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Resumo

Redes neuronais alcangcaram elevado desempenho na previsdo de séries temporais, embora o pro-
cesso de treino continue computacionalmente exigente. Esta tese explora se as propriedades
estatisticas dos pesos de uma rede podem servir como indicadores fidveis de desempenho, per-
mitindo estimativas sem o treino completo do modelo.

Assim, enquadramos meta-learning como uma ferramenta capaz de prever o desempenho das
redes neuronais utilizando metadados extraidos a partir das configuragdes internas dos pesos em
varios pontos de controle de treino. Através da captura de propriedades estatisticas e espectrais
das matrizes de pesos, construimos modelos preditivos capazes de prever o desempenho final de
uma rede.

Multilayer perceptrons foram avaliados utilizando seis conjuntos de dados de séries temporais.
Os resultados demonstram que os metadados derivados dos pesos podem efetivamente aproximar
a precisdo do modelo, particularmente em tarefas de classificacdo, com fortes correlagdes obser-
vadas entre o desempenho previsto e o desempenho real. A andlise da importancia das carac-
teristicas revelou que diferentes tarefas dependem de aspectos distintos do espago de pesos, sendo
as caracteristicas espectrais da camada final mais informativas para tarefas de classificacdo e as
normas de camadas iniciais mais relevantes para tarefas de regressao. Estas conclusdes permitem
compreender melhor a dindmica de treino das redes neuronais e oferecem uma abordagem pratica
para melhorar a eficiéncia da avaliacdo de modelos na previsdo de séries temporais.



Abstract

Neural networks have achieved state-of-the-art performance in time series forecasting, yet their
training remains computationally intensive and resource-demanding. This thesis explores whether
statistical properties of network weights can serve as reliable indicators of final forecasting accu-
racy, enabling performance estimation without full model training.

We propose a meta-learning framework that predicts forecasting performance of neural net-
works using metadata extracted from the internal weight configurations at multiple training check-
points. We capture both statistical and spectral properties of weight matrices, building predictive
models capable of forecasting a network’s final accuracy.

Experimental evaluations were conducted using multilayer perceptrons trained on six bench-
mark time series datasets. Results demonstrate that weight-derived metadata can effectively ap-
proximate model accuracy, particularly in ranking tasks, with strong correlations observed be-
tween predicted and actual performance. Feature importance analysis revealed that different tasks
rely on distinct aspects of the weight space, with output-layer spectral features most informative
for classification and lower-layer norms more predictive for regression. These findings advance
the understanding of neural network training dynamics and offer a practical approach to improving
the efficiency of model evaluation in time series forecasting.
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Chapter 1

Introduction

1.1 Context and Motivation

The rapid advancement of deep learning has led to significant progress across domains such as
natural language processing, computer vision [14], and time series forecasting [8, 23, 43]. Despite
these achievements, training neural networks remains computationally intensive, requiring sub-
stantial resources in time, energy, and hardware [44]. Variability introduced by hyperparameter
tuning, architecture selection, and early training decisions often results in substantial differences
in final model performance, thereby increasing development costs and model uncertainty [52].
Furthermore, neural networks are frequently characterized as black-box models due to the
opacity of their internal mechanisms [11, 15, 49, 52]. Although performance gains have been
substantial, limited understanding of training dynamics impedes interpretability, model debugging,
and the design of more efficient learning strategies [32, 44]. This limitation often precludes their

wider adoption, especially in sensitive domains such as healthcare.

1.2 Time Series Forecasting

Time series forecasting is an extensively studied topic in the literature [23]. This task involves
using historical data to predict the value of future observations. Forecasting is relevant across
varied domains such as energy [22, 27], finance, industry [28, 48], or healthcare [35]. Accurate
models can be essential to guide decision-making within organizations.

Deep neural network methods are effective approaches for time series forecasting problems.
Results from benchmark datasets and competitions such as M4 [28] and M5 [27] show that
neural networks can achieve state-of-the-art performance relative to traditional methods such as
ARIMA [18]. Neural networks employ supervised learning following an auto-regressive modeling
approach, modeling future values based on past lags or observations [6].

Numerous neural network architectures have been developed for time series forecasting, in-
cluding feed-forward networks based on multilayer perceptrons (MLPs) [8], recurrent neural net-

works (RNNs) (e.g., long short-term memory networks (LSTMs)) [12, 43], or transformer-based
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models [24]. Each of these architectures requires significant time and computational resources for

hyperparameter tuning to achieve optimal performance.

1.3 Problem Definition and Objectives

Given the widespread adoption of neural networks in high-stakes applications [4, 19, 24, 43, 50],
there is an increasing need for methodologies that facilitate the analysis, interpretation, and control
of training behavior [11, 31]. Such approaches would support more efficient resource allocation,
mitigate redundant training, and enhance the transparency of learning processes [15, 49]. Overall,
there is a need for approaches that help understanding the training dynamics of neural networks
as well as improving the efficiency of model development without requiring significant technical
expertise.

This work is motivated by the hypothesis that performance prediction models—specifically
those leveraging weight dynamics—can address these challenges. By examining the evolution of
weights during training and modeling their relationship to predictive performance, this thesis aims
to advance understanding of training behavior and develop practical tools for early model evalua-
tion [32, 44].

Recent studies indicate that neural network weights encode information relevant to predictive
performance [11, 32, 44]. The distribution and magnitude of these weights can serve as early
indicators of model convergence and effectiveness [31]. Moreover, structural analysis of weight
configurations across architectures may reveal patterns associated with successful training dynam-
ics and configurations, informing improved initialization and design strategies [32].

We aim to address the challenge of predicting neural network performance based on model
weight dynamics, focusing particularly in time series forecasting problems. Specifically, our goal
is to develop a metalearning framework that can predict the final forecasting performance of a
neural network based on the statistical properties and evolution of its weights [11, 32, 44]. Overall,

this task can be useful for two main reasons:

1. Understanding training dynamics: Analyzing how weight distributions evolve during
training can provide insights into the learning process of neural networks. Such patterns,
if they exists, could help reduce the "black box" aspect of neural networks by establishing

connections between weight states and model performance.

2. Improving training efficiency: If accurate performance estimates can be derived early in
the training process, suboptimal model configurations and hyperparameter settings can be
identified and discarded before reaching full convergence. This capability has significant
practical implications for early stopping and specific operations such as algorithm selection
and hyperparameter optimization. Overall, this approach can reduce the computational costs

associated with model selection and hyperparameter tuning.
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1.4 Research Questions

The central hypothesis of this thesis posits that metadata extracted from a neural network’s weights
during the training process can effectively predict its final forecasting performance. Accordingly,

we formulate the following research questions to guide our work:

* RQ1: Can final model performance be predicted using metalearning based on weight statis-
tics extracted from trained MLP-based neural network forecasting models? This question
investigates whether weight statistics contain sufficient information to estimate performance

after the model is trained.

* RQ2: What is the earliest point in the training process at which reliable performance pre-
dictions can be made using metalearning? In other words, can meaningful estimates be
obtained from early training stages (e.g., first few epochs) or if additional information from
later snapshots are necessary for more reliable predictions. Understanding this aspect of
the trade-off between prediction timeliness and reliability is crucial for practical operations

such as early stopping and hyperparameter optimization.

* RQ3: Which weight-based features are most informative for performance estimation? This
question investigates which statistical and distributional properties of weights (e.g., mean,
variance, norm) are most predictive of final performance. This analysis may also reveal

which layers have more predictive power.

By addressing these research questions, we aim to advance the understanding of neural net-
work training dynamics in forecasting problems, which can be useful for improving the efficiency

of model development.

1.5 Contributions

To address the research questions outlined above, we develop a metalearning framework that an-
alyzes neural network weight dynamics to predict final model performance in time series fore-
casting tasks. To characterize neural network weights, we compute statistical measures including
mean, standard deviation, and additional distributional properties across different layers [11, 32].

Our methodology involves systematically collecting and analyzing metadata from multiple
configurations of MLP neural networks trained on 6 benchmark time series forecasting datasets.
Specifically, we extract and analyze weight patterns during the training process to understand their
relationship with forecasting accuracy. This comprehensive analysis enables us to identify key
patterns and indicators that emerge as models learn to make accurate predictions.

In summary, our contributions are a metalearning framework that leverages neural network
weight statistics to predict final forecasting performance, enabling early assessment of model fore-
casting accuracy. This includes an empirical validation of the framework’s ability to make reliable
predictions of model performance, and an analysis of which weight-based features and training

stages are most informative for performance prediction.
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1.6 Thesis Organization

The thesis is structured into five chapters, each addressing a distinct component of the research,
progressing from theoretical foundations to empirical validation and final conclusions. Chapter 1
introduces the research by defining the problem, articulating the objectives, formulating the re-
search questions, and outlining the proposed approach.

Chapter 2 reviews the relevant literature on time series forecasting, deep learning models, and
meta-learning, situating the present study within existing research and identifying key challenges
in model evaluation and early prediction.

Chapter 3 details the methodology, including the definition of the forecasting task, the deriva-
tion of metadata from network weights, and the architecture and training of the meta-model.

Chapter 4 presents the experimental design, describes the datasets and evaluation metrics, and
provides empirical results that address the research questions, followed by a discussion of the find-
ings and their limitations. Chapter 5 concludes the thesis by summarizing the main contributions,

discussing their implications, and suggesting directions for future research.



Chapter 2

State-of-the-Art

This chapter surveys key literature on weight-based performance prediction in deep learning mod-
els for time series forecasting. Section 2.2 reviews classical statistical approaches to time series
analysis. Section 2.3 presents deep learning architectures, their formulation as supervised learning
problems, and common hyperparameter optimization techniques. Section 2.4 summarizes stan-
dard datasets and evaluation metrics. Section 2.5 examines meta-learning methods, with emphasis

on algorithm selection, performance prediction, and neural architecture search (NAS).

2.1 Time Series

A time series is a sequence of data points taken over time, such as stock prices, temperature
readings, or sales figures. These data points are often represented graphically, with time on the
horizontal axis and the variable of interest on the vertical axis. This allows analysts to identify
trends, patterns, and changes over time. A line plot is often used to visualize these trends, patterns,

and fluctuations, aiding in the analysis and interpretation of the data (see Figures 2.1) [36].

2.1.1 Time Series Components

Time series data can be decomposed into different components that characterize and their behavior,

specifically:

Figure 2.1: Time Series Example
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1. Trend: Trend represents the long-term movement of the data over time. It captures the
overall tendency of the time series to increase, decrease, or remain stable. Trends can be

deterministic, indicating a fixed pattern, or stochastic, showing more complex patterns [18].

2. Seasonality: Seasonality refers to periodic fluctuations or patterns that occur at regular
intervals within the time series. These cycles often repeat annually, quarterly, monthly, or
weekly depending on the sampling frequency and are influenced by various factors such as

seasons or holidays [18].

3. Cyclic variations: Cyclical variations are longer-term fluctuations in the time series that do
not have a fixed period. The typical example for these fluctuations are economic or business
cycles [29].

4. Remainder: The remainder component refers to the unpredictable or random fluctuations
in the data that cannot be attributed to the trend, seasonality, or cyclical variations. These
fluctuations may result from random events, measurement errors, or other unforeseen fac-
tors [18].

2.1.2 Forecasting

Time series forecasting involves predicting future values of a sequence based on historical obser-
vations. Formally, given a time series {y;}_,, where y; denotes the observation at time 7, the goal

is to estimate Y7, for a future time point 7' + A, using a forecasting model f(-):

Sran=F{y}=1)

The objective is to approximate the underlying data-generating process in a way that minimizes
forecasting error, typically evaluated using metrics such as Mean Absolute Scaled Error (MASE)
or Symmetric Mean Absolute Percentage Error (sSMAPE) [27, 28].

Forecasting becomes particularly challenging when applied across diverse time series datasets,
where patterns, seasonality, and noise levels vary significantly. A dataset with multiple time series
can thus be defined as a collection ¥ = {{y,(i)}tT;1 MY |, where each {y,(i)} corresponds to a distinct
time series instance, possibly with varying length 7;. For forecasting tasks, state-of-the-art neural
networks models have emerged due to their ability to learn from datasets composed of multiple
time series. This capacity allows them to capture complex, heterogeneous temporal patterns and
leverage shared structures across series. Recent studies highlight their effectiveness in improving
generalization in multi-dataset settings [6], while empirical evidence from the M4 and M5 compe-
titions [27, 28] demonstrates their superiority over traditional statistical methods in a wide range

of forecasting scenarios.
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2.2 Classical Time Series Models

This section provides an overview of the classical models used in time series. These models
have been foundational in the field, applying varied techniques to predict future values based on

historical data.

2.2.1 Naive Model

The naive model forecasts future values by repeating the most recent observation, expressed as
v; = y1—1, where y, is the forecast at time ¢ and y,_ is the observed value at time ¢ — 1. It is simple
to implement and requires minimal data preparation. While the seasonal naive variant extends this
idea to account for recurring seasonal patterns, both methods assume fixed temporal repetition and

tend to underperform in the presence of complex dynamics or irregular structures.

2.2.2 Autoregressive (AR) Model

The Auto-Regressive (AR) model is a cornerstone time series model that predicts future values
by combining current and past values of the same time series. Specifically, it applies a linear
combination of the current and past time series values along with a random error term, with the
order of the model determining the number of past values used in the prediction.

Mathematically, an autoregressive model of order p, denoted as AR(p), can be expressed as:

Vi=a+®y1+®yrot+ Oy pt+ &

where y; is the value at time #, a is a constant, ¢, ¢, ..., ¢, are the model parameters, y; _1,y;—2,

..., Yi—p are the lagged values, and & represents white noise (random error) at time ¢.

2.2.3 Moving Average (MA) Model

MA models the values of time series based on a linear combination of past error terms, and the
order of the moving average model, denoted by ¢, the order of the MA model.

As such, a model MA(g) can be represented as:
vi=a+t&+61&§ 1+6& 2+ - +60,5 4

where y, is the value of the time series at time ¢, a is a constant or the mean of the time series,
&,& 1,8 2,...,&_ 4 are the white noise terms associated with the time series at times #,7 — 1,7 —
2,...,t—q,and 61,0,,...,0, are the model coefficients.

Building upon the AR and MA models described above, ARIMA (Autoregressive Integrated
Moving Average) merges these approaches into a unified framework for time series forecasting.
The model is denoted as ARIMA(p,d,q), where p represents the number of autoregressive lag
observations, d indicates the degree of differencing required for stationarity, and g specifies the

order of the MA model. Due to its versatility in capturing various temporal patterns, ARIMA has
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become a cornerstone model in diverse domains including retail or industry. In fact, empirical
studies have shown ARIMA among the strongest univariate methods alongside Theta models,

particularly in environmental and related forecasting contexts [10].

2.2.4 Exponential Smoothing

Exponential smoothing is a time series forecasting method for univariate data, which can be ex-
tended to support data with trend or seasonal components. It assigns exponentially decreasing
weights for newest to oldest observations, with older data receiving less weight and newer data re-
ceiving more. Exponential smoothing has different variants that makes this approach versatile for
various scenarios. For a more comprehensive read on exponential smoothing we refer the reader
to the work of Hyndman et al. [16].

2.3 Forecasting with Deep Learning

Deep learning has emerged as a leading approach for time series forecasting, offering powerful
capabilities for modeling time series data. This has been demonstrated in several studies [6] and
benchmark competitions such as M4 [28] or M5 [27]. By leveraging datasets with multiple time
series, often from various domains and with different characteristics, deep learning methods can
capture patterns and long-term dependencies that traditional statistical approaches often miss. This
section explores three key aspects of deep learning forecasting: how these problems are structured
and formulated, the main neural network architectures used in practice, and typical strategies for

tuning model hyperparameters such as learning rates and number of layers.

2.3.1 Modeling

Forecasting with deep learning is commonly framed as a supervised learning task based on auto-
regression. Given a historical sequence of observations {y,}szl, the model is trained to predict fu-
ture values {yr41,...,yr+n} over a specified horizon 4 by using a sliding window approach, where
past values are used as input features to predict subsequent target values. This auto-regressive
modeling technique allows the network to learn temporal dependencies by treating each time step
as a training example where previous observations act as predictors for future observations [23].

Deep learning approaches typically operate by learning with time series dataset collections
(2) simultaneously, leveraging patterns and information shared across series to improve gener-
alization. This differs from classical approaches that often treat each series independently (e.g.,
ARIMA [16]).

In multivariate settings, input data may also include covariates or external regressors. These
can be exogenous time-dependent features (e.g., weather, holidays), categorical indicators, or po-
sitional encodings to support seasonality modeling [33]. In this work, we focus on datasets com-
posed of multiple univariate time series, where each series represents an independent sequence of

observations over time.
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2.3.2 Architectures

Several neural network architectures have been developed for forecasting tasks. Recurrent Neural
Networks (RNNs) [9, 43], especially Long Short-Term Memory (LSTM) [12] and Gated Recur-
rent Units (GRUs), were early choices for sequence modeling due to their ability to maintain
temporal dependencies across time steps. More recently, Transformer-based models have gained
traction in time series forecasting because of their superior performance in capturing long-range
dependencies through self-attention mechanisms [24].

Despite the growing popularity of transformer-based and other architectures, methods based on
Multilayer Perceptrons (MLPs) continue to show their competitiveness for time series forecasting.
Architectures such as N-BEATS [37], NHITS [8], or DLinear [51]. Compared to transformers,
MLPs are more efficient to train and require fewer resources, which is an important consideration
in various application domains.

Hybrid approaches and ensemble methods have also proven effective. Individualized fore-
casting frameworks based on transfer learning adapt pre-trained models to specific time series
contexts [19], while meta-learning techniques such as STG-Meta exploit spatial-temporal relation-
ships in graph-structured time series [20]. Separately, ensemble models, particularly in domains
like epidemic forecasting, enhance robustness and accuracy by combining the outputs of multiple

forecasting architectures [47].

2.3.3 Model Selection
2.3.3.1 Hyperparameter Tuning

Neural networks usually require dataset-specific configuration of hyperparameters such as learning
rates, batch sizes, number of layers, and hidden units. Adequate configurations critically influence
convergence behavior and forecasting accuracy. Manual tuning is often infeasible in practice due
to the high dimensionality of the search space.

Consequently, automated hyperparameter optimization techniques have become standard. Com-
mon approaches include random search (e.g. [21]) or Bayesian optimization, where the latter bal-
ances exploration of the parameter space with exploitation of promising regions [52]. These meth-
ods are particularly useful when training costs are high and model evaluation is time-consuming.
Another widely used strategy in hyperparameter tuning is early stopping, which denotes the pro-
cess of halting training when the model’s performance on a validation set stops improving. This
approach prevents overfitting and reduces unnecessary computation by stopping training before

the model begins to memorize noise.

2.3.3.2 Neural Architecture Search

Neural Architecture Search (NAS) is a subfield of meta-learning focused on automating the design

of neural network structures. Instead of manually selecting architectural components such as the
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number of layers, neurons, or activation functions, NAS algorithms explore these configurations
to optimize model performance.

The Bayesian NAS framework introduced by Valkanas et al. [45] presents a principled ap-
proach for discovering optimal graph neural network (GNN) architectures, jointly modeling ar-
chitecture, parameters, and structure within a unified probabilistic framework. Their method ex-
plicitly accounts for uncertainty in design decisions, outperforming deterministic baselines across
standard datasets.

In parallel, Zimmer et al. [52] developed Auto-PyTorch, an AutoDL framework for tabular
data that automates the joint optimization of network architectures and training hyperparameters.
While not specifically tailored for time series, the framework illustrates the broader applicability
of meta-learning principles in NAS.

NAS has been employed in time series applications to automate the neural network archi-
tectures that are suited to data with a temporal structure. Rakhshani et al. [40] applied NAS
to time series classification by evolving deep residual networks, demonstrating performance im-
provements over conventional baselines. More recently, Lyu et al. [25] introduced ONE-NAS, an
online framework that adapts recurrent neural network architectures in real time to accommodate

nonstationary and multivariate time series.

2.4 Evaluation

The evaluation of forecasting models is a fundamental component of empirical research in time
series analysis. It facilitates the objective comparison of competing methodologies and informs
methodological refinement. Due to the temporal dependencies inherent in time series data, con-
ventional evaluation techniques must be adapted to preserve causality and avoid information leak-
age. This section delineates standard validation strategies and the metrics commonly employed to

assess predictive performance.

2.4.1 Data Partinioning

In contrast to conventional k-fold cross-validation, which assumes the independence and identical
distribution of observations, time series forecasting necessitates evaluation protocols that account
for temporal autocorrelation. Random partitioning of the data violates the chronological structure,
potentially resulting in biased estimates of predictive accuracy [34].

A widely adopted approach is rolling-origin or walk-forward validation, wherein the training
set is progressively expanded and the validation set is advanced in a sequential manner. This
method simulates the operational constraints of real-world forecasting, where only historical data
are available at prediction time. By reevaluating the model at each step and evaluating on the
subsequent time point or forecasting horizon, this strategy maintains the integrity of temporal
ordering and provides a robust estimate of out-of-sample performance [7]. When using datasets
composed of multiple time series, the typical approach is to leave the last 4 observations of each

time series for testing, where 4 is the forecasting horizon [42].
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2.4.2 Evaluation Metrics
2.4.2.1 Classification and Regression

When it comes to evaluating a neural network’s performance, the type of metrics we use depends
on the task performed. For classification tasks, we use several key metrics to tell us how well
the model is doing [13]. The ROC AUC score, for instance, measures how effectively the model
can distinguish between different classes. A higher score means it’s better at telling them apart.
Another metric, Log Loss, assesses the accuracy of the predicted probabilities, applying a heavy
penalty if the model is very confident about a wrong answer. Then there is the F1 Score, which
calculates the harmonic mean of precision and recall, making it particularly useful when we’re
dealing with imbalanced datasets. Finally, Accuracy provides a straightforward percentage of
correct predictions, though it can be misleading if the classes are not evenly distributed.

For regression tasks, where the goal is to predict a specific value, our performance metrics
generally look at either error or correlation. Error-based metrics, as covered in section 2.4.2.2, are
all about measuring the size of the prediction mistakes. A common example is the Root Mean
Square Error (RMSE), a statistical metrics that tells us the average difference between the model’s
predictions and the actual values. We also use the Coefficient of Determination, represented as
R?, which indicates the proportion of the variance in the actual outcomes that our model is able
to explain. On the other hand, correlation-based metrics evaluate the strength of the relationship
between the predicted and actual values. The Pearson correlation coefficient is used to measure a
direct linear relationship, but it works best with data that is continuous and roughly normalized [1].
If the relationship isn’t linear, or if the ranking of the values is more critical than their precise
amounts, non-parametric alternatives like Kendall’s 7 and Spearman’s rank correlation are more
robust choices, as they assess monotonic relationships using data ranks instead of the raw data
itself [1].

2.4.2.2 Forecasting

Evaluation is a crucial aspect of time series forecasting, enabling practitioners to assess the per-
formance of different models. It involves comparing predicted values with actual observed values
over a given period. Common evaluation metrics for forecasting include Symmetric Mean Abso-
lute Percentage Error (sSMAPE) and Mean Absolute Scaled Error (MASE):

1 19— i
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where J; and y; are the forecast and actual value for the i-th instance, respectively, 7 is the number
of observations, and m is the seasonal period. These and other metrics are usually computed across

all available prediction points, which include multiple time steps, forecasting horizons, and time
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series. As outlined by Hyndman et al. [17] and others [27, 28], these metrics are fundamental in

practical forecasting challenges.

2.5 Metalearning

Metalearning [5] is a subfield of machine learning that applies machine learning techniques to
improve the development and performance of machine learning models themselves by analyzing
patterns across different learning tasks and their solutions, meta-learning systems can automati-
cally select, configure, and optimize models for new problems, presenting a systematic approach

to automating machine learning pipelines.

2.5.1 Algorithm Selection Problem

In metalearning, algorithm selection is a foundational problem, which involves identifying the
most suitable algorithm for a new task based on past performance over similar problems by ex-
tracting features from datasets. This features can range from statistical properties, seasonality
indicators, or complexity measures, allowing meta-models to learn how to recommend models
with high expected accuracy [46]. This reduces reliance on exhaustive model comparisons and
supports more efficient experimentation pipelines.

This problem is highly relevant for time series forecasting, where the diversity of series pat-
terns and frequencies necessitates tailored model configurations [38]. Metalearning helps address

this variability by capturing cross-task regularities and facilitating informed model initialization.

2.5.2 Predicting Performance

Performance prediction is a key component of the algorithm selection problem, where the goal is
to predict which algorithm will perform best for a given task by analyzing the characteristics of
a problem and using historical performance data across different algorithms and datasets. Then
we can build a model and estimate how well a particular configuration or algorithm is likely to
perform. This process enables more informed algorithm selection decisions [5, 15].

The study by Unterthiner et al. [44] explores the concept of predicting neural network ac-
curacy using only the weights of trained models, without requiring input data evaluation. The
research demonstrates that simple weight statistics are sufficient for accurate predictions. This
insight applies across both under-parameterized and over-parameterized neural network settings,
highlighting the robustness of the approach. The researchers introduce a formal framework for
this predictive task, supported by the release of a large dataset comprising 120,000 convolutional
neural networks (CNNs) [14, 44]. Regression algorithms, including gradient boosting machines
(GBM) and deep neural networks [23, 31], are employed to demonstrate the feasibility of this
method.

However, the work also identifies limitations, such as the exclusion of numerically unstable

models and the limited exploration of properties across various datasets and architectures. The
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findings raise important questions about domain shifts and the relationship between weight prop-
erties and model performance. Similarly to Unterthiner et al. [44], our work also attempts to
predict the performance of neural networks, but in the context of time series forecasting tasks.

Building upon these ideas, Martin et al. [32] proposed WeightWatcher, a diagnostic tool grounded
in random matrix theory that quantifies the generalization ability of deep networks by analyzing
the spectral properties of weight matrices. This approach supports weight-based performance es-
timation even in complex and overparameterized models.

Our work extends this research to the time series domain. Specifically, we investigate whether
statistical descriptors of weight dynamics from partially trained MLPs can predict forecasting
accuracy. This enables early stopping and model triage, allowing the rejection of poor-performing

configurations before training completes.



Chapter 3

Methodology

Neural networks, despite their strong predictive performance, present considerable challenges in
configuration [39]. Training is computationally intensive, highly sensitive to hyperparameter set-
tings, and frequently lacks interpretability. Small parameter changes such as in the learning rate,
weight initialization, or other architectural parameters (e.g., number of layers or hidden units)
can result in substantially different forecasting accuracy. This sensitivity renders model selection
and performance estimation complex tasks requiring careful methodological design and domain
expertise.

In this context, the objective of this study is to examine and model the relationship between
neural network weight statistics and forecasting performance. The aim is to enhance the efficiency
and reliability of model selection in time series forecasting by enabling the early identification and
exclusion of configurations with low predictive potential, thereby avoiding the computational cost
of full training.

To address this, we propose a meta-learning framework that estimates final forecasting ac-
curacy based on statistical features derived from model weights during training. This approach
allows for performance prediction potentially without complete model convergence, by learning a
mapping from internal model representations to final accuracy. The resulting meta-model serves
as a surrogate for direct performance evaluation and facilitates future applications such as early
stopping, architecture optimization, and automated model selection.

Our methodology is structured into two main components: (i) metadata collection (Section 3.1)

and (ii) performance prediction (Section 3.2).

3.1 Metadata Collection

To enable predictive modeling via meta-learning, we construct a structured metadata dataset from
multiple neural network training runs. Each record corresponds to a unique combination of hyper-
parameters and datasets, with features extracted at multiple training checkpoints. These features

include descriptive statistics (e.g., mean, standard deviation), structural properties (e.g., norms),

14
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and temporal patterns in weight evolution. The resulting dataset is used to train a meta-model

capable of forecasting a neural network’s final performance based on weight-based information.

3.1.1 Workflow

Figure 3.1: Metadata collection process.
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Figure 3.1 illustrates the overall workflow for metadata collection. This process involves fol-
lowing elements: model configurations, datasets, metadata extracted metadata vector and the eval-
uation metric.

Let ¢ denote the set of all defined model configurations, and let & represent the set of time
series datasets used for training and evaluation.

For each pair (c,d), where ¢ € € and d € 2, a neural network model M, is trained and evalu-

ated over a fixed number of steps ., for a time series Y.

MC < Z(Yd)

At a specified training step s < .%, metadata is extracted in the form of weight-based in-
formation vector, denoted by x(c,d,s). Each vector x(c,d,s) comprises descriptive statistics of
the model’s weights, hyperparameter encoding, and dataset characteristics, all extracted indepen-
dently of the training pipeline for use in predictive modeling. This weight-based information,
which serves as the explanatory variables for metalearning, is collected at a specified training step
s. This flexibility enables the evaluation of the approach across different training stages. The target
variable for metalearning is the model’s final forecasting error e(c,d), computed upon completion
of training, while the explanatory variables can be obtained at arbitrary points during the training
process.

As such, the metadata dataset Ppna, that aggregates the descriptive statistics of the model’s

weights can be described as:
Drineta = {(x(c,d,s),e(c,d)) ‘ cet,de P, s< Y},

where:

* x(c,d,s) € R? is the explanatory feature vector, comprising weight-based summary statis-

tics, hyperparameter encoding and dataset descriptors;
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* ¢(c,d) € R is the target metric, i.e. the final forecasting error of M, on Y, after . steps;

3.1.2 Weight-based Features

At a given training step s, we extract features based on the weights of the neural network applied
to configuration ¢ on dataset d. These features characterize the statistical and structural properties
of the model parameters at that training step s, providing a snapshot of the training dynamics.
The metrics are computed directly from the 2D tensor values of each weight matrix. Given that
the architecture remains constant across experiments, comprising / hidden layers trained over .
steps, a separate set of metrics is calculated for each of the corresponding weight tensors. An

overview of the extracted weight features is presented in Table 3.1.

Table 3.1: Weight Statistics (per layer)
Category Description

Summary stats | Mean, standard deviation, min, max
Norms Frobenius norm, spectral norm

Distribution Power-law alpha, weighted alpha

Model Variance | Variance of the weight matrix

The use of norm and distribution-based features is motivated by the WeightWatcher frame-
work [32], an open-source diagnostic tool grounded in Random Matrix Theory and the theory of
Heavy-Tailed Self-Regularization. These metrics, such as spectral norm, Frobenius norm, and the
power-law exponent alpha, have been empirically linked to generalization performance in deep
learning models. They enable model quality assessment using only information from the weight
matrix, making them well-suited for inclusion in a metamodel seeking to predict performance

from weight dynamics alone.

3.1.3 Performance Estimation

Besides the weight-based features, computed at an arbitrary training step s, we also perform a
performance estimation step to quantify the forecasting accuracy of each trained model, given
configuration ¢ and dataset d. This step provides the target variables for the meta-learning frame-
work.

Two types of evaluation metrics are used: a continuous regression metric and a binary clas-
sification indicator. The regression metric is the Symmetric Mean Absolute Percentage Error
(SMAPE), a widely adopted measure of forecasting accuracy that accounts for both scale and rel-
ative error [28]. The classification metric is a Boolean indicator that denotes whether the model’s
forecasting performance (SMAPE) exceeds that of a Seasonal Naive baseline. An overview of

these evaluation metrics is presented in Table 3.2.
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Table 3.2: Evaluation Metrics
Category Type Description

Regression Continuous | sSMAPE
Classification | Boolean Indicates whether the model’s forecasting perfor-

mance is better than the Seasonal Naive baseline

In addition to the evaluation metrics, we also record contextual information related to each
experiment, including the hyperparameters used during training and dataset properties. The com-

plete set of hyperparameters and dataset attributes is summarized in Table 3.3.

Table 3.3: Hyperparameters and Dataset Properties

Category Feature Description

Hidden size | Number of neurons per layer
Learning rate | Learning rate used in training
Hyperparameters | Batch size Size of each mini-batch
Scaler type Preprocessing strategy

Random seed | Seed for weight initialization

. Frequency Data frequency (e.g., monthly, quarterly)
Dataset Properties

Seasonality Seasonality strength indicator

These weight-based statistics, evaluation metrics and contextual features together constitute

the explanatory and target variables stored in the metadata dataset Zeqa.

3.2 Metalearning Performance

The central problem addressed in this research is the prediction of neural network performance in
time series forecasting tasks. Specifically, we aim to estimate a model’s final forecasting accuracy
using training information, captured through the statistics of its weight configurations collected
during the training process.

As outlined previously, our approach is structured into two main components: (i) metadata
collection and (ii) performance prediction. The first component involves constructing a dataset
comprising weight-based features, hyperparameters, and dataset characteristics extracted from
multiple neural network training runs. The second component focuses on training a meta-learning
model to predict forecasting performance based on these features.

Once the metadata dataset Py, is constructed, the next step is to train a meta-learning model
capable of predicting the final forecasting performance of a neural network. This is framed as
a supervised learning task, using either a regression or classification objective depending on the

chosen target as described before.
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3.2.1 Meta-model Formalization

Formally, this becomes a supervised learning task where the input is a vector of weight-derived
features, and the output is the final forecasting error of the model.

Let x(c,d,s)) € R? denote the feature vector extracted from training stages of the i-th model,
and let e(c,d)(i) € R represent its corresponding final forecasting error. The meta-learner then
learns the function:

g(x(c,d,s)) ~e(c,d)

where:
+ g:RY — R for regression (e.g., final SMAPE),
s or g:RY = {0, 1} for classification (e.g., better-than-baseline).

This function is trained to minimize the prediction loss .Z(g(x\),e(c,d)®) across a set of

training examples.

3.2.2 Training Procedure

To evaluate the predictive utility of weight-based features for forecasting accuracy, we train a meta-
learning model using the structured metadata dataset constructed from neural network training
runs. Each instance in the dataset corresponds to a metadata vector x(c,d,s), where ¢ denotes
the model configuration, d the dataset, and s < .% a training step. The target is either the final
forecasting error (SMAPE) or a binary indicator of whether the model outperforms a Seasonal
Naive baseline.

To simulate real-time model selection scenarios, we adopt a stage-wise training strategy. A
sequence of training stages . = {s1,s2,...,s,} defines checkpoints from which features are in-
crementally included. At each stage s;, only features corresponding at steps {s,...,s;} are used
to train a new meta-model, enabling an assessment of how early in training accurate performance

predictions can be made.



Chapter 4

Experiments

4.1 Research Questions

The experimental phase of this work is structured around three core research questions. These
questions are designed to evaluate the effectiveness and efficiency of using meta-learning to predict
the final forecasting performance of neural networks from metadata extracted from the weights
of neural networks. Each question targets a specific dimension of the proposed methodology:
RQ1 investigates if statistics from a neural network’s weights can predict its final forecasting
performance; RQ2 explores how early in training reliable performance predictions can be made,
by assessing when weight information stabilizes adequately for forecasting; RQ3 analyzes which

weight-based features possess higher predictive value.

4.1.1 Datasets

We employ six datasets from three forecasting benchmarks: GluotonS M1 [30], M3 [26], and
Tourism [2]. These datasets are standard in the time series forecasting literature and span multiple
domains, including economics, industry, demography, and tourism. A detailed summary of their
properties is provided in Table 4.1. We restrict our analysis to low-frequency univariate time series,
specifically monthly and quarterly series.

Across all datasets, we use a forecasting horizon of 47 = 12 for monthly series and 4 = 8 for
quarterly series. The input window (lag length) is set to 24 and 8 for monthly and quarterly series,
respectively, which is equivalent of two full seasonal periods.

Overall, the combined dataset comprises 3,797 time series and a total of 409,602 observations
supporting a robust and diverse evaluation of our meta-learning framework across a wide range of

series lengths, domains, and seasonal structures.
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Table 4.1: Summary of the datasets: number of series, total observations, seasonal period, and

forecasting horizon.

Dataset # Time Series # Observations Seasonal Period Horizon (/)
Gluonts M1 Monthly 617 44,892 12 12
Gluonts M1 Quarterly 203 8,320 4 8

M3 Monthly 1,428 167,562 12 12

M3 Quarterly 756 37,004 4 8
Tourism Monthly 366 109,280 12 12
Tourism Quarterly 427 42.544 4 8
Total 3,797 409,602 - -

For performance estimation of forecasting models for a given configuration, we perform a
holdout strategy aligned with the defined horizons. For each time series, we reserve the last &
observations as the test set, # = 12 for monthly series and /& = 8 for quarterly series. The remain-
ing observations form the training set ensuring consistent evaluation across datasets and realistic

forecasting conditions.

4.1.2 Metadata Extraction

To ensure reproducibility and systematic evaluation, each training and testing run collected rele-
vant metadata, including hyperparameters, preprocessing configurations, training time, validation
metrics, and random seed values.

Table 4.2 presents the defined hyperparameter space, encompassing architectural and opti-

mization parameters:
* Hidden Size, number of units in each hidden layer;
* Learning Rate, step size for gradient updates during training;
* Batch Size, number of samples per training update;
* Scaler Type, method used to normalize input data;

* Random Seed: initialization seed for reproducibility to ensures consistent results across

runs.

The MLP architecture has fixed hidden layers, / = 3, and training steps, S = 500, to ensure
consistent training and manageable computational demands. This range was selected to enable a
broad empirical assessment of model performance.

Metadata was stored alongside model checkpoints. We considered a total of 3 x 2 = 6 dataset
configurations and 4 X 1 x 1 x 3 x 3 x4 x 5720 hyper-parameter configurations, yielding 6 x 720 =
4320 total combinations. Metrics were collected at defined training steps (start, 10 steps, 25 steps,
50 steps, 100 steps, 200 steps, 300 steps, 400 steps, and 500 steps) and a custom callback was
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Table 4.2: Hyperparameter Space

Hyperparameter | Values

Hidden Size 8, 16, 32, 64

Maximum Steps 500

Number of Layers | 3

Learning Rate 1073,5x 1074, 10~

Batch Size 16, 32, 64

Scaler Type Identity, Standard, Robust, Min-Max
Random Seed 42,123, 456, 789, 1011

implemented to log model weights, optimizer states, and evaluation metrics at these intervals,

such as statistical and spectral properties of weight matrices. These metrics are summarized in

Table 4.3. The information collected supports model interpretability and comparative analysis

across training configurations.

Table 4.3: Metrics Extracted During Training by Custom Callback

Metric Description
Mean / Median / Variance / Std Dev | Basic statistics computed for each weight matrix
Min / Max Minimum and maximum weight values

Frobenius Norm

Measures the overall magnitude of a weight matrix by tak-
ing the square root of the sum of the squares of all weight
entries. Reflecting the scale of the matrix.

Spectral Norm

Largest singular value of the weight matrix. Indicates how
much the matrix can stretch a vector in any direction

Power-law alpha o

Exponent from power-law fit to the eigenvalue distribution

Weighted alpha &

Adjusted exponent scaled by mean-to-median ratio

Model Variance

Variance across all model parameters

Tables 4.4 and 4.5 summarize the distribution of these scores across datasets.

Table 4.4: Proportion is_better Score by Dataset

Dataset Group % Better
Monthly 70.14
Gluonts Quarterly 93.06
M3 Monthly 82.64
Quarterly 59.03
Tourism Monthly 9.72
Quarterly 18.06
Overall 55.44

The proportion of instances for which models correctly predict superior performance (is_better,

a boolean indicator of whether the model outperforms the Seasonal Naive baseline) varies greatly

by dataset and seasonality (Table 4.4). Gluonts exhibits the highest success rates ( 93.06% quar-
terly, 70.14% monthly), followed by M3 ( 59.03% quarterly, 82.64% monthly), while Tourism
yields substantially lower rates ( 18.06% quarterly, 9.72% monthly). The overall success rate is
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Table 4.5: Mean sMAPE Score by Dataset
Dataset Group Mean sMAPE

Gluonts Monthly 0.1038
Quarterly 0.0877
M3 Monthly 0.0802
Quarterly 0.0698
Tourism Monthly 0.1385
Quarterly 0.1406
Overall 0.1034

55.44%. Mean sMAPE scores reflect a similar ordering (Table 4.5), with M3 quarterly attaining
the lowest error (0.0698) and Tourism quarterly the highest (0.1406). Gluonts achieves moderate
errors (0.0877 quarterly, 0.1038 monthly), producing an overall mean SMAPE of 0.1034. These
results suggest that the models are most effective on datasets with relatively stable seasonal pat-
terns and lower forecast difficulty, and less effective on highly volatile series such as those in the

Tourism dataset.

4.1.3 Metamodel Training

The metamodel was trained to predict model performance based on the evolution of weight matrix
statistics collected at various training steps. We utilize a stage-wise training strategy with check-
points . = {s1,s2,...,5,}, incrementally including features to evaluate performance prediction.
Two separate prediction tasks were considered: a regression task, using Symmetric Mean Abso-
lute Percentage Error (SMAPE) as the target, and a classification task, predicting whether a model
outperformed a Seasonal Naive baseline (is_better).

The input features were derived from statistical and spectral metrics per weight matrix, ex-
cluding identifiers and target variables. Shape-based features and dataset identifiers were dropped
to prevent leakage. Categorical features, such as scaler type, were encoded numerically.

Models were trained using the Random Forest algorithm, with the implementation available
in the xgboost Python package. Each training configuration was evaluated using Group K-Fold
cross-validation, stratified by dataset group, to ensure reliable performance estimates.

This stagewise analysis allowed us to assess the predictive capacity of early weight statistics

and identify which features and timepoints were most informative for metamodel performance.

4.2 Results

This section presents the empirical results for each of the research questions. Performance is
evaluated at multiple training checkpoints, allowing us to track how predictive power evolves over
time. We report metrics for both classification and regression tasks, using metadata extracted from

MLP models trained on diverse time series datasets.
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4.2.1 Can we predict a neural network’s final forecasting performance using meta-
data derived from its weight statistics?

To address RQ1, we evaluate the meta-model using metadata collected at the end of the train-
ing stage, S = 500, where the signal is presumed strongest. Tables 4.6 and 4.7 summarize the
results. Classification metrics are reported globally because the task involves learning a general
decision boundary for whether a model outperforms the baseline, regardless of dataset. Stratifying
by dataset would reduce sample size per group and obscure overall model discriminative power,

which is best evaluated across the full distribution of cases.

Table 4.6: Final stage evaluation metrics for classification tasks.
Metric Mean Std
Accuracy  0.5463 0.1691
ROC AUC 0.6778 0.1740
LogLoss  0.9144 0.3075
F1 Score 0.5253 0.2189

Table 4.7: Final stage evaluation metrics for regression tasks, by dataset.

Dataset Season MAE MSE R?> Pearson Kendall Spearman
Tourism Quarterly 0.0724 0.0158 -0.1797 0.3649 0.6722 0.8541
Monthly  0.0555 0.0055 -1.0078 0.1817 0.4642 0.6285
M3 Quarterly 0.0799 0.0152 -1.7976 0.5736 0.5972 0.7883
Monthly  0.0604 0.0052 -2.9230 0.5422 0.7542 0.8866
Gluonts Quarterly 0.1024 0.0251 -0.6802 0.2571 0.5425 0.7380
Monthly  0.0431 0.0099 0.1135 0.3422 0.5107 0.6845

The classification results indicate that the meta-model can moderately distinguish between
models that surpass the seasonal naive baseline and those that do not, with a ROC AUC of 0.68.
Accuracy and F1 Score have a high standard deviation, suggesting that while the task is challeng-
ing, weight statistics contain useful signals.

The regression performance varies by dataset and seasonality. For quarterly series, mean ab-
solute error (MAE) ranges from 0.0724 (Tourism) to 0.1024 (Gluonts), and mean squared error
(MSE) from 0.0152 (M3) to 0.0251 (Gluonts). For monthly series, MAE lies between 0.0431
and 0.0604, and MSE between 0.0052 and 0.0099. Rank-based correlations are uniformly strong:
Spearman’s p ranges from 0.6285 (monthly Tourism) to 0.8866 (monthly M3), and Kendall’s T
ranges from 0.4642 (monthly Tourism) to 0.7542 (monthly M3). Only the monthly Gluonts con-
figuration attains a positive R? (0.1135); all other configurations exhibit negative R?> (minimum
—2.9230 for monthly M3), indicating limited accuracy in absolute-error estimation. Despite this,
the combination of low MAE/MSE and high rank correlations demonstrates that weight-statistic

metadata can effectively screen and rank forecasting models.
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4.2.2 How early in the training process can reliable performance predictions be
made?

To address RQ2, we evaluate the evolution of prediction quality over user-defined training check-
points, S = {0, 10,25, 50, 100,200, 300,400, 500}. For each metamodel experiment, features from
an increasing number of training stages were cumulatively included, enabling analysis of how
early training dynamics correlate with final performance. Performance is aggregated by dataset
and seasonality in order to assess how predictive accuracy varies across different forecasting do-
mains.For this reason the metrics are computed separately for each dataset group and then averaged
to capture general trends. This allows us to determine at which point the metadata becomes suf-
ficiently informative to produce stable and reliable performance estimates. Figures 4.1-4.5 show

how classification and regression metrics evolve during training.

Figure 4.1: Evolution of the ROC AUC score over training steps.
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Figure 4.2: Evolution of the LOG LOSS over training steps.
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The ROC AUC score (Figure 4.1) improves from the initial stage (0.7402 at start) and peaks
early at step 10 (0.7552), before declining at steps 25 and 50 (down to 0.6958). It briefly recov-
ers at step 100 (0.7377) and then reaches its maximum at step 200 (0.7835), before consistently



4.2 Results 25

Figure 4.3: Evolution of the Kendall correlation over training steps.
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falling through steps 300 to 500 (bottoming at 0.6787). This trend suggests that predictive sig-
nal becomes most discriminative around step 200, beyond which the added training signal does
not translate to better classification performance and may even lead to reduced generalization.
However, the results are inconsistent, changing direction as the number of steps increases, which
indicates unstable performance across training progression.

The log loss score (Figure 4.2) reveals a different pattern. It remains relatively flat between
start and step 25 (around 0.995-1.009), then increases notably at steps 50 (1.0610) and 100
(1.0819), indicating less confident probabilistic predictions. However, after step 100, log loss
improves significantly, dropping to 0.9309 at step 300, slightly rising at step 400 (0.9526), and
reaching its lowest point at step 500 (0.9144). This decline shows that model calibration bene-
fits substantially from longer training, and that later-stage metadata helps produce more accurate
probability estimates.

For regression tasks, both Kendall and Spearman rank correlation metrics (Figures 4.3 and 4.4)
exhibit consistent improvement throughout the training process. Kendall correlation starts at
0.4387 and steadily rises to 0.5902 by step 500, with notable gains after step 100. Spearman
correlation follows a similar trajectory, increasing from 0.5619 at start to 0.7634 at step 500,
showing meaningful jumps between step 50 and step 200. This indicates that the meta-model
becomes progressively better at ranking forecasting models as training progresses.

In contrast, Pearson correlation (Figure 4.5) is more volatile. It peaks early at step 25 (0.4371),
drops sharply at step 100 (0.2853), and fluctuates thereafter, ending at 0.3770. This instability
highlights the sensitivity of linear correlation to value scaling and outliers, which are not as prob-

lematic for rank-based metrics like Kendall and Spearman.
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Figure 4.4: Evolution of the Spearman correlation over training steps.
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4.2.3 Which metadata features are most important for accurate performance pre-
diction?

To answer RQ3, we analyzed feature importance derived from meta-models trained using the full
training data at step 500. Separate rankings were generated for the classification and regression
tasks to reflect their differing performance objectives and signal structures.

Figure 4.6 displays the top individual features contributing to classification performance. The
most influential features are predominantly drawn from later training stages and are concentrated
in the output layer. In particular, the weighted power-law exponent of the output layer consistently
appears among the top-ranked features, indicating that measures of spectral complexity and weight
distribution shape in the final layer are highly informative for binary prediction. This highlights
the importance of output-layer structural regularity for identifying models that exceed the baseline
threshold.

Figure 4.7 shows the corresponding feature importance rankings for the regression task. Here,
the dominant features originate from earlier and intermediate layers, most notably the Frobe-
nius norm of the first hidden layer and the unweighted power-law exponent of the third hidden
layer. These features appear consistently across multiple training checkpoints, suggesting that
magnitude-based and spectral descriptors in lower layers serve as strong early indicators of fore-
casting error.

Grouped importance values, illustrated in Figures 4.8 and 4.9, confirm these observations.
For classification, the weighted power-law exponent group from the output layer contributes the
largest cumulative signal, particularly from step 300 onward. For regression, the most important
group is the Frobenius norm of the first hidden layer, which maintains a high relative importance
across early to mid training steps. This suggests that early-stage weight magnitudes in lower
layers encode meaningful information for forecasting accuracy estimation, even before training

convergence.
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Figure 4.5: Evolution of the Pearson correlation over training steps.

Evolution of 'pearson' (Regression)

0.44 1 —&— pearson

0.38 1

pearson

0.36 1

0.34 1

0.32 1

0.30 1

0.28 1

%

K
% ]
\JO
S
o

S
‘90

4.3 Discussion

The experimental results substantiate the viability of the proposed meta-learning framework for
forecasting performance prediction using weight-derived metadata from MLP models. Each re-
search question isolates a distinct aspect of the framework—predictive capacity, temporal effi-
ciency, and feature relevance—and collectively, they affirm its practical applicability.

For RQ1, the findings confirm that weight-based metadata encodes sufficient information to
predict final forecasting performance. This supports the core hypothesis and demonstrates that
the meta-model can approximate model performance without full training, thereby enabling ap-
plications such as model ranking, selection, and early termination. Although prediction accuracy
shows room for improvement, the results validate the framework’s overall effectiveness.

In the context of RQ2, performance metrics computed across training stages indicate that re-
liable predictions emerge well before training concludes. Classification accuracy, as measured by
ROC AUC, reaches its maximum around step 200, although with variations that show inconsis-
tent results, while log loss continues to improve through step 500, reflecting better probabilistic
calibration over time. Likewise, rank-based correlation metrics (Spearman and Kendall) stabilize
around step 200, indicating that model ranking becomes reliable at this point. These trends high-
light a trade-off between early efficiency and late-stage precision: early checkpoints suffice for
coarse model filtering, whereas later stages provide refined predictive estimates.

For RQ3, the feature importance analysis reveals task-specific patterns in the predictive value
of weight-based metadata. In the classification task, the most informative features are derived
from the output layer at later training stages, particularly the weighted power-law exponent. These
features reflect spectral complexity and scaling behavior, and their prominence suggests that struc-
tural characteristics of the final-layer weights are essential for distinguishing whether a model
outperforms a naive baseline.

By contrast, regression prediction relies more heavily on early-layer signals. Features such
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Figure 4.6: Final ranking of feature importance for the classification task.
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as the Frobenius norm of the first hidden layer and the unweighted power-law exponent of in-
termediate layers consistently rank highly. These metrics describe global weight magnitude and
spectral shape, and their stability across training stages indicates that they capture early indicators
of generalization capacity and convergence behavior.

These findings underscore the importance of aligning feature selection with task objectives.
Classification performance estimation benefits from late-stage complexity measures in the output
layer, while regression accuracy is more strongly associated with early-layer norms and distribu-
tional regularities in lower layers. This distinction has practical implications for designing efficient
meta-learning pipelines that prioritize the most relevant statistical descriptors based on the predic-
tion target.

In sum, the results demonstrate that weight-based metadata can support both early-stage model
triage and informed performance estimation, offering a computationally efficient alternative to full

model training in time series forecasting scenarios.

4.3.1 Limitations and Future Work

While the proposed framework demonstrates promising results, several limitations constrain its
generality and applicability. First, the experiments are restricted to MLPs with a fixed three-
layer architecture and a maximum of 500 training steps. This design choice standardizes the
experimental setting but limits the diversity of training trajectories and architectural behaviors
captured by the metadata. Extending the training duration or adopting adaptive stopping criteria
may reveal additional performance signals currently unobserved.

Moreover, the hyperparameter search space, though varied in learning rate, batch size, and
preprocessing strategy, is not exhaustive. The meta-model is trained with default parameters and

without optimization or ensembling, which may constrain its predictive accuracy.
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Figure 4.7: Final ranking of feature importance for the regression task.
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Future work should explore broader architectural classes, including recurrent, convolutional,
and transformer-based models, which are prevalent in time series forecasting. Incorporating more
expressive features to characterize the weights, such as higher-order statistics, temporal gradi-
ents, or trajectory-based measures, may further improve predictive performance. Additionally,
integrating this framework into automated algorithm selection and early stopping pipelines would
enhance its practical utility in real-world deployment scenarios. These extensions would improve
the framework’s robustness, generalization capacity, and relevance across a wider spectrum of

forecasting tasks and learning configurations.
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Figure 4.8: Grouped feature importance for the classification task.
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Figure 4.9: Grouped feature importance for the regression task.
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Chapter 5

Conclusion

This thesis investigated the feasibility of predicting the final forecasting performance of neural
networks using metadata derived from their weight configurations during training. Specifically, we
proposed and evaluated a meta-learning framework designed to estimate model accuracy based on
statistical properties of network weights collected at multiple training checkpoints. The motivation
for this approach stems from the computational cost and resource intensity typically associated
with fully training deep learning models, particularly in the context of time series forecasting.

For this approach we aim to answer certain research questions: RQ1 explores if final model
performance can be predicted, through metalearning, from weight statistics. RQ2 investigates the
earliest training stage for reliable performance predictions. And RQ3 identifies which weight-
based features are most informative for performance estimation, potentially highlighting layers
with greater predictive power.

The results of RQ1 presented in this work support the central hypothesis that weight-derived
metadata encapsulates relevant information for forecasting performance prediction. The meta-
models demonstrated moderate to strong predictive capabilities, especially in rank-based regres-
sion tasks. Classification models achieved performance above baseline levels, while regression
models exhibited substantial rank correlation with actual forecasting errors, indicating their utility
for model ranking and selection.

Temporal analysis of prediction accuracy across training stages in RQ2 revealed that reliable
estimates could be obtained at intermediate training steps, most notably around step 200, well
before full convergence (step 500). This finding has direct implications for training efficiency,
as it enables possible early identification and elimination of suboptimal model configurations,
thereby reducing computational overhead.

Feature importance analyses, RQ3, further elucidated which weight-based descriptors were
most informative. For classification tasks, spectral characteristics of the output layer, particularly
the weighted power-law exponent, emerged as the most prominent features. Conversely, regression
tasks benefited more from early-stage descriptors such as the Frobenius norm and unweighted
spectral metrics in the initial hidden layers. These insights contribute to a deeper understanding of

neural network training dynamics and provide guidance for future work in model interpretability.
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However, the current framework presents clear limitations, such as the fixed architecture of the
models used and a non-exhaustive hyperparameter search, reducing training trajectory diversity.
We also do not use the trained metamodel in a practical way, limiting ourselves to its result anal-
ysis. Future research should include more diverse model architectures and integrate automated
algorithm selection and early stopping to enhance applicability in a wider range of forecasting

tasks.
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Appendix A

Literature Review

A.1 Introduction

The systematic literature review in this chapter aims to gather and assess research on neural net-
works, meta-learning, predictive accuracy, and other areas where machine learning and forecasting
intersect. The review seeks to deliver an overview of the research landscape, focusing on the use
of meta-learning in neural networks to improve training procedures and classifier performance, as
well as its application in time series forecasting problems. In order to guarantee that the review
technique is transparent and replicable, descriptions of the eligibility requirements, data collection,

and screening were included, creating a foundation that future researchers can build upon.

A.2 Literature Review Process

To ensure a systematic approach, a process involving the creation and usage of query strings and
filtering criteria was used, maximizing relevant data collection and ensuring the inclusion of high-
quality, up-to-date research on neural networks and meta-learning in the context of performance

evaluation and forecasting.

A.2.1 Paper Eligibility and Collection

The biography present in the proposal [44] and records provided by the supervisors involved [3]
[6] [11] [15] [34] [41] served as the starting point for literature collection. These texts were useful
in identifying basic themes, problems, and specific subtopics inside neural networks and meta-
learning, which helped to structure search queries for external databases. The identified keywords
were selected for their relevance to the main themes associated with the problem at hand.
Subsequently, a targeted set of keywords was generated, including terms such as Neural Net-
works, Meta-learning, Predictive Accuracy, Classifier Performance, Machine Learning, Optimiza-
tion, Forecasting, Performance Evaluation and Generalization. Each term was aggregated in order
to simplify query creation while maintaining coverage of the main areas identified, ensuring that

relevant material is captured across different databases.
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A.2.2 Database Selection and Query Execution

The literature search was conducted using two major academic databases: arXiv and IEEE Xplore.
These databases were selected for their extensive collections in machine learning and artificial
intelligence research, offering both preprints and peer-reviewed studies essential for capturing
cutting-edge developments in neural networks and meta-learning. Although other databases such
as Scopus and PubMed were considered, arXiv and IEEE Xplore were chosen because of their

emphasis on technological research and high relevance to the subject.

A.2.2.1 Query Strings

To ensure the retrieval of relevant material, the query strings were crafted using the main keywords

identified previously, resulting in the following three main queries:

* QS1: “Neural networks” AND “Meta-learning” AND “Forecasting”

— QS1 was crafted to retrieve literature focused on the application of meta-learning tech-

niques in neural networks specifically for forecasting tasks.
* QS2: “Neural networks” AND “Meta-learning” AND “Predictive Accuracy”

— QS2 focuses on research evaluating meta-learning’s impact on neural networks’ per-
formance. In this case, "Predictive Accuracy" is included in target studies that assess
how meta-learning methods enhance neural network predictions, not exactly evalua-

tion metrics.
* QS3: “Neural networks” AND “Meta-learning” AND “Weight Space”

— QS3 is designed to gather studies on the role of weight space in neural networks.
Specifically, it aims to understand how the application of meta-learning techniques

affects the weight space structures in order to enhance training efficiency.

The query execution yielded a total of 351 unique results across the selected databases. Table

A.1 provides a breakdown of the number of results retrieved from each query and database:

Table A.1: Breakdown of results by query and database
Database QS1 QS2 QS3 Total
IEEE Xplore 69 95 61 225
arXiv 28 75 23 126
Total 97 170 84 351
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A.3 Screening and Filtering

Building on the crafted query strings, a multi-step filtering process was applied to systematically
refine the initial set of 351 records, narrowing it down to the most relevant studies. Each stage of

filtering is detailed below to enhance replicability and transparency.

A.3.1 Duplicate Removal

The initial step involved removing duplicate records, which reduced the total dataset to 319 unique
articles. This step was critical as duplicates often appeared across multiple queries or databases,

skewing the data.

A.3.2 Year of Publication

The second stage of filtering involved limiting articles by publication date, with a cutoff set for
articles published from the year 2020 onward. This criterion ensured that the review focused on the
most recent methodologies and findings relevant to neural networks and meta-learning, reducing
the dataset to 271 records.

A.3.3 Title-Based Relevance Screening

Next, each article’s title was reviewed to determine alignment with the core focus of this review.
Titles were assessed for explicit mention of neural networks, meta-learning, or performance eval-
uation topics. This title-based relevance screening reduced the dataset to 80 records that directly
addressed the intersection of neural networks, meta-learning, and classifier performance, applied

to the subdomain of forecasting challenges.

A.3.4 Abstract and Conclusion Analysis

To finalize the selection, abstracts and conclusions of the remaining articles were examined for
substantial insights or results that contributed to understanding performance evaluation or model
generalization. Only studies that presented concrete findings or methodologies aligned with the
objectives of this literature review were retained. This final screening provided the most relevant
and impactful research studies, which constitute the body of literature analyzed in subsequent

sections.

A.4 Replicability

This systematic review methodology was designed for ease of replication. Following each filtering
step described, other researchers should achieve a similar set of literature, accounting for minor
variations due to database updates or new research publications. Additionally, common exclusion
reasons during each filtering phase are summarized below to further guide replicability.

Filtering Stages and Common Exclusion Reasons:
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* Title-Based Screening: Articles were excluded if they lacked an explicit mention of neural

networks, meta-learning, or relevant evaluation topics.

* Abstract Screening: Studies were removed if they did not contribute substantial insights to

classifier performance or predictive accuracy.

* Conclusion Review: Articles were excluded if they lacked empirical findings relevant to

neural networks and meta-learning.
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