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Abstract

The prediction of learning curves for Natural Language Processing (NLP) models
enables informed decision-making to meet specific performance objectives, while
reducing computational overhead and lowering the costs associated with dataset
acquisition and curation. In this work, we formulate the prediction task as a mul-
titask learning problem, where each task’s data is modelled as being organized
within a two-layer hierarchy. To model the shared information and dependencies
across tasks and hierarchical levels, we employ latent variable multi-output Gaus-
sian Processes, enabling to account for task correlations and supporting zero-shot
prediction of learning curves (LCs). We demonstrate that this approach facilitates
the development of probabilistic scaling laws at lower costs. Applying an active
learning strategy, LCs can be queried to reduce predictive uncertainty and provide
predictions close to ground truth scaling laws. We validate our framework on three
small-scale NLP datasets with up to 30 LCs. These are obtained from nanoGPT
models, from bilingual translation using mBART and Transformer models, and
from multilingual translation using M2M100 models of varying sizes.

1 Introduction

Large language models are increasingly being employed across various research domains and
industrial applications, requiring substantial computational resources not only for the training, fine-
tuning, and testing of these models but also for their deployment, prompting, and generation processes.
As model complexity and the number of processed tokens increase, energy demands and processing
times grow extensively, resulting in high costs and significant environmental impact [1, 2, 3, 4, 5].
In this context, performance prediction has emerged as a promising research direction, aiming to
alleviate these costs by providing informed guidance for model selection, data acquisition strategies,
and computational requirements [6, 7, 8].

One important task in this field of research is learning and training curve prediction. The former
evaluates the generalization ability of machine learning models as a function of a resource of interest,
such as dataset size or model complexity, while the latter models the evolution of the loss over training
iterations, epochs, or steps [9, 10, 11]. Early approaches to learning and training curve prediction
relied on fitting parametric functional forms to observed performance metrics and extrapolating future
outcomes [12, 13, 14, 15, 16]. Since then, particularly within the context of Bayesian optimization,
various surrogate models, such as Gaussian processes [17], Bayesian neural networks [18, 19], and
ensemble methods [20], have been employed for curve extrapolation tasks, providing uncertainty
estimates alongside point predictions.
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Training curves also play a key role in formulating and validating scaling laws, which are empirical
relationships that describe how model performance varies as a function of factors such as model
size, dataset size, and compute budget [3, 4, 21, 22]. However, deriving these scaling laws is highly
resource-intensive, as it requires training numerous models and conducting extensive experiments
across different con�gurations to obtain a representative set of training curves.

The core hypothesis that we explore in this paper is that our Natural Language Processing (NLP)
learning and training curve datasets exhibit hierarchical, speci�cally bi-level, structures. A key
advantage of hierarchical models is their ability to incorporate prior knowledge through the explicit
de�nition of the hierarchy's structure. This not only enhances interpretability but also facilitates the
transfer of knowledge across different tasks and domains [23, 24, 25, 26, 27]. Hierarchical modelling
approaches have found applications in areas such as hierarchical text classi�cation, hierarchical
clustering of words within a vocabulary, and hierarchical Bayesian methods that incorporate multiple
layers of data or prior information, for example, in word segmentation tasks [28, 29, 30, 31], among
others. However, hierarchical modelling in the context of learning and training curve prediction tasks
has surprisingly not yet been explored.

Figure 1: A task from each dataset illustrating the modelled two-layer
hierarchy. (left) Learning curves assuming common prior information
when the same number of embedding parameters is used. (middle)
Learning curves for bilingual translation, assuming common prior
information when translating from the same source language. (right)
Learning curves for multilingual translation, assuming common prior
information when the source language and model size are the same.

We aim to bridge this gap
by modelling learning curve
(LC) prediction tasks in
NLP as multitask problems,
where each task comprises
data organized in a two-
layer hierarchical structure,
as illustrated in Figure 1.
An additional hypothesis is
that these hierarchies are
exchangeable. We demon-
strate that by leveraging cor-
relations among tasks, zero-
shot prediction of training
curves for scaling law re-
search can be achieved at
signi�cantly reduced com-
putational costs. Our framework employs latent variable multi-output Gaussian process models [24],
which account for the hierarchical structure within each task as well as correlations across tasks. Our
approach outperforms competitive baselines and leads to our �nal hypothesis that this model can be
effectively used for scaling law prediction due to its strong zero-shot performance. This approach not
only provides a principled mechanism for uncertainty quanti�cation but also enables the derivation
of probabilistic scaling laws via Monte Carlo simulation. Furthermore, by incorporating an active
learning strategy, the uncertainty of the predictions can be substantially reduced. To demonstrate the
generality of our data modelling approach, we extend this framework beyond scaling law prediction
to performance prediction tasks in bilingual and multilingual translation across models of varying
capacities. We show that, compared to baseline methods, leveraging hierarchical structure and task
correlations yields signi�cant improvements in zero-shot performance prediction, particularly for
small-scale datasets. In the following, we will refer to training and learning curves as learning curves.

2 Related Work

Learning Curves. Early studies on learning curve (LC) extrapolation analyzed functional forms,
including power laws and exponential functions, among others [12, 16, 32, 33, 34, 35, 36]. LC trends
have been extrapolated for larger training dataset sizes [9, 12, 32, 37, 38] or used to de�ne early
stopping criteria [39]. In the context of Bayesian optimization, surrogate models such as Gaussian
processes with exponentially decaying kernels [17], Bayesian neural networks [18], or product kernels
[19] have been employed for LC extrapolation. More recently, Transformer-based prior-data �tted
networks have demonstrated competitive performance in LC extrapolation tasks [40]. Our work
differs in that we explore and exploit existing hierarchical structures in small-scale NLP LC datasets.

Zero-Shot Prediction. Zero-shot learning refers to a model's ability to make con�dent predictions
for test data that were not encountered during training [41]. In NLP, zero-shot prediction has been
applied to transferring models to new tasks [42, 43, 44], performing sentiment analysis in zero-shot
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multilingual settings [45], and addressing cross-domain adaptation tasks [46], among others. In
contrast, Bayesian optimization methods in hyperparameter optimization learn LC trends across
various hyperparameter con�gurations and can predict outcomes for unseen con�gurations [18, 20].
Our work is most related to Klein et al.[18], where a Bayesian neural network with a basis-function
layer performs zero-shot prediction for unseen con�gurations. Their smallest dataset contained 256
con�gurations. In contrast, our study operates on much smaller datasets, the largest containing only
30 learning curves, and explicitly models the underlying hierarchical structure. Orthogonal to these
are methods transferring optimal hyperparameters from smaller to larger models [20, 47]. In contrast,
we �x hyperparameters and zero-shot predict learning curves for larger models.

Gaussian Processes and Hierarchical Datasets. Multi-task learning with Gaussian Processes
(GPs) was introduced by Bonilla et al.[48], assuming �at structures within the dataset. Hierarchical
structures, however, are commonly observed in biological datasets, for example, in modelling gene
expression time series [23], organism taxonomies [49], protein families [50], or enzyme classi�cations
[51]. Such datasets often contain multiple layers of hierarchies and a large number of examples
[52]. Park and Choi[53] employed hierarchical GPs to model medical data, demonstrating bi-level
hierarchy corresponding to clusters of genes and their respective prototypes. Lawrence and Moore
[54] introduced hierarchical GP latent variable models for dimensionality reduction, and Hensman
et al.[23] proposed a hierarchical kernel designed to capture inherent hierarchies in gene expression
datasets. In contrast, we explore hierarchical structures in small datasets with at most 30 examples
and a bi-level hierarchy. Building on Ma et al.[24], who introduced latent variable multi-output GPs,
capturing hierarchies and task correlations, we use this model for zero-shot learning curve prediction
and probabilistic scaling law estimation via Monte Carlo simulation.

Scaling Laws. Scaling laws are functional forms that extrapolate the behavior of cost-intensive large
language models based on a set of learning curves [4]. These laws provide improved interpretability
of neural networks [55, 56, 57], enable effective planning of training sample sizes, and help reduce
the associated carbon footprint [36, 58]. Most successful methods in this area are based on empirical,
computationally intensive studies [3, 21, 59, 60, 61, 62]. Hägele et al.[59] proposed alternative
model training techniques to reduce the computational requirements for obtaining scaling laws. Our
work is orthogonal to this approach, as we perform scaling law prediction via Monte Carlo simulation.
More related work is provided in Appendix G.

3 Zero-Shot Prediction for Probabilistic Scaling Laws

3.1 A Brief Introduction to Scaling Laws

Figure 2: A set of learning curves from
nanoGPT models, each showing loss ver-
sus compute for different model sizes.
Larger models achieve lower test loss.

In this work, we focus on scaling laws that describe how
the validation loss scales with the compute budgetc. Em-
pirically, this involves generating loss-compute learning
curves during training and estimating the parameters of
the resulting functional form.

As model and dataset sizes increase, the compute required
for a single training iteration also grows, making training
progressively more expensive. Letc = (c 1; c2; : : : ; cM )
denote an increasing sequence of compute values, with
c1 < c 2 < � � � < c M . We denote the sequence of loss
values achieved by a model of sizeni at these compute
values asln i . Figure 2 illustrates learning curvesln i for
nanoGPT models [63] of varying sizesni in green and the
full set ofQ learning curves is given byD=f(c; l n i )gQ

i=1 .
Model size is implicitly re�ected by the position at which
each curve begins on the compute axis: smaller models,
requiring less compute per iteration, appear further left.

While various forms of scaling laws exist, we focus on thel(c) scaling law. Following the approach
outlined by Hoffmann et al.[3], this scaling law is obtained by �tting the following functional form
to the compute-ef�cient frontier within a de�ned compute region of interest:l(c) = (c=c 0) �
 , with
c0 and
 being the parameters to be optimized [4, 22]. Figure 2 illustrates the obtained scaling
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