning curves. We observed the aforementioned
correlation again in these results and therefore concluded that the performance of these models
likely depends on the variance of the learning curves set.

The second experiment entailed learning curve extrapolation, using different types of models.
We decided to compare a learning curve model with a regressor, represented by the mmf4 model

21



and the random forest regressor, respectively. While the extrapolation process of these models
differed in some aspects, they both extrapolated the same set of partial curves to a fixed target
anchor. We iteratively grew the partial curves, initially containing only the first anchor, to contain
the anchors up to the target anchor, and repeated the extrapolation process for each iteration. We
measured the extrapolation performance for different partial curve sizes. We also include a baseline
called "Last’, which essentially uses the last anchor in the partial curve as the prediction.

In terms of accuracy, we found a significant overlap between the random forest regressor and
the Last baseline. Our extrapolation setup for the random forest regressor likely caused this overlap.
Nonetheless, both were outperformed by mmf4 at most partial curve sizes, demonstrating its ability
to extrapolate learning curves with more accuracy than the other models.

Still, we observed different results when we measured the performance in terms of ranking. The
random forest regressor generally outperformed both mmf4 and the Last baseline on this front.
Random forest utilised all the partial curves and their configurations as information, which likely
provided a significant advantage. Overall, we concluded that random forest outperformed in ranking
precision, while mmf4 seemed to outperform in extrapolation accuracy.

In conclusion, this thesis successfully achieved its goal of creating a new learning curve database and
demonstrating its value for machine learning research through various experiments. We highlighted
multiple characteristics of our learning curves and discussed the correlation between learning curve
variation and model performance in our experiments. The findings of our experiments demonstrate
that the database can effectively support a range of machine learning tasks and may also serve as a
source of inspiration for future research.

5.2 Limitations & Future Research

The database has much room for improvement. The majority of datasets lack categorical variables or
only contain two classes. Including more datasets with different attributes would make the database
more robust for use in research. A minor flaw lies in the database’s reproducibility. While we
included measures such as fixed random seeds and documented the specific hardware and software
used to create the database, slight differences in the curves may appear for other hardware and
operating systems.

A couple of design choices in the experiments were sub-optimal, including the sparse selection of
models in both experiments and the absence of hyperparameter optimisation in the first experiment.
We also did not perform any statistical analysis to answer specific research questions. Instead, we
aimed to demonstrate the database’s research utility through our experiments.

Besides addressing these limitations, future research would naturally focus on what this the-
sis did not cover. Most importantly, the database could support future research on shapes and
behaviours of learning curves, which we barely touched upon in our work. Future work could also
include more extensive research using our database for tasks related to hyperparameter optimisa-
tion or model selection. Lastly, we did not utilise the run-times from our learning curves in our
experiments, but they could serve as a resource for future research.
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